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Editorial

Future Technologies for Data Management, Processing,
and Application

Duc-Tai Le

Department of AI Systems Engineering, Sungkyunkwan University, Suwon 16419, Republic of Korea;
ldtai@skku.edu

1. Introduction

Data management, processing, and application are increasingly interconnected in
modern electronic systems. In industrial platforms, connected vehicles, smart terminals,
energy systems, social media environments, and high-performance computing infrastruc-
tures, the value of data depends not only on its availability but also on whether it can
be appropriately selected, efficiently processed, securely protected, and reliably applied.
As data becomes more heterogeneous and application environments more dynamic, re-
search in this area must move beyond algorithmic performance alone and consider the full
pathway from data-resource selection to trustworthy processing and practical deployment.

This Special Issue, “Future Technologies for Data Management, Processing, and Ap-
plication,” brings together eleven contributions that address this pathway from comple-
mentary perspectives. The papers examine data resource evaluation, knowledge graph
reasoning, recommendation, secure data exchange, implicit authentication, multimodal
speech processing, image distillation, adaptive forecasting, synthetic data generation,
microgrid reliability assessment, and memory system optimization. Collectively, they
show that data-oriented electronic systems require coordinated advances in data quality,
domain-aware processing, security, reliability, and resource-efficient implementation.

This perspective is consistent with earlier research emphasizing that data quality
should be understood from the viewpoint of data consumers rather than only as a technical
property [1]. It also reflects the broader transition from conventional database management
toward dataspaces capable of organizing heterogeneous and distributed information re-
sources [2], as well as the growing role of big data analytics in decision-making and system
optimization [3]. Related studies in electronics have similarly highlighted the importance of
reliable information interaction, timely data delivery, and multisource information fusion in
connected and sensor-based environments [4–6]. Building on these directions, the present
Special Issue illustrates how data technologies can be developed across both algorithmic
and system-level contexts.

2. Overview of the Contributions

Several contributions focus on data as a managed and valuable resource. Contribution
1 addresses business data-resource selection in multi-value-chain data spaces. Instead of
treating data management as passive storage, the study combines data quality evaluation,
data utility assessment, and collaborative filtering to recommend resources that better
match business analysis needs. Contribution 9 extends the concern with data usefulness to
synthetic data generation. It shows that preserving distributions and correlations alone
may be insufficient when real data contain meaningful clusters, and it proposes a cluster-
wise generation method to better retain structural properties for downstream analysis.

Electronics 2026, 15, 2117 https://doi.org/10.3390/electronics15102117
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Contribution 6 also contributes to data-resource quality by introducing SponSpeech, a
spontaneous, informal speech dataset designed to support more realistic punctuation-
restoration evaluation. These contributions underline a common point: data are useful only
when their quality, structure, and context are aligned with the intended analytical task.

A second group of contributions develops methods for intelligent and efficient data
processing. Contribution 2 proposes PMHR, a path-based multi-hop reasoning framework
for knowledge graphs that combines reinforcement learning, knowledge graph embed-
dings, and rule-enhanced rewards. By addressing sparse rewards, spurious paths, large
action spaces, and runtime cost, the work contributes to interpretable and efficient knowl-
edge reasoning. Contribution 3 applies social-network data to e-sports recommendation,
using both popularity and satisfaction metrics derived from Twitter/X metadata. This
dual-metric approach enables the identification of both mainstream and niche e-sports and
demonstrates how social media data can support more nuanced recommendations.

Efficiency is a recurring concern in this group. In Contribution 6, EfficientPunct
combines text-based predictions with multimodal acoustic and textual embeddings for
punctuation restoration while reducing inference complexity. Contribution 7 approaches ef-
ficiency through image distillation, using discrete wavelet transform and modified principal
component analysis to obtain compact image representations for classification. Contri-
bution 8 addresses forecasting under limited and fluctuating data conditions through an
elastic optimal adaptive GM(1,1) model that adjusts sequence length and incorporates
stationarity testing. Although these studies differ in domain, they share a practical concern:
data-processing methods must balance accuracy with computational feasibility.

A third group of contributions addresses trustworthy and application-oriented sys-
tems. Contribution 4 proposes a Hyperledger Fabric-based multi-channel architecture for
Internet of Vehicles data exchange. By organizing data into channel-specific ledgers and
enabling controlled cross-channel interaction, the study supports confidentiality, integrity,
and interoperability among stakeholders such as manufacturers, insurers, and traffic-
management organizations. Contribution 5 examines smart-terminal security through im-
plicit identity authentication based on user posture perception and the fusion of keystroke
and motion-sensor data. Together, these papers show that trust in data systems may be
achieved through both secure infrastructure and continuous user verification.

The final two contributions emphasize reliability and system-level performance. Con-
tribution 10 proposes a data-driven reliability assessment method for islanded microgrids
under frequency-regulation scenarios. By integrating a system frequency response model
with sequential Monte Carlo simulation, the study shows that static reliability assessment
may underestimate operational risk when frequency dynamics are ignored. Contribution
11 addresses memory management in NUMA and CXL-based tiered-memory systems. Its
LACX mechanism identifies shared pages and migrates them to CXL memory, improving
bandwidth utilization while preserving DRAM locality for private data. These contribu-
tions demonstrate that data applications depend not only on models and datasets, but also
on the reliability and efficiency of the infrastructures that support them.

3. Discussion

The contributions in this Special Issue point to a clear development in data-oriented
electronics research: the main challenge is no longer limited to improving computational
models in isolation. Instead, data must be made usable, trustworthy, and efficient through-
out the complete lifecycle of management, processing, and application.

One important theme is data-centric design. Contributions 1, 6, and 9 show that
the usefulness of later processing stages depends strongly on the quality, structure, and
relevance of the underlying data. Industrial data must be evaluated according to both

https://doi.org/10.3390/electronics15102117
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quality and utility; speech datasets should reflect realistic communication conditions; and
synthetic data should preserve structural properties that matter for downstream tasks.
These studies suggest that better data preparation, evaluation, and representation are as
important as model improvement.

A second theme is domain-aware intelligence. The contributions adapt methods to the
structures of specific application domains: paths and rules in knowledge graphs, engage-
ment signals in e-sports communities, acoustic and textual cues in speech, wavelet-domain
features in image classification, stationarity in time series, and frequency dynamics in micro-
grids. This domain awareness is important because data rarely becomes actionable through
general-purpose computation alone. They must be interpreted within the constraints, risks,
and objectives of particular environments.

A third theme is trust under practical constraints. Secure Internet of Vehicles data
exchange, continuous authentication, interpretable knowledge graph reasoning, privacy-
aware synthetic data generation, and frequency-sensitive reliability assessment all show
that trust is multidimensional. It includes cybersecurity, privacy, explainability, operational
reliability, and resilience to changing conditions. The contributions support a broader
view of trustworthy data systems, in which security mechanisms, analytical models, and
deployment environments must be considered together.

Finally, this Special Issue highlights resource-aware deployment. Efficient punctuation
restoration, image distillation, adaptive forecasting, and CXL-based memory management
all respond to the practical costs of data processing. As data-intensive applications expand,
performance will increasingly depend on the interaction between algorithms, datasets,
operating systems, hardware resources, and application requirements. This reinforces the
need to study data management, processing, and application as connected components of
a single technological ecosystem.

4. Future Research Directions

The studies collected in this Special Issue suggest several directions for further work.
First, data management systems should become more adaptive and utility-driven. In

large industrial and organizational data spaces, users may not know in advance which
data resources are most relevant to a specific task. Future systems should therefore assess
data according to completeness, consistency, relevance, timeliness, uncertainty, privacy
risk, cost, and analytical value.

Second, intelligent processing methods should more explicitly integrate learning
with domain knowledge. The contributions on knowledge graph reasoning, time-series
forecasting, speech processing, and microgrid reliability show that robust performance
often depends on structural information, physical behavior, temporal stability, or task-
specific metrics. Hybrid approaches may be particularly valuable when data are limited,
noisy, incomplete, or changing over time.

Third, privacy-preserving and secure data use will remain a major challenge.
Blockchain-based data exchange, synthetic data generation, continuous authentication,
federated learning, differential privacy, access-control mechanisms, and edge computing
represent complementary directions. A key issue will be how to preserve analytical utility
while ensuring confidentiality, accountability, and operational feasibility.

Fourth, future applications will require closer connections between data processing
and computing infrastructure. The work on CXL-based tiered memory illustrates that data
movement and memory placement can directly influence application performance. Similar
concerns are likely to arise in edge computing, distributed analytics, sensor networks,
and high-throughput AI systems. For latency-sensitive, energy-constrained, or memory-
intensive applications, algorithm design and system design should be considered jointly.

https://doi.org/10.3390/electronics15102117
3



Electronics 2026, 15, 2117

Finally, a realistic evaluation will be essential. Several contributions rely on application-
oriented data sources or environments, including industrial production datasets, social
media data, spontaneous speech, user behavior data, energy-system simulations, and
memory workloads. Continued progress will require benchmarks and evaluation protocols
that better reflect the complexity of deployment conditions.

5. Conclusions

This Special Issue, “Future Technologies for Data Management, Processing, and Ap-
plication,” presents eleven contributions that examine how data can be selected, processed,
secured, and applied in modern electronic systems. The papers cover industrial data-
resource optimization, knowledge graph reasoning, social-media-based recommendation,
blockchain-enabled Internet of Vehicles data exchange, implicit authentication, multimodal
punctuation restoration, image distillation, adaptive forecasting, synthetic data generation,
microgrid reliability assessment, and CXL-based memory management.

Taken together, the contributions show that future data-oriented research should not
be judged by algorithmic accuracy alone. Data must first be evaluated and made usable;
processing methods must reflect domain structure and computational constraints; and ap-
plications must operate securely and reliably in practical environments. This Special Issue
presents data technologies not as isolated computational tools, but as integrated systems
that connect data quality, intelligent processing, trustworthy operation, and deployment-
aware optimization.

We hope that this collection will serve as a useful reference for researchers and prac-
titioners working on data management, intelligent processing, and application-oriented
electronic systems. We also hope that it will encourage further research on methods and in-
frastructures that connect data utility, trustworthy analytics, and practical implementation.
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Optimal Selection Technology of Business Data Resources for
Multi-Value Chain Data Space—Optimizing Future Data
Management Methods

Bo Fan 1,2,3,*, Linfu Sun 1,2, Dong Tan 3,4 and Meng Pan 3,4
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3 National Engineering Laboratory of Industrial Big-Data Application Technology, CASIC,
Chengdu 611756, China; tan.dong@htdata.com (D.T.); pan.meng@htdata.com (M.P.)

4 Chengdu Aerospace Science & Industry Big Data Institute Ltd., CASIC, Chengdu 610037, China
* Correspondence: fanbo@my.swjtu.edu.cn

Abstract: In the field of industrial big data, the key issue in discovering data value lies not in
overcoming the bottlenecks formed by analysis methods and data mining algorithms but in the
difficulty of providing data element resources that meet business analysis needs. Due to the surge in
data volume and the increasing reliance of enterprises on data-driven decision-making, future data
management strategies are constantly evolving to meet higher quality and efficiency requirements.
Data metadata resources that meet business analysis needs require high-quality data integration,
standardization, and metadata management. The key is to ensure the consistency and availability
of data to support accurate analysis and decision-making. By leveraging automation and machine
learning, organizations can more effectively integrate and manage data metadata resources, thereby
improving data quality and analytical capabilities. The multi-value chain data space is a digital
ecological platform for organizing and managing industrial big data. Research on optimizing the
supply of its business data resources is a significant topic. This paper studies the evaluation index
system of data quality and data utility, constructs an evaluation matrix of business data resources,
and addresses the issues of data sparsity and cold start in evaluation calculations through a data
quality-utility-based evaluation model of business data resources. It investigates a business data
resource algorithm based on collaborative filtering, forming a recommendation set of similar data
quality-utility data resources to provide to data analysis users. Finally, using actual production
datasets, the paper validates the business data resource evaluation model, compares the performance
and effectiveness of three business data resource recommendation algorithms based on collaborative
filtering, empirically demonstrates the recommendation accuracy and stability performance of the
combined improved data quality-utility collaborative filtering algorithm (CFA-DQU), and provides
technical research recommendations for optimization of business data resources.

Keywords: multi-value chain data space; data quality; data utility; evaluation model; recommendation
algorithm

1. Introduction

Data are a crucial production factor that promotes value chain collaboration and
enables full-factor production [1]. Therefore, in the era of digital transformation, the
importance of data is becoming increasingly prominent. To better and faster uncover
data value, analysts from Daimler–Chrysler, SPSS, and NCR jointly developed the Cross
Industry Standard Process for Data Mining (CRISP-DM), providing a methodology for
data mining and knowledge discovery [2]. In CRISP-DM, “business understanding and

Electronics 2024, 13, 4690. https://doi.org/10.3390/electronics13234690 https://www.mdpi.com/journal/electronics6
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data understanding” are placed at the forefront. In other words, in the field of big data
for industry/manufacturing, the key issue in uncovering data value is not the bottleneck
caused by analytical methods and data mining algorithms, but the difficulty in providing
data elements that meet business analysis needs [3,4].

Data space, as a next-generation data management concept (focusing not on the storage
structure and data structure themselves but on the value and application of the data), aligns
with the management and service requirements for business data resources within the
multi-value chain collaborative system, effectively addressing this shortcoming [5].

The main function of a data space is to process data into higher quality and more
valuable data resources, transforming them into data assets, which data consumers can
then access to meet their business analysis needs with the support of the data space. The
multi-value chain data space is a cloud platform-based system that integrates multi-value
chain business logic data, physical logic data, and data resource mapping relationships,
providing an effective data management tool for retrieving business data resources. It
serves as the foundational platform for multi-value chain business analysis in dynamic
enterprise alliances within the industrial ecosystem, and as an enabling tool for shifting
from business-driven to data-driven decision-making [6]. As the business collaboration
network among enterprises in the multi-value data space continues to expand, the resulting
business data resources are growing explosively [7].

However, in the field of multi-value chain business analysis, the uncertainty of cross-
enterprise value chain business analysis imposes higher demands on data resources them-
selves. Determining what type of data resources are needed in the current context becomes
the primary question facing data consumers. Against this backdrop, enhancing data quality
and utility to strengthen the support for data analysis, based on the characteristics of
business data resources and the requirements of business analysis, and evaluating and
optimizing business data resources to provide enterprises’ data consumers with business
data resources that meet the needs of business analysis, constitutes the primary focus of
this study.

Currently, the evaluation of business data resources in a multi-value chain data space
mostly involves judging and evaluating data consistency and data missingness based
on physical structure logic. However, this method only assesses data resources from
the dimension of data quality management. The requirements for data quality vary in
different fields and scenarios, resulting in poor comparability of evaluation results [8].
Existing data quality evaluation methods mostly focus on data completeness, accuracy, and
consistency, with insufficient attention to data timeliness, relevance, and applicability [9].
Meanwhile, research on data resource recommendation requires mining a large amount
of usage experience data to achieve [10]; data sparsity and cold start issues are also major
obstacles to the recommendation of data resources [11].

Data analysis is a process that requires repeated experimentation and tuning of analyt-
ical algorithm models, involving substantial pre-processing work such as data extraction
and acquisition. In the business analysis scenario of multi-value chain collaboration, how to
quickly and efficiently provide business data resources in the data space is the core of this
research. To address these needs, this paper will study the optimal model framework based
on the evaluation and recommendation of business data resources from the perspectives of
business logic and physical logic. We proposed an optimal selection technology for business
data resources in a multi-value chain data space and, finally, verified the effectiveness and
feasibility of the proposed methods and technologies through empirical research.

Fricker S.A. and Maksimov Y.V. [12] conducted research on a pricing model for data
resources based on data quality. This article approaches the issue from the perspective
of data transactions, analyzing the impact of quality levels on data analysis, but it does
not address the impact of data utility on data analysis. Xiao Yunlong et al. [13] proposed
a data selection method based on data utility evaluation to address the issue of unstable
data utility. The primary goal of this method is to improve the recognition rate of data
during selection. However, it overlooks the impact of data quality on data analysis. In
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current research on data resource optimization, data quality and data utility are often
treated as separate aspects, with frameworks and models developed independently. There
is a lack of research that integrates data quality and utility into a unified perspective. This
paper constructs an evaluation model based on “data quality utility” and conducts research
on recommendation algorithms for business data resources, aiming to provide users of
multi-value chain data spaces with data resources that meet their business needs.

The multi-value chain data space is a data-driven enabling platform. This paper
addresses issues such as low data quality, low utility value, and imprecise matching of
business data resource supply in the multi-value chain data space by proposing an op-
timal model framework for business data resources driven by data requirements. The
framework is divided into two modules: a business data resource evaluation module and a
recommendation module. The evaluation module employs a combination of quantitative
and qualitative methods, along with dynamic evaluation updates, to address adaptability
issues across multiple scenarios. It enables the evaluation of data quality, data utility, and
the combined metric of data quality utility, laying a foundation for the supply of business
data resources. Additionally, it employs collaborative filtering algorithms based on data
quality, data utility, and the combined quality-utility metric to avoid the cold-start problem
associated with user-preference-based collaborative filtering algorithms. The recommenda-
tion module compares the recommendation effects of three types of collaborative filtering
algorithms: those based on data quality, data utility, and the combined quality-utility
metric. Through comparisons in various scenarios, the applicability of the proposed model
framework is demonstrated. The main contributions of this paper are summarized as
follows:

(1) A business data resource evaluation model combining quantitative and qualitative
indicators of data quality and utility was established, and the evaluation of business
data resources in the multi-value chain data space was completed.

(2) Based on the evaluated business data resources, collaborative filtering research was
conducted to address the issues of data sparsity and cold start in business data
resource recommendation algorithms.

(3) A combined optimal framework for the evaluation and recommendation of busi-
ness data resources was constructed. The study developed business data resource
recommendation algorithms based on data quality, data utility, and an improved
combination of data quality utility. Using real datasets, a comparative analysis of the
application effects of the three algorithms in different scenarios was conducted. The
technical validation was successfully completed.

The organization of this paper is as follows:
Section 1 is the introduction, which provides an overview of the multi-value chain

data space as a data-driven enabling platform, highlights its crucial role in proactive data
management and services, analyzes the challenges in matching business data resource sup-
ply with demand, identifies the main issues to be addressed in this paper, and emphasizes
the significance of studying optimal techniques for business data resources in a multi-value
chain data space.

Section 2 reviews the research progress in related fields, analyzing the contributions
and limitations of business data resource optimization research in four scenarios: business
resource matching and recommendation, data quality and utility evaluation, business
scenarios, and big data analysis. It points out the lack of research on proactive business
data resource optimization techniques that meet data-driven decision-making needs.

Section 3 provides an overview of the optimal model framework and its main modules
(the business data resource evaluation module and the recommendation module), clarifying
that this framework serves as a proactive data management and service solution for multi-
value chain data spaces.

Sections 4 and 5 discuss the evaluation and recommendation modules for business
data resources. Section 4 elaborates on the evaluation metrics, models, and dynamic
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update algorithms, while Section 5 provides a detailed explanation of three collaborative
filtering-based recommendation algorithms.

Section 6 validates the overall optimization model and recommendation algorithms.
Through experimental analysis, the evaluation results of business data resources were
calculated. Based on these results, the paper verifies and analyzes the outcomes of three
collaborative filtering algorithms based on data quality, data utility, and combined quality-
utility evaluation.

Section 7 presents the conclusions of this paper.

2. Related Research Work

2.1. Multi-Value Chain Business Resource Matching and Recommendation

Third-party cloud platforms provide a means for integrating and sharing business
data resources among enterprise clusters in multi-service value chains. As the number of
enterprises on third-party platforms continues to increase, a large amount of business data
resources is also accumulated. These business data resources are of great significance to
enterprises in achieving cost reduction and efficiency improvement. However, faced with a
large volume of business data resources, enterprises in the multi-value chain data space
find it difficult to quickly and accurately obtain valuable and high-quality business data
resources that meet their needs.

In response to the overload of business data resources in multi-service value chains,
Wang Shuhai [14] employed recommendation algorithms to recommend high-quality
business resources to different enterprise users, aiding in cost reduction and efficiency
improvement. Yu Yang [15] proposed a bilateral matching model for business resources in
multi-service value chains, which integrates the personalized business needs of both supply
and demand sides. This model filters the most satisfactory data resources for the demand
side from the vast information resources, optimizing the collaborative effect between the
supply and demand sides.

The aforementioned research focuses on business needs and achieves inter-enterprise
business collaboration through the matching of business data resources. Such collaborative
enterprise decisions require analysts to have a comprehensive understanding of business
operations to address and decide on inter-enterprise collaboration issues, limiting the
ability to transfer the approach across scenarios. Moreover, the collaborative business needs
between enterprises are often uncertain: if the business requirements are unclear, data-
driven business collaboration is unlikely to occur. In the context of data-driven business
decision-making, business decisions based on data insights represent the true need for
enterprises to enhance operational efficiency. Therefore, the optimal model framework for
business data resources proposed in this paper provides high-quality and high-value data
foundational conditions for achieving effective data insights.

2.2. Optimal Selection of Data Resources Based on Data Quality and Utility Evaluation

In the context of digital transformation, the evaluation of data quality and data value
is an important basis for the optimal selection of business data resources. Particularly, re-
search on recommending data resources from the perspective of utility value has garnered
increasing attention. Sadiq proposed a data quality management framework that covers
multiple dimensions, such as completeness, accuracy, consistency, and timeliness [8]. This
framework provides a systematic method for assessing the fundamental quality of data
resources. However, the evaluation of data utility needs to consider more business value
and application scenarios. Zhang studied the evaluation of data quality in collaborative in-
formation systems and proposed evaluation indicators that comprehensively consider data
relevance and applicability [9]. These studies indicate that high-quality data should not
only have basic accuracy and consistency but also high business relevance and applicability.
From the perspective of utility value, researchers have proposed various data resource
recommendation methods. Grover proposed a data utility evaluation framework that
assesses the potential value of data by analyzing its actual application effects in different

9



Electronics 2024, 13, 4690

business scenarios [1]. This method emphasizes that the selection of data resources should
be based not only on their quality but also on their contribution to actual business decisions.
Chen further studied data resource recommendation methods based on machine-learning
technologies [16]. They proposed dynamically adjusting data resource recommendation
strategies by constructing data utility models and using historical data and business feed-
back. This research shows that combining machine-learning and data mining techniques
can significantly improve the accuracy and effectiveness of data resource recommendations.

Despite significant progress in data quality and utility evaluation, there are still some
problems and challenges in this field. First, the standards for data quality and utility
are not yet unified. Different evaluation methods in research and application scenarios
lead to poor comparability of results [8]. Second, data resource recommendation methods
still face many challenges in practical applications, such as data privacy protection and
imperfect data-sharing mechanisms [17]. Third, most studies propose evaluation metrics
for data quality and data utility separately to assess data resources. This reflects a passive
management approach to data resources, lacking a proactive service perspective to unlock
data value.

Starting with the goal of maximizing the release of business data value, this paper
compares and integrates data quality and data utility evaluation metrics. By combining
quantitative and qualitative methods with dynamic evaluation updates, it addresses the
adaptability issues in multi-scenario evaluations.

2.3. Research on Optimal Selection of Data Resources for Business Scenarios

Different business scenarios have different requirements for data resources. Therefore,
the optimal selection of data resources must be analyzed in conjunction with specific
application scenarios. In recent years, many studies have emphasized the importance of
scenario needs in data selection. Kraus studied the data application needs in different
business fields and pointed out that data types and sources differ significantly in the retail,
manufacturing, and healthcare sectors [18]. For instance, in the retail industry, customer
behavior data and sales data are key resources, while in manufacturing, production data
and equipment sensor data are more important. Understanding the data needs in different
scenarios helps to more accurately select and configure data resources.

In the field of smart manufacturing, Wang proposed a data resource optimization
method based on scenario needs [19]. By analyzing the data flows and information re-
quirements in smart manufacturing systems, they proposed a strategy for dynamically
adjusting data resources to meet the needs of different production stages and tasks. This
research provides practical guidance for data resource configuration in different scenarios.
Similarly, in the financial sector, Liu studied the needs of financial institutions for real-time
transaction data and market intelligence data and proposed a framework for the optimal
selection of data resources to ensure that data resources can support fast and accurate
financial analysis and decision-making [17].

Current research on data resource optimization for business scenarios primarily fo-
cuses on the business domain, emphasizing responsiveness to business needs while ne-
glecting the evaluation of data quality and utility. Such studies often assume that the
data quality and value are already sufficient. However, from the perspective of industrial
practice, environments with low-quality, low-value, and fragmented data are the actual
norm. Consequently, there remains a lack of comprehensive research on data resource
optimization based on dynamic data evaluation.

2.4. Research on Optimal Selection of Data Resources for Big Data Analysis and Processing

The demand for data analysis directly influences the optimal selection of data re-
sources. With the rapid development of big data technologies and machine-learning
algorithms, the demand for high-quality data has become increasingly urgent. Recent
studies show that the effectiveness of data analysis largely depends on data quality and
suitability. For example, Janssen et al. (2017) [20] pointed out that high-quality data can
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significantly improve the accuracy and efficiency of decision-making (Emerald). Addi-
tionally, Bevilacqua and Ciarapica (2018) [21], through their research on big data analytics
tools, emphasized the critical role of data adaptability in quality management, noting that
improving data quality can directly optimize business decision-making (Life Science Al-
liance). These studies indicate that when enterprises rely on complex data ecosystems, the
quality and adaptability of data are key factors in obtaining effective analytical results. Sun
studied data preprocessing techniques in big data analysis and pointed out the importance
of data cleaning, data integration, and data transformation in improving data quality and
analysis accuracy [22]. Their research emphasizes that when selecting data resources, the
analyzability of the data must be considered; that is, whether the data have been sufficiently
preprocessed and prepared to support efficient analysis processes.

Furthermore, for the application of machine-learning and deep-learning models,
Huang proposed a data selection framework to optimize the datasets for model training
and testing [23]. Their research shows that the diversity and representativeness of data
are crucial for building robust machine-learning models. Therefore, in the process of
optimal data resource selection, attention should be paid to choosing datasets that cover a
wide range of business scenarios and data characteristics, in order to enhance the model’s
generalization ability and predictive accuracy.

The optimal selection of business data resources is a complex and multidimensional
task. By combining data quality and value evaluation, the application needs of different
scenarios, and the specific requirements of data analysis, a comprehensive and effective
data resource optimization framework can be constructed. This not only enhances the
effectiveness of data analysis but also provides strong support for business decision-
making, thereby achieving data-driven business innovation and enhancing competitive
advantages in industry collaboration. This raises specific requirements for data resource
supply: the required data must be massive, multidimensional, high-quality, and highly
adaptable. However, data resource optimization frameworks for big data analysis primarily
focus on improving data quality and synthesizing data, with an emphasis on data model
optimization, rather than directly unlocking the business value of the data.

From the review and analysis of various studies on business data resource optimiza-
tion, it is evident that optimizing business data resources is a complex and multidimen-
sional task. The aforementioned studies addressed the optimization issues of business data
resources in terms of precise matching, data quality improvement, multi-scenario reuse,
and model optimization from different perspectives. However, they lack a comprehensive
solution for business data resource optimization under a data-driven decision-making
paradigm. This paper integrates data quality and value evaluation, the application require-
ments of various scenarios, and specific data analysis needs to develop a comprehensive
and effective data resource optimization framework. This framework not only enhances
the effectiveness of data analysis but also provides strong support for business decision-
making, serving as a technical reference for achieving data-driven business collaboration
and innovation.

3. Optimal Model Framework for Business Data Resource Selection in Multi-Value
Chain Data Spaces

The primary work of the optimal selection technology for business data resources
in multi-value chain data spaces is conducted within the framework of the business data
resource optimal model. By studying the evaluation system of data quality and data
utility, a business data resource evaluation model based on data quality utility is con-
structed. Through the evaluation results of data quality, data utility, and data quality
utility of business data resources, the current status of business data resources can be objec-
tively understood. At the same time, an evaluation matrix of the business data resource
recommendation algorithm is generated to obtain the recommendation set of business
data resources.
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The optimal model framework for business data resources in multi-value chain data
spaces mainly consists of two modules: a business data resource evaluation model based
on data quality utility and a business data resource recommendation algorithm based on
collaborative filtering. The evaluation model extracts data from the multi-value chain
data space and evaluates business data resources from the perspectives of data quality
and data utility. The uncertainty of multi-value chain business analysis requirements
results in difficulty in accumulating historical usage data, making it challenging to study
recommendation algorithms by constructing “user-rating” or “user-item” matrices for the
optimal selection of business data resources.

Therefore, it is necessary to start with the current state of data and provide business
personnel with data resources that meet their needs as much as possible. Evaluating
business data resources not only helps to understand the current status of these resources
but also addresses the cold-start problem in the optimal recommendation. We can further
study the business data resource recommendation algorithm based on collaborative filtering
through the data quality evaluation matrix, data utility evaluation matrix, and data quality-
utility evaluation matrix. The optimal model framework for business data resources is
shown in Figure 1 below:

Figure 1. The optimal model framework for business data resources oriented to multi-value chain
data space.

4. Business Data Resource Evaluation Model Based on Data Quality-Utility

This paper aims to construct a comprehensive evaluation system for business data
resources based on “data quality-utility”. It combines fuzzy theory, analytic hierarchy pro-
cess (AHP), and entropy weight method to build the Business Data Resource Optimization
Model (BDROM). Then, from the perspective of data quality-utility factors, BDROM is
transformed into a multi-task optimization model based on data quality-utility factors.
Finally, the “data quality-utility” evaluation matrix and its results are derived.
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Definition 1. The set of metadata quality factors SG = {sg1, sg2, · · · , sgi, · · · , sgm}, where data
quality factors include accuracy, completeness, availability of data, etc., sgi represents the i-th data
quality factor, N-dimensional data quality factor index set, SU =

{
su1, su2, · · · , suq, · · · , sun

}
represents the q-th dimension index; Sa =

{
sa1, sa2, · · · , saq, · · · , san

}
, Sa is the index evaluation

set corresponding to SU, saq represents the q-th dimension index valuation;
Sa∗ =

{
sa1

∗, sa2
∗, · · · , saj

∗, · · · , san
∗}, Sa∗ represents the n-dimensional evaluation ideal set

corresponding to all indicators of business data resources, saq
∗ is the q-th dimension indicator

evaluation ideal value. The initial satisfaction matrix based on data quality factors is composed of
the m-dimensional data quality factor set SG, the n-dimensional evaluation set Sa corresponding
to SU, and the n-dimensional evaluation ideal set Sa∗′ corresponding to all indicators of data
quality attributes:

SA =

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎣

sa1,1 · · · sa1,q · · · sa1,n
...

...
...

sai,1 · · · sai,q · · · sai,n
...

...
...

sam,1 · · · sam,q · · · sam,n
sa1

∗ · · · saq
∗ · · · san

∗

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎦

Definition 2. The m-dimensional business data resource set RD = {rd1, rd2, · · · , rdi, · · · , rdm},
where rdi represents the i-th business data resource, mainly including business data entities
containing business domain, business process, and business entity mapping relationships; the
n-dimensional business data resource index set RU =

{
ru1, ru2, · · · , ruj, · · · , run

}
, where

ruj represents the j-th dimension index; Ra =
{

ra1, ra2, · · · , raj, · · · , ran
}

, Ra is the index
evaluation set corresponding to RU, raj represents the j-th dimension index evaluation value;
Ra∗ =

{
ra1

∗, ra2
∗, · · · , raj

∗, · · · , ran
∗}, Ra∗ represents the n-dimensional utility evaluation

ideal set corresponding to all indicators of business data resources, raj
∗ is the j-th dimension utility

index evaluation ideal value. The initial satisfaction matrix based on data utility is composed of the
m-dimensional business data resource set RD, the n-dimensional utility evaluation set Ra corre-
sponding to RU, and the n-dimensional utility evaluation set Ra∗ corresponding to all indicators of
business data resources:

RA =

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

ra1,1 · · · ra1,j · · · ra1,n
...

...
...

rai,1 · · · rai,j · · · rai,n
...

...
...

ram,1 · · · ram,j · · · ram,n
ra1

∗ · · · raj
∗ · · · ran

∗

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
The business data resource selection model aims to identify the business data resource

with the highest comprehensive satisfaction based on data quality and business value
factors. The construction process of the business data resource selection model, as shown
in Figure 2, consists of four main parts: (1) constructing a satisfaction evaluation index
system based on data quality and utility factors; (2) forming a normalized satisfaction eval-
uation matrix based on data quality and utility; (3) solving a multi-objective optimization
model based on data quality and utility factors; and (4) outputting the optimal business
data resource.
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Figure 2. The framework for constructing business data resource evaluation models.

4.1. Satisfaction Evaluation Index System for Data Quality and Utility

In a multi-value chain data space, BDROM needs to meet both the requirements of the
demand side for business data resources and the supply side’s control over data quality
factors. Therefore, this paper conducts an optimal analysis of business data resources
from the perspectives of data quality and utility factors. The indicators are divided into
quantitative and qualitative indicators based on their nature, and into positive/negative
quantitative and qualitative indicators based on their type. For positive indicators, the
larger the better, while for negative indicators, the smaller the better.

4.1.1. Satisfaction Evaluation of Business Data Resources

Based on data quality in the field of digital operations, the optimization of data
quality is a crucial research topic. High-quality data are the foundation for ensuring the
scientific nature of data analysis and decision-making. Researchers have systematically
evaluated and optimized data quality from multiple dimensions, mainly including accuracy
(Wang, R.Y., and Strong, D.M. proposed a data accuracy evaluation model focusing on the
correctness and precision of data records [24]), completeness (Pipino, L.L., Lee, Y.W., and
Wang, R.Y. studied data completeness issues and proposed a comprehensive method for
detecting and filling data gaps [25]), consistency (Batini, C. and Scannapieco, M. proposed
a data consistency checking framework capable of automatically detecting and fixing
consistency issues in data [26]), timeliness (Ge, M. and Helfert, M. studied the impact
of data timeliness on decision-making and proposed a real-time data quality monitoring
system [27]), and accessibility (Oliveira, P., Rodrigues, F., and Henriques, P.R. proposed
a data accessibility evaluation model that continuously optimizes data access paths and
speeds through user feedback mechanisms [28]).

The main task of optimization based on data quality factors is to find the data that best
meets business needs from the set of data quality factors. Combining the main research
results in the current data quality evaluation, this paper determines the construction
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of a satisfaction evaluation index system based on data quality from the dimensions of
completeness, accuracy, usability, and consistency, as shown in Table 1.

Table 1. Satisfaction evaluation indicators for business data resources based on data quality.

Indicator
Indicator

Value
Indicator

Description
Indicator
Nature

Calculation Rules Rule Description

Data Integrity su1 sa1
Status of Missing

Data Items
Quantitative

Positive sa1 = 1 − Cm
Cw

Cm is the number of missing data
items: Cw is the number of rows in

the business data entity

Data Accuracy su2
sa2

Data Format
Compliance,

within the value
range

Quantitative
Positive sa2 = 1 − Cex

Cw

Cex is the number of data items
exceeding the value range; data

types, ranges, lengths, and
precisions that exceed the

set value range

sa3
Data Redundancy

Rate
Quantitative

Positive sa3 = CreDE
CDE

CreDE represents the number of
duplicate data entities, CDE is the

number of data entities
from statistics

Data Usability su3 sa4

Whether Data is
Reliably Provided

to Users

Quantitative
Positive sa4 = 1 − Cinv−w

Cinv

Cinv−w is the number of times data
retrieval failed within a given

period; Cinv is the total number of
times the data was retrieved within

the same period

Data Consistency su4 sa5

Whether Data
Complies with

Business Norms
and Standards

Quantitative
Positive sa5 = 1 − Cquw

Cw

Cquw represents the number of
inconsistencies for the same data
item across different data entities

The following explanations are provided for the quantitative index calculations in
Table 1:

1© su1 represents data integrity, and its indicator value sa1 is calculated as the ratio of
missing values of data items to the number of rows in the data entity, i.e., sa1 = 1 − Cm

Cw
,

where Cm is the number of missing data items and Cw is the number of rows in the
business data entity. This metric measures the extent to which data elements are populated
with values.

2© su2 represents data accuracy, and its indicator value is obtained through a composite
calculation of sa2 and sa3 (su2 = sa2 − 0.5·sa3). sa2 is calculated as the ratio of the number
of data items exceeding the preset value range to the number of rows in the data entity,
i.e., sa2 = 1 − Cex

Cw
, where Cex represents the number of data items exceeding the value

range. The data type, range, length, and precision exceed the preset value range, and
this metric measures the extent to which the described data entity reflects the true value.
sa3 represents the duplication rate of the data entity, i.e., sa3 = CreDE

CDE
, where CreDE is the

number of duplicate data entities and CDE is the total number of data entities counted.
3© su3 represents data availability, and its indicator value sa4 represents the success rate

of data calls over a period of time. The higher the success rate, the higher the availability.
4© su4 represents data consistency, and indicator value sa4 is qualitatively determined

by whether the data conform to business standards and norms, i.e., sa4 = 1 − Cinv−w
Cinv

, where
Cinv−w is the number of failed data calls over a period of time and Cinv is the total number
of data calls during that period. This metric primarily reflects the inconsistency rate of
identical data items across different data entities at the same stage.

4.1.2. Satisfaction Evaluation of Business Data Resources Based on Data Utility

The utility evaluation of data resources is a crucial aspect of data management and
data science, directly influencing the decision-making processes and competitiveness of
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enterprises and organizations. Olson John A. proposed the concept of “Data-as-a-Service”
(DaaS) in 2010, emphasizing the value of data sharing and reuse [29]. When conducting
business-oriented data analysis, business personnel engage in extensive trial and error in
data selection, thereby forming experience in quickly selecting data resources. Evaluating
business data resources based on this experience directly reflects the utility value of the data.

This paper understands that the essence of optimizing business data resources from
the perspective of data utility is for the demand side to find the optimal business data
resource that meets its business needs from a set of business data resources. To determine
the evaluation indicators for data utility, Chen [16] quantified the business value of data
by calculating its utility in different application scenarios. Drawing on this approach, this
study identifies factors influencing data utility as follows: the quality of business data
resources provided to customers, cost-utility, timeliness, access volume, data coverage,
customer satisfaction, and data security. Therefore, the satisfaction evaluation index system
for business data resources based on data utility is shown in Table 2.

Table 2. Satisfaction evaluation indicators for business data resources based on data utility.

Indicator Indicator Value Indicator Description Indicator Nature

Quality ru1 ra1 Quality of Business Data Resources Provided to Users Quantitative Positive
Maintenance Cost ru2 ra2 Cost of Business Data Resources Provided to Users Quantitative Negative

Timeliness ru3 ra3 Speed of Business Data Resources Provided to Users Quantitative Positive
Access Volume ru4 ra4 Number of User Clicks on Business Data Resources Quantitative Positive

User Satisfaction ru5 ra5 User Satisfaction with Business Data Resources Provided Qualitative Positive
Data Security ru6 ra6 Security of Business Data Resources Provided to Users Qualitative Positive

...
...

...
...

The following explanations are provided for the calculation of the indicators in Table 2:
1© ru1 represents data quality, and its index value ra1 is determined by the accuracy,

completeness, consistency, and usability of business data resources.
2© ru2 represents maintenance cost, and its index value ra2 is primarily determined

by the time cost of performing quality checks on business data resources, where ru2 = RC,
with RC representing the time expenditure for maintaining business data resources.

3© ru3 represents timeliness, and its index value ra3 is determined by the length of the
business data update cycle and the number of updates within the cycle, where ru3 = Fd

TUd
,

with TUd representing the length of the business data update cycle and Fd representing the
number of updates within the cycle.

4© ru4 represents access volume, and its index value ra4 is determined by the number
of user clicks on business data resources, expressed as ru4 = Nc, with Nc representing the
number of user clicks on business data resources.

5© ru5 represents user satisfaction, and its indicator value ra5 is qualitatively deter-
mined by users’ satisfaction with data and services. The processing of this indicator is
based on fuzzy theory, which quantifies fuzzy linguistic terms. The specific calculation
process refers to Equation (2).

6© ru6 represents data security, and its indicator value ra6 is qualitatively determined
by the confidentiality, integrity, and availability of business data resources. The calculation
of these qualitative indicators follows the same process as ru5.

4.2. Constructing a Normalized Evaluation Matrix Based on Data Quality and Utility

Due to the difficulty of integrating qualitative indicators such as data security and user
satisfaction with other objective quantitative indicators for a comprehensive quantitative
calculation of the utility of business data resources, this paper chooses to use fuzzy linguistic
terms such as “very good”, “good”, “average”, “poor”, and “very poor” to subjectively
describe user satisfaction and data security. The purpose of using fuzzy terms for subjective
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evaluation is to utilize fuzzy theory to handle the fuzziness of these indicators and quantify
these qualitative indicators. The relevant concepts of fuzzy theory are defined as follows:

Definition 3. With a domain U, where the elements in the domain are x, any mapping μA from U
to the closed interval [0, 1] is defined as follows:

μA : U → [0, 1]

Here, a fuzzy subset A on the domain U is referred to as a fuzzy set, and μA(x) is called
the membership degree. When x varies within the domain U, μA(x) is called the member-
ship function of the fuzzy set A (the membership function reflects the degree to which an el-
ement x in the domain belongs to the set A). Similarly, the domain of qualitative indicators
DOMU =

{
DomU

1 , DomU
2 , · · · , DomU

k , · · · , DomU
n

}
represents all qualitative indicator sets,

where DomU
k is the k-th qualitative indicator in DOMU and DomU

k ∈ (RD ∪ SG).

Definition 4. A hedonic operator is an operation or function that modifies the membership degree
of a fuzzy set. It is used to alter or adjust the membership function μA(x). Using Hγ as a
hedonic operator to quantitatively describe the membership function of a fuzzy set, the transformed
membership function is Hγ(μA(x)), and the calculation formula is as follows:

Hγ(μA(x)) =
μγ(x)
μτ(x)

(1)

Here, γ represents different levels of hedonic operator fuzzy linguistic terms, μγ(x) represents
the number of users evaluating x with the γ hedonic operator fuzzy linguistic terms, μτ(x) repre-
sents the total number of users evaluating x, and Hγ(μA(x)) represents the membership degree of
the γ-level hedonic operator fuzzy linguistic terms. The membership degrees for different hedonic
operator fuzzy linguistic term levels for each qualitative indicator are different, as shown in Table 3.

Table 3. Membership degrees of different hedonic operator fuzzy linguistic terms.

Hedonic Operator γ Hγ(μA(x))

Very Poor 0.1 H0.1(μA(x)) = μ0.1(x)
μτ(x)

Poor 0.3 H0.3(μA(x)) = μ0.3(x)
μτ(x)

Average 0.5 H0.5(μA(x)) = μ0.5(x)
μτ(x)

Good 0.7 H0.7(μA(x)) = μ0.7(x)
μτ(x)

Very Good 0.9 H0.9(μA(x)) = μ0.9(x)
μτ(x)

The evaluation value of qualitative indicators is represented by the sum of the mem-
bership degrees of all fuzzy linguistic terms. The calculation formula is as follows:

Domk = ∑ γ ·Hγ

(
μA

(
DomU

k

))
(2)

where Domk represents the evaluation value of the k-th qualitative indicator.
According to the data utility evaluation indicator system, all qualitative indicators

are positive qualitative indicators. Therefore, the qualitative indicators in the data utility
factors are quantified using fuzzy theory on fuzzy linguistic terms.

Using the calculation formulas for ra1, · · · , ra4, and Formulas (1) and (2), the initial
satisfaction evaluation matrices SA based on data quality factors and RA based on data
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utility factors are quantified, resulting in the quantified satisfaction evaluation matrices
SA′ and RA′ as follows:

SA′ =

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎣

sa1,1
′ · · · sa1,q

′ · · · sa1,n
′

...
...

...
sai,1

′ · · · sai,q
′ · · · sai,n

′
...

...
...

sam,1
′ · · · sam,q

′ · · · sam,n
′

sa1
∗′ · · · saq

∗′ · · · san
∗′

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎦

RA′ =

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

ra1,1
′ · · · ra1,j

′ · · · ra1,n
′

...
...

...
rai,1

′ · · · rai,j
′ · · · rai,n

′
...

...
...

ram,1
′ · · · ram,j

′ · · · ram,n
′

ra1
∗′ · · · raj

∗′ · · · ran
∗′

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
Among them, SA′ is the satisfaction evaluation matrix based on data quality factors,

sai,q
′ represents the evaluated value of the q-th dimension indicator of the i-th business data

resource after quantification, and saq
∗′′ is the ideal evaluated value of the q-th dimension

indicator after quantification; RA′ is the satisfaction evaluation matrix based on data utility,
rai,j

′ represents the evaluated value of the j-th dimension indicator of the i-th business data
resource after quantification, and raj

∗′′ is the ideal evaluated value of the j-th dimension
indicator after quantification.

Due to the different dimensions of indicators in the satisfaction evaluation system for
data quality-utility factors, in order to achieve the highest satisfaction in comprehensive
indicator evaluation, BDROM eliminates the dimensional impact by non-dimensionalizing
the indicator values. At the same time, to eliminate the impact of inconsistent indicator
types, the reverse indicator values are converted to positive indicator values. This study
adopts the non-dimensionalization of positive indicators (data compressed within the [0, 1]
range) and reverse indicators (data compressed within the [0, 1] range and the data direction
reversed). The non-dimensional values of positive and reverse indicators are obtained
through Equations (3) and (4), and then the maximum value is used as the standard for
evaluating the quality-utility factors of the data.

f ′au,v =
f au,v − min

{
f au,v

}
max
{

f au,v

}
− min

{
f au,v

} , max
{

f au,v

}
− min

{
f au,v

}
�= 0 (3)

f ′au,v =
max
{

f au,v

}
− f au,v

max
{

f au,v

}
− min

{
f au,v

} , max
{

f au,v

}
− min

{
f au,v

}
�= 0 (4)

Among them, f au,v represents the value of the v-th dimension indicator of the u-th

object, max
{

f au,v

}
represents the maximum value of the v-th dimension indicator of the

u-th object, min
{

f au,v

}
represents the minimum value of the v-th dimension indicator

of the u-th object, and fa
′
u,v represents the non-dimensional value of the v-th dimension

indicator of the u-th object. These non-dimensionalized indicator values range within [0, 1],
with values closer to 1 being more favorable.
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Therefore, the non-dimensionalized satisfaction evaluation matrices RA′′ and SA′′ are
as follows:

SA′′ =

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

sa1,1
′′ · · · sa1,q ′′ · · · sa1,n ′′

...
...

...
sai,1

′′ · · · sai,q
′′ · · · sai,n

′′

...
...

...
sam,1

′′ · · · sam,q ′′ · · · sam,n ′′

sa1
∗′′ · · · saq

∗′′ · · · san
∗′′

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

RA′′ =

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

ra1,1
′′ · · · ra1,j

′′ · · · ra1,n ′′

...
...

...
rai,1

′′ · · · rai,j
′′ · · · rai,n

′′

...
...

...
ram,1

′′ · · · ram,j
′′ · · · ram,n ′′

ra1
∗′′ · · · raj

∗′′ · · · ran
∗′′

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
Among them, SA′′ is the non-dimensionalized satisfaction evaluation matrix based

on data quality factors, sai,q
′′ represents the non-dimensionalized evaluation value of

the q-th dimension indicator of the i-th business data resource, and saq
∗′′ is the ideal

non-dimensionalized evaluation value of the q-th dimension indicator. RA′′ is the non-
dimensionalized satisfaction evaluation matrix based on data utility, rai,j

′′ represents the
non-dimensionalized evaluation value of the j-th dimension indicator of the i-th business
data resource, and raj

∗′′ is the ideal non-dimensionalized evaluation value of the j-th
dimension indicator. This is used to solve the multi-task optimization model based on data
quality utility.

The quantitative evaluation indicators of business data resources have clear numerical
values (such as missing rate, duplication rate, access volume, etc.) with large data sample
dispersion and a high degree of data quantification. The entropy weight method can
automatically determine the weight of each indicator based on actual changes in the data,
making it suitable for datasets with a high degree of quantification. Therefore, this paper
adopts the entropy weight method [30] to calculate the objective weights of the evaluation
indicators involved in data quality and data utility factors. The objective weights of these
evaluation indicators are assigned as shown in Algorithm 1.

Algorithm 1: Entropy Weight-Based Weight Allocation Algorithm for Quantitative Indicators.

Input Quantitative indicator elements of SA′′ or RA′′

Output
Objective weights ωj of quantitative indicators and objective evaluation results
BDRScore for each indicator

Step 1
Perform data standardization on the elements of the quantitative indicator columns

in SA′′ and RA′′ , Pij =
rai,j

′′

∑m
i=1 rai,j

′′

Step 2
Calculate the information entropy weight of each indicator using the entropy value

formula, gj = 1 −
(
− 1

ln(m)∑m
i=1 Pijln

(
Pij

))
Step 3

Normalize the weights to determine the final weights. The normalization formula is
ωj =

gj

∑n
j=1 gj

Step 4 Perform-weighted summation of scores to calculate the result of BDRQScore

The dataset of qualitative indicators for business data resources consists of clearly
defined descriptive levels, such as user satisfaction and data security. Users select their
experience with the data based on categories like “excellent, good, average, poor, very
poor”, which have already been clearly structured into hierarchical levels. Therefore, this
paper chooses to use the Analytic Hierarchy Process (AHP) [31] to calculate the subjective
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weights of the evaluation indicators involved in data quality and utility factors. The
construction process is shown in Algorithm 2.

Algorithm 2: Principal Component Analysis-Based Weight-Allocation Algorithm for Qualitative
Indicators.

Input Qualitative indicator elements of SA′′ or RA′′ .
Output Indicator weights μj and objective evaluation results BDRUScore for each indicator.

Step 1
Extract elements from the qualitative indicator columns in SA′′ and RA′′ and
construct a judgment matrix. R =

[
ra1 ra2 · · · raj · · · ran

]
Step 2

Calculate the eigenvector λ =
[
λ1 λ2 · · · λj · · · λn

]
of the judgment

matrix R, where the eigenvector represents the weights of the indicators.
Step 3 Normalize the weights to determine the final weights, λj =

λj

∑n
j=1 λj

Step 4
Calculate the consistency index CI and the consistency ratio CR to check the
consistency of the judgment matrix.Where CI = λmax−n

n−1 (n is the order of the
judgment matrix), CR = CI

RI and RI is the random consistency index.

Step 5
If the consistency check is not passed, adjust the judgment matrix using pairwise
comparisons and then repeat Steps 2 to 4 until the consistency check is passed.

Step 6 Perform weighted summation of scores to calculate the result of BDRUScore

To adapt to the dynamic environment of business data resource evaluation, especially
when the data’s missing rate increases or user satisfaction decreases over a certain period,
the evaluation of business data resources is updated accordingly. The process of updating
the indicator weight is shown in Algorithm 3.

Algorithm 3: Indicator Weight Update Algorithm.

Input Data quality ru1, user satisfaction ru5.
Output Objective weight of quantitative indicators ωj and weight of qualitative indicators μj.
Step 1 Judging trigger conditions for the data update cycle.
Step 1.1 Set the data update cycle T = 24.
Step 1.2 Set the trigger condition for indicator weight recalculation : ra1 ≤ ρ; ra5 ≤ σ.

Step 2 Start Algorithm 1.
Step 3 Start Algorithm 2.
Step 4 Complete the recalculation of the indicator weights.

4.3. Construction of a Business Data Resource Evaluation Model Based on Data Quality Utility

On the basis of RA′′ and SA′′ , solving the problem of maximizing satisfaction with
data quality-utility factors is essentially a multi-objective optimization problem. Therefore,
this paper transforms BDROM into a multi-objective optimization model based on data
quality-utility factors. From the perspective of data quality-utility factors, it constructs the
corresponding objective functions for the multi-objective optimization model and solves
the multi-objective optimization model using a linear weighting method. In summary, this
study uses subjective and objective weights to reflect the importance of each indicator and
constructs BDROM based on the satisfaction evaluation matrices RA′′ and SA′′ .

max H1
(
rdij
)
= 1 −

√√√√ n

∑
j=1

(
εs

q ∗ saj
∗′′ − ωo

j ∗ sa′′i,j
)2

(5)

Subject. to. εs
q ≥ 0, ∑n

j=1 εs
q = 1,ωo

j ≥ 0, ∑n
j=1 ωo

j = 1;

max H2
(
udij
)
= 1 −

√√√√ n

∑
j=1

(
ηs

q ∗ raj
∗′′ − σo

j ∗ rai,j
′′
)2

(6)
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Subject. to. ηs
q ≥ 0, ∑n

q=1 ηs
q = 1,σo

j ≥ 0, ∑n
j=1 σo

j = 1
Among them, H1(rdi) represents the maximization of satisfaction with the data quality

evaluation of business data resources, εs
q represents the subjective weight of the q-th

dimension indicator of data quality obtained through the primary analytic hierarchy
process, and ωo

j represents the objective weight of the dimension indicator of business
data resources calculated by the demand side using the entropy weight method. H2(rdi)
represents the maximization of satisfaction with the data utility evaluation, ηs

q represents
the subjective weight of the q-th dimension indicator of data quality factors obtained by
the demand side through the primary analytic hierarchy process, and σo

j represents the
objective weight of the dimension indicator of data quality factors calculated by the demand
side using the entropy weight method.

This paper transforms BDROM into a multi-objective optimization model based on
data quality utility. Equations (5) and (6) are the objective functions of the multi-objective
optimization model. Then, the linear weighting method is used to handle the above
objective functions, forming a new objective function, and the optimal result is obtained by
solving the new objective function:

maxH(rdi) = α ∗ H1(rdi) + (1 − α)H2(udi) (7)

Subject. to. α ≥ 0, (1 − α) ≥ 0, α ∈ [0, 1]
Among them, α represents the weight based on data quality factor matching, and

1 − α represents the weight based on data utility matching. The weight α can be obtained
by referring to the entropy weight method shown in Algorithm 1.

5. Business Data Resource Recommendation Algorithm Based on
Collaborative Filtering

The value of data analysis in supporting business operations is crucial. IBM empha-
sizes that high-quality data can help enterprises make better business decisions, improve
operational efficiency, and enhance customer satisfaction [32]. Furthermore, McKinsey
highlights that as companies increasingly rely on complex data ecosystems, evaluating the
quality, availability, and reliability of data is essential for gaining valuable business insights.
They also stress that data transparency and centralized data procurement can optimize
the use of data resources, prevent redundant purchases, and increase the utility value of
the data [33]. Therefore, in specific use cases, the demand for business data resources
is diverse, but business personnel generally focus on the quality and utility value of the
data resources. Collaborative filtering-based recommendation algorithms require a large
amount of historical user data to function, making the cold-start problem a significant
obstacle in data resource recommendation research. As a result, this paper focuses on
studying recommendation algorithms based on evaluations of data resource quality and
utility, with an emphasis on scenarios that prioritize the matching and optimization of data
quality and utility.

The recommendation algorithm is the core module of the business data resource
optimization model for multi-value chain data spaces, and it is crucial for optimizing the
matching of data resources. This paper designs a collaborative filtering algorithm based
on data quality and another based on data utility. Additionally, it improves and designs a
combined recommendation algorithm to address the issues of cold start and data sparsity.
Finally, by comparing these three recommendation algorithms, this paper demonstrates
the effectiveness of the proposed business data resource optimization technology for multi-
value chain data spaces.

5.1. Collaborative Filtering Algorithm Based on Data Quality

The research on the Collaborative Filtering Algorithm Based on Data Quality (CFA-
DQ) aims to recommend business data resources with higher data quality to business
analysts. Through collaborative filtering based on data quality, analysts can identify data
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with high scores in completeness, accuracy, and consistency, ensuring that high-quality
data are prioritized for recommendation.

In Section 4.2, a satisfaction evaluation matrix based on data quality factors was
constructed, which can serve as input data for CFA-DQ. The construction process of CFA-
DQ is as shown in Algorithm 4.

Algorithm 4: Outlines the Main Steps of CFA-DQ.

Input SA′′

Output High-quality data resource recommendation results in Top-N set

Step 1
Preprocess the data quality satisfaction evaluation matrix SA′′ for business data
resources; extract the data quality evaluation indicators of business data resources:
data quality, data integrity, data accuracy, data availability, and data consistency.

Step 2

Generate the “similar neighbors set”: by calculating the similarity of each data
quality indicator of all data attributes, form the “similar neighbors set”; that is,
calculate the data quality similarity between the target data attribute and other data
attributes in SA′′ . This algorithm uses cosine similarity to calculate the data quality
similarity of data attributes.

y

1

2
1

2
1

Step 3

Recommendation generation: Based on the generated “similar neighbors set”,
recommend data attributes with highly similar data quality. Determine the
accessible data attribute set from the columns of the “similar neighbors set” in the
data quality satisfaction evaluation matrix SA′′ .

Step 4
Generating high-quality data resource recommendation results in Top-N set; select
the top N ranked items that do not belong to the “similar neighbors set”.

Step 5
Evaluate the accuracy of the recommendation results; calculate the Root Mean
Square Error (RMSE) of the recommendation algorithm.

The main issue with CFA-DQ is the cold-start problem. CFA-DQ calculates the quality
similarity of data attributes to search for a “similar neighborhood set” of data quality,
thereby recommending high-quality data. However, for data resources that have not yet
been evaluated for data quality, this algorithm struggles to make ideal recommendations.

5.2. Collaborative Filtering Algorithm Based on Data

Recommending business data resources to business personnel from the perspective of
data utility is a common scenario. This includes evaluations of user satisfaction, timeliness,
and security of data resources, leading to better recommendation results. The research on
the Collaborative Filtering Algorithm Based on Data Utility (CFA-DU) aims to recommend
high-value business data resources to business personnel. The construction process of the
data utility evaluation matrix is detailed in Section 4.2, and it can serve as input data for
CFA-DU. The construction process of CFA-DU is as shown in Algorithm 5.

Although CFA-DU uses historical usage performance indicators of data resources, to a
certain extent, to address the cold-start problem and can filter and recommend individual
utility indicator sets, the comprehensive utility evaluation of data is somewhat subjective,
and the utility value is effective only in some similar datasets if the recommended data
resources have low data.
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Algorithm 5: The Main Steps of CFA-DU are Similar to Those of CFA-DQ.

Input RA′′

Output High-utility value data resource recommendation results in Top-N set

Step 1
Preprocess the data utility satisfaction evaluation matrix RA′′ for business data
resources; extract the data quality utility indicators of business data resources: data
quality, maintenance cost, timeliness, access volume, user satisfaction, data security.

Step 2

Generate the “similar neighbors set”; by calculating the similarity of each data utility
evaluation indicator of all data attributes, form the “similar neighbors set”; that is,
calculate the utility similarity between the target data attribute and other data attributes
in RA′′ . This algorithm uses cosine similarity to calculate the utility similarity of
data attributes.

1

2
1

2
1

Step 3

Recommendation generation; based on the generated “similar neighbors set”,
recommend data attributes with highly similar data utility. Determine the accessible
data attribute set from the columns of the “similar neighbors set” in the data utility
satisfaction evaluation matrix RA′′ .

Step 4
Generate high-utility data resource recommendation results in Top-N set; select the top
N-ranked items that do not belong to the “similar neighbors set”.

Step 5
Evaluate the accuracy of the recommendation results; calculate the Root Mean Square
Error (RMSE) of the recommendation algorithm.

5.3. Collaborative Filtering Recommendation Algorithm Based on Data Quality-Utility
Combined Evaluation

Sections 5.1 and 5.2, respectively, introduced collaborative filtering algorithms based
on data quality and data utility. Each of these algorithms has its own advantages and
disadvantages. To achieve better data resource recommendations, this paper proposes the
Collaborative Filtering Recommendation Algorithm Combining Improved Data Quality
and Utility (hereinafter referred to as CFA-DQU). CFA-DQU mainly includes constructing
a business data resource evaluation matrix based on data quality and utility, calculating
the similarity of data quality and utility, generating a “similar neighbor set” based on data
quality and utility, and generating a recommendation set based on data quality and utility.

The design idea of the combined improvement algorithm is to comprehensively con-
sider the evaluation of business data resources in terms of data quality and utility, construct
a data quality-utility evaluation matrix, and build a collaborative filtering algorithm based
on this to generate recommendation results. The following details are the construction
algorithm of the business data resource evaluation matrix based on data quality and utility.

One of the core tasks of CFA-DQU is to solve datasets with similar data attribute
qualities and utilities based on the evaluation matrix with the highest satisfaction of
data quality-utility factors, thereby generating recommendations. Section 4.3 defines the
business data resource evaluation score matrix based on data quality and utility. The
flowchart of the business data resource evaluation algorithm based on data quality and
utility is shown Figure 3.
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Figure 3. Business data resource evaluation algorithm process based on data quality utility.

The business data resource evaluation process based on data quality and utility is
shown in Algorithm 6.

Algorithm 6: The Business Data Resource Evaluation Algorithm Based on Data Quality
and Utility.

Input RD, RU, Ra, Ra∗; SG, SU, Sa, Ra∗
Output Return the evaluation results of business data resources RD.
Step 1 Construct the initial satisfaction matrix based on data utility quality.

Step 2

If the nature of the indicator is quantitative, then quantify the quantitative indicator
values according to the calculation formulas ra1, · · · , ra4 or else quantify the
qualitative indicator values according to formulas (1) and (2); construct the
satisfaction matrices RA′ and SA′ after quantifying the data quality-utility factor
indicators.

Step 3
Using Equations (3) and (4) to non-dimensionalize the satisfaction matrix; construct
the satisfaction matrices RA′′ and SA′′ based on the quantification of data
quality-utility factor indicators.

Step 4

Using Equations (5) and (6), calculate the weights of H1

(
rdij

)
, saj

∗′′ , and sai,j
′′ ;

similarly, calculate the weights of H2

(
udij

)
, raj

∗′′ , and rai,j
′′ . Transform BDROM

into a multi-task optimization model based on data quality-utility factors.

Step 5
Use the entropy weight method to obtain α and form a new objective function,
Equation (8), using the linear weighting method.

Step 6
Solve the new objective function to complete the value assessment of business data
resources and output the evaluation results RD for business data resources.

At this point, the business data resource evaluation matrix based on data quality and
utility is:
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RD =

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

rd11 rd12
rd21 rd22

· · · rd1j · · · rd1n
· · · rd2j · · · rd1n

...
...

rdm1 rdm2

...
... ...

...
· · · rdmj · · · rdmn

...
...

rdn1 rdn2

...
... ...

...
· · · rdmj · · · rdnn

ud11 ud12
ud21 ud22

· · · ud1j
· · · ud2j

· · · ud1n
· · · ud2n

...
...

udm1 udm2

...
...

· · · udmj

...
...

· · · udmn
...

...
udn1 udn2

...
...

· · · udnj

...
...

· · · udnn

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
(8)

Using the business data resource evaluation matrix based on data quality and utility
as data input, design the CFA-DQU.

The main steps of CFA-DQU are similar to those of Algorithm 5, as shown in
Algorithm 7 below:

Algorithm 7: Outlines the Main Steps of CFA-DQU.

Input RD

Output
High-quality and high-utility value data resource recommendation results in Top-N
set.

Step 1
Preprocess the business data resources to form the data quality-utility evaluation
matrix; RD: extract the data quality-utility indicators of business data resources.

Step 2

Generate a “similar neighbor set”; form the “similar neighbor set” by calculating the
similarity of each data quality-utility evaluation indicator for all data attributes; that
is, calculate the data quality-utility similarity between the target data attribute and
other data attributes in RD. This algorithm uses cosine similarity to calculate the
utility similarity of data attributes:

1

2
1

2
1

Step 3

Recommendation generation; based on the generated “similar neighbor set”,
recommend data attributes with highly similar data quality utility. Determine the
accessible data attribute set of the “similar neighbor set” from the columns in the
data quality-utility satisfaction evaluation matrix RD.

Step 4
Generate high-quality, high-utility data resource recommendation results in Top-N
set; select the top N results that are ranked highest but do not belong to the “similar
neighbor set”.

Step 5
Evaluate the accuracy of the recommendation results; calculate the Root Mean
Square Error (RMSE) of the recommendation algorithm.

6. Experimental Calculations and Technical Validation

6.1. Dataset and Experimental Setup Description

The dataset for technical validation in this paper is sourced from the Value Chain
Collaborative Cloud Platform [34]. It includes 22 business data entities from supply value
chain, marketing value chain, parts (operation and maintenance) value chain, and after-
sales service value chain, totaling 3486 data attributes. A single business data entity
contains up to 397,962 rows of data. The dataset mainly includes records on data quality,
user satisfaction, security, and access volume. Sample data are shown in Table 4 below:
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Table 4. Sample data content of dataset.

Business Value
Chain Domain

Primary Business
Process

Secondary
Business Process

Business Entity
Business Data

Entity
Attribute

Number of
Data Rows

Component
Supply Value

Chain Domain

Purchase
Requisition

Coordination
Order

Management

Single Small Batch
Pull Production
Mode Purchase

Requisition
Coordination Order

Management

Purchase
Requisition

Purchase
Requisition
Information

Purchase
Requisition

Code
347,599

Component
Supply Value

Chain Domain

Purchase
Requisition

Coordination
Order

Management

Single Small Batch
Pull Production
Mode Purchase

Requisition
Coordination Order

Management

Purchase
Requisition

Purchase
Requisition
Information

Purchase
Requisition

Date
347,599

Marketing Value
Chain Domain

Sales Plan
Management

Cargo, Pickup, Van,
and Cargo Truck

Franchising Mode
Sales Plan

Management

Sales Plan Sales Plan Table Reviewer 381,149

Marketing Value
Chain Domain

Sales Plan
Management

Cargo, Pickup, Van,
and Cargo Truck

Franchising Mode
Sales Plan

Management

Sales Plan Sales Plan Table Review
Date 381,149

Spare Parts
(Operations and

Maintenance)
Value Chain

Domain

Spare Parts
Warehouse Entry

Management
Process

Commercial
Vehicle Driven

Production Mode
Spare Parts

Warehouse Entry
Process

Warehouse
Entry Order

Warehouse
Entry Order

Header
Information

Entry Type 160,127

Spare Parts
(Operations and

Maintenance)
Value Chain

Domain

Spare Parts
Warehouse Entry

Management
Process

Commercial
Vehicle Driven

Production Mode
Spare Parts

Warehouse Entry
Process

Warehouse
Entry Order

Warehouse
Entry Order

Header
Information

Document
Creation

Date
160,127

After-sales
Service Value
Chain Field

Warranty
Management

Process

Integrated Service
Model Warranty

Management
Process for

Passenger Vehicles

Warranty
Document

Warranty
Information

Rear Axle
Model ID

After
Review

366,385

After-sales
Service Value
Chain Field

Warranty
Management

Process

Integrated Service
Model Warranty

Management
Process for

Passenger Vehicles

Warranty
Document

Warranty
Information

Rear Axle
Code After

Review
366,385

Since the multi-value chain data space provides basic preprocessing of business data,
this paper focuses on the evaluation of data quality and data utility. The preprocessing
is conducted directly according to the calculation instructions for each metric, yielding
indicators such as the number of data rows, missing values, out-of-range data, data retrieval
counts, data retrieval failure counts, and data inconsistencies, which are used to assess
data quality and utility. The computer configuration used for the experiments includes
cloud computing resources with a 3.1 GHz processor, 64 GB of memory, and 24 GB of
video memory.
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In order to directly validate the data resource optimization techniques proposed in this
paper, the dataset was preprocessed according to the following steps. Figure 4 illustrates the
process of duplicating and joining several data attribute tables of business data resources,
constructing the dataset through data integration. The specific construction process is
shown in Algorithm 8.

Algorithm 8: The Process of Integrating Datasets

Step 1 Identify the data source {DataR (1), DataR(2), · · · , DataR(n)
}

.

Step 2
Analyze the data schema of the data source and define the data model and partial

mapping, Li
schema =

〈
bsi ← dbj ← entityk

〉
.

Step 3 Based on the partial data mapping, construct the semantic model, DO(i)
L .

Step 4 Perform the copy operation on the attributes of DO(i)
L and create a full backup of the

extracted attribute data.

Step 5
Use the connect operation to join the similar attributes

of DO(i)
L mapped from the local data schema Li

schema, forming a data entity attribute
set D(i).

Step 6 Aggregate the data entity attribute set D(i)and its mapping Li
schema to construct the

data entity set D.

Figure 4. Data preprocessing process based on data integration.

6.2. Business Data Resource Evaluation Calculation

Based on the business data resource evaluation model of data quality and utility,
we evaluate the data quality, data utility, and the combination of data quality and utility
of business data resources. This provides dimensional support for the construction and
research of business data resource recommendation algorithm models.
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6.2.1. Data Quality Evaluation Calculation

(1) Preprocess the dataset
First, preprocess the dataset by tallying the missing values, data duplication, and

data calls for each business data entity. According to the indicator calculation rules,
quantitatively calculate the data quality score. The highest score for each item is taken
as the ideal value, converting the data quality score into a satisfaction evaluation matrix
based on data quality factors. Finally, dimensionless processing is performed to obtain a
dimensionless satisfaction evaluation matrix of data quality factors.

According to the data quality evaluation indicators of business data resources in
Table 1, calculate the data integrity, accuracy, availability, and consistency of the dataset
and its preprocessing results for business data resources. The calculation results are shown
in Table 5.

Table 5. Calculation results of data quality evaluation.

Business Data
Entity

Attribute
Number

Attribute
Data

Integrity
Data

Accuracy
Data

Availability
Data

Consistency

Purchase
Request

Information

1 Purchase Request Code 1 1 0.942 1
2 Purchase Request Date 1 1 0.929 1
3 Salesperson Response 1 1 0.927 1
4 Remarks 1 1 0.953 1
5 Supplier Code 1 1 0.891 1
6 Salesperson Name 1 1 0.885 1
7 Business Type 1 1 0.901 1
8 Supplier Response Status 1 1 0.887 1
9 Confirmation Status 1 1 0.956 1

10 Publication Status 1 1 0.932 1

Purchase
Request Details

1 Purchase Request Code 1 1 0.833 1
2 Part Code 1 1 0.836 1
3 Quantity Required 1 1 0.875 1
4 Supply Guarantee Status 1 1 0.922 1
5 Supplier Response 1 1 0.878 1
6 Required Date 1 1 0.815 1
7 Estimated Arrival Date 1 1 0.927 1
8 Unit Price 0.979 1 0.933 1
9 ID 1 1 0.907 1

· · · · · · · · · · · · · · · · · · · · ·
Adjustment
Information

12 Auditor Name 0.997 1 0.973 1
13 Audit Date 1 1 0.901 1
14 Data Transmission Status 1 1 0.885 1

(2) Data Quality Satisfaction Evaluation Matrix
According to the calculation rules of data quality indicators, compute the data integrity,

accuracy, availability, and consistency to obtain the data quality satisfaction evaluation
matrix. The last row of the matrix represents the ideal values for data integrity, accuracy,
availability, and consistency, with the ideal values being the maximum values of each
indicator.

SA′ =

⎡⎢⎢⎢⎢⎢⎣
1 1 0.942 1
1 1 0.929 1
...

...
...

...
1 1 0.885 1
1 1 1 1

⎤⎥⎥⎥⎥⎥⎦
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Based on Formulas (3) and (4), perform dimensionless calculations to obtain the
dimensionless data quality satisfaction evaluation matrix.

SA′′ =

⎡⎢⎢⎢⎢⎢⎣
1 1 0.854 1
1 1 0.821 1

...
...

...
...

1 1 0.711 1
1 1 1 1

⎤⎥⎥⎥⎥⎥⎦ (9)

(3) Data Quality Indicator Weight Calculation
Since the data quality evaluation indicators are all quantitative, the entropy weight

method can be used to calculate the weights of the indicators.
Based on the data quality satisfaction evaluation matrix, standardize the indicator

data using the following formula:

Pij =
rai,j

′′

∑m
i=1 rai,j

′′ (10)

Here, Pij represents the standardized data, rai,j
′′ represents the raw evaluation data of

the i-th row and j-th column, and m represents the sample size of the dataset.
Use the entropy formula to calculate the information entropy weight of each indicator.

The calculation formula is as follows:

gj = 1 −
(
− 1

ln(m)

m

∑
i=1

Pijln
(

Pij
))

(11)

Here, gj represents the information entropy weight of the j-th indicator.
Normalize the weights according to the column distribution of the data quality sat-

isfaction evaluation matrix. The formula for calculating the normalized weights is as
follows:

ωj =
gj

∑n
j=1 gj

(12)

Through the sequential calculations of Formulas (10)–(12), the weights of the data
quality evaluation indicators are obtained as follows:

W = [0.0149, 0.8159, 0.1559, 0.0133]

(4) Business Data Resource Quality Evaluation Results
Perform a weighted sum of the dimensionless satisfaction evaluation scores of the

business data resources to obtain the data quality evaluation results, as follows:

BDRQScore =

⎡⎢⎢⎢⎢⎢⎢⎣

sa1,1
′′ · · · sa1,q ′′ · · · sa1,n ′′

...
...
...

sai,1
′′ · · · sai,q

′′ · · · sai,n
′′

...
...
...

sam,1
′′ · · · sam,q ′′ · · · sam,n ′′

⎤⎥⎥⎥⎥⎥⎥⎦
⎡⎢⎢⎣

ω1
ω2
ω3
ω4

⎤⎥⎥⎦ (13)

Here, BDRQScore represents the data quality evaluation score matrix.
Substitute the dataset into the above formulas to calculate the data quality scores of

the business data resources. The data quality evaluation result of each business data entity
is the average of its attributes, as shown in Table 6.
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Table 6. Data quality evaluation results of business data resources.

Business Data Entity Attribute Number Attribute
Attribute Data
Quality Score

Business Data Entity
Quality Score

Purchase Request
Information

1 Purchase Request Code 0.977

0.977

2 Purchase Request Date 0.972
3 Salesperson Response 0.971
4 Remarks 0.982
5 Supplier Code 0.957
6 Salesperson Name 0.955
7 Business Type 0.962
8 Supplier Response Status 0.956
9 Confirmation Status 0.983

10 Publication Status 0.974

Purchase Request
Details

1 Purchase Request Code 0.935

0.935

2 Part Code 0.936
3 Quantity Required 0.951
4 Supply Guarantee Status 0.970
5 Supplier Response 0.952
6 Required Date 0.928
7 Estimated Arrival Date 0.971
8 Unit Price 0.959
9 ID 0.964

· · · · · · · · · · · · · · ·
Adjustment
Information

12 Auditor Name 0.988
0.94213 Audit Date 0.961

14 Data Transmission Status 0.955

The highest data quality score for business data entity attributes is 1, the lowest score
is 0.068, and the average score is 0.747; the highest data quality score for business data
entities is 1, the lowest score is 0.140, and the average score is 0.803. Business data resources
are expressed through business data entities and their attributes. The distribution of data
quality evaluation scores for business data resources is shown in the form of a heatmap, as
illustrated in Figure 5.

Figure 5. Cont.
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Figure 5. Distribution of data quality for business data resources. e.g., (a) Heatmap of data quality
for data attributes. (b) Heatmap of data quality for business data entities.

6.2.2. Data Utility Evaluation Calculation

(1) Data Utility Evaluation Calculation Score
According to the data utility evaluation indicators of business data resources in Table 2,

calculate the data quality, maintenance cost, timeliness, and access volume for quantitative
indicators, as well as user satisfaction and data security for qualitative indicators of the
dataset and its preprocessing results, to obtain the evaluation results of data utility for
business data resources. Quantitative indicators can be directly calculated based on the
records of the dataset; qualitative indicators, such as user satisfaction and data security,
need to be calculated according to Formulas (1) and (2). Table 7 shows the data utility
evaluation results of some business data resources.

(2) Satisfaction Evaluation Matrix of Data Utility
According to the calculation rules of data utility indicators, quantitative indicators

such as data quality, maintenance cost, timeliness, and access volume, as well as qualitative
indicators such as user satisfaction and data security, are calculated. Based on the results of
data utility evaluation calculations, the satisfaction evaluation matrix of data utility can be
directly obtained.

RA′ =

⎡⎢⎢⎢⎢⎢⎣
0.977
0.972

...
0.955

1

2.8
2.8
...

1
0

0.097
0.194

...
0.264
0.694

392
50
...

1273
1995

0.00086
0.00086

...
0.00281
0.02194

0.00201
0.00201

...
0.00361
0.20166

⎤⎥⎥⎥⎥⎥⎦
Dimensionless calculations are performed based on Formulas (3) and (4), resulting in

the dimensionless satisfaction evaluation matrix of data utility.
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RA′′ =

⎡⎢⎢⎢⎢⎢⎣
0.975
0.970

...
0.952

1

0.034
0.034

...
0.655

0

0.123
0.265

...
0.368

1

0.196
0.025

...
0.638

1

0.00200
0.00200

...
0.00361

1

0.00889
0.00889

...
0.01685

1

⎤⎥⎥⎥⎥⎥⎦ (14)

Table 7. Calculation results of data utility evaluation.

Business
Data Entity

Attribute
Number

Attribute
Data

Quality
Maintenance

Cost
Timeliness

Access
Volume

User
Satisfaction

Data
Security

Purchase
Request

Information

1 Purchase Request
Code 0.977 2.8 0.097 392 0.00086 0.00201

2 Purchase Request
Date 0.972 2.8 0.194 50 0.00086 0.00201

3 Salesperson
Response 0.971 2.8 0.111 290 0.00086 0.00201

4 Remarks 0.982 2.8 0.542 44 0.00086 0.00201
5 Supplier Code 0.957 2.8 0.444 265 0.00086 0.00201
6 Salesperson Name 0.955 2.8 0.250 1081 0.00086 0.00201
7 Business Type 0.962 2.8 0.139 1676 0.00086 0.00201

8 Supplier Response
Status 0.956 2.8 0.444 488 0.00086 0.00201

9 Confirmation Status 0.983 2.8 0.569 0 0.00086 0.00201
10 Publication Status 0.974 2.8 0.625 435 0.00086 0.00201

Purchase
Request
Details

1 Purchase Request
Code 0.935 2 0.042 1083 0.00181 0.00232

2 Part Code 0.936 2 0.125 655 0.00181 0.00232
3 Quantity Required 0.951 2 0.472 539 0.00181 0.00232

4 Supply Guarantee
Status 0.970 2 0.361 346 0.00181 0.00232

5 Supplier Response 0.952 2 0.069 780 0.00181 0.00232
6 Required Date 0.928 2 0.264 256 0.00181 0.00232

7 Estimated Arrival
Date 0.971 2 0.361 216 0.00181 0.00232

8 Unit Price 0.959 2 0.666 421 0.00181 0.00232
9 ID 0.964 2 0.444 388 0.00181 0.00232

· · · · · · · · · · · · · · · · · · · · · · · · · · ·
Adjustment
Information

12 Auditor Name 0.988 1 0.5 879 0.00281 0.00361
13 Audit Date 0.961 1 0.556 710 0.00281 0.00361

14 Data Transmission
Status 0.955 1 0.264 1273 0.00281 0.00361

(3) Calculation of Indicator Weights for Data Utility
Since the evaluation indicators of data utility include both quantitative and qualitative

indicators, two algorithms are used for their weight calculations. This section will calculate
the indicator weights for data utility based on the weight distribution algorithms for
quantitative and qualitative indicators in Section 4.2 (Algorithms 1 and 2):

Ψ =
[
ϕ1 ϕ2 ϕ3 ϕ4 λ1 λ2

]
=
[

0.108 0.248 0.276 0.368 0.667 0.333
]

(4) Evaluation Results of Data Utility for Business Data Resources
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The dimensionless scores from the satisfaction evaluation of data utility for business
data resources are weighted and summarized to obtain the evaluation results of data utility,
which are:

BDRUScore =

⎡⎢⎢⎢⎢⎢⎢⎣

ra1,1
′′ · · · ra1,j

′′ · · · ra1,n ′′

...
...
...

rai,1
′′ · · · rai,j

′′ · · · rai,n
′′

...
...
...

ram,1
′′ · · · ram,j

′′ · · · ram,n ′′

⎤⎥⎥⎥⎥⎥⎥⎦

⎡⎢⎢⎢⎢⎢⎢⎣

ϕ1
ϕ2
ϕ3
ϕ4
λ1
λ2

⎤⎥⎥⎥⎥⎥⎥⎦ (15)

where BDRUScore is the evaluation score matrix of data quality.
Substituting the dataset into the above formulas for calculation, the data utility scores

of business data resources are obtained. The evaluation results of data utility for business
data entities are the mean values of their attributes. The evaluation results are shown in
Table 8.

Table 8. Evaluation results of data utility of business data resources.

Business Data Entity Attribute Number Attribute
Attribute Data Utility

Score
Business Data Entity

Utility Score

Purchase Request
Information

1 Purchase Request Code 0.065

0.358

2 Purchase Request Date 0.053
3 Salesperson Response 0.060
4 Remarks 0.091
5 Supplier Code 0.095
6 Salesperson Name 0.129
7 Business Type 0.157
8 Supplier Response Status 0.110
9 Confirmation Status 0.091

10 Publication Status 0.127

Purchase Request
Details

1 Purchase Request Code 0.142

0.451

2 Part Code 0.122
3 Quantity Required 0.153
4 Supply Guarantee Status 0.128
5 Supplier Response 0.125
6 Required Date 0.110
7 Estimated Arrival Date 0.119
8 Unit Price 0.167
9 ID 0.140

· · · · · · · · ·
Adjustment
Information

12 Auditor Name 0.716
0.61013 Audit Date 0.704

14 Data Transmission Status 0.689

The highest data utility score for the attributes of business data entities is 0.663, the
lowest score is 0.041, and the average score is 0.219. The highest data utility score for
business data entities is 0.581, the lowest score is 0.093, and the average score is 0.177. To
visualize the evaluation scores of data utility, a heatmap is used to present the evaluation
scores of some business data resources, as shown in Figure 6.
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Figure 6. Data Quality-Utility Evaluation Calculation. e.g., (a) Data Attributes Utility Heatmap.
(b) Business Data Entity Utility Heatmap.

6.2.3. Data Quality-Utility Evaluation Calculation

According to Algorithm 4, the data quality-utility indicators for business data re-
sources are calculated, while the values of εs

q and ωo
j in Equation (5) and the values of ηs

q
and σo

j in Equation (6) are obtained. Further, the weight of α in Equation (7) is determined
based on the entropy weight method. Therefore, the evaluation results of business data
resources based on data quality-utility evaluation can be expressed as:

H(rdi) = α ∗ H1(rdi) + (1 − α)H2(rdi) (16)
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Subject.to

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

α = 0.661

H1(rdi) = 1 −
√

n
∑

j=1

(
εs

q ∗ saj
∗′′ − ωo

j ∗ sai,j
′′
)2

εs
1 = 0.25, εs

2 = 0.25, εs
3 = 0.25, εs

4 = 0.25
ωo

1 = 0.015, ωo
2 = 0.816, ωo

3 = 0.156, ωo
4 = 0.013

H2(rdi) = 1 −
√

n
∑

j=1

(
ηs

q ∗ raj
∗′′ − σo

j ∗ rai,j
′′
)2

ηs
1 = 0.167, ηs

2 = 0.166, ηs
3 = 0.167, ηs

4 = 0.166, ηs
5 = 0.167, ηs

6 = 0.167
σo

1 = 0.04, σo
2 = 0.089, σo

3 = 0.093, σo
4 = 0.137, σo

5 = 0.241, σo
6 = 0.4

By substituting the dataset and combining Equations (5), (6), and (16), the data
quality-utility evaluation result matrix for business data resources is calculated.

RD =

⎡⎢⎢⎢⎢⎢⎣
0.010 0.320
0.010 0.320

0.014 0.056
0.015 0.056

0.010 0.320
...

...
0.010 0.320

0.015 0.056
...

...
0.019 0.056

0.026 0.0000006 0.027
0.027 0.0000006 0.026

0.024 0.026 0.027
0.027 0.026 0.027

0.027 0.0000006 0.027
...

...
...

0.027 0.0002091 0.025

0.025 0.026 0.027
...

...
...

0.018 0.022 0.027

⎤⎥⎥⎥⎥⎥⎦
6.3. Evaluation and Analysis of Algorithm Recommendation Accuracy

Section 5 introduces three algorithms (CFA-DQ, CFA-DU, and CFA-DQU) to recom-
mend business data resources, each capable of generating a Top-N recommendation list. To
demonstrate the accuracy of these recommendation algorithms, we designed 10 scenarios
to compare the recommendation accuracy of the three algorithms. These 10 scenarios
correspond to different values of “similar neighbor set” size K, specifically set at 5, 8, 11, 14,
17, 20, 23, 26, 29, and 32. The recommendation accuracy is assessed by comparing the root
mean square error (RMSE) values in each scenario.

RMSE is calculated based on the error between the predicted and actual quality/utility
values of recommended data resources, with a lower RMSE indicating higher recommen-
dation accuracy.

The RMSE calculation formula is as follows:

RMSE =

√
1
n

n

∑
i=1

(xi − x̂i)
2 (17)

where n is the number of data items, xi is the actual quality-utility value of the i-th data
item, and x̂i is the predicted quality-utility value of the i-th data item.

6.3.1. Experimental Comparison Results

The RMSE of CFA-DQ, CFA-DU, and CFA-DQU under different similar neighbor set
values are shown in Table 9.

Table 9. RMSE calculation results of three algorithms.

Values of K CFA-DQ CFA-DU CFA-DQU

K = 5 0.01283466 0.01853151 0.00113214
K = 8 0.01415222 0.01935435 0.00124120

K = 11 0.01563750 0.02008541 0.00132608
K = 14 0.01700119 0.02072918 0.00140239
K = 17 0.01836978 0.02152268 0.00147802
K = 20 0.01959997 0.02197381 0.00153857
K = 23 0.02076240 0.02246302 0.00159961
K = 26 0.02189824 0.02287985 0.00166435
K = 29 0.02290673 0.02334594 0.00172426
K = 32 0.02382351 0.02375691 0.00177925
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The changes in RMSE are also presented in bar and line charts, as shown in Figure 7.

Figure 7. RMSE trend chart of three algorithms.

6.3.2. Experimental Comparative Analysis

Experimental results indicate that when the similar neighbor set size is 5, the RMSE
of CFA-DQU is the lowest (0.001132), followed by CFA-DQ (0.012835) and CFA-DU with
the highest RMSE (0.018532). A comparison of the RMSE values for CFA-DQ, CFA-DU,
and CFA-DQU across various similar neighbor set sizes (K = 5, 8, 11, 14, 17, 20, 23, 26, 29,
and 32) demonstrates that CFA-DQU consistently achieves the highest recommendation
accuracy and optimal recommendation performance. Although CFA-DQ is slightly less
accurate than CFA-DQU, it still outperforms the CFA-DU algorithm. Further analysis led
to the following conclusions:

First, the CFA-DQU algorithm has the lowest RMSE value and the highest recommen-
dation accuracy for all similar neighbor set values.

Second, as the value of “similar neighbor sets” K increases, the RMSE values of the
three algorithms rise, indicating that the recommendation accuracy decreases as the number
of similar neighbor sets increases.

Third, the RMSE value of CFA-DQU increases the least, indicating that it has better
stability when the number of similar neighbor sets increases.

Fourth, the line chart shows that the RMSE value curve of CFA-DQU is relatively flat,
indicating that its performance is more stable under different similar neighbor set values,
while the RMSE value curves of CFA-DQ and CFA-DU are steeper, indicating that their
recommendation accuracy is more affected by the number of similar neighbor sets.

6.4. Performance Analysis of Different Recommendation Algorithms

(1) Design and Calculation of Performance Metrics for Recommendation Algorithms
To analyze the stability and scalability of the recommendation algorithms, we intro-

duce metrics such as precision, recall, and H-mean to evaluate their performance. The
corresponding calculation formulas are as follows:
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1© Precision

P =
TP

TP + FP
(18)

2© Recall

R =
TP

TP + FN
(19)

3© H-mean

F1 =
2PR

P + R
=

2TP
2TP + FP + FN

(20)

In the formulas, TP represents true positives, where positive cases are correctly pre-
dicted as positive; TN represents true negatives, where negative cases are correctly pre-
dicted as negative; FP represents false positives, where negative cases are incorrectly
predicted as positive (false alarms); and FN represents false negatives, where positive cases
are incorrectly predicted as negative (misses). The larger the F1, the better the corresponding
performance.

The experimentally calculated values of performance metrics such as precision, recall,
and H-mean for CFA-DQ, CFA-DU, and CFA-DQU under different values of the similar
neighbor set are shown in Table 10.

Table 10. Performance metric results for the three algorithms.

Values of K
CFA-DQ CFA-DU CFA-DQU

Precision Recall H-Mean Precision Recall H-Mean Precision Recall H-Mean

K = 5 0.9840 0.9532 0.9684 0.9689 0.9905 0.9796 0.9553 0.9448 0.9500
K = 8 0.9859 0.9124 0.9477 0.9506 0.9793 0.9648 0.9669 0.9558 0.9611
K = 11 0.9874 0.8716 0.9259 0.9505 0.9762 0.9631 0.9609 0.9503 0.9556
K = 14 0.9883 0.8405 0.9084 0.9505 0.9777 0.9639 0.9607 0.9448 0.9526
K = 17 0.9890 0.8057 0.8880 0.9520 0.9777 0.9647 0.9382 0.9227 0.9304
K = 20 0.9888 0.7762 0.8697 0.9532 0.9714 0.9622 0.9286 0.9337 0.9311
K = 23 0.9898 0.7481 0.8522 0.9531 0.9700 0.9614 0.9378 0.9171 0.9274
K = 26 0.9902 0.7247 0.8369 0.9533 0.9746 0.9638 0.9218 0.9116 0.9167
K = 29 0.9908 0.6920 0.8149 0.9519 0.9746 0.9631 0.9261 0.9006 0.9132
K = 32 0.9917 0.6699 0.7996 0.9503 0.9730 0.9615 0.9209 0.9006 0.9106

(2) Analysis of the Adaptability and Stability of Recommendation Algorithms
This paper assesses the stability and adaptability of the algorithms by calculating the

standard deviation and mean values of their performance metrics.
1© Adaptability

The adaptability of the algorithm is evaluated using the average values of precision,
recall, and H-mean from multiple experimental runs. A higher average indicates better per-
formance across different values of the similar neighbor set, reflecting stronger adaptability.
High adaptability means that the algorithm can handle varied datasets more effectively,
making it suitable for dynamic or unknown types of datasets.

Ada =
1
N ∑N

i=1 yi (21)

In the formula, yi is the value from the i-th experiment.
2© Stability

We assess the stability of the algorithm by calculating the standard deviation of each
performance metric (precision, recall, and H-mean) across multiple experiments. A smaller
standard deviation indicates better stability. If one algorithm’s stability metric (standard
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deviation) is significantly lower than that of another, it suggests that this algorithm may be
better suited to the same dataset.

Sta =

√
1
N ∑N

i=1(yi − y)2 (22)

where y is the mean and yi is the value of the i-th experiment.
Using the experimental evaluation metrics designed above, we calculate the standard

deviation and mean values of all metrics (precision, recall, and H-mean) for each of the
three algorithms to reflect each algorithm’s adaptability and stability, as shown in Table 11.

Table 11. Evaluation of the adaptability and stability of three recommendation algorithms.

Evaluation
Metrics

CFA-DQ CFA-DU CFA-DQU

Precision Recall H-Mean Precision Recall H-Mean Precision Recall H-Mean

Ada 0.9886 0.7994 0.8812 0.9534 0.9765 0.9648 0.9417 0.9282 0.9349
Sta 0.0023 0.0945 0.0566 0.0056 0.0057 0.0053 0.0177 0.0205 0.0187

Under different values of the similar neighbor set, combinations of data quality, data
utility, and data quality-utility formed distinct business data resource usage scenarios. The
adaptability and stability performance of the three algorithms in different scenarios are
as follows:

Adaptability Analysis of the Algorithms: CFA-DU performs relatively evenly across
precision, recall, and H-mean, particularly outperforming the other two algorithms in recall
and H-mean, indicating stronger adaptability and the best recommendation performance in
scenarios focused on data utility. CFA-DQ performs strongest in Precision but has relatively
lower recall and H-mean, indicating slightly weaker adaptability. CFA-DQU’s performance
falls between the two, suggesting that CFA-DQU better balances recommendations focused
on both data quality and utility across different scenarios.

Stability Analysis of the Algorithms: CFA-DU has the smallest standard deviation
across all metrics, demonstrating extremely high stability. This indicates that, in different
scenarios, the recommendation performance focused on data utility is more stable. CFA-
DQ shows higher stability in precision but has greater fluctuations in recall and H-mean,
resulting in overall weaker stability. CFA-DQU exhibits moderate stability but is still more
stable than CFA-DQ. This suggests that CFA-DQU, while balancing recommendations
focused on data quality-utility across different scenarios, also achieves relatively good
algorithm stability.

7. Conclusions

The rapid and accurate selection of business data resources is the most time-consuming
stage in the preprocessing phase of business analysis. It often requires multiple rounds of
data retrieval for exploratory analysis to meet the data requirements for business analysis.
Additionally, there are common issues of data sparsity and cold start in the evaluation and
recommendation of business data resources.

Therefore, this paper addresses data quality and data utility evaluation by constructing
an evaluation indicator system, resulting in an evaluation matrix for business data resources,
thus solving the problems of data sparsity and cold start. Furthermore, using a collaborative
filtering-based algorithm for business data resources, similar data quality-utility resources
are formed into a recommendation set, provided to data analysis users.

Finally, through experimental calculations, evaluation results and recommendation
results for business data resources and their attributes were obtained. Additionally, a
comparison of three recommendation algorithms demonstrated the excellent performance
of the combined improved collaborative filtering recommendation algorithm for data
quality utility, leading to conclusions and recommendations. Additionally, this paper

38



Electronics 2024, 13, 4690

demonstrates the good scalability of the algorithms by calculating the adaptability and
stability of the three algorithms across different scenarios.

In the face of fragmented and uncertain business demands, digital transformation
has been regarded as a strategic imperative for enterprise development. Optimizing the
supply of business data resources is a critical research topic for building data-driven
organizations. Business data resources serve as the informational medium for business
collaboration. The business data resource optimization framework proposed in this paper,
based on a multi-value chain data space, provides enterprise data consumers with data
resources that meet their business analysis needs. Moreover, this framework has been
technically validated in business domains such as the supply chain, marketing value chain,
parts (operations and maintenance) value chain, and after-sales service value chain in the
automotive manufacturing industry. Therefore, this framework is adaptable to various
value chain business collaboration scenarios within the discrete manufacturing industry. In
the next step, we will focus on the study of business data resource models, aiming to solve
the problem of synchronizing business data resource evaluation and recommendation in a
dynamic data update environment.
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Abstract: Multi-hop reasoning provides a means for inferring indirect relationships and
missing information from knowledge graphs (KGs). Reinforcement learning (RL) was
recently employed for multi-hop reasoning. Although RL-based methods provide explain-
ability, they face challenges such as sparse rewards, spurious paths, large action spaces, and
long training and running times. In this study, we present a novel approach that combines
KG embeddings and RL strategies for multi-hop reasoning called path-based multi-hop
reasoning (PMHR). We address the issues of sparse rewards and spurious paths by incorpo-
rating a well-designed reward function that combines soft rewards with rule-based rewards.
The rewards are adjusted based on the target entity and the path to it. Furthermore, we
perform action filtering and utilize the vectors of entities and relations acquired through
KG embeddings to initialize the environment, thereby significantly reducing the runtime.
Experiments involving a comprehensive performance evaluation, efficiency analysis, abla-
tion studies, and a case study were performed. The experimental results on benchmark
datasets demonstrate the effectiveness of PMHR in improving KG reasoning accuracy
while preserving interpretability. Compared to existing state-of-the-art models, PMHR
achieved Hit@1 improvements of 0.63%, 2.02%, and 3.17% on the UMLS, Kinship, and
NELL-995 datasets, respectively. PMHR provides not only improved reasoning accuracy
and explainability but also optimized computational efficiency, thereby offering a robust
solution for multi-hop reasoning.

Keywords: knowledge graphs; knowledge graph reasoning; reinforcement learning; multi-hop
reasoning

1. Introduction

Knowledge graphs (KGs) [1] are powerful representations of structured information
that capture complex semantic relationships between entities. They have become funda-
mental components in various applications such as natural language understanding [2,3],
recommendation systems [4], and semantic web searches [5]. However, most extant KGs
suffer from incompleteness and inaccuracy because they are usually built automatically
from a variety of data sources. Incompleteness and inaccuracy are manifested as a sig-
nificant dearth of crucial relations between the entities, which significantly constrains
the applicability and utility of the KGs. Knowledge graph reasoning (KGR) involves
inferring new knowledge or relations within a KG by applying various computational
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methods and techniques. The aim in KGR is to enhance the completeness, accuracy, and
comprehensibility of KGs by revealing hidden information and predicting missing links.

Traditional KGR methods, particularly embedding-based and rule-based methods,
have limitations in dealing with noisy or incomplete data and capturing the potential
complexity of real-world knowledge. Multi-hop KGR [6–8] is an important KGR technique
used to discover complex and multi-level relations between entities in a KG to infer
hidden information. Numerous reinforcement learning (RL)-based methods for multi-
hop reasoning have emerged recently. Reinforcement methods were first employed to
learn reasoning paths in KGs in DeepPath [9], where path finding is treated as a Markov
decision process (MDP) and a sophisticated reward function is employed in which accuracy,
efficiency, and path diversity are considered simultaneously. This approach provides
enhanced control over the path finding process. DeepPath was followed by series of other
techniques such as MINERVA [10], AttenPath [11], Reasoning Like Human (RLH) [12],
DAPath [13], etc. These techniques offer high efficacy and the valuable characteristic of
providing interpretable reasoning paths for KGR. For example, as shown in Figure 1, given
a query (Albert Einstein, Nationality, ?), these methods can provide a chain of evidence to

draw the conclusion (Albert Einstein, Nationality, Germany), e.g., Albert Einstein Born in−−−−→
Ulm Located in−−−−−−→ Baden-Württemberg Located in−−−−−−→ Germany.

Figure 1. An example of a KG. Solid edges are observed and the dashed edge is a query.

However, the existing RL-based multi-hop reasoning methods have certain drawbacks.
First, multi-hop reasoning suffers from the problem of sparse rewards, in which no feedback
is provided for all the actions during the decision making process except for the final
action. Although the problem of sparse rewards can be mitigated by using soft rewards,
the majority of RL-based reasoning algorithms still face the problem of spurious paths,
which significantly undermines the explainability of RL-based models. Second, the state
representation of the agent plays a pivotal role in its ability to make informed decisions
and learn effective policies. The state space should contain all the useful variables and
information available to the agent in the environment. Third, the efficiency of RL algorithms
is a major concern, as most RL algorithms require 10–20 h or more to complete training [14].

In this paper, we present an innovative framework that combines rule-enhanced
RL and embeddings for multi-hop reasoning (path based multi-hop reasoning, PMHR).
We address how reinforcement learning can effectively combine with embeddings and
rules to perform accurate, interpretable multi-hop reasoning. We further explore how this
approach leverages both learned representations and logical rules to enhance reasoning
efficiency and scalability across complex knowledge graphs. Specifically, PMHR employs
the REINFORCE algorithm. To address the issue of sparse rewards and spurious paths,
PMHR combines soft rewards and rule-based rewards, which alleviates the problem of
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sparse rewards and prompts the agent to discover more reasonable paths. The expressive
state space provides the agent with a comprehensive perspective of its environment. To
enrich the state representation and provide more guided states for the agent, the state
representation is redefined to include not only the immediate inputs but also relevant
historical information, graph structure information and query-related guiding information.
In addition, PMHR leverages the embedding of entities and relations learned through KG
representation learning to initialize the environment and prune the action space, thereby
improving the efficiency of RL and reducing the run time.

The key contributions of our work are as follows:

• We propose the PMHR model for KGs in which soft rewards and rule-based rewards
are combined in a novel reward function. The use of soft rewards mitigates the
sparse rewards problem, whereas rule-based rewards reshaping further addresses the
problem of spurious paths.

• We redefine the state representation to provide an informative state, which equips
the agent with the necessary tools to make effective decisions. The rich states al-
low the agent to recognize complex patterns, dependencies, and correlations within
the environment. This facilitates more accurate predictions of the consequences of
various actions.

• We perform action filtering for large action spaces by removing irrelevant actions. The
efficiency of RL is enhanced by leveraging the embeddings of entities and relations
learned from the KG representation for environment initialization.

2. Related Works

In this section, we present relevant works pertaining to the study. In addition, we pro-
vide a brief comparison of PMHR with previous models to highlight both their differences
and connections.

2.1. Embedding-Based Knowledge Graph Reasoning

Embedding-based KGR aims to represent entities and relations in a KG as embeddings
in a low-dimensional continuous vector space to perform various reasoning tasks, such
as triple classification, relation prediction, and entity prediction. The early models such
as TransE [15] and TransD [16] primarily focused on distance-based methods. In bilinear
models such as RESCAL [17], DisMult [18], ComplEx [19], it is assumed that there are latent
semantics between entities and relations and that triples can be measured by matching the
latent semantic spatial similarity between entities and relations. In neural network-based
approaches, such as the neural tensor network (NTN) [20], ConvE [21], and ConvKB [22],
entities and relations are fed into convolutional neural networks to compute a semantic
matching scores. The use of large language models for KGR has also been explored recently.
The large language models, which utilize extensive textual information, function as en-
coders of entities and relations for triplet score calculations (e.g., PKGC [23], SimKGC [24]),
generators for the direct generation of tail entities (e.g., GenKGC [25], AutoKG [26]), or
rankers for reordering entities returned by traditional embedding-based models (e.g.,
KICGPT [27]). Despite the powerful representational ability of embedding-based models,
their performance is limited by the complexity of multi-hop reasoning because of their diffi-
culty in capturing long-distance or highly complex paths. In addition, it can be challenging
for these models to explain their reasoning process, which can be problematic in situations
where transparency and interpretability are essential.
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2.2. Graph-Based Knowledge Graph Reasoning

Graph neural networks [28] have been widely used in recent years. They aggregate
and propagate information by performing convolution on graph structures and perform
well in many downstream tasks, such as node classification, graph classification, and link
prediction. Graph-based KGR models typically follow the encoder–decoder structure.
RGCN [29] is a graph convolutional network (GCN) model for multi-relational graphs. It
acts as a graph encoder in which relationship-specific weight matrices are used to model
different relationships and convolution operations are used to learn the embeddings of
entities. SACN [30] consists of a WGCN encoder [31] and a Conv-TransE decoder. The
weight is defined as the strength between two adjacent nodes with the same relation
type, and the information in the KG is captured using the node structure, node attributes,
and relation types. In order to maintain translation features, ConvE is employed in the
Conv-TransE decoder as the semantic matching metric and the reshape step in ConvE
2D convolution is skipped. Differing from the above works, CompGCN [32] is a novel
framework for GCNs that simultaneously learns the embeddings of nodes and relations in
multi-relational graphs while maintaining effective scalability with the number of relations.
Graph-based methods consider the structural information of the graph and, through
techniques like graph convolution or graph neural networks, leverage global information
to improve reasoning performance. While they capture global structural information well,
they often lack interpretability and may miss the specific path information crucial for
transparent reasoning.

2.3. Path-Based Knowledge Graph Reasoning

The ability of the path-finding process between entities to be naturally modeled as a
sequential decision problem has resulted in the emergence of RL-based multi-hop reasoning
methods. DeepPath [9] is the first model in which RL is applied for relational reasoning
by using the REINFORCE algorithm to find paths between entities. In MINERVA [10],
the query answer is formulated as an RL problem for determining the path that provides
an answer based on the input query. Strategies for navigating from the query entity to
the answer node are learned by selecting relationships. MINERVA provides interpretable
reasoning paths for its predictions. In MultiHopKG [33], pretrained representation learning
models such as ConvE are utilized to provide soft rewards for unobserved triples, thereby
mitigating the impact of sparse rewards. In AttnPath [11], LSTM and graph-attention
mechanism are used as memory components. Unlike the aforementioned methods in
which the rewards are manually designed, the reward functions for different datasets
in DIVINE [34] are automatically tuned for optimal performance. In GaussianPath [35],
a Gaussian distribution is employed to represent entities and relations and to capture
reasoning path uncertainty. In the PAAR model [36], multi-hop reasoning is enhanced
by leveraging hyperbolic embeddings to capture hierarchical information and using soft
rewards to address reward sparsity. A novel reward function was introduced in Path
Spuriousness (PS) [14] to estimate the extent of path spuriousness and balance answer
accuracy with path reasonableness.

2.4. Differences

Our approach differs significantly from those in previous studies in several key as-
pects. First, the existing RL-based multi-hop reasoning methods are hindered by the
problem of sparse rewards, in which feedback provided only for the final action in the
decision making process. Although this issue is partially alleviated by soft rewards, many
RL algorithms continue to face the challenge of spurious paths, which undermines the
explainability of RL-based models. Our approach combines soft rewards and rule-based

44



Electronics 2024, 13, 4847

rewards to address both the sparse rewards and spurious paths problems effectively by
prompting the agent to discover more reasonable paths. Second, in contrast to the often
limited state representation in current algorithms, the importance of comprehensive state
representation is emphasized in our approach. We redefine the state representation to
include not only the immediate inputs but also the path history, graph structure, and
query-related guidance information. This enriched state space equips the agent with a more
detailed understanding of its environment to enable better decision making. Third, the
efficiency of RL algorithms is a significant concern because most RL algorithms require ex-
tensive training. Our framework leverages the embeddings of entities and relations learned
through KG representation learning to initialize the environment and prune the action
space, thereby significantly improving the efficiency and reducing the run time. In sum-
mary, our innovative framework addresses key limitations of existing RL-based methods
by effectively handling sparse rewards and spurious paths, enhancing state representation,
and improving algorithm efficiency.

3. Preliminaries

We begin this section by presenting the definitions of the key concepts. We subse-
quently detail the fundamentals of our model by introducing the RL formula.

3.1. Path Based Multi-Hop Reasoning

Knowledge graph: A KG is represented as a directed graph G = (E, R), where E
denotes the set of entities and R represents the set of relations. A fact within the knowledge
graph G is defined by a triple (es, r, eo), where es and eo are entities belonging to E, and r
is a relation in R. The edges within the KG are bidirectional. This enables the graph to be
further enriched through the addition of reverse edges.

Path-based Multi-Hop Reasoning: Given query q =
(
es, rq, ?

)
and a KG, the tail entity

is predicted in path-based multi-hop reasoning by performing effective path searches
and discovering one or multiple l-hop paths on the KG (e.g., es

r1−→ e1
r2−→ · · · rl−→ eT)

that lead to a potential set of target entities. We let P be a set of paths, where each path
p comprises a start entity es and passes through a series of relations to reach the target
entity eTp . The set of target entities can be represented as Etarget =

{
eTp | p ∈ P

}
, where(

es, rq, eTp

)
/∈ G. The potential reasoning paths serve to elucidate the reasoning process

and enhance its interpretability.
For example, we consider the query (Albert Einstein, nationality, ?) shown in Figure 1.

One possible three-hop reasoning path is Albert Einstein Born in−−−−→ Ulm Located in−−−−−→ Baden-

Württemberg Located in−−−−−→ Germany.

3.2. RL Formula

The reasoning process can be modeled as an MDP with an agent and a KG environment.
The agent selects actions according to the policy network, whereas the KG environment
provides the states and rewards. The primary components in MDP are as follows:

States: A state concatenates the current situation with the original query. The state
in Step t is represented as a tuple st =

(
et, rq, ht, dq

)
, where et denotes the current entity,

rq denotes the query relation, ht denotes the decision history information, and dq is the
query-related guiding information. The state is thoroughly explained in Section 4.3.

Actions: The possible actions at Step t comprise the outgoing edges at the current
entity et and their associated entities. The action space denotes At = {(rt+1, et+1) |
(et, rt+1, et+1) ∈ G}. The valid actions therefore represent the neighborhoods of the current
entity et. In line with previous studies, we augment the action space by introducing the
self-loop relations rsl . Specifically, at Step t, we add the action (rsl , et) to the action space At.
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Transitions: The agent performs action at = (rt+1, et+1), which converts the current state
st into st+1. Formally, this transition is denoted as st+1 = δ(st, At) =

(
et+1, rq, ht+1, dq

)
. Note

that rq and dq represent global information that remains unchanged during the transition.
Rewards: In a KG environment, rewards provide feedback to the agent based on

its actions. Typically, the default binary reward is a terminal reward [33], defined as
RT(eT) = I

((
es, rq, eT

) ∈ G
)
, where I(·) is an indicator function. If the agent succeeds in

locating the target entity eT at the final step T, i.e., the triple
(
es, rq, eT

)
exists in the KG,

the indicator function returns one; otherwise, it returns zero. However, relying solely on
terminal rewards often leads to sparse reward scenarios. Even if the path reaches a correct
entity, it can be purely coincidental and lack logical relevance to the query. To address this
problem, we propose a novel reward function, which is described in detail in Section 4.3.

4. Methodology

In this section, the framework of the PMHR model is described. Following this, we
detail the KG representation learning approach for pre-training the entities and relations in
the KG and obtaining their representations. The query policy network, which incorporates
state representation and action space pruning, is subsequently introduced. Finally, a mixed
rules and embedded reward function is proposed.

4.1. Overview

Figure 2 shows an overview of PMHR. PMHR consists of five parts: KGE pre-training,
state representation, policy network, action space pruning, and rule-based reward reshap-
ing. Specifically, a KG embedding technique such as ConvE is first utilized for pre-training
to obtain representations of the entities and relations in the KG, which are then used to
initialize the environment for RL. The state representation is subsequently enriched to
better guide the agent in learning and the action space is pruned using the obtained repre-
sentation to obtain the available candidate actions. Finally, a reward function that combines
binary rewards, soft rewards, and rule-based rewards is used to guide the agent in finding
a correct and reasonable path.

Figure 2. An overview of PMHR model.
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At each step, the agent evaluates the current state along with the available candidate
actions to determine the move to the next state. This process continues iteratively until
the agent reaches the target entity or the maximum exploration length is reached. The
exploration trajectory of the agent forms a reasoning path, which is used not only to
infer new knowledge but also to provide an explanatory foundation for the reasoning
results. The reasoning path aids in elucidating and validating the reasoning results, thereby
enhancing their credibility and practical utility.

4.2. KGE Pre-Training

Despite their lack of interpretability, knowledge graph embedding (KGE) models often
outperform multi-hop reasoning models across many KGs. KGE models are more resilient
due to their independence from KG connectivity [37].

Motivated by this observation, we utilize ConvE [21], a classical KGE method, to
perform representation learning of the entities and relations in the KG. The first step in the
method involves reshaping and concatenating the entity and relation embeddings. The
combined matrix is then fed into a convolutional layer and the resulting feature map tensor
vectorized and projected into a k-dimensional space. This projected representation is finally
compared with all the candidate object embeddings to obtain the scores of the triples. The
score of a triple (es, r, eo) is formally calculated as

ψr(es, eo) = f (vec( f ([es; r] ∗ ω))W1)eo, (1)

where es and eo ∈ R
d are the embeddings of entities es and eo, respectively. r ∈ R

d is the
embedding of the relation r. es and r denote a 2D reshaping of es and r, and es, r ∈ R

dw×dh ,
where d = dwdh. W1 is a learnable weight matrix. ∗ represents the convolution operation.
Here, the concatenated [es; r] is used as an input to a 2D convolutional layer with filters
ω. vec(·) is a vectorization operation that transforms the feature map tensor produced
by the convolutional layer into a 1D vector. f denotes the rectified linear unit (ReLU)
activation function.

The embeddings of the entities and relations in G are obtained by training with binary
cross-entropy loss. These embeddings from the KGE stage are subsequently used as the
initial embeddings in the RL stage.

4.3. State Representation

The state representation quality has a significant impact on the RL performance
of the agent. A well-defined state representation can capture essential features of the
environment, thereby enabling the agent to make more informed and effective decisions. In
this section, we explain the various types of information for refining the state representation,
comprising the graph structure information, path history information, and query-related
guiding information. By improving the state representation, we aim to enhance the agent’s
ability to understand and navigate complex environments, which ultimately leads to better
learning outcomes and more robust policies.

Graph structure information: We explicitly encode the local structure information of
the graph to enrich the state representation. Inspired by CompGCN [32], we use GCNs to
aggregate the neighbor information of the entities. To be specific, let us denote the current
entity as et, where N (et) represents the set of neighbors of et along its outgoing edges. The
representation of et after k layers, denoted as ek+1

t , is defined as follows:

e
(k+1)
t = f

⎛⎝ ∑
(rt+1,et+1)∈N (et)

W2 φ
(

rk
t+1, ek

t+1

)⎞⎠, (2)
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where W2 ∈ R
do×d is a learnable weight matrix, φ is a non-parametric composition function,

such as concatenation φ(r, e) = [r; e], addition φ(r, e) = r + e, or multiplication φ(r, e) =

r ∗ e. The representation of a relation rt after k layers, denoted as rk+1
t , is defined as follows:

rk+1
t = Wk

relr
k
t , (3)

where Wrel ∈ R
d×d is a learnable transformation matrix that maps relations into the

entity embedding space so that they can be used in the subsequent GCN layer. We use
the entity and relation representations after the kth layer as the final entity and relation
representations, which we denote as e′ and r′, respectively.

Path history information: We employ a long short-term memory (LSTM) network
to encode the path history information ht at Step t so that the agent can memorize the
path history [14,33]. The LSTM receives the previous history ht−1 and the last action
at = (rt+1, et+1) as input in the following way:

ht = LSTM(ht−1, at). (4)

where at = [r′t+1; e′t+1].
Query-related guiding information: Given that KGE models outperform multi-hop

reasoning models across many KGs, we integrate guiding information from embedding-
based models into the state representation to facilitate model learning. Specifically, for the
query

(
es, rq, ?

)
, we utilize the KGE model in Section 4.2 and derive a probability vector

denoted as q ∈ R
|E|. Each dimension i of q denotes the probability that ei corresponds to

the correct tail entity. We then sample an entity ei according to the probability distribution
q and denote its vector as dq = e′i.

State representation refinement: After learning the representations of the graph struc-
ture information, path history information, and query-related guiding information in the
previous stage, the refined state representation is obtained as

st = [e′t; r′q; ht; dq] (5)

where [; ] denotes the concatenation operation.

4.4. Policy Network

The parameterized policy network receives the state information and outputs the
probability distribution π of the action space.

Action space pruning: The pre-trained KGE model is used to predict the probability of
the actions at = (rt+1, et+1) for the current entity et via the triple scores ψrt+1(et, et+1). To
simplify the presentation, we let At = {a1, a2, . . . , am} be the action space at time t, which
contains m actions. These actions are sorted based on the values of the scoring function ψ.
The sorting can be represented by a permutation ρ such that f

(
aρ(1)

)
≥ f
(

aρ(2)

)
≥ · · · ≥

f
(

aρ(m)

)
. The top ε actions after sorting are retained as the available candidate actions,

which can be represented as the set Ãt.

Ãt =
{

aρ(1), aρ(2), . . . , aρ(ε)

}
. (6)

Policy network: Based on the modified state enriched with query-related guiding
information, the policy network πθ outputs the probability distribution π(at | st) over all
the possible actions in Ãt. This process can be expressed as

πθ(at | st) = σ
(

Ãt(W3 ReLU(W4st))
)

, (7)
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where σ denotes the softmax operator, W3 and W4 are two learnable weight matrices, and
Ãt ∈ R

ε×2d serves as a representation of the action space Ãt, formed by concatenating the
embeddings of all the actions within it.

4.5. Rule-Based Reward Reshaping

To mitigate the incompleteness of KGs, the reward shaping function Rs was introduced
in MultiHopKG [33]. Unlike RT , which provides only a score of 0 when the answer entity
is not present in the KG, Rs provides a score between 0 and 1 as a soft reward in such
cases. The score is computed using the pre-trained embedding-based model described in
Section 4.2. RS(eT) is defined as

RS(eT) = RT(eT) + (1 − RT(eT)) · ψrq(es, eo). (8)

If the answer entity eT corresponds to a triple
(
es, rq, eT

)
in the KG, and the agent

receives a reward, RS(eT) = RT(eT) = 1. If
(
es, rq, eT

)
is not present in the KG, the agent

receives a reward RS(eT) = ψrq(es, eo) computed by the pre-trained embedding-based
model. This approach enables the agent to receive informative feedback even when the
ground truth is not directly available in the KG.

Although this reward design extends beyond traditional binary rewards and incorporates
soft rewards, it does not completely address the issue of spurious paths. Spurious paths can
still occur when the agent stumbles upon the correct answer by chance. These paths lack
interpretability and fail to provide meaningful insights into the underlying reasoning process.

To mitigate the spurious paths problem and enhance interpretability, additional mech-
anisms may need to be incorporated into the model. We utilize the KG association rule
mining algorithm AnyBURL [38], which is a algorithm for knowledge graph completion
within the symbolic space by sampling paths and generalizing them into Horn rules.

The rules mined by AnyBURL are typically Horn clauses in the form of implications.
A rule in AnyBURL has the general form of

Body ⇒ Head, (9)

where Head is the consequent of the rule, which is typically a single triple pattern, and
Body is the antecedent of the rule, which is typically a conjunction of triple patterns. Each
rule denoted as H mined by AnyBURL comes with an associated confidence con f (H). The
confidence represents the fraction of instances where both the body and head of the rule
hold true. We consider a rule that states ‘If John is born in Paris, and Paris is located in
France, then John’s nationality is France’.

H1 : (X, Born in , Y) ∧ (Y, Located in , Z) ⇒ (X, Nationality, Z). (10)

Here, X, Y, and Z are variables. The resulting path is converted into the form of a Horn

rule. For example, the corresponding Horn rule for the path Albert Einstein Born in−−−−→ Ulm
Located in−−−−−→ Baden-Wurttemberg Located in−−−−−→ Germany is

H2 : (X, Born in , F) ∧ (F, Located in , Y) ∧ (Y, Located in , Z) ⇒ (X, Nationality, Z). (11)

If the target entity is reached in a path p, we extract the Horn rule for the path, denoted
as Hp, and use the confidence of the rule as the rule reward RR(Hp) = con f (Hp). In this
paper, we use the confidence provided by AnyBURL as the rule reward. The final reward
is formally given by

R(eT) = RT(eT) ·
(
1 + RR

(
Hp
))

+ (1 − RT(eT)) · ψrq(es, eo). (12)
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If the answer entity eT corresponds to a triple
(
es, rq, eT

)
in the KG, i.e., RT(eT) = 1,

the agent receives a reward, R(eT) = 1+ RR
(

Hp
)
. If
(
es, rq, eT

)
is not present in the KG, i.e.,

RT(eT) = 0, the agent receives a reward R(eT) = ψrq(es, eo) computed by the pre-trained
embedding-based model.

The rule reward scheme can help ensure that the paths generated by the model are
logically relevant to the query triple. The interpretability of the model is therefore enhanced
by considering the logical relevance of the reasoning paths to the queries during its decision
making process.

4.6. Optimization

The policy network is trained to obtain the optimal parameters by maximizing the
expected cumulative reward. The objective function can be expressed as

J(θ) = E(es ,rq ,eT)∈GE(a1,a2,··· ,aT)∼πθ
R(eT), (13)

where J(θ) represents the expected cumulative reward for all the training data following
policy πθ . REINFORCE is utilized to address the optimization problem by iteratively
updating θ as follows:

∇θ J(θ) ≈
T

∑
t=1

R(eT)∇θ log πθ(at | st), (14)

θ = θ + η∇θ J(θ), (15)

where η is the learning rate. A detailed pseudocode of PMHR is provided in Algorithm 1.
Assuming N is the number of episodes, the training set contains M triples, and T represents
the maximum number of steps, the time complexity of PMHR simplifies to O(N · M · T).

Algorithm 1: Training Algorithm of the proposed PMHR
Input: KG G, pre-trained embedding model, AnyBURL rules confidence scores,

Training Set
Output: parameters of PMHR θ

1 initialize LSTM, Policy network; for episode ← 1 to N do

2 for each triple
(
es, rq, eT

)
in Training Set do

3 initialize num steps to 0; while num steps < max steps do

4 compute the representation of current state with Equation (2),
Equation (3), Equation (4) and Equation (5); compute the action space
with Equation (6); compute πθ(at | st) with Equation (7) and sample;
Update the state and increment num steps; if success or num steps =
max steps then

5 break;
6 end

7 end

8 compute the reward with Equation (12); update the parameters with
Equation (13), Equation (14) and Equation (15);

9 end

10 end

5. Experiment

We assess the performance of PMHR for knowledge reasoning tasks using four KG
datasets. We first outline the experimental datasets, baseline models, evaluation metrics,
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and implementation specifics in the experimental setup. We then conduct a comparative
analysis between our model and the baseline models. This is followed by an ablation study
aimed at elucidating the effectiveness of the PMHR components. Finally, we present a case
study to demonstrate the resulting interpretable reasoning paths.

5.1. Datasets

We utilized four open-access datasets commonly used in KG reasoning comprising
UMLS [39], Kinship [33], WN18RR [21], and NELL-995 [9]. UMLS [39] is a comprehensive
knowledge base that incorporates general knowledge about various health and biomedical
vocabularies. Kinship [33] contains entities and relations representing kinship relationships
between family members. WN18RR [21] is a relational dataset derived from WordNet.
NELL-995 [9] was obtained from NELL (Never-Ending Language Learning), which is
a knowledge base extracted from Web texts for machine learning and natural language
processing research. The four datasets contain various types of structural information. The
statistics of the datasets are presented in Table 1.

Table 1. Dataset statistics.

Dataset
#Fact

#Ent #Rel
#Degree

#Train #Valid #Test Avg. Median

UMLS 5216 652 661 135 48 38.6 28
Kinship 8544 1068 1074 104 25 82.2 82

WN18RR 86,835 3034 3134 40,943 11 2.2 2
NELL-995 8747 543 3992 10,105 12 1.6 1

5.2. Baseline Models and Evaluation

We conducted a comprehensive comparison of PMHR with several baseline models
comprising embedding-based models, rule-based models, and path-based models.

• The embedding-based models comprise DistMult [18], ComplEx [19], and ConvE [21].
• The rule-based models comprise the following: Neural Logical Programming (Neu-

ralLP) [40] is an end-to-end knowledge base reasoning framework inspired by Tensor-
Log for learning probabilistic first-order logical rules. A neural controller is used in
NeuralLP to compose differentiable reasoning operations. AnyBURL [38] is a model
for efficiently mining logical rules on KGs.

• The path-based models comprise the following: MINERVA [10] is an automated
reasoning model for multi-hop reasoning designed to teach an agent to navigate to
the answer entity based on the query. MultiHopKG [33] incorporates embedding-
based models as the reward shaping function. MetaKGR [41] uses meta-learning to
derive meta parameters from high-frequency relations so that few-shot relations can
be quickly adapted to and performance drops for rare relations mitigated. RARL [42]
integrates symbolic rules and uses partially random beam search to mitigate sparse
reward issues and reduce bias from spurious paths. PAAR [36] is a hyperbolic KGE
model with an expanded action space in which KGE scores are utilized as soft rewards,
and hyperbolic space metrics are employed as a penalty strategy to address reward
sparsity. In Path Spuriousness (PS) [14], Path Spuriousness is introduced to calculate
path quality in a model that balances reasoning accuracy and path reasonableness.

The baseline performance metrics shown in Table 2 were obtained directly from the
respective studies. We assessed performance using the Hits@k and mean reciprocal rank
(MRR) standard metrics. Hits@k represents the proportion of correct tail entities ranked
in the top k positions, reflecting the model’s ability to prioritize correct answers. MRR

51



Electronics 2024, 13, 4847

provides the average reciprocal rank of correct answers, indicating how highly the model
ranks them overall.

Table 2. Performance comparison of PMHR with baseline models.

UMLS Kinship WN18RR NELL-995

Hit@1 Hit@10 MRR Hit@1 Hit@10 MRR Hit@1 Hit@10 MRR Hit@1 Hit@10 MRR

DisMult 0.829 0.971 0.877 0.454 0.903 0.593 0.406 0.495 0.434 0.642 0.862 0.730
ComplEx 0.911 0.991 0.943 0.798 0.985 0.873 0.416 0.476 0.436 0.646 0.856 0.729

ConvE 0.926 0.997 0.954 0.815 0.984 0.882 0.398 0.539 0.446 0.673 0.879 0.755

NeuralLP 0.629 0.952 0.766 0.481 0.901 0.620 0.362 0.551 0.423 0.059 0.682 0.349
AnyBURL 0.905 0.986 0.944 0.524 0.922 0.662 0.448 0.558 0.484 0.360 0.545 0.427

MINERVA 0.702 0.924 0.803 0.432 0.920 0.600 0.431 0.528 0.462 0.638 0.825 0.706
MultiHopKG 0.903 0.992 0.940 0.789 0.982 0.866 0.408 0.511 0.442 0.647 0.840 0.720

MetaKGR 0.909 0.994 0.945 0.790 0.986 0.871 0.364 0.502 0.418 0.588 0.834 0.686
RARL 0.762 0.956 0.842 0.613 0.944 0.733 0.442 0.533 0.469 0.628 0.822 0.704
PAAR 0.895 0.995 0.940 0.727 0.963 0.814 0.406 0.538 0.449 0.652 0.839 0.722

Path Spuriousness 0.868 0.992 0.913 0.798 0.982 0.872 0.415 0.513 0.449 0.635 0.840 0.704

PMHR 0.911 0.994 0.947 0.807 0.987 0.878 0.426 0.525 0.457 0.684 0.849 0.747

Note: The best scores for path-based models are in bold, while those for embedding-based models are underscored.

5.3. Implementation Details

All the experiments were performed using Python 3.7, PyTorch 1.8.1, and the CUDA
11.1. We employed a grid search strategy to identify optimal hyperparameter values. We
set the embedding sizes of entities and relations for the four datasets to 200 and utilized a
1-layer GCN as the graph structure encoder and a 3-layer LSTM as the path history encoder.
The batch size was set to 512 for the WN18RR dataset, 128 for the Kinship and NELL-995
datasets, and 64 for the UMLS dataset. The embedding dropout rate was set to 0.1 for
UMLS, WN18RR, and NELL-995, and to 0.3 for Kinship. The action dropout rate was set to
0.95 for UMLS, 0.9 for Kinship, 0.1 for WN18RR, and NELL-995. In the KGE-pretrained
ConvE model, convolutions were performed with a kernel size of 3, and the number
of output channels in the convolution layer was set to 32. Adam optimization [43] was
employed for parameter refinement. The learning rate was set to 0.001 for UMLS, Kinship,
WN18RR, and 0.003 for NELL-995.

To determine the optimal number of hops for multi-hop reasoning, we conducted a
statistical analysis of the dataset. Specifically, we utilized the triples in the training dataset
to construct a graph and then analyzed the triples in the validation and test datasets. We
employed the Breadth-First Search (BFS) algorithm to identify the shortest paths between
the head and tail entities and recorded the distribution of the path lengths. Figure 3
shows the distribution of the shortest path lengths in the four datasets. The symbol ∞
indicates that there is no path between the head and tail entities, which means that they
are unreachable from one another. As shown in Figure 3, the entities in the UMLS and
Kinship datasets can be obtained within two hops, while most of entities in the WN18RR
and NELL-995 datasets can be found within three hops. However, some entities in the
WN18RR and NELL-995 datasets are unreachable. Therefore, the maximum reasoning hop
was set to two for the UMLS and Kinship datasets and three for WN18RR and NELL-995.
The values for PMHR in Table 2 were obtained as the averages of the results for three runs.
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Figure 3. The distribution of the shortest path lengths.

5.4. Results and Analysis

Table 2 shows a comparison between the link prediction results of PMHR and the base-
line models on UMLS, Kinship, WN18RR, and NELL-995. The top part shows embedding-
based models, the second part shows rule-based models, the third part shows path-based
multi-hop reasoning models, and the bottom part shows our proposed method PMHR.
The results for these baseline models were obtained by re-running their publicly available
open-source code with the original configurations. All experiments were conducted on the
same testbed under identical conditions, and we report the mean performance across three
independent runs to ensure reliability. For RARL [42] and PAAR [36], as their open-source
code was unavailable, we directly cited the results reported in Path Spuriousness [14]. The
best scores of the path-based multi-hop reasoning models are highlighted in bold, whereas
those of the embedding-based models are underscored.

The performance evaluation metrics in Table 2 indicate that the KGE models outper-
formed the rule-based models, which exhibited the lowest performance. However, this
study emphasizes path-based reasoning, which offers an advantage beyond accuracy: it
enables interpretable reasoning paths—a crucial feature often lacking in embedding-based
models, especially in applications where understanding the reasoning process is as impor-
tant as the prediction itself. As shown in Table 2, our model consistently outperformed
all the path-based baseline models on three datasets UMLS, Kinship, and NELL-995, and
was second only to the state-of-the-art (SOTA) model on WN18RR. These results show
that the effectiveness of our model is significantly enhanced by RL through the integration
of query-related guiding information into the representation vectors. Although adding a
soft reward function helps alleviate the sparse rewards problem in RL-based multi-hop
reasoning, it cannot easily resolve the issue of spurious paths. The problem of spurious
paths is alleviated in PMHR through rule-based reward reshaping by further modifying
the rewards for the paths that correctly reach the target entity.

5.5. Efficiency Analysis

The training time efficiency of our proposed method PMHR was compared against
four baseline models (MINERVA [10], MultiHopKG [33], MetaKGR [41], and Path Spurious-
ness [14]) across four datasets (UMLS, Kinship, WN18RR, and NELL-995). Training time refers
to the time required for training the RL agent, excluding the pretraining time for knowledge
graph embeddings, which is shared by MultiHopKG [33], MetaKGR [41], Path Spurious-
ness [14], and PMHR. MINERVA [10] does not include the pretraining process for knowledge
graph embedding, which results in a shorter overall running time. Since our analysis focuses
on the training efficiency of the RL agent, the pretraining time is excluded for all models. In
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Figure 4, the horizontal axis represents the datasets while the vertical axis shows the training
time in minutes. Due to the significant differences in training time across datasets, we use a
logarithmic scale of base 10 for the vertical axis to better visualize the results.

Figure 4. The efficiency comparison between PMHR and path-based models.

The results, as illustrated in Figure 4, highlight the balance our method achieves
between training efficiency and effectiveness, as it consistently demonstrates competitive
or superior performance in reducing RL agent training time while maintaining better
overall results compared to MINERVA [10]. On UMLS, PMHR achieved the second shortest
training time, only marginally slower than MINERVA, while delivering superior model
performance. On Kinship, PMHR again ranked second in training efficiency, with a slight
gap from MINERVA but significantly outperforming MultiHopKG [33], MetaKGR [41],
and Path Spuriousness [14], with the latter two showing notably longer training times. On
WN18RR, PMHR achieved the shortest training time, narrowly edging out MINERVA [10],
while significantly outperforming the other baselines. The RL agent training time of
MetaKGR [41] exceeded the vertical axis limit, underscoring its inefficiency in handling
larger or more complex datasets. On NELL-995, PMHR demonstrated a more pronounced
advantage, achieving the shortest RL agent training time among all models.

In summary, these results highlight the superiority of PMHR, which not only maintains
RL agent training efficiency but also delivers better effectiveness compared to baseline models.

5.6. Ablation Study

We performed ablation experiments on the four datasets to study the influence of each
model part on the results using the following variants of PMHR:

• PMHR(pure RL): A pure RL method is used for KG reasoning without incorporating
any enhancements in this variant.

• PMHR(w KGR): The ConvE KG representation learning method is used for soft rewards
in this variant, which corresponds to MultiHopKG.

• PMHR(wo G): The graph structure information learning component is omitted in this
variant.

• PMHR(wo QG): The query-related guiding information learning component is omitted
in this variant.

• PMHR(wo R): The rule-based reward component is omitted in this variant.

The results shown in Figure 5 show that removing any component of the model reduced
its effectiveness in most cases. This demonstrates that all parts contribute to the overall per-
formance. Specifically, PMHR(pure RL) is a pure RL method without enhancement. It utilizes
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the randomly initialized vectors instead of vectors learned by KG representation learning.
Consequently, PMHR(pure RL) achieved the worst performance on the UMLS, Kinship, and
NELL-995 datasets. An interesting finding is that on the WN18RR dataset, PMHR(pure RL)
achieved the best performance, which exceeds those of the various variant models, PMHR,
and even the SOTA ConvE [21] and DisMult [18] models. Under the PMHR(pure RL) method,
Hit@1 is 0.435, 0.542 for Hit@10, and 0.472 for MRR, which are better than those of the SOTA
models. This is because the reward function is a crucial factor that affects the effectiveness
of RL. It directly influences the behavior and decision making process of the agent during
the learning process. As shown in Table 2, while the KG representation learning models per-
formed well on other datasets with MRR values above 0.75, their performance on the WN18RR
dataset was comparatively poor, with MRR values below 0.5. Thus, representation learning
helped mitigate reward sparsity and provided positive guidance on the UMLS, Kinship, and
NELL-995 datasets, whereas it interfered with the RL process on the WN18RR dataset. This
interference occurred because a high positive reward (close to 1) was assigned to some paths
that did not reach the target entity. Consequently, directly using the obtained representations
did not have a positive impact on the RL environment and rewards. PMHR(w KGR) uses
ConvE for KGR and soft rewards. The use of soft rewards helped alleviate the sparse rewards
problem in RL and resulted in noticeable improvements on most datasets. A comparison be-
tween PMHR and PMHR(wo G) shows that the graph structure information helped enrich the
state representations. Graph structures offer natural representations of the complex relations
between entities. The explicit modeling of these structures allowed the complex interactions
within the environment to be captured, thereby enhancing the state representation. A com-
parison between PMHR and PMHR(wo QG) shows that query-related guiding information
allowed the agent to make correct choices and improved model performance. A comparison
between PMHR and PMHR(wo R) shows that adding rule-based rewards improved the model.
The agent was further constrained by the rules to find more reasonable paths that lead to
the target entity and conform to the rules when it encountered spurious paths that led to the
target entity but were unrelated to the query.

5.7. Case Study

In Table 3, we present one triple, two KG reasoning paths generated by PMHR, and
three mined rules for the relation ’organizationhiredperson’ on the NELL-995 dataset. The
inverse of a directional relation r is represented by r−1.

(a) UMLS (b) Kinship

(c) WN18RR (d) NELL-995

Figure 5. Ablation study on key parts of PMHR.
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Table 3. Case study of PMHR on NELL-995.

Query Triple : (canadian jewish congress, organizationhiredperson, ?)
Answer: sylvain_abitbol

Path

p1: canadian jewish congress-organizationhiredperson->E1-personleadsorganization->E2-organizationhiredperson->sylvain_abitbol
p2: canadian jewish congress-organizationhiredperson->E3-personbelongstoorganization->E4-worksfor−1->sylvain_abitbol

Rules Confidence

H1: organizationhiredperson (X, A), personbelongstoorganization (A, B), worksfor−1 (B, Y) =>organizationhiredperson (X, Y)} 0.73
H2: organizationhiredperson (X, A), coachesteam (A, B), worksfor−1 (B, Y) =>organizationhiredperson (X, Y)} 0.38
H3: organizationhiredperson (X, A), personleadsorganization (A, B), organizationhiredperson (B, Y)=>organizationhiredperson (X, Y)} 0.23

The triple denotes the query triple. The middle section of the table shows the relevant
reasoning paths found by the PMHR for the query (canadian jewish congress, organiza-
tionhiredperson, ?). The placeholders like ‘Ei’ are used in replace of the entities to make
the presentation simpler, and only the relations are shown. The bottom of the table shows
the rules associated with the relation ’organizationhiredperson’ and their corresponding
confidence values discovered through rule mining with AnyBURL.

As shown in Table 3, for the given query triple (canadian jewish congress, organiza-
tionhiredperson, ?), two reasoning paths p1 and p2 were identified by PMHR. Because both
paths lead to the final target entity, they are assigned equal rewards of 1 by models such as
MultiHopKG. However, from a human intuition perspective, the relations in p1, such as
’personleadsorganization’ and ’organizationhiredperson’, introduce more intermediate en-
tities. These relations are less clear and less reliable than those in p2. Consequently, PMHR
leverages rule-mining algorithms to obtain query-related rules and their corresponding
confidence. The final rewards for each path are adjusted using the confidence of the rules
associated with these paths as the rule rewards in such scenarios. For example, the final
reward of p1 is 1 + 0.23 and that of p2 is 1 + 0.73. A more reasonable path has a higher
confidence, which results in a larger reward value. This approach encourages the agent to
identify logical paths, thereby mitigating the issue of spurious paths.

6. Implications and Conclusions

6.1. Theoretical and Practical Implications

Path-based multi-hop reasoning can be used not only to discover hidden information
but also to provide explainable reasoning paths. With the help of KGE and logical rule mining
techniques, PMHR addresses the key limitations of existing path-based multi-hop reasoning
methods through effective handling of sparse rewards and spurious paths, enhanced state
representation, and improved algorithm efficiency. Because of the complexity of multi-
hop reasoning, the performance of embedding-based and neural network-based models on
complex reasoning tasks is limited by their difficulty in capturing long-distance or highly
complex paths. Additionally, it can be challenging for these models to explain their reasoning
process. The use of these models in prediction applications that require a high degree of
trust such as drug design, disease diagnosis, and fault diagnosis becomes more challenging
when users have low confidence in the models. Path-based reasoning can trace relationships
between symptoms, diseases, and treatments, leading to more reliable medical diagnoses.
Path-based multi-hop reasoning enhances the reliability, interpretability, and overall credibility
of KGs by providing clear, traceable reasoning paths for the generated results.

6.2. Conclusions

In this paper, we propose the PMHR framework, which combines KG embeddings
and logically rules with RL strategies. To address the issues of sparse rewards and spurious
paths, soft rewards and rule-based rewards are integrated into PMHR to mitigate sparse
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rewards and encourage the agent to explore more reasonable paths to avoid spurious
paths. To enhance state representation and provide more guidance to the agent, the
state representation is redefined to incorporate current information, historical information,
graph structure information, and query-related guiding information. Furthermore, the
embeddings of entities and relations learned through KG representation are leveraged
to initialize the environment and prune action space, thereby improving the efficiency
of the RL algorithm and reducing the run time. The experimental results on benchmark
datasets demonstrate how well PMHR works to increase the accuracy of KG reasoning
while maintaining interpretability. On the UMLS, Kinship, and NELL-995 datasets, PMHR
obtained Hit@1 increases of 0.63%, 2.02%, and 3.17%, respectively, compared to the state-of-
the-art path-based models. In future work, we aim to investigate the alleviation of spurious
paths using large language models and explore this area in greater depth.
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Abstract: The rapid rise of social media and widespread Internet access have contributed significantly

to the global popularity of e-sports. However, while popular e-sports attract considerable attention,

niche e-sports remain underexplored, limiting user discovery and engagement. This paper proposes

a Twitter-based recommendation system that uses advanced data management and processing

techniques to address the challenge of identifying and recommending both popular and niche

e-sports. The system analyzes social media metadata, including user IDs, followers, followees,

engagements, and impressions, to calculate two critical metrics: popularity and satisfaction. Based

on the combination of these metrics, the system calculates overall scores for each e-sports and

generates two distinct rankings: one for popular and another for niche e-sports. The proposed

system reflects the application of data-driven methodologies and social network analysis in creating

recommendations that meet diverse user preferences, highlighting the relevance of data processing

technologies in personalized content delivery. Experimental evaluations, using a dataset derived from

Twitter hashtags (#) representing 30 target e-sports in 2022, demonstrate the system’s effectiveness

in capturing the emerging dynamics in e-sports and providing actionable insights for diverse user

preferences. This study highlights the potential of SNS-based technologies to advance data processing,

analysis, and application within the e-sports ecosystem.

Keywords: e-sports recommendation; social media analytics; popularity metrics; user satisfaction

metrics; e-sports rankings; Twitter data mining; data-driven ranking systems

1. Introduction

The global rise of electronic sports (e-sports), which merge competitive gaming with
various digital platforms, represents a significant development in contemporary enter-
tainment [1–3]. Over the past decade, e-sports have transformed into a thriving industry,
capturing a fan base that extends beyond conventional video game enthusiasts [4]. Accord-
ing to Newzoo’s Global Esports & Live Streaming Market Report 2022 [5], global e-sports
viewers have increased from just 2 million in 2014 to 532 million in 2022. The advancement
of live streaming technologies, including platforms such as YouTube and Twitch, and the
development of the mobile e-sports market are mainly responsible for this rapid growth.
Popular video games such as VALORANT and League of Legends have also contributed to
increasing the global interest in e-sports.

In Japan, the e-sports phenomenon is especially pronounced, with active players
expected to reach 3.6 million by 2022, underscoring the country’s growing role in the
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e-sports ecosystem. Out of the various social media platforms, X (formerly Twitter) has
emerged as particularly important for e-sports community interaction. On this platform,
users can share multimedia content (text, images, videos), participate in events, and
discuss strategy in real time, making it essential to building and expanding the reach of
the e-sports ecosystem. Unlike other platforms such as Twitch, which focuses on live
streaming, or Discord, which specializes in team coordination and private communication,
X excels in public engagement, immediate feedback, and viral marketing. Its features, such
as hashtags, retweets, and replies, enable large-scale community engagement and rapid
dissemination of content, connecting players, fans, and organizations globally. Additionally,
X provides insights into user behavior to support personalized marketing and audience
growth. By facilitating open interaction and extending the reach of content, X serves as a
vital tool for the e-sports community, complementing the more specialized roles of Twitch
or Discord [6–8].

Recommendation systems are essential for improving content discovery and personal-
izing user experience in various domains, including e-sports. Traditional recommendation
systems rely on collaborative filtering, content-based filtering, or hybrid approaches to
predict user preferences [9]. Collaborative filtering utilizes user–item interaction data to
identify patterns in user preferences, while content-based filtering focuses on matching
user profiles with item attributes [10]. Hybrid systems combine these methods to address
limitations such as data sparsity and the cold-start problem [11].

From a financial perspective, the global e-sports market earned USD 1.38 billion in
2022, of which Asia Pacific contributed almost 42%. Regions such as Southeast Asia, Latin
America, and the Middle East are emerging as major players in this global industry, with
an increasing number of players, teams, and infrastructure investments. Then, it reflects
the growing influence of e-sports in driving not only the gaming industry but also global
digital entertainment and sports. While video streaming platforms have contributed to the
rise of e-sports, SNS platforms have been important in extending community reach and
interaction [12–14]. The vast amount of user-generated content on platforms like Twitter
offers a valuable opportunity to analyze user behavior, engagement, and satisfaction across
different e-sports genres.

Despite the growth of recommendation systems in various domains, e-sports ranking
systems often focus on high-profile games with widespread appeal, overlooking niche
e-sports that serve smaller but highly engaged communities. This research addresses this
gap by combining theoretical insights from recommendation systems with domain-specific
metrics for e-sports. In particular, the dual-metric approach combines popularity and
satisfaction into a scoring mechanism, enabling the development of rankings for both
popular and niche e-sports. The rankings produced by this study are particularly valuable
for stakeholders in the e-sports ecosystem, including players, organizers, marketers, and
developers, as they help uncover untapped opportunities in both mainstream and niche
markets. This study extends traditional theoretical frameworks by highlighting the impor-
tance of domain-specific considerations, such as community engagement and social media
impact, in building comprehensive recommendation systems for e-sports.

This study builds on and significantly extends the previous work presented in [15]
by introducing innovative scoring methods and extending the analysis to develop a com-
prehensive ranking system for e-sports. The primary contributions of the previous work
were to calculate the degrees of popularity and satisfaction for each e-sports based on
user engagement data. Specifically, the original work extracted key metadata such as user
IDs, number of followers, number of followees, number of engagements, and number of
impressions to measure popularity and satisfaction. Then, the author proposed a classi-
fication framework, as depicted in Figure 1, which distinguishes between popular and
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niche e-sports based on these calculated popularity and satisfaction degrees. In this ex-
tended version, the research goes beyond the foundational work by introducing two critical
advancements. First, it develops and implements novel scoring methods that integrate
popularity and satisfaction metrics into overall scores, enabling the generation of rank-
ings for both popular and niche e-sports. Second, this extended system provides deeper
insights by reflecting the dynamic nature of popular e-sports while providing actionable
recommendations tailored to niche e-sports. These enhancements improve the frame-
work’s applicability, particularly for personalized recommendations, addressing diverse
user preferences and providing a more robust decision-making tool for stakeholders, such
as users who want to discover new games and organizers who aim to improve audience
engagement. The additional results presented in this paper underscore the utility and
validity of these enhancements, marking a significant progression from the preliminary
findings in [15].

Figure 1. Two types of e-sports can be classified based on popularity and satisfaction metrics.

Popular e-sports are characterized by being well known (high popularity) and highly
satisfying to players, attracting large player communities, such as famous e-sports with
many users. In the e-sports environment, the popular ranking focuses on e-sports with
substantial user bases. On the other hand, niche e-sports refer to e-sports with lower
overall popularity but high satisfaction degrees, attracting a small number of dedicated
players, such as fewer mainstream genres or e-sports with small but passionate fan bases.
This study emphasizes the importance of promoting niche e-sports as they highlight diverse
user interests and encourage inclusivity within the e-sports ecosystem. From an industry
perspective, niche e-sports can provide a fertile ground for innovation and new market
opportunities, giving developers and marketers insight into underexplored segments.
Furthermore, players and fans benefit from personalized recommendations that align with
their unique preferences, increasing satisfaction and deepening engagement within the
e-sports community.

To validate the effectiveness and usefulness of two types of e-sports rankings by the
proposed system, the author used a dataset derived from Twitter through hashtags (#)
corresponding to the names of the author’s randomly selected 30 target e-sports in the
global e-sports market in 2022, covering genres such as shooter games (FPS: first-person
shooter/TPS: third-person shooter), grappling games, and sports games. This study focuses
on Twitter (now known as X) as the primary data source due to its unique role in facilitating
large-scale community engagement, real-time interactions, and viral content sharing within
the e-sports ecosystem. While social media platforms like Twitch and Discord serve specific
purposes, such as live streaming and private team communication, Twitter stands out for
its ability to reflect public sentiment and individual user behavior globally. These charac-
teristics make Twitter particularly well suited for analyzing popularity and satisfaction
metrics in the e-sports domain.
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To sum up, the main contributions of this work are as follows:

• Dual-Metric Ranking System: This work develops a Twitter-based e-sports recom-
mendation system that leverages SNS data to generate two rankings—one for popular
e-sports and another for niche e-sports—based on popularity and satisfaction metrics.

• Extension of Previous Research: This work extends the previous work [15] by propos-
ing new scoring methods to calculate an overall score for each e-sport, effectively
combining popularity and satisfaction degrees to provide more comprehensive e-
sports rankings than the previous work.

• Personalized Recommendations: The dual-metric ranking system improves content
discovery by addressing the under-representation of niche e-sports and promoting
personalized recommendations, allowing users to explore both popular and niche
e-sports, satisfying the diverse preferences within the e-sports community.

• Actionable Insights for Stakeholders: The results of this study provide valuable
insights for game developers, marketers, and community organizers to design targeted
strategies for audience growth and user engagement.

The remainder of this paper is structured as follows: Section 2 reviews related re-
search on e-sports ranking methodologies and the application of social media analytics in
understanding e-sports. Section 3 outlines the methodology used to collect and process
Twitter data, focusing on calculating popularity and satisfaction degrees. Section 4 details
the e-sports recommendation system developed based on the degrees of popularity and
satisfaction, providing two rankings of popular and niche e-sports. Section 5 discusses
the experiments and validation methods used to assess the effectiveness and usefulness
of the proposed dual-metric ranking system. Section 6 explores the implications of the
findings, potential applications beyond e-sports, and limitations of the proposed system.
Section 7 concludes the study with recommendations for future research directions in
e-sports recommendation systems.

2. Related Work

Many studies have been conducted on recommendation systems, particularly in
games, due to the growing interest in e-sports and the increasing demand for personalized
experiences. This section provides a detailed review of existing research on e-sports recom-
mendation systems, the application of social media analytics in gaming, and the interaction
between popularity and satisfaction metrics in e-sports. This work aims to develop a
comprehensive e-sports recommendation model that incorporates both popularity and
satisfaction metrics from SNS data.

2.1. E-Sports Recommendation Systems

Recommendation systems have been widely utilized in both traditional sports and
e-sports to recommend games, opponents, or strategies based on player preferences, per-
formance, and contextual factors [16,17]. In e-sports, recommendation systems are pivotal
in enhancing player experience, engagement, and satisfaction, making them essential for
managing the diverse and rapidly evolving e-sports ecosystem.

Existing research emphasizes different approaches to recommendation systems, partic-
ularly within competitive gaming environments. Kurashima et al. [18] proposed a ranking
method that utilizes the contextual information extracted from user reviews on various
platforms, such as forums and blogs. Similarly, Oku et al. [19,20] introduced a context-
dependent ranking method based on a user value criteria model. This method could
provide personalized rankings by analyzing user preferences in different contexts. Thus,
it highlights the importance of contextualization in adapting recommendation outputs to
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individual user needs. When applied to e-sports, these methods underscore the critical
role of context in matching players with suitable competitors or games. For example,
Achilleos et al. [21] developed a context-aware recommendation system integrated into the
ST76 web platform, pioneering the capability to recommend users most likely to partici-
pate in upcoming active sports events. These studies collectively emphasize the growing
necessity for personalized recommendations in competitive gaming, particularly given the
dynamic nature of user preferences influenced by context and playing history.

While these methods are effective, they focus primarily on ranking e-sports or e-sports
players without considering the influence of SNS and incorporating user satisfaction met-
rics. Moreover, they often prioritize performance optimization over other critical metrics,
such as user engagement and satisfaction, which are key drivers of long-term user reten-
tion. This paper proposes an innovative approach by integrating social media analytics
into e-sports recommendation systems, focusing on Twitter, to bridge the gap between
traditional ranking approaches and user-centered design. Twitter is a rich data source
that provides insights into user behavior, engagement, and preferences. By leveraging
these insights, this study introduces a novel methodology that bridges the gap between
traditional ranking approaches and user-centered design. Unlike existing systems, which
often rely solely on performance metrics, the proposed approach of this study emphasizes
user engagement and satisfaction, creating a more holistic and adaptive recommendation
framework tailored to the unique dynamics of the e-sports ecosystem.

2.2. Social Media Analytics in Gaming

In e-sports, social networking platforms have emerged as critical channels for un-
derstanding player behavior and preferences, focusing on Twitter, Twitch, and Reddit.
Previous work on social media analytics in gaming has shown that these platforms are
critical in developing community engagement and the popularity of games [22,23]. The
role of social media analytics in the gaming industry was investigated by Jo and Shin [24].
Their research highlights the importance of social media data analysis in understanding
player behavior and preferences, which is critical to game development and marketing
strategies. This research highlights the impact of real-time player feedback on social media
in the design of game updates and the maintenance of player engagement.

In particular, Barney and Pennington [25] synthesized the literature on the use of social
media in game research. Three main themes are identified in this review: communicating,
collaborating, and computing. It examines how social media advertising influences players,
the dynamics within gaming communities on social media, and how social media data are
used to assess sentiment and predict gaming outcomes. In addition, Di Virgilio et al. [26] in-
vestigated the impact of the COVID-19 pandemic on the engagement of users with e-sports
teams through social media. Using content and sentiment analysis of Instagram data, they
found significant changes in engagement levels and user sentiment during the pandemic.
The influence of social media communication on brand equity and participant engagement
during e-sports events was also investigated by Wang et al. [27]. They used structural equa-
tion modeling to analyze the relationships between social media communication, brand
equity, and user engagement, focusing on the League of Legends World Championship.

In one notable study, Kozaki et al. [28] calculated the degrees of popularity and satis-
faction with tourist spots by analyzing metadata, such as the number of views, locations,
and posting timestamps of geotagged SNS photos from Flickr. In a similar way, Wang
and Yue [29] improved on this method by calculating popularity and satisfaction degrees
in tourist spots for individual users using SNS metadata, such as user IDs associated
with geotagged SNS photos, the number of views, locations, and posting timestamps.
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These investigations introduced methods for generating two kinds of pictorial maps using
calculated degrees of popularity and satisfaction.

The novelty of this study lies in its attempt to analyze these two metrics simultaneously
by developing a dual ranking system for e-sports. By analyzing engagement rates and user
satisfaction derived from tweets and social media interactions, this study not only measures
e-sports popularity but also accounts for user satisfaction, a factor largely overlooked in
previous studies. It provides a more comprehensive view of player preferences and is
critical to understanding how players engage with niche e-sports versus popular e-sports.

2.3. Popularity and Satisfaction Metrics in E-Sports

One of the main limitations of previous studies is that they separated popularity and
satisfaction metrics. According to [30], there has been a growing interest in assessing the
quality of passive gaming video streaming using both subjective and objective metrics.
Viewership statistics, game engagement metrics, and tournament participation are often
used to access popularity. Esports Charts [31] provides comprehensive viewership and
engagement analysis for various e-sports, highlighting the growing importance of data-
driven insights in understanding the expansion of the e-sports industry. According to
Statista [32], the number of e-sports users in the United States is expected to double by 2024.

Ito and Yabutani [33] revealed the relationship between players’ specialization factors
and their sports and video game history. This study uses the concept of recreational special-
ization as the basis for conducting regression analyses from the perspective of marketing
and promotion to elucidate the relationship between e-sports players’ specialization and
their sports and game backgrounds. In addition, Jenny et al. [34] and Williams et al. [35]
conducted surveys on the characteristics of individuals involved in e-sports. Studies such
as the one by Himmelstein et al. [36] have focused on analyzing viewership metrics to
monitor the popularity of games in tournaments such as League of Legends. While excel-
lent at monitoring player specialization and game popularity, these studies do not address
user satisfaction.

On the other hand, research on user satisfaction in e-sports tends to focus on player
experience and engagement. It is particularly true for the platforms used to play the games.
User satisfaction in e-sports is a critical aspect that can impact community retention and
engagement. Many studies have been conducted on video games as a massively mediated
communication form to understand changes in user satisfaction and experience [37,38]. In
addition, Przybylski et al. [39] explored the factors that influence video game performance,
focusing on how the satisfaction of basic psychological needs—competence, autonomy, and
relatedness—affects the matchmaking rating (MMR) of games such as Dota 2. This study
emphasizes the importance of perceived competence and autonomy for user satisfaction.
Moreover, Bányai et al. [40] found significant psychological factors in e-sports, including
the process of becoming an e-sports player, mental skills, motivations, and the motivations
of e-sports spectators. It provides an insight into the psychological aspects that contribute to
user satisfaction in the e-sports domain. In this paper, however, the author takes satisfaction
a step further by correlating it with game-specific popularity metrics, thus offering a dual
perspective that considers engagement and enjoyment.

In this paper, the core idea of this work is the combined analysis of the popularity
and the satisfaction of each e-sports. By utilizing the analysis of tweet metadata, this work
provides a more integrated method for recommendation systems to recommend e-sports
not only according to their popularity but also according to their satisfaction. This method
considers the needs of different users, from casual to highly specialized users, and provides
personalized recommendations for both popular and niche e-sports.
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2.4. Research Contributions

Although existing work on e-sports recommendation systems and social media ana-
lytics provides a strong foundation, it also needs improvement, particularly in combining
popularity and satisfaction metrics. In this work, the author builds on previous research
by developing a comprehensive model that analyzes both metrics in combination, thus
providing a novel method for e-sports recommendation. By focusing on both popular and
niche e-sports, this work aims to provide personalized, data-driven recommendations that
increase user engagement and satisfaction across the e-sports ecosystem.

3. Analysis of Popularity and Satisfaction Metrics Using Twitter Data

In this section, the author details the methodology used to calculate popularity and
satisfaction metrics for e-sports using SNS data from Twitter. This process includes data
collection, preprocessing, and analysis. The analysis of various metadata of Twitter data,
such as user engagements, impressions, and interaction patterns, allows for a comprehen-
sive understanding of user engagement and sentiment surrounding various e-sports to
assess how widely known certain e-sports are (popularity) and how much users enjoy or
engage with them (satisfaction).

3.1. Data Collection

Twitter is an attractive data source for analysis for several reasons: it is one of the
largest social media platforms in the world; it has a significant impact on many aspects of
society (daily conversations, news reports, event announcements, etc.) in many different
fields (health, entertainment, business, research, politics, etc.); it makes user posts available
to everyone; and it allows a large amount of information to be easily accessed and shared.

Therefore, in this paper, the data collection process involves collecting approximately
300,000 tweets related to 30 target e-sports spanning various genres, including shooter
games (FPS/TPS), grappling games, sports games, and others in the global e-sports market,
from 6 October 2022 to 30 November 2022. These data were collected using the Twitter API
(version 2) with academic research access [41].

For genres such as multiplayer online battle arena (MOBA) games, sandbox games,
mobile role-playing games (RPGs), rhythm games, and fighting games, the dataset contains
only one or two representative e-sports per genre. These lesser-represented genres are
grouped under the category “others” to simplify categorization and maintain analytical
clarity. While this study acknowledges that more specific subcategories could be defined for
the “others” group, the current grouping reflects the limited representation of these genres
in the dataset. It is consistent with the study’s focus on analyzing broader e-sports trends.

Table 1 shows a list of 30 target e-sports randomly selected in this paper. These include
Street Fighter V and League of Legends, which are popular overseas, and others such as
Puzzle & Dragons and Puyo Puyo, which are popular in Japan. The tweets are mainly
collected based on the official hashtags (#), which are the names of the e-sports directly
added to the e-sports screens when the screens are shared from the respective applications.
Additionally, the tweets collected here are limited to those written in Japanese only. As a
result, each popular e-sports averages 12,000 tweets, and niche e-sports averages 6000 to
8000 tweets.

In this work, metadata were extracted from each tweet to analyze user interactions
and sentiments, categorized into User-Level Data and Tweet-Level Data, as shown in
Figure 2. This categorization ensures a clearer understanding of the role of each data type
in calculating Popularity and Satisfaction metrics.
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Table 1. List of 30 target e-sports randomly selected in the global e-sports market of the year 2022.

Shooter Games (FPS/TPS) Grappling Games Sports Games Others

Apex Legends Card Puzzle eFootball League of Legends
Battlefield DEAD OR ALIVE 6 FIFA World Cup Minecraft

Call of Duty: Modern Warfare Puyo Puyo Gran Turismo Sport Monster Strike
Fortnite Puzzle & Dragons NBA Taiko no Tatsujin

Overwatch Shadowverse Rocket League Teamfight Tactics
PUBG: BATTLEGROUNDS Street Fighter V Zwift World of Warcraft

Rainbow Six Siege Super Smash Bros.
Splatoon TEKKEN 7

VALORANT Tetris

User-Level Data (Used for Popularity Metric)

The following metadata describe the characteristics and network influence of individ-
ual Twitter users, making them well suited for calculating the Popularity metric.

• User ID: The unique identifier for the user who posted the tweet.
• #Followers: The number of users following the account, which reflects the user’s

reach and influence within the network. A higher number of followers indicates
greater popularity.

• #Followees: The number of accounts the user is following, which may provide
context about their level of engagement in the community but does not directly
impact popularity.

Popularity depends on the reach and visibility of a user’s network, which is directly
related to the number of people they follow and the total number of people connected
to them.

Figure 2. Categorization of metadata collected from tweets for calculating popularity and satisfaction
metrics.

Tweet-Level Data (Used for Satisfaction Metric)

The following metadata provide insights into the visibility and engagement perfor-
mance of individual tweets, which are key to calculating the Satisfaction metric.

• #Engagements: The number of interactions with the tweet, including retweets, likes,
replies, URL clicks, hashtag clicks, mention clicks, and media views, covering both
organic and promoted contexts. A higher engagement number indicates that users
found the content valuable or interesting, which reflects their satisfaction.

• #Impressions: The total number of times the tweet has been viewed on Twitter,
regardless of whether someone engages with it. Combined with engagement metrics,
it can indicate how well the content resonates with its audience.
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Satisfaction reflects how users interact with content, making tweet-level metrics ideal
for capturing user sentiment and engagement.

The metadata for user-level data, including user ID, number of followers (#follow-
ers), and number of followees (#followees), were obtained through the Twitter API (ver-
sion 2) [42], enabling analysis of user popularity. Engagement-related metadata for tweet-
level data, including the total number of engagements (#engagements) and the number of
impressions (#impressions), were retrieved from the Twitter Engagement API [43], which
allowed for evaluating tweet performance and user satisfaction. In this study, the following
preprocessing steps were applied to ensure that the dataset was clean and representative:
The first step is to remove non-relevant tweets, bots, spam accounts, and duplicate posts.
The next step is to filter for tweets written in Japanese to focus on a specific linguistic and
cultural context.

3.2. Calculation of Popularity of E-Sports

In this analysis, popularity measures the degree to which an e-sports is recognized
by users on Twitter. The degree of popularity, denoted as P(a) for a given e-sports a, is
calculated using the following formula:

P(a) =
U(a)
T(a)

×
U(a)

∑
i=1

Fr(a, ui) + 1
Fo(a, ui) + 1

(1)

where U(a) represents the number of unique users who post tweets about the e-sports
a, while T(a) denotes the total number of collected tweets related to the e-sports a. The
functions Fr(a, ui) and Fo(a, ui) refer to the number of followers (i.e., those who follow
the user ui) and the number of followees (i.e., those who are followed by the user ui),
respectively, for the user ui who posted the tweets about a.

This formula denotes the proportion of tweets related to the e-sports a and the influ-
ence of the user ui who posted the tweets, as measured by the user’s follower-to-followee
ratio. The follower-to-followee ratio is a metric used to evaluate the popularity and in-
fluence of a Twitter account [44]. It is the ratio of the number of followers Fr(a, ui) to the
number of followees Fo(a, ui) of the user ui, calculated as Fr(a,ui)+1

Fo(a,ui)+1 in Equation (1), where
the addition of 1 to both the numerator and the denominator avoids division by zero and
ensures that a user with an equal number of followers and followees will have a ratio of 1.
This ratio measures how many users follow the user ui compared with how many users
ui follows. A high follower-to-followee ratio indicates that the account is influential and
well recognized, while a low ratio means that the account lacks engagement, is spammy, or
participates in follow-for-follow tactics.

Thus, a higher follower-to-followee ratio indicates that the user has a greater reach
and the user’s tweets are more likely to contribute to the degree of popularity of e-sports.
Therefore, a high degree of popularity can be achieved by having many unique users
posting about e-sports, even if they post relatively few tweets. It is especially true if those
users have a large number of followers and a small number of followees.

3.3. Calculation of Satisfaction of E-Sports

In this analysis, satisfaction measures the degree to which users enjoy participating in
e-sports, as reflected by their interactions on Twitter. The degree of satisfaction, denoted as
S(a) for a given e-sports a, is calculated using the following formula:

S(a) =
T(a)

∑
j=1

E(a, tj)

I(a, tj)
× 100 (2)
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where E(a, tj) is the total number of engagements for a tweet tj related to the e-sports a.
Engagements include retweets, likes, replies, URL clicks, hashtag clicks, mention clicks, and
media views, reflecting active user interaction. I(a, tj) is the total number of impressions
for the tweet tj about the e-sports a, representing how many times the tweet was viewed.
T(a) is the total number of tweets related to the e-sports a.

This formula calculates the engagement rate, expressed as the percentage of en-
gagements relative to impressions for all tweets associated with a specific e-sports. In

Equation (2), the engagement rate
E(a,tj)

I(a,tj)
quantifies the proportion of users who engaged

with the content out of those who viewed it, providing an indicator of content relevance and
user satisfaction. Including a scaling factor (multiplication by 100) converts the engagement
rate into a percentage, making the results easier to interpret. A higher engagement rate
indicates that users actively interact with the content, suggesting higher satisfaction with
the e-sports. For example, if an e-sports has many impressions but relatively few engage-
ments, it may imply that while users are aware of the e-sports, they lack the motivation
to engage with it. Conversely, a high engagement rate, achieved through a substantial
number of engagements combined with relatively few impressions, indicates high user
satisfaction. It is consistent with previous research suggesting that engagement metrics are
critical indicators of user loyalty, satisfaction, and content quality [45].

4. E-Sports Recommendation Based on Popularity and Satisfaction Metrics

This section introduces a theoretically grounded recommendation system that ranks
e-sports based on two complementary criteria: popularity and satisfaction. The system is
designed to bridge the gap between user preferences for widely popular e-sports and highly
satisfying but less popular ones, thus ensuring that recommendations cater to diverse user
interests. By leveraging these dual metrics, the system accommodates a spectrum of
preferences, from mainstream appeal to niche engagement, enriching the user experience
in e-sports discovery.

4.1. E-Sports Extraction

The system uses the popularity and satisfaction degrees calculated in Section 3 to
classify e-sports into popular and niche types. These classifications are based on the premise
that popular e-sports should have both broad appeal (high popularity) and positive user
engagement (high satisfaction), while niche e-sports can sustain themselves through high
satisfaction despite limited popularity. This theoretical distinction is consistent with the
broader goal of capturing varying user expectations.

The system uses thresholds for popularity (α) and satisfaction (β) to classify e-sports.
The popularity threshold α is set based on the average of the popularity degrees of all
e-sports, and the satisfaction threshold β is set based on the average of the satisfaction
degrees of all e-sports. Specifically, α and β serve as benchmarks to identify e-sports that
exceed or fall short of typical popularity and satisfaction levels. In this study, the popularity
threshold α was set to 0.21, and the satisfaction threshold β was set to 0.22. E-sports that
meet or exceed both thresholds (P(a) ≥ α, S(a) ≥ β) are classified as popular, while those
with S(a) ≥ β but P(a) < α are classified as niche.

The system extracted ten popular e-sports listed in Table 2 and nine niche e-sports
listed in Table 3. League of Legends ranked highest in popularity among popular e-sports,
while niche e-sports, such as Puzzle & Dragons and NBA, achieved high satisfaction despite
lower popularity. Both popularity and satisfaction degrees are higher in other notable
e-sports, such as the FIFA World Cup and Shadowverse.
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Table 2. Popular e-sports were extracted when P(a) ≥ α and S(a) ≥ β.

Popular E-Sports Popularity (P(a)) Satisfaction (S(a))

Apex Legends 0.36 0.98
FIFA World Cup 0.87 0.51

Fortnite 0.23 0.42
League of Legends 1.00 0.44

Overwatch 0.25 0.63
Puyo Puyo 0.31 0.45

Rocket League 0.41 0.23
Shadowverse 0.62 0.51

Taiko no Tatsujin 0.32 0.82
VALORANT 0.23 0.31

Thresholds α: 0.21 β: 0.22

Table 3. Niche e-sports were extracted when P(a) < α and S(a) ≥ β.

Niche E-Sports Popularity (P(a)) Satisfaction (S(a))

Battlefield 0.03 0.83
Minecraft 0.03 0.62

NBA 0.05 1.00
Puzzle & Dragons 0.15 0.99

Splatoon 0.05 0.94
Street Fighter V 0.10 0.41

Super Smash Bros. Ultimate 0.08 0.68
Tetris 0.09 0.62
Zwift 0.00 0.61

Thresholds α: 0.21 β: 0.22

4.2. E-Sports Ranking

The system ranks popular and niche e-sports separately, using composite scoring
methods that combine popularity and satisfaction metrics. This ranking mechanism re-
flects a theoretical understanding of user preferences: popular e-sports should balance
widespread awareness with engagement, while niche e-sports rely on high satisfaction to
compensate for limited reach.

As shown in Figure 1, e-sports are classified as popular if their degrees are high in
both popularity and satisfaction. These popular e-sports are ranked and recommended to
users looking for the most popular and played e-sports. On the other hand, e-sports are
classified as niche if they have lower popularity but high satisfaction degrees.

In this paper, the author proposes three distinct methods to calculate the overall score
for each e-sports, providing flexible approaches to rank and recommend e-sports tailored
to specific user needs.

4.2.1. Popular E-Sports Ranking

It is necessary to balance the influence of these two metrics to recommend popular
e-sports in a ranking under high popularity and satisfaction conditions. The ranking
of popular e-sports emphasizes their ability to maintain both broad appeal and high
engagement. The system captures this dynamic by using the following three methods to
calculate the overall score for each e-sport, allowing for a comprehensive ranking:
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Method 1: Multiplicative Scoring

This method captures the combined effect of popularity and satisfaction degrees by
multiplying the two metrics. The overall score O(b) for each popular e-sports b is calculated
by multiplying its popularity degree P(b) in Equation (1) and its satisfaction degree S(b) in
Equation (2), using the following formula:

O(b) = P(b)× S(b) (3)

where a high overall score O(b) indicates that the popular e-sports b is both widely popular
and highly satisfying. Conversely, the overall score will reflect this imbalance if either
metric is low. This method suggests that popular e-sports cannot maintain their popularity
degrees without satisfying their player base.

Method 2: Relative Strength Scoring

This method utilizes ratios of popularity to satisfaction and satisfaction to popularity
to assess the relative dominance of one metric over the other. The overall score O(b) of
each popular e-sports b by the ratios of its popularity degree P(b) in Equation (1) to its
satisfaction degree S(b) in Equation (2) and its satisfaction degree S(b) to its popularity
degree P(b) is calculated using the following formulae:

O(b) =
P(b)
S(b)

(4)

O(b) =
S(b)
P(b)

(5)

In Equation (4), a high overall score O(b) means that popularity outweighs satisfaction,
indicating that the popular e-sports b is well known but may not be as satisfying to its
users if the popularity degree P(b) is high. However, the satisfaction degree S(b) is low.
Conversely, in Equation (5), a high overall score O(b) indicates high user satisfaction
despite low popularity if the satisfaction degree S(b) is high. In contrast, the popularity
degree P(b) is low. This method provides insight into whether popular e-sports are driven
more by widespread popularity or player engagement, acknowledging that both metrics
must exceed certain levels for success.

Method 3: Weighted Composite Scoring

This method combines popularity and satisfaction degrees and weights them to reflect
their relative importance. The overall score O(b) for each popular e-sports b is calculated by
linearly combining its popularity degree P(b) in Equation (1) and its satisfaction degree S(b)
in Equation (2) with varying weights w and 1−w, respectively, using the following formula:

O(b) = P(b)× w + S(b)× (1 − w) (6)

where w represents the weight given to the popularity degree P(b) of the popular e-sports
b, while 1 − w represents the weight given to the satisfaction degree S(b) of the popular
e-sports b. By adjusting these weights, the author can prioritize either metric depending on
the evaluation context. For example, placing more weight on the popularity degree may
help identify trending e-sports, while prioritizing the satisfaction degree could highlight
e-sports with strong player loyalty.

71



Electronics 2025, 14, 94

These methods provide a comprehensive framework for ranking popular e-sports and
offer insights into how the popularity and satisfaction interactions affect their success in
the competitive e-sports landscape.

4.2.2. Niche E-Sports Ranking

For recommending niche e-sports with low popularity degrees but high satisfaction
degrees in a ranking, it is necessary to adjust the popularity degree P(c) of each niche
e-sports c in Equation (1) to reflect low awareness, using (1 − P(c)) to align with the
low popularity of niche e-sports. This adjustment ensures that this ranking reflects the
unique strengths of niche e-sports while maintaining theoretical consistency with the
popular ranking framework. The following three methods calculate an overall score for
each e-sports based on the same concepts of popular e-sports ranking, allowing for a
comprehensive ranking:

Method 1: Multiplicative Scoring

This method emphasizes the interaction between low popularity and high satisfaction
by multiplying the adjusted popularity degree (1 − P(c)) and the satisfaction degree S(c)
in Equation (2). The overall score O(a) for each niche e-sports c is calculated as follows:

O(c) = (1 − P(c))× S(c) (7)

where a high overall score O(c) reflects the niche e-sports c with high satisfaction despite
low popularity, emphasizing their uniqueness. This method suggests that niche e-sports
can thrive through high player satisfaction, even with limited public awareness.

Method 2: Relative Strength Scoring

This method compares the adjusted popularity degree (1 − P(c)) with the satisfaction
degree S(c) in Equation (2), and vice versa, to assess the relative strengths of these metrics.
The overall score O(c) for each niche e-sports c is calculated using the following formulae:

O(c) =
1 − P(c)

S(c)
(8)

O(c) =
S(c)

1 − P(c)
(9)

In Equation (8), a high overall score O(c) indicates that the niche e-sports c has low
popularity but may be overly dependent on satisfaction to maintain its player base. In
contrast, Equation (9) indicates that the niche e-sports c with high satisfaction can succeed
in a niche market, even with limited popularity. This method shows how niche e-sports
depend on high satisfaction to compensate for low popularity.

Method 3: Weighted Composite Scoring

This method combines the adjusted popularity degree (1 − P(c)) and the satisfaction
degree S(c) in Equation (2) with assigned weights w and 1 − w to reflect their importance.
The overall score O(c) for each niche e-sports c is calculated using the following formula:

O(c) = (1 − P(c))× w + S(c)× (1 − w) (10)
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where w represents the weight given to the adjusted popularity degree (1 − P(c)) of the
niche e-sports c, while 1 − w represents the weight given to the satisfaction degree S(c) of
the niche e-sports c. By adjusting these weights, the author can emphasize low popularity
or high satisfaction, depending on the goal. For example, when looking for e-sports with a
highly dedicated fan base, more weight could be given to satisfaction, while a balanced
weight could identify e-sports with growth potential in niche markets.

These methods provide a comprehensive framework for ranking niche e-sports and
show how low popularity combined with high satisfaction can lead to success, even in a
competitive environment.

Therefore, in this study, the proposed ranking methods for popular and niche e-sports
provide a theoretically grounded framework for understanding the interplay between
popularity and satisfaction and their role in the success of e-sports within different contexts.

5. Experiments and Results

This section outlines the experiments conducted to evaluate the effectiveness and useful-
ness of the proposed e-sports recommendation system in accurately ranking both “popular”
and “niche” e-sports. The experiments consist of four main components: dataset description,
accuracy verification for the extracted popular and niche e-sports, quantitative evaluation of
their ranking effectiveness, and qualitative evaluation of their ranking usefulness.

5.1. Correct Answer Data

This study uses data from Newzoo’s Game Performance Monitor [46] to generate
correct answers for “popular” and “niche” e-sports rankings. Newzoo’s Game Perfor-
mance Monitor, formerly known as Newzoo Expert, has provided Activision Blizzard
EMEA (Europe, Middle East, and Africa) with approximately 100 million data on player
demographics from 1 June 2022 to 30 November 2022. This dataset includes the top game
rankings, player counts, player share ratios (%), and total lifetime players for each e-sports
within this period.

For this study, e-sports listed in Newzoo’s top game rankings serve as candidates for
the correct answers. The classification between popular and niche e-sports is determined
by calculating an average threshold, γ, based on the ratio of player share ratio (%) R(x) to
total lifetime players L(x) for each e-sports x. It is calculated using the following formula:

γ =
X

∑
x=1

(R(x)× 100)/L(x)
X

(11)

where X is the total number of e-sports in Newzoo’s top game ranking. The player
share ratio R(x) is multiplied by 100 to express it as a percentage (%). If the function
(R(x) × 100)/L(x) in Equation (11) exceeds this average threshold γ, the e-sports are
classified as popular e-sports, while those below γ are considered correct answers for
niche e-sports.

In addition, the author generates ground truth data for “popular” and “niche” e-
sports rankings based on Newzoo’s top game ranking using the generated correct answers
for “popular” and “niche” e-sports. Table 4 lists the generated correct answers for both
“popular” and “niche” e-sports, while Table 5 provides the ground truth data for the top 10
rankings of “popular” and “niche” e-sports, respectively.
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Table 4. Lists of generated correct answers for “popular” and “niche” e-sports.

Popular E-Sports Niche E-Sports

Apex Legends Clash Royale
Call of Duty: Modern Warfare Destiny

Counter-Strike: Global Offensive FIFA World Cup
Dota 2 Granblue Fantasy Versus

eFootball Hearthstone
Fortnite Minecraft
HADO Monster Strike

League of Legends NBA
PUBG: BATTLEGROUNDS SAMURAI SPIRITS

Rocket League Splatoon
Teamfight Tactics Street Fighter V

TEKKEN 7 Super Smash Bros.
VALORANT Zwift

World of Warcraft

Table 5. Ground truth data for the top 10 rankings for “popular” and “niche” e-sports.

Rank Popular E-Sports Niche E-Sports

1 League of Legends Street Fighter V
2 Counter-Strike: Global Offensive FIFA World Cup
3 Fortnite Hearthstone
4 Call of Duty: Modern Warfare Minecraft
5 PUBG: BATTLEGROUNDS Zwift
6 VALORANT NBA
7 Rocket League Clash Royale
8 Apex Legends Super Smash Bros.
9 Tetris Destiny

10 World of Warcraft Splatoon

5.2. Experiment 1: Verification of Accuracy in Popular and Niche E-Sports Extraction

The purpose of Experiment 1 is to verify the accuracy of the proposed recommendation
system in extracting popular and niche e-sports, utilizing a combination of popularity and
satisfaction metrics. This experiment relies on the lists of correct answers for popular and
niche e-sports presented in Table 4 from Section 5.1, which serve as reference datasets
for verification.

Accuracy is measured based on Precision, Recall, and F1 Score, calculated using the
following formulae:

Precision =
|Correct Answers| ∩ |Popular(Niche) E-Sports|

|Popular(Niche) E-Sports| (12)

Recall =
|Correct Answers| ∩ |Popular(Niche) E-Sports|

|Correct Answers| (13)

F1 Score =
2 × Precision × Recall

Precision + Recall
(14)

where “Popular(Niche) E-Sports” refers to popular or niche e-sports extracted according to
the method described in Section 4.1.

The results indicate Precision, Recall, and F1 Scores of 50.0%, 35.7%, and 0.417 for
popular e-sports, respectively, and 66.7%, 46.2%, and 0.546 for niche e-sports, respectively.
These findings highlight the system’s stronger performance in identifying niche e-sports
than popular e-sports. The lower Recall and F1 Score for popular e-sports suggest that
the system struggles to comprehensively capture this category, likely due to the diverse
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international fan base of popular titles, which is not fully represented in the Japan-centric
dataset used. In contrast, the higher accuracy metrics for niche e-sports reflect their more
concentrated fan bases, where engagement patterns are more closely aligned with local data.

These results underscore the sensitivity of the proposed method to regional user behav-
ior, as indicated by social media engagement metrics. The reliance on Japanese language
Twitter data introduces a significant bias, skewing the analysis toward Japanese-speaking
users and under-representing global trends. Future work should address these limitations
by expanding the dataset to include a more diverse selection of e-sports, incorporating mul-
tilingual and multi-platform data, and developing dynamic models to adapt to real-time
changes in user preferences. While the system shows promise in extracting niche e-sports,
improving its generalizability to popular e-sports will require improvements in dataset
diversity and analytical methodology.

5.3. Experiment 2: Verification of the Effectiveness of E-Sports Rankings

The purpose of Experiment 2 is to identify the most efficient ranking method for
“popular” and “niche” e-sports by combining two key metrics: popularity and satisfaction.
This experiment evaluates seven ranking methods, including both baseline and proposed
methods, to assess the effectiveness of the newly introduced scoring methods specifically.
By comparing these methods against the established top 10 rankings from Newzoo (serving
as the ground truth), the author aims to demonstrate the improved accuracy and relevance
of the proposed methods in ranking e-sports. The details of this comparison are thoroughly
outlined in Table 5 from Section 5.1.

The seven ranking methods include four baseline methods and three proposed meth-
ods, which are listed below:

• Baseline Methods

– B1: Ranking by Popularity Degrees

This method ranks e-sports based on their popularity degree P(a) as defined in
Equation (1).

– B2: Ranking by Satisfaction Degrees

This method ranks e-sports based on their satisfaction degree S(a) as defined in
Equation (2).

– B3: Ranking by Maximum of Popularity and Satisfaction Degrees

This method ranks e-sports by their maximum popularity degree P(a) and satis-
faction degree S(a), calculated as max(P(a), S(a)).

– B4: Ranking by Minimum of Popularity and Satisfaction Degrees

This method ranks e-sports by their minimum popularity degree P(a) and satis-
faction degree S(a), calculated as min(P(a), S(a)).

• Proposed Methods

– P1: Ranking by Multiplicative Scoring (Method 1)

This method ranks popular e-sports b using the overall score O(b) from Equation (3)
and niche e-sports c using the overall score O(c) from Equation (7).

– P2: Ranking by Relative Strength Scoring (Method 2)

This method ranks popular e-sports b using the overall score O(b) from Equation (4)
or (5) and niche e-sports c using the overall score O(c) from Equation (8) or (9).

– P3: Ranking by Weighted Composite Scoring (Method 3)

This method ranks popular e-sports b using the overall score O(b) from Equation (6)
and niche e-sports c using the overall score O(c) from Equation (10).

The effectiveness of each ranking method is evaluated using three of the most popular
rank-aware metrics: mean reciprocal rank (MRR), mean average precision (MAP), and
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normalized discounted cumulative gain (nDCG). These metrics have become standard
tools for evaluating recommendation performance, especially for applications requiring
ranked outputs that emphasize not only accuracy but also the relevance and position of
recommended items, which aligns well with the ranking needs of e-sports and is consistent
with the goal of this experiment. Regression-based metrics, such as mean absolute error
(MAE) and root mean squared error (RMSE), were not used because they do not apply to
rank-based evaluations.

Each metric serves a specific purpose:

• MRR focuses on the highest-ranked relevant item, making it suitable for targeted
searches [47].

• MAP evaluates how highly all relevant items are ranked, aiming to maximize relevant
items near the top [48].

• nDCG is similar to the goal of the MAP metric; it assesses the graded relevance of
items and prioritizes their placement within the ranking [49].

5.3.1. Ranking Accuracy Results for Popular E-Sports

Table 6 presents the ranking accuracy results for the top 10 “popular” e-sports based on
the seven ranking methods. For Method 3 (P3: Ranking by Weighted Composite Scoring),
the weight w in Equation (6) was adjusted from 0.9 to 0.1 in increments of 0.1.

Table 6. Ranking accuracy results for popular e-sports by rank-aware metrics, MRR, MAP, nDCG@5,
and nDCG@10.

Methods MRR MAP nDCG@5 nDCG@10

Baseline

B1: P(b) by Equation (1) 0.332 0.609 0.616 0.817
B2: P(b) by Equation (2) 0.296 0.521 0.339 0.759
B3: max(P(b), S(b)) 0.367 0.664 0.553 0.860
B4: min(P(b), S(b)) 0.183 0.433 0.316 0.623

Proposed

P1: P(b)× S(b) by Equation (3) 0.234 0.497 0.384 0.691
P2: P(b)/S(b) by Equation (4) 0.378 0.700 0.684 0.895
P2: S(b)/P(b) by Equation (5) 0.326 0.589 0.485 0.708
P3: O(b) by Equation (6) (w = 0.9) 0.332 0.609 0.616 0.817
P3: O(b) by Equation (6) (w = 0.8) 0.326 0.589 0.485 0.806
P3: O(b) by Equation (6) (w = 0.7) 0.321 0.575 0.485 0.798
P3: O(b) by Equation (6) (w = 0.6) 0.334 0.597 0.509 0.816
P3: O(b) by Equation (6) (w = 0.5) 0.334 0.597 0.509 0.816
P3: O(b) by Equation (6) (w = 0.4) 0.367 0.664 0.553 0.860
P3: O(b) by Equation (6) (w = 0.3) 0.317 0.564 0.485 0.792
P3: O(b) by Equation (6) (w = 0.2) 0.307 0.544 0.470 0.777
P3: O(b) by Equation (6) (w = 0.1) 0.301 0.531 0.339 0.767

From the ranking accuracy results for popular e-sports in Table 6, the author analyzed
the results for each method and summarized them as follows:

• Baseline Methods

– B1: Ranking by Popularity Degrees achieved moderate performance across all
metrics, indicating that popularity degrees alone can effectively predict e-sports popularity.

– B2: Ranking by Satisfaction Degrees showed lower performance than the base-
line method (B1), particularly in nDCG@5, suggesting that satisfaction degrees
alone are insufficient for ranking popular e-sports.

– B3: Ranking by Maximum of Popularity and Satisfaction Degrees performed
better than using either popularity or satisfaction degrees alone in MRR and
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MAP, indicating that taking the maximum of the two metrics captures the
strengths of both.

– B4: Ranking by Minimum of Popularity and Satisfaction Degrees showed the
lowest performance of all methods, indicating that the minimum value does not
effectively reflect the overall appeal of e-sports.

• Proposed Methods

– P1: Ranking by Multiplicative Scoring (Method 1) showed lower performance,
possibly due to the amplification of low values when either metric is low.

– P2: Ranking by Relative Strength Scoring (Method 2)

* Popularity/Satisfaction achieved the highest scores across all metrics, in-
dicating that the popularity-to-satisfaction ratio is a strong predictor of
e-sports popularity.

* Satisfaction/Popularity performed moderately but not as well as the inverse
ratio, suggesting that the popularity degree plays a more significant role
when used as the numerator.

– P3: Ranking by Weighted Composite Scoring (Method 3)

* As the weight shifts from popularity degree to satisfaction degree (from (Pop-
ularity × 0.9 + Satisfaction × 0.1) to (Popularity × 0.1 + Satisfaction × 0.9)),
there is an overall decrease in performance, emphasizing the importance of
popularity degrees in the ranking.

* The combination of (Popularity × 0.4 + Satisfaction × 0.6) achieved high
scores in MRR, MAP, and nDCG@10, comparable to the maximum method (B3).

The author conducted two hypothesis tests to statistically validate the performance
differences between ranking methods for popular e-sports. The Friedman test was chosen
because the author needs to compare multiple related samples (different ranking methods)
on the same dataset, and it does not assume a normal distribution of the data [50]. The
Wilcoxon Signed-Rank test was chosen for pairwise comparisons because it is suitable for
comparing matched pairs of observations and is robust against non-normal distributions,
which is common in ranking evaluation metrics [51]. These tests were conducted as follows:

• Friedman Test for Overall Method Comparison

– Null Hypothesis (H0): All ranking methods perform equally well.
– Alternative Hypothesis (H1): At least one method performs differently.
– Result: χ2(6) = 14.92, p < 0.021, indicating that significant differences exist

between methods.

• Wilcoxon Signed-Rank Tests for Pairwise Comparisons

Comparing the P2: Popularity/Satisfaction method with other methods:

– P2 vs. B1: Z = −2.366, p = 0.018
– P2 vs. B2: Z = −2.521, p = 0.012
– P2 vs. B3: Z = −2.197, p = 0.028
– P2 vs. P1: Z = −2.668, p = 0.008
– P2 vs. P3 (best): Z = −2.103, p = 0.035

The statistical analysis confirms that the P2: Popularity/Satisfaction method signifi-
cantly outperforms other methods for all metrics (p < 0.05 for all comparisons), supporting
this conclusion about its effectiveness in ranking popular e-sports.

Based on these findings and supported by the statistical significance tests, the P2:

Popularity/Satisfaction method is identified as the most effective method for ranking
popular e-sports. It achieves the highest scores across all evaluation metrics (MRR: 0.378,
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MAP: 0.700, nDCG@5: 0.684, nDCG@10: 0.895 in bold in Table 6). It indicates that
the relative relationship between popularity degree and satisfaction degree is critical in
determining the popularity of e-sports, effectively identifying e-sports that both are well
known and meet user expectations.

5.3.2. Ranking Accuracy Results for Niche E-Sports

The proposed recommendation system extracted only nine “niche” e-sports, with the
ranking accuracy results presented in Table 7. The popularity degree was adjusted using
(1 − P(c)) as described in Section 4.2.2 to account for the low popularity of niche e-sports.
The weight w in Equation (10) was similarly adjusted from 0.9 to 0.1 in increments of 0.1
for Method 3 (P3: Weighted Composite Scoring).

Table 7. Ranking accuracy results for niche e-sports by rank-aware metrics, MRR, MAP, nDCG@5,
and nDCG@9.

Methods MRR MAP nDCG@5 nDCG@9

Baseline

B1: 1 − P(c) by Equation (1) 0.356 0.823 0.786 0.905
B2: P(c) by Equation (2) 0.321 0.696 0.640 0.858
B3: max(P(c), S(c)) 0.329 0.730 0.684 0.910
B4: min(P(c), S(c)) 0.348 0.751 0.684 0.905

Proposed

P1: (1 − P(c))× S(c) by Equation (7) 0.353 0.691 0.684 0.910
P2: (1 − P(c))/S(c) by Equation (8) 0.384 0.877 0.530 0.767
P2: S(c)/(1 − P(c)) by Equation (9) 0.235 0.605 0.515 0.747
P3: O(c) by Equation (10) (w = 0.9) 0.344 0.786 0.786 0.900
P3: O(c) by Equation (10) (w = 0.8) 0.367 0.822 0.830 0.933
P3: O(c) by Equation (10) (w = 0.7) 0.353 0.775 0.830 0.933
P3: O(c) by Equation (10) (w = 0.6) 0.353 0.775 0.830 0.933
P3: O(c) by Equation (10) (w = 0.5) 0.353 0.775 0.684 0.910
P3: O(c) by Equation (10) (w = 0.4) 0.353 0.691 0.684 0.910
P3: O(c) by Equation (10) (w = 0.3) 0.326 0.719 0.640 0.871
P3: O(c) by Equation (10) (w = 0.2) 0.326 0.719 0.640 0.871
P3: O(c) by Equation (10) (w = 0.1) 0.324 0.711 0.640 0.871

From the ranking accuracy results for niche e-sports in Table 7, the author analyzed
the results for each method and summarized them as follows:

• Baseline Methods

– B1: Ranking by Popularity Degrees achieved high performance in all metrics,
particularly in MAP and nDCG@9, confirming that using (1-Popularity) could
effectively identify niche e-sports, which typically have lower awareness.

– B2: Ranking by Satisfaction Degrees showed relatively lower performance,
particularly in nDCG@5 and nDCG@9, suggesting that satisfaction degrees alone
may not adequately rank niche e-sports.

– B3: Ranking by Maximum of Popularity and Satisfaction Degrees and B4:

Ranking by Minimum of Popularity and Satisfaction Degrees both achieved
high scores in nDCG@9 (0.910 and 0.905, respectively), but showed average
performance in other metrics.

• Proposed Methods

– P1: Ranking by Multiplicative Scoring (Method 1) achieved the highest score in
nDCG@9 (0.910), indicating that the multiplicative combination performs well in
identifying the relevance of the top niche e-sports, although performance declined
in other metrics.

– P2: Ranking by Relative Strength Scoring (Method 2)
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* (1-Popularity)/Satisfaction achieved the highest scores in MRR (0.384) and
MAP (0.877) but lower scores in nDCG@5 (0.530) and nDCG@9 (0.767). It
suggests that while the ratio method is effective for top-ranked e-sports, it
may have less impact on overall ranking relevance.

* Satisfaction/(1-Popularity) performed poorly across all metrics, indicating
that it is not an effective method for ranking niche e-sports.

– P3: Ranking by Weighted Composite Scoring (Method 3)

* Weights Biased Towards (1-Popularity) showed that higher emphasis on
(1-Popularity) resulted in improved performance across all metrics with the
combination of ((1-Popularity) × 0.8 + Satisfaction × 0.2).

* Balanced Weights or Bias towards Satisfaction showed a decline in perfor-
mance as the weight shifted towards satisfaction degrees, underscoring the
critical role of (1-Popularity) in ranking niche e-sports.

To validate the performance differences between ranking methods for niche e-sports,
the author used the same statistical approach as for popular e-sports. The Friedman test

was used to detect overall differences across methods, while the Wilcoxon Signed-Rank

test was applied for pairwise comparisons. These non-parametric tests were chosen because
they are appropriate for ranking data and do not require assumptions about the underlying
distribution of the metrics. The tests were conducted as follows:

• Friedman Test for Overall Method Comparison

– Null Hypothesis (H0): All ranking methods perform equally well.
– Alternative Hypothesis (H1): At least one method performs differently.
– Result: χ2(6) = 12.84, p < 0.046, indicating that significant differences exist

between methods.

• Wilcoxon Signed-Rank Tests for Pairwise Comparisons

Comparing the P3: O(c) by Equation (10) (w = 0.8) method with other methods:

– P3 (w = 0.8) vs B1: Z = −1.992, p = 0.046
– P3 (w = 0.8) vs B2: Z = −2.366, p = 0.018
– P3 (w = 0.8) vs P1: Z = −2.197, p = 0.028
– P3 (w = 0.8) vs P2: Z = −2.521, p = 0.012

The statistical analysis confirms that P3 with w = 0.8 significantly outperforms other
methods (p < 0.05 for all comparisons), validating the choice of this weighted combination
for ranking niche e-sports.

Based on these findings and statistical validation, the degree of popularity, particularly
(1-Popularity), is crucial for effectively ranking niche e-sports. Statistical analysis confirms
that by emphasizing popularity in the scoring method (P3), the system can more accurately
identify and recommend these niche e-sports (p < 0.05 for all comparative tests). The opti-
mal scoring method is the linear combination of ((1-Popularity) × 0.8 + Satisfaction × 0.2),
which demonstrated statistically significant improvements over other methods across all
evaluation metrics, particularly in nDCG@5 (0.830) and nDCG@9 (0.933). Although the
satisfaction degree has a limited role, it remains essential to ensure that recommended
e-sports not only meet niche criteria but also achieve high user satisfaction. This statisti-
cally validated balance is critical to increasing user engagement and promoting the overall
effectiveness of the recommendation system.

5.4. Experiment 3: Verification of the Usefulness of E-Sports Rankings

In Experiment 3, a questionnaire survey was conducted to verify the usefulness of
the proposed recommendation system, which provides two distinct rankings for “popular”
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and “niche” e-sports. This survey employed a within-subjects design where the same
31 participants evaluated both popular and niche e-sports using identical criteria (inter-
est and satisfaction). This design is statistically more powerful than a between-subjects
design because it controls for individual differences [52]. The insights gained from these
rankings have potential real-world applications, such as informing the design of e-sports
platforms to increase user engagement and guiding content curation strategies to improve
audience satisfaction.

This survey did not require ethics committee approval as it did not involve animal or
human clinical trials and did not raise significant ethical concerns. The study adhered to the
ethical principles outlined in the Declaration of Helsinki. All participants were informed
of the survey’s purpose and provided their informed consent before participating. The
anonymity and confidentiality of all participants were strictly maintained, and participation
was entirely voluntary.

The survey involved 31 university students in their 20s, including 15 participants
from Japan and 16 from China. Participants answered the following 11 specific questions
in the questionnaire [53] while browsing the “popular” e-sports ranking based on the
P2: Popularity/Satisfaction method and the “niche” e-sports ranking based on the P3:

Weighted Composite Scoring (with w = 0.8) method, which achieved the best results in
Experiment 2, as described in Section 5.3. This experiment not only tests the practical
effectiveness of the newly introduced scoring methods from a technical point of view but
also measures their perceived value and user satisfaction in real-world scenarios.

• Questions Regarding Popular E-Sports Ranking

– Q1 : Please indicate your overall level of satisfaction with the popular e-sports
ranking presented.

– Q2 : Are you interested in any of the e-sports listed in the popular e-sports ranking?
– Q3 : Do the e-sports listed in the popular e-sports ranking match the ones you

usually play, watch, or participate in?
– Q4 : If there are any e-sports you would like to see in the popular e-sports ranking,

please specify.

• Questions Regarding Niche E-Sports Ranking

– Q5 : Please indicate your overall level of satisfaction with the niche e-sports
ranking presented.

– Q6 : Are there any e-sports from the niche e-sports ranking that have made you
take a new interest in them?

– Q7 : Did you discover any new e-sports within the niche e-sports ranking?
– Q8 : If there are any e-sports you would like to see included in the niche e-sports

ranking, please specify.

• Overall Feedback

– Q9 : Please indicate your overall satisfaction with both the “popular” and “niche”
e-sports rankings.

– Q10 : What improvements would you like to see in future rankings?
– Q11. : Please feel free to write any additional comments or opinions you may have.

Participants represented a range of e-sports fans with diverse experiences, including
playing (17: 54.8%), watching online (live stream) (27: 87.1%), and attending e-sports events
in person (11: 35.5%). Their responses provided insights into their satisfaction with the
current “popular” and “niche” e-sports rankings, interest levels (high: 18, neutral: 11,
low: 2), and how well the rankings aligned with their personal preferences.
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5.4.1. Survey Results for Popular E-Sports Rankings

This sub-subsection provides a detailed analysis of survey responses to Q1 through
Q4 from 31 participants regarding their experiences with the popular e-sports rankings.
The key metrics examined include overall satisfaction, interest in specific popular e-sports,
alignment of rankings with user preferences, and participants’ suggestions of e-sports for
future inclusions in the rankings.

• Satisfaction with Popular E-Sports Ranking (Q1). As shown in Figure 3a, the major-
ity of the participants (58.1%) expressed satisfaction with the popular e-sports ranking,
indicating a generally positive reception. The high level of satisfaction suggests that
the rankings effectively meet the participants’ expectations for popular e-sports con-
tent. However, 32.3% of the participants remained neutral, possibly due to limited
engagement with the e-sports currently listed. Only 6.5% of the participants expressed
dissatisfaction, and 3.2% reported extreme dissatisfaction, reflecting an overall pos-
itive response to the rankings. Further statistical analysis of the satisfaction ratings
provided more detailed insights: the mean satisfaction score is 3.71 out of 5 (SD = 0.60),
and the 95% confidence interval is [3.49, 3.94]. The distribution shows a consistent
pattern, with 16 participants rating 4 (Satisfied), 10 rating 3 (Neutral), and 2 rating 5
(Very Satisfied).

Figure 3. Survey results for popular e-sports ranking: (a) Q1: overall satisfaction levels for popular
e-sports ranking, (b) Q2: interest in ranked popular e-sports, (c) Q3: popular e-sports ranking
alignment with user preferences, and (d) correlation between interest and satisfaction levels.

• Interest in Specific Popular E-Sports (Q2). Figure 3b illustrates that 87.1% of the
participants showed interest in popular e-sports within the ranking, with 35.5% in-
terested in multiple e-sports and 51.6% interested in one or two specific e-sports.
The remaining 12.9% indicated minimal interest, possibly due to particular e-sports
preferences. These findings suggest that the popular e-sports rankings effectively
engage most users.
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• Popular E-Sports Ranking Match with Preferred Activities (Q3). In Figure 3c, the
majority of the participants (74.2%) felt that the ranking only partially matched their
own e-sports preferences and activities. Only 12.9% of the participants felt that their
preferences and activities were accurately reflected in the ranking. The remaining
12.9% felt that the ranking barely matched their activities, indicating an apparent dis-
connect for this subset of users. This disconnect highlights the potential for a broader
range of e-sports or customizable rankings to better cater to diverse user preferences.

• E-Sports Suggested for Inclusion in Popular Ranking (Q4). Participants frequently
mentioned e-sports such as Super Smash Bros. (3 mentions), Dota 2 (2 mentions), and
eFootball (2 mentions), indicating a strong participant interest in these competitive
e-sports. Other suggestions included Counter-Strike 2, PUBG: BATTLEGROUNDS,
CSOL, and Hearthstone, demonstrating a desire for a wider variety of e-sports in the
rankings. Including these e-sports could further align the rankings with participant
preferences and improve overall satisfaction.

• Correlation between Interest and Satisfaction Levels. As shown in Figure 3d, the
analysis reveals that 63.0% of the participants interested in the popular e-sports rank-
ing reported being satisfied or very satisfied, compared with only 50.0% for those not
interested. Neutral responses were higher among those not interested in the popular
e-sports ranking (50.0%) than those interested (29.6%), suggesting indifference or less
emotional investment among this group. Only 7.4% of the interested participants
expressed dissatisfaction, while none of the uninterested participants expressed dis-
satisfaction, possibly due to lower expectations or a lack of concern about ranking
details. These findings are consistent with the Pearson correlation result of 0.309,
which indicates a moderate positive relationship between interest and satisfaction
with popular e-sports rankings. The results suggest that participants with a strong
interest in popular e-sports rankings feel more engaged and satisfied with the rankings
provided, although the moderate correlation indicates that other factors may also
contribute to user satisfaction.

• Regional Preferences for Popular E-Sports. Figure 4 compares regional preferences
for popular e-sports between Japanese and Chinese participants as follows:

Figure 4. Regional preferences for popular e-sports ranking: Japan vs. China.

– Satisfaction Levels: Chinese participants reported higher overall satisfaction
(68.8%) with fewer neutral responses (18.8%), reflecting a more positive reception
of popular e-sports rankings. In contrast, the lack of dissatisfaction among
Japanese participants reflects a more balanced but less engaged response.
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– Interest Levels: Interest in popular e-sports was higher among Chinese partic-
ipants (43.8%) compared with Japanese participants (26.7%). The significantly
lower rate of disinterest among Chinese participants (6.3%) suggests that the
ranking of popular e-sports has greater overall appeal in this region.

– User Preferences: Both regions strongly aligned with user preferences, with
93.8% of the Chinese participants reporting higher satisfaction with the popular
e-sports ranking.

5.4.2. Survey Results for Niche E-Sports Rankings

This sub-subsection provides a detailed analysis of survey responses to questions Q5

through Q8 from 31 participants regarding their experiences with niche e-sports rankings.
The key metrics examined include overall satisfaction, interest in niche e-sports, discovery of
ranked e-sports, and participants’ suggestions of e-sports for future inclusions in the rankings.

• Satisfaction with Niche E-Sports Ranking (Q5). As shown in Figure 5a, over half
of the participants (51.6%) expressed satisfaction with the rankings, suggesting a
generally positive reception. However, 45.2% remained neutral, indicating limited
engagement likely due to a lack of familiarity with niche e-sports. Only 3.2% of
the participants expressed dissatisfaction, with no participants expressing extreme
discontent, suggesting that the rankings are widely accepted. A detailed statistical
analysis of the niche e-sports satisfaction ratings showed that the mean satisfaction
score is 3.60 out of 5 (SD = 0.62), with 95% Confidence Interval: [3.38, 3.82]. The ratings
were evenly distributed with 14 participants each rating 3 (Neutral) and 4 (Satisfied)
and 2 rating 5 (Very Satisfied).

Figure 5. Survey results for niche e-sports ranking: (a) Q5: overall satisfaction levels for niche e-sports
ranking, (b) Q6: interest in ranked niche e-sports, (c) Q7: discovery of niche e-sports in ranking, and
(d) correlation between interest and satisfaction levels.
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• Interest in New Niche E-Sports (Q6). Figure 5b shows that approximately half
of the participants (54.8%) developed an interest in the niche e-sports listed in the
rankings. Among them, 19.4% expressed interest in multiple e-sports, while 35.5%
were interested in one or two e-sports. The remaining 45.2% showed little interest,
likely due to a lack of familiarity or preference for niche e-sports, indicating potential
areas for improvement in introducing these e-sports.

• Discovery of Niche E-Sports in Ranking (Q7). Figure 5c reveals that 61.3% of the
participants found new content through the rankings, with 9.7% discovering entirely
new e-sports and 51.6% learning about previously unfamiliar e-sports. However,
35.5% indicated prior familiarity, and 3.2% found nothing new, suggesting that the
niche rankings partially achieved their goal of recommending lesser-known e-sports.

• E-Sports Suggested for Inclusion in Niche Ranking (Q8). Participants frequently
mentioned Clash Royale (2 mentions), indicating a specific interest, while Starcraft and
MahjongSoul reflect a desire for diverse genres. This feedback supports introducing
e-sports from various genres to better align with user preferences.

• Correlation between Interest and Satisfaction Levels. As shown in Figure 5d, partici-
pants interested in the niche e-sports ranking expressed a significantly higher level
of satisfaction (70.6%) compared with those who were uninterested (28.6%). This
finding highlights a stronger connection between interest and satisfaction for niche
e-sports. A high proportion of uninterested participants (64.3%) expressed neutral
feelings, indicating a lack of emotional investment in the niche e-sports ranking. While
no dissatisfaction was reported among participants interested in the niche e-sports
ranking, a small proportion of uninterested participants (7.1%) expressed dissatis-
faction, possibly reflecting unmet expectations or indifference. The strong Pearson
correlation result of 0.406 for niche e-sports rankings further supports the conclusion
that user satisfaction is more strongly influenced by interest in niche e-sports when
compared with popular e-sports. These results emphasize the critical role of interest
in determining satisfaction, particularly for niche e-sports where engagement often
depends on more dedicated and focused user communities.

• Regional Preferences for Niche E-Sports. Figure 6 compares regional preferences for
niche e-sports between Japanese and Chinese participants as follows:

Figure 6. Regional preferences for niche e-sports ranking: Japan vs. China.

– Satisfaction Levels: Japanese participants (60.0%) reported more satisfaction
than Chinese participants (43.8%). However, many Chinese participants (56.3%)
expressed neutrality, indicating less emotional engagement with the rankings.
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– Interest Levels: Interest levels were similar across both regions, though Japanese
participants were slightly more engaged in multiple niche e-sports (20.0% vs.
18.8%). Nearly half of the participants from both groups were not interested in
niche e-sports.

– Familiarity: Chinese participants had a higher discovery rate (75.0%) than
Japanese participants (46.7%). It suggests that the niche e-sports rankings may be
more effective in introducing new content in China.

5.4.3. Survey Results for Overall Feedback

This sub-subsection analyzes survey responses to questions Q9 through Q11 from
31 participants, focusing on their overall satisfaction with the popular and niche e-sports
rankings and their suggestions for improvement.

• Overview of Satisfaction with Popular and Niche Rankings (Q9). As shown in
Figure 7a, 58.1% of the participants expressed satisfaction (either very satisfied or
satisfied) with the rankings, indicating a generally positive reception. Nearly one-
third of the participants (35.5%) were neutral, suggesting that they may not have
strong opinions or expectations for further improvements. Only two participants
(6.5%) expressed dissatisfaction, with no participants indicating strong dissatisfaction,
highlighting broad acceptance of the rankings. Participants’ overall satisfaction was
high for both popular and niche e-sports rankings, with mean satisfaction scores of
3.71 (SD = 0.60) and 3.60 (SD = 0.62), respectively, indicating comparable levels of
user satisfaction. Further statistical analysis confirmed these findings. The effect
size (Cohen’s d = 0.19) between satisfaction ratings for popular and niche rankings
indicates a slight practical difference, as values less than 0.2 are considered small
effect sizes [54]. Combined with 95% confidence [3.49, 3.94] for popular e-sports
ranking and [3.38, 3.82] for niche e-sports ranking, this result suggests that participants’
satisfaction levels were not significantly influenced by whether the rankings featured
popular or niche e-sports. This finding supports the validity of using the same
participant group to evaluate both ranking types, as their responses demonstrated
consistent engagement and satisfaction across both contexts, reinforcing the robustness
of the results.

Figure 7. Survey results for overall feedback: (a) Q9: overall satisfaction levels; (b) Q10: improvement
suggestions.

• Suggestions for Future Improvement (Q10). In Figure 7b, almost one-third of the
participants (32.3%) emphasized the need to diversify the rankings by including
more genres and styles. Approximately 40% of the participants expressed concerns
about improving the accuracy of popular e-sports rankings, indicating a desire for
fairness and credibility. Additionally, 22.6% of the participants expressed interest in
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a more extensive coverage of niche e-sports, reflecting demand for innovative and
lesser-known content.

• Additional Feedback (Q11). Participants desired more diverse ranking criteria, in-
cluding factors related to time, platforms, and player experience. Specific feedback
included requests for the inclusion of Nintendo-related games, leading to the following
suggestions:

– Ranking Standards: Suggestions included classifying rankings by year (e.g., 2023 vs.
2022) and considering gameplay innovation or community impact in the rankings.

– Platform-Based Ranking: Participants expressed interest in rankings by platform,
such as mobile, PC, and video games.

– E-Sports Inclusion: It was requested to include Nintendo-related games in
the ranking.

– Focus on Player Experience: Many participants preferred to play e-sports rather
than watch them.

• Regional Analysis for Overall Satisfaction and Suggestions. Figure 8 compares over-
all satisfaction and suggestions between Japanese and Chinese participants, revealing
notable regional differences as follows:

– Satisfaction Levels: Chinese participants showed significantly higher satisfaction
(75.0%) than Japanese participants (40.0%). This difference suggests that the
current ranking system aligns more closely with the preferences of the Chinese
participants. A large proportion of the Japanese participants (46.7%) expressed
neutral feelings, while 13.3% reported dissatisfaction, indicating that the ranking
system may not fully meet their expectations and that targeted improvements
are needed.

– Improvement Suggestions: Both Japanese and Chinese participants emphasized
the need for diversity and improved accuracy in popular rankings, reflecting
a common desire for a more inclusive and accurate ranking system. A higher
proportion of Chinese participants (31.3%) suggested increasing niche e-sports
compared with Japanese participants (13.3%), indicating a regional preference
for niche content. Japanese participants made specific suggestions for platform-
based rankings (e.g., mobile, PC, video games) and the inclusion of Nintendo-
related games, while Chinese participants recommended chronological rankings
(e.g., annual rankings), highlighting the importance of current gaming trends
in China.

Figure 8. Regional differences in satisfaction levels and improvement suggestions: Japan vs. China.
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6. Discussion

This section discusses the factors that influence popular and niche e-sports rankings
based on the experimental results presented in Section 5, providing valuable findings about
user preferences and the effectiveness of ranking methods. These findings indicate different
patterns in how users perceive and interact with popular versus niche e-sports, suggesting
improvements and future research directions.

6.1. Popular E-Sports Rankings

The ranking accuracy results showed that popularity is a primary factor in determining
the rankings of popular e-sports, consistent with existing literature on user preferences for
widely known content. However, this study contributes new insights by demonstrating the
effectiveness of the relative strength scoring method (P2: Popularity-to-Satisfaction Ratio),
which has not been extensively explored in previous work [15] for e-sports recommenda-
tions. This ratio effectively highlights how user interest is influenced not only by popularity
but also by satisfaction, providing a more nuanced understanding of ranking mechanisms.

Future research could investigate why the popularity-to-satisfaction ratio is so in-
fluential, possibly examining underlying psychological or social factors. Additionally,
future studies should explore large-scale data integration using distributed computational
systems to address scalability and real-world implementation challenges. For example,
using cloud-based services to process large datasets of user engagement metrics would
provide insight into the robustness and scalability of the system. It would help ensure the
applicability of the system in real-world settings.

6.2. Niche E-Sports Rankings

In contrast, the ranking accuracy results showed that niche e-sports rankings depend
more on low popularity than satisfaction. It suggested that users associate niche e-sports
more with less known than extreme satisfaction. The weighted composite scoring method
(P3: (1-Popularity) × 0.8 + Satisfaction × 0.2), which assigns greater weight to low
popularity while moderately weighting satisfaction, achieved the best performance across
the evaluation metrics. Unlike previous studies primarily focused on satisfaction with
niche content, this study reveals a novel relationship between low popularity and user
preferences for niche e-sports. Specifically, the results show that users value the uniqueness
and novelty of low-popularity e-sports rather than high satisfaction. This observation
highlights an underexplored dimension of e-sports rankings and suggests that perceived
novelty plays a larger role in niche markets than previously reported.

These findings suggested that the perceived uniqueness of niche e-sports is more
relevant than satisfaction in determining their attractiveness. Interestingly, satisfaction only
influences rankings up to a certain threshold, beyond which its influence diminishes. It
is consistent with users’ perceptions that niche e-sports are valued primarily for novelty
and uniqueness. Further enhancement could involve incorporating regional and cultural
diversity in niche e-sports data collection, as identified in the regional customization
suggestion, ensuring greater inclusivity and cultural relevance.

6.3. Experimental Design

The design of the survey questions, while adjusted for logical sequencing, needs to
be more robust due to the novelty of this study and the absence of published frameworks
tailored explicitly to the context of e-sports recommendation systems. It has resulted in a
questionnaire that may not fully align with both general frameworks for survey design and
established theoretical and methodological principles. To address this, the author plans to
collaborate with experts in fields such as social psychology and behavioral economics to
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adopt existing frameworks for designing more robust and comprehensive questionnaires,
thereby improving the overall validity and reliability of the research.

6.4. Suggestions for Improvement

To enhance the ranking system and its applicability in real-world settings, the follow-
ing technical improvements are recommended:

• Dynamic and Adaptive Algorithms: Developing advanced machine learning tech-
niques, such as reinforcement learning and neural networks, to create algorithms
that adapt to real-time changes in user behavior and evolving preferences within
the e-sports community. Additionally, integrating APIs for retrieving live data will
allow the system to respond dynamically to sudden spikes in interest and ensure
responsiveness to live trends.

• Enhance Data Diversity: Expanding the system to include data from other platforms
besides Twitter, such as YouTube, Twitch, and Reddit. It will provide a more complete
picture of user preferences and trends.

• Address Real-World Scalability: Implementing distributed computing and storage so-
lutions can ensure that the system effectively handles large volumes of data, improving
scalability and reliability.

• Refine Ranking Criteria: Developing a comprehensive ranking system incorporating
dynamic modeling to account for both short-term spikes in interest and long-term
growth patterns will improve the system’s accuracy and sustainability.

6.5. Practical Implications

The statistical analysis of the survey results from Experiment 3 described in Section 5.4
provides actionable insights for e-sports stakeholders, including platform operators, game
developers, and marketers. These findings guide the practical application of ranking systems
and user engagement strategies that can also be extended to other digital content domains.

• Ranking System Design:

– The comparable satisfaction levels between popular (Mean = 3.71, SD = 0.60) and
niche (Mean = 3.60, SD = 0.62) e-sports rankings, supported by the small effect size
(Cohen’s d = 0.19), suggest that a single, unified platform can effectively serve both
markets. Developers should consider integrating rankings for popular and niche
e-sports into a centralized, user-friendly dashboard to enhance accessibility and
user experience. For example, platforms like Steam or Tencent can integrate both
popular and niche e-sports rankings into a single interface, allowing users to toggle
between rankings and improving accessibility and user satisfaction efficiently.

– The overlapping confidence intervals ([3.49, 3.94] for popular e-sports ranking
and [3.38, 3.82] for niche e-sports ranking) demonstrate that transparent, data-
driven ranking algorithms can ensure consistency and trustworthiness in user
evaluations across different categories. Stakeholders should prioritize algorithm
transparency to build user confidence by openly communicating the logic behind
ranking mechanisms. It can include publishing detailed methodology or algorithmic
transparency reports on platform websites and building trust through openness.

These insights emphasize the potential for creating ranking systems that cater effec-
tively to diverse user preferences while maintaining consistency and accessibility.

• Market Segmentation Strategy:

– The significant regional differences in satisfaction (Chinese participants: 75.0%
vs. Japanese participants: 40.0%) highlight the importance of localized content
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strategies. For example, platforms targeting Japanese audiences should prioritize
Nintendo-related games, while those targeting Chinese users can focus on MOBA
e-sports. To operationalize this, platforms like Tencent or Nintendo can develop
dedicated landing pages or featured content sections tailored to each region,
further enhancing user engagement by focusing on regional interests.

– Analyzing user demographics when curating rankings can optimize audience
reach and engagement. Stakeholders should regularly evaluate regional trends
to adapt their offerings dynamically. Platforms like Steam can also run region-
specific surveys to gather direct user feedback and optimize content offerings.

These findings stress the value of demographic analysis in tailoring content strategies
to maximize regional user satisfaction and engagement.

• Content Discovery Optimization:

– The high discovery rate among Chinese participants (75.0% vs. 46.7% for Japanese
participants) suggests the effectiveness of region-specific content recommendation
algorithms. Platforms should invest in machine learning models that leverage
regional data to offer personalized content recommendations. For example,
platforms like Tencent can train algorithms to recommend MOBA games for
Chinese users and Nintendo games for Japanese users based on behavioral trends
and preferences specific to each region.

– Maintaining diverse content categories is critical for sustaining user engagement,
as evidenced by the balanced distribution of satisfaction ratings across ranking
types. Broadening content diversity should remain a core strategy for platform
operators, potentially through partnerships with diverse game publishers, which
can ensure a rich catalog of e-sports to attract different user segments.

These results indicate that region-specific and diverse content discovery mechanisms
are key to engaging and retaining users across various demographics.

• User Engagement Enhancement:

– The moderate correlation between interest and satisfaction (Pearson correlation:
0.406 for niche e-sports ranking) highlights the importance of personalized rec-
ommendations. Platforms can use predictive analytics, such as collaborative
filtering or decision trees, to forecast user preferences and adjust rankings to
improve engagement. For example, platforms might analyze users’ interactions
to recommend niche e-sports that align with their interests and viewing habits.

– The distribution of user ratings (16 Satisfied, 10 Neutral, 2 Very Satisfied for pop-
ular e-sports ranking) provides benchmarks for setting measurable engagement
goals. Regularly tracking these metrics and implementing feedback mechanisms
will help stakeholders refine user engagement strategies.

These findings underscore the need for data-driven, personalized engagement strate-
gies to boost user satisfaction and platform loyalty.

These practical implications demonstrate the utility of the findings in enhancing
e-sports platforms and provide a foundation for broader applications in digital content
curation and user engagement across other industries. By implementing these recom-
mendations, stakeholders can create more effective, inclusive, and user-centric digital
ecosystems, ultimately driving growth and satisfaction in the e-sports industry.

6.6. Limitations and Future Research Directions

While this study provides valuable insights, it should acknowledge several limitations
to contextualize its findings and guide future research:
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• Sample Size Constraints:

– The survey was limited to 31 participants, which is sufficient for preliminary
findings but has limitations regarding the generalizability of the results.

– Future research should involve the following:

* Expand the sample size using scalable methods such as cloud-based or
crowdsourced surveys. It will provide a broader perspective and improve
the generalizability of the findings.

* Incorporate participants from diverse demographic and socio-economic back-
grounds to capture a more holistic view of user preferences.

* Conduct longitudinal studies to capture evolving preferences and trends.
For example, multi-year studies can track how user preferences shift with
the introduction of new e-sports genres or platforms.

• Geographic Limitations:

– The current study focused exclusively on Japanese and Chinese participants,
which limits its applicability to other e-sports markets.

– Future studies should involve the following:

* Include participants from other major regions, such as North America, Eu-
rope, and Southeast Asia. It will help capture global trends and enhance the
applicability of the findings.

* Investigate cultural and socio-economic factors that shape e-sports prefer-
ences in different regions. Understanding these factors can help platforms
like Twitch or YouTube tailor content recommendations for specific regions.

* Analyze regional market dynamics to inform globally relevant strategies. For
instance, studying how North American preferences for FPS games differ from
East Asian trends in MOBA games can guide platform-specific offerings.

• Methodological Limitations:

– The survey questions may not fully capture user preferences’ complex and multi-
faceted nature.

– Future research should involve the following:

* Develop standardized frameworks for measuring user satisfaction and inter-
est in e-sports, enabling more precise comparisons across different studies.

* Incorporate qualitative research methods, such as interviews or focus groups,
to gain deeper insights into user motivations.

* Validate survey-based findings with experimental or behavioral studies to
ensure robustness. For example, controlled experiments can measure user
satisfaction more accurately by simulating ranking interfaces.

• Data Source Limitations:

– This study relied solely on Twitter data, which may not fully represent the broader
e-sports audience.

– Future studies should involve the following:

* Integrate data from multiple platforms, such as YouTube, Twitch, or Reddit,
for a more comprehensive view. Cross-platform data can provide deeper
insights into user behavior.

* Develop cross-platform analytics techniques to account for varying user
behaviors across platforms.

90



Electronics 2025, 14, 94

* Examine the impact of platform-specific features on user engagement and
satisfaction. For example, Twitch’s live chat may provide unique insights
into real-time user interactions.

• Technical Implementation Limitations:

– The ranking system used in this study does not support real-time adjustments,
which limits its adaptability to dynamic user preferences.

– Future developments should involve the following:

* Implement advanced machine learning algorithms to enable dynamic, real-
time ranking updates. For example, reinforcement learning models can
adjust rankings based on real-time user feedback.

* Design scalable system architectures to accommodate large-scale user data
and provide better real-time performance.

* Develop APIs to facilitate seamless integration with third-party applications
and platforms.

By addressing these limitations, future research can build on the current study to
advance the understanding of e-sports user behavior and develop more robust, adaptive,
and inclusive systems for the industry.

7. Conclusions

The increasing influence of social media and the widespread availability of the Internet
have significantly impacted e-sports. While popular e-sports have received considerable
attention, niche e-sports still need to be studied more. This study addressed the challenge
of identifying and recommending popular and niche e-sports by proposing a Twitter-based
ranking system that combines popularity and satisfaction metrics. By utilizing Twitter
metadata, including user IDs, followers, followees, engagements, and impressions, the
system effectively captured the dynamics of e-sports preferences and provided two distinct
rankings for popular e-sports and niche e-sports.

The findings demonstrated the effectiveness of the social media-driven ranking system
in addressing diverse user needs in the evolving e-sports environment. Analysis of the
experimental results revealed that popularity was the most critical factor for ranking
popular e-sports, as higher popularity significantly increased their perceived importance.
The popularity-to-satisfaction ratio emerged as a particularly effective metric for reflecting
user preferences. For niche e-sports, rankings benefited from prioritizing lower popularity
degrees, emphasizing novelty and uniqueness while ensuring that satisfaction met a
minimum threshold. These insights highlight the contrasting factors that drive user interest
in popular versus niche e-sports.

Despite the promising results, this study has several limitations. The sample size in
Experiment 3 was constrained to 31 participants, affecting the findings’ generalizability.
However, the balanced mix of Japanese and Chinese participants provided preliminary
insights into regional differences. Expanding future experiments through cloud-based
surveys targeting larger e-sports communities will enhance the reliability of the findings
and address scalability issues.

This study also emphasized the significance of regional customization, as preferences
varied between Japanese and Chinese participants. This variability highlighted the po-
tential of SNS-based systems to adapt rankings to diverse cultural and regional contexts,
promoting broader user engagement. Furthermore, while the study validated the sys-
tem’s effectiveness in a small-scale setting, further discussion on scalability is necessary.
Incorporating distributed computing frameworks, such as cloud-based solutions, will
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enable the system to handle large-scale datasets, ensuring its practical applicability in
real-world environments.

Future studies will include multi-platform analysis to increase the comprehensiveness
of this research. By incorporating data from Twitch, Discord, and potentially other plat-
forms, the author aims to account for platform-specific variations—for instance, real-time
audience engagement on Twitch and community-driven discussions on Discord. This
approach will facilitate a more holistic understanding of e-sports ecosystems and further
validate the robustness of the proposed ranking system. In addition, dynamic modeling ap-
proaches that account for both short-term spikes in interest and long-term growth patterns
could improve the system’s predictive accuracy and sustainability.

Future research should also explore additional data dimensions, such as tournament
statistics, user engagement metrics, and audience demographics, to refine the ranking
methodology further. Enhancing user interaction through feedback mechanisms will be
critical for maintaining the relevance and credibility of the system. By addressing these
aspects, SNS-based recommendation systems can continue to bridge the gap between
popular and niche e-sports, promoting inclusivity, scalability, and growth within the e-
sports ecosystem.
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Abbreviations

The following abbreviations are used in this manuscript:

COVID-19 coronavirus disease 2019
E-Sports electronic sports
FPS first-person shooter
MAE mean absolute error
MAP mean average precision
MMR matchmaking rating
MOBA multiplayer online battle arena
MRR mean reciprocal rank
nDCG normalized discounted cumulative gain
RMSE root mean squared error
RPGs role-playing games
SNS social networking services
TPS third-person shooter
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8. Baltezarević, R.; Baltezarević, V.; Baltezarević, I. The Role of Digital Marketing in the Esports Industry. Acta Ludologica 2023,
6, 28–45. [CrossRef]

9. Adomavicius, G.; Tuzhilin, A. Toward the next generation of recommender systems: A survey of the state-of-the-art and possible
extensions. IEEE Trans. Knowl. Data Eng. 2005, 17, 734–749. [CrossRef]

10. Pazzani, M.J.; Billsus, D., Content-Based Recommendation Systems. In The Adaptive Web: Methods and Strategies of Web
Personalization; Springer: Berlin/Heidelberg, Germany, 2007; pp. 325–341. [CrossRef]

11. Koren, Y.; Bell, R.; Volinsky, C. Matrix Factorization Techniques for Recommender Systems. Computer 2009, 42, 30–37. [CrossRef]
12. Li, Y.; Wang, C.; Liu, J. A Systematic Review of Literature on User Behavior in Video Game Live Streaming. Int. J. Environ. Res.

Public Health 2020, 17, 3328. [CrossRef]
13. El Afi, F.; Ouiddad, S. The Rise of Video-Game Live Streaming: Motivations and Forms of Viewer Engagement. In Proceedings of

the HCI International 2021-Posters; Stephanidis, C., Antona, M., Ntoa, S., Eds.; Springer: Cham, Switzerland, 2021; pp. 156–163.
[CrossRef]

14. Ma, Z.; Gu, B. The influence of firm-Generated video on user-Generated video: Evidence from China. Int. J. Eng. Bus. Manag.
2022, 14, 1–17. [CrossRef]

15. Wang, Y. E-Sports Recommendation Based on Degrees of Popularity and Satisfaction Using SNS Data. In Proceedings of the 2024
18th International Conference on Ubiquitous Information Management and Communication (IMCOM), Kuala Lumpur, Malaysia,
3–5 January 2024; pp. 1–5. [CrossRef]

16. Hong, H.J. eSports: The need for a structured support system for players. Eur. Sport Manag. Q. 2023, 23, 1430–1453. [CrossRef]
17. Felfernig, A.; Wundara, M.; Tran, T.; Le, V.; Lubos, S.; Polat-Erdeniz, S. Sports recommender systems: Overview and research

directions. J. Intell. Inf. Syst. 2024, 62, 1125–1164. [CrossRef]
18. Kurashima, T.; Bessho, K.; Toda, H.; Uchiyama, T.; Kataoka, R. Ranking Entities Using Comparative Relations. In Proceedings of

the Database and Expert Systems Applications; Bhowmick, S.S., Küng, J., Wagner, R., Eds.; Springer: Berlin/Heidelberg, Germany,
2008; pp. 124–133. [CrossRef]

19. Oku, K.; Nakajima, S.; Miyazaki, J.; Uemura, S.; Kato, H. A Context-aware Ranking Method Based on User’s Value Judgement
Model for Information Recommendation. IPSJ Trans. Databases (TOD) 2009, 2, 57–80. (In Japanese)

20. Oku, K.; Nakajima, S.; Miyazaki, J.; Uemura, S.; Kato, H. A Ranking Method based on Users’ Contexts for Information Recom-
mendation. In Proceedings of the 2nd International Conference on Ubiquitous Information Management and Communication,
Suwon, Republic of Korea, 31 January–1 February 2008; Association for Computing Machinery: New York, NY, USA, 2008;
ICUIMC ’08, p. 289–295. [CrossRef]

21. Achilleos, A.; Konstantinides, A.; Alexandrou, R.; Markides, C.; Zikouli, E.; Papadopoulos, G.A. A Web Platform and a Context
Aware Recommender System for Active Sport Events. In Proceedings of the 21st International Conference on Innovations for
Community Services (I4CS), Bamberg, Germany, 26–28 May 2021; Krieger, U.R., Eichler, G., Erfurth, C., Fahrnberger, G., Eds.;
Springer: Berlin/Heidelberg, Germany, 2021; pp. 183–197. [CrossRef]

22. Khajeheian, D.; Kolli, S. Digital games get viral on social media: A social network analysis of Pokémon Go on Twitter. Int. J. Web
Based Communities 2020, 16, 262–278. [CrossRef]

23. Mallari, K.; Williams, S.; Hsieh, G. Understanding Analytics Needs of Video Game Streamers. In Proceedings of the 2021
CHI Conference on Human Factors in Computing Systems, Virtual, 8–13 May 2021; ACM: New York, NY, USA, 2021; CHI ’21.
[CrossRef]

93



Electronics 2025, 14, 94

24. Jo, H.; Shin, S.A. Investigating viewer engagement in esports through motivation and attitudes toward metaverse and NFTs. Sci.
Rep. 2024, 14, 19934. [CrossRef]

25. Barney, J.; Pennington, N. An exploration of esports fan identity, engagement practices, and motives. Telemat. Inform. Rep. 2023,
11, 100081. [CrossRef]

26. Di Virgilio, F.; Soliman, M.; Anwar ul Haq, M.; Fantini, S. Analysing Users’ Engagement with eSports Team: Does Covid-19
Matter? In HR Analytics and Digital HR Practices: Digitalization Post COVID-19; Mondal, S.R., Di Virgilio, F., Das, S., Eds.; Springer
Nature: Singapore, 2022; pp. 243–271. [CrossRef]

27. Wang, X.; You, X.; Xu, Y.; Zheng, J. Online posting intention: Do the social communication and brand equity of esports matter?
Int. J. Sport. Mark. Spons. 2024, 25, 161–187. [CrossRef]

28. Kozaki, Y.; Wang, Y.; Kawai, Y. Generating Pictorial Maps for Tourists using Flickr Photo Data. In Proceedings of the 2018 IEEE
7th Global Conference on Consumer Electronics, Nara, Japan, 9–12 October 2018; GCCE ’18, pp. 403–407. [CrossRef]

29. Wang, Y.; Yue, W. Proposal and Evaluation of a Pictorial Map Generation Method based on Degrees of Popularity and Satisfaction
for Tourist Spots using SNS Photos. J. Jpn. Pers. Comput. Appl. Technol. Soc. 2021, 16, 1–10. (In Japanese) [CrossRef]

30. Barman, N.; Zadtootaghaj, S.; Schmidt, S.; Martini, M.G.; Möller, S. An objective and subjective quality assessment study of
passive gaming video streaming. Int. J. Netw. Manag. 2020, 30, e2054. [CrossRef]

31. Esports Charts. Everything About the Esports Popularity. Available online: https://escharts.com/ (accessed on 3 October 2024).
32. Statista. eSports Market Revenue Worldwide from 2020 to 2025. Available online: https://www.statista.com/statistics/490522

/global-esports-market-revenue/ (accessed on 3 October 2024).
33. Ito, E.; Yabutani, R. Relationships between Specialization Factors and Sport and Video Game Experiences among E-sport Players.

J. Jpn. Soc. Sport. Ind. 2021, 31, 4_457–4_464. (In Japanese) [CrossRef]
34. Jenny, S.E.; Keiper, M.C.; Taylor, B.J.; Williams, D.P.; Gawrysiak, J.; Manning, R.D.; Tutka, P.M. eSports Venues: A New Sport

Business Opportunity. J. Appl. Sport Manag. 2018, 10, 34–49. [CrossRef]
35. Williams, D.; Yee, N.; Caplan, S.E. Who Plays, How Much, and Why? Debunking the Stereotypical Gamer Profile. J. Comput.-

Mediat. Commun. 2008, 13, 993–1018. [CrossRef]
36. Himmelstein, D.; Liu, Y.; Shapiro, J.L. An Exploration of Mental Skills among Competitive League of Legend Players. Int. J.

Gaming Comput.-Mediat. Simul. 2017, 9, 21. [CrossRef]
37. Chang, J.; Lee, D. Changes in user experience and satisfaction as media technology evolves: The reciprocal relationship between

video games and video game-related media. Technol. Forecast. Soc. Chang. 2022, 174, 121219. [CrossRef]
38. Huang, Y.; Kim, D.; Ko, Y.J. The Effect of Livestreaming Esports Media on Viewer Satisfaction, Flow Experience, and Media

Loyalty. Commun. Sport 2023, 12, 1–4. [CrossRef]
39. Przybylski, A.K.; Rigby, C.S.; Ryan, R.M. A Motivational Model of Video Game Engagement. Rev. Gen. Psychol. 2010, 14, 154–166.

[CrossRef]
40. Bányai, F.; Griffiths, M.D.; Király, O.; Demetrovics, Z. The Psychology of Esports: A Systematic Literature Review. J. Gambl. Stud.

2019, 35, 351–365. [CrossRef]
41. @XDevelopers. Getting Started with the Twitter API v2 for Academic Research. Available online: https://github.com/

xdevplatform/getting-started-with-the-twitter-api-v2-for-academic-research (accessed on 28 October 2022).
42. Twitter Inc. Twitter API (Version 2) Documentation. Available online: https://developer.twitter.com/en/docs/twitter-api

(accessed on 15 October 2024).
43. Twitter Inc. Twitter Engagement API Documentation. Available online: https://developer.twitter.com/en/docs/metrics/get-

tweet-engagement/overview (accessed on 15 October 2024).
44. Stringhini, G.; Wang, G.; Egele, M.; Kruegel, C.; Vigna, G.; Zheng, H.; Zhao, B.Y. Follow the Green: Growth and Dynamics in

Twitter Follower Markets. In Proceedings of the 2013 Conference on Internet Measurement Conference, Barcelona, Spain, 23–25
October 2013; ACM: New York, NY, USA, 2013; IMC ’13, pp. 163–176. [CrossRef]

45. Muñoz-Expósito, M.; Oviedo-García, M.Á.; Castellanos-Verdugo, M. How to measure engagement in Twitter: Advancing a
metric. Internet Res. 2017, 27, 1122–1148. [CrossRef]

46. Newzoo International B.V. Game Performance Monitor. Available online: https://newzoo.com/game-performance-monitor
(accessed on 28 December 2022).

47. Voorhees, E.M. The TREC-8 Question Answering Track Report. In Proceedings of the 8th Text REtrieval Conference. National
Institute of Standards and Technology (NIST), Gaithersburg, MD, USA, 17–19 November 1999; Volume 99, TREC-8, pp. 77–82.

48. Baeza-Yates, R.; Ribeiro-Neto, B. Modern Information Retrieval; ACM Press Books; ACM Press: New York, NY, USA, 1999.
49. Wang, Y.; Wang, L.; Li, Y.; He, D.; Liu, T.Y. A Theoretical Analysis of NDCG Type Ranking Measures. In Proceedings of the 26th

Annual Conference on Learning Theory, Princeton, NJ, USA, 12–14 June 2013; Shalev-Shwartz, S., Steinwart, I., Eds.; PMLR:
Cambridge, MA, USA, 2013; Volume 30, pp. 25–54.

94



Electronics 2025, 14, 94

50. Friedman, M. The Use of Ranks to Avoid the Assumption of Normality Implicit in the Analysis of Variance. J. Am. Stat. Assoc.
1937, 32, 675–701. [CrossRef]

51. Woolson, R.F., Wilcoxon Signed-Rank Test. In Wiley Encyclopedia of Clinical Trials; John Wiley & Sons, Ltd.: Hoboken, NJ, USA,
2008; pp. 1–3. [CrossRef]

52. Kim, J.S. Within-subjects design. In Encyclopedia of RESEARCH Design; SAGE Publications, Inc.: Thousand Oaks, CA, USA, 2010;
pp. 1639–1644. [CrossRef]

53. Wang, Y. User Satisfaction Survey. Available online: https://forms.gle/BAfxE3z2dP7sHMXn8 (accessed on 11 November 2024).
54. Lakens, D. Calculating and reporting effect sizes to facilitate cumulative science: A practical primer for t-tests and ANOVAs.

Front. Psychol. 2013, 4, 863. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

95



Article

Hyperledger Fabric-Based Multi-Channel Structure for Data
Exchange in Internet of Vehicles

Yiluo Liu 1,*, Yaokai Feng 2,* and Kouichi Sakurai 2,*

1 Graduate School of Information Science and Electrical Engineering, Kyushu University,
Fukuoka 819-0395, Japan

2 Faculty of Information Science and Electrical Engineering, Kyushu University, Fukuoka 819-0395, Japan
* Correspondence: liuyiluo16@gmail.com (Y.L.); fengyk@ait.kyushu-u.ac.jp (Y.F.);

sakurai@inf.kyushu-u.ac.jp (K.S.)

Abstract: The rapid growth of the Internet of Vehicles (IoV) requires secure, efficient, and
reliable data exchanges among multiple stakeholders. Traditional centralized database
systems can hardly address the challenges associated with data privacy, integrity, and
scalability in this decentralized ecosystem. In this paper, we propose a Hyperledger Fabric-
Based Multi-Channel Structure to overcome these limitations. By leveraging the blockchain
architecture, the system ensures data confidentiality and integrity by segregating data
into exclusive channels and enabling different organizations to collaborate. Cross-channel
communication ensures security when data are interacted with. Chaincodes automate
transactions and enhance trust between participants. Our functional tests and performance
tests by using Hyperledger Caliper verified the effectiveness of the system in real-world
scenarios, highlighting its advantages over traditional systems in terms of decentralization,
transparency, and security. Future work will focus on enhancing the user experience
and integrating the system with edge computing. Eventually, attempts will be made to
operationalize it in real-world environments.

Keywords: hyperledger fabric; multi-channel blockchain; Internet of Vehicles (IoV); decen-
tralized systems; chaincode

1. Introduction

1.1. Internet of Vehicles (IoV)

IoV, one of the rapidly developing areas of the Internet of Things, is transforming the
modern transportation landscape by enabling real-time communication between vehicles,
infrastructure, and other entities such as manufacturers and service providers [1]. In IoV,
vehicles equipped with sensors and communication systems can relay data about their
location, speed, and even the occurrence of potential hazards, such as sudden braking or
adverse weather conditions [2]. When this information is shared with other connected vehi-
cles and traffic management systems, it can increase awareness among all the participants
in the network, reducing the likelihood of accidents and making more informed decisions.
Beyond safety, connected vehicles can revolutionize urban mobility by optimizing traffic
flow, reducing congestion, and improving parking resource management [3].

However, IoV faces significant challenges related to the secure and efficient sharing
of data between different stakeholders. The current centralized systems create data silos
that lead to fragmentation and limited interoperability [4]. In addition, these centralized
systems are prone to data breaches that compromise sensitive information such as vehicle
status, driver behavior, and insurance records. The lack of a standardized, transparent, and
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trustworthy platform further hinders collaboration among stakeholders and reduces the
efficiency of operational processes [5]. Therefore, there is a need for an approach to build a
secure, transparent, and interoperable data-sharing platform that fosters trust, ensures data
privacy, and improves efficiency within the connected car ecosystem.

1.2. Blockchain

Blockchain technology was first introduced in 2008 to support the cryptocurrency
Bitcoin and has since attracted significant interest due to its potential to revolutionize
industries beyond finance [6]. In a blockchain network, data are stored in consecutive
blocks that are linked together to form a chain. Each block contains a set of transactions or
messages that are verified and encrypted by a network of distributed participants, often
called nodes or miners. Once a block is added to the chain, it becomes immutable, ensuring
that the recorded data cannot be modified or deleted, thus providing a tamper-proof
and secure ledger [7]. Nowadays, blockchain technology has emerged as a revolutionary
solution to the challenge of secure and transparent data sharing across industries. Its
decentralized, immutable, and tamper-proof nature makes it particularly suitable for
managing sensitive data and ensuring trust between untrusted parties. Blockchain enables
seamless information sharing among multiple stakeholders, ensuring data integrity and
traceability while protecting privacy [8].

1.3. Hyperledger Fabric (HLF)

HLF is an open-source blockchain framework developed by the Linux Foundation as a
part of the Hyperledger Project specifically to meet the needs of enterprise-class blockchain
applications [9]. Unlike public blockchains that rely on open participation and resource-
intensive consensus mechanisms, HLF is designed to operate as a permissioned blockchain,
where only authorized entities are allowed to join the network. This permissioned architec-
ture makes it particularly suitable for environments such as connected car networks, where
privacy and controlled participation are critical [10].

One of the main advantages of the HLF is its use of smart contracts, called “chaincode”
in Hyperledger terminology. Chaincode defines and automates business logic, ensuring
that transactions between participants are executed according to predefined rules [11].
Chaincode is executed in Docker containers, ensuring isolation and security for each in-
stance. It runs on peer nodes and interacts with the ledger via the Fabric chaincode lifecycle.
The Fabric chaincode lifecycle provides a well-defined process for managing chaincode,
including packaging, installing, approving, and committing. This ensures that chaincode
deployment is secure and that all the participating organizations reach a consensus before
activation. Users or applications invoke chaincode functions to perform specific opera-
tions, such as querying data or submitting a transaction [9,12]. Chaincode is crucial for
implementing the business logic for different channels in our multi-channel architecture.
Each channel has its own chaincode to handle channel-specific data and policies, ensuring
isolated and efficient data operations. This automated and secure contract management
process simplifies complex workflows in connected vehicle networks, including the man-
agement of vehicle status, insurance policy claims, and parking facilities. This is particularly
useful when participants need to establish trust in a decentralized network without relying
on a central authority.

In addition, HLF’s channel is a defining feature that sets it apart from other blockchain
solutions. Channels in HLF can be thought of as private “sub-networks” within a larger
blockchain network [13]. Channels enable organizations to share data securely without
exposing it to the entire network. Only the members of a channel can access its ledger
and participate in transactions. It means that access to a channel’s data and chaincode is

97



Electronics 2025, 14, 572

restricted to its members. Transactions in one channel have no impact on other channels,
ensuring operational independence [9]. In a network of connected vehicles, data generated
by sensors, usage patterns, and maintenance logs may require different access rights for
different stakeholders. HLF’s endorsement policy adds additional security by allowing
organizations to specify which members must approve a transaction before it becomes part
of the ledger [10].

1.4. Motivation and Challenges

The rapid proliferation of Internet-connected vehicles and the emergence of the IoV
have revolutionized the transportation system, enabling vehicles to share data such as
traffic conditions, operational status, and environmental information in real time. How-
ever, the increasing reliance on data sharing poses significant challenges related to data
privacy, security, trust, and scalability that traditional centralized systems have struggled
to effectively address [14].

Blockchain technology, with its decentralization, offers promising solutions to these
challenges [8]. In particular, HLF has strong scalability while ensuring efficient and secure
transactions [10]. By leveraging this technology, our research aims to design a blockchain-
based system that can handle the complex requirements of IoV, such as real-time data
exchange, privacy protection, and scalability while building trust among different stake-
holders, such as manufacturers, insurance companies, and traffic authorities.

Despite the potential of blockchain technology, there are still a number of challenges
waiting to be resolved in order to build a robust and efficient system for IoV [15]:

• Data Security: IoV involves sensitive data such as vehicle location, operational status,
and user identity. Ensuring that data are shared securely and only with authorized
parties without compromising user privacy is a complex challenge.

• Performance: IoV generates large amounts of data in real time, requiring blockchain
systems to handle high transaction throughput while keeping latency low. The design
must address the trade-off between decentralization and performance.

• Trust Among Stakeholders: Building trust in a decentralized environment with differ-
ent stakeholders such as manufacturers, insurance companies, and traffic authorities
requires strong consensus mechanisms and governance models.

• Data Isolation: The isolation of specific data ensures the rights and interests of different
organizations. Blockchain systems need to develop functionality that is tailored to the
specific needs of the organization to ensure the proper management of specific data.

1.5. Our Contributions

In this paper, we propose a blockchain-based system architecture for IoV using HLF.
Our contributions are summarized as follows:

• Multi-Channel Design: We introduce a multi-channel architecture in HLF specifically
tailored for IoV. In the system, different types of data are exchanged across multiple
channels involving various organizations. Each channel is dedicated to specific types
of data such as vehicle status, insurance policies, and traffic conditions. This approach
allows different stakeholders to collaborate efficiently while maintaining strict access
control policies.

• Cross-Channel Communication using Chaincode: We develop and implement cross-
channel communication using chaincodes, which is a key aspect of our multi-channel
approach. This allows for the secure querying and exchanging of data across different
channels. For instance, vehicle status data from one channel can be queried by a
related insurance policy channel. Chaincode can enhance the system’s capability and
provide a comprehensive data management solution.
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• Functional Testing: Self-defined node parameters ensure that organizations can choose
the number of nodes according to their needs. Chaincode deployment and testing
ensure stable information exchange between organizations. By implementing and
testing our multi-channel system in a real blockchain environment, from deployment
to functionality, we demonstrate its scalability, feasibility, and reliability.

• Performance Analysis: We conduct performance tests in different situations, even
including high-pressure situations. We test the main functions of the proposed system.
The results validate the system’s ability to handle high transaction volumes while
ensuring stable performance across diverse workloads. At the same time, it is also an
important process for our system to approach the real environment.

2. Literature Review

Blockchain-based product traceability systems are receiving increasing attention from
industry and academia. Ding et al. [16] proposed a permissioned blockchain-based double-
layer framework for a product traceability system that addresses key challenges such as
privacy protection, scalability, and regulatory compliance. In their framework, the consor-
tium blockchain serves as the main layer, sharing product traceability information among
organizations and allowing consumers to access the data, while a private blockchain is
used for sensitive data storage within each enterprise. Unlike traditional single-layer sys-
tems, the double-layer framework separates data entry from data sharing. This separation
enhances the scalability of the system and ensures better performance when handling a
large number of transactions. In addition, the double-layer structure allows regulatory
agencies to participate in the traceability process, which enriches traceable information and
improves the reliability and credibility of the system.

Hussain et al. [17] proposed a blockchain-enabled secure communication framework
aimed at enhancing trust and access control within the IoV ecosystem. The framework
includes two core modules: a vehicle registration system and a message alert generation
system, which use smart contracts to ensure the secure interaction of autonomous vehicles.
A key aspect of their solution is the use of Ethereum’s decentralized environment to manage
interactions, ensuring that vehicle data integrity and reliability are maintained throughout
the communication. The proposed framework introduces a decentralized design that
leverages the proof-of-stake (PoS) consensus mechanism to handle transaction validation,
which reduces computational overhead compared to proof of work (PoW). This makes the
system more energy efficient and suitable for real-time vehicle-to-vehicle communication,
an essential feature in IoV scenarios where efficiency and timely data exchanges are critical.

Ndzimakhwe et al. [18] present an innovative approach to solving privacy and data
integrity issues within electronic health record (EHR) systems by employing HLF as the
foundational technology. HLF allows for granular privacy control, ensuring that only
authorized participants have access to particular datasets. This aligns with the privacy
requirements critical in healthcare environments. Chaincode in the framework manages
user permissions effectively. This contract-driven mechanism supports fine-grained access
controls, enabling users to grant and revoke data access permissions dynamically. This
system guarantees data immutability, meaning any changes to the health records are
securely logged in a transparent yet privacy-preserving manner. The relevance of this
study to connected vehicle networks lies in its demonstration of how HLF can manage
sensitive data in a secure, distributed manner, with a high emphasis on privacy and
selective data sharing.

Novo [19] explores a decentralized access control system leveraging blockchain tech-
nology to manage IoT devices. Traditional centralized access control systems are identified
as limited in their scalability and adaptability, especially in dynamic IoT scenarios. The
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proposed architecture addresses these limitations by eliminating reliance on central au-
thorities. It can ensure mobility, scalability, and transparency in access control. This work
highlights a blockchain-based system where IoT device access policies are enforced through
a single smart contract. This reduces overhead and enhances policy management. Also, IoT
devices remain independent of the blockchain network while managers enforce policies.
This ensures scalability and cross-domain adaptability. By using lightweight mechanisms
and a management hub, the system caters to constrained IoT devices while maintaining
security and data integrity.

3. System Design

The proposed system focuses on secure and trustworthy data exchange between vari-
ous stakeholders, such as vehicle manufacturers, insurance companies, service stations, and
regulatory bodies. We leverage the features of HLF—particularly its channel architecture,
consensus mechanisms, and chaincode—to provide the necessary security, privacy, and
efficiency in vehicle data management.

3.1. System Architecture

As shown in Figure 1, our HLF-based system is composed of several components that
work together to enable a decentralized and secure environment for data exchange.

Figure 1. Structure of our proposal.

3.1.1. Organizations and Peer Nodes

In HLF, each stakeholder is represented by an organization [9]. Our system consists of
nine organizations. Org1 represents the vehicle manufacturer and holds the running status
of the vehicle. Org2 and Org3 are also manufacturers. But, they are below Org1. In other
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words, Org2 and Org3 can also be branches of Org1. Org4 stands for a vehicle insurance
company. It holds the insurance status of the vehicle. Org5 and Org6 are like Org2 and Org3;
they are also branches of Org4. Finally, Org7 stands for the traffic management department.
It has information on real-time road conditions and surrounding facilities, such as parking
lots, etc. Org8 and Org9 belong to the subordinate departments of Org7. Each organization
has its own peer node that is responsible for executing chaincode, endorsing transactions,
and maintaining the distributed ledger. Each peer node is linked to its organization’s
membership service provider (MSP), which ensures proper identity management [10].
Multiple peer nodes can exist within each organization for information storage and sharing.
For testing purposes, we set up only one node per organization.

3.1.2. Orderer Nodes

Our system employs a distributed ordering service consisting of three orderer nodes
Orderer1, Orderer2, and Orderer3. We use the etcd Raft consensus protocol to ensure fault
tolerance and maintain consistency across the network [20]. The orderers are responsible for
collecting transactions from different organizations, ordering them, and then creating blocks
to be distributed to peers. These orderer nodes are distributed among the stakeholders to
avoid centralization, thereby providing resilience to failures and attacks.

3.1.3. Channels

One of the critical aspects of our system is the use of multi-channel architecture to
achieve data isolation, privacy, and efficient communication. The channels allow different
groups of organizations to share data without exposing it to unauthorized entities. There
are four channels in our system.

Channel A serves as the central channel for the entire system. It connects the exchange
of information between different organizations. It realizes the sharing of different kinds of
information across organizations. For example, the traffic management department can
call the insurance information of specific vehicles through Channel A. For security and
authority reasons, only main organizations can join Channel A. Branches, such as Org2 and
Org3, and subsidiaries cannot join.

Channel B includes Org1, Org2, and Org3. They share information about the real-time
status of the vehicle, such as position, speed, etc., within the channel. Figure 2 shows the
structure of the real-time state of the vehicle that we set up during the testing phase.

Figure 2. Data structure of vehicle status.

Channel C includes Org4, Org5, and Org6. It serves as a conduit between insurance
companies, primarily for the sharing of vehicle insurance information. Figure 3 shows the
structure of the insurance information.

Channel D includes Org7, Org8, and Org9. It serve as a conduit between the traf-
fic management department and subordinate departments to share information such as
real-time road conditions and surrounding facilities. In our testing, we set up real-time
information on parking lots. Figure 4 shows the structure.
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Figure 3. Data structure of insurance.

Figure 4. Data structure of parking lot and traffic condition.

3.1.4. Certificate Authority (CA)

CA plays a crucial role in establishing identity management, authentication, and
authorization. CA is a fundamental component for managing identities and securing
communication in the HLF network. Each organization has its own CA to issue digital
certificates and keys, ensuring secure identity management and mutual authentication
among the nodes.

The CA issues digital certificates to peers, orderers, and clients, which serve as crypto-
graphic credentials for verifying identities. The CA issues Transport Layer Security (TLS)
certificates to peers, orderers, and clients, enabling encrypted communication between
network components. This ensures that data transmitted over the network remains secure
and prevents unauthorized access. Also, the CA can revoke certificates when necessary,
such as when a participant’s credentials are compromised. This ensures that revoked
participants cannot access or interact with the network.

Here is the workflow of CA. Participants are first registered with the CA, which
assigns them identity attributes. During enrollment, the CA generates a key pair and
issues a certificate to the participant. HLF’s MSP uses CA-issued certificates to manage
identities within the blockchain network. MSP ensures that only valid identities interact
with the network. TLS certificates secure communication between peers, orderers, and
clients. Additionally, multi-channel architecture ensures that only authorized members
access specific channel data.

3.1.5. Docker and CouchDB

Our system is deployed using Docker for container orchestration. Docker provides
a scalable and manageable environment for a distributed blockchain network. All peers,
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orderers, and CAs are deployed as Docker containers. This ensures easy deployment,
isolation, and scalability. It allows each organization to manage its resources independently.

Meanwhile, each peer node in the network maintains a ledger and uses CouchDB as
the state database. The integration of CouchDB with peer nodes facilitates the efficient
querying of vehicle and service-related data.

3.2. Consensus

The consensus protocol used in this system is the etcd Raft consensus protocol. It
is a key feature of HLF to ensure the ordering of transactions in a secure and efficient
manner [20]. This protocol is particularly well suited for enterprise blockchain applications
where resilience and stability are critical.

In the system, etcd Raft achieves consensus through a leader election process. One
node is elected as the leader, and it coordinates all the transactions among the other nodes,
which act as followers. This leader-based mechanism ensures that the transactions are
processed in a sequential manner, minimizing conflicts and ensuring data integrity. The
leader is responsible for proposing transaction blocks. Once a majority of the nodes (the
followers) agree on the proposed block, it is committed to the blockchain [13].

In our system setup, three orderer nodes are deployed as part of the etcd Raft consen-
sus group. Each orderer node runs an instance of the etcd Raft protocol to replicate data
and to ensure that all the nodes have the same view of the ledger. This setup enhances the
fault tolerance of the network. It allows the system to continue operating even if one or
two of the orderer nodes fail.

3.3. Chaincode

In our system, the chaincode is written in the Go language. The lifecycle of chaincode
deployment follows several steps. It begins with packaging and installation. Then, each
organization will approve it. Finally, the chaincode will be committed to the channel. This
process ensures that the defined logic is agreed upon and trusted by all the participants [9].
Figure 5 shows the structure of chaincodes in our system. Basically, as the central channel,
Channel A operates the UnifiedQuery() function to query data from Channels B, C, and
D. Meanwhile, Channels B, C, and D operate the Create(), Query(), Update(), and Delete()
functions to process the data.

Figure 5. Chaincode structure.
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3.3.1. Channel A

In Channel A, the chaincode is designed to facilitate cross-channel queries that enable
Channel A to interact with information present in Channels B, C, and D. Before querying,
the client’s identity and permissions are verified using the MSP of the respective organiza-
tion. TLS encryption ensures that the communication between the client and the peer nodes
is secure. The system leverages HLF’s inter-channel capabilities, called InvokeChaincode
API, to fetch information about vehicles, insurance policies, traffic conditions, and parking
facilities from different channels. The request is forwarded to the chaincode associated
with Channel A. Then, the chaincode processes the request and interacts with CouchDB
to fetch the required data. The chaincode retrieves the queried data and returns it in a
structured format, such as JSON, to the client.

The chaincode includes functions for querying vehicle status and history from Channel
B, querying insurance policy information from Channel C, and querying traffic conditions
and parking facility data from Channel D. The chaincode is shown in Algorithm 1.

Algorithm 1: Chaincode in Channel A

Input: Transaction Context (ctx), various identifiers (vehicleID, policyID, facilityID,
location, localTime)
Output: String representing the result of the cross-channel query or error message

function QueryVehicleStatus(ctx, vehicleID)
args = [ChannelBQuery, vehicleID]
response = ctx.InvokeChaincode(ChainCodeBName, args, ChannelB)
if (response is invalid) then

return response.Message
end if

return response.Payload
end function

function UnifiedQuery(ctx, channel, action, id, localTime)
clientMSP = ctx.GetClientIdentity().GetMSPID()
if (call channel B but MSP is not Org1MSP) then

return “Only Org1 can query Channel B”
else if (call channel C but MSP is not Org4MSP) then

return “Only Org4 can query Channel C”
else if (call channel D but MSP is not Org7MSP) then

return “Only Org7 can query Channel D”
end if

switch channel:
case ChannelB:

if (action is VehicleStatus) then
return QueryVehicleStatus(ctx, id)

else if (action is VehicleStatusHistory) then

return QueryVehicleStatusHistory(ctx, id)
end if
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Algorithm 1: Cont.

case ChannelC:
if (action is InsurancePolicy) then

return QueryInsurancePolicy(ctx, id)
else if (action is InsurancePolicyHistory) then

return QueryInsurancePolicyHistory(ctx, id)
end if

case ChannelD:
if (action is TrafficCondition) then

return QueryTrafficCondition(ctx, id, localTime)
else if (action is ParkingFacility) then

return QueryParkingFacility(ctx, id)
end if

end switch

return error

end function

The chaincode related to the query is used to retrieve information from Channels B, C,
and D. Their structure is similar, thus we only show QueryVehicleStatus() in Algorithm
1. It accepts vehicleID as input and then invokes the chaincode on Channel B to obtain
the data. The output is the current status of the vehicle, such as location. Also, The
UnifiedQuery() function acts as a generic entry point that allows users to access multiple
query types through a single function call. Based on the input parameters, this function will
dynamically decide which specific query function to call. This simplifies user interaction
with the system and provides a streamlined method to access multiple datasets across
different channels.

3.3.2. Channels B, C, and D

The chaincode in channels B, C, and D offers a set of functions to perform CRUD
(Create, Read, Update, and Delete) operations and historical queries. Algorithm 2 shows
the chaincode in Channel B. For additions, the implementation of CRUD in Channel C and
D is the same as in B. Therefore, we only show the algorithm in Channel B.

Algorithm 2: Chaincode in Channel B

Input: VehicleID, Location, Speed, FuelLevel, Battery, Timestamp
Output:

- Confirmation of success or failure
- Requested Vehicle Status or History

function CreateVehicleStatus(vehicleID, location, speed, fuelLevel, battery, timestamp)
if (this vehicle ID already exists) then

return “Error: Vehicle already exists”
end if

create vehicleStatus
serialize vehicleStatus to JSON
store JSON in Ledger[vehicleID]

end function
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Algorithm 2: Cont.

function QueryVehicleStatus(vehicleID)
fetch data from Ledger[vehicleID]
if (data is NULL) then

return “Error: Vehicle not found”
end if

deserialize data to VehicleStatus
return VehicleStatus

end function

function UpdateVehicleStatus(vehicleID, location, speed, fuelLevel, battery, timestamp)
if (vehicle does not exist) then

return “Error: Vehicle not found”
end if

update status
serialize vehicleStatus to JSON
store JSON in Ledger[vehicleID]
return “Vehicle status updated successfully”

end function

function DeleteVehicleStatus(vehicleID)
if (vehicle does not exist) then

return “Error: Vehicle not found”
end if

delete Ledger[vehicleID]
return “Vehicle status deleted successfully”

end function

function VehicleStatusExists(vehicleID)
fetch data from Ledger[vehicleID]
return data is not NULL

end function

function QueryVehicleHistory(vehicleID)
fetch history from Ledger[vehicleID]
if (History is empty) then

return “No history available”
end if

deserialize history to List[VehicleStatus]
return List[VehicleStatus]

end function

These functions ensure the complete lifecycle management of the vehicle status data.
CreateVehicleStatus() adds a new vehicle status record to the ledger and validates that
the VehicleID does not already exist. Finally, it encodes the data as JSON and writes it
to the ledger. QueryVehicleStatus() retrieves the latest status for a given vehicle. It can
decode JSON data. UpdateVehicleStatus() updates an existing vehicle record. It can modify
the fields and write the updated JSON back to the ledger. DeleteVehicleStatus() deletes
a vehicle status record. It can verify the record exists before removing it from the ledger.
Chaincodes in Channel C and D have similar structures.
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3.4. Use Cases

The proposed system involves diverse stakeholders, such as vehicle manufacturers,
insurance companies, and traffic management departments. They need to exchange data in
a secure, transparent, and efficient way. The multi-channel blockchain system is designed to
address these challenges by enabling isolated yet interconnected communication between
these entities. To illustrate the practicality and effectiveness of the proposed architecture,
we present two representative use cases: accident management and Parking Assistance.
These scenarios demonstrate how the multi-channel design optimizes data flow. The
detailed workflows below highlight the advantages of the system and its potential for
real-world applications.

3.4.1. Accident Management

Accident management is a critical aspect of IoV, requiring collaboration between vehi-
cle manufacturers, insurance companies, and traffic management departments. Accident
data are shared only with relevant parties through their respective channels.

Accident Detection: A vehicle detects an accident using onboard sensors, such as
collision detection or sudden deceleration, and records the event. The vehicle’s onboard
system sends the traffic details through facilities with communication capabilities, such
as Roadside Units, to relevant nodes in Channel D, the traffic management department's
channel, and the vehicle’s status to nodes in Channel B, the manufacturers’ channel.

Data Sharing Across Channels: The vehicle manufacturer verifies the accident report
and updates the vehicle’s status on Channel B. Meanwhile, the traffic management also
verifies the report. At this time, the vehicle’s status is shared with the traffic management
department through Channel A.

Traffic and Emergency Management: Traffic management will take appropriate actions
based on the vehicle’s status obtained from Channel A and the traffic details in Channel D.

Insurance Processing: Insurance companies can query relevant data through Channel
C to verify the accident situation to implement the claims process. Using immutable
blockchain records, claims processes can reduce the risk of fraud.

Post-Accident Actions: Once the accident is resolved, all the records can be stored in
the blockchain. Immutable accident records enhance trust among all the parties.

3.4.2. Parking Assistance

Efficient parking management is another vital use case for IoV, involving real-time
data sharing between vehicles and traffic management departments.

Parking Availability: The traffic management department collects vehicle status and
location information through Channel A from vehicle manufacturers and basic parking
information in Channel D to generate real-time parking information, including location,
total spots, available spots, and pricing.

Parking Request: Traffic management departments can send real-time parking infor-
mation to drivers through facilities with communication capabilities, such as Roadside
Units. Drivers can request this kind of information by using the onboard system.

Parking Information Update: When a vehicle decides on a parking location, the real-
time status of the vehicle is uploaded into the system. The traffic management department
can update the parking information at any time by obtaining the vehicle status information
through Channel A. When the vehicle leaves the parking location, the parking information
can also be updated.

Optional Payment Method: The insurance company can also query vehicles’ parking
records through Channel A while the vehicle decides the parking location. The driver can
decide to include the parking bill in the insurance bill and pay it with the insurance.
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4. Deployment and Testing

4.1. Deployment

Before testing our system, the deployment of the HLF network and chaincode is an
important step.

4.1.1. Deployment of HLF Network

In this section, we outline the step-by-step process for deploying a HLF network to
support our proposed multi-channel system. The deployment involves generating crypto-
graphic materials, configuring the network structure, creating channels, and connecting
peers from different organizations to their respective channels. Below, we detail each step
of the deployment process.

Step 1: We use the cryptogen tool to create cryptographic certificates for all the network
entities [9]. These materials are critical for creating secure communication and identity
verification. By using this tool, we can create MSP directories and TLS certificates for peers
and orderers.

Step 2: We use the configtxgen tool to define the structure and policies of the network. In
total, we create the genesis block, which defines the orderer and consortium configurations,
and configuration files for application channels and for updating the anchor peers of each
organization in each channel.

Step 3: We submit the channel configuration transactions to the orderer to create
channels. In this step, the peer channel create command is used for creating each channel.

Step 4: It is necessary to connect peers from various organizations to their respective
channels. We need to set the peer’s MSP, TLS root certificate, and address and use the peer
channel join command to associate each peer with the appropriate channel block.

Step 5: The peer channel update command is used to update transactions to designate
specific peers as anchor peers.

4.1.2. Deployment of Chaincode

This section describes the process of deploying and activating chaincode on the
HLF network. Chaincode, which implements the business logic of the system, must be
packaged, installed, approved, and committed across all the relevant organizations within
their respective channels. This ensures consensus on the chaincode’s configuration and
enables its functions to be executed securely on the blockchain. The following steps outline
the detailed deployment process.

Step 1: We need to package the chaincode into a format suitable for distribution across
the network [9]. The chaincode is developed using Go in our system. The peer lifecycle
chaincode package command is used to package the chaincode into the .tar.gz file. This file
contains all the chaincode source code and metadata.

Step 2: The packaged chaincode is installed on all the peer nodes of the participating
organizations in the respective channel. For example, in Channel D, the packaged chaincode
is only installed in Org7, 8, and 9. Therefore, environment variables specific to each
organization are set to identify the target peer for installation. The peer lifecycle chaincode
install command is executed to install the chaincode package on the peer node. Once
installed, the chaincode’s unique ID is queried and stored for further approval steps.

Step 3: To ensure that all the organizations agree on the chaincode’s parameters,
each organization must approve the chaincode definition. The peer lifecycle chaincode
approveformyorg command is used in this step.

Step 4: Once all the organizations have approved, the chaincode is committed to the chan-
nel, making it active for use. In this step, the peer lifecycle chaincode commit command is used
and the peer lifecycle chaincode querycommitted command validates the chaincode deployment.
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Step 5: Finally, we can test the chaincode by invoking its functions and querying data.

4.2. Testing

In this section, we will show the results of the process of deployment and functional test.

4.2.1. Channel Creation

As shown in Figure 6, the creation of Channel A begins with initializing the endorser
and orderer connections. This confirms the communication setup between peers and the
orderer. Also, initial attempts to retrieve the channel genesis block resulted in various sta-
tuses. NOT_FOUND suggests the block was not yet created and SERVICE_UNAVAILABLE
indicates the temporary unavailability of the orderer service. After a series of retries, the
genesis block for each channel was successfully retrieved. In a nutshell, the retry mecha-
nism can ensure resilience against transient failures and the genesis block shows successful
channel creation.

 

Figure 6. Channel creation test.

4.2.2. Peer Joining Test

As shown in Figure 7, each peer successfully submitted a proposal to join the chan-
nel. The successful join operation confirms that the channel block is valid and the peers
are configured correctly to participate in the channel. These results confirm the proper
configuration of MSPs, certificates, and block files.

 

Figure 7. Peer joining test.

4.2.3. Anchor Peer Update Test

Anchor peers for each organization were updated to enable inter-organization com-
munication. As shown in Figure 8, updates to anchor peer configurations were successfully
submitted. All the anchor peer updates were processed without errors, indicating robust
coordination among the peers, orderer, and the configuration update mechanism.

 

Figure 8. Anchor peer update test.

4.2.4. Query Channel Information Test

It is necessary to query information about the four channels to verify their proper
configuration and deployment. The goal is to ensure that all the participating organizations
have successfully joined their respective channels and that the ledger state is synchronized
across peers. As shown in Figure 9, as we expected, Org1, 4, and 7 joined into Channel
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A properly. The consistent ledger height validates proper transaction propagation and
block generation across the channel. Also, “_lifecycle” shows that the chaincode lifecycle
management process is operational. Due to the excessive length of the image, Figure 9
only shows the information for Org4, omitting the information for Org1 and Org7. The
information for Org1 and Org7 is the same as for Org4, except for Endpoint and Identity.

 

Figure 9. Query channel information test.

4.2.5. Deployment of Chaincode Test

In this part, we tested the deployment, approval, and functionality of the chaincodes
across the respective channels. As shown in Figure 10, the chaincode installation succeeded
across all the peers in Channel B. Also, the generated package identifier is the same across
all the installations. It confirms successful packaging and propagation.

 

Figure 10. Chaincode installation.

Then, as shown in Figure 11, all the participating organizations, Org1, 2, and 3,
approved the chaincode definition for Channel B. It means endorsement policies and
chaincode parameters were correctly validated and accepted.
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Figure 11. Chaincode approval.

After approval, as shown in Figure 12, the chaincode was committed successfully on
all the peers in Channel B. The committed version 1.0 and sequence 1 confirm the initial
deployment. Finally, it is a functional test.

 

Figure 12. Chaincode commitment.

As shown in Figure 13, in Channel B, we operated the CreateVehicleStatus() function
to create statues in advance and the result shows that chaincode executed the CreateVe-
hicleStatus() function successfully, indicating proper function implementation. Then, by
operating the QueryVehicleStatus() function, vehicle status was retrieved successfully with
expected values. Next, by operating the UpdateVehicleStatus() function, the vehicle status
was updated correctly and the updated values were reflected in the subsequent queries. In
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the end, the history query correctly retrieved all the changes to the vehicle status. The basic
function of Channels B, C, and D is the same, so only the result of Channel B is shown here.

 

Figure 13. Functional test in Channel B.

For Channel A, which is the central channel of the system, we did a unified query test
across channels. As shown in Figure 14, we can see that the unified queries successfully
retrieved data across Channels B, C, and D. For Channel B, the query retrieves vehicle
operational data. For Channel C, the query fetches insurance policy details. And, for
Channel D, the unified query retrieves two types of data, traffic condition data, and parking
facility data. Each query is limited to its respective channel, demonstrating the privacy and
isolation features of the system. This figure serves as evidence of the system’s ability to
segregate and query channel-specific data efficiently. It also emphasizes the potential of
blockchain-based multi-channel architecture in managing diverse datasets.

 

Figure 14. Functional test in Channel A.
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5. Performance Analysis

Performance analysis is a critical aspect of evaluating the practical feasibility and
efficiency of the proposed multi-channel system. In this section, we show the setup of the
test environment and results.

5.1. Test Environment

In this work, we use Hyperledger Caliper (Caliper) to monitor the network perfor-
mance. Caliper is a performance benchmarking tool specifically designed for blockchain
platforms, including HLF. It provides a standardized way to evaluate and measure the
performance of blockchain networks under various configurations and workloads [21]. The
proposed system and performance test are implemented on a local personal computer (PC)
which has 10 CPU cores: Intel(R) Core(TM) i9-10900K 3.70 GHz, Ram 16.0 GB. PC runs the
Linux distribution Ubuntu 22.04 by using Windows Subsystem for Linux (WSL).

5.2. Performance Measurement

We focus on two indicators to measure the performance of the system. These indicators
include the number of transactions per second (TPS), known as throughput, and the latency,
which means the overall time the transactions take from issuing to the response.

5.3. Benchmark Setup

Before testing the performance, we need to set up the workspace which is related to
benchmark files. The workspace includes three parts: networks, workload, and benchmarks.
The network includes a network configuration, which contains compulsory information
about the work, such as channels, organizations, etc. The workload is the key part of
Caliper. It defines the way to interact with chaincodes. The benchmark is a configuration
file for the execution of Caliper. It defines some parameters during the process of the
performance test.

To achieve different results during the performance test, our benchmark configuration
includes the following parameters:

• Worker Numbers: Worker represents the number of threads. More workers represent
more concurrent transaction requests. However, more workers will send more trans-
actions, which may cause transactions to be cached or queued, increasing the load on
the system. We set three different values: 5, 25, and 50.

• Number of Transactions (txNumber): It defines the total number of transactions
executed during the test period. A larger number allows testing the stability of the
system over a long period of time. We set three different values: 1000, 2000, and 5000.

• Transactions Per Seconds (transactionLoad): It defines the number of transactions
sent per second. In order to test the latency and maximum throughput in different
scenarios, we set three different values: 50, 100, and 200.

• High-Pressure Test: We additionally test the system’s performance in a high-pressure
environment. We set the number of workers to 50 and the TPS to 400. In particular,
we did not use the total number of transactions. We set the total transaction duration
(txDuration) to 300 s. The purpose is to perform continuous testing over a long period
of time.

5.4. Results and Evaluation

We mainly tested the CRUD function in the system. The CRUD logic in Channels B, C,
and D is the same, so we summarize the results in five parts, Create(), Query(), Update(),
Delete(), and high-pressure test.
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5.4.1. Create()

First, to test the impact of the total number of transactions and TPS on the performance
of the system, we fix the number of workers to the default of 5. Then, we change the values
of the total number of transactions and TPS, respectively, for testing. The result is shown in
Table 1. As the TPS increases (from 50 to 200), both the send rate and throughput improve
significantly. At higher TPS (e.g., 200), the throughput approaches the send rate, indicating
that the system is efficiently processing transactions and has not yet reached a performance
bottleneck. Latency is relatively high for lower TPS (around 2 ms for TPS = 50 and 100).
At higher TPS, latency drops significantly (to ~0.6 ms). The reason may be that at higher
transaction rates, batching and block generation may optimize the overall performance,
reducing per-transaction latency. Increasing txNumber (from 1000 to 5000) while keeping
TPS fixed does not significantly affect the send rate or throughput. This suggests that the
system maintains consistent performance over larger transaction loads.

Table 1. Performance test of Create() with the fixed number of workers.

Create(): Fixed N. of Workers, Different txNumber and TPS

N. of Workers txNumber TPS Send Rate Throughput Avg Latency

5 1000
50 11.5 11.2 2.07
100 20.2 19.3 2.01
200 111.4 90.5 0.59

5 2000
50 12.5 12.4 1.66
100 22.7 22.2 1.79
200 129.3 125.6 0.65

5 5000
50 12.3 12.2 1.75
100 27.1 26.8 1.71
200 154.8 147.2 0.56

Then, to test the impact of the number of workers, we fix the number of total transac-
tions and TPS during the test process. We set 2000 transactions and 100 TPS as the fixed
parameters. The result is shown in Table 2. Increasing the number of workers leads to a
higher send rate and throughput. The reason is that additional workers generate more
concurrent transactions, effectively utilizing the network’s capacity for parallel processing.
Latency increases slightly from 1.79 ms (5 workers) to 2.05 ms (25 workers) but decreases
slightly at 50 workers (1.93 ms). The reason may be that at higher concurrency, peer and
orderer nodes process transactions more efficiently due to better batching and resource
utilization. With 50 workers, the system achieves its highest throughput while maintaining
acceptable latency, indicating that the resources are not yet saturated.

Table 2. Performance test of Create() with the fixed number of transactions and TPS.

Create(): Fixed txNumber and TPS, Different N. of Workers

txNumber TPS N. of Workers Send Rate Throughput Avg Latency

2000 100
5 22.7 22.2 1.79

25 37.1 35.8 2.05
50 39.0 38.0 1.93

5.4.2. Query()

The setup is the same as the test of the Create() function. The result of the Query()
function with the fixed number of workers is shown in Table 3. As TPS increases from 50
to 200, both the send rate and throughput increase but begin to saturate. With the fixed
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number of workers, the system achieves near-optimal performance, as indicated by the
minimal differences between the send rate and throughput across various txNumber values.
For a larger txNumber (e.g., 5000), the system maintains stable performance with high
throughput. The reported latency is essentially negligible (0.00 or 0.01 ms), indicating that
query operations are highly efficient. This is expected since queries are typically read-only
and do not involve state updates, allowing for faster execution. Therefore, increasing the
total number of transactions from 1000 to 5000 does not significantly affect throughput or
latency, demonstrating that the system scales well under the given load.

Table 3. Performance test of Query() with the fixed number of workers.

Query(): Fixed N. of Workers, Different txNumber and TPS

N. of Workers txNumber TPS Send Rate Throughput Avg Latency

5 1000
50 606.4 605.3 0.01
100 693.5 692.0 0.00
200 699.3 696.9 0.00

5 2000
50 986.2 985.2 0.00
100 1042.8 1041.1 0.00
200 1093.5 1092.3 0.00

5 5000
50 1484.6 1483.7 0.00
100 1607.2 1605.7 0.00
200 1518.4 1517.0 0.00

The result of the Query() function with the fixed number of transactions and TPS
is shown in Table 4. Contrary to expectations, increasing the number of workers leads
to a decrease in both send rate and throughput. For 5 workers, the system achieves a
send rate of 1042.8 and a throughput of 1041.1 TPS, which significantly drops to 179.1
and 179.0 TPS, respectively, with 50 workers. Query operations are highly efficient and
likely CPU-bound. Adding more workers beyond the system’s processing capacity leads
to contention for resources, reducing performance. Latency increases slightly (from 0.00
to 0.03 ms) as the number of workers grows. The rise in latency is minor, indicating that
the system is still able to process queries quickly, even under higher contention. Therefore,
with five workers, the system achieves the best balance between throughput and latency
for query operations. Increasing workers to 25 or 50 does not improve performance and
instead decreases throughput.

Table 4. Performance test of Query() with the fixed number of transactions and TPS.

Query(): Fixed txNumber and TPS, Different N. of Workers

txNumber TPS N. of Workers Send Rate Throughput Avg Latency

2000 100
5 1042.8 1041.1 0.00

25 333.7 333.4 0.03
50 179.1 179.0 0.03

5.4.3. Update()

The result of the Update() function with the fixed number of workers is shown in
Table 5. As TPS increases from 50 to 200, both the send rate and throughput increase
significantly. However, the gap between the send rate and throughput widens slightly
at higher TPS. This could indicate some resource contention or system queuing. Latency
decreases significantly as TPS increases, dropping from ~1.9 ms to ~0.5 ms. Increasing
txNumber (from 1000 to 5000) does not significantly affect throughput or latency, demon-
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strating that the system handles higher workloads consistently. At TPS = 200, the system
achieves its highest throughput and lowest latency, indicating the network’s ability to
handle high-frequency updates efficiently.

Table 5. Performance test of Update() with the fixed number of workers.

Update(): Fixed N. of Workers, Different txNumber and TPS

N. of Workers txNumber TPS Send Rate Throughput Avg Latency

5 1000
50 11.4 11.2 1.97
100 25.4 25.1 1.64
200 128.8 108.7 0.56

5 2000
50 12.6 12.4 1.82
100 21.3 20.8 1.93
200 145.4 127.3 0.45

5 5000
50 13.5 13.4 1.57
100 27.6 27.3 1.73
200 138.2 130.6 0.52

The result of the Update() function with the fixed number of transactions and TPS is
shown in Table 6. As the number of workers increases, both the send rate and throughput
improve. The improvement is linear, indicating the system can effectively handle increased
concurrency latency increases slightly from 1.93 ms at 5 workers to 2.02 ms at 50 workers
as the number of workers grows. This increase is minor, demonstrating that the system
maintains low latency even under higher concurrency. In general, the system performs
efficiently with 50 workers, achieving the highest throughput. However, latency begins to
plateau, suggesting that further increases in worker count may not yield significant benefits.

Table 6. Performance test of Update() with the fixed number of transactions and TPS.

Update(): Fixed txNumber and TPS, Different N. of Workers

txNumber TPS N. of Workers Send Rate Throughput Avg Latency

2000 100
5 21.3 20.8 1.93

25 37.0 35.8 1.96
50 42.9 41.4 2.02

5.4.4. Delete()

The result of the Delete() function with the fixed number of workers is shown in
Table 7. At lower TPS, send rate and throughput are closely aligned, indicating that the
system is able to handle this level of workload without issues. Also, the system processes
significantly more transactions as the send rate and throughput increase sharply at higher
TPS. For txNumber = 5000, the send rate reaches 146.3 TPS, and throughput is close at
137.8 TPS, indicating the system is efficiently handling high rates. At lower TPS (50 and 100),
latency is higher due to lower transaction batching efficiency. At TPS = 200, latency drops
significantly, indicating the system benefits from higher throughput and better resource
utilization. Therefore, the total number of transactions has little impact on performance.
Across all the txNumber values (1000, 2000, and 5000), the system maintains consistent
throughput and latency.
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Table 7. Performance test of Delete() with the fixed number of workers.

Delete(): Fixed N. of Workers, Different txNumber and TPS

N. of Workers txNumber TPS Send Rate Throughput Avg Latency

5 1000
50 12.6 12.3 1.76
100 24.8 23.7 1.97
200 127.3 110.2 0.51

5 2000
50 11.7 11.5 1.79
100 27.0 26.4 1.68
200 146.0 137.0 0.56

5 5000
50 13.5 13.7 1.71
100 23.2 23.0 1.80
200 146.3 137.8 0.49

The result of the Delete() function with the fixed number of transactions and TPS is
shown in Table 8. As the number of workers increases, both the send rate and throughput
improve. The system handles concurrency well, with throughput increasing linearly
with the number of workers. Latency remains relatively stable across all the worker
configurations. This suggests that the system maintains low contention for resources,
even with higher concurrency. In general, increasing workers to 50 provides the highest
throughput. However, the slight increase in latency indicates that the system is nearing its
optimal concurrency limit.

Table 8. Performance test of Delete() with the fixed number of transactions and TPS.

Delete(): Fixed txNumber and TPS, Different N. of Workers

txNumber TPS N. of Workers Send Rate Throughput Avg Latency

2000 100
5 27.0 26.4 1.68

25 35.4 34.1 1.9
50 40.0 38.5 1.86

5.4.5. High-Pressure Test

Table 9 shows the result of the performance test of high pressure. In general, all four
functions were completed without any failed transactions under high pressure, indicating
excellent system stability. The throughput values are close to their respective send rate val-
ues, demonstrating that the system effectively processes most of the submitted transactions
within the defined duration.

Table 9. Performance test of high pressure.

High Pressure with N. of Workers: 50, txDuration: 300, TPS: 400

Function Succ Fail Send Rate Throughput Avg Latency

Create() 105,167 0 361.3 360.7 0.75
Query() 1,011,725 0 3846.4 3486.4 0.06
Update() 131,422 0 451.2 448.0 0.61
Delete() 128,493 0 441.9 440.5 0.62

First, the creation process exhibits relatively higher latency compared to the other oper-
ations. This is expected as Create() involves writing new data and updating the blockchain
state, which is computationally heavier. Second, Query() achieves the highest throughput
among all the operations with minimal latency, as it involves read-only operations that do
not require state changes or consensus. Third, the update process is more resource-intensive
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than Query() but still achieves high throughput and low latency. The latency (0.61 ms)
is slightly better than Create() because updates generally involve modifying the existing
records rather than inserting new ones. Fourth, similarly to Update(), Delete() exhibits
efficient performance with moderate latency. The throughput and latency are comparable
to Update(), indicating consistent resource utilization for state-altering operations.

6. Discussion

This section evaluates the advantages and limitations of the proposed system. The
term Pros refers to the system’s key strengths and benefits, such as HLF’s features, enhanced
data privacy, and decentralized management. On the other hand, Cons identify potential
challenges and areas where improvements are needed, such as transaction latency and
system complexity. By comparing these aspects against traditional database systems, the
analysis highlights the practicality and future potential of the proposed architecture.

6.1. Pros of the Proposed System

Unlike computationally intensive Proof of Work (PoW), HLF utilizes the Raft consen-
sus protocol to provide a lightweight yet reliable mechanism to maintain the blockchain’s
integrity [20]. It enables faster transaction finalization while preserving fault tolerance,
making it well suited for IoV environments with high transaction volumes. By lever-
aging CouchDB as the state database, the system enables efficient and complex queries
on chaincode data. Thanks to HLF, our system utilizes TLS for secure communications
and encryption for identity management. It can make the system resistant to common
cybersecurity threats. Also, access control through MSP ensures that only authenticated
and authorized participants can interact with the network.

Also, the decentralized architecture of HLF is the key feature of our system. It can
eliminate the need for a central authority and reduce the risk of a single point of failure.
Therefore, it ensures that no single organization has any unilateral control over the data.
Meanwhile, the use of blockchain ensures that all the transactions are immutable once
submitted. The multi-channel structure provides logical isolation to ensure that only
authorized parties have access to sensitive data. We find this feature particularly useful in
use cases involving multiple departments, especially where data collaboration is required.
Finally, in the central channel, Channel A, of our system, unified queries allow seamless
integration and interaction between different data domains.

6.2. Cons of the Proposed System

First, during the testing phase, we find that the use of consensus protocols and crypto-
graphic operations introduces latency, particularly under high transaction loads. This may
limit the system’s applicability for ultra-low latency IoV applications, such as autonomous
driving control systems. Second, setting up and maintaining a HLF network requires
a significant number of operations. Updating or expanding systems can be challenging
compared to conventional systems. Any changes, such as adding new participants, require
careful updates to network configurations and chaincode. Third, the size of the ledger
grows over time, with higher storage requirements compared to traditional databases.
When the system is large enough, it may be inefficient to store large amounts of data on
the chain.

6.3. Comparison with Traditional Database Systems

Traditional database systems are typically managed by a single authority or organiza-
tion. Decisions about the database, such as access rights and data updates, are centralized.
For blockchain, data are replicated across multiple nodes in a peer-to-peer network. Each
participant holds a copy of the ledger. It can ensure data redundancy and robustness
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against single-point failures [22]. Traditional database system relies on user roles, pass-
words, and firewalls for security. A single breach in the central database can expose
the entire dataset [23]. For our system, logical isolation ensures sensitive data are only
accessible to authorized parties. Transactions are validated by multiple nodes, making
them highly resilient to fraud or cyberattacks. As for performance, traditional database
systems can have high throughput. It is optimized for speed, with support for thousands
of transactions per second. It is also suitable for applications requiring immediate data
updates [24]. However, blockchain systems may have transaction latency due to consensus
protocols. It is optimized for trust and focuses on data integrity.

7. Conclusions

This paper presents a multi-channel HLF-based IoV system. Our system leverages the
decentralized, secure, and immutable architecture of blockchain to enhance data integrity,
privacy, and trust among stakeholders in the IoV.

The key contribution of the system is the multi-channel structure. The separation of
data into different channels can ensure data privacy and efficient collaboration among differ-
ent organizations. The use of chaincodes enables secure and automated transactions across
channels. The testing phase validates successful deployment, chaincode operation, and
efficient data exchange across channels. The Performance Analysis Section demonstrates
the stable performance of the proposed system in different environments.

Several areas remain for further research and enhancement. In the future, first, we
will focus on improving user interfaces and developer tools to simplify the interaction
and deployment of blockchain-based IoV systems for stakeholders. Moreover, we desire
to explore the integration of edge computing for real-time data processing at the vehicle
level. It is necessary to reduce the network load and latency associated with blockchain
transactions. Finally, we want to conduct extensive scalability tests under real-world
scenarios to evaluate system performance with many participants and diverse data streams.
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Abstract: Smart terminals use passwords and physiological characteristics such as finger-
prints to authenticate users. Traditional authentication methods work when users unlock
their phones, but they cannot continuously verify the user’s legal identity. Therefore, the
one-time authentication implemented by conventional authentication methods cannot meet
security requirements. Implicit authentication technology based on user behavior charac-
teristics is proposed to achieve the continuous and uninterrupted authentication of savvy
terminal users. This paper proposes an implicit authentication method that fuses keystroke
and sensor data. To improve the accuracy of authentication, a neural network-based fea-
ture extraction model that integrates keystroke data and motion sensor data is designed.
A feature space with dual-channel fusion is constructed, and a dataset collected in real
scenarios is built by considering the changes in user activity scenarios and the differences
in terminal holding postures. Experimental results on the collected data show that the
proposed method has improved the accuracy of user authentication to a certain extent.

Keywords: keystroke data; sensor data; implicit identity authentication

1. Introduction

Identity authentication technology is crucial for the security of user data, preventing
unauthorized access by verifying user identity [1–6]. Based on whether the authentication
process is perceived by the user, identity authentication technology can be divided into
explicit and implicit authentication. Password-based authentication is a type of explicit
authentication where users set personal identification numbers (PINs) or pattern-based
passwords according to their habits for identity verification. However, numerical and
pattern passwords are limited, easily reused, and require additional memory, making them
prone to being forgotten. Moreover, passwords are at risk of being leaked, resulting in the
poor security of password-based authentication methods [7–16].

To address the drawbacks of password reuse, forgetfulness, and leakage, token-based
authentication techniques have been proposed. Token authentication uses hardware devices
like smart cards that store private keys to authenticate users. However, since these hardware
devices need to be carried around, this method faces issues like loss, theft, and forgery.
Passwords and tokens used for authentication do not establish a direct one-to-one link with
user identity, leading to weak security in these methods.

Biometric authentication techniques use physiological features such as finger-
prints [17], facial recognition [18], voiceprints [19], and iris recognition [20] to identify
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users. Currently, fingerprint and facial recognition have shown good performance and are
widely used in smartphones. However, fingerprint recognition is affected by finger mois-
ture and fingerprint wear, and fingerprint data can be easily stolen. Facial recognition is
influenced by lighting, angle, facial expressions, and makeup, making it limited in practical
use. Additionally, explicit authentication techniques can only authenticate the user once
when unlocking the phone and cannot continuously verify the user’s legitimacy.

In contrast, implicit authentication technology identifies unauthorized users through
behavioral characteristics such as gait while carrying the phone, touchscreen patterns
during tap or swipe operations, and keystroke dynamics [21]. Since the sensors embedded
in phones can directly capture behavioral data without requiring users to perform specific
actions, implicit authentication technology can achieve transparent, unobtrusive, and
continuous identity verification. It is worth noting that behavioral characteristics are formed
through a combination of innate neural, muscular, and skeletal systems and acquired habits,
making them difficult to record and mimic. Therefore, implicit authentication technology
based on user behavior can achieve high security. Modern smart terminals are equipped
with sensors like accelerometers, gyroscopes, magnetometers, orientation sensors, and
touchscreens [22], facilitating the collection of user behavior data and improving the
performance of implicit authentication technology.

However, there is still room for improvement in the performance of existing implicit
authentication methods. On the one hand, the limited representation capability of con-
structed user behavior features leads to poor authentication accuracy. On the other hand,
the performance of existing methods varies across different application scenarios, requir-
ing enhancements in robustness and practical usability. Thus, exploring comprehensive
user behavior representation and designing a framework for implicit authentication meth-
ods is crucial for achieving better accuracy, robustness, and practical usability, providing
continuous and reliable security for user-smart terminal interactions.

This paper proposes an implicit authentication method based on user posture aware-
ness to improve authentication accuracy. It constructs a staged cascade authentication
framework that first recognizes the user’s posture and then authenticates their identity.
Firstly, the motion sensor data acknowledges the user’s posture. Then, a two-channel
user classification model is designed by fusing the number of keystrokes, enhancing the
method’s robustness and improving authentication accuracy. The main contributions of
this thesis are as follows:

1. An implicit authentication dataset containing two activity scenarios and three holding
postures is constructed.

2. An algorithm for recognizing user gestures using sensor data is proposed, which
solves the problem of too significant feature differences caused by different operat-
ing gestures.

3. An implicit authentication method fusing keystrokes and sensor data is proposed.
This method fully utilizes CNN’s local spatial feature extraction capability and LSTM’s
temporal feature extraction capability to capture keystroke data and sensor data’s
continuity characteristics and unique behavioral features.

2. Related Work

Keystroke characteristics are developed over the long-term use of the same phone, with
significant differences in keystroke pressure, frequency, and usage habits of special keys
among different users [23,24]. When a user performs keystroke operations, the touchscreen
of the phone collects data such as keystroke time, touch point location, and keystroke
pressure, reflecting the user’s keystroke rhythm and habits. Additionally, the built-in
motion sensors can detect changes in the phone’s movement during keystrokes. Therefore,
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keystroke characteristics can be represented by both touchscreen data and motion sensor
data, offering strong discriminative power for identity authentication.

Keystroke authentication can be categorized into fixed-text-based and free-text-based
authentication, depending on whether the input text is known. The former refers to
scenarios where the input text is fixed, such as entering a numeric password to unlock a
phone. The latter refers to scenarios where the input text is unrestricted, such as chatting
on social media. In fixed-text-based keystroke authentication, researchers have constructed
datasets by collecting touchscreen data during password entry, extracting keystroke features
for identity authentication, including time features [25–29], pressure features [26,29], and
location features [29]. Buchoux et al. [28] developed an application to collect touchscreen
data from 20 users entering passwords and built a feature set by calculating statistical
features of inter-keystroke times, achieving a 2.5% FRR. Zahid et al. [26] further divided
inter-keystroke time into times between horizontally adjacent keys, horizontally non-
adjacent keys, vertically adjacent keys, and vertically non-adjacent keys, introducing key
hold time and the number of backspace key uses to represent keystroke characteristics.
This achieved a 0% FRR and 2% FAR on a dataset of 25 users.

In addition to time features, Zhang et al. [28] were the first to introduce pixel distance
features and speed features of adjacent keys, achieving a 3.5% FAR. Zhang et al. collected
time and pressure data from 10 users entering the same password using a self-developed
application, achieving a 10.3% false positive rate and 91.7% true positive rate using a
radial basis function neural network. Krishnamoorthy et al. [29] collected touchscreen
data from 94 users entering passwords, extracting time, pressure, and location features to
construct a 155-dimensional feature vector. Using a random forest classifier, they achieved
a 98.44% accuracy rate. Besides touchscreen data, motion sensor data during keystrokes
can enrich keystroke features. Zheng et al. [30] extracted features such as the amplitude at
the time of pressing, the amplitude at the time of release, and the maximum and average
amplitude during keystrokes from accelerometer data. Combining these with keystroke
pressure, touch area, and duration features to form a feature vector, they determined
whether the current sample belonged to an unauthorized user by calculating the distance
to training data, achieving a 3.65% EER on a dataset of 85 users.

Fixed-text-based keystroke authentication has demonstrated good performance but is
limited to scenarios where users enter passwords. Free-text-based keystroke authentica-
tion is more aligned with practical scenarios, but the lack of restrictions on input content
increases the difficulty of keystroke authentication. In 2015, Kang et al. [31] studied the
impact of different input text lengths on keystroke authentication performance, confirming
that as the input text length increases, the EER significantly decreases in both single-handed
and dual-handed typing scenarios. In 2018, Kim et al. [32] proposed an adaptive feature
extraction method for keystroke characteristics, achieving an EER of 0.44% on a dataset
of 150 users. These studies focused on time features of keystroke data. Buschek et al. [33]
suggested that combining spatial features of keystroke data could significantly improve au-
thentication performance. By introducing touch point coordinates and keystroke pressure
as spatial features, they conducted experiments in single-handed thumb typing, dual-
handed thumb typing, and left-hand holding, right-hand index finger typing scenarios.
The results showed a 14.3% reduction in EER compared to time-based features alone and a
26.4% reduction when combining spatial and temporal features, confirming the significant
role of spatial features in identity authentication.

Additionally, Giuffrida et al. [34] found that motion sensor data during keystrokes
show significant variations, with differences in keystroke behavior among users being rep-
resented by motion sensor data. Giuffrida et al. [34] collected accelerometer and gyroscope
data during the keystroke process from 20 users, achieving an EER of 0.08% on this dataset,
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which was significantly better than the 4.97% EER obtained from keystroke time features.
Shankar et al. [35] used accelerometer, gyroscope, and magnetometer data to represent
keystroke behavior. They input manually extracted time-domain features into a deep
autoencoder for feature dimensionality reduction, followed by user classification using
a softmax layer, achieving 95% and 97% authentication accuracy in walking and sitting
scenarios, respectively. Further, Buriro et al. [36] combined motion sensor and keystroke
time features, requiring 10 keystrokes to complete one identity authentication, achieving
an authentication accuracy of 85.77% and a FAR of 7.32%. Kim et al. [37] extracted fea-
tures from an accelerometer, touch point coordinates, and time information to construct a
17-dimensional feature vector. By comparing the distribution of keystroke features, they
identified unauthorized users, achieving an optimal performance of 0.45% EER.

The authentication method based on keystroke characteristics can incorporate motion
sensor data as input data to enrich the feature representation and further consider the
effectiveness of the spatial attributes of keystroke data in representing the user’s identity.
Both are crucial to improving authentication performance. Since a user’s keystroke habits
may vary with the user’s activity scenario and the grip position of the mobile phone, the
authentication method needs to consider the influence of these factors. Current research
primarily uses binary classification methods to determine whether it is a legitimate user
operation but cannot confirm the exact user identity. In addition, most existing methods
extract keystroke features manually, and fewer construct neural networks to complete
feature extraction. Designing a neural network structure for keystroke authentication is the
next step in improving the method.

3. Data Collection and Preprocessing

User interactions with mobile phones primarily occur in two activity scenarios: sta-
tionary activity and walking activity. The behavioral characteristics of phone usage change
when the activity scenario shifts. Besides the activity scenario, the differences in phone
usage behavior also stem from various holding postures. In stationary scenarios, users
typically adopt three holding postures: holding with the dominant hand, holding with
both hands, and placing the device flat on a table. In walking scenarios, users generally
use two holding postures: holding with the dominant hand and holding with both hands.
The characteristics of different holding postures are mainly captured through touchscreen
location information and the amplitude variation features of motion sensor data. The data
collection details of this study are shown in Table 1.

Table 1. Data field table.

Field Type Description

user ID string Identifier assigned to the data collector.
action int 1 for stationary, 2 for walking.

Pose Int 1 for dominant-hand grip, 2 for two-hand grip, 3 for
device lying flat on a table.

Accelerometer List Accelerometer data collected during user input. Each
set of three represents x-axis, y-axis, and z-axis.

Gyroscope List Gyroscope data collected during user input. Each set of
three represents x-axis, y-axis, and z-axis.

Gap List
Represents the press time, release time, and press

position of the user clicking the keyboard{
Tpress, Trelease, x, y

}
.

To construct the dataset used in the experiment, this study recruited 60 volunteers,
including students and office workers aged 20–35. With each person’s consent, sensor

124



Electronics 2025, 14, 835

and keystroke data were collected from each volunteer using their smartphones. The
smartphones included various brands such as Huawei, Xiaomi, OPPO, and VIVO. The data
were collected at a frequency of 100 Hz/s, and each volunteer collected seven rounds of
data daily, which took about 10 min a day, for 6740 data points. The experimental collection
plan is shown in Table 2.

Table 2. Experimental data collection plan.

Experimental Element Experimental Arrangement

Number of Participants 60 people.
Experimental Equipment Personal Android phone.

Activity Scenarios Stationary, Walking.
Holding Postures Dominant-hand grip, Two-hand grip, Device lying flat.

Time Span

Each volunteer participates in data collection for
7 rounds, at least one round per day, with each round
including data collection in 2 activity scenarios and

3 holding postures.

3.1. Data Collection

Keystroke Data Collection. For each keystroke action, the data collection module
should record

{
Tpress, Trelease, x, y

}
, where Tpress is the time the screen is pressed, and Trelease

is the time the screen is released. Tpress and Trelease can be used to calculate dwell time and
inter-key time, which reflect the user’s screen tapping rhythm habits. x, y represent the
horizontal and vertical positions of the touch point on the screen.

Sensor data collection. The accelerometer and gyroscope sensors built into smart-
phones can measure the micro-movements and rotational rates caused by user interaction
with the phone. These sensors are commonly equipped in most smartphones today, and
this study utilizes them to model the phone’s motion modes. For each keystroke action, the
data collection module needs to record the sampled data sequences of the accelerometer
and gyroscope along the X, Y, and Z axes during the duration of the behavior.

3.2. Data Preprocessing

Since the raw data recorded by the data collection module usually contains information
not required for the authentication method, such as screen touch data and multi-finger
operation data, it is necessary to perform a series of data cleanings and processing to make
it usable by the feature extraction module. Specifically, the main functions of the data
preprocessing module are as follows:

Segmentation of Continuous Keystroke Behaviors: When users input a piece of text,
they often pause for thinking or other reasons, causing discontinuities in text input. To
facilitate the extraction of keystroke features, the data preprocessing module segments
the keystroke data of a text input into several “continuous keystroke behaviors”. If the
inter-key time between two keystrokes is less than or equal to a set threshold, the two
keystrokes belong to the same continuous keystroke behavior; if the interval time between
two keystrokes is greater than the set threshold, the two keystrokes belong to different
continuous keystroke behaviors.

Extraction of Motion Sensor Data Sequences: To facilitate the extraction of motion
mode features during the duration of continuous keystroke behaviors, for each continuous
keystroke behavior, the data preprocessing module extracts the sampled data sequences of
the accelerometer and gyroscope on the X, Y, and Z axes for the duration of each continuous
keystroke behavior. A total of six sensor data sequences are extracted for each duration.
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Handling Missing Values: The raw data recorded by the data collection module may
contain various missing values, such as the lack of press time or release time data for a
keystroke. These missing values need to be deleted in the data preprocessing module.

4. Experimental Analysis

This paper considers the impact of changes in user activity scenarios and differences
in holding postures. It constructs a two-stage cascading authentication framework that
first identifies user posture and then authenticates user identity, as shown in Figure 1.
Initially, user posture is recognized through motion sensor data. Then, a dual-channel
user classification model is designed by integrating keystroke data, which enhances the
robustness of the method while improving authentication accuracy.

Data Collection

Keystroke Data Data 
Preprocessing

Posture 
Perception

Stationary, Dominant hand grip

Stationary, Two-hand grip

Stationary, Device lying flat

Walking, Dominant hand grip

Walking, Two-hand grip

Dual-Channel User 
Authentication Model

Dual-Channel User 

Authentication Model

Dual-Channel User 

Authentication Model

Dual-Channel User 

Authentication Model

Dual-Channel User 

Authentication Model

Sensor Data

Figure 1. Implicit identity authentication framework integrating keystroke data and sensor data.

4.1. Posture Perception Model

Implicit identity authentication performance can be affected by changes in user activity
scenarios and holding postures. Identifying the current activity scenario and holding pos-
ture can help improve authentication performance. Posture perception can be constructed
as a five-classification problem to recognize the following states: a stationary state with
dominant-hand holding, a stationary state with both hands holding, a stationary state with
the device lying flat, a walking state with dominant-hand holding, and a walking state
with both hands holding. Considering that the touchscreen data records information such
as the time of user operation, touch point location, and contact area, which cannot reflect
the user’s movement state, the posture perception model only uses motion sensor data as
input data.

In terms of model construction, the designed CNN model consists of three convolu-
tional layers, with a batch normalization (BN) layer and a ReLU activation layer connected
after each convolutional layer. The BN and ReLU layers can speed up the training and
convergence of the network and prevent gradient disappearance or explosion. Considering
that the channels of gait signals are all time-series signals, the convolutional layer of the
CNN model only uses a one-dimensional convolution operation, which is conducive to the
Bi-LSTM module for extracting temporal features. The size and number of convolutional
kernels are essential parameters that affect feature extraction performance. As the depth of
the network increases, smaller convolutional kernels can extract richer features due to the
increase in the receptive field. Therefore, the size of the convolutional kernel is reduced,
and its number is increased. The bidirectional long short-term memory module contains 64
hidden units, uses the tanh activation function, and uses dropout to prevent overfitting.
The hierarchical structure and parameter settings of the CNN-LSTM model are shown
in Table 3.
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Table 3. CNN-LSTM model hierarchical structure.

Layer
Convolution
Kernel Size

Number of
Convolution Kernels

Convolution Layer 1 × 5 12
Batch Normalization Layer / /

Activation Layer / /
Batch Normalization Layer 1 × 5 24

Activation Layer / /
Batch Normalization Layer / /
Batch Normalization Layer 1 × 5 36

Activation Layer / /
Batch Normalization Layer / /

Bi-directional LSTM Module / /

4.2. Dual-Channel User Authentication Model

When users interact with the smartphone, the touchscreen and motion sensors reflect
different aspects of the interaction. The touchscreen records the contact time and position
of the user’s fingertip, while motion sensors detect changes in the smartphone’s movement
during the operation. To extract effective features maximally from sensor data, the paper
designs a dual-channel feature extraction network. Each channel consists of a Convolutional
Neural Network (CNN) and a Long Short-Term Memory network (LSTM). The outputs
from both channels are then fused and fed into a fully connected layer for final user identity
decision-making. The designed user classification model is illustrated in Figure 2.

Keystroke 
Data

Sensor Data

Convolution Layer 

Batch Normalization Layer
Long Short-

Term Memory 
Network

Fully 
Connected 

Layer

Activation Layer

Convolution Layer 

Batch Normalization Layer

Activation Layer

Convolution Layer 

Batch Normalization Layer
Long Short-

Term Memory 
Network

Activation Layer

Convolution Layer 

Batch Normalization Layer

Activation Layer

Figure 2. Dual-channel user authentication model.

At the forefront of the dual-channel network, the CNN model directly receives pre-
processed keystroke signals and motion sensor signals. The CNN model consists of two
convolutional layers, utilizing one-dimensional convolutional kernels to better preserve
the inherent temporal features of the data. The advantage of convolutional processing lies
in its capability to extract long-range temporal features, which is beneficial for facilitating
the effectiveness of the LSTM. After LSTM processing, the features from both channels
need to be fused together to construct a unified user classifier. Assuming that the features
extracted from the touchscreen signal channel are denoted as T, and those from the motion
sensor signal channel are denoted as O, the fused feature F serves as the input to the fully
connected layer, represented as:

F =

[
T
O

]
(1)

4.3. Experimental Environment

The experimental environment configuration for this experiment is shown in Table 4.
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Table 4. Experimental environment configuration.

Type Configuration

Operating System Ubuntu 18.04 LTS
Python 3.8
CUDA 11.2

NVIDIA Driver 460.8
CPU 2×Intel(R)Xeon(R)Silver4216CPU@2.10GHz

Memory 8 × 32 GB
GPU 8×NVIDIAQuadroRTX8000

4.4. Experimental Result

Performance of the posture perception model. In actual usage scenarios, users may
use their phones while they are stationary or walking. When users use their phones while
stationary, the sensor data are mainly influenced by human interaction with the device.
When users use their phones while walking, the sensor data are primarily influenced by
movement. Therefore, data collection during walking activities involves many interferences,
which somewhat weakens the ability to represent user behavior characteristics.

In actual usage scenarios, users may use their phones with a dominant-hand grip,
a two-hand grip, or with the device lying flat. When users operate their phones with
a dominant-hand grip, the contact points with the touchscreen are mainly concentrated
on the side of the dominant hand. If users need to tap touchpoints on the opposite side,
it can cause the significant rotation of the phone. Given the large screen sizes of most
smartphones on the market, this phenomenon is common. Thus, data collection under a
dominant-hand grip involves many interferences, which somewhat weakens the ability to
represent user behavior characteristics. Under a two-hand grip, the phone’s motion state is
more stable, and the behavior data collected are less interfered with, better representing
the user’s behavior characteristics. When the device is placed flat, the phone’s dynamic
state is most stable, best representing user behavior characteristics.

Table 5 compares the authentication performance of users operating phones in different
postures (dominant-hand grip, two-hand grip, or device lying flat) in both stationary and
walking activity scenarios. It can be observed that in stationary scenarios, the highest
authentication accuracy is achieved when the device is lying flat. In both stationary
and walking scenarios, the two-hand grip achieves higher authentication accuracy than
the dominant-hand grip, and the same posture in stationary scenarios achieves higher
authentication accuracy than in walking scenarios. There is significant variation in the
frequency of use of the dominant-hand grip and the two-hand grip among different users.
To better reflect actual usage scenarios, the evaluation of the method’s performance should
consider not only the high authentication accuracy of the two-hand grip posture but also
the operational data under the dominant-hand grip posture.

Table 5. Posture perception model performance results.

Activity Scenario Holding Posture Accuracy FAR FRR EER

Stationary
Dominant-hand grip 81.64% 0.1782 0.1904 0.1880

Two-hand grip 86.78% 0.0910 0.0916 0.0924
Device lying flat 95.83% 0.0624 0.0623 0.0624

Walking Dominant-hand grip 76.28% 0.1927 0.2018 0.1996
Two-hand grip 83.24% 0.1237 0.1224 0.1276

Comparison of Authentication Performance Across Different Sensors. This paper inte-
grates keystroke data and motion sensor data as input data to represent various operations.

128



Electronics 2025, 14, 835

Keystroke data provides the time of screen touch, release time, and touch coordinates,
reflecting the user’s temporal and spatial characteristics during operation. Motion sensors,
on the other hand, capture the changes in the phone’s motion state during user operations.
When authenticating user identity, keystroke data and motion sensor data play different
roles, as shown in Table 6.

Table 6. Authentication performance comparison of different sensors.

User Posture Data Type Accuracy

Stationary, Dominant-hand grip Motion sensor 78.32%
Motion sensor + Keystroke 81.64%

Stationary, Two-hand grip Motion sensor 83.91%
Motion sensor + Keystroke 86.78%

Stationary, Device lying flat Motion sensor 93.76%
Motion sensor + Keystroke 95.83%

Walking, Dominant-hand grip Motion sensor 71.53%
Motion sensor + Keystroke 76.28%

Walking, Two-hand grip Motion sensor 78.42%
Motion sensor + Keystroke 83.24%

Keystroke data are generated only when the user’s finger touches the screen, while
motion sensor data are generated at a fixed sampling frequency, providing a comprehen-
sive representation of the phone’s motion state before, during, and after screen touches.
Keystroke data records the touchpoint coordinates during typing, which can be influenced
by thinking time, operational habits, and typing proficiency, leading to longer intervals
between data points and limiting the representational capacity of touchscreen data for
keystroke operations.

As indicated by the performance comparison results in Table 6, motion sensor data
alone can achieve good authentication performance, and the integration of keystroke
data results in a certain degree of performance improvement. This indicates that in au-
thentication scenarios, motion sensors play a primary role in representing user identity
information. Integrating keystroke data can slightly enhance the representation of user
information, with keystroke data demonstrating a stronger user representation capability
in walking scenarios.

LSTM models have a significant advantage when applied to datasets with strong
temporal correlations. However, the length of the click data samples is relatively short,
making it difficult for LSTM to play a role. The convolutional operation of a CNN can
be used to extract relevant spatiotemporal features. Table 7 compares the performance of
CNN, stacked LSTM, and CNN-LSTM models on the dataset. The CNN consists of three
convolutional layers, with kernel sizes of 1 × 5, 1 × 5, and 1 × 3 for each layer. LSTM
contains 64 hidden units and uses the tanh activation function and dropout to prevent
overfitting. The CNN in the CNN-LSTM model consists of two convolutional layers, with
kernel sizes of 1 × 5 and 1 × 5, respectively, and a batch normalization layer and a nonlinear
activation layer follow each convolutional layer. The batch size is 32, and the initial learning
rate is 1 × 10−4. Under these training conditions, the authentication results shown in the
table below are obtained. The CNN-LSTM model achieves a higher authentication accuracy
than the other two models.
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Table 7. Authentication performance comparison of feature extraction models.

User Posture Model Type Accuracy

Stationary, Dominant-hand grip
CNN 74.84%

stacked LSTM 77.38%
CNN-LSTM 81.64%

Stationary, Two-hand grip
CNN 81.24%

stacked LSTM 83.75%
CNN-LSTM 86.78%

Stationary, Device lying flat
CNN 91.59%

stacked LSTM 93.75%
CNN-LSTM 95.83%

Walking, Dominant-hand grip
CNN 68.88%

stacked LSTM 71.42%
CNN-LSTM 76.28%

Walking, Two-hand grip
CNN 75.69%

stacked LSTM 79.12%
CNN-LSTM 83.24%

The stacked LSTM shows significant performance differences between stationary
and walking activity scenarios. In stationary scenarios, the variations in motion sensor
data are solely due to user interactions, and the spatial and temporal features in the data
have a strong discriminative power for user identity. In walking scenarios, the variations
in motion sensor data are the combined result of changes in the user’s movement state
and user interactions. The changes caused by the movement state are more pronounced,
weakening the ability to represent user operational characteristics. Thus, the temporal
features extracted by the stacked LSTM have strong user identity representation capabilities
in stationary scenarios but are limited in walking scenarios, leading to poor performance
stability across different activity scenarios.

In walking scenarios, the deep features extracted from the keystroke data channel
have better discriminative power for user identity. For keystroke data with shorter sample
lengths and relatively weak temporal correlations, the spatial feature representation capabil-
ity extracted by the CNN through convolution operations is stronger. Therefore, in walking
scenarios, the CNN is chosen as the feature extraction model, while in stationary scenarios,
the combination of the CNN and LSTM models achieves better authentication performance.

Comparison with Existing Methods. The authentication performance of implicit
authentication methods based on operational features is closely related to sensor data, data
preprocessing methods, feature extraction and classifier construction, the consideration of
activity scenario changes, and the impact of holding postures. This paper compares recent
research outcomes on authentication methods based on operational features from these
aspects, as shown in Table 8.

In terms of data sources and feature extraction, some studies only use motion sensor
data to reflect the characteristics of user interactions with the phone. The touchscreen,
being that it is the sensor directly involved in user interactions, records time, location,
and pressure characteristics of the operations. This paper integrates motion sensor and
keystroke data, and extracts deep features through the construction of deep learning
networks, enriching the input information for representing user identity.

Considering usage scenarios, the user’s activity scenario and phone holding posture
affect behavioral characteristics during phone operations. Some research works consider
different activity scenarios during data collection but do not account for the impact of hold-
ing postures, thus not effectively mitigating the interference caused by scenario changes.
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This paper constructs a two-stage authentication framework comprising activity scenario
recognition and user identity classification, considering the effects of dominant-hand
holding, two-hand holding, and the device lying flat on authentication performance.

Table 8. Comparison with existing authentication methods.

Method Data Source Classifier
Activity

Scenario
Holding Posture

Experimental

Performance

Reference
[38]

Ac, Gy, Ma
Scale

Manhatten
Stationary/Walking -

EER: Stationary-
10.05%,

Walking-7.16%

Reference
[39]

Ac MLP Walking -
ACC: 99.11%

EER: 1%

Reference
[40]

Ac, Gy, Ma CNN Stationary/Walking - ACC: 97.8%

Reference
[41]

Screen, Ac, Gy,
Ma

CNN Stationary/Walking -
ACC: 88%
EER: 15%

Ours Screen, Ac, Gy
CNN-
LSTM

Stationary/Walking

Dominant-hand
grip/Two-hand

grip/Device
lying flat

ACC: 85.76%

5. Conclusions

This paper proposes an implicit identity authentication method based on user posture
perception. The paper considers the impact of changes in user activity scenarios and
differences in terminal holding postures. It constructs a staged cascaded authentication
framework that first senses the user’s posture and then authenticates the user’s identity.
First, a user posture perception model was designed using sensor data. Then, a two-
channel user classification model was developed by fusing keystroke data, improving
authentication accuracy, and enhancing the method’s robustness. However, this research
also faces certain limitations. First, the current data scale is limited, and more samples
must be added to improve generalization ability. Second, there is room for improvement
in authentication accuracy in walking scenarios. In the future, multimodal data such as
pressure sensing and gait information can be combined to optimize model performance. In
addition, this method is mainly aimed at smartphone devices. In the future, wearable and
IoT applications can be explored to improve environmental adaptability.

From an application perspective, this method has essential potential in several fields.
For example, bank authentication can be used in mobile banking applications to achieve
contactless authentication and improve transaction security. It can be used in hospital
access control in the medical industry to prevent unauthorized personnel from entering
sensitive areas. In addition, in terms of Internet of Things (IoT) devices, this method can
be combined with wearable devices to achieve smart home authentication and improve
device security.
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Abstract: Punctuation restoration plays an essential role in the postprocessing procedure
of automatic speech recognition, but model efficiency is a key requirement for this task. To
that end, we present EfficientPunct, an ensemble method with a multimodal time-delay neu-
ral network that outperforms the current best model by 1.0 F1 point while using less than a
tenth of its network parameters for inference. This work further streamlines a speech recog-
nizer and a BERT implementation to efficiently output hidden layer acoustic embeddings
and text embeddings in the context of punctuation restoration. Here, forced alignment and
temporal convolutions are used to eliminate the need for attention-based fusion, greatly
increasing computational efficiency and improving performance. EfficientPunct sets a new
state of the art with an ensemble that weighs BERT’s purely language-based predictions
slightly more than the multimodal network’s predictions. Although EfficientPunct shows
great promise, from a different perspective, to date, another important challenge in the field
has been the fact that punctuation restoration models have been evaluated almost solely on
well-structured, scripted corpora. However, real-world ASR systems and postprocessing
pipelines typically apply to spontaneous speech with significant irregularities, stutters, and
deviations from perfect grammar. To address this important discrepancy, we also introduce
SponSpeech, a punctuation restoration dataset derived from informal speech sources, which
includes punctuation and casing information. In addition to publicly releasing the dataset,
the authors have contributed by providing a filtering pipeline that can be used to generate
more data. This filtering pipeline examines the quality of both the speech audio and the
transcription text. A challenging test set is also carefully constructed, aimed at evaluating
the models’ ability to leverage audio information to predict, otherwise grammatically
ambiguous, punctuation. SponSpeech has been made available to the public, along with all
code for dataset building and model runs.

Keywords: speech recognition; punctuation restoration; multimodal learning; punctuation
restoration; speech recognition postprocessing; dataset; corpus

1. Introduction

Transcription of audio into text via automatic speech recognition (ASR) warrants a
wide range of downstream postprocessing tasks. This transformation into natural language
text enables applications such as machine translation and voice assistants. However, raw
ASR outputs lack punctuation and hence do not convey the full meaning of the text.
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Therefore, punctuation marks need to be restored, in order to facilitate the above and
related tasks. To illustrate the importance of punctuation, consider how the meaning of
the sentence, “I have a favorite, family.” differs drastically from the unpunctuated version,
“I have a favorite family”. This example illustrates the importance of punctuation for the
intelligibility of the transcribed speech and accuracy of conveyed message.

Following the standards of punctuation restoration, we focus on three key punctuation
marks, which most commonly occur and play critical roles in the language, namely commas
(,), full stops or periods (.), and question marks (?). We also consider no punctuation (NP)
as a fourth class for the sake of completing the space.

1.1. Related Work

Many architectures have been proposed and are devoted to restoring the punctuation
of ASR transcriptions. As such, two main research categories have emerged: (1) considering
only text output from the ASR, and (2) considering both the text output of an ASR and the
original audio.

Most proposed systems only consider text, effectively forming a natural language
processing task. They usually train and evaluate on the benchmark textual datasets from
IWSLT 2011 and 2012. Researchers have studied a wide variety of methods, including
n-gram models [1], recurrent neural networks [2–4], adversarial models [5], contrastive
learning [6], and transformers [7,8]. Conditional random fields [9–12] had particularly
notable success. Direct fine-tuning of BERT models [13] has also proven effective, which
we demonstrate in Section 4.1 as a constituent part of our multimodal approach.

In another approach, both the audio and text modalities are considered. Earlier
techniques involved statistical models such as finite state machines [14], but unsurpris-
ingly, more recently, we have seen the exploration of neural networks [15,16] and the
re-purposing of existing models to take an audio-based input and predict the punctua-
tion [17,18]. The current state-of-the-art models take on two separate paths: one to tokenize
and process text and the other to process raw audio waveforms. They then use an attention
mechanism [19] to fuse text and acoustic embeddings [20,21].

1.2. Significance of Multimodal Approach

Despite research in multimodal punctuation restoration being far less numerous than
the text-only category, [17] explicitly demonstrated the value of added acoustic information.
Intuitively, audio provides more diverse features available for models to learn [22]. As a
simple example, long pauses in speech are definitive indicators of the presence of a full
stop (.). Similarly, shorter pauses may indicate a comma (,), and rising pitch is often
associated with question marks (?).

The substantial benefit of involving both the transcribed text and the original speech
audio is that, in practical applications, one may design a highly streamlined system for
restoring punctuation. Speech can first be transcribed into text through a forward pass
of the audio signal through an ASR network. However, it is possible to preserve latent
representation from an intermediate layer of the ASR network (a speech embedding) for
further usage as an input, along with the text embeddings derived from the transcribed
text, to a separate punctuation model. Then, the concatenated input would embed not only
textual information, but also the acoustic content, including prosody.

The work presented here is precisely motivated by this potential for high-speed
punctuation labeling after receiving the ASR output. We present EfficientPunct (Github page:
https://github.com/GitHubAccountAnonymous/PR (accessed on 24 February 2025)),
a model that surpasses state-of-the-art performance while requiring far fewer parameters,
enabling practical and pragmatic implementation.
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1.3. Database Issues

The field of punctuation restoration has made great progress recently, from proposals
of recurrent neural networks [2] and end-to-end approaches [23] to adaptations of trans-
formers [21] and time-delay neural networks [24]. However, an emerging problem is the
singular type of datasets used for evaluating English punctuation restoration models.

As mentioned previously, in the English language domain, research projects on text-
only punctuation models such as [6,8,25,26] almost always utilize the IWSLT 2011 and
2012 datasets, both derived from the transcription of TED talks. Models derived from text
and acoustics such as [21,23,24,27] have very often used the MuST-C dataset [28], which
is also derived from TED talks. These models have steadily presented improvements in
the performance and have indeed advanced the field. However, the dataset on which their
insights are based is limited in scope.

TED talks are scripted monologues that are carefully practiced by the presenters before
their formal delivery. Samples in the IWSLT and MuST-C datasets, therefore, exhibit high
uniformity in style. Audio and transcriptions derived from this source exhibit a high
quality, but they lack many natural traits of typical and spontaneous speech. For example,
stutters, hesitations, and other spoken imperfections should optimally present themselves
often in the punctuation restoration data, in order for trained models to be robust with
respect to such disturbances. Although very few conversations between TED hosts and
presenters are available, the IWSLT and MuST-C datasets predominantly feature flawless,
formal monologues.

To address this limitation in the data, for thetraining and evaluation of punctuation
restoration models, we have created the SponSpeech dataset (https://storage.googleapis.
com/sponspeech/sponspeech.tar.gz (accessed on 24 February 2025)). The generation of this
dataset has focused on extracting spontaneous, informal speech, which more accurately
reflects natural conversations, rather than formal scripted speech that rarely occurs in
daily life. In the process, podcasts were used as the source of the dataset, since they offer
considerable stylistic diversity. They not only contain stints of discussion on focused
subjects, but they also produce interactive dialogue among multiple speakers. Importantly,
spoken imperfections are preserved in podcast conversations.

In addition to releasing SponSpeech as a punctuation restoration dataset of varied
style, our contribution also provides another angle, namely the emphasis on utterances
with punctuation ambiguity. A significant value of performing punctuation restoration
is to improve readability of the text [29]. Partially, this involves eliminating ambiguity.
For example, the text

i have eight boys

contains punctuation ambiguity , since “I have eight boys”. suggests that the speaker has
eight sons, whereas, “I have eight, boys.” suggests that the speaker is indicating to their boys
that they possess eight objects. On the other hand, punctuation restoration has much less
value in a text, such as,

i have an apple

as the only way to perform the punctuation is, “I have an apple”. There is no punctuation
ambiguity in the latter case.

In this dataset, we aim to include a significant number of utterances with punctuation
ambiguity. In particular, we create two test sets, one with slightly more ambiguous cases
than the other. Such a dataset will better evaluate the models’ ability to leverage audio
patterns to resolve punctuation ambiguities. As a simple example, a longer pause, in certain
contexts, may distinguish the absence or presence of a comma.
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1.4. Related Databases

To train punctuation restoration models, only the corpora which include ground-truth
punctuation information are sought. This is particularly noteworthy because many ASR
transcription datasets are case-insensitive and lack any punctuation information, and hence
are not suitable for this purpose. In the case of text-only models, most printed text would
be acceptable since punctuation marks are integral to printed text. However, this work
focuses on the domain that considers both text and acoustic information. Our prior research
has convincingly confirmed the added value of incorporating acoustics information [17],
and ASR systems can certainly be effortlessly streamlined to output audio embeddings to
be used for training punctuation prediction [24].

The IWSLT pure-text dataset has approximately 2.4 million words, which corresponds
to a rough estimate of 267 h of “average” speech [30]. Table 1 presents some of the most
prevalent datasets which contain both speech audio and punctuation information.

Table 1. Summary of speech datasets suitable for punctuation restoration. Fisher corpus refers to the
punctuated section used by [20].

Dataset Hours Style

SponSpeech (ours) 665 Podcasts
Libriheavy [31] 56,389 Reading

NSC [32] 2170 Reading
LibriTTS [33] 585 Reading

MuST-C v1 [28] 438 Monologues
Fisher [34] 432 Telephone

Switchboard-1 [35] 260 Telephone

The largest dataset, Libriheavy, impressively contains over 50,000 h of audio and
punctuation/casing information. A dataset of book recordings, its speech content has
a scripted and uniformly flawless style. Similarly, NSC and LibriTTS involve readers
verbalizing prior-written texts. As discussed, MuST-C comprises formal monologues in the
form of TED talks.

Among the most popularly used datasets, only the Fisher and Switchboard-1 cor-
pora feature spontaneous speech. Unfortunately, they require a paid membership to the
Linguistic Data Consortium or a non-member licensing fee to access. We release a rea-
sonably abundant 665 h of speech data with punctuated transcripts under a Creative
Commons Attribution-NonCommercial 4.0 International (CC BY-NC 4.0) license, allowing
all researchers to make use of our resource for free.

2. Methodology

The following describes our punctuation problem formulation. The spoken audio
signal, a = (a1, a2, . . . , aS), and the transcribed words, t = (t1, t2, . . . , tW), are provided.
Here, S represents the number of samples in the audio and W is the corresponding number
of words. The goal is to predict the punctuation labels, y = (y1, y2, . . . , yW), that follow
each word, for each yi ∈ {“,”, “.”, “?”, NP}.

As illustrated in Figure 1, EfficientPunct begins in two branches which separately
process the audio signal a and the transcription text t. Details are provided below.
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Figure 1. The EfficientPunct framework. The top branch predicts using text only, while the bottom
branch predicts using text and audio.

2.1. Text Encoder

First, the text sequence, t, is passed through the default WordPiece tokenizer used
by BERT. Then, using a pre-trained BERT model which we have fine-tuned for predict-
ing the four previously described punctuation classes, we obtain the final hidden layer
text embeddings,

Ht = BERT(t). (1)

Ht is a matrix whose columns are 768-dimensional vectors and represent token em-
beddings. These text embeddings contain each token’s context-aware information about
grammar and linguistics.

2.2. Audio Encoder

To process the raw spoken audio waveforms and to obtain meaningful acoustic em-
beddings, we use a pre-trained model, built using the Kaldi speech recognition toolkit [36].
This is directly analogous to previous works’ usage of wav2vec 2.0 [37] as their pre-trained
audio encoder. Kaldi’s TED-LIUM 3 [38] framework first extracts Mel frequency cepstral
coefficients (MFCCs) [22], pitch features [39], and identity vectors (i-vectors), which are
then passed to a time-delay neural network (TDNN) for speech recognition. We extract
the embeddings from the 12th layer of the speech recognition model, to be used in the
punctuation model,

Ha = KaldiTedlium12(a). (2)

Ha is a matrix whose columns are 1024-dimensional acoustic embedding vectors.
The number of columns is equal to the number of frames in the original audio. The frames
are 25 milliseconds long with a 10 millisecond shift, producing a 15ms overlap.

2.3. Alignment and Fusion

The first step in fusing the 768-dimensional textual embedding vectors, Ht, and the
1024-dimensional acoustic embedding vectors, Ha, is to find the correspondence between
columns in each matrix. In other words, we must align the text token being spoken, with the
corresponding frames of audio. This is performed through forced alignment. Depending
on the alignment results, we concatenate the textual and acoustic embeddings related to
the same frame, repeating the textual embedding for audio frames which correspond to the
same token. This process results in 1792-dimensional embedding vectors corresponding to
each frame. We further use a linear layer to learn affine transformations of embeddings
which would be useful for punctuation restoration.

Many related works opt for attention-based fusion of the two modalities, but we have
found forced alignment and a simple linear layer to be the most parameter-efficient and
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competitive approach. Through experiments, we have determined that more sophisticated
fusion methods were counterproductive.

2.4. Time-Delay Neural Network (TDNN)

Next, the fused embeddings are passed through a time-delay neural network (TDNN) [40].
It contains a series of 1 − D convolutional layers to capture temporal properties of the
features, with a gradually decreasing number of channels. At the last convolution layer,
there are 4 channels, with each channel corresponding to a punctuation class. The channels
are passed through two linear layers with weights and biases shared among them to output
4 values for the softmax activation.

2.5. Ensemble Method

In completion of the EfficientPunct, we created an ensemble of the main TDNN and
predictions using BERT’s text embeddings only. We pre-trained BERT using the dark-blue
and light-blue modules in Figure 1, which can still be used at the inference time to obtain
a set of predictions that only consider text, grammar, and linguistics. The second set of
predictions obtained from the TDNN considered both text and audio.

Let us denote α ∈ [0, 1] to be the weight assigned to the TDNN predictions and 1 − α

to be the weight assigned to the BERT predictions. Our final predicted punctuation will
then be

f (a, t, α) = arg max[αya + (1 − α)yt], (3)

where ya represents the TDNN softmax values and yt represents the BERT softmax val-
ues. Essentially, if either of the TDNN or the BERT outputs a maximum class probability
much lower than 1, then the other model may help resolve the ambiguity in predicting a
punctuation mark.

3. Experiments with Public Datasets

3.1. Public Datasets

The primary public dataset used here was MuST-C v1 [41], which is the same as the
dataset used by UniPunc [21] for the sake of a fair comparison. This dataset was compiled
using TED talks. We also use the same training and test set splits as the original authors,
whose information is available on our GitHub page (Github Page: https://github.com/
GitHubAccountAnonymous/PR (accessed on 24 February 2025)). We further split the
original training set into 90% for training and 10% for validation. Please see Table 2 for full
detailed information.

Table 2. Training, validation, and test set information.

Set Number of Samples Total Duration (h)

Training 92,723 392.0
Validation 10,301 43.5

Test 490 2.8

Each sample is an English audio piece of approximately 10 s to 30 s with the corre-
sponding transcription. In the Kaldi ASR implementation, we use a frame duration of
25 ms with a shift of 10 ms for the 40-dimensional MFCC computation. In addition to
the MFCC features, 3 pitch features, as described in [39], are prepended to each feature
vector to account for prosodic variations, important to punctuation prediction. These pitch
features include the NCCF-based probability of voicing, the mean-normalized log of pitch,

139



Electronics 2025, 14, 973

and the raw log value of the pitch [39]. We also compute 100-dimensional identity vectors
(i-vectors) and append them to 3 consequently appended feature vectors, amounting to a
229-dimensional feature that feeds the TDNN. Then, the 12th layer of the neural network
model is used to extract the acoustic embeddings. We follow the procedure described
in Section 2.3 to generate a matrix of aligned embeddings for each data sample. Then,
to obtain examples for training and inference, we consider segments of 301 frames, or 3 s,
wherein the exact middle frame is the point of transition from one text token to the next.
The resulting example will thus be labeled with the punctuation following the prior token,
which occurs at the middle frame. We use a context window of 3 s. This duration should be
sufficient to capture all the acoustic and prosodic information relevant to a punctuation
mark, such as pauses and pitch variations. At the same time, this duration is not so long as
to include much extraneous information, such as extensions into adjacent words.

For the entire dataset, punctuation label distributions are provided in the Table 3. Due
to the highly imbalanced nature of the dataset, we sampled less prevalent classes more
frequently for training such that, in effect, all class counts are equalized and the network
avoids learning just the prior probability distribution.

Table 3. Punctuation label distributions.

Label Number of Examples % of Total

No punctuation (NP) 3,567,572 86.9%
Comma (,) 280,446 6.8%
Full stop (.) 238,213 5.8%

Question mark (?) 20,897 0.5%

Moreover, since BERT was already pre-trained on massive corpora, we fine-tune it
for punctuation prediction using the National Speech Corpus [32] of Singaporean English,
in addition to MuST-C.

3.2. Training

To fine-tune BERT and to pre-train the text encoder, we place two linear layers above
the base network which is BERT’s last uncased hidden layer, geared for a 4-class classifica-
tion problem. For the pre-trained audio encoder, we use the TED-LIUM 3 [38] framework,
implemented in Kaldi.

Our main TDNN module for punctuation restoration comprises seven 1-dimensional
convolution layers, with said dimension spanning across time. Figure 1 shows the number
of input and output channels of each layer. The kernel sizes were as follows: 9, 9, 5, 5, 7, 7,
and 5, alternating between no dilation and a dilation of 2. The stride was kept at 1 in all
layers. Additionally, we applied the ReLU activation function and batch normalization [42]
to the output of each layer. We trained the module using stochastic gradient descent [43]
with a learning rate of 1× 10−5 and a momentum of 0.9, instead of the typically used Adam
optimizer [44]. This allowed for greater generalizability, but still provided reasonable
training speeds [45].

To experiment with our ensemble architecture, we explored the effect of varying
α, the weight assigned to the TDNN for final predictions. Recall that 1 − α was the
weight assigned to BERT. In Section 5.2, we report the results associated with a range
of α = 0.3 → α = 0.7 in 0.1 increments.

We used a standard Linux computing environment hosted on the Google Cloud
Platform with a single NVIDIA Tesla P100 GPU. Training took roughly 2 days, and inference
could be performed on CPU-only machines 50 times faster than real time, or in about 0.02 s
per second of audio.
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4. Creation of the SponSpeech Database

We have created and released the SponSpeech dataset with four standard subsets,
in order to facilitate the reproducibility of future research in punctuation restoration.
The four subsets are train, dev (validation), test, and test-amb. The last subset, test-amb, is
an evaluation set with slightly more cases of punctuation ambiguity. We expect models to
perform slightly worse on test-amb than on the ordinary test set, as resolving ambiguities
presents an extra challenge. Special insights must be drawn from acoustic information
when multiple versions of punctuation are possible in a grammatical sense. At the same
time, we do not desire for test-amb to drastically differ from utterance population norms.
A dataset and its subsets should accurately reflect the state of the standard distribution
of nature [46], a fact that we strived to balance, through creating a challenging, second
evaluation set.

Table 4 lists the relevant statistics on each subset. We source our data from YouTube
videos published under the Creative Commons Attribution 4.0 International License, rather
than standard YouTube licenses. This respects the rights of all uploaders, while allowing
our creation of SponSpeech as an adapted work, with the appropriate attribution. In Table 4,
the fourth column reports the number of videos involved in each subset. Videos are sliced
to create utterances.

The train, dev, test, and test-amb sets make up approximately 70%, 12%, 9%, and 9% of
the entire dataset, respectively. The overall minimum, average, and maximum utterance
durations are 1.6s, 11.6s, and 45.0s, respectively.

Table 4. Statistics on each subset of SponSpeech.

Subset Hours Utterances Videos

train 469 147,209 1736
dev 79 25,253 277
test 58 17,697 205

test-amb 60 16,473 397

The following subsections describe the dataset creation process.

4.1. Data Source

Each YouTube video has a unique video ID. To obtain an initial pool of YouTube video
IDs, we specify a filter code in the search query URL (in this case, sp=EgQoATAB) that only
allows videos with a Creative Commons license and subtitles to be returned. The resulting
list of videos merely serves as candidates for inclusion in SponSpeech, with careful evaluation
still needed for each video to ensure that the criteria for desirable content are met. Then,
a series of five filters are applied to eliminate any unacceptable candidates.

We use the yt-dlp tool to download the videos, their subtitles, and audio content,
as well as any metadata.

4.2. Filters

Figure 2 provides an illustration of the filtering pipeline. Each filter acts on the pool
of candidate video IDs. Since text can be more computationally efficient to analyze than
audio, the first three filters use text as the basis of their evaluation. The fourth and fifth
filters evaluate the audio.
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Subtitle
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Music
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Language
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Final list
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Figure 2. Filtering pipeline used to create SponSpeech. Blue indicates a text-based filter, and yellow
indicates an audio-based filter, also shown by the bottom-right icons. The evaluation criteria are
represented by the sub-boxes within the subtitle, quality, and appropriateness filters.

In the first stage, the subtitle availability filter simply detects whether manually
uploaded English transcriptions exist for each candidate video. YouTube’s system auto-
matically generates subtitles. However, in producing SponSpeech, we are not interested in
automatically generated transcriptions. Hence, the filter requires the content creators to
have provided human generated transcripts to be used as the ground-truth text.

At the second stage of the data selection, the subtitle quality filter assesses four
criteria for evaluating the content of the subtitles. Subtitle files follow a standard format,
with a header block of metadata to begin. This is followed by roughly alternating lines
of timestamp ranges and the corresponding text. By default, subtitle files also provide
accurate alignments to serve as the basis for the extraction of individual utterances. These
timestamps are either provided manually by the uploader alongside the transcription, or by
YouTube’s alignment algorithm, depending on the uploader’s choice.

1. Number of lines: Each video subtitle file is required to have at least 20 lines. This
is a heuristic selected on the basis of manual examination and erring on the side of
caution. The subtitle file has a header block with the metadata. As such, videos with
substantial content, at the very minimum, have 20 lines of subtitles.

2. Timestamp formatting: The subtitle files must contain timestamps that follow a
standard format, common to the vast majority of videos. Unfortunately, a small
number of files have highly irregular formatting, such as those with mistakenly littered
HTML tags. These are difficult to consistently interpret and are hence filtered out.

3. Amount of punctuation: Some subtitle files are poorly written and have very few
punctuation marks. This presents a problem for our dataset, which is designed for
punctuation restoration. As a result, this criterion checks for a minimum of one
punctuation mark every ten subtitle lines.

4. Text repetitiveness: Some subtitle files have a considerable amount of overlapping
text between different lines. In other words, the same phrase may appear repetitively
in error, with the corresponding audio not featuring any repetition. Every line has a
distinct corresponding timestamp range; the same text appearing on multiple lines
may indicate alignment issues. Videos with textual repetitiveness of this type (and
not a truly repetitive nature) are filtered out.

The third stage is the subtitle appropriateness filter, which is designed to eliminate
videos with inappropriate language. The types of inappropriate language targeted include
toxicity, severe toxicity, identity attack, threat, and sexual explicitness. While these samples
do exist in the natural population of speech data, we do not wish for such language
to be further propagated through a public dataset. We pass each subtitle file through
the Detoxify model, available in Python’s detoxify library [47,48]. The probability of
inappropriateness is computed and compared to a threshold to determine the videos to
be excluded.
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At the fourth stage of the process, a music filter is used to ensure that only speech
content is accepted into the dataset. Even though the search keyword, “podcast”, was
applied to obtain the candidate videos, YouTube contains both speech-dominant and music-
dominant content. We use a wav2vec 2.0-based speech/music classifier to determine the
amount of speech, music, and simultaneous content in each video [37,49]. Those files
with more music than speech, measured based on a probability heuristic, were filtered
out. Of course not all the videos with music were eliminated because, for example, speech
overlaid with quiet music has significant validity as an utterance to train for punctua-
tion restoration.

The fifth and last stage is the language filter, which allows for only English content to
pass through, as this dataset concentrates on English content. A Whisper-based language
identification model evaluates the speech from each video [50,51]. In future versions, we
will be addressing other languages and multilingual conditions.

Community-trained machine learning models were also used with caution. Only
those models with convincing test set results and those fine-tuned from established foun-
dation models were used. Any performance drawbacks due to these models could be
compensated by using highly cautious threshold values for filtering decisions. Threshold
selection (including in sub-filter criteria) were chosen quite conservatively, in order to
favor eliminating unproblematic videos, rather than failing to eliminate problematic ones.
The aim is to maximize recall and somewhat overlook precision in the context of a positive
class representing videos to be eliminated. The rationale is that an abundance of candidate
videos would allow for a more selective process.

Videos that pass all the filters have made the basis of the presented SponSpeech dataset.

4.3. Utterance Creation

Each unit of the data sample in SponSpeech is an utterance. For each video that
survived all the described filters, select sentence delimiters were used to split the video
into utterances. As it has become standard in punctuation restoration research to consider
only the dominant punctuation marks full stop (.), comma (,), and question mark (?), we
use full stops and question marks as partition boundaries.

Standard ASR datasets use terminal punctuation marks as natural endings for utter-
ances in the dataset [31]. However, examples with full stops and question marks are also
made available within some utterances, so that punctuation restoration models may be
trained robustly on the presented SponSpeech dataset.

The utterance creation step provides a pool of utterances with audio extracted using
the YouTube-provided alignment information. The results are utterances distributed in the
wav format with single-channel linear PCM audio at a 16 kHz sampling rate. The collection
is split into the described four data subsets: train, dev, test, and test-amb. As previously
mentioned, test-amb is a special test set with an increased number of utterances portraying
high punctuation ambiguity. The following subsection describes the creation of the test-amb
portion of the dataset.

4.4. Creating the Ambiguous Test Set

To create the test-amb portion of the dataset, the main consideration involved the
determination of whether the text of each utterance contained some form of punctuation
ambiguity, effectively forming a binary classification task. The null hypothesis [22] is
“punctuation ambiguity exists”, with the alternative hypothesis [22] being “no punctu-
ation ambiguity”. For a description and an example of punctuation ambiguity, please
see Section 1.
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The framework with which we determine punctuation ambiguity is ELECTRA [52],
fine-tuned on a small number of samples. To accomplish this, we manually labeled 100
samples for training and 20 samples for validation, with a few examples shown in Table 5.
For each unpunctuated textual utterance input, “label A” is associated with the list of all
correct punctuation variations, separated by newline characters. “Label B” denotes binary
information, with 0 representing “no punctuation ambiguity” (i.e., only one item in label A)
and 1 representing “punctuation ambiguity” (i.e., more than one item exists in label A).

Table 5. Data samples used to fine-tune ELECTRA for creating test-amb. Label A is manually created
and lists all correct versions of punctuation for the input. Label B is binary and indicates whether
punctuation ambiguity exists.

Input Label A Label B

and i liked the fact. . . And I liked the fact. . . 0

. . . go there but you... . . . go there, but you. . . 1. . . go there. But you. . .

. . . then education is. . . . . . then education is. . . 1. . . then, education is. . .

ELECTRA utilizes a generator–discriminator architecture. We leverage both compo-
nents for binary classification as follows:

1. Generator tuning for text generation. The unpunctuated textual utterance input
and label A are used to fine-tune ELECTRA’s generator for text generation. The model
is prompted to generate all correct versions of punctuation based on the input text.
This step’s task is more complex than ultimately needed, since only a final binary
prediction is used to create test-amb. However, this precursor step is designed to guide
the foundation model toward reasoning about the punctuation. Directly predicting
label B without this step may obfuscate whether the task relates to punctuation at all.

2. Generator for ambiguity classification. After performing step 1, the generator is
used to obtain the last hidden layer embeddings for the input text. Along with
label B, these embeddings are used to train a multilayer perceptron (MLP) for binary
classification. The results of this step—predictions of whether utterances contain
punctuation ambiguity—are directly used in the creation of test-amb.

3. Discriminator for ambiguity classification. Similar to step 2, the discriminator’s
embeddings from the last hidden layer for the input text and label B are used to
train an MLP for binary classification. Since the discriminator is not designed for
text generation, its usage does not involve the precursor fine-tuning step as it did in
the generator.
In accordance with an optimal performance evaluation on the validation set, a weight

of α = 0.8 is used for the generator’s sigmoid output probabilities, and hence, a weight
of 1 − α = 0.2 is assigned to the discriminator. As expected, the generator, tuned with the
precursor generation step, is more useful. The weighted sum of the probability values
are used for the final predictions of punctuation ambiguity on all SponSpeech utterances.
A threshold of β = 0.6 was similarly selected based on the validation results, with prediction
probabilities p ≥ β being classified as “having punctuation ambiguity”.

A formal evaluation of the fine-tuned models was not deemed necessary, since the
generator, the discriminator, and the MLPs only needed to give a general suggestion as to
which utterances were likely to have had punctuation ambiguity. Unlike typical machine
learning tasks, maximizing accuracy was less important, since classification mistakes do
not deter the overall formation of test-amb. Moreover, any additional samples labeled for a
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potential test set would, anyway, much better serve to enlarge the scant fine-tuning and
validation data subsets.

In the end, the test-amb set was created with a greater number of utterances predicted
to have punctuation ambiguity. The effectiveness of this procedure is proven in the results
presented below.

5. Results

The results reported in Table 6 include a comparison of our different models with the
current state-of-the-art (SOTA) and best-performing models, MuSe [20] and UniPunc [21].
The reporting of our EfficientPunct’s results is given in three categories:

1. EfficientPunct-BERT considers text only, which is equivalent to the fine-tuned BERT
model.

2. EfficientPunct-TDNN considers text and audio via our TDNN.
3. EfficientPunct is an ensemble of predictions from categories (1) and (2) with α = 0.4,

the best-performing weight, as reported in Section 5.2.

Categories (1), (2), and (3) are reported in the third, fourth, and fifth rows of Table 6,
respectively.

As is standard in punctuation restoration research, we report the F1 scores of commas,
full stops (periods), and question marks. The “overall” F1 score aggregates all classes, while
we considered varying the number of examples to account for the class-count imbalance.
The number of parameters for each model is also provided, which is indicative of the
computational efficiency of the method of interest.

Table 6. F1 scores of EfficientPunct and its various submodules on each punctuation type, compared
against existing state-of-the-art (SOTA) models. EfficientPunct-BERT considers text only, EfficientPunct-
TDNN considers text and audio, and EfficientPunct predicts using an ensemble of Efficient-BERT and
EfficientPunct-TDNN.

Model
Embedding

, . ? Overall
No. of

Type(s) Used Params.

SO
TA MuSe 1,2 BERT,wav2vec 2.0 73.2 83.6 79.4 77.9 1.7 × 108

UniPunc 1 BERT,wav2vec 2.0 74.2 83.7 80.8 78.5 2.5 × 108

O
ur

s EfficientPunct-BERT BERT 73.4 83.9 84.7 78.4 1.1 × 108

EfficientPunct-TDNN BERT,TEDLIUM3 74.3 83.6 85.8 78.5 1.2 × 108

EfficientPunct (Ensemble) BERT,TEDLIUM3 75.4 84.3 86.5 79.5 1.2 × 108

1 Statistics taken directly from the UniPunc paper due to the public inaccessibility of certain models hindering our
ability to run them. Fairness of comparison is ensured, since we use the exact same training and test sets as the
UniPunc authors. 2 The number of parameters in MuSe was conservatively estimated from information provided
in the original paper.

5.1. EfficientPunct and Submodules

Our main EfficientPunct model achieves an overall F1 score of 79.5, outperforming
all current state-of-the-art frameworks by 1.0 or more points. We also achieve the highest
F1 scores for each individual punctuation mark, with the most significant improvement
occurring for question marks. These results were accomplished with EfficientPunct using
less than half of UniPunc’s total number of parameters, which achieved the previously
reported best results on the same data. This significant improvement in recognizing
question marks may be attributed to our audio encoder, Kaldi’s TED-LIUM 3 framework,
aiming explicitly at phone recognition, as we had expected. In this process, the acoustics
surrounding question marks may be more pronounced in the embedding representation
than other acoustics models.
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Our EfficientPunct-BERT and EfficientPunct-TDNN models are even more lightweight.
EfficientPunct-BERT is simply a concatenation of two linear layers and a softmax layer on
top of BERT. With the incorporation of audio features, we observe that EfficientPunct-TDNN
indeed performs slightly better.

These results validate the strength of the TDNN models for punctuation restoration,
traditionally used in speech and speaker recognition. UniPunc and MuSe both use attention-
based mechanisms for fusing text and acoustic embeddings, but alignments learned as such
rely on trainable attention weights. Our forced alignment strategy likely generated more
precise temporal matching between text and audio. Combined with a TDNN architecture,
we achieved a significantly more efficient model.

5.2. Ensemble Weights

In this section, we observe the effect of ensemble weights on the EfficientPunct’s
performance. Equation (3) details the role of α in weighing the predictions made by the
TDNN and BERT models, with α = 0 indicating only BERT predictions, and α = 1 indicating
only those of the TDNN model.

Table 7 reports the effect of α on the model performance. When both BERT and
TDNN models play an approximately equal role in the ensemble, a fair voting mechanism
is enabled, and the highest F1 score is achieved. However, a weight of α = 0.4, which
considers the BERT predictions slightly more strongly than those of the TDNN, achieves
the maximum overall F1 score. This gain comes mostly from better comma predictions,
which are notoriously difficult due to varying grammar and styles of composition. We
believe that the superiority of the α = 0.4 case might be attributed to a stronger reliance on
BERT’s language modeling perspective, yielding more linguistically adequate punctuation,
as agreed upon by countless composition contributions to BERT’s large training corpus.

Table 7. F1 scores for different α weights.

α Comma Full Stop Question Overall

0.3 75.0 84.1 86.3 79.2
0.4 75.4 84.3 86.5 79.5
0.5 75.0 84.0 86.5 79.1
0.6 75.0 83.8 86.2 79.0
0.7 74.8 83.8 85.8 78.9

The strength of our ensemble strategy is that, in cases of uncertain predictions by
either model (such as approximately equal softmax probabilities over all classes), the other
model can provide guidance in clarifying the ambiguity. As indicated by the last two rows
of Table 6, this process demands very few additional parameters applied on the input,
but greatly improves the state-of-the-art performance.

5.3. Parameter Breakdown

In order to show the specific modules in which we attain superior efficiency, we further
break down the parameters count from the last column of Table 6. Table 8 provides details
of the number of parameters used by each model for extracting embeddings and inferring
those embeddings to make the punctuation decisions.

Our EfficientPunct requires much less computational cost in both embedding extraction
and inference stages. Our usage of Kaldi’s TED-LIUM 3 model brought massive efficiency
gains compared to MuSe and UniPunc’s utilization of the more costly wav2vec 2.0. More-
over, our inference module uses less than a tenth of those of UniPunc (which had achieved
the previous state of the art) at the same stage.
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Table 8. Number of parameters required in various stages of each model.

Model
Embedding Inference

Total
Network Network

MuSe 1.6 × 108 4.3 × 106 1.7 × 108

UniPunc 2.0 × 108 4.8 × 107 2.5 × 108

EfficientPunct 1.1 × 108 3.0 × 106 1.2 × 108

5.4. SponSpeech Evaluation

To evaluate the quality of our SponSpeech, we follow a procedure similar to that used
for MuST-C v2 [41]. An indication of the dataset’s quality is achieving reasonable results
when cross-testing with another dataset. This is in the following forms: (1) training on
another dataset and testing on SponSpeech, and (2) training on SponSpeech and testing on
another dataset. We use MuST-C for this purpose, since it is currently the most frequently
used multimodal dataset (with text and acoustics) for punctuation restoration. The models
used were BERT [13] and EfficientPunct, which are among the recent top-performing models
in the text-only and multimodal domains.

As shown in Table 9, both models trained on MuST-C achieve overall F1 scores of
around or above 70% when tested on our SponSpeech dataset. By comparison against the
SponSpeech dataset results in Tables 10 and 11, MuST-C-trained and SponSpeech-tested results
appear very reasonable. Namely, not training on the SponSpeech population itself only
decreases the overall F1 score on the SponSpeech test and test-amb sets by about 2.3% to 4.0%.
The high quality of the SponSpeech test and test-amb sets is hence confirmed. As expected,
results for the test-amb set are lower than for the test set, demonstrating the effectiveness of
our ELECTRA tuning process in creating a test set with more punctuation ambiguity.

The results of training on SponSpeech and testing on MuST-C are shown in Table 12 and
they indicate that the overall F1 scores are well above 70%. This demonstrates the quality
of our SponSpeech training and validation sets. Together, the two sets of cross-testing results
show that SponSpeech is of very high quality and is very robust.

Table 9. Precision (P), recall (R), and F1 score (F1) achieved by models trained on MuST-C and tested
on SponSpeech.

Subset Model
Full Stop Comma Question Overall

P R F1 P R F1 P R F1 P R F1

test EfficientPunct 76.9 84.4 80.5 54.6 76.1 63.6 70.5 79.77 4.8 63.2 79.7 70.5
BERT 75.5 85.3 80.1 60.7 69.3 64.7 69.4 80.0 74.3 67.1 76.3 71.4

test-amb EfficientPunct 76.6 80.6 78.6 55.1 76.2 63.9 67.4 77.7 72.2 63.1 78.1 69.8
BERT 75.9 81.7 78.7 61.0 69.6 65.0 66.9 79.2 72.6 67.2 75.0 70.9

Table 10. Precision (P), recall (R), and F1 score (F1) achieved by models on SponSpeech’s test set.

Model
Full Stop Comma Question Overall

P R F1 P R F1 P R F1 P R F1

EfficientPunct 79.3 85.6 82.3 56.9 82.6 67.4 74.0 80.4 77.0 65.2 83.8 73.3
UniPunc 70.5 83.2 76.3 46.9 75.9 58.0 71.8 71.2 71.5 55.8 78.7 65.3

BERT 82.4 82.3 82.4 66.5 75.0 70.5 76.1 77.6 76.8 73.0 78.1 75.4
GPT-4 Turbo 87.0 70.0 77.5 47.7 85.0 61.1 67.5 81.9 74.0 58.0 78.7 66.8
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Table 11. Precision (P), recall (R), and F1 score (F1) achieved by models on SponSpeech’s test-amb set.

Model
Full Stop Comma Question Overall

P R F1 P R F1 P R F1 P R F1

EfficientPunct 78.0 82.9 80.4 56.5 81.6 66.7 72.1 78.8 75.3 64.4 82.0 72.1
UniPunc 70.6 79.8 74.9 47.0 74.5 57.7 69.9 70.0 70.0 55.7 76.5 64.5

BERT 81.3 79.2 80.3 65.5 73.5 69.3 74.6 75.5 75.0 71.9 75.9 73.8
GPT-4 Turbo 85.5 66.8 75.0 48.8 84.3 61.8 65.8 80.0 72.2 58.4 77.0 66.4

Table 12. Precision (P), recall (R), and F1 score (F1) achieved by models trained on SponSpeech and
tested on MuST-C. The test set used is the same as in [21,24].

Model
Full Stop Comma Question Overall

P R F1 P R F1 P R F1 P R F1

EfficientPunct 79.3 81.8 80.5 64.4 76.7 70.0 82.9 77.6 80.1 70.7 78.9 74.5
BERT 82.0 76.7 79.3 69.1 65.7 67.3 85.3 73.4 78.9 75.0 70.5 72.7

5.5. SponSpeech Baselines

To initiate punctuation restoration research using SponSpeech, we provide several
notable models for the baseline results, shown in Table 10 for the test set and Table 11 for
the test-amb set. Training and validation are performed using the SponSpeech standard data
subsets. The chosen models are as follows:

• EfficientPunct, an ensemble with a time-delay neural network to process BERT [13]-
and Kaldi-derived [36] embeddings, picked for its state-of-the-art performance and
efficiency. It considers text and acoustics [24].

• UniPunc, an attention-based architecture with a coordinate bootstrapper that allows
for missing audio. We apply the same BERT and Kaldi embeddings as EfficientPunct
for fair comparison of the architectures. It considers text and acoustics [21].

• BERT, a bidirectional transformer-based foundation language model that can be fine-
tuned for a wide variety of downstream tasks with very few additional layers. It
considers text only [13].

• GPT-4 Turbo, a generative pre-trained transformer large language model created by
OpenAI, picked due to its immense popularity in the AI community and the public
through ChatGPT and its origin model, GPT-4. It considers text only [53]. We evaluate
the zero-shot performance of this model.

The best performance for all types of punctuation marks in both evaluation sets is
dominated by BERT and EfficientPunct.

For the test set, BERT achieves the highest F1 scores for full stops (periods), commas,
and overall, while EfficientPunct achieves the highest performance for question marks. BERT’s
language modeling capabilities for punctuation restoration outmatch all other models.
However, EfficientPunct’s outperformance on question marks may be attributed to the
consideration of acoustics, which can often signal question marks with rising pitch, as we
had expected at the onset of our research. BERT may suffer from the lack of pitch/acoustic
information in this case.

For the test-amb set, BERT achieved the highest F1 scores for commas and overall, while
EfficientPunct achieved the highest for full stops (periods) and question marks. All models
performed worse on the test-amb set compared to the the test set, as expected.

An important finding from the baseline results is that although the multimodal models
proposed thus far fall short of BERT in overall performance, experiments on MuST-C’s
highly structured TED talks have repeatedly shown the proposed models’ outperformance
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of BERT. This highlights the importance of testing on diverse datasets, warranting the
creation of our SponSpeech dataset and the ensemble versions of our EfficientPunct models.

6. Conclusions

We explored the application of time-delay neural networks to punctuation restoration,
which proved to be more computationally efficient than previous approaches, yet as
effective. Combined with BERT in an ensemble, EfficientPunct establishes a strong, new
state of the art with a fraction of the parameters used by the previous state of the art.
A key factor of the success of our models is the removal of the need for attention-based
fusion of text and audio features. In previous approaches, multiple attention heads added
extraordinary overhead at the punctuation prediction (inference) stage. We demonstrated
that forced alignment of text and acoustic embeddings, in conjunction with temporal
convolutions, rendered attention unnecessary.

EfficientPunct requires a far lower number of parameters and hence enables the post-
processing of punctuation to be performed in real time on limited-resource and edge
devices. Also, the postprocessing of an ASR result should not require more effort than the
ASR itself. The significant reduction in the number of parameters required for inference for
EfficientPunct proves to be significantly smaller than the effort in performing the ASR.

Additionally, we studied the effect of different weightings of constituent models in
an ensemble architecture. We found that a slightly stronger weighting of BERT models
against the multimodal TDNN model optimized performance by emphasizing language
rules associated with punctuation. The ensemble technique, however, allowed for a tuning
parameter (the weight) to handle different domains, depending on the importance of the
acoustics vs. the stylistic and grammatical content.

To deal with the database inadequacies, SponSpeech ( https://storage.googleapis.com/
sponspeech/sponspeech.tar.gz (accessed on 24 February 2025)) was created and made
available. This is a new dataset for punctuation restoration with spontaneous speech in
the form of podcast conversations. Many ASR datasets, especially scripted ones, lack
natural tendencies in speech like stutters, random pauses, grammatical imperfections,
and interruptions among multiple speakers. We remedy this dearth of important speaking
characteristics in datasets by contributing SponSpeech as a public, free resource, licensed
under CC BY-NC 4.0.

Several considerations are made for future work. One is examination of the effec-
tiveness of jointly training the ensemble weights and the TDNN, which could allow
for the learning of an optimal ensemble. Jointly training with the text and audio en-
coders may also be considered, but this procedure should not inhibit the generalizabil-
ity of the encoders for purposes other than punctuation restoration. Another very im-
portant provision would be to explore the applicability of EfficientPunct (Github Page:
https://github.com/GitHubAccountAnonymous/PR (accessed on 24 February 2025)) in
more languages and a similar framework for other postprocessing tasks of speech recog-
nition. This will include special punctuation provisions in languages such as Spanish
where exclamation and interrogatory phrases are preceded as well as succeeded by special
opening and closing marks. Eventually, we would like to expand multilingually and try to
adapt our techniques, as well the dataset to also include code-switching scenarios. Finally,
we would also like to increase the number of supported punctuation marks to include
exclamation, semicolon, color, quotation marks, etc.

Further, with regard to data adequacy, it should be noted that certain punctuation
decisions are stylistic, and oftentimes, two or more ways of punctuating are readable,
reasonable, and grammatically correct, all without altering the intended meaning. Such
subjectivities slightly influence punctuation labels and, in turn, the evaluation results.

149



Electronics 2025, 14, 973

Measures of punctuation accuracy are hence coarser than one may initially assume. Also
affected is our labeling of the training and validation set for ELECTRA fine-tuning. Espe-
cially in the cases of spontaneous speech, when grammatical rules are defied, flawless and
objective punctuation labeling proves even more difficult. Our classification of whether
select utterances are ambiguous may somewhat suffer from this linguistic phenomenon.

As for potential future work in relation to the dataset, multimodal model performance
falling short of BERT on SponSpeech in certain categories serves as a strong motivation for
further research in multimodal punctuation restoration models. It has been repeatedly shown
that multimodal approaches have significant advantages over text-only models [17]. We can,
therefore, conclude that there exist effective, undiscovered methods of considering acoustics
for punctuation restoration that would enhance results in all punctuation categories. The
most likely candidates involve heavily weighing the grammatical insights of language models
while performing selective acoustic leveraging to extract fine-grained information.
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Abstract: Data distillation is an emerging research area, attracting the attention of machine
learning (ML) and big data scientists and experts. The main goal of a distillation approach
is to generate a compact dataset that preserves the essential characteristics of a larger one.
In our study, we considered an initial large set of images and developed a novel method
for distilling images from the initial set. The method combined discrete wavelet transform
(DWT) and modified principal component analysis (M-PCA). Hence, our method first
transforms images into vectors of low-band (LL) wavelet coefficients and then applies
M-PCA to modify and reduce the number of vectors rather than their dimensionality. This
distinguishes our approach from the traditional PCA method. We implemented the new
method in Python 3.10 and validated it on public image databases, including Extended
YaleB, digit-MNIST, and the ISIC2020. We demonstrated that creating a dictionary from a
small set of distilled images and training a sparse representation wavelet-based classifier
(SRWC) provides higher accuracy if compared to a classification when the SRWC method
is trained with the entire initial training set of images.

Keywords: images; wavelets; principle components; distillation; sparse representation;
classification; machine learning

1. Introduction

An important meta parameter in machine learning (ML) is the training set. For deep
ML classifiers, extensive training datasets are required to achieve robust statistical results.
If the large training sets also contain relatively high-resolution images, then the training
process becomes extremely time-consuming. The training time could be significantly
decreased if a smaller training dataset hosting the same features, qualities, statistical
properties, and training abilities, is used.

Therefore, methods capable of generating or extracting, from a given large training
set, a smaller one with the above abilities has become a subject of strong interest to the ML
society. Early works in this field emerged around the middle of the last decade [1,2], with
significant developments following in the subsequent years.

Methods for reducing training data while preserving data quality and model perfor-
mance can be broadly categorized into two approaches: methods based on ML models [3–5]
and data pruning (erasing) methods [6–8].

There is another concept gaining popularity among ML society, namely, transfer learn-
ing. It aims to develop methods and approaches that transfer knowledge across different
tasks, for example, between image segmentation NN models and classification models [4].

Electronics 2025, 14, 1357 https://doi.org/10.3390/electronics14071357
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Since knowledge transfer methods do not necessarily decrease the training time of the
receiving model, we do not include them into the nomenclature of time reducing methods.

ML models for distillation use as a subject of their application knowledge and/or data.
Knowledge distillation methods transfer meta parameters from teacher to student neural
networks (NNs) [9–11]. Teacher NNs are generally large and complex, while student NNs
are smaller and simpler as architecture. These teacher–student NN models significantly
reduce the training time of student NNs, preserving the original training data and the
statistical outcomes. They can solve problems in the fields of objects classification, detection,
and segmentation in a variety of application areas in medicine and industry.

Data distillation methods keep the complexity and the architecture of the NN model
the same but generate (distil) new data from the existing data. The distilled data has
a smaller cardinality than the cardinality of the original training data, preserving its
information quality and outcome statistics [5,12]. Note that in some cases, the newly
distilled (generated) small-sized training set may contain images that do not visually
resemble the original images at all [13]. Despite this dramatic change in the visual image
features and the image theme, the distilled small image sets train the NN such that it
provides the same or sometimes even better statistical measures. However, the visual form
and the training ability of the ML distilled images depend on the number of epochs used
in the process of distillation [14]. Note that this number could be high for some databases
and may require more computer resources and longer run times, especially if the original
images in the dataset are relatively sizable [14].

A comprehensive survey on the recent methods of data distillation, including the ap-
plication of NNs, is given in [4]. The authors provide a detailed description of multiple data
distillation techniques based on the concepts of “meta-model”, “gradient”, “distribution”,
“trajectory”, and “factorization” matching.

On the other hand, data pruning methods are designed to remove less important
and/or ill-defined samples from the original training set [6,7,15]. For the process of removal,
pruning methods use optimization techniques to determine a sample’s importance [7].
Hence, optimization-based pruning methods can determine the smallest efficient training
set from the original samples.

In 2024, ref. [8] published a new method capable of distilling vectors. This method was
based on a modification of the principal components analysis (PCA) approach [16,17] and
proved itself efficient for distilling vectors with relatively small dimensions. It improved
the classification statistics of ML methods trained by sets augmented with distilled vectors.
A disadvantage of the modified PCA distillation method is that training an ML classifier
only with distilled vectors provides poor statistical outcomes.

In the present study, we developed a new method of image distillation that modifies
training images and reduces the cardinality of the training set yet improves the classification
accuracy of the ML classifier trained with this set. The new method does not apply ML
techniques but was developed to reduce the training sample sets required in ML methods
using, for example, sparse representation classification (SRC) [18,19]. These kinds of
classifiers use a dictionary in the process of classification and the dictionary is designed by
a set of atomic samples selected from the set of training samples.

The first part of the new distillation method consists of discrete wavelet transform
(DWT) [20,21], which represents the image with the help of its low band (LL) wavelet
coefficients. Further, we describe every image as a vector of LL wavelet coefficients and
apply an adapted version of the modified PCA method [8] to generate a modified version
of the vectors created by the image wavelet LL coefficients. Out of the modified vectors,
we select the top m vectors from every modified class (matrix) and name them distilled
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vectors. They are used to build the distilled training dictionary of an SRC method. A block
diagram that describes the new data distillation method is shown in Figure 1.

Note that m is a user-selected integer that should be smaller than the cardinality
of the smallest class in the training image dataset. Even though we verified the new
image distillation method by creating a distilled wavelet dictionary (DWD) for the sparse
representation wavelet classification (SRWC) [19] method, the distilled images could be
used for training in other ML methods including NNs.

The main contribution of the present study is the development of the DWD with the
help of the new image distillation method, which implements the DWT, low-band wavelet
(LL) coefficients (features), and a modified PCA method (M-PCA). The advantage one
may obtain, if using our DWT-LL-M-PCA method, is a reduced set of training images that
possess the same training capabilities as the entire original training set.

Figure 1. The main components of our data distillation method and the flow of its image classification.

Further, this paper is organized as follows: Section 2 presents the DWT, shows an
example of image wavelet decomposition, and describes the development of the training
dictionary for the wavelet vectors of images; Section 3 describes the development of the
new approach to modify the wavelet matrix of each training class with the help of the
M-PCA method and the creation of the DWD; Section 4 comprises five subsections that
describe the SRWC method, the public image databases YaleB [22] and MNIST (digit and
fashion) [23,24], and ISIC2020 [25] used for the experiments, the metrics implemented
to measure the effectiveness of the methods, the experimental scheme, and the results of
image classification. This paper end with Sections 5 and 6, which present the discussion and
conclusions, where we comment on the comparisons between classifications with original
and distilled training sets, list the contributions of the present study and its advantages,
and outline the future work.

2. Wavelet-Based Training Dictionary Design

2.1. Image Decomposition to Wavelet Sub-Bands

In the context of two-dimensional signals, let I represent an image wherein I(u, v) indi-
cates the grey-level value at the pixel (u, v). Implementing a single-level two-dimensional
wavelet transformation for an image can be achieved utilizing the technique that employs
the Haar kernels, introduced in [26]. Therefore, the half-band high-pass GH(k) and the
half-band low-pass GL(k) filters can be characterized, in the spatial domain, by the Haar
wavelet kerne, as shown below [26]:

GH(k) =

⎧⎪⎪⎨⎪⎪⎩
1, 0 � k < 1/2
−1, 1/2 � k < 1

0, otherwise

; GL(k) =

{
1, 0 � k < 1

0, otherwise
. (1)

Note that the high-pass filters GH(k) attenuate the low-band image features while
passing the high-band image features. On the other hand, the low-pass filters GL(k)
attenuate the high-band features while passing the low-band features. In the wavelet
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domain, the low-band features describe image overall properties, and structures as well as
large-scale patterns. The high-band wavelet features describe details, like, corners, edges,
and noise.

Further, 2D discrete wavelet transform (DWT) [20] decomposes an image into four
distinct sub-bands: approximation (LL), vertical (HL), horizontal (LH), and diagonal (HH)
components. Out of the four sub-bands, the following three are considered high-band
features: LH, HL, and HH, while LL is considered as describing low-band features. An
example of image decomposition to the four sub-bands is shown in Figure 2.

Figure 2. Decomposition of a grey-level image from YaleB [22] to four wavelet sub-band images.

2.2. Training Wavelet Dictionary Design

Consider a set of total Nk training images distributed in k different classes. Denote the
i-th class of the training images with ξi and the label of this class with li, for i = 1, . . . , k. The
images in class ξi we indicate with Iij, where Iij ∈ Rhij×wij and hij denote the number of rows
(height) in the image, while wij denotes the number of columns (width) for j = 1, . . . , ni,
where ni denotes the number of images in class ξi. In connection with our further study, we
resize the entire set of training images such that Iij ∈ Rh×w for i = 1, . . . , k and j = 1, . . . , ni.

In the next step, using the 2D DWT, we decompose every image Iij ∈ ξi for i = 1, . . . , k
to the four wavelet coefficients LL, HL, LH, and HH. Following the idea introduced in [19],
we flatten every image to a vector, where, for every image pixel, there is an LL wavelet
value. Hence, we map every image Iij ∈ Rh×w to a vector of the wavelet coefficient
vij ∈ Rwh , which is a vector with wh entries and the label li. Therefore, the class ξi can be
presented as the matrix ξi = (vi1 . . . vini

)T ∈ Rni×hw, with its extended form being (ξi|Li),
where Li = (li, li, . . . , li)T ∈ Rni , and li ∈ R for i = 1, . . . , k.

If we vertically concatenate all training wavelet matrices ξi we receive the ma-
trix Dt = (ξ1 . . . ξk)

T ∈ RNk×hw. Note that Nk = n1 + n2 + . . . + nk, where ni for
i = 1, . . . , k is the cardinality of the i-th training class. We call matrix Dt the training
wavelet dictionary (TWD); its label’s extended form is (Dt|L), where the vector of labels
L = (L1, . . . , Lk)

T ∈ RNk .

3. Distilling a Dictionary from the TWD

3.1. Modifying the Wavelet-Based Class Matrices

Consider TWD Dt = (ξ1 . . . ξk)
T ∈ RNk×hw, constructed by the vectors of wavelet

coefficients vij ∈ Rwh, i = 1, . . . , k and j = 1, . . . , ni. Denote vij = (a1
ij, . . . , ahw

ij ), where

ap
ij ∈ R represents a wavelet coefficient, which we call a feature.

Analogously to [8], we construct the p-th feature vector of the i-th class with
f

p
i = (ap

i1, . . . , ap
ini
), such that f

p
i ∈ Rni and p = 1, . . . , hw. We then denote the mean

of the feature vectors f
p
i with μ

p
i and the rank of the matrix ξi with ri ≤ min{ni, hw}. Then,

we normalize every wavelet coefficient LL as follows:

ap
iu = ap

iu − μ
p
i , f or i = 1, . . . , k, u = 1, . . . , ni, and p = 1, . . . , hw. (2)

Further, we calculate the covariance matrix, which measures the linear relationship
between the features in the matrix (class) ξi [17] for i = 1, . . . , k. For this purpose, we use
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the equation below and calculate every entry of the covariance matrix of the i − th class,
which we denote by Fi = {Fi

qj}, q = 1, . . . , hw, j = 1, . . . , hw [8]:

Fi
qj =

1
ni − 1

ni

∑
p=1

(ap
ij − μ

p
i )(ap

iq − μ
p
i ). (3)

In the next stage, we determine the Eigen vectors ui
j ∈ Rhw and the Eigen values λi

j of

Fi using the equation below, where I ∈ Rhw×hw is the unit matrix:

Fiui
j = λi

ju
i
j, |Fi − λI| = 0, (Fi − λI)ui

j = 0. (4)

Let us consider the pairs (λi
j, ui

j), where j = 1, . . . , hw. Recall that hw is the number of
features in ξi, while ri ≤ min{ni, hw} is its rank. Recall that the number of classes in Dt

is k. We now select the integer m ≤ ri and find the m largest Eigen values λi
j1
≥ . . . ≥ λi

jm
as well as their corresponding Eigen vectors ui

j1
, . . . , ui

jm
. Then, we construct the matrix

Ti ∈ Rhw×m according to decreasing Eigen values from right to left:

Ti = [ui
j1

, ui
j2

, . . . , ui
jm
], (5)

where every Eigen vector ui
jl
∈ Rhw and m are the user-selected integer. The idea behind

the construction of matrix Ti is the concept that the larger the Eigen value, the stronger the
influence of its Eigen vector.

Recall that the class matrix ξi ∈ Rni×hw. Therefore, the matrix product below,

ξiT
i = Di, (6)

maps the matrix of the i − th class to a transformed one Di ∈ Rni×m for i = 1, . . . , k. The
next left product with the matrix (Ti)

T ∈ Rm×hw maps the transformed matrix Di ,

Di(Ti)
T
= Δi, (7)

into the original space such that Δi ∈ Rni×hw. Note that unless Ti(Ti)
T

= I, where
I ∈ Rhw×hw is the unit matrix, the new matrix Δi �= ξi. Hence, we call the matrix Δi the
modified matrix of the i-th training class.

Please note that the modified version of the PCA method described above decreases
the number of vectors in a set, while the original PCA decreases the dimension of the
vectors in the set.

3.2. Creating a Distilled Wavelet Dictionary

Recall that we vertically concatenated the original classes of wavelet vectors to receive the
training wavelet dictionary (TWD) Dt = (ξ1, . . . , ξk)

T = (v11, . . . , v1n1
, . . . , vk1, . . . , vknk

)T ∈
RNk×hw. If we do the same with the modified training matrices (classes) Δi for i = 1, . . . , k,
we receive the modified training wavelet dictionary

Δt = (Δ1, . . . , Δk)T = (vd
11, . . . , vd

1n1
, . . . , vd

k1, . . . , vd
knk

)T ∈ RNk×hw. (8)

Note that in the present notation of vectors, the superscript d denotes that the vectors
are modified.

Recall also that the modified training wavelet matrices Δi are obtained by two left
multiplications (see Equations (6) and (7)) of the original training wavelet matrices ξi for
i = 1, . . . , k. Since the multiplication of matrices does not change the order of the rows, it
follows that the rows in Δt are modified versions of the rows in Dt.
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To create the training distilled wavelet dictionary (DWD), we select the upper m vector
rows from every modified matrix (class) of training wavelet vectors Δi for i = 1, . . . , k.
Concatenating the k selected sets of m modified vectors, we receive the distilled wavelet
dictionary (DWD):

Δd
t = (Δ1

d, . . . , Δk
d)

T = (vd
11, . . . , vd

1m, . . . , vd
k1, . . . , vd

km)T ∈ Rkm×hw. (9)

Note that Δi
d contains only the selected m upper rows (vectors) from the matrix of

the modified training wavelet class Δi. Thus, the number of training vectors (rows) in
the DWD Δd

t is mk << Nk and the number of vectors in the modified training wavelet
dictionary is Δi. Also, the selected vectors vd

ij ∈ Rh×w, which complies with Iij ∈ Rh×w.

4. Experimental Validation

In the present section, we first introduce the classifier sparse representation wavelet-
based classification (SRWC), which we used to measure statistics when conducting training
with original and distilled sets of the training dictionary. Recall that the set of distilled
training images is smaller than the set of original images.

Next, we introduce the image databases and metrics that were used for the purpose
of measurement. In the last subsection, we describe the experimental procedure and the
results obtained by the SRWC method when using original TWD and DWD.

4.1. Sparse Representation Wavelet-Based Classification

The sparse representation wavelet-based classification (SRWC) method [19] was im-
plemented in the wavelet domain to construct a feature dictionary derived from training
samples. Paper [19] demonstrates that utilizing features exclusively from low-pass sub-
band (LL) wavelet coefficients can significantly enhance image classification performance.
Hence, we used the low-pass sub-band coefficients LL to generate the TWD.

The preprocessing techniques for the TWD design applied several steps, including
the following: labeling the k training classes and conducting principal component analysis
(PCA) to reduce the dimensionality of each vectorized sample, named “atom”. As shown
in Section 2.2, for each class i, the vectorized training atoms vij, j = 1, . . . , ni, creating a
sub-dictionary matrix ξi = (vi1, . . . , vini

)T ∈ Rni×hw, where hw represents the dimension
of each vectorized training atom and ni denotes the number of atoms within the class.
Aggregating Nk atoms from k categories (classes), the comprehensive walet training ma-
trix of original vectors was constructed as Dt = (ξ1, . . . , ξk)

T and modified to Δt with
Equation (7), where every modified class Δi = (vd

i1, . . . , vd
ini

)T ∈ Rni×hw was distilled to
Δi

d = (vd
i1, . . . , vd

im)T ∈ Rm×hw.
Based on the assumption of sparse representation, a new unknown test atom

xT = (xi,1, . . . , xi,hw)T ∈ R
hw×1 was associated with a specific class i if represented as

a sparse linear combination of atoms associated with this class:

y = xi,1vd
i,1 + xi,2vd

i,2 + . . . + xi,mvd
i,m, (10)

where xi,j ∈ R, j = 1, 2, . . . , m constitutes the sparse vector coefficients corresponding to
class i. The sparse classification methodology centered on identifying the most appropriate
set of training atoms for best approximation of y. This was accomplished by determining a
sparse approximation vector x̂ with non-zero entries associated with the ith class, resolved
through the following Lasso optimization formulation [19]:

x̂ = min
x

∥∥∥y − Δd
t x
∥∥∥2

2
+ λ0‖x‖1. (11)
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The classification of the unknown vector x was ultimately determined by analyzing
the non-zero coefficients within x̂. The final classification was executed by minimizing the
discrepancy between the sparse sample and the original representation:

classpred(y) = argmin
i

∥∥∥y − Δd
t δi(x̂)

∥∥∥
2

, (12)

where x̂ ∈ R
m, δi is a characteristic function that selects elements in x̂ that are associated

with class i.

4.2. Original Datasets

To experimentally validate the new image distillation method based on the DWT, LL
wavelet coefficients, and M-PCA methods, we used the public image databases YaleB [22],
digit-MNIST [24], and ISIC2020 [25].

The YaleB [22] database contains 2414 frontal-face images of size 192 × 168 taken from
38 faces. Therefore, the database consists of 38 classes and every class contains 64 pictures
taken under different illumination conditions.

The public image database digit-MNIST [24] consists of 60,000 hand-written images
of digits for training and 10,000 hand-written digit images for testing. Both the training
and testing sets are split into 10 distinct classes. Every image has a size 28 × 28 pixels.

The most recent skin lesion image database is ISIC2020 [25]. It contains of
33,126 training images and 10,982 unlabeled benign and malignant images for testing.
The training samples are split into 32,542 benign and 584 malignant. Experienced clinicians
and dermatologists labeled the training images. The original image sizes vary between
[480, 6000] for the number of rows and between [640, 6000] for the number of columns.
To standardize the images, we resized them to 256 × 192 and 332 × 590 pixels. In Fig-
ure 3, we show an original training sample from ISIC2020, resized from 6000 × 4000 to
590 × 332 pixels. On the right side of the same figure, we show original training samples
from digit-MNIST.

Figure 3. On the left side of the figure, we show resized, original training skin lesion image from
ISIC2020 [25]. On the right side, we show original training samples from digit-MNIST [24].

4.3. Classification Metrics

The notations TP = True Positives, TN = True Negatives, FP = False Positives, and
FN = False Negatives usually describe the outcomes from a classification method. Also,
they are implemented in the calculation of accuracy, the most often used metrics to evaluate
the effectiveness of classification.

• Accuracy (AC): measures the overall correctness of a model’s predictions:

AC =
TP + TN

TP + TN + FP + FN
.

4.4. Experimental Schemes

Our experimental scheme consisted of two major stages. In the first one, we distilled
m number of images applying the DWT [20], LL, and M-PCA [8] methods. In the next stage,
we trained the SRWC method with original images and classified original testing images.
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Afterward we train the same classifier under the same conditions and parameters but with
distilled samples and classify distilled training images (Case 1) or original training images
(Case 2 and Case 3, defined below).

If the training or testing was conducted with the entire original or distilled train-
ing/testing image dataset, a single classification was performed. But, if a smaller number
of training or testing original or distilled images was used, we implemented the Monte
Carlo scheme [27] to select the necessary set for conducting the experiments. This scheme
increased the statistical objectivity of the classification results and consisted of n runs of
the classifier under the same conditions and parameters but with different sets of train-
ing samples. At the end, the average of the experimental outcomes was calculated and
used for comparisons. In most cases, n = 5 or n = 10 was named 5-fold or 10-fold
cross-validation, respectively.

4.5. Experimental Results

To validate our new method for training image dataset distillation, based on the
DWT [20], LL wavelet coefficients, and M-PCA [8], we implemented it in Python alongside
the SRWC method [19]. Employing the code, we conducted three kinds of experiments
with the public image databases described in Section 4.2.

In the first kind of experiment, namely, Case 1, we distilled images from the union
of the training and testing vectors (recall that every image was presented as a vector of
LL wavelet coefficients) of every class. Then, we split the distilled vectors (images) into
training and testing sets for every class. Further, we created the DWD by concatenating the
distilled training vectors from all classes. Similarly, we merged the distilled testing vectors
from all classes to form the test set for each experiment. The experimental results, which
provide four different number of distilled vectors (images) from the image database YaleB,
are presented in Table 1. An image from this database and a sample from its DWD Δd

t are
shown in Figure 4.

Figure 4. (a) Image from YaleB [22]; (b) distilled image in DWD Δd
t of the image database YaleB.

Table 1. Accuracy (Ac) results obtained by the SRWC method [19] applied to the original YaleB
image database and classifications results with distilled images from each of the 38 classes of YaleB
implementing Case 1 and Case 2. In the Ac column the highest value is in bold.

Training per Class Total for 38 Classes Train/Test per Class Ac%

Original images YaleB-38 classes 64 2432 30/34 98.06% [28]

Case 1 setup for YaleB-38 classes

Distilled images 1st experiment 57 2166 30/27 98.9%

Distilled images 2nd experiment 44 1672 30/14 98.72%

Distilled images 3rd experiment 38 1444 30/8 99.29%

Distilled images 3rd experiment 32 1216 30/2 98.7%

Case 2 setup for YaleB-38 classes

Distilled images 18 684 18/26 91.5%
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In the second kind of experiment, named Case 2, we distilled training vectors (images)
from the original training and testing sets of every class. Further, we used the distilled
vectors to construct the DWD, which we applied to train the SRWC [19] method and
classify a randomly selected subset of original testing vectors (images). The selection was
conducted with the Monte Carlo scheme [27]. The experimental results obtained with
distilled images when applying the present distillation Case 2 are presented at the bottom
of Table 1, where we show the classification results when training with distilled images
from Yale B.

In the distillation Case 3, we distilled training (images) only from the original training
set of every class. Then, we created the DWD, trained the SRWC method, and classified the
original testing vectors (images). The experimental results with the present setup and the
image databases digit-MNIST and ISIC2020 are shown in Tables 2 and 3.

Table 2. Accuracy (Ac) results obtained by SRWC [19] for the images distilled from digit-MNIST
implementing the distillation described in Case 3. In the Ac column the highest value is in bold.

Training
per Class

Total for
38 Classes

Train/Test
per Class

Ac %

Original images digit-MNIST-10 classes 600 6000 600/1000 11%

Original images digit-MNIST-10 classes 1000 10,000 1000/1000 14.19%

Case 3 setup for digit-MNIST-10 classes

Distilled images 1st experiment 157 1570 157/1000 95.25%

Distilled images 2nd experiment 94 940 94/1000 93.84%

Table 3. The 2nd and most left columns show results of classifying, by the SRWC method, the 10,982
original testing ISIC2020 images. The 3rd column shows results when the original training and
testing images are sharpened by Laplace operator. All results are in “score” metric evaluated in the
ISIC2020 web page [25]. The highest value is in bold.

Training Samples (Malignant/Benign) Original Images
Sharpened

with Laplacian
Distilled Under Case

3 Setup

292/584 score = 0.7734 [28] score = 0.7804 [28] score = 0.7336

523/7704 - - score = 0.8115

5. Discussion

Examining the results in Table 1 for the Case 1 distillation and classification, we
observe that the accuracy (Ac) achieved with the four distilled sets was higher than the Ac
obtained with the original dataset. Note that the number of distilled training images for
all experiments was the same (30), while the set of distilled testing images decreased. The
largest Ac = 99.29% was achieved in the 3rd experiment, when we distilled 1444 images
out of the 2432 original images.

These results suggest that distilling from the combined training and testing sets
improved classification accuracy, even when the total number of images used was reduced.
However, this approach was feasible only if the distilled training images could be identified,
as demonstrated with the SRWC method.

Recall that in Case 2, we distilled both training and testing images. Then, we used
the distilled images for training and tested a set of original images. The experiment
in this case with the Yale B dataset is presented at the bottom of Table 1. Please note
that the 18 training images per class were distilled from the 64 original images in the
same class. Then, 26 original images for testing per class were selected, with the Monte
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Carlo scheme [27], from the original images in the class of consideration. The obtained
Ac = 91.5% was lower than the accuracies in Table 1 achieved for Case 1. The reason
for this drop is that we used 40% less distilled images for training and trained the SRWC
method with distilled images but classified originals.

In Case 3, we conducted two classifications with distilled images from digit-MNIST.
In the first experiment, we distilled 157 training images per class from the 6000 original
images in the same class. Further, applying the Monte Carlo scheme [27], we selected
1000 original images from the digit-MNIST testing set and classified them employing the
DWD dictionary. Hence, we obtained Ac = 95.25%. In the second experiment, we repeated
the above but distilled 94 images per class and obtained an Ac = 93.84%.

The above two results are many times greater than the results obtained when 600 and
1000 original images per class were used for training. The poor SRWC classification
performance with the original digit-MNIST images was likely due to the small size of the
original images (28 × 28), which did not exhibit sufficient image features. The distilled
images were of the same sizes but were “filled up” with more and condensed information,
which led to higher classification accuracy.

Further, we conducted additional experiments distilling images from the training
set of ISIC2020 [25] under the conditions of Case 3, described in Section 4.5. In the first
experiment, we distilled 584 benign and 292 malignant skin lesion images from the original
32,542 benign and 584 malignant training images, respectively. In the second experiment,
we distilled 7704 benign and 523 malignant images from the ISIC2020 training set. In the
two experiments, we trained the SRWC method with the DWDs, created with the distilled
sets, and classified the 10,000 original images in the ISIC2020 testing set. The classification
“scores” are present in Table 3.

The measure score was provided by the International Skin Imaging Collaboration
(ISIC) in [25]. It calculated the area under the ROC (receiver operating characteristic) after
we uploaded our classification results to the ISIC [25] web page.

Comparing, using the digit-MNIST image database, the new DWT-LL-M-PCA dis-
tillation method with the ML-based distillation methods presented in [4,5], one may see
that the latter methods provide higher accuracy than the former one. For example, the
Kip ScatterNet from [4] has an Ac = 99% if trained with 10 images distilled from every
digit-MNIST class and an Ac = 99.4% if trained with 50 images distilled from every class.

At the same time, the SRWC [19] gives an Ac = 95.25% and Ac = 93.24% if trained with
157 and 94 images distilled by the DWT-LL-M-PCA method from every class, respectively.
Note that the latter method takes a single pass through the original data to create the DWD
and a single pass through the training data to conduct the classification with the DWD.

Please note, the Kip ScatterNet takes up to 2000 epochs (passes through the data
2000 times) to distill 50 images from every digit-MNIST class [14]. This is a time-consuming
procedure and requires large computer resources, even if the image sizes are very small
(28 × 28 pixels in digit-MNIST). But, if the images to distill from are large, as in the case
of ISIC2020 [25], the needed computer resources may increase exponentially. In [29], the
authors used V100 GPUs. Later, this number was reduced with the method presented
in [14]. However, the latter reference does not provide details regarding the computational
complexity or the run time for distillation, while our new method distilled 157 images per
class, from a total of 1570 images, in about 600 seconds using a regular desktop.

6. Conclusions

The main novelty of this study consists in the development of a new image distillation
method that utilizes discrete wavelet transform (DWT), low-band wavelets (LL) coefficients,
and a modified principal component analysis method (M-PCA). The DWT-LL-M-PCA
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method generates the DWD, which trains the SRWC method and can be used for training
with any other machine learning (ML) method. Thus, from a larger original training
image dataset, a smaller one is distilled, which provides the advantage of increasing the
classification accuracy.

Compared to the method presented in [8], which distills vectors, the newly proposed
DWT-LL-MPCA method distills images. Also, the images distilled by the new method are
used alone for training and produce the DWD, which provides an accuracy higher than
the accuracy achieved if the entire original training set is used. On the other hand, the
method published in [8] distills vectors that are not efficient if used alone for training in
ML methods. They provide high and competitive classification accuracy only if they are
augmented to the original set of vectors.

Studying the classification results in Tables 1–3, one may observe that the user-selected
number m of vectors (images) to be distilled affects the classification statistics. Finding
the optimal m is the subject of a full-length investigation and will be developed in a new
publication. Other future avenues of research are to integrate k-means or another ML
technique to enhance the distillation from the modified training wavelet dictionary Δt and
investigate the distillation behavior of our method when applied to databases with noisy,
degraded, blurred, or sharp images and/or images with distorted or sheared objects.
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Abstract: The GM(1,1) model is a well-established approach for time series forecasting,
demonstrating superior effectiveness with limited data and incomplete information. How-
ever, its performance often degrades in dynamic systems, leading to obvious prediction
errors. To address this impediment, we propose an elastic optimal adaptive GM(1,1)
model, dubbed EOAGM, to improve forecasting performance. Specifically, our proposed
EOAGM dynamically optimizes the sequence length by discarding outdated data and
incorporating new data, reducing the influence of irrelevant historical information. More-
over, we introduce a stationarity test mechanism to identify and adjust sequence data
fluctuations, ensuring stability and robustness against volatility. Additionally, the model
refines parameter optimization by incorporating predicted values into candidate sequences
and assessing their impact on subsequent forecasts, particularly under conditions of data
fluctuation or anomalies. Experimental evaluations across multiple real-world datasets
demonstrate the superior prediction accuracy and reliability of our model compared to six
baseline approaches.

Keywords: stationarity test; elastic adjustment; optimal adaptation; GM(1,1)

1. Introduction

As a fundamental research direction in data mining [1,2], time series analysis is con-
sidered one of the top ten technical challenges of the 21st century [3–5]. Time series
research encompasses multiple core domains, specifically including key technical direc-
tions such as time series forecasting, time series classification, time series clustering, and
time series anomaly detection [6–8]. At its core, time series forecasting leverages his-
torical data to uncover temporal patterns, constructing predictive models that provide
quantitative foundations for trend anticipation, risk early warning, and evidence-based
decision-making [9–11]. Research indicates that effective time series forecasting not only re-
veals the evolution mechanisms of systems [12–14] but also offers technological support for
industrial upgrading, thereby facilitating the implementation of cross-industry sustainable
development strategies [15–17].

Among various forecasting methods [18–20], the GM(1,1) model has garnered sig-
nificant attention due to its unique capability in small-sample modeling [21,22]. As an
important tool in gray system theory, this model demonstrates significant advantages in
system behavior modeling and evolution analysis through specialized data generation
mechanisms with limited information [23,24]. Its core features are (1) modeling with as
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few as four data points, (2) no preset distribution assumptions, and (3) a combination of
computational efficiency and verifiability. These distinctive characteristics have facilitated
its widespread adoption across diverse domains. For instance, Cai et al. [25] employed
an enhanced GM(1,1) model to predict economic losses caused by marine disasters, while
Ding [26] used a self-adaptive intelligent gray model to forecast natural gas demand.

However, the classical GM(1,1) model exhibits notable limitations when applied to
dynamic systems. In [27,28], the following points are acknowledged: first, the traditional ac-
cumulation generation mechanism struggles to capture temporal fluctuation characteristics;
second, the fixed-length modeling window fails to adapt to changes in data distribution;
third, the parameter optimization process lacks dynamic error correction mechanisms [29].
Although existing studies have improved model performance through refinements of back-
ground values, construction of gray derivatives, and parameter optimization [30,31], most
methods still assume system stability and do not effectively address data fluctuation issues
in dynamic environments.

To overcome the challenges encountered by the traditional GM(1,1) model in dy-
namic system forecasting, we propose an innovative elastic optimal adaptive GM(1,1)
model (EOAGM). This model enhances performance through three key innovations: first,
it replaces the traditional cumulative generation sequence with an adaptive sequence
generation method, strengthening the influence of recent observations and enhancing the
model’s ability to capture dynamic system characteristics. Second, it introduces a statistical
stationarity test framework to establish a dynamic adjustment mechanism for sequence
length, enabling a transition from fixed windows to elastic ones. Lastly, it constructs a can-
didate sequence evaluation system that incorporates predicted values for back-validation
and optimal sequence selection, forming a closed-loop optimization system for error self-
correction, effectively improving the model’s predictive performance. These improvements
significantly enhance the model’s adaptability and accuracy in dynamic systems, achieving
superior simulation and forecasting outcomes. The contributions of our work could be
summarized as follows:

1. Adaptive sequence generation mechanism: We improve the architecture of the gray
system model by employing an adaptive sequence generation method that integrates
the accumulation of historical data with the timing of recent observations. This
enhanced framework effectively captures and characterizes the inherent complex tem-
poral patterns in the system’s evolution by strengthening the dynamic representation
of temporal features.

2. Elastic modeling window: We integrate stationarity testing into the gray system to
dynamically adjust the sequence length used for prediction within the gray system.
This reduces the adverse impact of changes in data distribution on prediction accuracy.

3. Candidate sequence evaluation system: We propose an optimal sequence selection
method to evaluate whether replacing actual values with predicted values can im-
prove the accuracy of subsequent predictions. The optimal sequence is then chosen to
dynamically correct the prediction errors.

4. Applications and validation: The proposed model is applied to forecast dynamic
systems, including China’s GDP and indigenous thermal energy consumption. Com-
parative analysis against other models reveals that our approach delivers superior
predictive accuracy for dynamic systems.

2. Related Work

The gray forecasting model GM(1,1), introduced by Deng in 1982 [32], provides a
robust framework for time series forecasting under incomplete information conditions.
Renowned for its high precision and computational simplicity, the GM(1,1) model has been
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extensively adopted across various domains. It operates on the principle of interactive
computation, leveraging limited and incomplete data during both model construction
and parameter optimization. This involves formulating a first-order differential equation
derived from the accumulated generating sequence, capturing the system’s development
trends, and performing parameter estimation using statistical techniques like least squares.
The model’s mechanism comprises three key steps:

1. Accumulated generating operation (AGO): The original dataset undergoes an accumu-
lated transformation to yield a new sequence, emphasizing the system’s development
trend and rendering the data’s evolution more discernible.

2. A first-order linear differential equation is constructed based on the accumulated
sequence, describing the data’s progression. Parameters are estimated using statistical
methods, such as the least squares method.

3. Optimization focuses on estimating the development coefficient and other parameters
critical for the model’s accuracy.

Researchers have worked extensively to refine the GM(1,1) model by optimizing
background values, gray derivatives, and parameter estimation processes [33–35]. En-
hancements in the background value calculation have significantly improved prediction
precision. For instance, Zhan et al. [36] developed a multi-parameter background value
approach for nonlinear optimization, while Ma and Wang [37] proposed background value
optimization based on improved algorithms. Similarly, the approximation of piecewise
linear and generalized functions can be used for constructing background values to im-
prove accuracy. Gray derivative calculations, crucial for capturing trends in data, have also
seen advancements [38–40]. Parameter optimization remains a cornerstone for ensuring
the GM(1,1) model’s robustness [41]. Despite these advancements, the GM(1,1) model’s
assumption of system stability often limits its performance when applied to datasets
characterized by high volatility or dynamic behavior [42].

Adaptive parameter estimation frameworks have emerged to mitigate these limita-
tions, enabling real-time parameter adjustment based on incoming data [43]. However,
such approaches often overlook the role of sequence stability in improving predictions [44].
Sequence stationarity, a fundamental prerequisite in time series forecasting, is essential for
ensuring reliable and interpretable predictions. Stationarity detection methods, such as
the augmented Dickey–Fuller (ADF) test [45,46], the Kwiatkowski–Phillips–Schmidt–Shin
(KPSS) test [47,48], and the Phillips–Perron (PP) test [49,50], are widely used to evaluate
unit roots or trends in datasets. Correctly addressing non-stationarity through techniques
like differencing or detrending enhances a model’s ability to capture underlying patterns
and produce robust forecasts. Despite these efforts, the fixed-length sequence framework
of traditional gray systems, which retains recent data and discards older data, often fails
to maintain sequence stability in dynamic environments. To overcome these limitations,
we propose the EOAGM. This innovative model dynamically adjusts the data sequence
length, discarding outdated information while integrating new data, thereby reducing the
influence of irrelevant historical data. A stationarity test is incorporated to detect sequence
fluctuations and dynamically modify sequence length, enhancing robustness against data
volatility. Furthermore, parameter optimization is refined by integrating predicted values
into the candidate sequence, enabling the evaluation of their efficacy in subsequent fore-
casts. This strategy improves the model’s adaptability and precision in capturing patterns
within dynamic systems, achieving superior simulation and forecasting performance.
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3. Materials and Methods

3.1. Traditional GM(1,1) Model

The traditional GM(1,1) model (TGM) operates through the following key steps: let
the time series X(0) have n observations, X(0) = {X(0)(1), X(0)(2), . . . , X(0)(n)}; by AGO,
we generate a new sequence, X(1) = {X(1)(1), X(1)(2), . . . , X(1)(n)}, where

X(1)(K) =
k

∑
i=1

X(0)(i), k = 1, 2, 3, . . . , n. (1)

The adjacent mean generation sequence Z(1) of X(1) is computed as follows:

Z(1)(K) = 0.5X(1)(K) + 0.5X(1)(K − 1), k = 2, . . . , n. (2)

Then, the model establishes the first-order linear differential equation:

dX(1)

dt
+ αX(1) = μ. (3)

The discretization method of Equation (3) is X(0)(K) + αZ(1)(K) = μ, where α is
the developmental gray number, and the μ is the endogenous control gray number. The
parameters α and μ are estimated using the least squares method:{

α

μ

}
= (BT B)−1BTYn, (4)

where

Yn =

⎡⎢⎢⎢⎢⎣
X(0)(2)
X(0)(3)

...
X(0)(n)

⎤⎥⎥⎥⎥⎦, B =

⎡⎢⎢⎢⎢⎣
−Z(1)(2) 1
−Z(1)(3) 1

...
−Z(1)(n) 1

⎤⎥⎥⎥⎥⎦.

The prediction model derived from the differential equation is as follows:

X̂(1)(k + 1) =
[

X̂(0)(1)− μ
α

]
e−αk +

μ

α
, k = 0, 1, 2, . . . , n. (5)

From this, the predicted values for the original sequence are obtained as follows:

X̂(0)(k + 1) = X̂(1)(k + 1)− X̂(1)(k), k = 0, 1, 2, . . . , n. (6)

3.2. The Elastic Optimal Adaptive GM(1,1) Model

The elastic optimal adaptive GM(1,1) model (EOAGM) enhances the prediction accu-
racy of gray systems through parameter optimization methods. As illustrated in Figure 1,
the EOAGM model is structured into three main steps:

1. Sequences construction: This step involves generating two types of sequences, the
original sequence and the candidate sequence, to ensure robust prediction capability.

2. Stationarity detection: The EOAGM model improves on the AGM by using the ADF
test to evaluate the stability of sequences. Stationarity ensures the model’s parameters
accurately represent the system’s behavior, leading to better prediction accuracy.

3. Optimal sequence selection: This step identifies the sequence that provides the best predic-
tion accuracy by evaluating the performance of both original and candidate sequences.
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Figure 1. General framework.

3.2.1. Sequences Construction

The process of sequence construction involves generating the original sequence and
the candidate sequence, each designed to optimize prediction performance. The variable
len (length) is initialized to represent the number of elements in the sequence. The steps of
sequence construction include the following:

1. Defining sequence length: The optimal length len is set for both the original and
candidate sequences.

2. Data insertion: When the sequence length is not more than len, new data points are
directly added to both sequences. When the sequence length exceeds len, the observed
value is appended to the original sequence, while the predicted value is added to the
candidate sequence.

3. Maintaining sequence length: To keep the sequence length fixed, the oldest value is
discarded from both sequences.

4. Temporary storage of discarded values: Discarded values are stored temporarily,
allowing the model to revert to previous states during the stationarity detection phase
if instability is detected. This structured approach ensures the sequences are robust,
adaptable, and ready for subsequent stationarity detection and optimization steps.

3.2.2. Stationarity Detection

In the AGM, the length of the data sequence used to calculate the model parameters α

and μ is fixed. However, even with operations that involve discarding outdated data and
incorporating new data, the sequence stability may still degrade, leading to poor model
performance and inaccurate predictions. To address this limitation, we introduce the ADF
test method to assess the stability of the sequence within the model.

The ADF test is a statistical method used to determine whether a time series has a unit
root, which indicates non-stationarity.

The procedure for calculating ADF statistics to test for the presence of unit roots is
shown in Equation (7).

Yt = c + βt + αYt−1 + φΔYt−1 + et, t = 0, 1, 2, . . . , n. (7)

In the traditional DF test, the value of the time series at time t is denoted as Yt, the
first-order difference of the series at time t − 1 is denoted as ΔYt−1, and the difference term
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is et. In traditional DF detection, an enhancement is made, transforming it as shown in
Equation (8).

φΔYt−1 = φ1ΔYt−1 + φ2ΔYt−2 + . . . + φp−1ΔYt−(p−1)), t = 0, 1, 2, . . . , n. (8)

When conducting an ADF test, we typically pay attention to the test statistic (Tvalue),
the probability of the sequence being non-stationary (Pvalue), and the critical values (Cvalue)
associated with the confidence interval [51].

The ADF test indicates whether the sequence has a unit root. A Tvalue smaller than
the Cvalue implies stationarity. Pvalue measures the probability of the sequence being non-
stationary, with a Pvalue < 0.05 indicating stationarity. The ADF test results provide Cvalues

at different confidence levels (e.g., 1%, 5%, and 10%), which are used to compare with
the Tvalue. In the ADF test, the critical values of the confidence interval help us determine
whether the time series is stationary, rather than directly providing a confidence interval
for a parameter.

Modern statistical software packages, including including R (4.3.0+), Python (3.7),
employ automated algorithms to select optimal lag orders for Dickey–Fuller tests based
on predefined distribution criteria. In econometric analysis, the lag order specification in
the augmented Dickey–Fuller (ADF) test is pivotal to ensure the validity of stationarity
conclusions. For this study, the lag order was algorithmically determined via the Akaike
information criterion (AIC) using Python’s statsmodels library, which generated the Cvalues

and Pvalue. The AIC optimizes model parsimony by penalizing over-parameterization,
thereby mitigating risks of underfitting (insufficient lags) and overfitting (redundant lags).
Furthermore, the AIC’s systematic optimization ensures that the selected lags adequately
account for serial correlation in the residuals, which is critical for valid inference.

Using the ADF test, we assess whether adaptive adjustments to the sequence maintain
its stability. Based on the test results, decisions can be made to modify the sequence length
if necessary. If the adjusted sequence fails to achieve stationarity, the original sequence
length is preserved.

The elastic adjustment process, as outlined in Algorithm 1, incorporates several pa-
rameters: c f , representing the confidence level (e.g., 1%, 5%, or and 10%, corresponding
to 99%, 95%, and 90% probabilities of stationarity, respectively); d f [52], indicating the
differencing order, which can be first-order or second-order differencing for non-stationary
time series data [53]. The ADF test method is applied to the sequence, yielding a result array
containing Tvalue, Cvalue and Pvalue, which collectively determine stationarity. To evaluate
this, the stationarity method examines the array: if Pvalue < 0.05 and Tvalue < Cvalue, the se-
quence is deemed stationary; otherwise, it is considered non-stationary. For non-stationary
sequences, adjustments involve creating two new sequences (one by adding a data point to
the beginning of the original sequence and the other by removing the oldest data point)
and applying the ADF test to both. The sequence with the smaller Pvalue is selected for
further evaluation using the stationarity method. If the sequence achieves stationarity, it is
used for subsequent modeling; otherwise, the original sequence is retained. This iterative
approach ensures the balance and robustness of the sequence for accurate forecasting. In
the revised methodology, it is adjusted up to two times during a single prediction cycle, and
the window length is reset to its original baseline before initiating the next detection cycle.
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Algorithm 1: Elastic adjustment process.

Input: X(0), c f , d f

Output: X(0)

1 parray = adftest(X(0), c f , d f )
2 if stationarity(parray) then

3 return X(0)

4 end

5 else

6 X(0)
add = dold + X(0)

7 X(0)
remove = X(0)[1 :]

8 padd = adftest(X(0)
add, c f , d f )

9 premove = adftest(X(0)
remove, c f , d f )

10 if padd[2] < premove[2] then

11 Ssequence = X(0)
add

12 Tresult = padd

13 end

14 else

15 Ssequence = X(0)
remove

16 Tresult = premove

17 end

18 if stationarity(Tresult) then

19 return Ssequence

20 end

21 else

22 return X(0)

23 end

24 end

3.2.3. Optimal Sequence Selection

Stationarity detection adjusts the sequence length by adding or removing data from
the sequence’s head to achieve a stable state. However, the sequence accepts all newly
added values, including outliers or values with significant fluctuations, which would
reduce the accuracy of the forecast result. Therefore, we employ the optimal sequence
selection method to enhance prediction accuracy. The optimal sequence selection method is
described in Algorithm 2. In Algorithm 2, we add a candidate series. Let the original series
be a time series X(0)

k=i with i observations. At the moment i + 1, we obtain X(0)(i + 1), which

is added to the original series and discard the oldest data to obtain a new series X(0)
k=i+1,

which serves as a prediction sequence, which is consistent with the AGM. In addition, we

add the candidate series X
′(0)
k=i+1 = {X(0)(2), . . . , X(0)(n), yp}.

At the moment i + 2, we compare the true values with the predicted values of the two
series, select a series with a small relative error, and then add new data, discard the old
data, and generate a new candidate series right on top of the selection sequence.

The most useful thing about the candidate series is that the better data among the
predicted data and the real data are selected for prediction, which leads to better predic-
tion results.
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Algorithm 2: Optimal sequence selection.

Input: X(0)
k=i, X

′(0)
k=i , X(0)(i + 1), X(0)(i + 2), ynext, y

′
next

Output: X(0)
k=i+1, X

′(0)
k=i+1, ynext, y

′
next

1 if ynext then

2 rnext = abs((X(0)(i + 1)− ynext)/X(0)(i + 1))
r
′
next = abs((X(0)(i + 1)− y

′
next)/X(0)(i + 1))

3 if rnext > r
′
next then

4 X(0)
k=i+1 = X

′(0)
k=i+1

5 end

6 else

7 X
′(0)
k=i+1 = X(0)

k=i+1
8 end

9 end

10 yp = gm11(X(0)
k=i)

11 X(0)
k=i+1, X

′(0)
k=i = updateQueue(X(0)

k=i, X(0)(i + 1), yp)

12 ynext, y
′
next = gm11List(X(0)

k=i+1, X
′(0)
k=i+1)

13 return X(0)
k=i+1, X

′(0)
k=i+1, ynext, y

′
next

4. Experimental Results and Discussion

In this study, we first present the datasets, baseline methods, and evaluation metrics.
Subsequently, we compare the prediction accuracy across different baseline approaches.
Next, we conduct a sensitivity analysis to assess model robustness. Finally, we perform an
ablation experiment to evaluate the contribution of key components.

Datasets: To validate the superiority of our algorithm, we conducted experiments on
three distinct datasets: (1) China’s annual GDP data from 2008 to 2023, (2) district heating
data from Jinan City, China, and (3) the annual cargo and mail throughput data of Jinan
Yaoqiang Airport.

For the GDP dataset, obtained from the National Bureau of Statistics of China
(https://data.stats.gov.cn (accessed on 22 May 2024)), we utilized observations from the
years 2008–2014 as the training set to predict subsequent values for 2015–2021. For the
heating dataset, we selected daily measurements from six residential buildings between
1–13 January. The model was trained on data from 1–7 January and tested on its abil-
ity to forecast heating demand for 8–13 January. The raw district heating data are pre-
sented in Table 1. Column 1 represents observation dates, and columns 2–7 represent
daily thermal energy consumption (kWh) for buildings 11–16. For the cargo and mail
throughput data of Jinan Yaoqiang Airport (JYA-CMTD), obtained from the website
(https://www.huaon.com/channel/industrydata/1060968.html (accessed on 5 January
2025)), we utilized observations from 2011–2016 as the training set to predict subsequent
years’ values for 2017–2021.

To promote transparency and reproducibility in scientific research, the original
datasets and supplementary materials associated with this article were deposited in a
public repository. The resources are freely accessible via Gitee and the link is https:
//gitee.com/sduliteng/gm.git (accessed on 10 May 2025).
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Table 1. Raw data of thermal energy consumption.

Date No. 11 No. 12 No. 13 No. 14 No. 15 No. 16

01-01 13,900.29 3326.23 2536.82 2295.93 4926.74 17,017.67
01-02 13,556.13 3396.63 2530.54 2304.05 4882.54 16,663.45
01-03 13,209.10 3333.60 1914.24 2267.04 4844.14 16,070.78
01-04 12,385.61 3059.22 2964.36 2118.25 4544.05 14,970.55
01-05 12,313.99 3054.51 2338.64 2106.83 4535.83 14,551.11
01-06 13,223.57 3160.68 2366.73 2150.19 4633.16 15,105.55
01-07 13,267.33 3090.40 2349.92 2117.3 4585.94 15,458.17
01-08 12,532.19 2840.63 2218.29 1980.02 4277.26 14,559.78
01-09 13,145.06 3111.99 2423.01 2164.07 4703.21 15,530.5
01-10 12,972.85 3166.90 2475.54 2218.12 4793.15 15,543.7
01-11 13,024.71 3128.9 2441.32 2189.76 4729.36 14,660.22
01-12 13,868.68 3292.88 2509.36 2255.72 4882.86 15,947.28
01-13 14,165.04 3382.87 2591.21 2312.53 5029.03 16,464.54

Baseline Method: In addition to the traditional GM(1,1) (TGM), this study compre-
hensively evaluates five advanced gray models and one non-gray model proposed in
recent studies.

1. Cumulative GM(1,1) Model (CGM) [54]: The CGM recalculates α and μ iteratively
by incorporating new data. While this method improves adaptability by considering
growing datasets, the increasing sequence length may introduce noise and irrelevant
information, reducing prediction precision over time.

2. Adaptive GM(1,1) Model (AGM) [22]: The AGM dynamically adjusts the data se-
quence by discarding older data and incorporating new observations. This approach
enhances forecasting accuracy for dynamic systems by reflecting real-time changes.
However, removing older data may destabilize predictions, and incorporating new
data (including anomalies) may reduce prediction reliability.

3. Simultaneous Gray Model (SimGM) [42]: This model can improve the algorithm
for calculating α and μ [55]. Traditional GM(1,1) employs ordinary least squares
(OLS) to estimate α and μ. However, since real-world systems are governed by
interconnected and evolving factors, a single differential equation may inadequately
capture these relationships. To address this limitation, the SimGM has been proposed,
which significantly improves prediction accuracy compared to conventional single-
equation models.

4. Nonlinear Gray Model (NonlGM) [56]: The NonlGM proposes an enhanced GM(1,N)
model incorporating nonlinear optimization techniques to improve forecasting ac-
curacy and robustness. The background value in the TGM(1,1) model is defined as
Z(1)(K) = 0.5X(1)(K) + 0.5X(1)(K − 1), k = 2, . . . , n. In the process of background
value optimization, the fixed weight coefficient (0.5) can be optimized. In the NonlGM,
Z(1)(K) = aX(1)(K) + (1 − a)X(1)(K − 1), where a is optimized.

5. Improved Gray Model (ImGM) [37]: This model is an improved optimized back-
ground value determination method for the GM(1,1) model. In this method, back-
ground value optimization can also be achieved through the exponential background
value and dynamic adaptive background value using data characteristics methods.

6. Lagged [57]: This model employs a non-gray modeling approach for data forecast-
ing, specifically utilizing a quantile regression framework with lagged and asymmet-
ric effects.
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Evaluation Metrics: In the experiment, relative error and mean error are used as test
indicators. The formula for calculating relative error is as follows:

wk =

∣∣∣∣∣ X̂(0)(k)− X(0)(k)
X(0)(k)

∣∣∣∣∣, (9)

where X̂(0)(k) is the predicted value of the k-th data point, and X(0)(k) is the true value of
the k-th data point. Assuming n is the number of predicted values, then the average error
of the prediction is as follows:

wavg =
∑k=1

n wk
n

. (10)

Common Parameter Settings: In the experiments, the baseline models incorporate sev-
eral shared parameters to ensure consistency and comparability. For the GM(1,1) model, the
initialization parameters are uniformly set as gm11.alpha = 0.5, gm11.convolution = True,
and gm11.stride = 1 across all datasets. These configurations aim to balance model flexi-
bility and computational efficiency. For the ADF algorithm, parameters regression = “c”
(constant term included) and autolag = “AIC” (automatic lag selection via the Akaike infor-
mation criterion) are adopted universally to standardize stationarity testing and enhance
robustness in time series analysis.

Dataset-Specific Configurations: The sequence length in GM(1,1) is optimized based
on empirical results: a length of seven minimizes prediction errors for forecasting China’s
GDP and Jinan’s thermal energy consumption, while six is optimal for the annual cargo
and mail throughput data of Jinan Yaoqiang Airport. In the ADF algorithm, differencing
strategies vary: thermal energy and cargo throughput data use first-order differencing,
whereas GDP data employs first-order differencing for sequences shorter than six and
second-order differencing for longer sequences to address non-stationarity. Elastic scaling
ranges also differ: thermal energy and cargo throughput are assigned a range of 1, while
GDP uses 2 to accommodate its higher volatility.

Rationale for Optimality: Parameter selections are empirically validated. For GM(1,1),
a sequence length of seven optimally captures temporal patterns in GDP and thermal
energy data, balancing underfitting and overfitting risks. A shorter length of six for
cargo throughput aligns with its lower seasonal complexity. In ADF, differencing orders
are tailored to data characteristics: higher-order differencing for longer GDP sequences
mitigates trend persistence, while first-order suffices for other datasets. Elastic ranges
reflect inherent volatility, i.e., GDP’s broader range of 2 accommodates macroeconomic
fluctuations, whereas thermal and cargo data’s narrower range of 1 suits their smoother
trends. These settings collectively ensure model generalizability and precision across
diverse datasets.

4.1. Performance Comparison with Base Lines
4.1.1. National GDP Prediction

To demonstrate the general applicability of our proposed model, we performed a
comprehensive forecasting of China’s GDP from 2015 to 2021 using eight gray models:
TGM/CGM/AGM/SimGM/NonlGM/ImGM/Lagreg and EOAGM.

The errors (%) of each model for different years, as well as the mean errors, are
presented in Table 2. As can be observed from Table 2, our algorithm achieves the smallest
values in both mean error and maximum error.

As Table 2 shows, error differences of <1 % can be seen between EOAGM and AGM
for four of the GDP years. We provide a paired Wilcoxon signed-rank test over all fore-
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casting horizons to show significance. The test was performed on the paired error data
(before = AGM errors and after = EOAGM errors) from 2015 to 2024, yielding a p-value of
0.0499. Since this value is below the significance threshold of 0.05, we reject the null hypoth-
esis and conclude that the improvement in EOAGM over AGM is statistically significant.

Furthermore, a line chart (Figure 2) was employed to illustrate the stability of the
algorithms. The yellow line represents the error trend of our proposed algorithm, demon-
strating its exceptional stability.

Figure 2. Algorithmic errors in GDP.

Table 2. Comparison of algorithmic errors in GDP analysis.

Errors (%)
Algorithms

TGM AGM CGM SimGM NonlGM ImGM Lagreg EOAGM

w2015 7.36 7.36 7.36 2.8 1.63 1.40 2.48 2.72
w2016 11.17 3.56 5.73 0.02 0.77 0.749 0.712 3.56
w2017 11.91 2.03 1.68 2.75 2.37 3.27 × 10−5 1.95 0.65
w2018 13.64 2.68 0.52 5.15 2.14 0.078 0.746 0.69
w2019 18.8 0.62 2.86 5.26 0.20 2.60 1.68 0.98
w2020 29.4 6.63 8.40 1.62 4.18 9.85 5.2 6.21
w2021 28.4 1.49 1.48 7.43 48.2 6.86 5.46 2.09
wavg 17.241 3.48 4.53 3.57 8.50 3.07 2.60 2.41

4.1.2. Indigenous Thermal Energy Prediction

TGM/CGM/AGM and EOAGM were applied to forecast indigenous thermal energy
prediction for six buildings over the period from 8 to 13 January. The raw data presented in
Table 1 were processed using Equation (9) to calculate daily prediction errors. For example,
for the 8 January prediction error, the thermal load data on that date was predicted using
either the preceding 6-day or 7-day sequences (with sequence length adjusted based on
balance test results), yielding the predicted value X̂(0)(k). The observed value X(0)(k),
corresponding to 8 January, was directly extracted from the 8 January entry in Table 1.
Figure 3 explicitly visualizes these errors from 8 to 13 January through line charts, en-
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abling quantitative comparison of algorithmic accuracy (mean absolute error) and stability
(temporal error variance).

As shown in Figure 3, both AGM and EOAGM outperform TGM and CGM. Further-
more, EOAGM consistently surpasses the adaptive model in prediction accuracy.

(a) (b)

(c) (d)

(e) (f)

Figure 3. (a) represents the indigenous thermal energy prediction error for building No. 11 over
the period from 8 to 13 January. (b) represents the indigenous thermal energy prediction error
for building No. 12 over the period from 8 to 13 January. (c) represents the indigenous thermal
energy prediction error for building No. 13 over the period from 8 to 13 January. (d) represents the
indigenous thermal energy prediction error for building No. 14 over the period from 8 to 13 January.
(e) represents the indigenous thermal energy prediction error for building No. 15 over the period
from 8 to 13 January. (f) represents the indigenous thermal energy prediction error for building No.
16 over the period from 8 to 13 January.

Using the mean error as a test indicator for the four algorithms, as shown in Table 3,
except for building 11, the average error of the EOAGM is the smallest in the other five build-
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ings. Moreover, if the data fluctuate or there are anomalous data, the prediction accuracy
of the EOAGM will be significantly improved.

Table 3. Comparison of average error results.

Algorithms
Average Errors (%)

No. 11 No. 12 No. 13 No. 14 No. 15 No. 16

TGM 4.76 ± 3.92 11.04 ± 5.82 4.902.89 11.04 ± 5.49 9.95 ± 4.61 10.16 ± 6.53
AGM 3.17 ± 2.13 2.31 ± 3.92 4.71 ± 5.26 3.55 ± 2.9 3.60 ± 2.90 3.97 ± 3.22
CGM 3.76 ± 2.51 7.42 ± 3.92 1.90 ± 1.84 6.54 ± 2.06 6.23 ± 1.83 4.58 ± 2.74

EOAGM 3.39 ± 2.37 3.95 ± 2.57 3.06 ± 2.75 3.22 ± 2.88 3.34 ± 2.74 3.22 ± 2.45

4.1.3. JYA-CMTD Prediction

To validate the universal applicability of our proposed model, we conducted compre-
hensive predictions of JYA-CMTD from 2017 to 2021 using TGM/CGM/AGM and EOAGM.

The errors (%) of each model for different years, as well as the mean errors, are
presented in Table 4. As can be observed from Table 4, our algorithm achieves the smallest
values in both mean error and maximum error, improving precision by at least 2.6%
compared to baseline methods.

Furthermore, a line chart (Figure 4) was employed to illustrate the stability of the algo-
rithms. The red line represents the error trend of our proposed algorithm, demonstrating
its exceptional stability.

Figure 4. Algorithmic errors in JYA-CMTD.

Table 4. Comparison of algorithmic errors in JYA-CMTD analysis.

Errors (%)
Algorithms

TGM AGM CGM EOAGM

w2017 10.31 10.31 10.31 10.31
w2018 0.35 6.14 7.45 2.10
w2019 8.74 11.11 12.14 5.62
w2020 9.18 1.36 5.64 0.34
w2021 13.80 1.84 6.60 2.44
wavg 8.47 6.84 8.42 4.16
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4.1.4. On Model Comparison

As demonstrated in Tables 2–4, the proposed EOAGM model exhibits superior per-
formance compared to the seven baseline methods. This enhanced performance can be
attributed to the following key innovations:

Stability-Aware Adaptive Forecasting: The model incorporates stationarity testing
and dynamic sequence length adjustment, effectively mitigating prediction errors caused by
temporal fluctuations. This ensures robust performance under non-stationary conditions.

Predictive Parameter Optimization: A novel parameter optimization strategy is
implemented by embedding predicted values into candidate sequences. This approach
allows for the direct evaluation of their predictive efficacy in subsequent forecasting steps,
thereby enhancing both adaptability and precision in dynamic system modeling.

4.2. Ablation Experiment

In this section, we perform necessary ablation studies by removing specific compo-
nents to generate three ablation models.

1. EOAGM-A: We replace the dynamic adaptive adjustment of sequences with a cumu-
lative aggregation mode for data prediction.

2. EOAGM-O: We remove optimal sequence selection for data prediction.
3. EOAGM-E: We omit stationarity detection for data prediction.

As can be seen from Table 5, removing one of the three components affects the accuracy
of the algorithm’s prediction.

Table 5. Variants on benchmark datasets.

Dateset
Average Errors (%)

EOAGM-A EOAGM-O EOAGM-E EOAGM

wgdp 4.01 2.43 3.08 2.41
wavg11 3.48 3.17 3.39 3.39
wavg12 6.85 4.28 4.16 3.95
wavg13 4.87 4.53 3.21 3.06
wavg14 6.35 3.55 3.22 3.22
wavg15 5.91 3.60 3.34 3.34
wavg16 4.27 3.68 3.54 3.22

5. Conclusions

To overcome challenges related to prediction instability and noise sensitivity in the
TGM, this study proposes the EOAGM, an enhanced version of the AGM. Firstly, we re-
place the traditional cumulative generation sequence with an adaptive sequence generation
method, which enhances the model’s ability to manage dynamic time series. Secondly,
a stationarity detection method is introduced to adjust the sequence length dynamically,
shifting from fixed-length to elastic sequences to reduce the impact of data fluctuations.
Finally, the parameter optimization process is improved by incorporating predicted values
into the candidate sequence. This allows for evaluating whether the inclusion of pre-
dicted values in subsequent forecasts improves performance, particularly in the presence
of data volatility or anomalies. By selecting the optimal sequence, the proposed model
significantly improves both simulation accuracy and predictive precision. The EOAGM
was empirically validated in the Jinan Municipal Thermal Energy System, demonstrat-
ing robust performance in addressing nonlinear dynamics and operational uncertainties.
Furthermore, the model exhibits inherent versatility for domains requiring high-fidelity
time series analysis. For instance, in airline operations, the EOAGM enables accurate
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forecasting of monthly passenger volumes, which is critical for optimizing fleet schedul-
ing, crew allocation, and revenue management under seasonal variations or exogenous
disturbances. Similarly, as for power grid systems, high-frequency financial trading, and
pattern prediction systems [58–60], it can predict monthly electricity generation patterns to
mitigate supply–demand imbalances, enhance grid resilience, and facilitate renewable en-
ergy integration. These applications leverage the model’s capacity to disentangle complex
temporal dependencies while adaptively incorporating external covariates.
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Abstract: The rising popularity of machine learning has resulted in quality data becoming
increasingly valuable. However, in some cases, the data are too sparse to effectively train
an algorithm or the data cannot be disclosed to unaffiliated researchers due to privacy
concerns. The sparsity of data may also affect various data analyses that require a certain
volume of data to be accurate. One possible solution to the aforementioned problems is
data generation. However, to be a viable solution, data generation must simulate real-life
data well. To this end, this paper tests whether a previously presented iterative data
generation method that generates synthetic data sets based on the attribute distributions
and correlations of a real-life data set can faithfully reproduce a clustered data set. The
approach is shown to be ineffective for the proposed application, and consequently, a new
method is introduced that might preserve the clusters present in the real-life data set. The
new method is demonstrated to not only preserve the clusters within the synthetic data set,
but also improve the similarity of the attribute correlations of the synthetic data set and the
real-life data set.

Keywords: clusters; correlations; distributions; iterative algorithm; synthetic data generation

1. Introduction

Synthetic data are often utilized to thoroughly test and evaluate the robustness of a
model or solution. The tests could require, for example, incorporating numerous edge
cases, utilizing large volumes of data, testing with data that fulfill certain criteria, etc. When
testing solutions, the focus is often on robustness—if a method is proved to be robust, it is
deemed to be accurate enough. However, the similarity of the synthetic data to the real-life
data can easily be overlooked. Any solution that will, once deployed, process real-life
data should be tested with synthetic data that are as similar as possible in volume, type,
and relationships to those the solution will ultimately be processing. Generating quality
synthetic data is not a simple task for multiple reasons, such as privacy concerns [1], data
sparsity, or data volume. However, if researchers can obtain an amount of real-life data
relevant for their model, these data should be used to generate synthetic data sets that are
large enough for testing.

Synthetic data prove especially useful when any kind of model is being developed
with identifying data. Since synthetic data can retain valuable features without sacrificing
privacy [2], they can enable other experts that do not have direct access to a real-life data
set to analyze patterns and provide solutions without endangering the privacy of those
whose data the data set contains [3]. Synthetic data are especially valuable in healthcare [4]
and finance [5]. However, both fields require data of high quality to create models that are
of high quality.

Electronics 2025, 14, 2230 https://doi.org/10.3390/electronics14112230
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Two important questions arise when the goal is generating quality synthetic data that
reproduce any of the characteristics of a real-life data set being used as a starting point:

• Which parameters are needed to generate a quality synthetic data set that reproduces
the features of the real-life data set?

• How can the quality of a synthetic data set be measured or even determined?

Neither of the questions have a definite answer. The answer to the first question
depends on either the researchers who are generating the synthetic data set or those who
are providing the parameters for data generation. A perfect reproduction of the real-life
data set may not only lead to data duplication, since the synthetic data set would be the
same as the real-life data set, but also privacy concerns, which is why a level of variation
in the generated data is welcome. This variation simulates naturally occurring variation
present in real-life data. Each additional parameter that defines the features that should
be reproduced in the synthetic data could lead to overfitting, which is why a precise
number of parameters cannot be defined outright. Similarly, the quality of a synthetic
data set is dependent on the task the data set will be used for. Nonetheless, if the inter-
attribute correlations or attribute distributions of a real-life data set are not reproduced
in a synthetic data set, the synthetic data cannot be considered a good substitute for the
real-life data and should not be used as such. This reasoning led to interest in the Ruscio–
Kaczetow method [6], which reproduces the aforementioned measures well. The method
also reproduces non-normal distributions, an important aspect when simulating real-life
data, since they are often not distributed normally. However, the method directly generates
a synthetic data set from real-life data, an unsuitable characteristic when working with
real-life data sets that are not open to the public or that have sparse anomalies. Therefore, a
modification enabling synthetic data generation based on inter-attribute correlations and
attribute distributions was proposed in [7], wherein the authors show those parameters
are enough to generate a synthetic data set that reproduces inter-attribute correlations and
attribute distributions well.

Another important aspect that should be reproduced in synthetic data are the clusters
or classes present in a real-life data set (if the data set contains clusters or classes), which is
why this paper expands on previous research by exploring how clusters can be maintained
within the synthetic data. The method described in [7] is thoroughly tested alongside
a further modified approach that should reproduce clusters. Additional measures and
evaluations on downstream tasks are also provided to ensure the synthetic data are similar
to real-life data. It is shown that the method described in this paper reproduces clusters in
synthetic data, unlike the method described in previous research.

This paper is organized as follows: Section 2 defines the terms frequently used in the
paper and provides related work; Section 3 describes the method presented in this paper;
Section 4 describes the data set used as the basis for data generation; Section 5 shows the
results of the conducted tests; Section 6 analyzes the results; and Section 7 concludes the
paper and describes future work.

2. Basic Term Definitions and Related Work

Terms coined for or frequently used in this paper are defined or clarified in the
next subsection. The definitions are followed by an overview of various researched data
generation methods, with a focus on modern, deep-learning-based generative methods.
The methods preceding the method presented in this paper are also examined.

2.1. Basic Term Definitions and Explanations

The term real-life data (or real-life data set) is used to denote data that can be observed,
measured, or obtained from real-world sources or events. They are the opposite of the data
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in a synthetic data set; a data set constructed by an algorithm or a method that can create
data. The terms generated synthetic data set and generated data set are also used for the
aforementioned definition. A starting data set is the input required for a data generation
method that creates data according to the characteristics of another data set (real-life or
synthetic). Furthermore, the method that produces a synthetic data set is called a synthetic

data generator or simply a data generator.
Please note that cluster and class are used interchangeably in this paper due to the

nature of the real-life data set used for data generation. One class corresponds to one cluster
in the example data set.

2.2. Different Approaches to Data Generation

The way synthetic data are generated varies depending on the downstream task they
are generated for. In some cases, the characteristics of the data are less relevant than the
number of data points, whereas in other cases reproducing the characteristics of real-life
data is the main goal. Therefore, various algorithms and methods were reviewed to gain an
overview of the field and further insight into the goals and challenges of data generation.
The approaches were grouped according to apparent similarities. The following is a list of
simplified data generation categories observed during research:

1. Methods that use a small sample or a small starting data set, the contents of which
they replicate and add a certain amount of noise to [8,9];

2. Methods that input the starting data set into a simpler machine learning algorithm
and train it, then extract elements of the trained solution to use for synthetic data
generation [10–14];

3. Methods that leverage the capabilities of deep learning solutions to learn the charac-
teristics of real-life data for tabular data synthesis, such as Generative Adversarial
Networks (GANs) [15–23], Variational AutoEncoders (VAEs) [24–27], and Large Lan-
guage Models (LLMs) [28–31];

4. Methods that rely on lists of values extracted from relevant (starting) data sets, where
each attribute value of a synthetic data set is sampled from a corresponding value
list [32–42];

5. Methods that use characteristics obtained from a starting data set to generate synthetic
data [6,43–45].

In recent years, deep learning solutions have gained popularity due to the accessibility
of generative models. Transfer learning and the possibility of fine-tuning existing models
to specific tasks have also aided the adoption of such architectures. However, the variety of
data and downstream tasks the data will be used for leads to great variety in the field [46].
Generalization is still an active problem due to the characteristics of the algorithms. In
particular, deep learning solutions are prone to overfitting, mainly when their training
sample is small [47], which is a possibility when using real-life data. In such cases, deep
learning solutions are often outperformed by classic statistical methods [48]. Furthermore,
they often require substantially more resources to achieve quality results, both when
considering the size of the starting data set and the necessary processing power, especially
when using an LLM [49] (such as in [28]). Another LLM specific issue is their susceptibility
to hallucinations [50,51], which could greatly impact the quality of the synthetic data.
GAN-based solutions can have issues reproducing the distributions of the original data set
[25], as well as being particularly susceptible to model collapse [49]. Moreover, due to the
adversarial nature of the training process, GAN models require careful hyperparameter
tuning to achieve stable convergence [52]. Synthetic data generators based on VAEs often
produce data that are too similar to the data from the original data set, often reducing overall
synthetic data quality [25,49]. Therefore, machine learning solutions are frequently made
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to solve a particular problem or generate a particular type of data set based on examples.
In those cases when the examples are of real-life data, their tendency to overfit can lead to
privacy concerns [53,54]. Also, explainability in deep learning is still lacking [55], especially
in LLMs, a characteristic that could lead to further risks when generating synthetic data [56].
However, requiring real-life data is not unique to machine learning solutions; in the
aforementioned list, only the last category can generate data without direct access to a
starting (real-life) data set.

The aforementioned overview and working with personal data led the authors to
explore methods from Category 5 in [7]. In this work, the authors used summary data
(inter-attribute correlations and attribute distributions) to test generating quality synthetic
inter-user relationship data based on real-life Facebook relationships. The authors showed
that the method presented in [6] can be modified to generate data without using a real-life
data set. This modification is necessary due to the original method resampling the real-life
data set to form the basis of the synthetic data set. The modification of the method described
in [7] uses the quantiles of each of the attributes of the starting data set, creating new data
points by interpolating the quantiles. After analyzing the synthetic data sets generated
by the modified approach, it was concluded the approach was a viable way of generating
synthetic data without a direct need for a real-life data set.

The following subsection describes the original method presented in [6], and the steps
needed to develop the modified method from [7]. The two approaches are the basis of the
method proposed in this paper.

2.2.1. Ruscio–Kaczetow Method

The Ruscio–Kaczetow method (or the original method) is the method first proposed
by Ruscio and Kaczetow in [6]. This method is a slight modification of the approach
proposed by Ruscio et al. in [57]. The input of the Ruscio–Kaczetow method is a data
set whose correlation matrix is calculated and whose data points are first sampled with
repetition per each attribute. The sampled data points are the basis of the synthetic data
set and there are as many of them as there are data points in the starting data set. After
the sampling, the method instantiates three matrices: two are populated with normal
values, and the third matrix temporarily stores the result of each iteration of the method.
The matrices enable switching from calculation with normal values to calculation with
non-normal values. The two random value matrices and the correlation matrix of the
data set are used to calculate a weighted normal value for each sampled data point. The
calculated values are saved into a placeholder matrix, then sorted and replaced with values
from the sample data set. The correlation matrix of the resulting data set is calculated and
compared to the correlation matrix of the starting data set. The comparison is based on the
following formula:

RMSR =

√√√√√∑ r2
residual

k(k − 1)
2

, (1)

where rresidual denotes the elements under the main diagonal from the difference of the
correlation matrix of the resulting data set and the correlation matrix of the starting data set,
and k is the number of attributes present in the starting data set. If the stopping criterion of
the method is met (the RMSR value has not reduced for several iterations), the result of the
calculation is the generated synthetic data set. The described steps have been written out
in pseudocode form in Algorithm 1. Certain parts of the algorithm have been abstracted
for easier viewing and understanding. A starting data set is the only requirement for
generating synthetic data with this method.
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Algorithm 1: Ruscio–Kaczetow data generation algorithm
Input: real-life data set Dorig
Output: synthetic data set Dsynth

1 Function GenData(Dorig):

2 n ← number of rows(Dorig) // Number of data points

3 k ← number of columns(Dorig) // Number of attributes

4 rmsrbest ← 1 // Upper limit of RMSR

5 t ← 5 // Number of trials

6 Ctarget, Cintermediate ← correlation matrix(Dorig) // Dimensions k ∗ k
7 Ddistribution ← sample with repetition(Dorig, n) // Dimensions n ∗ k
8 sort(Ddistribution)

9 f ← parallel analysis(Ddistribution, Ctarget) // No. of underlying factors

10 S ← matrix(n, f ) // Matrix of shared components, dimensions n ∗ f
11 U ← matrix(n, k) // Matrix of unique components, dimensions n ∗ k
12 populate with random normal values(S, U)

13 counter ← 0
/* Iterate until there is no improvement */

14 while counter < t do

15 Wshared ← calculate shared components(Cintermediate, f )
// Shared component weight matrix, dimensions k ∗ f

16 Wunique ← calculate unique components(Wshared)

// Unique component weight matrix, dimensions k ∗ 1
17 Dsynth ← calculate normal simulated values(S, Wshared, U, Wunique)

18 sort(Dsynth)

19 replace values(Dsynth, Ddistribution) // (target, source)

20 Creproduced ← correlation matrix(Dsynth)

21 Cresidual ← Ctarget − Creproduced

22 rmsrcurrent ←
√√√√√∑(lower triangle(Cresidual))

2

k(k − 1)
2

// Use values below the

diagonal in Cresidual

23 if rmsrcurrent < rmsrbest then

24 Cbest ← Cintermediate
25 Cresidual best ← Cresidual
26 rmsrbest ← rmsrcurrent
27 Cintermediate ← Cintermediate + Cresidual
28 counter ← 0
29 else

30 counter ← counter + 1
31 Cintermediate ← Cbest + 0.5counter ∗ Cresidual best

32 end

33 end

/* Construct the best solution found */

34 Wshared ← calculate shared components(Cbest, f )
35 Wunique ← calculate unique components(Wshared)

36 Dsynth ← calculate normal simulated values(S, Wshared, U, Wunique)

37 sort(Dsynth)

38 replace values(Dsynth, Ddistribution) // (target, source)

39 return Dsynth
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For a clear and concise view of the steps necessary to generate synthetic data using
the original Ruscio–Kaczetow method, a flowchart has been provided in Figure 1.

Figure 1. Flowchart for using the original synthetic data generation method.

2.2.2. Modified Ruscio–Kaczetow Method

The modified method, first proposed in [7], adds elements to and changes parts of
the previously described method. Namely, instead of generating a synthetic data set from
the starting data set directly, the modified method requires the correlation matrix and the
quantiles of each of the attributes of the starting data set as input. The attribute quantiles
are interpolated very finely and used as the basis of the synthetic data set. A dilation factor
is set to create a large data set of interpolated values, from which the desired number of
data points is sampled. This change of approach enables generating synthetic data sets of
desired size. The sampling to form the attribute distributions from the original method
is eliminated and the sampled interpolated data points are used for all the calculations
directly. The correlation matrix of the starting data set is also calculated in advance and
used as part of the input. These modifications offer several benefits when compared to the
original method:

1. The method does not require a starting data set as direct input;
2. The data points used for data set generation are calculated and, therefore, less likely

to exist in the starting data set;
3. There is no limit on the size of the data set the method can generate.

This method could allow researchers to work with data they cannot directly use due to
privacy concerns since it does not require a starting data set as direct input. The synthetic
data sets the modified method generates are more varied than those produced by the
original method due to the use of calculated values instead of values sampled directly from
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the starting data set. The theoretically limitless size of the synthetic data sets should be
useful when an application requires more data points than are originally available.

This paper uses the described modified method as a benchmark to illustrate the effects
of the proposed further changes to the method. It will be referred to as the benchmark

method further in text.
Algorithm 2 describes the method used to interpolate the quantiles of a starting data

set. It incorporates the possibility of choosing how numerous the resulting interpolated
data should be (variable n), as well as how much larger the data set they are sampled from
should be (variable d).

Algorithm 2: Data interpolation algorithm
Input: data set quantiles Q, resulting set size n, dilation factor d
Output: interpolated data set Dinterpolated

1 Function DataInterpolation(Q, n, d):

2 Dplaceholder ← Q // Dimensions m ∗ k
3 while number of rows(Dplaceholder) < (d ∗ n) do

// The number of rows is the number of data points

4 m ← number of rows(Dplaceholder)

5 for i ← 1, i < (2 ∗ m − 1), i ← i + 2 do

6 Dtmp ← Dplaceholder[i] + Dplaceholder[i + 1]
2

// Calculated for the whole row at index i

7 insert row(Dplaceholder, i) // (target, index)

8 Dplaceholder[i] ← Dtmp

9 end

10 end

11 Dinterpolated ← sample without repetition(Dplaceholder, n) // Dimensions n ∗ k
12 return Dinterpolated

Algorithm 3 details the changes made to Algorithm 1 when switching from generating
synthetic data directly from a real-life data set to generating the data from an interpolated
data set. Only the lines that need to be changed in Algorithm 1 are included.

Algorithm 3: Changes made to the Ruscio–Kaczetow algorithm
Input: interpolated data set Dinterpolated, target correlation matrix Ctarget

...
1 Function GenDataMod(Dinterpolated, Ctarget):

2 n ← number of rows(Dinterpolated)

3 k ← number of columns(Dinterpolated)

...
6 Cintermediate ← Ctarget
7 Ddistribution ← Dinterpolated

...

For a simple overview of the steps necessary for using the benchmark method, please
refer to Figure 2. The steps below the dashed line do not require direct access to the starting
data set, which enables external researchers to generate synthetic data based on attribute
quantiles and inter-correlations.
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Figure 2. Flowchart for using the benchmark synthetic data generation method.

3. Methodology

After extensively testing the benchmark method with the correlations and distributions
of a data set describing user interactions on Facebook (the analysis of the data set is
available in [58]; benchmark method testing in [7]), it was not clear whether class or cluster
information remained within the synthetic data. A suitable data set with clear clusters was
required for determining whether the information was still extant after data generation.
The clear clusters are necessary both for human readability and for clear clustering results
when determining the quality of the resulting synthetic data set. The freely available
“texture” data set was chosen for testing due to having suitably distinct clusters. The data
set was filtered for greater result clarity.

Firstly, the benchmark method was used to generate a synthetic equivalent of the
filtered “texture” data set. Analyses indicated that no clusters present in the real-life data
set were preserved in the synthetic data set, even though the distributions and correlations
were. Therefore, additional changes were made to the already modified method (following
some of the recommendations from [57]).

When using the proposed approach, referred to as the cluster preserving method in
the following text, the starting data set needs to be split into subsets according to class.
The inter-attribute quantiles and correlation matrices of each subset need to be calculated
separately, as well as the proportion of the subset in the starting data set. The quantiles and
proportions are used to interpolate and sample a desired number of points that serve as the
basis for data generation. The interpolated data points are then paired with the correlation
matrix of the originating subset and run through the modified data generation algorithm
(Algorithm 3). The resulting generated subsets are combined into a single synthetic data set
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after data generation. This change in approach results in the following advantages when
compared to the benchmark method:

1. The method preserves class or cluster information in the synthetic data;
2. The method maintains class or cluster proportions in the synthetic data.

The method even allows changing class proportions in the synthetic data set by
providing different proportions during the interpolation step of data generation.

Algorithm 4 outlines the whole process of data generation with the cluster preserving
method. The data generation starts with the real-life data set and the desired resulting
synthetic data set size for clarity. However, the synthetic data set can be generated with
a list of cluster quantiles, list of cluster correlation matrices, list of cluster proportions, a
desired dilation factor, and the desired resulting synthetic data set size, entirely removing
the need for directly using a real-life data set.

Algorithm 4: Generating a synthetic data set with preserved clusters
Input: real-life data set Dorig, dilation factor d, desired data set size n
Output: synthetic data set Dsynth

1 Function GenDataModCluster(Dorig, d, n):

2 Lcluster ← divide into clusters(Dorig) // List of clusters

3 Dsynth ← empty data set()
4 foreach cluster in Lcluster do

5 Ccluster ← correlation matrix(cluster)
6 q ← ceiling(0.1∗ number of rows(cluster))

// Number of quantiles to calculate

7 Qcluster ← quantiles(cluster, q) // (source, number of quantiles)

8 proportion ← number of rows(cluster)
number of rows(Dorig)

9 Dcluster interpolated ← DataInterpolation(Qcluster, (proportion ∗ n), d)
// (quantiles, desired cluster size, dilation factor)

10 Dintermediate ← GenDataMod(Dcluster interpolated, Ccluster)

11 add(Dsynth, Dintermediate) // (target, source)

12 end

13 return Dsynth

To enable quick comparison between the three described methods, a flowchart for the
cluster preserving method can be seen in Figure 3. As with Figure 2, all the elements drawn
underneath the dashed line do not require direct access to the starting data set. Also, if
the starting data set does not contain clusters or classes, synthetic data generation should
follow the steps outlined in Figure 2, as indicated by the right branch of the conditional
block in Figure 3.

The cluster preserving method was used to generate a synthetic equivalent of the
filtered “texture” data set as well. The synthetic data set was analyzed to determine
whether the resulting distributions, correlations, and clusters were comparable to the
correlations, distributions, and clusters of the real-life data set, as well as whether the
resulting synthetic data set approximated the real-life data set more closely than the
synthetic data set generated by the benchmark method.
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Figure 3. Flowchart for using the cluster preserving synthetic data generation method.

Implementation and Comparisons

Algorithm 4 was implemented in the programming language R (“a free software
environment for statistical computing and graphics”, https://www.r-project.org/, version
4.4.2), as were the previous versions. The flowcharts were created with the Graphviz
software (“open source graph visualization software”, https://graphviz.org/, version
12.1.0).

The quality of the generated synthetic data sets was determined through multiple
analyses. The quantiles of the synthetic data sets were calculated and compared to the
quantiles of the starting data set. The differences between the correlation matrices of
the synthetic data sets and the correlation matrix of the starting data set were visual-
ized. Statistical tests were used to determine the similarity of the synthetic data and
the real-life data. The package “twosamples” (“Fast randomization based two sample
tests.”, https://cran.r-project.org/web/packages/twosamples/twosamples.pdf, accessed
on 23 April 2025) was chosen due to enabling the comparison of two data samples with
a different number of data points. The two statistical methods chosen from the package
were “DTS” [59] and the Anderson–Darling statistical test [60]. The tests were used to test
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the hypothesis that two samples come from the same distribution with an alpha value of
α = 0.05. Finally, the synthetic data sets were evaluated on a downstream task.

4. Data Set

The data set “texture” was used for data generation. The primary characteristics of
the data set are: a sizable number of attributes (40), no missing values, numerous instances
per class (500; overall 5500 instances), and clearly labeled classes (11; each corresponds to a
real-life texture). It is also a real-life data set, which makes it suitable for data generation
in the context of this paper. A spatial distribution of the data set can be seen in Figure 4
in three dimensions. The class labels can be seen on the right-hand side of the figure.
Attributes ‘V10’, ‘V23’, and ‘V30’ (labeled as ‘A10’, ‘A23’, and ‘A30’ in the data set file) are
used as the x-, y-, and z-axes, respectively.

Figure 4. Three-dimensional view of the “texture” data set.

In order to make the preliminary results more human-readable and interpretable, 6 of
the 40 attributes and 4 of the 11 classes were chosen for data generation—attributes ‘A10’,
‘A19’, ‘A23’, ‘A25’, ‘A30’, and ‘A35’ (renamed ‘V10’, ‘V19’, ‘V23’, ‘V25’, ‘V30’, and ‘V35’ in
this paper) and classes ‘6’, ‘7’, ‘12’, and ‘13’. The chosen attributes provide the most distance
between the classes, and the chosen classes are spatially far apart. Both characteristics
enable visual analysis by humans. The filtered data set has 2000 instances. The spatial
relationship of the filtered data set can be seen in Figure 5 in three dimensions.

A second data set, the “yeast” data set, was also used to evaluate the proposed method.
The description of the data set, the results of data generation, and their analysis can be
found in Appendix A.
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Figure 5. Three-dimensional view of the classes selected from the “texture” data set.

5. Results

Firstly, the entire filtered data set was used as the input for the benchmark method—
201 quantiles were calculated for each of the attributes of the data set and the correlation
matrix of the data set was calculated, after which both were used to generate a synthetic
data set. The resulting data set can be seen in Figure 6.

Figure 6. Three-dimensional view of the synthetic “texture” data set generated by the benchmark
method without prior cluster separation for data interpolation.

However, after plotting the synthetic data set generated without any prior separation
according to cluster, it was decided comparing synthetic data sets generated by the bench-
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mark method and the cluster preserving method using the same interpolated data points
would yield clearer and more mathematically sound results. Since the interpolation step
can be separated from the generation step, the data points can be interpolated cluster by
cluster, but then treated as a singular data set that can be used by the benchmark method
(please note this paper compares the benchmark method and the cluster preserving method
using the same data points obtained by interpolating cluster by cluster, unless otherwise
stated). Therefore, 51 quantiles were calculated for each of the clusters chosen when filter-
ing the data set, as were correlation matrices (both for the whole data set, to be used by the
benchmark method, and one for each cluster, to be used by the cluster preserving method).
The quantiles were then interpolated cluster by cluster. After this step, two synthetic data
sets were generated from the same data points: one was generated by combining all the
interpolated data points and using them and the calculated correlation matrix of the filtered
real-life data set as the input for the benchmark method, whereas the other was generated
by using the sets of data points interpolated from cluster quantiles and the corresponding
correlation matrices as input for the cluster preserving method.

The synthetic data set generated by the benchmark method has 2000 data points and
can be seen in Figure 7. Figure 8 is a comparison plot of the quantiles calculated from the
real-life data set and the ones calculated from the synthetic data set. Figure 9 is the residual
correlation matrix, which is the result of the following calculation:

Cresidual = |Cstarting − Csynthetic|, (2)

where Cresidual denotes the matrix of correlation residuals, Cstarting the correlation matrix
of the starting data set and Csynthetic the correlation matrix of the synthetic data set. The
Anderson–Darling and DTS statistical tests were also used to determine the similarity of
the attributes of the real-life data set and the synthetic one. The p-values obtained from the
tests can be observed in Table 1.

Figure 7. Three-dimensional view of the synthetic “texture” data set generated by the benchmark
method with prior cluster separation for data interpolation.
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Figure 8. Plot of quantiles calculated for the real-life data set and the synthetic data set generated by
the benchmark method.

Figure 9. Residual correlation matrix of the synthetic “texture” data set generated by the bench-
mark method.

The synthetic data set generated by the cluster preserving method also has 2000 data
points, with 500 data points being generated per each cluster (to correspond to the real-life
data set). After generation, the individual cluster data sets were combined into a single
synthetic data set that can be seen in Figure 10. A quantile comparison graph (Figure 11)
and a residual correlation graph (Figure 12) were also plotted for this synthetic data set.
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Please note that the residual correlation matrix was plotted for the combined data set. The
matrix was calculated using (2). The results of the statistical tests can be seen in Table 2.

Table 1. Table of p-values calculated by the Anderson–Darling and DTS statistical tests comparing
the distributions of the attributes of the filtered data set and the attributes of the synthetic data set
generated by the benchmark method.

Attribute Anderson–Darling DTS
V10 0.4430 0.8700
V19 0.6650 0.9080
V23 0.8715 0.9650
V25 0.8955 0.9415
V30 0.8845 0.9815
V35 0.8820 0.8810

Table 2. Table of p-values calculated by the Anderson–Darling and DTS statistical tests comparing
the distributions of the attributes of the filtered data set and the attributes of the synthetic data set
generated by the cluster preserving method.

Attribute Anderson–Darling DTS
V10 0.4465 0.8525
V19 0.6925 0.9055
V23 0.8790 0.9560
V25 0.9025 0.9565
V30 0.8905 0.9755
V35 0.8690 0.8920

Figure 10. Three-dimensional view of the synthetic “texture” data set generated by the cluster
preserving method.
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Figure 11. Plot of quantiles calculated for the real-life data set and the synthetic data set generated by
the cluster preserving method.

Figure 12. Residual correlation matrix of the synthetic “texture” data set generated by the cluster
preserving method.

For a final comparison between the real-life data set, data set generated by the bench-
mark method, and data set generated by the cluster preserving method, the densities
of each of the attributes were calculated and plotted on the same graph, as can be seen
in Figure 13. The three densities overlap almost completely, an expected outcome that
highlights the importance of choosing the right synthetic data set quality measures, an
issue further discussed in detail in Section 6.
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Figure 13. Comparison of the densities of the attributes of the real-life data set and the attributes of
the synthetic data sets (one generated by the benchmark method, the other generated by the cluster
preserving method).

Since the clusters in the synthetic data set generated by the benchmark method are not
comparable with the ones present in the real-life data set, statistical tests calculated for each
set of values an attribute takes for each of the distinct classes (and therefore, clusters) were
calculated for the real-life data set and the synthetic data set with the preserved clusters.
The results can be seen in Table 3.

Table 3. Table of p-values calculated by the Anderson–Darling and DTS statistical tests comparing
the distributions of each of the attributes (“Attr.” in table) of the filtered data set and the synthetic
data set (cluster preserving method) depending on the class (“Cls.” in table).

Anderson–Darling DTS

Attr.
Cls. 6 7 12 13 6 7 12 13

V10 0.4995 0.4920 0.4075 0.4585 0.7290 0.6615 0.5395 0.4890
V19 0.5975 0.5240 0.3090 0.3890 0.8010 0.5110 0.5860 0.4615
V23 0.4640 0.4095 0.3875 0.3855 0.5445 0.6055 0.5055 0.4620
V25 0.4630 0.4685 0.4350 0.4560 0.5185 0.5740 0.5620 0.6145
V30 0.4910 0.5930 0.4380 0.4005 0.5625 0.8075 0.6145 0.5195
V35 0.4080 0.5385 0.4880 0.3935 0.6030 0.6405 0.5715 0.4450

Multiple views of the filtered real-life data set, synthetic data set produced by the
benchmark method, and the synthetic data set produced by the cluster preserving method
can be found in Appendix B.

Downstream Task—Clustering

To test the hypothesis that the synthetic data generated by the cluster preserving
method can be used for tasks that real-life data would otherwise be necessary for, both the
real-life data set and the generated synthetic data set were subjected to clustering. Both
were clustered using the k-means clustering method (the built-in kmeans function of the
R programming language was used). Since both data sets retain the information which
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cluster the data points belong to, one random data point from each cluster was used as the
initial center for each cluster. The results of the clustering can be seen in Figure 14. Each of
the clusters in both cases has 500 data points.

Figure 14. Plot of the clustering results for the real-life data set and the synthetic data set generated
by the cluster preserving method.

The centroids of each of the clusters identified in the data sets were calculated as well
and can be seen in Table 4.

Table 4. Calculated coordinates per attribute (“Attr.” in table) for (“Cnt.” in table) for both the real-life
data set and the synthetic data set generated by the cluster preserving method, in tabular form.

Real-Life Synthetic, Cluster Preserving

Attr.
Cnt. 1 2 3 4 1 2 3 4

V10 −0.1664 −0.3343 −1.1138 −0.2498 −0.1715 −0.3394 −1.1170 −0.2591
V19 −0.3040 −0.1919 −0.8237 −0.2290 −0.3064 −0.1937 −0.8271 −0.2319
V23 −0.8079 −1.1748 −0.9693 0.0277 −0.8123 −1.1788 −0.9735 0.0195
V25 −0.4270 −0.4762 −0.8987 0.0045 −0.4309 −0.4783 −0.9031 −0.0008
V30 −0.7797 −1.1489 −0.9835 0.0259 −0.7834 −1.1522 −0.9880 0.0184
V35 −0.3252 −0.5749 −0.7627 −0.2271 −0.3283 −0.5781 −0.7652 −0.2301

The within-cluster sum of squares can be seen in Table 5.

Table 5. Within-cluster sums of squares for both the real-life data set and the synthetic data set
generated by the cluster preserving method, in tabular form.

Real-Life Synthetic, Cluster Preserving
Cluster 1 2 3 4 1 2 3 4

Sum of squares 15.8481 13.6648 13.8702 36.2055 15.3899 13.4322 13.5477 34.8098

6. Discussion

Comparing Figures 5–7 leads to a clear conclusion that generating a synthetic data set
using the benchmark method does not retain the spatial distribution of the data set used
for generation. However, the following images, namely Figures 8 and 9, indicate that the
quantiles and correlation matrix of the synthetic data set are still similar to those of the
real-life data set. Table 1 also corroborates the possibility of the synthetic data set being
a good reproduction of the real-life data set. The results of the various tests, both visual
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and statistical, show the importance of choosing a humanly legible data set for initial tests.
Without the clear visual comparison, the results could have been considered good enough,
and an important aspect of the real-life data set would have been lost.

The synthetic data set generated by the cluster preserving method is visually similar
to the real-life data set, unlike the synthetic data set generated by the benchmark method.
A visual comparison of Figures 5, 7, and 10 leads to the conclusion that the starting data
set should be separated into clusters (when it is a data set with clusters). It is important to
note that the quantiles visible in Figure 11 are the quantiles for the full synthetic data set;
therefore, even though the quantiles used to generate each of the clusters were exclusively
the quantiles of that cluster, the full synthetic data set retains attribute distributions overall
with minimal variation. Furthermore, since both of the synthetic data sets were generated
from the same data points, the quantiles for each of the attributes are essentially the same.
Therefore, even though the quantiles of the synthetic data sets are very similar to the
quantiles of the real-life data set, they cannot help identify whether there is a difference
in synthetic data set quality between the two data generation methods. However, the
residual correlation matrices indicate a difference. A visual comparison of Figures 9 and 12
determines that splitting the starting data set by cluster when generating a synthetic data
set results in the correlation matrix of the synthetic data set more closely matching the
correlation matrix of the starting data set. When comparing the two numerically, the
residual correlation matrix of the synthetic data set generated using the benchmark method
has a sum of residuals above the main diagonal of 0.365 with an average residual of 0.024,
whereas the residual correlation matrix of the synthetic data set generated using the cluster
preserving method has a sum of 0.024 above the main diagonal with an average residual of
0.0016. Therefore, generating the synthetic data set cluster by cluster yields a reduction of
correlation matrix residuals by at least an order of magnitude. Once again, even though the
synthetic data set was generated with the correlation matrices of each of the clusters, the
values of the correlation matrix of the full synthetic data set are almost equal to the values
of the correlation matrix of the real-life data set.

The results of the statistical tests available in Tables 1 and 2 once again do not con-
clusively show whether one of the synthetic data sets simulates the real-life data set more
closely. Neither the Anderson–Darling test nor the DTS test give a clear indication which of
the two synthetic data sets is of better quality. However, since both tests randomly resam-
ple the data sets they are calculated with, the differences between the observed p-values
are likely due to the seed the two test functions are seeded within the R programming
language. The hypothesis that the synthetic attributes of either of the synthetic data sets
belong to the distribution of the attributes of the real-life data set cannot be rejected. It
is important to note that, even though the Anderson–Darling statistical test is one of the
most frequently used statistical tests in scientific literature, DTS likely has more stable
properties when presented with various distributions [59]. Since the distributions of the
real-life data set are distributions of real-life properties, they cannot be expected to conform
to standard mathematical distributions, which could explain the lower p-values observed
in the Anderson–Darling test results.

Additionally, Figure 13 confirms both the synthetic data generation and subsequent
quality analyses of synthetic data sets need to be executed carefully. Using the same data
points for both synthetic data sets ensures their densities overlap completely. Similarly,
due to the interpolation step of the synthetic data generation methods, the densities of the
synthetic attributes correspond to the densities of the real-life attributes.

Finally, the p-values comparing the real-life data set and the synthetic data set gener-
ated using the cluster preserving method, calculated for each of the attributes depending
on the cluster the data belong to (Table 3), show that the hypothesis the two samples are
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part of the same distribution cannot be rejected. The difference between the two statistical
tests is consistent with the trend of the results of the previous tests (Tables 1 and 2), where
the results of the Anderson–Darling test are poorer than the results of the DTS test. Even
though each of the clusters of the synthetic data set was generated with the corresponding
real-life cluster attributes, the overall distributions of the attributes are mathematically
more similar than the distributions of the attributes within the clusters. It is possible this is
due to the number of data points in each of the clusters.

The downstream task (Section 5) further corroborates the assessment that the synthetic
data retain a significant number of the qualities of the real-life data set. The clusters were
perfectly identified, the calculated centroid coordinates for both the real-life data set and
the synthetic data set are very close in value, as are the within-cluster sums of squares.

The analyses indicate that the chosen number of quantiles calculated from the real-life
data set (51 per cluster with four clusters, therefore 204—around 10% of the number of
data points in the real-life data set) is enough to create a synthetic data set whose attribute
distributions, correlations, and classes correspond to those of the real-life data set. Even
though the attributes were separated by cluster, resulting in the interpolated data points
being sampled from a segment of the real-life attribute distributions and the final synthetic
clusters being generated with just the cluster correlation matrices, the overall measures
conform to the measures of the real-life data set.

All the tests run on the three data sets also emphasize the importance of thoroughly
analyzing the data set being used as the starting data set for synthetic data generation. The
method described in this paper is not only suitable but necessary when generating a data
set with clustered data. On the other hand, if the starting data set does not have clusters,
it should be generated outright, without splitting into clusters. A synthetic data set that
could be substituted for a real-life data set can only be generated from the characteristics
of a well-studied data set. Furthermore, once the synthetic data set is generated, multiple
characteristics of this data set should be compared to those of the real-life data set, especially
if the final goal is to have a synthetic data set that could in fact be used for analyses instead
of the real-life data set. This can only be performed by researchers that have direct access
to the real-life data set.

7. Conclusions

This paper presents an adaptation of the synthetic data set generation method pre-
sented in [7] that ensures the preservation of clusters in the synthetic data it generates.
The previously proposed method generates a synthetic data set based on the distributions
of individual attributes as well as the inter-attribute correlations of a starting data set,
and achieves significant overlap between those measures in the synthetic and starting
data sets. However, it demonstrates limited effectiveness when applied to starting data
sets that contain clusters. In such cases, although correlations and attribute distributions
are retained, the clusters characteristic of the original data set are typically lost in the
synthetic counterpart.

The method proposed in this paper addresses this deficiency by introducing an adap-
tation that preserves not only attribute distributions and inter-attribute correlations, but
also the inherent clustering structure of the original data set.

An important advantage of the proposed cluster preserving method is that it en-
ables the generation of data sets larger than the original, while maintaining the relative
proportions of all classes present in the source data.

Additionally, an important feature of the proposed approach is also its ability to
alleviate data scarcity, which is useful in contexts where machine learning algorithms
require large quantities of data to effectively learn relevant patterns. Since the method
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produces previously unseen data points, it could also help mitigate overfitting in artificial
neural networks and similar models.

Another notable benefit is the potential to facilitate greater data sharing. The method
could allow organizations to generate synthetic data sets that obscure sensitive real-life data
while retaining the analytical value of said data. This could enable external researchers to
develop solutions based on these data sets without compromising privacy—an especially
valuable feature in sensitive domains such as healthcare and finance.

It is also worth emphasizing that, unlike many deep-learning-based synthetic data
generators, the method presented here is explainable.

Future study should investigate the assumptions related to machine learning and
further assess how the proposed method could address common issues associated with such
algorithms. Moreover, extending the method to support data sets with multiple nominal
attributes beyond the class label represents a promising direction for future research. Such
an enhancement would significantly broaden the range of data sets which this method
could be applied to.

Author Contributions: Conceptualization, L.H., M.V. and L.P.; methodology, M.V., L.H. and L.P.; software,
L.P.; validation, L.P., L.H. and M.V.; formal analysis, L.P., L.H. and M.V.; investigation, L.P., L.H. and M.V.;
resources, M.V., L.H. and L.P.; writing—original draft preparation, L.P.; writing—review and editing, L.H.,
M.V. and L.P.; visualization, L.P. and L.H.; supervision, M.V. and L.H.; funding acquisition, M.V. and
L.H. All authors have read and agreed to the published version of the manuscript.

Funding: This research has been supported by the European Regional Development Fund under the
grant PK.1.1.10.0007 (DATACROSS).

Informed Consent Statement: Not applicable.

Data Availability Statement: The “texture” data set, used to test the hypotheses presented in this
work, is freely available as part of the repository of the Knowledge Extraction based on Evolutionary
Learning (KEEL) software tool at: https://sci2s.ugr.es/keel/dataset.php?cod=72 (accessed on 13
March 2025). Furthermore, the “yeast” data set, used to further test the hypotheses, is also freely
available as part of the same repository at: https://sci2s.ugr.es/keel/dataset.php?cod=1063 (accessed
on 21 April 2025).

Conflicts of Interest: The authors declare no conflicts of interest.

Abbreviations

The following abbreviations are used in this manuscript:
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RMSR Root Mean Square Residual
SVM Support Vector Machine
VAE Variational AutoEncoder

Appendix A. Analysis and Synthetic Data Generation for the “Yeast”
Data Set

The “yeast” data set is an additional data set used to test the method described in this
paper. The data set consists of 8 attributes, 1484 instances, and 10 classes the instances can
belong to. There are no missing values in the data set. All the attributes are numerical in
value. The number of instances per class is highly imbalanced, as can be seen in Table A1.
As with the “texture” data set, the “yeast” data set is a real-life data set.
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Table A1. Number of instances per class in the “yeast” data set.

Class CYT ERL EXC ME1 ME2 ME3 MIT NUC POX VAC
No. of instances 463 5 35 44 51 163 244 429 20 30

The spatial distribution of the data set can be seen in Figure A1. Since the graph
clearly indicates clustering would not be an appropriate downstream task for this data set,
classification was chosen instead.

Figure A1. Three-dimensional view of the “yeast” data set.

This data set posed two challenges when generating synthetic data. The first challenge
was that the values of the attributes ‘erl’ and ‘pox’ have very little variation. When splitting
the data into classes before data generation, some of the subsets had only one value of these
attributes, which led to the occurrence of undefined values (denoted by the logical constant
NA in the R programming language) when calculating the class correlation matrices. There
is a simple solution that can be built into the synthetic data generation methods (either the
benchmark method or the cluster preserving one) without losing any previous functionality
or generality—the attributes with no variance are excluded from the data interpolation
and data generation step. Once data generation has been carried out, the attributes are
added back into the synthetic data set. The second challenge stems from the smallest cluster
having only five instances. Namely, Algorithm 3 uses parallel analysis to determine the
number of underlying factors in a starting data set (if the value is not explicitly stated
when calling the function in a program). This entails creating an n ∗ k (number of instances
* number of attributes) sized matrix and populating it with attribute instances sampled
with replacement from the starting data set. This matrix is used to calculate a correlation
matrix whose eigenvalues are then computed. The small size of the ‘ERL’ class makes the
probability of sampling the same value for all the instances of an attribute fairly likely. This
leads to a higher likelihood of NA values occurring in the correlation matrix. The solution to
this challenge can also be built into the approaches without changing their prior behavior
and generality—the matrix populated with randomly sampled values should be checked
for value uniqueness. If the values of the instances of an attribute are all the same, the value
sampling should be redone. The sampling should be repeated until there are no columns
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(attributes) with just one value. Once the two challenges have been solved, a synthetic
“yeast” data set can be generated.

Synthetic data set generation closely followed the approach described in Section 3. The
real-life data set was split by class. Quantiles, class proportions, and correlation matrices
were calculated for each of the classes (the correlation matrix of the whole real-life data
set was calculated for the benchmark method). The quantiles and the class proportions
were used to create an interpolated data set for each of the classes. Those data and the
corresponding correlation matrices were used to generate synthetic classes that were
combined into a single data set (the interpolated data were also combined into one starting
data set and used alongside the whole data set correlation matrix to generate a synthetic
data set using the benchmark method).

The synthetic data set generated by the benchmark method can be seen in Figure A2.
It has 1483 data points. Even though the data points are not of different colors, it is visible
that the data do not follow the distribution of the real-life data set. The quantiles are
almost perfectly replicated, as can be seen in Figure A3, as with the “texture” data set. The
very low variance of the ‘erl’ and ‘pox’ attributes can clearly be seen in the quantiles. The
residual correlation matrix can be seen in Figure A4. The sum of the residuals in the matrix
above the main diagonal is 0.586 and the average residual value is 0.021. The results of the
statistical tests can be seen in Table A2. Due to the low variance of some of the attributes
the statistical tests reject (Anderson–Darling) or almost reject (DTS) the hypothesis the
synthetic data are from the same distribution as the real-life data set.

Figure A2. Three-dimensional view of the synthetic “yeast” data set generated by the benchmark
method.
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Figure A3. Plot of quantiles calculated for the real-life “yeast” data set and the synthetic data set
generated by the benchmark method.

Figure A4. Residual correlation matrix of the synthetic “yeast” data set generated by the benchmark
method.
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Table A2. Table of p-values calculated by the Anderson–Darling and DTS statistical tests comparing
the distributions of the attributes of the real-life “yeast” data set and the attributes of the synthetic
data set generated by the benchmark method.

Attribute Anderson–Darling DTS
mcg 0.7715 0.7390
gvh 0.8530 0.5705
alm 0.9485 0.8020
mit 0.6165 0.7790
erl 0.0025 0.0615
pox 0.0020 0.0530
vac 0.6205 0.2050
nuc 0.2915 0.8525

The synthetic data set generated by the cluster preserving method can be seen in
Figure A5. Even though it is not immediately evident, the spatial distribution of the
synthetic data is closer to that of the real-life data. The synthetic data set has 1483 data
points. The quantiles of the synthetic data set correspond to the quantiles of the real-life
data set, as can be seen in Figure A6. As with the “texture” data set, using the cluster
preserving method to generate the synthetic “yeast” data set results in smaller correlation
residuals, as evidenced by Figure A7. The sum of residuals above the main diagonal
is 0.356 and the average residual value is 0.013—both a significant reduction from the
residual values of the synthetic data set generated by the benchmark method. However,
the apparent improvement in correlation matrix residuals is absent from the p-values in
Table A3.

Figure A5. Three-dimensional view of the synthetic “yeast” data set generated by the cluster
preserving method.
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Figure A6. Plot of quantiles calculated for the real-life “yeast” data set and the synthetic data set
generated by the cluster preserving method.

Figure A7. Residual correlation matrix of the synthetic “yeast” data set generated by the cluster
preserving method.
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Table A3. Table of p-values calculated by the Anderson–Darling and DTS statistical tests comparing
the distributions of the attributes of the real-life “yeast” data set and the attributes of the synthetic
data set generated by the cluster preserving method.

Attribute Anderson–Darling DTS
mcg 0.7805 0.7450
gvh 0.8515 0.5760
alm 0.9555 0.7910
mit 0.6370 0.7785
erl 0.0005 0.0620
pox 0.0045 0.0465
vac 0.6410 0.1965
nuc 0.3130 0.8315

The densities of each attribute in the three data sets can be seen in Figure A8. There
are clear similarities between the “yeast” data set and the “texture” data set when com-
paring the effects of data generation. All the densities of the three data sets are nearly
impossible to separate from one another. Furthermore, the results of the statistical tests in
Tables A4 and A5 show the heterogeneous nature of the data set.

Table A4. Table of p-values calculated by the Anderson–Darling statistical test comparing the
distributions of each of the attributes (“Attr.” in table) of the real-life data set and the synthetic data
set (cluster preserving method) depending on the class (“Cls.” in table).

Anderson–Darling

Attr.
Cls.

CYT ERL EXC ME1 ME2 ME3 MIT NUC POX VAC

mcg 0.972 0.424 0.622 0.975 0.764 0.538 0.707 0.922 0.769 0.316
gvh 0.958 0.318 0.886 0.626 0.500 0.517 0.743 0.986 0.692 0.364
alm 0.947 0.311 0.990 0.747 0.560 0.497 0.846 0.942 0.897 0.541
mit 0.987 0.290 0.844 0.845 0.521 0.562 0.828 0.970 0.827 0.146
erl 0.264 1.000 1.000 1.000 0.020 0.067 1.000 0.240 1.000 1.000
pox 0.039 1.000 1.000 1.000 1.000 1.000 0.304 1.000 0.006 1.000
vac 0.936 1.000 0.838 0.464 0.810 0.316 0.714 0.928 0.350 0.122
nuc 0.658 0.408 0.330 0.806 0.238 0.616 0.807 0.983 0.006 0.010

Table A5. Table of p-values calculated by the DTS statistical test comparing the distributions of each
of the attributes (“Attr.” in table) of the real-life data set and the synthetic data set (cluster preserving
method) depending on the class (“Cls.” in table).

DTS

Attr.
Cls.

CYT ERL EXC ME1 ME2 ME3 MIT NUC POX VAC

mcg 0.970 0.386 0.929 0.909 0.903 0.576 0.848 0.760 0.706 0.383
gvh 0.885 0.278 0.954 0.651 0.493 0.427 0.428 0.983 0.912 0.337
alm 0.722 0.277 0.989 0.579 0.768 0.785 0.800 0.901 0.853 0.299
mit 0.914 0.388 0.961 0.426 0.606 0.786 0.836 0.773 0.705 0.178
erl 0.355 1.000 1.000 1.000 0.083 0.141 1.000 0.337 1.000 1.000
pox 0.136 1.000 1.000 1.000 1.000 1.000 0.336 1.000 0.034 1.000
vac 0.728 1.000 0.888 0.418 0.728 0.566 0.262 0.528 0.402 0.272
nuc 0.938 0.600 0.749 0.419 0.364 0.587 0.513 0.875 0.267 0.187
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Figure A8. Comparison of the densities of the attributes of the real-life data set and the attributes of
the synthetic data sets (one generated by the benchmark method, the other generated by the cluster
preserving method).

Appendix A.1. Downstream Task—Classification

To test the hypothesis a model could be trained on the synthetic data generated by
the cluster preserving method and then evaluated on the real-life data set, a simple classifi-
cation was performed using Support Vector Machines (SVM) from the R package “e1071”
(“Misc Functions of the Department of Statistics, Probability Theory Group (Formerly:
E1071), TU Wien.”, https://cran.r-project.org/web/packages/e1071/e1071.pdf, accessed
on 25 April 2025). Both the real-life data set and the synthetic data set generated by the
cluster preserving method were split into training and testing subsets, with 80% of the data
set being used for training and the remainder for testing. All the attributes were used to
predict the class and no further optimizations were implemented.

Evaluating the model trained on the real-life training set on the real-life test set yielded
an accuracy of 0.623. Evaluating the model trained on the synthetic training set on the
synthetic test set yielded an accuracy of 0.579. Finally, evaluating the model trained on
the synthetic training set on the real-life test set yielded an accuracy of 0.66. These results
indicate the hypothesis that the synthetic data generated by the cluster preserving method
can be used to train a model that can then function well with real-life data holds.

Appendix B. Additional Graphs for the “Texture” Data Set

As was stated in Section 4, only a selection of the variables and classes of the full
real-life data set was used to make the results visually interpretable. This section provides
more detailed three-dimensional graphs to further illustrate the differences between the
benchmark method (Section 2.2.2) and the cluster preserving method (Section 3).

Figure A9 shows four different views of the filtered real-life data set. Each of the four
different classes is presented in a different color to make it more easily distinguishable from
the others. Variables ‘V10’ and ‘V23’ were chosen as the x- and y-axis because they provide
the most open and easily interpretable plane. The additional four variables are used as
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the z-axis to provide more comprehensive views. Graphs (a,b) show that even the filtered
classes have a certain amount of overlap, depending on how the data points are plotted.

Figure A9. Three-dimensional view of classes selected from “texture” data set. Plotted with different
z-axes.

Figure A10 shows four different views of the synthetic data set generated by the
benchmark method. As can be seen, the synthetic data roughly follow the orientation of
the real-life data, and, in some cases (graph (c)), even mostly replicate the layout of the
real-life data set. However, this method produces multiple artifacts as well, which result in
data points being present in places the filtered real-life data set does not have any.

Figure A10. Three-dimensional view of classes generated by the benchmark method. Plotted with
different z-axes.
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Figure A11 shows four different views of the synthetic data set generated by the cluster
preserving method. There is very little visual difference between this data set and the
filtered real-life data set (apart from the classes being of different color in Figure A9). The
cluster shapes do not correspond to the cluster shapes of the real-life data set completely,
but that is expected and even desired. It is likely the generated data points are not present
in the real-life data set, indicating that using data generated by the cluster preserving
method to test the abilities of machine learning or clustering methods could be worthwhile.

Figure A11. Three-dimensional view of classes generated by the cluster preserving method. Plotted
with different z-axes.
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50. Perković, G.; Drobnjak, A.; Botički, I. Hallucinations in LLMs: Understanding and Addressing Challenges. In Proceedings of the

47th MIPRO ICT and Electronics Convention (MIPRO), Opatija, Croatia, 20–24 May 2024; pp. 2084–2088.
51. Xu, Z.; Jain, S.; Kankanhalli, M. Hallucination is Inevitable: An Innate Limitation of Large Language Models. arXiv 2025,

arXiv:2401.11817. [CrossRef]
52. Miyato, T.; Koyama, M. cGANs with Projection Discriminator. arXiv 2018, arXiv:1802.05637. [CrossRef]
53. Raghunathan, T.E. Synthetic Data. Annu. Rev. Stat. Its Appl. 2021, 8, 129–140. [CrossRef]
54. Wang, Z.; Myles, P.; Tucker, A. Generating and evaluating cross-sectional synthetic electronic healthcare data: Preserving data

utility and patient privacy. Comput. Intell. 2021, 37, 819–851. [CrossRef]
55. Hosain, M.T.; Jim, J.R.; Mridha, M.F.; Kabir, M.M. Explainable AI approaches in deep learning: Advancements, applications and

challenges. Comput. Electr. Eng. 2024, 117, 109246. [CrossRef]
56. Zhao, H.; Chen, H.; Yang, F.; Liu, N.; Deng, H.; Cai, H.; Wang, S.; Yin, D.; Du, M. Explainability for Large Language Models:

A Survey. ACM Trans. Intell. Syst. Technol. 2024, 15, 20:1–20:38. [CrossRef]
57. Ruscio, J.; Ruscio, A.M.; Meron, M. Applying the bootstrap to taxometric analysis: Generating empirical sampling distributions

to help interpret results. Multivar. Behav. Res. 2007, 42, 349–386. [CrossRef] [PubMed]
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Abstract

Islanded microgrids face significant frequency stability challenges due to limited system ca-
pacity, low inertia levels, and the strong variability in renewable energy sources. Traditional
reliability assessment methods, often based on static power balance, struggle to comprehen-
sively reflect frequency dynamic characteristics and their impact on power supply reliability.
To address this issue, this paper proposes a sequential Monte Carlo reliability assessment
method integrated with a system frequency response model. First, an SFR model for the
isolated microgrid, incorporating diesel generators, gas turbines, energy storage, and wind
turbines, is established. For synchronous units, a frequency deviation-based failure rate
correction mechanism is introduced to characterize the impact of frequency fluctuations
on equipment reliability. State transitions are achieved by integrating failure and repair
rates to reach threshold values. Second, sequential Monte Carlo simulation is employed
to conduct time-series simulations of annual operation. Random sampling of unit failure
and repair times is used to calculate reliability metrics. MATLAB/Simulink simulation
results demonstrate that system frequency fluctuations caused by power imbalance worsen
unit failure rates, leading to microgrid reliability values lower than static calculations. This
provides reference for planning, design, and operational scheduling of isolated microgrids.

Keywords: islanded microgrids; sequential monte carlo; system frequency regulate model;
reliability assessment

1. Introduction

With the large-scale integration of renewable energy, the operating conditions and con-
trol characteristics of power systems are undergoing profound changes. Traditional power
systems rely on large synchronous generators to provide rotational inertia and primary fre-
quency control, thereby maintaining frequency stability in the presence of disturbances [1].
However, power-electronics–interfaced resources such as wind power, photovoltaic gener-
ation, and energy storage are gradually replacing a portion of synchronous units, markedly
reducing system inertia and introducing new challenges to frequency stability [2,3]. In
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islanded microgrids in particular, limited system capacity, insufficient reserves, and the
strong variability in renewable outputs [4] make frequency security issues especially acute,
highlighting an urgent need for comprehensive assessments that jointly consider reliability
and frequency characteristics [5].

Current microgrid reliability studies predominantly employ simulation-based and
analytical approaches. Analytical methods, which typically rely on computing failure (state)
transition rates, cannot provide reliability indices that explicitly depend on system fre-
quency and time. In fact, the post-disturbance frequency recovery of an islanded microgrid
is highly contingent on the frequency-regulation performance and control characteristics
of its constituent units; if the frequency deviation exceeds preset thresholds, it may trig-
ger under-frequency load shedding or even system tripping. Traditional static reliability
indices thus struggle to fully represent the security level of a microgrid during dynamic
operation. In addition, the stochastic nature introduced by renewable energy resources
must be addressed—accounting for forced outages and random power outputs—while the
state of charge of energy storage systems exhibits pronounced temporal dependence. Con-
sequently, the sequential Monte Carlo method is better suited to contemporary microgrid
reliability assessment, albeit at the cost of substantial computational time.

In recent years, extensive research has been conducted on microgrid reliability, fre-
quency security, and renewable energy variability. Reference [6] employs a Markov process
to model the output uncertainty of wind power and energy storage, analyzing its effect on
supply reliability; however, it does not account for post-disturbance frequency excursions.
Regarding frequency stability, ref. [7] introduces a reliability assessment framework based
on a system frequency response model, which correlates unit failure and repair rates with
frequency deviations to enable integrated frequency-reliability evaluation. Nonetheless,
the case studies in [7] adopt piecewise correction methods that are unsuitable for complex
time-sequential simulations. References [8,9] propose frequency-security metrics such as
the number of under-frequency events, their duration, and the probability of low-frequency
recovery. These approaches, however, rely on analytical approximations or static simula-
tions and fail to adequately represent the dynamic operational constraints of microgrids.
Reference [10] applies sequential Monte Carlo simulation to model the temporal processes
of unit failure and repair, incorporating real-world wind speed and load time series. De-
spite this, it only considers power fluctuations from renewable resources and overlooks the
feedback effect of frequency on unit reliability. Reference [11] proposes a stochastic method
for risk aversion based on weather routing, which provides a new idea for multi-energy co-
optimization. However, the method mainly focuses on the operational optimization level,
lacks an in-depth analysis of the system dynamic characteristics, especially the frequency
stability, and does not consider the feedback effect of frequency fluctuation on equipment
reliability. Reference [12] proposed an N-1 assessment framework for the integrated electric-
gas system considering the information physical dependence, which reveals the coupling
relationship between the energy system and the information system. However, the study
focused on static safety assessment and failed to react to the dynamic response process of
the system under perturbation.

The main contribution of this paper is the development of an equipment reliability
model considering frequency variations and the proposal of a sequential Monte Carlo
simulation method that introduces a frequency response model of the system, which
overcomes the limitations of traditional static assessment methods. On the basis of this, this
paper presents a comprehensive reliability assessment approach for islanded microgrids
that incorporates frequency-dependent effects. An integrated SFR model is developed,
encompassing diesel generators, gas turbines, energy storage systems, and wind turbines.
A frequency-adaptive adjustment mechanism for unit failure and repair rates is introduced,
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along with an under-frequency load-shedding strategy. On this basis, the sequential Monte
Carlo method is employed to simulate long-term operational scenarios, simultaneously
capturing stochastic unit outages, repairs, and fluctuations in renewable generation and
load. The proposed framework evaluates both supply reliability and frequency security
under various operating conditions, generating a set of corresponding reliability and
frequency-security indices. Results demonstrate that the operational reliability of islanded
microgrids is closely coupled with frequency regulation measures. The impact of system
frequency on unit failure rates proves non-negligible in reliability assessments, offering
theoretical insights and methodological support for subsequent system planning and
operational optimization.

2. SFR Model of Islanded Microgrid

The frequency behavior of a microgrid depends on the types of sources and loads it
comprises. Synchronous generator units exhibit pronounced frequency-droop characteris-
tics and load regulation effects, whereas the frequency behavior of converter-interfaced
sources is determined by their control models. Therefore, clarifying the characteristics of
each type of source within the microgrid is a prerequisite for reliability studies. In this
section, we first establish an islanded microgrid system frequency response model that
includes both synchronous generator units and converter-interfaced sources. The syn-
chronous units consist of diesel generators and gas turbines, while the converter-interfaced
sources include an energy storage system and wind turbine generators. A typical microgrid
system architecture is shown in Figure 1.

Wind turbine Photovoltaic

Energy 
Storage 
System·

Grid-tie 
switch

Grid

Synchronous 
Generator

Gas turbine LoadDiesel generator

Figure 1. Microgrid system architecture.

2.1. Diesel Generator/Gas Turbine

Diesel generators and gas turbines are typical rotating synchronous generation sources
in microgrids. Their operation relies on fossil fuels, and the fuel supply is generally assumed
to be sufficiently ample. The rotor speed of these units operates at synchronous speed;
when the external active power demand increases, the unit’s active power output rises. In
the unit’s control model, this is reflected as an increase in electromagnetic torque, which
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causes a drop in rotor speed. The governor system then increases the mechanical torque
in response to the sensed speed decrease to raise the unit speed; once the mechanical and
electromagnetic torques are rebalanced, the speed—and hence the frequency—stabilizes.

The frequency dynamics of diesel generators and gas turbines are jointly determined
by rotor inertia and primary frequency control. The diesel generator is modeled using a
first-order prime-mover model, as in Equation (1) [13].

ΔP = (− S
R
) · 1

1 + sTG
· 1

1 + sTE
· Δ f (1)

where S denotes the unit (rated) capacity; R is the primary frequency-droop coefficient;
TG is the governor time constant, characterizing the dynamic response speed of the diesel
governor; and TE is the prime-mover time constant, representing the dynamic lag due to
diesel-engine combustion and the inertia of mechanical output.

For typical small- to medium-sized diesel generators, the dynamic response is rela-
tively fast but constrained by the mechanical subsystem and combustion dynamics. In
accordance with IEEE interconnection performance requirements for distributed resources,
their ramp rate does not exceed 20% p.u./min.

The gas turbine is modeled using the GGOV1 model, as in Equation (2) [14].

ΔP = (− S
R
) · 1

1 + sTG
· (1 + sT2)

(1 + sT1)(1 + sT3)
· Δ f (2)

where T1 is the combustor time constant, describing the lag of the working gas along the
combustion path; T2 is the inertia-coupling time constant, reflecting the lead behavior
induced by the air/fuel-gas dynamics within the turbine; and T3 is the turbine mechanical
time constant, representing the inertial lag associated with the gas turbine’s mechanical
energy conversion process.

For gas-turbine generator units, power ramp-up is constrained by combustion stability
and thermal stress, and the ramp rate does not exceed 10% p.u./min.

2.2. Wind-Driven Generator

This study employs a doubly fed induction generator wind turbine for simulation. The
turbine’s output power is strongly correlated with wind speed. Depending on the ambient
wind speed, the DFIG operates in four regions, as shown in Figure 2: when the wind speed
is below the cut-in threshold, the turbine remains shut down; once the wind speed reaches
the cut-in speed, the turbine starts and operates under maximum power point tracking,
maintaining the power coefficient Cp at its maximum; in the constant-power region, the
generator torque is limited to its rated value and the blade pitch angle is adjusted to reduce
Cp so as to deliver the rated power; when the wind speed exceeds the cut-out threshold,
the turbine is shut down to avoid faults.

The wind turbine generator mathematical model comprises the aerodynamic model,
drivetrain model, generator power control model, and pitch-angle control model. The
aerodynamic power captured by the rotor from the wind is calculated as follows:

Pm =
1
2

ρπR2Cp(λ, β)v3
w (3)

where ρ, R, CP, λ, β, and vw denote the air density, rotor radius, power coefficient, tip-speed
ratio, pitch angle, and wind speed, respectively.
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Figure 2. Wind turbine power output vs. wind speed chart.

The power coefficient Cp is a function of λ and β; a commonly used empirical fitting
formula is given by [15]:

Cp = 0.5176(
116
λi

− 0.4β − 5)e−
21
λi + 0.0068λ (4)

1
λi

=
1

λ + 0.08β
− 0.035

β3 + 1
(5)

λ =
ωR
vw

(6)

In the equation, λi is the intermediate variable, and ω is the blade rotational speed.
Equations (3)–(6) constitutes the aerodynamic model for fan blades.

Current wind turbine drivetrain models include single-mass, two-mass, three-mass,
and six-mass representations. In this study, a two-mass drivetrain model is adopted, and
the governing equations are given by:

Jm
dω

dt
= Tm − Ts (7)

Ts = Ksψ + Kvi
dψ

dt
(8)

Je
dωe

dt
=

Ts

N
− Te (9)

dψ

dt
= ω − ωe

N
(10)

Jtotal = Jm + N2 Je (11)

In the equation, Jm represents the rotor inertia, Je represents the generator inertia,
Jtotal represents the equivalent inertia of the wind turbine, ωe represents the generator
rotational speed, Tm represents the mechanical torque, Ts represents the main shaft torque,
Te represents the electromagnetic torque, ψ represents the transmission chain torque, Ks

represents the main shaft elasticity coefficient, Kvi represents the main shaft viscous friction
coefficient, and N represents the gearbox transmission ratio. Equations (5)–(9) constitute
the motion model of the wind turbine rotor.
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When wind turbines participate in frequency regulation, control strategies include
droop control, virtual inertia control, and combined inertia control. This study adopts the
combined inertia control, and the frequency-regulation power of each turbine is given by:

ΔP = −(KpΔ f + Kd · dΔ f
dt

)S (12)

In the equation, Δ f represents the system frequency deviation, Kp and Kd denote the
primary frequency regulation coefficients of the wind turbine generator.

The output of wind turbines is controlled by converters, enabling rapid response.
However, due to potential mechanical shocks causing fatigue loads and mechanical impacts,
their ramping speed typically does not exceed 20% p.u./min.

2.3. Energy Storage System

Given that the storage capacity in microgrids is constrained by power electronic hard-
ware, the energy storage system in this study is assumed to provide inertial response only.
Virtual inertia control enables the ESS to emulate the inertial behavior of synchronous gen-
erators, thereby increasing the system inertia time constant, reducing the rate of change in
frequency, and slowing the deterioration of frequency following disturbances. A derivative-
based control law is employed to operate the ESS and deliver virtual inertia support, as
shown in Figure 3.

df
dt

fΔ PΔ
1

1
1 sτ+ 1

1
1 sτ+ ESSK−

dead 
band

saturation

Figure 3. Energy storage system frequency response control block diagram.

A deadband prevents the energy storage system from responding to small frequency
deviations. A low-pass filter is also applied to remove noise from the frequency-derivative
signal, as derivative control is highly sensitive to noise. The per-unit output PIR is limited
to ±1 p.u. The power injected into the grid by the ESS under virtual inertia control can be
calculated as:

ΔP = − −KESS
(1 + sτ1)(1 + sτ2)

d f
dt

S (13)

where KESS is the virtual inertia response coefficient of the energy storage system, τ1 and
τ2 are the filter time constants.

The ESS output is likewise controlled by power converters and therefore responds
rapidly; its ramp rate can reach up to 100% p.u./min.

2.4. Microgrid SFR Model

By integrating the above component models of the diesel generator, steam-turbine
generator, wind turbine generator, and energy storage system, this paper constructs a
frequency-control model for islanded operation, as illustrated in Figure 4.

When a power imbalance causes a frequency deviation in the microgrid, each com-
ponent adjusts its output to prevent excessive deviations. The system’s equivalent inertia
constant is computed as a capacity-weighted combination of the inertia time constants of
the synchronous generators in service, as given by the corresponding formula.

H = (∑
i∈N

Hi · Si)/(∑
i∈N

Si) (14)

where N denotes the set of synchronous generating units operating normally at the cur-
rent time, Hi represents the inertia time constant of the normally operating synchronous
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generating unit i, and Si denotes the rated capacity of the normally operating synchronous
generating unit i.

Figure 4. Block Diagram of the Microgrid System SFR Model.

3. Assessment Method of Reliability

3.1. Correction of Unit Maintenance Failure Rate Considering Frequency Deviation

The ESS tracks the grid frequency via the inverter’s phase-locked loop (PLL). When
frequency deviations become large, the control effort and switching stress increase, which
may trigger overcurrent/overtemperature protection but seldom causes immediate failures.
The impact of frequency deviations on the ESS primarily manifests as lifetime degradation;
therefore, in this study the ESS failure rate is assumed to be independent of frequency.
Likewise, wind turbine generators (WTGs) are decoupled from the microgrid through
power converters and typically only invoke power-limiting or shutdown protections un-
der large frequency excursions; hence, the WTG failure rate is also assumed frequency-
independent. In other words, for converter-interfaced units such as WTGs and ESSs, we
assume frequency-independent failure rates in view of their decoupling characteristics.
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By contrast, the rotors of synchronous machines such as diesel generators and gas
turbines are directly coupled to the microgrid. Frequency deviations translate into speed
deviations, which in turn elevate the risk of mechanical stress, torque oscillations, and
inadequate cooling, among other failure mechanisms. Following the frequency-excursion
classes and tiered multipliers for failure rates reported by [16], we construct a continuous
frequency-dependent function for the failure rate of each unit type to enable failure-rate
correction, with the correction given by the corresponding formula.

mλ( f ) = 1 + (M − 1)(1 − e−k| f−δ|) (15)

λ( f ) = mλ( f )λ0 (16)

where mλ is the failure rate multiplier, M is the frequency deviation limit multiplier, k is
the shape parameter, δ is the frequency health dead zone, and λ0 is the base failure rate.
The setting of M is based on the frequency tolerance criterion for synchronous generating
sets, which indicates that the risk of equipment failure may increase to M times the base
value in case of frequency deviation. The shape parameter k is the rate at which the failure
rate grows with frequency deviation from the deadband δ, indicating the increase in risk as
the frequency crosses the limit. The deadband δ is typically set to 0.5 Hz, indicating that
frequency fluctuations within this range are considered normal operating conditions and
do not increase the risk of equipment failure. The failure rate frequency curve is shown in
Figure 5 and characteristic data used in this paper are shown in Table 1.
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Figure 5. Frequency characteristics curve of unit failure rate.

Table 1. Failure Rate Frequency Characteristics Curve Parameters for Each Unit.

Equipment M k δ

10 MW diesel generator 5 0.9575 0.5
5 MW diesel generator 4 0.9232 0.5

5 MW gas turbine 6 1.0522 0.5
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Under standard assumptions, unit failures are considered memoryless; consequently,
the operating time and outage time can be sampled accordingly, with the sampling formulas
given as follows:

TTF = − 1
λ ln R

TTR = − 1
μ ln R

(17)

TTF denotes the time-to-failure, TTR represents the time-to-repair, and R is a ran-
dom number between 0 and 1 obtained through sampling. Considering the temporal
characteristics of failure rates, repairs do not occur precisely after TTR elapses following
a failure. This paper introduces safety thresholds and repair thresholds, which involve
performing temporal integration on failure rates and repair rates, triggering a switch when
the threshold is reached.

3.2. Load Shedding Strategy

In islanded microgrids, limited inertia and reserve margins mean that relying solely
on generator-provided frequency regulation to suppress the maximum rate of change in
frequency (RoCoF) and frequency deviations may be insufficient to maintain stability and
security. To confine contingencies within a controllable range, prevent frequency collapse,
and preserve system stability, load shedding offers a rapid and effective measure. By
shedding load, the probability of frequency limit violations can be substantially reduced,
converting unavoidable supply interruptions into controllable, staged load curtailments.

This study adopts a staged under-frequency load shedding scheme. Multiple fre-
quency trigger thresholds are set so that load shedding proceeds in several stages, acting
sequentially according to the severity of the frequency decline. In addition, intentional
delays are configured to effectively avoid nuisance operations caused by motor starting,
cold-load pickup, and similar effects. The parameters of the staged UFLS scheme are given
in Table 2.

Table 2. Parameters set for the underfrequency load shedding strategy.

Level Trigger Frequency (Hz) Single-Stage Load-Shedding Ratio Delay (s)

UFLS-1 49.0 10% 0.3 s
UFLS-2 48.7 10% 0.3 s
UFLS-3 48.5 10% 0.5 s
UFLS-4 48.2 5% 0.5 s
UFLS-5 48.0 5% 1.0 s

In addition to configuring the staged under-frequency load shedding scheme, a load
restoration strategy must be defined. Hysteresis-like, frequency-based staged actions are
required to prevent oscillations caused by repeated shedding and restoration near certain
frequency thresholds. The parameter settings for the restoration of shed load are listed in
Table 3.

Table 3. Parameters set for the graded load restoration strategy.

Level Trigger Frequency (Hz) Single-Stage Load Recovery Ratio Delay (s)

UFLS-1 49.5 10% 0.3 s
UFLS-2 49.0 10% 0.3 s
UFLS-3 48.7 10% 0.5 s
UFLS-4 48.5 5% 0.5 s
UFLS-5 48.2 5% 1.0 s
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3.3. System Reliability Parameter

(1) Expected Energy Not Supplied(EENS)
Expected Energy Not Supplied (EENS) is an index used to characterize the risk of

supply loss. When the microgrid frequency falls below the preset UFLS trigger thresholds
and the corresponding intentional delays have elapsed, load curtailment is initiated. The
EENS is calculated as:

EENS = ∑ αshedLtshed (18)

Here, αshed represents the load reduction ratio, L denotes the load value, and tshed

indicates the load reduction duration.
(2) Expected Indirect Energy Not Supplied (EIENS)
EIENS is used to characterize the power imbalance that arises during the frequency

control process. Notably, this imbalance is not directly manifested as load curtailment;
rather, it is reflected in the system’s frequency dynamics, where such imbalances directly
induce frequency fluctuations. The EIENS is computed as follows:

EIENS =
∫

min[0, (PG + PWT + PS + PESS − PLoad)]dt (19)

(3) Expected Number of Under-Frequency events (ENUF)
ENUF quantifies the expected annual number of under-frequency events. In this study,

we tally the occurrences of the five under-frequency event categories defined earlier, each
satisfying the UFLS staging thresholds and duration requirements.

(4) Expected Under Frequency Duration, EUFD
The microgrid frequency may deviate from the normal range and remain within a

low-frequency band for a period of time until generator output is ramped up or load is
reduced to restore the frequency to the normal range. The frequency will then gradually
return to its nominal value through frequency-regulation actions on both the supply and
demand sides. The Expected Under-Frequency Duration denotes the expected duration for
which the frequency remains below its normal value, and is calculated as:

EIENS =
∫

bool[i f ( f < fUFLS)]dt (20)

3.4. Sequential Monte Carlo Method

Given the pronounced temporal characteristics of wind turbines and energy storage
systems, this study employs the sequential Monte Carlo (SMC) method to approximate
the long-term reliability statistics of an islanded microgrid. Advancing continuously along
the time axis, SMC yields time-sequential information that better captures the microgrid’s
frequency dynamics. It faithfully represents the coupling among unit state evolution,
load fluctuations, and frequency dynamics, and it naturally accommodates frequency-
dependent failure-rate correction, health-window constraints, and staged under-frequency
load shedding (UFLS). Compared with non-sequential methods, SMC provides the event
order and the system’s dynamic response, aligning more closely with the actual operating
characteristics of islanded microgrids.

The SMC procedure adopted in this paper is as follows:

1. Initialization: set up unit reliability data, unit control parameters, wind-speed data,
and load data.

2. Enumerate microgrid state i, with i = 1 at the start: for each unit, randomly generate
its initial status. If the unit is up, additionally sample its residual time to failure; if it is
down, sample its residual time to repair.
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3. Update the microgrid’s equivalent inertia constant based on the set of units currently
in outage.

4. Run the SFR model: compute each unit’s output in real time from the frequency
information and correct each unit’s failure rate accordingly. If the frequency falls
below the UFLS thresholds and the intentional delay is exceeded, automatically shed
the corresponding proportion of load.

5. Unit state transitions: for each unit in normal operation, perform time integration of
its failure rate and determine whether it enters the failed state. When the accumulated
hazard reaches the pre-sampled cumulative hazard threshold, the unit fails; sample
the repair time and reduce its output to zero subject to the ramp/power limits appli-
cable at the outage instant. For units in outage, when the sampled repair time elapses,
return the unit to service and pre-sample the next cumulative hazard threshold for
the subsequent failure event.

6. Index tallying: output the reliability and frequency-security indices proposed in
Section 2.3.

The overall workflow is illustrated in Figure 6.

 

Figure 6. Sequential monte carlo algorithm process.
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4. Case Study

Based on the SFR model established above, we conduct simulation studies. The model
includes three diesel generators and one gas turbine with capacities of 10 MW, 10 MW, 5 MW,
and 5 MW, respectively. Their failure rates (failures/year) are set to 2, 2, 2.5, and 3, and their
repair rates (repairs/year) are 20, 20, 20, and 30, respectively. In addition, four identical wind
turbine generators (WTGs) and one energy storage system (ESS) are included; each WTG has
a capacity of 2.5 MW and the ESS is 5 MW. The WTG and ESS failure rates (failures/year) are
set to 4 and 2.5, and the corresponding repair rates (repairs/year) are 35 and 40. Load data
are taken from EnergyPlus annual load profiles for the New Jersey climate zone (USA), and
wind-speed data are from the NREL Flatirons Campus.

4.1. Validation of the SFR Model

To verify the correctness and effectiveness of the proposed SFR model, a 90,000 s
time-domain simulation is performed for the islanded microgrid configured above. In this
subsection, both failure and repair rates are increased by a factor of 100 to accentuate the
impact of unit state transitions. Figures 7–9, respectively, present the simulated microgrid
frequency, the fraction of load connected, and the operating states of the units.
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Figure 7. Dynamic frequency status of microgrids.
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Figure 8. Dynamic status of load access ratio.
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Figure 9. Operational status of the unit.

4.1.1. Impact of a Single Synchronous Unit Outage

Around 15,000 s, Diesel Generator 1 trips. As it is the primary source in the microgrid,
its outage causes a steep frequency drop and imposes supply pressure, leading to frequency
oscillations within 49–49.5 Hz. The served-load fraction is controlled to remain above
90%. After a brief repair, Diesel Generator 1 returns to service and the frequency stabilizes.
Around 58,000 s, although the load has decreased and the frequency begins to rise to
about 49.5 Hz, the microgrid attempts to restore 100% load; however, Diesel Generator 1
remains in a prolonged outage. Not until after 65,000 s, when the load declines to a level
supportable by the remaining units, does the microgrid frequency return to the normal
range. In addition, Diesel Generator 2 fails around 88,000 s, driving the frequency down to
nearly 47 Hz for a period—an extremely hazardous range for an islanded microgrid—which
forces the load to be curtailed to its minimum connection level.

4.1.2. Impact of WTG/ESS Outage

During 45,000–58,000 s, 10–20% of the load is shed for an extended period, with
the frequency confined to 48.5–49 Hz. In this interval, three WTGs are out of service, so
renewable output is limited, while the nominally required load is 27–33 MW—exceeding
the maximum output of the diesel generators and gas turbine. The lack of supplemental
renewable power prevents the microgrid from actively restoring frequency to the normal
range. For most of the time, WTG output can supplement that of synchronous units;
however, during load peaks, when the synchronous units are at their limits and WTGs
cannot supply the excess demand, the microgrid must shed load to ensure security. After
65,000 s, an ESS failure leads to a low-frequency event around 80,000 s, similar to the case
of WTG outages.

The long-term simulation above demonstrates that the SFR model can accurately
capture the dynamic impact of different types of unit faults and recovery processes on
system frequency. Single-unit failure causes short-term frequency fluctuations and triggers
UFLS; multiple-unit failures lead to prolonged low-frequency operation; and energy storage
withdrawal results in rapid loss of system support capability, triggering more severe
low-frequency events. These results align with theoretical expectations, demonstrating
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the validity and effectiveness of the established SFR model. This provides a reliable
modeling foundation for subsequent reliability assessments based on sequential Monte
Carlo methods.

4.2. Sequential Monte Carlo Results

In this section, building on the SFR model and Monte Carlo framework established above,
we perform sequential Monte Carlo simulations of the system scenarios to analyze the impact
of frequency deviations on generator (unit) reliability parameters, thereby demonstrating the
necessity of incorporating frequency dynamics into reliability assessment.

All simulations in this study were performed on a personal workstation equipped
with an Intel Ultra7-265K CPU and an NVIDIA Ultra W OC 5060Ti 16 GB GPU, running
MATLAB/Simulink R2024a. Owing to the time-sequential nature of the method, paral-
lelization is limited and the runtime mainly depends on CPU performance. Under this
configuration, a single annual simulation (one full Monte Carlo sample path) required
about 7–8 min. To achieve statistically convergent reliability indices, 1000 Monte Carlo
trials were executed, leading to a total runtime of approximately 120 h.

The simulations compare two cases—one that accounts for the influence of frequency
on unit failure rates and one that does not—with the results summarized in Table 4.

Table 4. Statistical results of reliability indicators.

Indicator
Considering the Effect of
Frequency on Failure Rate

Without Considering the Effect
of Frequency on Failure Rate

Deviation

EENS 18.63 15.24 22.2%
EIENS 7.41 6.12 21.1%
ENUF1 8.72 7.58 15.0%
ENUF2 5.31 4.63 14.7%
ENUF3 3.18 2.71 17.3%
ENUF4 2.07 1.62 27.8%
ENUF5 0.78 0.49 59.2%
EUFD1 422.5 367.9 14.8%
EUFD2 311.8 274.5 13.6%
EUFD3 208.6 180.3 15.7%
EUFD4 149.3 128.7 16.0%
EUFD5 92.7 76.2 21.7%

The comparison results show that the traditional static assessment method shows
optimistic bias in all reliability indicators, which is mainly due to the fact that the static
method fails to reflect the frequency dynamic process triggered by the power imbalance and
ignores the resulting triggered ENUF and its duration EUFD; and the static method does
not take into account the aggravating effect of frequency fluctuations on the synchronous
generator failure rate, thus underestimating the real failure of the system under perturbation
risk under disturbance.

With respect to EENS and EIENS, the values are significantly higher when frequency
effects are considered than when they are ignored. This indicates that frequency deviations
not only lead directly to load shedding but also indirectly increase the expected energy not
supplied by exacerbating the failure rates of synchronous machines, thereby causing the
supply risk to be underestimated if frequency is neglected.

For the ENUF and EUFD indices, both the expected number and the duration of under-
frequency events at each stage increase when frequency effects are included. For example,
the first-stage metrics ENUF1 and EUFD1 rise markedly, showing that low-frequency
load-shedding actions are triggered more frequently and persist longer under frequency
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disturbances. This underscores the critical role of energy storage and conventional units
in frequency regulation and further indicates that omitting frequency effects in reliability
assessment will fail to capture the true severity of under-frequency events.

Examining the distribution of staged load shedding, the lower levels (UFLS-1 and
UFLS-2) have the highest trigger probabilities, while higher levels (UFLS-4 and UFLS-5) are
relatively rare. This aligns with operational practice: most disturbances can be mitigated
by low-level shedding, whereas only severe contingencies trigger high-level shedding.

Therefore, neglecting the influence of frequency on unit failure rates directly leads to
an overestimation of microgrid reliability and introduces substantial bias into judgments of
long-term operational reliability.

5. Conclusions

Targeting the low inertia and strong renewable output variability of islanded mi-
crogrids, this paper proposes a sequential Monte Carlo reliability assessment method
integrated with a system frequency response model. An integrated SFR model comprising
diesel generators, a gas turbine, an energy storage system, and wind turbine generators
is established, and frequency-dependent corrections to unit failure and repair rates are
introduced together with an under-frequency load-shedding strategy. In this way, reliability
indices and frequency-security indices are jointly evaluated.

Simulation results show that if the influence of frequency on unit failure rates is ig-
nored, indices such as EENS, the number of under-frequency events, and their durations
will all be underestimated, leading to an overly optimistic reliability assessment. Incor-
porating frequency-dependent corrections more accurately reflects the potential threats
posed by frequency fluctuations to microgrid operation. Compared with traditional static
methods, the proposed approach can produce not only conventional reliability indices such
as EENS and LOLP, but also dynamic frequency indices including ENUF, EUFD, and the
low-frequency recovery probability, thus offering higher practical value.

In summary, the proposed method provides a more comprehensive reliability analysis
tool for the planning, design, and operational scheduling of islanded microgrids. Future
work may further integrate multi-energy complementary operation strategies, demand-side
response, and comparative analyses of different control schemes to enhance the reliability
and frequency-security assessment framework under high renewable penetration.
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Abstract

In modern high-performance computing (HPC) and large-scale data processing environ-
ments, the efficient utilization and scalability of memory resources are critical determi-
nants of overall system performance. Architectures such as non-uniform memory access
(NUMA) and tiered memory systems frequently suffer performance degradation due to
remote accesses stemming from shared data among multiple tasks. This paper proposes
LACX, a shared data migration technique leveraging Compute Express Link (CXL), to
address these challenges. LACX preserves the migration cycle of automatic NUMA balanc-
ing (AutoNUMA) while identifying shared data characteristics and migrating such data
to CXL memory instead of DRAM, thereby maximizing DRAM locality. The proposed
method utilizes existing kernel structures and data to efficiently identify and manage
shared data without incurring additional overhead, and it effectively avoids conflicts with
AutoNUMA policies. Evaluation results demonstrate that, although remote accesses to
shared data can degrade performance in low-tier memory scenarios, LACX significantly
improves overall memory bandwidth utilization and system performance in high-tier
memory and memory-intensive workload environments by distributing DRAM band-
width. This work presents a practical, lightweight approach to shared data management in
tiered memory environments and highlights new directions for next-generation memory
management policies.

Keywords: Compute Express Link (CXL); tiered memory; optimization; page hotness

1. Introduction

In modern data centers and high-performance computing (HPC) environments, mem-
ory demand continues to escalate due to memory-intensive workloads such as artificial
intelligence (AI), machine learning, and large-scale data analytics. This trend not only
pushes system memory capacity to its limits but also exposes critical bottlenecks in mem-
ory bandwidth utilization [1,2]. Although multi-core CPUs provide high computational
throughput through parallelism, bursts of concurrent memory accesses can saturate DRAM
bandwidth, leading to severe system performance degradation. These bandwidth bot-
tlenecks are particularly detrimental in real-time analytics, transactional systems, and
massively parallel computations, where predictable latency and throughput are essential.

To overcome the limitations of memory capacity and bandwidth, various techniques
have been explored over the past decade. Prior research has proposed tiered memory struc-
tures such as NUMA-aware placement strategies [3–6], high-bandwidth memories (e.g.,
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HBM [7]), and memory compression schemes [8]. These methods combine fast yet capacity-
limited DRAM as high-tier memory with slower but larger-capacity devices as low-tier
memory, aiming for cost-effective scalability. While these techniques have achieved partial
success, they face limitations in universality and scalability due to hardware complexity,
cost, and non-portable optimizations. In particular, relying solely on DRAM expansion can-
not simultaneously satisfy the capacity and bandwidth demands of modern heterogeneous
workloads [1].

Recently, Compute Express Link (CXL) has emerged as a promising interconnect
technology to bridge this gap [9–11]. CXL enables high-speed, low-latency communication
between CPUs and memory devices, allowing a dynamic expansion of system memory
beyond the constraints of traditional architectures. Through the flexible attachment of
diverse memory types, CXL facilitates the construction of software-managed tiered mem-
ory systems that can adaptively allocate resources according to workload characteristics.
Importantly, CXL offers a pathway for efficiently managing shared data placement and
access across nodes, a challenge that conventional NUMA and AutoNUMA approaches do
not explicitly address [12,13].

Furthermore, the proposed LACX framework can also provide potential benefits
in emerging computing paradigms such as in-memory computing (IMC) based on non-
volatile memory (NVM) technologies. In IMC environments, computation and storage are
tightly coupled, and efficient data locality management becomes essential for maintaining
both performance and energy efficiency. Since shared data management remains a key
challenge in IMC systems where multiple processing units may concurrently access the
same NVM regions, the shared page-aware design of LACX could be extended to mitigate
data contention and optimize bandwidth utilization. This alignment with NVM-based
IMC directions highlights the adaptability of LACX to next-generation memory-centric
architectures [14,15].

Despite advances in tiered memory and automatic page migration, a fundamental
limitation remains: existing systems primarily base migration decisions on access fre-
quency (data “hotness”) without distinguishing whether the accessed pages are shared
among multiple tasks [16–18]. As a result, shared data—often a major contributor to
remote access contention and bandwidth pressure—tends to remain fixed on a particu-
lar node or is conservatively excluded from migration. This oversight leads to subopti-
mal bandwidth utilization and unpredictable performance in NUMA and heterogeneous
memory environments.

To address this problem, this work proposes LACX, a Linux kernel mechanism
designed to identify and manage shared data pages explicitly in CXL-extended mem-
ory systems. LACX introduces a shared page-aware migration policy that relocates
shared data to CXL nodes, while keeping node-local hot data in DRAM. This design
mitigates bandwidth contention and improves effective memory utilization across het-
erogeneous tiers. By operating at the kernel level, LACX leverages intrinsic memory
tracking structures to minimize overhead and maintain compatibility with the existing
AutoNUMA framework.

LACX makes the following key contributions:

1. Low-overhead shared page-aware migration: It implements an efficient shared-page
recognition and migration mechanism that reuses existing NUMA structures, adding
minimal overhead and preserving AutoNUMA’s scanning cycle.

2. Seamless integration and stability: LACX cooperates with AutoNUMA’s place-
ment policies to prevent migration conflicts, ensuring stability across diverse and
dynamic workloads.
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3. Balanced bandwidth utilization: By distributing local and shared data between DRAM
and CXL memory, LACX achieves more balanced bandwidth usage, alleviating DRAM
saturation and improving system throughput.

Through these contributions, LACX addresses a major gap in current memory man-
agement research—the lack of shared data-oriented optimization in heterogeneous memory
systems. The proposed approach demonstrates that operating systems can efficiently co-
ordinate DRAM and CXL tiers to achieve scalable bandwidth utilization and predictable
performance in next-generation data centers and HPC platforms.

2. Background and Related Work

This section describes the theoretical background of our research, covering the princi-
ples and latest research trends in NUMA architecture, tiered memory, and next-generation
memory interconnect technologies such as CXL [3,6,9,10]. Based on this discussion, we
analyze how the LACX technique proposed in this paper differs from existing approaches.

2.1. NUMA and AutoNUMA

The NUMA architecture [19] divides a system into multiple nodes, each consisting of
physically coupled CPUs and memory. When a CPU accesses memory within its own node
(local memory), it achieves the highest speed, whereas accessing memory in other nodes
(remote memory) incurs longer latency. As a result, it is crucial for the operating system to
ensure that CPUs access memory as locally as possible, minimizing remote accesses and
maximizing local accesses to reduce bottlenecks and latency [3,4].

Linux has officially supported the AutoNUMA feature since kernel version 3.8 for
automatic optimization in NUMA systems. AutoNUMA automatically migrates pages and
tasks to minimize the distance between them. Specifically, it triggers NUMA, hinting faults
to intentionally induce page faults, thereby identifying the locations of CPUs that recently
accessed the page and the node where the page is allocated [16,19].

Existing NUMA optimization research has primarily focused on improving page
access locality. As a representative example, AutoNUMA, which was introduced earlier,
is not without its limitations [5,16]. Excessive page migration can degrade performance,
and the migration process itself can introduce additional overhead due to conflicts with
the CPU load balancer, increased translation lookaside buffer (TLB) misses, and page table
walks. In particular, frequent TLB misses can cause significant delays if the page table is
located on a remote node. Furthermore, when all CPUs attempt to optimize local accesses,
memory controllers on certain nodes may become overloaded, resulting in local access
latencies that exceed those of remote accesses.

Notably, AutoNUMA primarily focuses on optimizing memory access locality for
individual tasks and is less effective in handling shared data accessed by multiple
tasks [5,6]. Since AutoNUMA performs migration based only on page-level locality,
it is difficult to achieve clear locality benefits by migrating pages containing shared
data to any particular node. Consequently, AutoNUMA tends to handle shared data
conservatively or even avoid migrating it altogether. These limitations remain as
important challenges for future NUMA optimization research.

To overcome these limitations, this paper proposes LACX, a novel mechanism that
actively identifies and manages shared data across tasks. While AutoNUMA avoids
migrating shared pages to prevent performance degradation, LACX leverages the same
hinting-fault mechanism to detect frequently shared pages and strategically isolate them
in dedicated memory nodes, thereby improving locality for private data and reducing
contention around shared memory.
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2.2. Tiered Memory

In tiered memory systems, DRAM serves as the high-speed, high-bandwidth high-tier
memory, while non-volatile memory (NVM) or other extension memory technologies,
which offer larger capacity and cost efficiency, act as low-tier memory. Low-tier memory is
connected to the system via high-speed interfaces such as PCIe; NVM technologies like
Optane are representative examples [20,21]. These low tiers are critical for transaction-based
services requiring large capacity and data integrity.

The primary strategy in tiered memory involves analyzing workloads’ memory access
patterns to place data in appropriate tiers based on access frequency (hotness). Ideally,
frequently accessed (hot) data should reside in high-tier memory, while less frequently
accessed (cold) data should be allocated to low-tier memory. Automated techniques that
migrate data from low-tier to high-tier when frequently accessed are widely used, and
ongoing research aims to improve their efficiency [12,17].

Prior work such as Transparent Page Placement (TPP) [17] focuses on identifying hot
and cold pages at the OS level and proactively demotes cold pages from high to low tiers via
lightweight mechanisms. These approaches improve throughput and reduce overhead in
data center workloads by ensuring that high-tier memory is mainly occupied by frequently
accessed pages. However, hotness-based methods can be sensitive to rapid changes in
access patterns and may incur a high migration overhead.

More recent schemes like Colloid [22] aim to balance effective access latency across
tiers rather than solely relying on access frequency. Despite reducing some shortcomings
of hotness-based methods, they still struggle to manage pages accessed concurrently by
multiple tasks, limiting their effectiveness for shared data.

Recent work [23] shows that access frequency alone does not always indicate
performance-critical data. They introduce Amortized Offcore Latency (AOL), a metric
capturing the true impact of memory accesses by considering both latency and memory-
level parallelism. Using AOL, they propose allocation (SOAR) and migration (ALTO)
policies that significantly outperform traditional hotness-based mechanisms across
diverse workloads.

Building upon these insights, LACX explicitly targets shared data in tiered mem-
ory environments with CXL. By offloading shared pages to CXL nodes, LACX reduces
contention on DRAM and preserves DRAM capacity for latency-sensitive private data.
Unlike device-side techniques such as HeteroMem [11], which rely on hardware-managed
page promotions, LACX uses a host-side NUMA fault-based mechanism to efficiently
manage data placement with minimal overhead, enhancing memory bandwidth scalability
in multi-threaded workloads.

2.3. CXL

CXL has emerged as an effective solution for overcoming the capacity limitations
of traditional memory in server and data center environments with high memory de-
mands [9,10]. CXL provides high bandwidth by leveraging the PCIe 5.0 interface and
enables the construction of heterogeneous memory pools through the cxl.mem protocol.
From the perspective of the host CPU, CXL devices are recognized as independent
NUMA nodes, ensuring compatibility with existing NUMA-based memory manage-
ment techniques [12,13].

However, CXL exhibits inherent performance differences compared to high-tier mem-
ory (DRAM). CXL is classified as a lower-priority, low-tier memory and shows marked
differences from high-tier memory in terms of access latency and bandwidth. This per-
formance heterogeneity makes the limitations of traditional NUMA policies evident even
when CXL devices are recognized as NUMA nodes [22]. While existing NUMA policies
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determine memory placement based on a single distance metric between memory domains,
heterogeneous memory environments such as those using CXL require consideration of
multiple performance metrics, including latency, bandwidth, and capacity [21,24].

Accordingly, when conventional NUMA policies—which focus primarily on access
distance—are applied directly to CXL-based systems, they fail to adequately account for
performance heterogeneity, potentially leading to inefficient tiered memory. This can
prevent the system from achieving the expected performance improvements or even result
in performance degradation. Moreover, improper migrations may increase overhead and
reduce overall system performance.

In response, LACX incorporates CXL as a strategic target for shared data placement.
Rather than attempting to maintain DRAM locality for all pages, LACX isolates highly
contended shared data into CXL nodes. This allows DRAM to be reserved for private
pages that are latency-sensitive, while shared data benefits from increased aggregate
bandwidth via off-node access. This architectural distinction enables LACX to both respect
the constraints of performance heterogeneity in CXL and actively utilize it to mitigate
NUMA contention.

3. Design

This section details the design of LACX, focusing on its core functionalities for
identifying shared data and migrating it to CXL nodes. LACX operates at the page level,
which is the fundamental unit of memory migration in the Linux kernel. Therefore,
in the following discussion, shared data is referred to as a “shared page” from an
implementation perspective.

3.1. Approach

In environments where system memory resources are intensively utilized, data sharing
among different processes and threads becomes increasingly common. As a result, remote
memory accesses between nodes frequently occur in NUMA systems, which is a major
cause of overall system performance degradation [3,16]. The Linux kernel’s AutoNUMA
identifies and distinguishes pages that experience shared access, known as shared fault
pages. However, it employs a conservative policy that keeps these pages on the node where
they were first accessed, rather than distributing or relocating them [16]. This approach
induces repeated remote accesses to shared pages, further exacerbating bottlenecks in
NUMA systems.

In tiered memory environments, if the system has sufficient free memory, some shared
data remaining in high-tier memory does not pose a significant problem [12,17]. However,
when multiple workloads run concurrently or a single workload consumes large amounts
of memory, high-tier memory quickly becomes saturated. In such cases, if shared data
still occupies certain portions of high-tier memory, it leads to inefficient utilization and a
decline in overall memory performance [22].

To address these issues, this paper focuses on populating high-tier memory with
pages that are highly likely to be accessed locally. Instead of analyzing the locality of each
individual page access, our approach determines the sharing status of pages and leverages
this information for placement decisions [4,5]. By focusing on whether a page is shared
among multiple tasks or primarily accessed by a single local task, we ensure that high-tier
memory is predominantly occupied by pages with strong locality to the local node.

Therefore, our approach designates shared data as the primary target for migration
to CXL nodes, leveraging the advantages that CXL provides [9,10]. By migrating shared
pages, LACX maximizes the utilization of high-tier memory for local accesses, thereby
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amplifying the performance benefits and enabling more efficient maintenance of overall
system performance.

3.2. Shared Fault

AutoNUMA aims to reduce latency by migrating pages to appropriate NUMA nodes
based on memory access patterns [16]. However, incorrect migrations can introduce
overhead and degrade overall system performance. To prevent such issues, AutoNUMA
interprets hinting faults in two categories.

The first category is local fault and remote fault. These are determined by whether the
page resides on the same physical node as the CPU core where the current task is executing.
If the page is located on the current task’s node, a local fault occurs; otherwise, a remote
fault occurs [16].

The second category is private fault and shared fault. These are determined by whether
the current accessing task is the same as the previous task that accessed the page. If the
same task accesses the page, it is classified as a private fault; if a different task accesses
the page, it is classified as a shared fault [16]. When a shared fault occurs, AutoNUMA
recognizes the page as a shared page.

AutoNUMA combines these two categories to determine whether to migrate a page.
For example, if a remote fault and a private fault occur together on a page primarily used
by a specific task, it indicates that the task is accessing its main pages remotely. In this case,
AutoNUMA migrates the task to the node where the page is located [16].

However, the situation is different when a shared fault occurs. A shared fault arises
when different tasks access the same page, and in this case, migration cannot ultimately
avoid remote access [16]. Figure 1 shows how page access varies depending on the page
location when a shared fault occurs. Assuming there are three NUMA nodes, if two tasks
are located on separate nodes and the page is located on a third node, both tasks will access
the page remotely. If the page is located on one of the tasks’ nodes, the other task will
still access the page remotely. In other words, if a shared fault occurs among tasks on
different nodes, at least one task will always incur a remote access. As a result, AutoNUMA
generally avoids migrating pages on which shared faults have occurred.

Figure 1. Shared fault based on page location.
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While AutoNUMA’s conservative policy for shared data—retaining pages that incur
at least one remote access in high-tier memory—is rational given the inevitability of remote
accesses, it does not constitute an efficient use of high-tier memory resources [6,16]. By
keeping shared pages in high-tier memory, AutoNUMA allows these pages to occupy
valuable space that could otherwise be allocated to data with high local access frequency,
thereby limiting the overall efficiency of memory utilization. This can lead to performance
degradation as memory usage increases, especially in workloads where multiple threads
share memory.

In contrast, LACX adopts a proactive strategy that explicitly migrates shared data
to low-tier memory (CXL), reserving high-tier memory for data with strong local access
patterns [17,22]. This approach not only prevents the wasteful allocation of high-tier
memory to shared pages but also maximizes the benefits of tiered memory improved
locality for private data and expanded bandwidth for the system as a whole. As a result,
LACX enables more effective utilization of high-tier memory and better accommodates the
demands of memory-intensive, multi-threaded workloads.

3.3. Shared Data and Migration

The existing AutoNUMA shared fault classification mechanism is designed to mini-
mize performance loss caused by incorrect migrations [16]. To achieve this, AutoNUMA
checks for conditions that make migration unsuitable and only migrates pages that do not
meet any of these exclusion criteria. As a result, AutoNUMA marks pages shared among
different tasks as unsuitable for migration. For example, pages such as memory-mapped
(mmap) file pages and anonymous shared memory pages are excluded from migration.
However, since these pages are often accessed by tasks on multiple nodes, LACX actively
identifies and considers such shared pages as migration candidates.

LACX identifies shared pages based on information already present in existing Linux
kernel data structures. Specifically, it utilizes three types of information: (1) the tasks that
have accessed the page, (2) the NUMA nodes where the page and tasks are located, and
(3) the identifier of the most recent task to access the page. Using these, LACX determines
whether a page is shared among tasks on multiple nodes. The specific pseudo code for
shared page identification can be found in Algorithm 1.

Algorithm 1: Pseudo code for IS_SHARED_PAGE

is_shared_page page, current_task
current_cpu ← get_current_cpu();
current_node ← get_numa_node(current_cpu);
current_cpupid ← encode_cpupid(current_cpu, current_task.pid);
last_cpupid ← exchange_page_last_cpupid(page, current_cpupid);
if page is mapped by more than one task then

if current_task.pid �= last_cpupid then

return true;

return false;

Shared pages identified through Algorithm 1 are subsequently considered as migra-
tion candidates. The actual migration is performed within the do_numa_page() function,
which is responsible for making migration decisions in AutoNUMA [16]. During this func-
tion, LACX adopts the existing page migration mechanism of AutoNUMA but specifically
identifies shared pages and permits their migration, explicitly fixing the target location to
the CXL node [17]. Migration is performed only after precondition checks and resource
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verification to minimize bottlenecks. If migration fails, the page remains on its original
node instead of being moved to the CXL node. This approach precisely identifies shared
pages and promotes their migration to CXL nodes, thereby mitigating conflicts and im-
balances in high-tier memory and improving the overall memory utilization efficiency of
the system.

Figure 2 shows the process by which LACX identifies shared pages and migrates
them to CXL. Migrating shared pages to CXL nodes may result in remote accesses, raising
potential concerns about performance degradation. However, this migration increases the
available space in high-tier memory so that it can be more effectively filled with pages
exhibiting local access frequency [22]. This improves overall memory access efficiency and
ultimately contributes to enhanced system performance.

Figure 2. Identify shared data and migrate to CXL.

3.4. Avoiding Overhead

Although more effective identification of shared pages improves accuracy, determining
the sharing status of all pages can introduce significant overhead [5,21]. Most existing
tiered memory techniques employ monitoring and decision mechanisms for the precise
measurement of page access frequency (hotness), which have been noted as significant
sources of performance overhead. To address this, our approach identifies the sharing
status of pages within the existing AutoNUMA scan cycle, rather than relying on additional
sampling-based mechanisms or hardware-based performance monitoring tools [16]. This
enables the detection of shared data without introducing extra overhead. Furthermore,
to minimize the overhead associated with migrating shared pages to CXL nodes, our
implementation maximizes the use of existing kernel functions and data structures [16].
This strategy ensures that high-tier memory remains populated primarily by pages with a
high probability of local access, while avoiding additional memory consumption, thereby
maintaining memory access efficiency and overall system performance.

3.5. Avoiding Collision with AutoNUMA

When shared pages are migrated to CXL nodes, AutoNUMA may misinterpret these
pages as being placed in incorrect locations. Figure 3a shows the default behavior of
AutoNUMA [16]. By default, AutoNUMA follows a policy of preferentially placing data
in high-tier memory. In contrast, Figure 3b demonstrates how LACX identifies shared
pages and migrates them to CXL nodes. In this figure, page B is a shared page accessed
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by CPUs on both node 0 and node 1 and is identified by LACX as such and migrated
to a CXL node. Page C is also migrated to a CXL node by LACX, but AutoNUMA mis-
takenly considers it to be in an incorrect location and attempts to migrate it back to its
original node. When a shared page resides in high-tier memory, AutoNUMA generally
does not migrate it, since it is considered to belong to the high-tier regardless of its spe-
cific node. However, if a shared page is located in a lower-priority node such as CXL,
AutoNUMA regards it as being in an “abnormal location” and tries to migrate it back to a
high-tier node. To prevent such unnecessary reverse migrations, LACX marks pages that
are identified as shared and migrated to CXL nodes. This ensures that these pages are ex-
cluded from AutoNUMA’s migration priority list, effectively avoiding conflicts between the
two policies [16].

(a) Page migration in AutoNUMA (b) AutoNUMA with LACX

Figure 3. Overview of AutoNUMA and LACX.

4. Evaluation

This section assesses the performance of LACX by examining its approach of identi-
fying shared data and migrating it to CXL nodes, using experimental results from both
single-workload and multi-workload scenarios to analyze the impact of memory usage.

4.1. Environment

The experimental machine is equipped with eight sockets, a total of 192 cores
(24 cores per socket), and 512 GB of memory (64 GB per node). To simulate a CXL
environment, virtual machines were employed. Table 1 shows the system configuration.
Among the eight NUMA nodes, three were utilized for experiments. Specifically, two
NUMA nodes (each with 24 CPU cores and 18 GB DDR4-3200 memory) and one CPU-
less 18 GB DDR4-3200 memory node were configured. To emulate the memory latency
characteristics of CXL, the CPU-less memory node was assigned a higher NUMA
distance [10,12]. Throughout this paper, the experimental nodes are referred to as
follows: the two nodes with both CPU and memory (nodes 0 and 1) are designated
as high-tier nodes, and the CPU-less memory-only node (node 2) is referred to as the
CXL node.

Table 2 summarizes the per-node memory access latency according to NUMA distance.
The rows represent the requesting nodes, and the columns denote the target memory nodes.
The memory access latency for high-tier nodes (node 0 → node 0, node 1 → node 1) is
the lowest, at 151.5 ns and 152.0 ns, respectively. In contrast, remote accesses between
different high-tier nodes (node 0 → node 1, node 1 → node 0) range from 394.1 ns to
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400.4 ns, approximately 2.6 times higher. Notably, accesses from high-tier nodes to the CXL
node exhibit the highest latency, ranging from 454.8 ns to 456.6 ns, which exceeds even the
inter-node latency between high-tier nodes. These latency characteristics closely mirror
the performance differences observed in real CXL-based tiered memory environments,
where CXL access latency typically falls in the range of 400–500 ns [10,12]. In this study,
we configured the evaluation environment by assigning a high NUMA distance to a
CPU-less node to emulate the latency behavior of a CXL tier. This approach follows the
same methodology validated by previous studies [17,22] and aims not at reproducing
absolute physical performance but at analyzing the relative performance trends of data
migration between DRAM and CXL memory. Therefore, the results obtained under this
setup effectively illustrate how the proposed policy alleviates bandwidth pressure on
high-tier memory and enables balanced utilization of the entire system bandwidth, which
remains valid even in real CXL-based environments.

Table 1. System configuration.

OS Ubuntu 24.04 LTS

Kernel Linux Kernel 6.8.0

CPU Intel Xeon E7-8890 v4 @ 2.20 GHz
8 sockets, 192 cores total

V.CPU 48 cores total (24 cores per virtual node 0, 1)

Memory DDR4-3200, 512 GB

V.Memory 54 GB total (18 GB per virtual node 0, 1, 2)

Table 2. Per-node memory access latency of experimental system (unit: ns). (Requesting : node in
rows, target memory node in columns).

Requesting Node Target Memory Node

Node 0 Node 1 Node 2 (CXL)

Node 0 151.5 400.4 454.8

Node 1 394.1 152.0 456.6

Experiments were conducted by comparing the performance of the Linux kernel 6.8.0
with LACX implemented and the standard kernel of the same version. To effectively iden-
tify shared data and validate CXL migration, we used SHM-bench [25], a microbenchmark
designed for this purpose. SHM-bench accepts the shared memory size and the number of
threads as arguments, and the generated threads are distributed across all nodes to perform
sequential read and write operations on the shared memory, thereby inducing intentional
shared faults. For real-world workloads, we employed yahoo! cloud serving benchmark
(YCSB) [26], which is widely used for key-value store performance evaluation, and the
mg.D workload from NASA parallel benchmarks (NPB) [27].

The evaluation aims to answer the following key questions:

1. Can shared data be accurately identified and migrated?
This evaluation quantitatively assesses how accurately LACX can detect shared data
and how effectively it can migrate such data to the CXL node. In particular, the
precision of shared data detection and the appropriateness of migration are analyzed
in detail according to workload characteristics and access patterns.

2. How does the migration policy impact system performance?
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To evaluate the impact of shared data migration on system performance, we measured
overall performance changes under both single- and multi-workload scenarios. Specifi-
cally, we closely analyzed how migration overhead and the latency of accessing low-tier
nodes affect workload execution time and resource efficiency. This allows us to verify
whether LACX’s policy contributes to real-world performance improvements.

3. How does LACX affect memory tier utilization and bandwidth usage?
By analyzing changes in data distribution between high-tier nodes and CXL nodes
as well as bandwidth utilization patterns, we assess how LACX influences the bal-
ance and efficiency of the entire memory hierarchy. In particular, we focus on the
bandwidth usage of high-tier nodes and CXL nodes according to overall system
memory utilization.

4.2. Distinction and Migration of Shared Data

To quantitatively evaluate whether LACX can effectively identify shared data and
accurately migrate it to CXL nodes, we used SHM-bench, YCSB A, and NPB workloads.
Figure 4 compares the per-node memory usage ratios between the standard kernel and
LACX environments for each workload. The x-axis represents the NUMA node number,
and the y-axis indicates the proportion of total memory allocated to each node.

(a) SHM-bench (b) YCSB A

(c) NPB mg.D

Figure 4. Comparison of memory usage for each node in a general kernel and LACX.

Figure 4a shows the results for SHM-bench, where 32 threads operate on a 2 GB
shared memory segment. Under the standard kernel, most memory is allocated to the
high-tier nodes with CPUs, and no memory is allocated to the CXL node. This is because
the standard kernel deprioritizes allocation to the CXL node to avoid remote accesses that
could degrade performance. In contrast, LACX migrates approximately 56.64% of the
total memory used by SHM-bench to the CXL node, demonstrating its ability to effectively
identify and migrate pages shared by many threads. Figure 4b shows the results for the
YCSB A workload, where 32 threads operate on a 800 MB record. Although YCSB A is a
real-world, unstructured workload, it exhibits patterns where multiple threads reference
common data during execution. Accordingly, LACX migrates about 46.09% of the total
memory to the CXL node. Figure 4c shows the results for NPB mg.D, a numerically
intensive parallel workload in which many processes repeatedly access a global matrix
structure. As a result, LACX migrates 87% of the total memory to the CXL node, the highest
migration ratio among the three workloads.
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Figure 5 shows how the migration ratio to the CXL node varies with different workload
configurations in the LACX environment. The x-axis represents the workload settings,
combining memory usage and thread count, and the y-axis indicates the proportion of
memory migrated to the CXL node for each configuration.

(a) SHM-bench (b) YCSB A

(c) NPB

Figure 5. Migration rate from LACX to CXL node by workload.

Figure 5a shows that SHM-bench, which intentionally generates shared data, maintains
a high migration ratio across all settings. The migration ratio ranges from a minimum
of 56% (2 GB, 8 threads) to a maximum of 71.00% (8 GB, 8 threads), with larger memory
usage leading to more shared pages. Figure 5b for YCSB A shows that the migration ratio
varies from 24.00% (400 MB, 16 threads) to 74% (800 MB, 8 threads), with a sharp increase
as memory usage increases, even with fewer threads. Figure 5c for NPB shows different
results depending on the workload type, with cg.D exhibiting about a 50% migration ratio
and mg.D reaching up to 87.40%. This variation is attributed to differences in the amount
of shared data within the internal parallel processing structures of each NPB workload.

These results quantitatively demonstrate that LACX can precisely identify shared data
based on workload characteristics and access patterns and migrate it appropriately to CXL
nodes. In particular, workloads with a larger number of threads, higher memory usage,
or parallel computation structures with shared data exhibit higher migration ratios. This
clearly indicates that LACX successfully implements a sharing-aware migration policy
across diverse workload environments.

4.3. Performance Impact

Migrating shared data to CXL nodes can lead to performance degradation in single-
workload environments. This is primarily due to the overhead associated with remote
memory access and the costs incurred during data migration. However, as the number
of concurrent workloads increases and overall system memory utilization grows, actively
leveraging the CXL node can result in system-wide performance improvements.

Figure 6 presents a comparison of execution times between the standard kernel and
LACX across various memory and thread count configurations for SHM-bench, YCSB
A, and NPB workloads. In SHM-bench, when 32 threads access 2 GB of shared memory,
LACX exhibits approximately a 14% increase in execution time. For YCSB A, processing
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200 MB of records with 32 threads results in about a 12% execution time increase under
LACX. Although only YCSB A results are shown here, additional experiments with other
YCSB workloads revealed similar trends, justifying the use of YCSB A as a representative
example. Single-instance NPB workloads display comparable patterns, where execution
times increase under LACX across mg, bt, lu, and cg workloads, with cg.D showing the
highest increase of nearly 46.6%. This degradation is linked to high shared data access
intensity and computational dependencies in these workloads, where remote access latency
and migration overhead become critical bottlenecks.

Figure 6. Comparison of single-instance workload execution time differences between the general
kernel and LACX.

Workloads with greater thread-level parallelism and denser shared data tend to ex-
perience heightened impact from remote access latency and migration overhead, which
appears to be the principal cause of performance degradation in single-workload scenar-
ios. Conversely, in multi-workload or memory-constrained situations, LACX’s strategy
of migrating shared data to the CXL node reduces saturation on high-tier nodes, thereby
improving memory resource utilization and bandwidth efficiency, as supported by band-
width and memory distribution measurements. The impact of LACX varies by workload
characteristics. SHM-bench, featuring a straightforward shared memory access pattern,
benefits less from increased parallelism, while migration overhead scales with shared access
intensity. YCSB A leverages thread-level parallelism, leading to decreased execution times
with more threads; however, this improvement is partially offset by LACX’s migration of
shared data to the CXL node. For NPB workloads, the effect is strongly influenced by how
shared data is structured and accessed, resulting in varying performance outcomes.

Extending this analysis, Figure 7 illustrates execution time changes when running ten
sequential YCSB A workloads. In low memory pressure environments with a single work-
load, LACX causes up to a 14% increase in execution time; however, under multitasking
conditions with higher aggregated memory demands, LACX reduces execution time by up
to 3%. This gain is attributed to the retention of high-locality pages in high-tier nodes and
the proactive shared data distribution to the CXL node, which alleviates pressure on high-
tier resources. Consequently, memory utilization and effective bandwidth increase, leading
to shorter execution times. This behavior is closely tied to NUMA memory allocation
strategies. When multiple workloads run sequentially, early workloads primarily consume
high-tier node memory, forcing later workloads to allocate from the CXL node as high-tier
nodes saturate. LACX’s proactive migration of shared data preserves high-tier memory for
private data, maximizing local access and enhancing overall system performance.

Similar trends emerge in NPB workloads. Running five repeated executions of mg,
bt, lu, and cg (size D) with nine threads each, mg and lu demonstrate execution time
reductions of approximately 5% and 11%, respectively, evidencing LACX’s effectiveness
in highly parallel workloads with well-distributed shared data. Conversely, bt and cg
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exhibit execution time increases (about 25% and 15%), likely due to concentrated shared
access patterns or strong computational dependencies, where migration overhead
surpasses the benefits.

Figure 7. Comparison of multi-instance workload execution time between general kernel and LACX.

To investigate LACX’s impact under severe memory constraints, we evaluated the
mg.D workload with 40 threads and a memory demand of nearly 90% of the total VM
capacity. In this scenario, high-tier node memory alone cannot accommodate the workload,
necessitating data allocation to the CXL node. Figure 8 compares execution times between
the standard kernel and LACX across different memory capacity ratios of high-tier to CXL
nodes. When high-tier nodes have 2.5 times the memory of the CXL node, performance
differences are negligible. At a 1.5:1 ratio, LACX achieves a 2.1% reduction in execution
time; when the CXL node’s capacity exceeds that of high-tier nodes (1:1.5), LACX attains
a 6.2% performance improvement. These results highlight that in memory-constrained
environments, proactive shared data migration to the CXL node is especially beneficial.
Unlike the standard kernel’s arbitrary data distribution, which neglects locality, LACX selec-
tively migrates shared data to the CXL node and reserves high-tier memory predominantly
for private data. This strategy maximizes local memory access and yields increasingly
significant performance advantages as reliance on the CXL node grows.

Figure 8. Execution time of NPB mg.D under memory-constrained conditions with varying CXL usage.

4.4. Memory Usage and Bandwidth Analysis

Figure 9a and 9b show the changes in memory usage per node over time while running
five instances of the NPB mg.D workload under the general kernel and LACX environments,
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respectively. Each instance uses nine threads in a similar configuration. In both figures, the
x-axis represents the elapsed time from the start to the completion of the workloads, while
the y-axis indicates the amount of memory allocated to each node.

(a) General kernel (b) LACX

Figure 9. Memory usage over time for general and LACX under NPB mg.D workload with
5 concurrent operations.

In the general kernel environment, the memory usage of the CXL node begins to
increase only after the memory of the high-tier nodes is fully exhausted. In contrast, under
LACX, memory migration to the CXL node occurs in parallel with the usage of the high-tier
nodes, resulting in a rapid and earlier increase in CXL memory utilization. Each workload
is executed sequentially, and the total memory demand exceeds the capacity of the high-tier
nodes, necessitating the use of the CXL node. In this scenario, LACX delays the point at
which the DRAM limit is reached compared to the general kernel. By migrating shared data
between tasks to the CXL node, LACX ensures that only non-shared data with high local
access likelihood remain in the high-tier nodes, thereby improving the overall proportion
of local accesses.

Figure 10 shows the results of measuring per-node memory bandwidth usage over
time using PCM-memory during the sequential execution of five NPB mg.D workloads.
The five workloads were executed sequentially, utilizing all high-tier nodes and allocating
some memory pages to CXL nodes as well. In Figure 10a, which shows the general kernel
environment, the bandwidth usage of the high-tier nodes (red and blue) remains consis-
tently high, reaching nearly 25,000 MB/s for most of the execution period. In contrast, the
CXL node (orange) exhibits low and unstable bandwidth throughout, indicating minimal
actual utilization.

(a) General kernel (b) LACX

Figure 10. Memory bandwidth usage over time for general and LACX under NPB mg.D workload
with 5 concurrent operations.

In Figure 10b, which shows the LACX environment, the bandwidth usage of the
high-tier nodes also starts high, similar to the general kernel. However, starting around
250–300 s into execution, the bandwidth of the CXL node increases sharply and remains
mostly between 15,000 MB/s and 20,000 MB/s, occasionally surpassing 20,000 MB/s. This
demonstrates that LACX effectively redistributes memory traffic by migrating shared
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data to CXL nodes, thereby improving overall bandwidth utilization efficiency across the
memory hierarchy.

This trend is also quantitatively confirmed in Table 3, which summarizes the maximum,
minimum, and average bandwidth observed for each node in Figure 9 under both the
general kernel and LACX environments. Notably, the CXL node shows a +149.2% increase
in average bandwidth usage, representing the largest improvement. Meanwhile, the high-
tier nodes experience a slight decrease on average, but the total average bandwidth across
the system increases by approximately 6.7%, indicating improved resource utilization of
the entire memory tier.

Table 3. Bandwidth comparison between two experiments.

Node
Max Bandwidth Change
(%)

Min Bandwidth Change
(%)

Avg Bandwidth Change
(%)

0 −3.1% +15.3% −9.7%
1 +6.0% +2.8% −18.8%
2 (CXL) +0.6% +10.4% +149.2%

Total (Avg Sum) – – +6.7%

5. Discussion and Future Research

Overall, our evaluations demonstrate that LACX effectively optimizes NUMA memory
utilization in multi-workload environments with high-tier memory usage. In particular,
migrating shared data to CXL nodes alleviates memory pressure on high-tier memory and
improves overall memory bandwidth efficiency across the system.

In contrast, in environments that are not memory-intensive or are dominated by a
single workload, migration costs become relatively higher, and performance degradation
may occur in certain scenarios. This can be attributed to the increased frequency of
migrations for shared data and the resulting rise in remote accesses. While CXL offers the
advantages of expanded memory capacity and flexible tiering, its placement in low-tier
memory means that it cannot match the performance of high-tier memory. Therefore, if
there is available capacity in high-tier memory, it is preferable to use high-tier memory to
maximize the system performance.

This study focuses on scenarios where memory usage exceeds the capacity of
high-tier memory, and in such cases, CXL acts not merely as auxiliary storage but as
an essential resource. This addresses the growing demand for large memory pools
and expanded bandwidth in modern workloads that surpass the limits of DRAM. In
such environments, the shared data migration mechanism proposed by LACX has been
shown to alleviate bottlenecks in high-tier memory and improve bandwidth utilization
across all memory tiers.

Building on the current implementation of LACX, future research will focus on
dynamically adjusting the migration policy based on real-time system conditions to
further optimize performance and reduce overhead. Two key metrics will guide this
adaptation: page reference frequency and memory tier saturation. By analyzing page
reference frequency, the system can identify pages migrated to CXL memory that are
likely to be reused frequently in DRAM and promote them back to high-tier memory,
minimizing unnecessary remote accesses and maintaining data locality, especially in
workloads with low sharing or dominance by a single process. Additionally, monitor-
ing memory saturation will enable LACX to activate migration policies only when the
DRAM nodes surpass specified utilization thresholds, avoiding migration overhead
during periods of low memory pressure. Conversely, when sufficient capacity is avail-
able in high-tier memory, the migration mechanisms can be automatically disabled to
prevent performance degradation. This state-based activation and fallback framework
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aims to ensure consistent performance improvements across diverse workload profiles
and system states, making LACX adaptable to practical deployment challenges in het-
erogeneous memory environments. Through these adaptive strategies, LACX aims to
maintain consistent performance benefits and efficient bandwidth utilization across
diverse workload patterns and dynamic operating environments.

6. Conclusions

This study proposes LACX, a novel technique for efficiently identifying and managing
shared data in CXL-based resource consolidation environments. By migrating shared
data to CXL nodes, LACX alleviates bandwidth pressure on high-tier memory and effec-
tively addresses the problem of remote access to shared data in NUMA environments.
We developed and implemented this low-cost policy to optimize memory bandwidth
utilization without introducing significant overhead. Our evaluation results show that,
in multi-workload environments with high memory usage, LACX achieves up to a 14%
performance improvement over the original kernel by distributing bandwidth pressure
on high-tier memory and optimizing local data access. These results demonstrate that
LACX is particularly effective in large-scale workloads that exceed the capacity of high-tier
memory, providing meaningful bandwidth bottleneck mitigation and improving overall
system efficiency.
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