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Preface

This Reprint presents a curated collection of research articles originally published in the Special
Issue “Computational Intelligence and Machine Learning: Models and Applications”. It brings
together recent advances in computational intelligence and machine learning that address both
methodological challenges and practical applications across diverse domains.

The scope of this Reprint spans modern learning paradigms, including distributed,
semi-supervised, and weakly supervised approaches, as well as application-driven studies in areas
such as agriculture, cybersecurity, document analysis, sports analytics, and human-Al interaction.
The primary aim of this Reprint is to highlight how contemporary machine learning models
are being adapted to operate effectively under real-world constraints, such as data uncertainty,
decentralization, and the growing need for interpretability and trust.

The motivation for compiling this Reprint arises from the rapid expansion of machine learning
beyond controlled experimental settings into complex socio-technical environments. By presenting
a coherent set of contributions that combine theoretical insights with domain-specific applications,
this Reprint seeks to provide readers with a structured overview of current trends, challenges, and
opportunities in computational intelligence.

This Reprint is addressed to researchers, practitioners, and graduate students in machine
learning, data science, and artificial intelligence, as well as to professionals interested in the
deployment of intelligent systems in applied contexts. It is intended to serve both as a reference

to recent developments and as a source of inspiration for future research and innovation in the field.

Grzegorz Dudek and Arkadiusz Tomczyk
Guest Editors
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1. Introduction

Machine learning (ML) and artificial intelligence (AI) have entered a phase of acceler-
ated evolution, reshaping the computational landscape and influencing an ever-growing
spectrum of scientific and industrial activities. What once were specialized tools designed
for narrow analytical tasks have now become integral components of complex pipelines
that support decision-making, automate perception, enhance prediction, and facilitate in-
teraction between humans and digital systems. This expansion has been driven not only by
advances in algorithmic design but also by the increasing availability of heterogeneous data,
the maturation of distributed computing ecosystems, and a heightened societal expectation
for systems that are adaptive, transparent, and contextually aware.

As ML systems are deployed in environments that diverge markedly from controlled
laboratory conditions, researchers face new methodological tensions. Data encountered in
real-world settings may be incomplete, noisy, weakly labeled, fragmented across devices
or institutions, or evolving in ways that challenge static modeling assumptions. These
constraints have motivated the exploration of learning paradigms capable of functioning
under limited supervision, handling uncertainty, and respecting privacy requirements.
At the same time, domain specialists in areas such as agriculture, sports analytics, cy-
berdefense, and document intelligence are pushing for models that incorporate domain
structure rather than relying on generic architectures. Complementing these technical
imperatives is a parallel line of inquiry that addresses how people perceive, adopt, and
interact with Al-driven tools, raising questions about interpretability, trust, accountability,
and user behavior.

These developments converge around three major trajectories that increasingly define
contemporary ML research: (1) distributed and semi-supervised learning frameworks,
which aim to enable robustness and scalability when labels are scarce, data are decen-
tralized, or uncertainty is inherent to the measurement process; (2) specialized, domain-
responsive ML solutions that integrate contextual knowledge into model parameteriza-
tion and evaluation, allowing Al to operate effectively in complex applied settings; and
(3) human-centered behavioral modeling and technology acceptance studies, which investi-
gate how individuals and organizations integrate intelligent systems into their workflows,
and how model transparency, perceived utility, and personal traits influence adoption.
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The ten articles included in this Special Issue exemplify these intertwined directions.
They collectively expand the theoretical and practical boundaries of modern ML by intro-
ducing novel algorithmic strategies, validating them on demanding real-world datasets,
and examining their implications for human-technology interaction. Their contributions
resonate with several major currents in global research, including federated and distributed
learning [1], multimodal transformer architectures [2], predictive models of user acceptance
and behavior [3], and the development of trustworthy, explainable, and ethically aligned
Al systems [4].

To guide readers through this multidisciplinary landscape, the remainder of this
editorial is organized as follows. Section 2 provides a structured synthesis of the ten
contributions, grouping them into three thematic categories that reflect the aforementioned
research trajectories. Section 3 discusses conceptual themes that cut across these categories,
highlighting methodological synergies and shared challenges. Section 4 concludes with
reflections on emerging research opportunities and the broader significance of the advances
presented in this Special Issue.

2. Summary of the Contributions
2.1. Distributed, Semi-Supervised and Weakly-Supervised Learning

The first group of contributions addresses a core challenge in contemporary ML: how
to learn reliable models when data are distributed across networks, labels are incomplete
or ambiguous, and feature vectors may be both uncertain and partially missing. Rather
than assuming centralized data access and fully supervised training, these works embrace
the reality of fragmented, weakly supervised, and noisy environments. They do so by
combining ideas from distributed optimization, semi-supervised learning, partial-label
modeling, and multi-dimensional classification, thereby contributing to a growing body of
research on federated and decentralized learning under imperfect supervision [1,5-7].

The paper “Distributed Semi-Supervised Multi-Dimensional Uncertain Data Clas-
sification over Networks” by Xu and Chen focuses on multi-dimensional classification
in distributed networks where each node observes uncertain data and only a subset of
instances have reliable labels. The authors consider a setting in which local nodes construct
multi-dimensional classifiers based on their own data while exchanging limited information
with neighboring nodes in a communication graph. The proposed method explicitly models
the uncertainty of input data and couples this with a semi-supervised learning strategy that
can exploit unlabeled observations to regularize the decision boundaries. By embedding
this into a consensus-based framework over the network, the algorithm allows each node
to benefit from global structure without centralizing the raw data, which is crucial in
privacy-sensitive or bandwidth-limited scenarios [8]. Beyond incremental improvements in
accuracy, the main innovation lies in the joint treatment of uncertainty, multi-dimensional
outputs, and distributed semi-supervised optimization, providing a template for future
work on robust learning in sensor networks and edge-intelligence applications.

The second contribution in this group, authored by Lee and Han, takes the perspec-
tive of cybersecurity and mobile platforms. Here, the data distribution is not merely
decentralized but also characterized by rapidly evolving threats and limited labeled ex-
amples. SMAD (Semi-Supervised Android Malware Detection) tackles Android malware
detection by converting application packages into image-like representations and using
a segmentation-oriented backbone to extract pixel-level, multi-scale features from these
Android Package Kit (APK) images. On top of this representation, the authors introduce
a dual-branch semi-supervised objective, in which two parallel prediction branches are
encouraged to remain consistent on unlabeled samples. This consistency regularization
enables the method to leverage large volumes of unlabeled telemetry data and to remain
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effective when the distribution of malware families drifts over time. In contrast to tradi-
tional signature-based or purely supervised ML systems [9], SMAD illustrates how modern
semi-supervised techniques—rooted in consistency and perturbation-based learning—can
be transplanted into the malware domain, bringing ideas from image-based SSL and self-
training into security analytics. The fine-grained spatial modeling of APK imagery is
particularly innovative, as it allows the detector to capture subtle structural cues that are
difficult to encode with handcrafted features.

The remaining two papers in this section focus on partial labels and missing data,
further relaxing the assumption of clean supervision. In “Distributed Partial Label Learn-
ing for Missing Data Classification”, Xu and Chen study scenarios where each training
instance is associated with a set of candidate labels (only one of which is correct), and
where feature vectors are themselves incomplete. They propose a distributed partial-label
missing-data classification (dPMDC) algorithm that combines generative and discrimina-
tive ideas into a unified framework. On the generative side, they design a probabilistic,
information-theoretic imputation scheme that exploits the weak supervisory signal embed-
ded in ambiguous labels to infer the missing features. On the discriminative side, once
the features are imputed, a classifier is trained using random feature mappings of the x2
kernel, enabling nonlinear decision boundaries at modest computational cost. The entire
procedure is implemented in a distributed manner so that nodes collaboratively refine
imputations and classifiers without pooling data centrally. This work extends classical
partial-label learning [6] by coupling it explicitly with missing-feature imputation and by
pushing the computation to the network edge, where data are produced.

In “Distributed Partial Label Multi-Dimensional Classification via Label Space De-
composition”, the same authors further generalize partial-label learning to the multi-
dimensional case. Here, each instance is associated with multiple heterogeneous label
variables, and for each dimension only a subset of candidate labels is known. The pro-
posed dPL-MDC algorithm performs a one-vs.-one decomposition of the original multi-
dimensional output space, effectively transforming the problem into a collection of dis-
tributed partial multi-label learning tasks. This label-space decomposition serves two
purposes: it reduces the complexity of directly modeling interactions in a high-dimensional
label space, and it enables parallelized computation across decomposed subproblems,
which is well suited to distributed environments. The approach connects naturally with
broader research on multi-label and multi-dimensional classification [7] and complements
recent advances in partial-label learning that address issues such as out-of-distribution
candidate labels and long-tailed label distributions [10]. By extending these ideas into
a decentralized framework, dPL-MDC helps bridge the gap between sophisticated label
modeling and the constraints of networked data acquisition.

Taken together, the four articles form a coherent line of research on learning in dis-
tributed, weakly supervised, and imperfect environments. All of them leverage local
computation and limited communication instead of assuming fully centralized access,
aligning with contemporary developments in federated and edge learning [1,5]. At the
same time, they explore complementary dimensions of supervision: semi-supervised con-
sistency in SMAD for security telemetry; exploitation of unlabeled and uncertain instances
in multi-dimensional classification; and partial labels combined with missing-feature im-
putation or label-space decomposition. Their novelty is not only algorithmic but also
conceptual: they illustrate how ideas from semi-supervised learning, probabilistic mod-
eling, and structured prediction can be systematically adapted to realistic deployment
settings where uncertainty, ambiguity, and decentralization are the norm rather than the
exception. As such, this cluster of works provides a strong methodological foundation for
the subsequent, more application-oriented contributions in this Special Issue.
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2.2. Specialized Domain Applications with Machine Learning

The second thematic group highlights how ML methods can be adapted, extended, and
refined to meet the unique structural and operational challenges of real-world application
domains. These three papers illustrate the broader movement toward domain-aware Al,
in which models are not simply transferred from generic benchmarks but are redesigned
to exploit domain structure—be it multimodal agricultural data, complex performance
dynamics in sports, or geometric distortions in document images. This aligns with a
growing body of work emphasizing task-specific inductive biases and multimodal fusion
as central to achieving state-of-the-art results in applied ML [11-15].

The first contribution in this group, by Jacome Galarza et al., presents an innovative
application of transformer architectures to agricultural forecasting. While crop yield pre-
diction has traditionally relied on statistical agronomic models or convolutional networks
applied to remote sensing data, AgriTransformer integrates multiple heterogeneous data
streams—including satellite imagery and tabular data—within a unified transformer-based
framework. By leveraging attention mechanisms, the model learns dynamic interdepen-
dencies across modalities. This design reflects the broader trend toward multimodal
learning in Earth observation [16] and is particularly significant given the scarcity, noise,
and spatial variability characteristic of agricultural datasets. The authors demonstrate that
attention-driven fusion not only improves predictive accuracy but also, through the use
of explainability techniques, enables the identification of which components of different
modalities contribute most to yield estimates. In doing so, the work provides a path forward
for decision support in sustainable agriculture, food security, and climate-resilient farming.

The paper by Chandru et al. turns to the rapidly evolving domain of sports analytics,
where strategic decisions increasingly rely on quantitative assessment of player perfor-
mance. Building on the expanding literature in sports data science [17], the authors design
a ML pipeline that integrates performance metrics, game statistics, and contextual features
to estimate players’ contributions and forecast team strategy outcomes. Their approach
explores, among other techniques, ensemble learning and the optimization of model selec-
tion to improve accuracy while accommodating nonlinear interactions among variables
describing players’ statistics. What distinguishes this contribution is the explicit linkage
between predictive modeling and actionable strategy: the authors go beyond prediction to
provide tactical insights for coaches and analysts. This demonstrates a broader pattern in
domain-focused ML—shifting from merely descriptive analytics to prescriptive models that
guide decision-making. In an era where professional sports are increasingly data-driven,
the article offers a well-structured example of how ML can enhance competitive advantage
through evidence-based strategic planning.

In the paper by Cai et al., the authors address a fundamental challenge in document
intelligence: reliably detecting and geometrically correcting tables within scanned or
photographed documents. Traditional OCR systems and naive detection architectures
struggle with distortions, rotations, and variable table layouts, motivating recent research
in document Al that leverages deep learning and geometric reasoning [18,19]. LocRecNet
introduces a two-stage synergistic pipeline that first employs localization modules to detect
characteristic points and then uses rectification module to compensate for skew, perspective
distortion, and irregular cell geometry. The contribution is notable for its integration of
detection and rectification rather than treating them as isolated tasks. This design mirrors
trends in computer vision—especially in structured document understanding—where joint
optimization leads to more stable and generalizable performance. By demonstrating strong
results across diverse document types, the work presents a practical and scalable solution
for applications such as automated data extraction, digital archiving, and financial or legal
document processing.
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Viewed collectively, the three articles exemplify how ML methods can be specialized to
leverage domain structure, multimodality, and task-specific constraints. Each contribution
demonstrates a distinct innovation: attention-based multimodal fusion in agriculture,
predictive strategy analytics in sports, and synergistic geometric reasoning for document
understanding. At the same time, they share methodological themes with broader ML
research, such as the importance of representation learning, the integration of learning
with domain knowledge, and the increasing relevance of task-aware architectures. These
works underscore the maturation of applied ML: moving from generic models to tailored,
interpretable, and operationally meaningful intelligent systems.

2.3. Human Factors and Behavioral Prediction

The third group of papers underscores a central insight of contemporary Al research:
the success of intelligent systems ultimately depends not only on algorithmic performance
but also on how humans perceive, interact with, and integrate these systems into their
workflows. As Al becomes embedded in identity verification, customer service, and
managerial decision-making, understanding user behavior, trust, and acceptance becomes
essential. This evolution aligns with long-standing research in information systems and
human-computer interaction [3,20,21], as well as with the growing demand for transparent
and trustworthy Al [4,22].

The first article in this category, by Haldsz et al., tackles the crucial problem of bio-
metric authentication under open-set conditions. Unlike closed-set classification, open-set
recognition must identify whether a user is known or entirely novel, requiring models that
can generalize beyond the classes observed during training. The authors adapt an existing
open-set framework to time-series biometrics, demonstrating strong performance in iden-
tifying impostors, even when variability in user behavior is substantial. Their work ties
into broader concerns about secure and explainable biometric systems [23,24], illustrating
how open-set approaches can mitigate risks associated with spoofing and distributional
shift. Importantly, the article shows that incorporating time-series dynamics and uncer-
tainty modeling can help bridge the gap between theoretical open-set constructs and the
operational realities of biometric authentication.

In the work by Gené-Albesa and de Andrés-Sanchez, the focus shifts toward human-
Al interaction in service-oriented contexts. The authors examine how customers perceive
Al-driven chatbots in insurance policyholder support—a domain where user trust, per-
ceived usefulness, and clarity of communication directly influence adoption. By combining
explainable AI (XAI) with Importance-Performance Map Analysis (IPMA), the study iden-
tifies which features most strongly affect acceptance and offers interpretable insights for
system designers. This methodology reflects the ongoing shift toward Al systems whose
outputs and recommendations must be understandable to end-users [4,25]. The integration
of XAI with behavioral modeling is a notable innovation, illustrating how explainability
can serve not only regulatory or ethical purposes but also practical design objectives.

Finally, the paper by Cuc et al. explores how individual characteristics influence the
intention to adopt Al tools in professional decision-making. Managerial accounting, increas-
ingly shaped by automation, predictive analytics, and decision-support systems, provides
a compelling context for studying technology adoption. The authors use decision-tree
regression to uncover nonlinear relationships between Al knowledge, personality factors,
and usage intention—patterns that traditional linear acceptance models often fail to capture.
Their findings resonate with the broader literature on technology adoption, particularly the
emphasis on cognitive, affective, and contextual determinants of behavior [3]. By leverag-
ing ML not only as a subject of study but also as an analytical tool, the paper demonstrates
how predictive modeling can augment theory-building in behavioral research.
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Taken together, the three articles highlight a crucial dimension of modern Al systems:
their embedding in socio-technical ecosystems. From biometric authentication to service
chatbots to managerial decision support, human behavior emerges as both a constraint and
a driver of system effectiveness. Across these studies, themes such as trust, transparency,
and user diversity recur, aligning with ongoing global discussions about responsible Al The
emphasis on interpretability, open-set robustness, and behavior-aware modeling illustrates
an important shift in Al research—from a technology-centered paradigm to a human-
centered one — mirroring contemporary calls for systems that are trustworthy, explainable,
and psychologically attuned to their users.

3. Cross-Domain Themes and Conceptual Integration

Although the ten contributions span diverse application areas and methodological
perspectives, several overarching themes reveal a deeper conceptual alignment across the
Special Issue. A central unifying motif is the movement toward learning under real-world
constraints, where data are incomplete, weakly supervised, uncertain, or distributed across
heterogeneous computational environments. This shift reflects a growing recognition that
classical assumptions of IID data, centralized processing, and fully supervised labels rarely
hold in operational contexts. As illustrated by recent surveys on federated and distributed
learning [1,5], the increasing prominence of edge devices, privacy regulations, and de-
centralized infrastructures creates strong demand for algorithms capable of collaboration
without centralized data aggregation. The contributions in distributed semi-supervised
and partial-label learning directly speak to this global trend, offering models that balance
local autonomy with global consistency.

Another cross-domain theme is the progressive specialization of ML architectures.
Instead of relying on universal modeling paradigms, researchers increasingly adapt ar-
chitectures to the structural properties of specific domains, whether through multimodal
attention mechanisms in agriculture, geometric rectification in document analysis, or fine-
grained spatial representations in cybersecurity. This reflects the broader shift in ML toward
domain-aware inductive biases and task-specific architectures, a movement emphasized in
contemporary discussions of transformer-based models [2]. The domain studies included
in this Special Issue illustrate how such specialization enhances interpretability, robustness,
and operational significance.

A third integrative thread emerges from the human-centered dimension of ML. As
Al systems become embedded in professional workflows, consumer-facing services, and
identity verification processes, understanding user perception, behavioral variability, and
trust becomes as important as optimizing algorithmic accuracy. Research on technology
acceptance, explainability, and decision support [3,4,26] highlights that the success of Al
initiatives depends on an interplay between model capabilities, user characteristics, and
organizational practices. The studies on chatbot acceptance, biometric identification under
open-set conditions, and Al adoption in managerial accounting underscore that responsible
Al development must integrate psychological, sociotechnical, and ethical considerations
alongside computational ones.

Finally, a broader methodological synthesis can be observed across all contributions:
the convergence toward data-centric and context-sensitive ML. This orientation prioritizes
understanding the structure, quality, and limitations of data, whether through robust strate-
gies for missing labels, multimodal fusion techniques, or behavioral modeling frameworks.
Recent calls within the ML community [27] emphasize that improvements in data quality,
representation, and alignment often yield greater gains than increasing model complexity
alone. The collective work presented in this Special Issue exemplifies this philosophy
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by pairing methodological advances with a realistic appraisal of domain constraints and
user-centered requirements.

Taken together, these cross-domain themes reflect an evolving ML landscape—one in
which scalability, domain integration, and human-centered design are no longer optional
enhancements but essential elements of modern intelligent systems. The convergence of
these perspectives suggests a future in which ML research becomes increasingly interdisci-
plinary, context-aware, and attuned to both technical performance and societal impact.

4. Conclusions

The papers in this Special Issue collectively advance theoretical frameworks, method-
ological innovations, and practical applications across distributed learning, domain-specific
Al, and human-Al interaction. Together, they demonstrate the richness and interdisciplinarity
of modern machine intelligence research. We hope that the presented contributions inspire
further exploration in distributed weakly supervised learning, transformer-driven multimodal
modeling, human-centered predictive analytics, and trustworthy AI deployment.

Funding: This research received no external funding.
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Abstract: Distributed multi-dimensional classification, where multiple nodes over a
network induce a multi-dimensional classifier based on their own local data and a little in-
formation exchanged from neighbors, has received extensive attention in the academic com-
munity recently. Nevertheless, we observe that the classical distributed multi-dimensional
classification formulation requires all training data to have definite feature attributes
and complete labels. However, in real-world scenarios, due to measurement errors in
distributed networks, the collected data samples consist of attributes with uncertainty.
Additionally, a substantial proportion of multi-dimensional data faces challenges in label
acquisition. Therefore, the key to achieving satisfactory performance in such a case is
designing an effective method to model the input uncertainty and exploit weakly super-
vised information from the training data. Considering this, in this paper, we design a
novel misclassification loss function that extracts effective information from uncertain data
by treating it as the integral of misclassification loss over the potential data distribution.
Additionally, we propose a new explicit feature mapping for constructing a nonlinear dis-
criminant function. Based on this, we further put forward a novel manifold regularization
term to recover multi-dimensional labels and simplify the original objective function to
enable it to be optimized. By leveraging the gradient descent method, we optimize the
simplified decentralized cost function and obtain the global optimal solution. We evaluate
the performance of the proposed distributed semi-supervised multi-dimensional uncertain
data classification algorithm, namely the dSSMUDC algorithm, on several real datasets. The
results of our experiments indicate that, in terms of all metrics, our proposed algorithm
outperforms existing approaches to a significant extent.

Keywords: semi-supervised learning; multi-dimensional classification; uncertain data
classification; explicit feature map

1. Introduction

Currently, distributed learning (DL) stands as a widely used learning framework. In
this framework, a specific global task can be executed across a group of individual nodes,
with only a small amount of key information shared among neighbors [1-9]. Owing to its
outstanding learning performance and the robustness of distributed networks to node/link
failures, numerous DL approaches have been devised and widely applied across diverse
fields in recent years. These applications span critical domains like intelligent compu-
tation [3,6], the Internet of Things (IoT) [7,8], and 6G-enabled intelligent transportation
systems [5,9]. Recent studies have explored the performance enhancement of distributed
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computing in real-world scenarios. For instance, in [6], parallel computing is leveraged to
improve the computational efficiency of convolutional neural networks. In [5], device-side
data processing and resource allocation are optimized via DL frameworks to boost IoT
system performance. Additional research has focused on DL frameworks tailored for 6G in-
telligent transportation systems [9], as well as the validation of real-world implementations
in 6G IoT scenarios [7]. Collectively, these works lay a solid foundation for the practical
deployment of DL across diverse critical domains.

Nevertheless, conventional DL algorithms typically target binary or multi-class clas-
sification tasks and make the assumption that data labels are of a single dimension [1,5].
In practical application scenarios, however, a substantial volume of training data can
often be categorized across multiple dimensions [10-15]. An illustrative example is the
census, where survey agencies may classify individuals according to multiple dimensions,
including gender, age, occupation, education level, etc.

To address such kinds of data, a series of multi-dimensional classification methods
have been proposed [10-17]. Generally speaking, the majority of existing algorithms
focus on exploiting the correlations among multi-dimensional labels in an explicit man-
ner [10-17]. Currently, typical methods for modeling label correlations include merging
multi-dimensional labels into new labels [10], exploiting explicit label chain order to ex-
plore heterogeneous class spaces [13], and learning label-pair dependencies in decomposed
multi-dimensional spaces [14]. Recently, a few distributed multi-dimensional classifica-
tion (MDC) algorithms have been successively proposed [16,17]. For instance, in [16], the
authors proposed to decompose multi-dimensional heterogeneous spaces into multiple
homogeneous class spaces via one-vs.-one decomposition and employ various techniques
to learn the high-order label correlations among decomposed labels. In [17], a distributed
MDC is proposed to map the multi-dimensional label space into several low-dimensional
homogeneous subspaces based on subspace learning and learn the second-order correla-
tions among embedded labels. Existing centralized /distributed MDC methods have made
considerable progress, but they still face certain potential limitations.

First, as multi-dimensional data, training data is characterized by labels across multiple
distinct dimensions. However, in many practical applications, due to the difficulty and
high cost of label acquisition, a large volume of unlabeled data is easily accessible, while
accurately annotating such data remains challenging. In most cases, we can only obtain
a small amount of labeled data alongside a large amount of unlabeled data. In such
scenarios, most existing algorithms belong to supervised learning algorithms [10-15],
making it difficult for them to achieve satisfactory performance. Semi-supervised learning
algorithms, which are capable of handling both labeled and unlabeled data simultaneously,
may be a more suitable choice.

Second, these conventional distributed MDC algorithms, along with the majority
of distributed classification methods, often necessitate that the attribute values of each
training data instance be definitive. However, in a wide range of real application scenarios,
due to the measurement errors of the equipment, the attributes of the collected data
exhibit a certain level of uncertainty [18-21]. Traditional MDC /DL approaches overlook
the uncertainty information present in training data, potentially resulting in inadequate
classification results.

In the past two decades, some studies have considered the problem of data uncertainty
caused by observation inaccuracies [22-26], which usually intend to adjusting the weights
of data samples with high uncertainty so as to make the induced model more effective. In
recent years, a small number of studies have also modeled uncertain data by characterizing
data distributions. Nevertheless, these methods are constrained by the requirement for data
with specific attributes, preventing them from achieving their intended effectiveness. For
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example, the method proposed in [27] requires to employ a tuple-level model to characterize
the data distribution, which is unavailable in many real-world scenarios. Besides, in the
literature [28], the authors proposed to utilize a multi-dimensional Gaussian distribution to
model the data uncertainty. However, this method can only be used for linearly separable
binary classification problems, which limits its scope of applications.

Therefore, semi-supervised classification of multi-dimensional uncertain data con-
stitutes a significant research challenge that needs investigation. This study presents a
distributed semi-supervised classification algorithm for multi-dimensional uncertain data
(dSMUDC) to address the challenges posed by absent labels and data uncertainty. The
main contributions of this work are listed as follows:

1. To fully utilize the uncertainty information of uncertain data, we characterize
uncertain data instances using a multi-dimensional Gaussian distribution. We then design
the loss function for training data instances as the integral of misclassification losses over
the Gaussian distribution.

2. To achieve nonlinear classification while simplifying integral computation, we
reconstruct the probability density function of uncertain data using a new explicit fea-
ture mapping.

3. A one-vs.-one decomposition strategy is employed to transform the multi-
dimensional heterogeneous class space into multiple homogeneous multi-label class spaces.
Subsequently, the class labels of individual training data points are recovered by leveraging
the manifold regularization term. Finally, the classifier is trained using the recovered
class labels.

4. The theoretical analysis of the proposed algorithm is conducted.

The remainder of this work is organized as below. In Section 2, some preliminaries are
briefly reviewed. In Section 3, a dSMUDC algorithm is developed, and its performance is
analyzed. In Section 4, we show some numerical simulations on a series of datasets, and in
Section 5, we draw some conclusions based on those simulation results.

2. Preliminaries

To ensure this paper is self-contained, some fundamental preliminaries should be
briefly introduced.

2.1. Distributed Vector Quantization

Vector quantization (VQ) is a method to achieve data compression while retaining
as much relevant information as possible [29,30]. Its main idea is to partition the input
data and generate a collection of reproduction vectors to represent the original data in each
partition. VQ has several advantages, including a high compression rate, simple decoding,
and good detail preservation, which makes it suitable for various applications.

The technological details of the distributed VQ (dVQ) method are presented as fol-
lows [29,30]: Given the training data set {x;, } at each node j, we define the reproduction
vector and the associated set by {v;;}); and {M;,}" |, where V represents the number
of reproduction vectors.

Initialization: We set a small loop indexed by 7, and initialize the values of V
reproduction vectors {z;]',l,o};/:1 with random values when 7 = 0.

Data Partition: At the following iterations T > 0, we can calculate the Euclidean
distance between the reproduction vectors {Uj,l,r}zvz1 and the dispersedly stored training
data x as dist;,,; = [|xj; — vj;,||2. According to the calculation results, we can classify the
training data into the nearest partition M;; ., i.e., x;, € M;, 1, if dist;,; < dist;,, ,, V7.
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Local Update of Reproduction Vector: We update the reproduction vectors based on

the locally partitioned results
/ ZHGM]'J,T xjr”
il 2 i

Vil =

’ )

jlT

where the count of partition M; ; is denoted by N]/',l,r'

Information Fusion of Local Estimation: We can obtain the global-like estimation
of the reproduction vector by exchanging and fusing the immediate estimates among
neighboring nodes, which is given by

/ / / /
. vj,l,TNj,l,T +exp(—1/]) ZiGB]’ vi,l,TNi,l,T

Vi1t = d !
j N;, - +exp(=7/]) Lien; N -

, @)

where exp(—1/]) represents a coefficient that varies with time. This parameter can pro-
gressively reduce the impact of estimates from one-hop neighbors as the partitioned results
are regularly updated until convergence.

Loop Termination Criterion: As long as the difference between the updated repro-
duction vectors at two successive iterations is smaller than the threshold ¢, the small loop
indexed by T terminates. Otherwise, the small loop continues, i.e., T = T+ 1.

2.2. Explicit Feature Map

To achieve non-linear classification, a non-linear discriminant function should be
employed for classifier induction.

As we all know, the learning performance of kernel-based classifiers is largely de-
pendent on the settings of the kernel function. However, in many real-world situations,
it is difficult to select optimal parameters due to a lack of prior knowledge. In some
circumstances with complicated data distributions, the densities of distinct areas might
differ greatly, making it impossible for a discriminant function that employs a single global
kernel to develop an efficient decision boundary across all regions. To solve these problems,
referring to [29], an explicit feature mapping method has been proposed based on VQ
to replace the original kernel map. By using this explicit mapping method, the complex
kernel parameter selection can be avoided, and the ability to characterize the boundary of
complex data distribution can be improved.

The process of constructing an explicit feature mapping function based on VQ can be
summarized as follows:

Data partition: Given the training data set at each node j, we employ the dVQ
algorithm to obtain the global consensus reproduction vectors {v;, }Yzl and the partitions
M, }Yzl, where the reproduction vector v;; represents the mean vector of data instances
in the partition M; ;, which is located at the center of the partition.

Data Distribution Characterization: We characterize the data distribution in a small
region using the Gaussian distribution. Supposing that the training data is regularly
distributed in a limited region, the probability density function (pdf) of the data distribution
can be articulated as

, ®)

exp(—2(x —vj) T H(x — ;)
plaloys 1) = — i( LT

271) 2 (det(I1;)) 2
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where the covariance matrix I1;; € RP*D represents the degree of data dispersion in the
partition M, which can be calculated by

_— Cnemy, (% — 0j,) (x50 — 07,)

1
] Nj,l

(4)

Explicit Feature Map using Gaussian pdf: Ultilizing the Gaussian pdfs, we may
obtain the explicit feature map by consolidating the pdfs of all regions into a vector,
represented as

Yi(x) = (p(xlvj1, I;4), ..., p(x[ojv, TT;y))" 5)

We use the modified mapping function with a multi-scale variant to boost its ability to
cover data regions, making it applicable for regions with sparse training data instances, as
referenced in [29]. To be specific, some positive coefficients scale the covariance matrix of
the Gaussian model, so that the explicit feature map can be reformulated as

¥i(x) = (xj(xlvj1, T50), . xj(x|oj v, TTj0)) T (6)

where x(x|v;;,T1;;) denotes the Gaussian pdfs with the same mean vector and different
covariance matrices

X (%[0, T1;1) = (p(x[vj, 51115, ..., p(x[j;,541T;,)) T 7)
with sy, ..., s; being the scaling coefficients.

3. dSMUDC Algorithm

To achieve dSMUDC, we first formulate the issue of distributed semi-supervised
classification of multi-dimensional uncertain data in Section 3.1. Then, we present the
procedure of one-vs.-one decomposition encoding in Section 3.2 and design the global
objective function in Section 3.3. Subsequently, it is followed by decentralized implemen-
tation in Section 3.4 and optimization in Section 3.5. Section 3.6 outlines the main steps
of the decomposition decoding process. Ultimately, in Section 3.7, the performance of the
proposed dSMUDC algorithm is analyzed.

3.1. Problem Formulation

In this work, a distributed network consisting of | nodes is considered. A total of

L + U data are distributed across these | nodes. At each node j, there are L; labeled

; L . Li+U;

uncertain data {x;,, ©;,, Y },-; and U; unlabeled uncertain data {x;,, ©;., Y}, L s

. . M

where {x;,,,®;,} denotes the input features of uncertain data, and y; , € {+1,0}Xm=-1Knx1
denotes the corresponding labels.

The input features are represented as a multivariate Gaussian distribution with a mean

vector xj, € RP*! and a covariance matrix ©;, € RP*P, as shown in Figure 1. More

specifically, the Gaussian uncertainty pdf of the n-th data sample may be defined as [28]

@)= exp(—%(x—x]‘,n)T(@]-,n)’l(x—len))‘
(27)7 102

®)

Besides, the available class label vector of labeled data is composed of a total of M
heterogeneous class spaces Y = YV x --- x Yy, ie, Yjin = [y]-,n,l,. . .,yj,n,M]T. In each
m-th dimensional class space, the corresponding label vector y;,, » € {+1, 0}Km>1 g a
K;;-dimensional binary vector, where the k-th element Yinmk =1 if the k-th label is valid,

and y; , mx = 0 otherwise.
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In order to execute distributed information fusion, each node j aims to identify the
global optimal classifier utilizing its local data and the information shared with its neigh-
boring nodes B;, which includes all one-hop neighbors of node j as well as node j itself.

°
o ..0 ° o.o ‘.v’»‘. e o
i B e o zv:‘..o °
— .o... ; .o.o..;..o °
o.o..o. .:.. .o..:,‘.. .0 .: e 2 Y
. ‘XX o ....
e o

Figure 1. This diagram illustrates the uncertain data. Here, each data sample follows a Gaussian
distribution. The dot represents the mean of the Gaussian distribution, while the translucent area
surrounding the dot denotes the main data region covered by this Gaussian distribution.

3.2. One-vs.-One Decomposition Encoding

The heterogeneity of multidimensional spaces is a substantial barrier in multidimen-
sional classification challenges, as the output values of various spaces are incomparable. To
address this issue, we use a one-vs.-one decomposition strategy to divide the heterogeneous
multidimensional space into numerous homogeneous class spaces [16].

To be specific, taking the m-th dimensional class vector as an example, if the n-th
training data sample is labeled, we utilize a one-vs.-one decomposition strategy to translate

the K;,-dimensional vectors y; ,, ., in the original class space into K, = 2'" -dimensional

ternary label vectors y;,n’m €{-1,0,+1 }Kz/n 1

Likewise, if the n-th training data sample is unlabeled, we can obtain a K;n—dimensional
transformed label vector with all elements being zero.

To explain the process of one-vs.-one decomposition, we present the corresponding
transformation formula.

For the m-dimensional class space of the original label vector y; ,, if the element in the
r-th dimension denotes the actual label, then the value of the [-th dimension in the newly
converted vector y},n is [16]

+1, if Z€Q]'/n,m,
Yoy =3 —L i 1€ R, )

0. otherwise.

Here, when y; , ,x = 1and 1 < k < Ky, the set Q;, = {[(k — 1)Ky — Y-
1)+ 1], [(k— 1)Ky — X5 (i —1) +2] ..., [kKy — Y5_; i]} denotes the collection of values of
sequence index [ for all elements where the transformed y},n,m’l = 1. Correspondingly, the
set Rjum = {k—1, [k =1+ L1 o(Km —2 )], [k+ 2o (Km — 2= )], [k + 253 (K —
2 —i)]} denotes the collection of values of sequence index [ for all elements where the
transformed y;‘,n,m,l =-1

For the sake of clarity, the process of label encoding is illustrated in Figure 2.
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original label space

Lol o] 5] o]

transformed label space

one-vs.-one
o 1 1 1 2 2 3 +1
decomposition

2 3 4 3 4 4 -1

original label space

w=toio0 [ ||
one-vs.-one transformed label space
decomposition | | | | | | |
yn =1[-100,+1,+1,0] Q, T

Figure 2. Schematic diagram of label encoding.

Example 1. Given four data points, with their original labels in the m-th dimension being y , =
[1,0,0,0]T, y2,,, = [0,1,0,0]7, y3,, = [0,0,1,0]7, ys,, = [0,0,0,1)7, the transformed labels and
the corresponding positive/negative index sets are in sequence via (9)

=[+1,+1,4+1,0,0,0]", Q1 =1{1,23}, Rin=0,
=[-1,0,0,+1,+L0]", Qo ={45}, Rom={1},
=1[0,-1,0,-1,0,41]", Q3 ={6}, Ram={24}
=10,0 ~1,-1)7, Qun=0, Rynm=1{356}

Based on the decomposition results above, given that the discriminant function is
non-linear, the output of the discriminant function u; ,, , x corresponding to the k-th recon-
structed class of the m-th class space can be expressed as

Wik = Wl (i) +bimp k=1, K, (10)

where w; ;, x and b; ;, x denote the weight variable and bias variable, respectively. Besides,
¥ (x;,,) denotes the non-linear map.

3.3. Design of Global Objective Function

This paper focuses on Gaussian uncertain data classification. For such data samples,
not only their mean but also their Gaussian distribution area should be considered valid
information. Therefore, this information should be taken into account for model induction.

To make full use of the abundant information offered by these Gaussian pdfs, we
propose to formulate the loss function of the n-th uncertain data sample as the expected
value of the misclassification loss over the Gaussian pdfs fx; , (x) [28]. Guided by this idea,
we develop the global objective function as follows:

M K, AL , Ap LU L+U 2
Fx= Z oL Z (yn,m,k - Zj,n,m,k) + 72( L+ U Z Znmk — Z Wy 121,m,k
m=1k=1 n=1 n=1 1=1
(11)
A L+U AD /\E
+ L _|_Cu n;l /R h<zn,m,k - un,m,k)fxn( )dx + — ||wm k| |2 + b

The objective function comprises five separate terms.
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The first term serves to obtain valid supervisory information from labeled data with
parameter A 4, providing support for the estimation of label confidence.

The second term captures the estimated error in labeling confidence over the complete
training dataset, controlled by the parameter Ap. Because the correct label contains no noise,
it is natural to deduce that samples that are close in the feature space have comparable
labels. By employing this concept, we may assess the labeling confidence of the candidate
label by the minimization of the estimated error. The similarity measure between the n-th
and [-th data samples is given by w,, ;, and its value satisfies } ; w, ; = 1.

The third term is the loss function for the n-th uncertain data sample, associated with
a weight parameter indicated as A¢. In this paper, we implement an exponential hinge loss
function h(-) to expedite convergence, which quantifies the misclassification loss of the
sample, represented as

h(zn,m,k - un,m,k) = eXp(ﬁmaX«)r Znmk — un,m,k))/ (12)

where  denotes a positive coefficient.

The last two terms function as regularization components concerning the model
parameters w,, x and b,, ;, are employed to control the model’s complexity. Here, Ap and
Ag represent the respective weight parameters.

3.4. Reformulation and Decentralization of Global Objective Function

In contrast to the conventional classification framework, the objective function outlined
above incorporates all uncertainty distributions through integration calculations, which can
help guide the classification model. Despite the simplicity of the global objective function’s
expression, there are also two challenges during the decentralized optimization process.
First, conventional classification approaches implicitly realize nonlinear mapping through
kernel methods. Since the explicit form of the nonlinear feature mapping ¢(-) is unknown,
deriving a closed-form solution for the integral calculation becomes quite challenging.
Second, an observation of the global objective function reveals that maximizing the first
term requires the aggregation of all training data samples at a single fusion center, which is
impractical in a distributed network.

Addressing these two challenges involves three steps: developing an explicit feature
map, simplifying the integral computation, and redefining the estimated error function for
label confidence.

3.4.1. Construction of Explicit Feature Map

To tackle the first problem, this study designs an explicit mapping function grounded
in dVQ. Through the use of this explicit mapping function to introduce reasonable ap-
proximations to the objective function, we are able to derive a closed-form solution for the
integral calculation.

With reference to [29,30], we intend to use the dVQ method to obtain a series of
reproduction vectors that characterize the global data distribution and employ the explicit
mapping function to construct the discriminant function. To be specific, under the initial
setting where each node j has gathered L; + Uj local training data samples {x;,, ©; , }i’:luj
in total, we initially implement the dVQ method to derive V quantization partitions
M, }._,, where M il =% Ojn }nN]:] 1 It should be noted that the uncertainty of training
data must be included in the development of the explicit mapping function. The mean
vectors and covariance matrices inside M, ; may be calculated as follows:

- EYIEM]',I xj,”

v-,l = ,
] Nj,l

(13)
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I, = Nil Y (@it (xj—0j) (%0 — 7j0) ") (14)
I neM;,

The newly formulated covariance matrix 1:[]-,, effectively captures the degree of disper-
sion of training data within partitions M; , thereby facilitating a more accurate decision
boundary, particularly in scenarios where data distributions differ across various network
regions. Referring to the method in Section 2.2, we derive the new explicit feature map as
follows [29]:

(xjn) = [P(xj0]85,1,51001), p(x 0181, 5200 1), - -, p(% 0] D11, 5411 1),
P (%0l 0i2,510012), p(x 0| 0j 2, 520L2), .., p(% ] Tj 2, 5411, 2),

(15)
p(xj v, 5100 v), p (%)l v, 52005 v), . p (%] B v, 5910 v ), ]
where the expression of pdf p(x;,|%;,,s111;;)
1 ~ \T ~ -1 ~
.o exp(—5 (%jn — 0j,)" (5L 1) ™ (%0 — 9j1))
p(%in|0)1, 501;1) = e T (16)

D ~ 1
(27) 7 |s¢ 0|2

Note that for the sake of convenience, we use the notation ¢; , to represent ¢ (x; ;).
Algorithm 1 delineates the essential steps involved in the construction of an explicit
non-linear feature map for clarity.

Algorithm 1 Explicit Non-linear Feature Map Construction

. Li+U; e
Require: Input vector {x;,,©;,},_; ', and set initial values of cluster centers {v]',l,O}lV:1'
1. while ([|vj; — v} 1|2 > eforl=1,...,V)
2. forje J do

3: Group the training data into the closest partition.
4 Calculate partition centers v]/.,l,T and the corresponding counts N},l,r via (1).
5: Exchange {v;’l/T, N]{,Z/T}Yzl with its neighboring nodes.
6: end for
7. forjec J do
8 Update the reproduction vectors {v;,l,T}yzl via (2).
9: end for
10: T=71+1

11: Calculate the mean @, and covariance matrix ﬁj,l via (13) and (14).
12: Construct the non-linear explicit feature map via (15).

3.4.2. Simplification of Integration Calculation

While a finite-dimensional explicit feature map can be obtained, if a closed-form
solution for the integral cannot be derived directly, classical optimization methods cannot
be applied to minimize the objective function. Considering this, we propose to simplify the
integral computation by converting the integral problem over the Gaussian uncertainty
distribution of x; , to an integral problem with respect to the distribution of ¢, ,,.

M K, Ag Lo ) Ap LU L+U 2
‘7:4’ = Z Z a7 2 (yn,m,k - Zn,m,k) + Z Zn,mk — Z Wy 121,m,k
m=1k=1 2L n=1 Z(L + U) =1
T B - (17)

n=1

Ae 'E AD 2, AEp2
FEET L Mt = i) (900 P ol S,
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However, the nonlinear relationship between 9; , and x;,, makes directly transform-
ing the integral problem challenging. To overcome the issue, we suggest to use simple
distributions to approximate the Gaussian uncertainty distribution of the explicit feature

map fy;,, ().
Specifically, we first determine the entries of the first-order moment of fy, , () using

the formula provided below, which acts as a mean vector,

Oimlr = /R p(x[1, 5,00 1) fr, , (x)dx
1 _ _
= exp[—E(ZD log2m —log |21| — log |Z;| + qlTEl 11]1 + 175.:.2 1112) (18)
1 _
— 5(Dlog 27 —log [&1 + Ea| + (11 +112) (81 + 82) M (m +m2))].

Additionally, we use the formula provided below to calculate the diagonal entries
of the second-order moment of fil’j,n(‘l’)' and this matrix can act as an approximated
covariance matrix

Njnjr =/ (p(x1Bj1,5:0;1) = 6 .1r)* fr,, () dx
= exp[ff(BDlogZH 2log |E1] — log|Za| + 2111T:‘.1 b+ 112 25 Y2) (19)
1 _
— 5(Dlog 27 —log|28; + Eo| + (211 + 12)T (281 + E2) M (21 +12))] — (Sjmpa)%

where the variables

[

1= ()7 E2=0,, m=(sT) 70 12 =0),x

Using the approximated mean vector and covariance matrix, we can employ the
following Gaussian probability density function to approximate the uncertainty distribution
of data samples in the feature space

i exp(—3 (¢ — 8j,) A (9 — 6jn))
Foa () = — I (20)
(27) 2 [Aj 2

where the mean vector J;,, = [(5]',,1111, Oina2s -+ Ojmkls-- - (5j,n,qv] and the covariance matrix
Ajn = diag([Ajn11, A1z Njugir- - Djngv])-

Since there exists the linear correlation between x and ¢ in a localized region, this
novel Gaussian pdf is unlikely to result in significant information loss. Utilizing (20), we
reformulate the integral problem with respect to the Gaussian uncertainty distribution of
x as

) M Ky Aq L , Ap LU L+U 2
Y = 2 Z Z ynmk Zﬂ,m,k) Z Zn,mk — Wi 121,m,k

y == 2L+ U) & 1271

o a - - (21)

A L+U
L—I—u ank unmk)fllﬂn( )dlp+ | bmk ’

3.4.3. Reconstruction of Estimated Error Function on Labeling Confidence

To develop a decentralized objective function without aggregating all training data
into a fusion center, we employ reproduction vectors to represent the complete dataset
and reconstruct labeling confidence. This is justified as follows: Because the reproduction
vectors are created using dVQ, their distribution is similar to the global data distribution.
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Thus, it can be concluded that the labeling confidence generated from these vectors is close
to that acquired from the total dataset. Based on this, we redesign the objective function as

2 MK, Ay & 5 Ap  Leu v 2

P = Z_: 2 oL Z(]/n mk = Znmk) +72(L+u) Z Znmk — ZwZ,IZZm,k
m=1k=1 n=1 n=1 =1 (22)
A L+U

ST L Mk ) o (4 g + 2|

bmk 4

where w? n,) Measures the degree of the similarity between x,, and ¢;, which is calculated by
p(x|9;, Hl) Furthermore, z, stands for the confidence of the m-th label class for the I-th
reproduction data.

3.4.4. Decentralization Implementation

Based on (22), we can achieve decentralization of global objective function by
substituting global variables with local ones and enforcing consensus equality con-
straints [17], namely,

= ] % K:n )\A Lj , 2 i i 2
P = rsa (]/ inmk Zj,n,m,k) Zj,n,m,k - wv,lzz k
j=1m=1k=1 - n=1 Jm L + u n=1 I=1 " "
/\C L]'+u] ~ E 5
FET L o MG = i) F ()9 + 22 il B ZE

st Wik = Wik bj,m,k =biur j€J, i€ B]

3.5. Optimization

In this subsection, we would like to use an alternating minimization strategy to
simultaneously optimize the variables {wj; ,,x, bjux} and {z; mx, Z;';,l,m,k}‘ To obtain the
update equations, referring to Lemma 1 [28], we simplify the decentralized objective
function into

. LMK L, , Ap LY vooN
Fyp = Z Z 5L (yj,n,m,k = Zjnmp)” + 2L+ U) Z Zjnmk — ZZ Wi 121m k
£ =1

j=1m=1k=1 n=1 n=1
L.+U 2d2
AC ! ! 'B A]’nmk d‘s'nmk ﬁdA'nmk
+ exp(—" + Bds. 1+ erf(—22" 4 — 2%
Z(L + u) n;l p( 4 IB 5],n/m,k)( ( Aj,n’m'k 2 ))
AE, )
||w]m,kH2+2] jmk

St Wik = Wimk bj,m,k = bi,m,k/ jed, iec B]

where the variables d‘g]./n/m,k = Zjnmk — w]ka “Ojn — Uiy, d A = \/ zw]‘T,m,kAj,nw',m,kf
. _ 2 qx 2
and the error function erf(x) = N Jo exp(—t*)dt
The detailed derivation process is discussed in Lemma 1.

20
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Lemma 1. Assume that ¢ € R is a random variable with a multivariate Gaussian distribution
N(J,A), that is,

(25)

Given a hyperplane z — w’ - ¢ — b = 0, the expectation of the exponential hinge loss
h(z — wT - ¢ — b) with respect to ¢ can be calculated as follows:

Ey(y)(w,b) = /R exp ﬁmaX(O,z —w! - b)} p(yp)dy

272
— EeXp(‘BjA +5dd)(1+erf(ﬁ ,BI;A)),

where the variables ds = z — w! - § —band dy = V2wT Aw.

Proof. Referring to [28], we firstly perform eigenvalue decomposition on the matrix A and
obtain A = UTDU. Then, we define the new integral variable as Y = D2 U(yp —J). By
letting w = D3 Uw, we have

1 T
_ T nr,\19P(—2(¥) )
Ep(lp)(w,b)—/Rexp{ﬁmax(o,z—w d—b—(w) IIJ)} on)? dy
(37 7
T INT .,/ eXp ) ’
= ex z—w 6 —b— (w dy,
[, e[ (w)7y')] ot Y
where R; = {¢p € R:z—w'é —b— (w)Ty' >0}
Then, we introduce a unit orthogonal matrix B, which satisfies Bw' = ||w'||,e;. Here,

the k-th element of ey is 1, and the rest are 0. We define another new integral variable
1[)" = Blp,, and then obtain

1 NT .,
2(1112) 4 )d¢", 28)

Ep(e0) = [, Bz~ b ey P2

where R = {¢p" e R:z—wTd—b—||w| |2€{l[1” > 0}. In Ry, only the integral domain
of the k-th element of 4" is restricted.
Therefore, defining the k-th element of ¢ as r, we can obtain

z—wlo-b

1 2
Ept (w0:0) = /—o!w kexp|p(z— w0~ b~ [[w]|ary) | Wdrk
~ exp(—L(
xl‘[/+ LGdr] o

j#k 2
. —w’ l3|\w||2
“ef( f||w||z V2 )]

Bllw' |3 T _
=5e pl > +ﬁ( —w' 6 b)
For simplicity, we letds 2 z — wT8 —band dp 2 vV2wT Aw. Since ||w'||, = VwT Aw,

we can obtain

1 2d3\ ds  Bda
Eyp)(w,b) = 3 exp( 1 + Bds)(1+ erf(a + T))' (30)

Lemma 1 is proven. [
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3.5.1. Update of Labeling Confidence of Reproduction Data

Before the large loop indexed by ¢, we set another loop indexed by € for the update
of the labeling confidence of reproduction data. At the initial step € = 0, we initialize the
labeling confidence Z;'],l i at eachnode j

1 /
Zi1mi(0) = 1 Y Yinmk (31)
il HEMU

At iteration € > 0, we can update the labeling confidence of the reproduction vector
by fusing the intermediate estimates among one-hop neighbors, i.e.,

Z;'},l,m,k(e + 1) = Z C]‘izgl,m,k(e)/ (32)
IEB]

where ¢;; denotes the cooperative coefficient, which satisfies the Metropolis rule [17].
After a total of T iterations, the global consensus estimation can be obtained, that is,

Z;},m,k = Z?,l,m,k(T) =...= Z?,l,m,k(T)'

3.5.2. Update of Labeling Confidence of Training Data Samples

Since the above equation seems to be complicated, we intend to employ the gradient
descent method to optimize the objective function.
Using the gradient descent method, we have

Zj,n,m,k(t + 1) = Zj,n,m,k(t) - gl (t + 1)vzj,n/m,k‘/_:.¢ |Z]',n,m,k’ (33)

F nE denotes the

jn,mk

where {7(t + 1) denotes a time-varying step size. Besides, V.

jn,mk

partial derivation of ]34, with respect to z; i k-

3.5.3. Update of Model Parameter

Similarly, we can utilize the gradient descent method and diffusion cooperative strat-
egy [2] to seek the global optimal solution of objective function.

We can obtain the optimal values of w; , x and b; ;, x by executing the following update
equations until convergence:

71’]’,111,k(i'L + 1) = wj,m,k(t) - 52(t + 1)ij,m,kf¢|w/,m,k’ (34)
Wi (t4+1) = Y it it +1), (35)
iGB]'
and )
bimp(t+1) = bjmp(t) =20t + 1)V, Fyly,,, . (36)
bj,m,k(t + 1) = 2 CjiEi,m,k(t + 1)/ (37)
ZEB]

where (5(t + 1) denotes the time-varying step size. Additionally, ij,m,k‘fll’|wj,m,k and

p ]?"1,, lb; . denote the corresponding gradients.

jmk
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3.6. One-vs.-One Decomposition Decoding

Utilizing the induced MDC classifier, for an unseen data point x*, we can derive the
predicted labels of x* in the transformed class space y* € {+1, —1}2%:1 Ko, Subsequently,
we employ a one-vs.-one decoding technique to derive the labels in the original class space.
We enumerate the elements in vector y* whose sequence indexes are included in sets
Qjnmand R, represented as q,, x and r,, , respectively. The k-th predicted labels of
unseen data x* in the m-dimensional original class space may be derived using the majority

voting approach.

% +1, ifk= arg maxy<j<k,, Jmik + rmk
frg —=t="nm 7 4 = 1, ceey M. 38
Yim { 0, otherwise, " (38)

To enhance clarity, the label decoding process is depicted in Figure 3.

original label space

one-vs.-one
decomposition 1 2 3 4
decoding
transformed label space
1 1 1 2 2 3 +1
2 3 4 3 4 4 -1
G |G |G |G |G |G
yp = [+1,+1,+1,—-1,-1,—-1]
majority voting ¢ | ¢, Cs Cy

yn = [+1,0,0,0]
Figure 3. Schematic diagram of label decoding.

Example 2. Given two unseen data points, with their predicted labels in the m-th dimension being
yflm =[+1,+1,+1,-1,-1,-1], y;’m = [+1,+1,—1,+1, -1, —1]7, the vote count w.r.t. four
possible classes are in sequence

Gm1 +7,m1 =3, Gim2+"1,m2=0, Gimz+rim3=1 Grma+trimsa=2,

Gomi +11m1 =2, Gm2+trim2=1 Gom3+rim3=0, qoma-+rims=23.

Based on the voting results, the final decoded label can be obtained in accordance with (38)

as follows:
yikzm = [+1’ 0’ 0’ 0] T’ y;,m = [0/ 0/ 0/ +]‘]T

For clarity, the flowchart of the proposed algorithm is presented in Figure 4, and the
main steps of the dSMUDC algorithm are summarized in Algorithm 2.
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Figure 4. The flowchart of the dSSMUDC algorithm.

Algorithm 2 dSMUDC algorithm

_ _ Li+1; o
Require: Collect uncertainty dataset {x;,,®;,},_, ', and initialize w; ,, x(0) = 0y, and

e S S
QN2

_ =

N N NN = ===
NP2 YN

bjmk(0) = 0 for each node j.
Transform the original class labels via (9).
Construct the explicit mapping function {¢; , } via Algorithm 1.
Calculate the mean vector §;, and the covariance matrix A, via (18) and (19).
fore=0,...,T—1do
forjc J do
Exchange {Z?,l,m,k ()}, with its neighboring nodes.
end for
forj e J do
Update the labeling confidences {Z;‘),l,m,k(e +1)}/, via (32).
end for

: end for
: fort=0,1,... do

forj e J do
Update the intermediate labeling confidences {z; , yu x (t + 1) }5’: +1u]- via (33).
Compute @; ,, x(t + 1) and l;j,m,k(t + 1) via (34) and (36).
Exchange w; ,, x(t + 1) and luaj,m,k(t + 1) to neighboring nodes.
end for
forj € J do
Compute w;, x(t + 1) and b; k(¢ + 1) via (35) and (37).
end for

: end for )
: Obtain the predictive labels y* in the transformed class space.
: Return y* via decoding produce (38).

3.7.

Performance Analysis

In this subsection, we evaluate the convergence and complexity of the proposed algorithm.
To conduct the subsequent convergence investigation, several common assumptions

regarding DL methods must be given at first.

Ass

umption 1. Considering a connected network G, the cooperative coefficient matrix C, whose

elements Cj; = cj; are determined by the Metropolis rule [31], satisfies the following two conditions:
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(1) C1j = 15, 17 C = 1], (2) spectral norm p(C — 11;1) < 1.
Theorem 1. If the above assumption holds, then we have limy o0 |2jmk(t) = 27, il = 0,
im0 ||k (t) — W, || = 0 and im0 |bj i () — bj’im/k| = 0, when t tends to co, where

]
and b;m,k denote their corresponding optimal values.

* *
Zinmk Wjm,

Theorem 1 can be demonstrated in the literature [17], hence we cannot provide the
detailed proof here. Theorem 1 shows that with a connected network, all nodes can obtain
the global optimal classifier via sufficient iterations, demonstrating the theoretical efficiency
of DL.

Additionally, to evaluate the complexity of the dSSMUDC method, we calculated two
key metrics: the volume of computations required at each node in each iteration, and the
number of variables that need to be exchanged between each node and its neighboring
nodes. Table 1 summarizes the number of addition operations (AO) and multiplication
operations (MO) required for the proposed method, with detailed breakdowns of these
two computational metrics per iteration and per node across four key steps of the algo-
rithm: the derivation of reproduction vectors, the construction of explicit feature maps, the
simplification of integral calculations, and the induction of the classifier.

Table 1. The MOs and AOs of the dSMUDC algorithm per iteration per node j.

. MO VD(|B;| +3|)
' AO VD(IM;,| + [B)])
() MO (Lj +U))V(D +2D? 4 q(D* + 2D® + 2D?))
Jdn AO (Lj + Uj)V(D® + |M;;|D? + |M;;|D + q(D* +2D° + 2D?))
o () MO (Lj + U;)Vq(4D* + 10D 4 8D?)
i A0 (Lj+ U;)Vq(4D* + 10D° + 8D?)
{2,y _ MO Ty Ku TV (L4 |B))
Jikm, AO Yon=1 K TV(IM| + |Bj])
S MO YM K, (Li+ Uj) 2V +2Vg + V +8) + XM K, L;
s AO YM L Ku(Li+U;) (2V22 + 2V + V +5) + XM K, L
fw ) MO YM K, Va(11(L; + Uj) +2Vq + |B;| +3)
Jims AO Yo K Va(7(Li + Uj) + 2V + | Bj| + 3)
o MO YM K (V2@ 42V +7(Li+ U;) + |B| +2)
jom, AO Lot K (V242 + 2V +4(L; + U)) + B +1)

From Table 1, we can notice that the computation complexity of the proposed algorithm
depends on the number of reproduction vectors V, the value of the scaling coefficient g,
and the number of one-hop neighbors |B;|, except for the characteristics of the dataset.
Given that the quantity of one-hop neighbors |3;| is moderate in practical networks, and
provided that the values of V and g are acceptable, the computational complexity of the
proposed dSMUDC algorithm can be controlled within an appropriate range.

Besides, during the process of obtaining reproduction vectors, a total of VD scalars
need to be exchanged among neighboring nodes at each iteration 7. In the classifier
induction process, at each iteration f, each node j must communicate Z%Zl K’m (MVg+ M)
scalars to |B;| neighboring nodes. In general, provided that the values of V and g are
acceptable, the communication cost of the proposed dSMUDC algorithm is moderate.
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4. Experiments

In this section, we conduct multi-faceted validation of the performance of the proposed
algorithm based on several existing multi-dimensional datasets. Detailed information about
the datasets is provided in Table 2. Note that in Table 2, the notation f denotes the set
cardinality. Besides, in the column of the number of class labels for each dimension, if
the number of class labels is the same across all dimensions, only one number is retained.
Otherwise, the number of class labels for each dimension is listed in sequence.

Table 2. Detailed profiles of used datasets.

Dataset f Training Exam. { Testing Exam. f Feature g Lab./Dim.
Flare 2580 650 3 3,4,2
Cal500 450 52 10 2
Jura 2870 720 2 4,5
Music 530 61 6 2
Song 3140 785 3 3
WQ 950 110 14 4
Belae 1740 190 5 5

To facilitate the reproduction of the following experiments, several necessary explana-
tions are provided. This experiment involves a randomly generated distributed network
with 10 nodes and 23 links. The training data samples are randomly assigned to the
10 nodes. In the subsequent trials, we perform 50 separate Monte Carlo cross-validation
simulations. In each Monte Carlo simulation, the training data is randomly divided into
10 folds, with 9 folds designated as training data and the remaining fold utilized for
testing data.

In order to simulate this kind of uncertain data uncertainty, this work add Gaussian
white noise with a mean of zero and a standard deviation of 0.25¢A, to the data, which
serves as the uncertainty distribution for this attribute. Here, A; denotes the value range of
feature x; across the entire dataset.

Besides, to test the performance variation of the proposed algorithm under different
proportions of labeled uncertain data, we define a measurement metric called Labeled
uncertain Data to total Ratio (LADR), which describes the ratio of the labeled uncertain
data in the whole dataset.

To evaluate the algorithm’s performance from multiple perspectives, we utilize com-
monly used performance metrics in multi-dimensional classification algorithms, including
Hamming loss, exact match, and semi-exact match. Due to page limitations, please refer to
the literature [11,13,14,17] for the specific definitions of the aforementioned metrics.

Firstly, to examine the sensitivity of the proposed algorithm, we investigate the in-
fluence of parameters A4, Ap, Ac, Ap and Ar on the hamming loss of the dSMUDC algo-
rithm on the “Flare” dataset [32] in Figure 5. In the simulation experiments, we adjusted
the value of one parameter while keeping all other parameters unchanged. This design
ensures that any observed changes in Hamming loss can be attributed solely to the vari-
ation of the target parameter, eliminating potential interference from cross-parameter
interactions. The simulation results in Figure 5 reveal a consistent trend in Hamming
loss across all five parameters. As the value of a parameter increases from a low initial
level, the Hamming loss first decreases gradually. Once the parameter enters a suit-
able range, the Hamming loss stabilizes and remains unchanged even as the parameter
value varies slightly within this interval, indicating that the algorithm’s classification
accuracy is not sensitive to minor adjustments of these parameters when they are prop-
erly configured. However, when the parameter value continues to rise beyond this suit-
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able range, the Hamming loss begins to increase noticeably. The simulation results in
Figure 5 indicate that when parameters are configured within suitable ranges, the pro-
posed algorithm’s classification accuracy is not affected by the values of the parameters.
Therefore, we can determine the appropriate designation of the weighted parameters as
Aa €105,5),A5 € [0.5,5], Ac € [0.5,5],Ap € [5 x 1073,0.05], A € [5 x 1073,0.05].

[
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Figure 5. Hamming loss of dSSMUDC algorithm under varying values of parameters A4, Ap, Ac, Ap,
and Ag on “Flare” dataset.

In addition, we also simulate the influence of the dimension of the explicit feature
map (i.e., the product of the number of reproduction vectors V and the number of scaling
coefficients q) on the classification accuracy of the proposed algorithm in Figure 6. The
simulation results indicate that provided that the values of V and g are larger than 30 and 4,
respectively, good learning performance can be obtained. Considering that increasing the
dimension may add to the burden on the computational system, V and q are appropriately
adjusted to be no greater than 30 and 4, respectively.

—H8&— dsSMuUDC

0.07

0.06g5
0.055
. .

o
=3
>
o

Hamming Loss

Figure 6. Hamming loss of dSMUDC algorithm under varying numbers of reproduction vectors V
and scaling coefficients g on “Flare” dataset.

Furthermore, to evaluate the proposed algorithm’s performance under different de-
grees of data uncertainty, we tested the variation of Hamming loss with different e values
on the Flare, Cal500, Jura, and Music datasets [11,32] in Figure 7. The experimental results
show that the Hamming loss of our algorithm increases slightly as e rises. Specifically, when
e increases from 0.03 to 0.15, the Hamming loss rises by less than 0.01. This indicates that
increased data uncertainty has a certain negative impact on the algorithm’s performance,
but this impact is limited. When e exceeds 0.15, the Hamming loss exhibits a more notice-
able increase compared to the 0.03-0.15 range, yet the magnitude of this growth remains
controllable and does not lead to sharp performance degradation. Collectively, these results
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confirm that as long as data uncertainty is constrained within a reasonable range, the
performance damage caused by uncertainty is limited, and the algorithm maintains stable
and reliable prediction capabilities, verifying its robustness against moderate to moderately
high levels of data uncertainty.
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Figure 7. Hamming loss of dASMUDC algorithm under varying parameter ¢ on “Flare”, “Cal500”,

“Jura” and “Music” datasets.

Additionally, to further highlight the advantage of our proposed algorithm, we testify
to its classification accuracy on the 7 datasets, including the Flare, Cal500, Jura, Music,
Song, WQ, and Belae datasets [11,12,32-34]. Besides, three evaluation metrics (hamming
loss, exact match and semi-exact match) of the other comparison algorithms, including
dS?*PMDL [17], dS*MLL [2], PLEM [15], DLEM [14] and KARM [11], are also investigated.
All the simulation results are presented in Tables 3-5. Furthermore, we also tested the
performance of the centralized version of the SMADC algorithm (called cSMUDC), with its
results serving as a baseline reference.

Table 3. Hamming loss of different algorithms versus LADR on MDC datasets (Bold entity here
represents the lowest hamming loss in that case).

Hamming Loss
Flare Cal500 Jura Music Song wWQ Belae

LADR 0.5 0.5 0.5 0.5 0.5 0.5 0.5
dSMUDC  0.0505 0.3685 0.0564 0.1915 0.1265 0.3512 0.5761
¢SMUDC  0.0507 0.3656 0.0551 0.1907 0.1236 0.3503 0.5742
dS?’PMDL  0.0517 0.3715 0.0627 0.1932 0.1287 0.3535 0.5811

dSMLL 0.0564 0.3807 0.0735 0.1973 0.1437 0.3668 0.5792

PLEM 0.0526 0.3747 0.0703 0.1942 0.1340 0.3557 0.5770

DLEM 0.0513 0.3705 0.0727 0.1948 0.1308 0.3573 0.5754

KARM 0.0557 0.3819 0.0792 0.1978 0.1447 0.3685 0.5805

Dataset

The experimental results in Table 3 illustrate the Hamming loss of various algorithms
under an LADR value of 0.5 across seven MDC datasets. Among all compared algorithms,
c¢SMUDC achieves the lowest Hamming loss on most datasets, including Cal500, Music,
Song, WQ, and Belae. Besides, the dSSMUDC algorithm performs competitively, ranking
second on most datasets and achieving the minimum Hamming loss on the Flare dataset.
Furthermore, the dS*MLL and KARM algorithms consistently exhibit higher Hamming
loss values, particularly on the Jura and Song datasets.
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Table 4. Exact match of different algorithms versus LADR on MDC datasets (Bold entity here
represents the highest exact match in that case).

Exact Match
Dataset Flare Cal500 Jura Music Song WQ Belae
LADR 0.5 0.5 0.5 0.5 0.5 0.5 0.5

dSMUDC  0.8248 0.0180 0.7726 0.3326 0.5380 0.0096 0.0287
¢SMUDC  0.8267 0.0202 0.7761 0.3318 0.5412 0.0098 0.0298
dS’PMDL  0.8218 0.0120 0.7552 0.3286 0.5302 0.0076 0.0265
dS’MLL 0.8070 0.0105 0.7378 0.3184 0.5124 0.0072 0.0211
PLEM 0.8172 0.0135 0.7450 0.3224 0.5280 0.0092 0.0247
DLEM 0.8203 0.0146 0.7423 0.3240 0.5271 0.0085 0.0252
KARM 0.8184 0.0122 0.7148 0.3180 0.5144 0.0070 0.0202

The experimental results in Table 4 present the exact match scores of various algorithms
under an LADR value of 0.5 across seven MDC datasets. By observing Table 4, we can
notice that the <SMUDC and dSMUDC algorithms demonstrate superior performance on
most datasets. The cSMUDC algorithm achieves the highest exact match scores on Flare,
Cal500, Jura, Song, WQ, and Belae. Besides, dASMUDC exhibits comparable performance,
securing the second-highest exact match scores across the majority of datasets. Algorithms
including dS?MLL and KARM consistently show the lowest exact match scores. This is
particularly evident on Cal500, WQ, and Belae.

Table 5. Semi-exact match of different algorithms versus LADR on MDC datasets (Bold entity here
represents the highest semi-exact match in that case).

Semi-Exact Match
Flare Cal500 Jura Music Song WwWQ Belae

LADR 0.5 0.5 0.5 0.5 0.5 0.5 0.5
dSMUDC  0.9564 0.0727 0.9703 0.6760 0.9257 0.0468 0.1454
¢SMUDC  0.9578 0.0748 0.9722 0.6796 0.9275 0.0466 0.1470
dS’PMDL  0.9532 0.0716 0.9610 0.6693 0.9216 0.0446 0.1416

dS’MLL 0.9412 0.0631 0.9506 0.6532 0.9130 0.0389 0.1265

PLEM 0.9501 0.0688 0.9549 0.6606 0.9178 0.0426 0.1355

DLEM 0.9516 0.0712 0.9627 0.6602 0.9163 0.0432 0.1381

KARM 0.9282 0.0653 0.9423 0.6505 0.9115 0.0392 0.1272

Dataset

Table 5 presents the semi-exact match performance of various algorithms for MDC
across seven datasets under a LADR value of 0.5. From the simulation results, we can
find that cSMUDC outperforms others on five datasets: Flare, Cal500, Jura, Music, and
Belae. Besides, dASMUDC remains highly competitive, achieving the optimal semi-exact
match score on the Song dataset and ranking second across most other datasets. In contrast,
dS?MLL and KARM consistently demonstrate the lowest semi-exact match values. This is
most pronounced on WQ, Belae, and Flare.

In summary, the experimental results presented in Tables 3-5 are similar, leading to
the following key conclusions:

(1) The dS?MLL algorithm and KARM algorithm perform relatively poorly among
all methods. A possible reason is that the dS?MLL algorithm, as a distributed multi-
label learning algorithm, cannot effectively handle label correlations in heterogeneous
multi-dimensional class spaces. The KARM algorithm, on the other hand, uses a classifier
trained via the KNN method to perform initial data classification and incorporates the
classification results into feature vectors as augmented information. Although the KARM
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algorithm can address the training issue of multi-dimensional classifiers to a certain extent,
its performance heavily relies on the selection of the number of neighboring data, resulting
in weak generalizability.

(2) The DLEM and PLEM algorithms outperform the aforementioned KARM and
dS*MLL algorithms since they effectively explore label correlations in heterogeneous multi-
dimensional class spaces. Despite this advantage, both the DLEM and PLEM algorithms
are constrained by their inability to effectively handle unlabeled data and uncertain data.
Consequently, their performance is inferior to that of our proposed method.

(3) The dS?’PMDL algorithm performs well because it can simultaneously leverage
information from both labeled and unlabeled data and exploit the label correlations of
multi-dimensional classes by learning subspace. However, in this experiment, the train-
ing data has a certain level of uncertainty, and the dS?PMDL algorithm lacks the ability
to characterize this uncertainty. Therefore, its performance is weaker than that of our
proposed algorithm.

(4) Our proposed dSMUDC outperforms all comparative algorithms, signifying its
efficacy in label recovery, data uncertainty exploitation, and classifier induction.

To further demonstrate the performance differences between these comparison algo-
rithms, we use the Friedman test [35]. At a significance level of 0.05, the critical value is
equivalent to 2.36. At this point, we can calculate the value of the Friedman statistic in
terms of three metrics, please see Table 6. The Friedman test statistics are significantly
greater than the critical value. Therefore, we reject the null hypothesis that there is no
significant performance difference among these comparison algorithms.

Table 6. Summary of the Friedman statistics Fr and the critical value in teams of Hamming loss,
Exact match and Semi-exact match.

Metric Fr Critical Value (« = 0.05)
Hamming loss 36.50
Exact match 21.92 2.36
Semi-exact match 46.87

Furthermore, we use the Bonferroni-Dunn test [35] to testify whether there is a signifi-
cant performance difference between a pair of comparison algorithms. Here, the <SMUDC
is assumed to be the controlled algorithm. For the Bonferroni-Dunn test, at a significance
level of 0.05, a schematic diagram is depicted in Figure 8. In this figure, for all algorithms
whose average ranking difference with the controlled algorithm is less than one critical dis-
tance, we can justify that there is no significant performance difference between it and the
controlled algorithm. Therefore, we connect it to the controlled algorithm with a red line.
By observing Figure 8, we can see that the average performance ranking of the dSMUDC
algorithm has significant performance improvements compared to the dS?MLL and KARM
comparison algorithms.
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Figure 8. Comparison of cSMUDC (the control algorithms) in contrast to other comparing algorithms

using the Bonferroni-Dunn test.

Finally, we test the performance of each comparative algorithm under different pro-
portions of labeled uncertain data, and the experimental results are presented in the
Figures 9-11. Figure 9 compares the Hamming loss of multiple algorithms across four
datasets (Flare, Cal500, Jura and Music) as LADR varies, revealing clear performance
gaps between algorithms. Across all four datasets, ASMUDC and ¢SMUDC achieve good
learning performance with consistently lower Hamming loss than other methods. On
the Jura dataset, ASMUDC/cSMUDC algorithms have 0.01-0.03 lower Hamming loss
than dS?PMDC/PLEM/DLEM algorithms, and 0.02-0.05 lower than dS?°MLL/KARM
algorithms. On Flare, Cal500 and Music datasets, they lead dS?PMDC/PLEM/DLEM

algorithms by 0.005-0.01 and dS?MLL/KARM algorithms by 0.01-0.02.
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“Jura” and “Music” datasets.
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Figure 11. Semi-exact match of different comparison algorithms versus the LADR on “Flare”,

“Cal500”, “Jura” and “Music” datasets.

Figure 10 evaluates the exact match performance of various algorithms (including
dSMUDC, ¢SMUDC, dS?PMDL, etc.) across four datasets as LADR ranges from 0.1 to
0.9. It can be seen that the dSMUDC and cSMUDC perform the best across all scenarios,
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and their exact match scores are consistently the highest, regardless of dataset or LADR
value. Specifically, on Flare and Jura, they outperform dS?PMDC/PLEM/DLEM methods
by roughly 0.01-0.03, and dS?MLL/KARM by 0.02-0.04. Even on Cal500 and Music,
this pattern holds. The dSMUDC/cSMUDC algorithms maintain a 0.005-0.01 lead over
dS?’PMDC/PLEM/DLEM algorithms, and a 0.01-0.03 advantage over dSMLL/KARM.

Figure 11 presents the semi-exact match performance of algorithms across four datasets
as LADR varies (0.1-0.9), revealing distinct performance differences. We observe that
¢SMUDC and dSMUDC are the top performers overall: their scores remain consistently
highest in most cases. On Jura and Music, they outperform mid-tier methods (e.g., PLEM,
DLEM) by 0.01-0.02, and dS*MLL/KARM by 0.02-0.05. This pattern persists on the Flare
and Cal500 datasets as well.

Across Figures 9-11 (covering Hamming loss, exact match, and semi-exact match
metrics), the following key conclusions emerge. The performance of all algorithms gradu-
ally improves as the LADR value increases. This indicates that the incorporation of more
supervised information is beneficial to the training of classification models. Furthermore,
we can also observe that the performance of our proposed algorithm is close to that of
its corresponding centralized counterpart in most scenarios, and both are significantly
superior to the other comparative algorithms. This superiority is particularly prominent
when the amount of labeled data is relatively small.

5. Conclusions

In this paper, we have addressed the problem of distributed classification for partially
labeled uncertain data and developed the dSMUDC algorithm. Within this proposed
algorithm, we have employed the integral of the hinge loss of a sample over its uncertainty
distribution as the misclassification loss for training samples, enabling effective utilization
of the uncertainty of data distribution. Additionally, we have designed a mechanism for
estimating labeling confidence to mitigate the negative impact on classification performance.
Experimental results across multiple datasets have confirmed that the proposed algorithm
can effectively tackle the challenge of classifying uncertain data in distributed scenarios.

The potential limitation of our algorithm mainly lies in two aspects. First, it assumes
that the data across all nodes follows the same distribution, which may not align with
real-world scenarios where data heterogeneity is common. Second, it presupposes that
the uncertainty in the data originates from noise conforming to a Gaussian distribution.
However, in practical applications, uncertainty can stem from diverse sources (e.g., mea-
surement errors with non-Gaussian characteristics or incomplete data sampling) that do not
follow Gaussian distribution. When facing such non-Gaussian uncertainty, the performance
of the algorithm may be compromised.

Therefore, we aim to address these two issues in future research. On one hand, we
intend to design a distributed personalized uncertain data classification algorithm to handle
heterogeneously distributed uncertain data over a network, breaking the constraint of the
identical data distribution assumption. On the other hand, we also aim to develop non-
parametric methods that avoid strict distributional assumptions, which will help enhance
the algorithm’s adaptability to complex real-world uncertainty scenarios.
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Abstract: Malware analytics suffer from scarce, delayed, and privacy-constrained labels,
limiting fully supervised detection and hampering responsiveness to zero-day threats.
We propose SMAD, a Semi-supervised Android Malicious App Detector that integrates
a segmentation-oriented backbone—to extract pixel-level, multi-scale features from APK
imagery—with a dual-branch consistency objective that enforces predictive agreement be-
tween two parallel branches on the same image. We evaluate SMAD on CICMalDroid2020
under label budgets of 0.5, 0.25, and 0.125 and show that it achieves higher accuracy, macro-
precision, macro-recall, and macro-F1 with smoother learning curves than supervised
training, a recursive pseudo-labeling baseline, a FixMatch baseline, and a confidence-
thresholded consistency ablation. A backbone ablation (replacing the dense encoder with
WideResNet) indicates that pixel-level, multi-scale features under agreement contribute
substantially to these gains. We observe a coverage—precision trade-off: hard confidence
gating filters noise but lowers early-training performance, whereas enforcing consistency
on dense, pixel-level representations yields sustained label-efficiency gains for image-based
malware detection. Consequently, SMAD offers a practical path to high-utility detection
under tight labeling budgets—a setting common in real-world security applications.

Keywords: semi-supervised learning (SSL); Android malware detection; consistency regu-
larization; segmentation-based pixel-level features; APK-to-image representation

1. Introduction

Advances in artificial intelligence (Al), propelled by information technology (IT), have
profoundly reshaped numerous domains. Al has transformed information systems through
heightened automation, predictive capability, decision accuracy, and efficiency, enabling
widespread innovations in service delivery across applications such as large-scale language
models (LLMs) [1], healthcare [2], edge computing [3], smart cities [4], and cybersecurity [5].

Al methods increasingly learn fluid decision boundaries by modeling underlying se-
mantics rather than relying on surface terms in classification problems [5]. In cybersecurity,
this boundary typically separates malicious from benign software and is learned using
machine learning (ML) paradigms, including supervised, unsupervised, and reinforcement
learning. Supervised learning fits labeled inputs to designated outputs [5], whereas unsu-
pervised learning discovers latent structure in unlabeled data, grouping samples without
prior categories [6].

Within cybersecurity, Al-based malware detection is increasingly employed to ad-
vance automated identification beyond traditional static and dynamic analyses. Yet these
approaches often face accuracy limitations—most notably high false-positive and false-
negative rates—that impede practical deployment. Consequently, supervised learning

Electronics 2025, 14, 4246 https://doi.org/10.3390/ electronics14214246
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remains a preferred strategy for known threats because it explicitly models input-label
relationships and delivers more reliable performance [7,8]. Empirical studies indicate that
supervised models trained on well-labeled datasets outperform unsupervised methods on
structured detection tasks such as malware classification and intrusion detection [9].

However, the effectiveness of supervised learning is tightly coupled to access to
large, high-quality labeled corpora—resources that are especially difficult to obtain in
security contexts. Label creation demands expert-level effort, including reverse engineering,
behavioral profiling, and the curation of threat intelligence [10]. The continual emergence
of zero-day malware further complicates labeling and detection [11]; previously unseen
threats often evade conventional defenses and cannot be accurately labeled at the time of
appearance, undermining methods that rely on known classes. Privacy and confidentiality
constraints also restrict data sharing, further hampering the construction of labeled datasets.

Within this landscape, semi-supervised learning (SSL) has emerged as a pragmatic
response to label scarcity in security and privacy (S&P). Canonical methods—Mean
Teacher [12], MixMatch [13], ReMixMatch [14], UDA [15], FixMatch [16], and large-
scale self-training via Noisy Student [17]—operationalize consistency regularization and
pseudo-labeling at scale, while highlighting evaluation pitfalls and confirmation-bias
risks [18,19]. In cybersecurity, SSL has delivered gains across phishing, malware, intrusion,
and encrypted-traffic detection [20]; representative instances include SSL-based Android
malware detection leveraging labeled and unlabeled samples [21], multimodal frame-
works that combine Gated Recurrent Units (GRUs) and Graph Convolutional Networks
(GCNis) for encrypted traffic under limited labels [22], continual SSL that adapts to evolv-
ing malware without full retraining [23], and retrieval-augmented few-shot classification
(MalMixer) [24]. These results motivate our focus on dense, pixel-level representations and
dual-branch consistency for image-based Android malware detection. A concise review of
these SSL foundations and their security applications appears in Section 2.

Building on these insights, we present SMAD (Semi-supervised Android Malicious
App Detector), a framework designed to mitigate the dependence on costly annotations
while improving resilience to previously unseen (zero-day) malware. SMAD integrates a
segmentation-oriented backbone that extracts pixel-level, multi-scale features from APK
imagery with a dual-branch consistency objective that enforces predictive agreement
between two parallel branches on the same image. This combination leverages the structure
present in abundant unlabeled telemetry to stabilize optimization under label scarcity and
to enhance generalization when family distributions drift.

We evaluate SMAD on CICMalDroid2020 under label budgets rol € {0.5,0.25,0.125}
and observe consistent gains in accuracy, macro-precision, macro-recall, and macro-F1
over supervised training and a recursive pseudo-labeling baseline, with smoother learning
curves across epochs. We also include a controlled comparison to FixMatch [16] under
the same schedule and a backbone ablation (replacing our backbone with WideResNet)
that attributes a substantial portion of the gains to dense, pixel-level multi-scale features
under agreement. An ablation with a fixed confidence gate clarifies the coverage—precision
trade-off under a cold start.

This paper makes three contributions:

1. A semi-supervised detector with segmentation-derived pixel-level features. We intro-
duce SMAD, which couples dual-branch consistency with a segmentation-oriented
backbone that extracts dense, pixel-level, multi-scale representations from APK im-
agery via an Atrous Spatial Pyramid Pooling (ASPP) module. These features com-
bined with agreement between parallel branches provide higher-SNR unsupervised
targets—improving early calibration, training stability, and label efficiency under
label scarcity.
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2. Improved robustness to unknown behaviors. By enforcing agreement between two
branches processing the same APK image, SMAD exhibits enhanced generalization to
previously unseen malware families without additional expert labels.

3. Controlled and balanced evaluation. We conduct extensive experiments and report
accuracy, macro-precision, macro-recall, and macro-F1 with mean =+ std over three
runs; compare against FixMatch under the same schedule; and perform a backbone
ablation (dense encoder vs. WideResNet) to isolate encoder effects.

Section 2 reviews related work on semi-supervised security analytics and malware
detection. Section 3 details the SMAD architecture, loss functions, and design rationales.
Section 4 describes datasets, setup, and metrics. Section 5 reports results and discusses
operational implications. Section 6 concludes.

2. Related Work
2.1. Motivation and Theoretical Foundations

The increasingly complex and dynamic cyber-threat landscape renders purely super-
vised approaches impractical: collecting and annotating high-quality security data (e.g.,
malware corpora, encrypted traffic, intrusion logs) is costly, slow, and quickly outdated
under zero-day threats and concept drift. Semi-supervised learning (SSL) addresses these
constraints by leveraging abundant unlabeled data alongside minimal labels to sustain
performance. A comprehensive survey [20] documents growing SSL adoption in phishing,
network intrusion, web spam, and malware detection. Representative frameworks include
Dapper [25], which attains near-supervised accuracy with ~10% labels via pseudo-label
propagation and automated hyperparameter selection, and SF-IDS [26], which couples
pseudo-label filtering with hybrid losses to mitigate label scarcity and class imbalance.

Underpinning these successes are canonical SSL methods that operationalize con-
sistency regularization and pseudo-labeling at scale: Mean Teacher stabilizes targets via
weight-averaged teachers [12]; MixMatch unifies consistency and entropy minimization
with mixup [13]; ReMixMatch augments this with distribution alignment and augmenta-
tion anchoring [14]; UDA enforces agreement under strong augmentations [15]; FixMatch
combines confidence-thresholded pseudo-labels with weak/strong augmentation [16];
and Noisy Student demonstrates scalable self-training [17]. These developments rest on
classical principles—entropy minimization and manifold regularization [27,28]—and are
informed by cautions on evaluation protocol and confirmation-bias dynamics [18,19].

2.2. SSL for Malware and Encrypted-Traffic Detection

SSL has been actively adapted to security subdomains with promising results. For An-
droid malware, Memon et al. [21] implement a feature-based SSL model over permissions
and API logs, achieving robust detection with limited labels. In encrypted traffic analysis,
multimodal architectures that combine Gated Recurrent Units (GRUs) with Graph Convo-
lutional Networks (GCNs) improve F1 under low-label regimes [22]. Continual SSL enables
adaptation to evolving malware families without full retraining [23]. Retrieval-augmented
SSL (MalMixer) supports few-shot malware family classification [24], while bidirectional
normalizing-flow models reduce reliance on labeled anomalies [29]. Semi-supervised traffic
clustering (e.g., SCOUT) can isolate malicious flows for downstream signature genera-
tion, and large-scale intrusion-detection pipelines report gains on CIC-DD052019 and
UNSW-NBI15 via self-training and co-training strategies [30].

2.3. Advanced SSL Architectures and Emerging Directions

Recent directions underscore practicality and robustness in real deployments. Multi-
stage designs like M3S-UPD deliver fine-grained encrypted-traffic classification and zero-
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shot detection through continual learning [31]. Contrastive and multimodal pretraining
further enhances generalization to unseen attack patterns in encrypted traffic [32]. In-
terpretable SSL systems for industrial cyber-attack detection improve transparency and
trust [34? ]. In wireless-sensor-network (WSN) intrusion detection, pseudo-label-based
SSL achieves high F1 in label-scarce settings [9]. Collectively, these advances chart a path
toward robust, explainable, and deployable SSL for modern cybersecurity.

Within this landscape, image-based malware analytics are appealing because APK-
to-image renderings expose narrow, local artifacts—padding bands, packing/obfuscation
traces, and layout regularities—without hand-crafted features [35]. Patch-token pipelines
(e.g., ViT) summarize content into coarse tokens and emphasize global relations [36], which
can blur such artifacts; in contrast, segmentation-oriented encoders retain dense, multi-scale
pixel-wise descriptors that preserve fine textures and local discontinuities [37], naturally
aligning with consistency-style SSL objectives [12,16].

Following this rationale, we use a segmentation-oriented backbone to extract dense,
multi-scale features from APK imagery and apply dual-branch consistency on the same im-
age with a decoder-free, image-level classifier. Preserving pixel-wise detail and enforcing
agreement at the artifact’s spatial granularity stabilizes predictions under benign spa-
tial/photometric shifts, providing a concise rationale for robustness to padding alignment
changes and common obfuscation in APK-to-image renderings [35].

3. Semi-Supervised Android Malware Detection

In this study, we introduce SMAD (Semi-supervised Android Malicious App Detector),
a semi-supervised learning (SSL) framework for detecting malicious Android applications.
Rather than depending exclusively on large, fully labeled datasets, SMAD leverages un-
labeled data to maintain high detection accuracy in environments where threat patterns
evolve rapidly. By integrating a segmentation-oriented backbone for rich feature extraction
with a two-branch consistency strategy for stable semi-supervised training, SMAD achieves
strong generalization to both known and emerging attack types.

3.1. Architecture

SMAD is built upon a modified DeepLabV3+ [37] backbone originally developed
for semantic segmentation tasks. Conventional image classification networks employ a
stack of convolutional layers followed by global pooling and fully connected layers. In
contrast, DeepLabV3+ consists of a backbone feature extractor, an Atrous Spatial Pyramid
Pooling (ASPP) module for multi-scale context aggregation, and a decoder module for
pixel-wise segmentation. To use DeepLabV3+ for image-level classification rather than
pixel-wise segmentation, we retain its multi-scale encoder unchanged and modify only the
task-specific heads, as summarized below and illustrated in Figure 1.

Shared encoder (unchanged from DeepLabV3+). In the proposed scheme, we reuse
the DeepLabV3+ encoder as is—a ResNet backbone followed by an ASPP module. ASPP
comprises four branches (one 1 x 1 convolution and three 3 x 3 atrous convolutions with
dilation rates 6, 12, and 18 at output stride 16), aggregating multi-scale context while
preserving pixel-level detail. The encoder outputs a dense feature map that is shared by
both SMAD’s dual-branch heads; only the task-specific heads depart from the standard
DeepLabV3+ pipeline.

Head change from DeepLabV3+ to the proposed classifier. Relative to the DeepLabV3+
segmentation head—which upsamples and refines features for pixel-wise prediction—the
proposed classifier removes the decoder and adopts a lightweight path: global average
pooling (256 — 1D) — fully connected layer, producing image-level logits. This shifts from
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spatial preservation (dense masks) to spatial collapse (a compact global representation)

while retaining the encoder’s multi-scale evidence.

DeeplLabV3+(Spatial Preservation)

ResNet Backbone .

+ ASPP ] AR —> Upsample
+3x3 Conv (1x 1 Conv)

SMAD (Spatial Collapse)

ACELE IR ST Global Average Fully-Connected
Moy " Ppoolin (256 = 1D) Layer
+3x3 Conv B i

Shared Architecture (Encoder)

Pixel-wise
Prediction

Image-level
Prediction

* ASPP detail: 4 branches—one 1x1 conv and three 3x3 atrous convs with dilation rates (6, 12, 18) at 0S=16.

Figure 1. Architecture comparison between DeepLabV3+ and the proposed method: both share the

same encoder (ResNet + ASPP), while the proposed classifier replaces the segmentation decoder with

a global average pooling (256 — 1D) and a fully connected layer for image-level logits.

The motivation for adopting DeepLabV3+ is its ability to expand the receptive field

and capture multi-scale context via atrous convolutions—capabilities uncommon in conven-

tional classification models. This allows the network to fuse fine-grained local features with

global contextual information, which is advantageous for classification tasks with substan-

tial variation in object scale and spatial arrangement. In addition, reusing a segmentation-

oriented backbone promotes dense feature representation learning, potentially yielding

improved generalization over standard classification backbones.

Dual-branch layout and inference fusion. Figure 2 presents the SMAD network archi-

tecture. Given an image input x, a high-capacity backbone extracts multi-scale features

that capture both global structure and fine-grained cues. The features are processed by

two parallel semi-supervised branches on the same input; consistency between branches

promotes better generalization.

branch 1

'y

K

branch 2

SMAD architecture

ResNet Backbone result 1
+ ASPP Gl?bal Average N Fully-Connected Imag?-l?vel
+3x3 Conv Pooling (256 -> 1D) Layer Prediction
average bl Final Result
+ :Se:: EtBackbone R Global Average Fully-Connected Image-level
+3x3 Conv Pooling (256 -> 1D) Layer Prediction
result 2

Figure 2. The network adopts a dual-branch semi-supervised architecture: two parallel branches

process the same input, and inter-branch agreement is enforced between their predictions to promote

robust generalization under limited labels.

Both branches are architecturally identical and route the shared encoder features

directly to the same classifier head; we keep two instances solely to apply inter-branch

consistency during training, and average their predictions at inference. The per-branch

predictions are fused to produce the final decision. Training jointly minimizes a supervised

loss Lsyp on labeled samples and a consistency loss L¢, on unlabeled samples, aligning the

two branches’ predictions. This design encourages representation learning via inter-branch

agreement, mitigates overfitting under label scarcity, and yields robust performance against

perturbations and evolving attack strategies, enabling reliable detection of both known

threats and zero-days. The training objectives that enforce inter-branch agreement are

mathematically defined in Section 3.2.
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Although the two branches share the same architecture, we maintain the asymmetry
needed for effective consistency regularization via two mechanisms: (i) distinct random
initializations and (ii) explicitly decoupled parameters that are optimized independently
by stochastic gradient descent (SGD). This induces immediate and sustained divergence in
parameter space while preserving comparable capacity across branches, thereby ensuring
that the inter-branch agreement term remains informative.

3.2. Training Objectives

Using two parallel branches on the same input, the model aims to improve prediction
stability and generalization. The training set is partitioned into labeled and unlabeled subsets.

Let m = 1... M index images and n = 1... N pixels. The model uses two branches,
i € {1,2}. For labeled inputs, i/}, denotes the one-hot ground truth at pixel 1 of image 1,
and yAan- the class-probability prediction from branch i. For unlabeled inputs, 7}, ; denotes
the prediction from branch i.

Let C denote the number of classes with ¢ € {1,...,C} indexing classes. We use the
standard pixel-wise categorical cross-entropy Lee(p,q) = — Y5, pclog(qc); here, p = (pc)
and q = (g.) are class-probability vectors of length C (non-negative entries summing to 1).
In implementation, L is computed from logits for numerical stability (e.g., softmax-with-
logits). For the labeled subset, ground-truth labels supervise the network via the supervised
loss Lsyp defined as:

1 Y41 N
Lsup,i M Z Z ymnrymnz)' (1)
mzl n=1
1
Lsup = E ' ( Lsup,l + Lsup,Z)' (2)

To improve training stability, we incorporate an additional consistency loss con-
straint [38], defined as follows:

LCOI’l -

N
M Z ymn 1/ymn 2) (3)

i ME

Additionally, we can incorporate branch-specific confidence weighting into the consis-
tency term (Equation (3)), using ¢ and ¢ for subnet 1 and subnet 2, respectively. For
each unlabeled example x, the loss contributes only when both branches report confidence
above a preset threshold 7. Formally,

N
Z [ ) >t Ac®(x) > ] Lee (T 1 Tmnz)s 4)

i [\12

LCon_thr = M

where 1]-] is the indicator function. In what follows, we refer to this scheme as SMAD-THR.
Unless stated otherwise, SMAD uses a DeepLabV3+ backbone. We also consider SMADVY,
where “W” indicates a WideResNet backbone; all other components and training settings
remain identical.

Combining the supervised loss constraint for labeled data and consistency loss for
unlabeled data, the final loss constraint is defined as follows:

Lfinal = )\sup Lsup + Acon Leon (5)

where Agyp and Ag, are empirically tuned balancing coefficients. Unless otherwise stated,
we set Agyp = 1 and Agy = 1 for all experiments. This constant-weight setting follows
common SSL practice—e.g., FixMatch [16] uses a fixed unlabeled-loss weight A, and
reports that ramping this weight is unnecessary—so adopting 1:1 weighting avoids con-
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founding from an additional hyperparameter while keeping comparisons fair across back-
bones and baselines. Exhaustive fine-tuning of the A coefficients is outside the scope
of this work; our focus is on the method design and label-budget regime rather than
hyperparameter optimization.

4. Experiments
4.1. Setup

Datasets. We conduct experiments on the CICMalDroid 2020 dataset [39], a publicly
available collection of Android Package Kit (APK) files—standard Android application
bundles—compiled from sources such as VirusTotal and the Contagio blog (December
2017-December 2018).

The dataset comprises 17,341 applications labeled as Benign or one of four malware
families (Adware, Banking, Mobile Riskware, SMS); in our image-rendered subset of
16,787 samples, the per-class counts are Benign 4039 (24.1%), Adware 1514 (9.0%), Banking
2505 (14.9%), SMS 4821 (28.7%), and Mobile Riskware 3908 (23.3%). We map APK bytes to
a grayscale image using a simple row-major stream order (left-to-right, top-to-bottom); for
the stream-order procedure and implementation details, see [40].

For evaluation, we perform a single class-stratified partition of the full corpus into an
8:1:1 training—validation—test split, preserving family proportions with a fixed random seed.
All metrics are reported on the held-out test set; the validation split is used exclusively for
model selection and early stopping. The semi-supervised label budget is parameterized by
rol and applies only to the training split: for a given role {0.5,0.25,0.125}, that fraction
of the training samples is treated as labeled, while the remainder of the training data is
available as unlabeled input to SSL methods (the validation and test sets are never used for
unsupervised updates).

Input preprocessing. To standardize inputs and reduce overfitting, we apply a single,
shared transform per image before it is fed to both branches: (i) random scaling with a
factor s € [0.5,2.0] while preserving aspect ratio (bilinear resampling), (ii) zero-padding if
needed followed by a random square crop, (iii) random horizontal flip with probability 0.5,
and (iv) uniform resize to 224 x 224.

Implementation Platform. PyTorch [41] is widely adopted in contemporary research
owing to its dynamic computation graph, mature ecosystem and community support,
and efficient, scalable Python implementation. Leveraging these properties, all experimen-
tal code for this study was implemented in PyTorch 2.9.0.

Performance metrics. We report accuracy together with macro-precision, macro-recall,
and macro-F1 on the held-out test set. Macro-averaging computes each metric per class
and then averages them with equal weight, mitigating skew from class imbalance.

Hardware & training details. All experiments were run on a single workstation with
one NVIDIA RTX 4090 (24 GB VRAM), an Intel Core i7-13700KF CPU, and 64 GB RAM.
Unless otherwise noted, we use stochastic gradient descent (SGD) as the optimizer, with a
batch size of 4 and an initial learning rate of 0.005.

4.2. Compared Schemes

We evaluate the following baselines and ablations alongside our semi-supervised
consistency method.

Supervised only (SUP). Train only on the labeled subset with cross-entropy Le.
(Section 3.2); unlabeled data are not used for training or model selection. This serves
as a conventional lower-bound reference.

Recursive pseudo-labeling (REC). Train on labeled data, infer pseudo-labels on un-
labeled data with the current model, accept all pseudo-labels (no confidence threshold),
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and retrain on the union; the process may be repeated. This simple loop can accumulate
label errors across iterations.

FixMatch. A popular semi-supervised baseline using confidence-thresholded pseudo-
labels under weak/strong views. We adopt the same backbone (WideResNet), optimizer,
and schedule as ours for a controlled comparison.

Confidence-threshold ablation (SMAD-THR). Our method with a fixed confidence
gate inside the consistency term (Section 3.2) was used to study the effect of gating under
limited labels.

Backbone ablation (SMADY). Replace the segmentation-oriented encoder with a
WideResNet while keeping the SSL objective and schedule fixed. Motivated by the canoni-
cal FixMatch recipe, we use a WideResNet encoder here so that the ablation aligns with
that backbone and supports apples-to-apples cross-method comparison. This isolates the
encoder’s contribution under identical training conditions.

5. Results
5.1. Overall Performance Across Label Ratios

We evaluate all methods under varying label budgets on a fixed training pool. For a
given rol, every method receives the identically labeled subset, while the remainder of the
training set is treated as unlabeled data (consumable only by SSL methods). To provide a
strong supervised reference point, we also report SUP(rol = 1), trained on all available
labels. Unless otherwise noted, all methods share the same backbone, optimizer, and
training schedule for fairness. We report test accuracy (%) at every epoch over the entire
training horizon. Results are visualized with per-rol breakdowns in Figures 3 and 4.
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Figure 3. Test accuracy vs. epochs at rol = 0.5.
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Figure 4. Side-by-side comparison under reduced label ratios.

Results at rol = 0.5 (Figure 3): With half of the labels available, SMAD rises rapidly to
strong test performance and stabilizes above both supervised references and the pseudo-
labeling variant; by the end of training, it matches or exceeds the full-label supervised
reference while maintaining a smoother trajectory than REC. In contrast, REC attains inter-
mediate accuracy but exhibits higher variance across epochs, consistent with noisier target
signals. Beyond the generic benefits of consistency regularization, we attribute a substan-
tive fraction of this margin to SMAD’s segmentation-oriented backbone, which performs
pixel-level feature extraction and aggregation with ASPP. The resulting dense, multi-scale
representations fuse fine-grained local cues with global layout, yielding descriptors that
are more invariant to APK packing/repackaging and obfuscation artifacts when binaries
are rendered as images. Aggregating agreement over many spatial locations provides a
higher signal-to-noise ratio for the unsupervised target, improves confidence calibration
early in training, and dampens view-specific artifacts—mechanisms that plausibly account
for the observed stability and the higher asymptote at rol = 0.5. Overall, Figure 3 indi-
cates that, in this setting, unlabeled data—channeled through dual-branch consistency on
dense features—yields measurable gains over purely supervised optimization on the same
backbone and schedule.

Results at rol = 0.25 and rol = 0.125 (Figure 4). When the labeled budget is reduced to
one quarter and one eighth, SMAD preserves a pronounced advantage over both the same-
budget supervised baseline and the pseudo-labeling variant, while exhibiting accelerated
convergence—it reaches a stable operating point in fewer epochs. Importantly, this stability
is achieved at a slightly lower accuracy asymptote than in higher-label regimes, reflecting
the diminished ceiling imposed by scarce labeled supervision. The method ordering is
invariant across the training horizon: SMAD attains the highest terminal accuracy at both
rol = 0.25 and rol = 0.125; purely supervised training plateaus earlier at a lower level,
and the pseudo-labeling variant persistently trails.

The joint pattern of faster stabilization and modestly attenuated asymptotes is con-
sistent with established semi-supervised learning principles. Cross-view consistency en-
courages decision boundaries to align with low-density regions of the data manifold,
yielding strong regularization that accelerates optimization dynamics, whereas the lim-
ited volume of labeled evidence constrains the attainable peak performance [27]. Com-
plementarily, entropy minimization on unlabeled instances sharpens posterior assign-
ments without overfitting to the small labeled set—provided augmentations and targets
are well calibrated—thereby sustaining margins over supervised training even when
labels are sparse [28]. Empirically, contemporary consistency-based methods (e.g., Mix-
Match [13], ReMixMatch [14], and FixMatch [16]) report analogous behavior in low-label
regimes—earlier convergence with a slightly reduced ceiling relative to richer supervi-
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sion—while maintaining decisive gains over purely supervised and pseudo-labeling base-
lines. The curves in Figure 4 mirror these reports, evidencing that SMAD continues to
leverage the unlabeled corpus effectively, converging rapidly yet retaining superior termi-
nal accuracy under severe label scarcity.

Why consistency-based SSL outperforms supervised and pseudo-labeling baselines.
Dual-view consistency imposes a prior agreement that encourages low-density separation
and constrains function complexity, which is known to improve generalization under label
scarcity; weight-averaged or consistency-target variants (e.g., Mean Teacher [12]) routinely
outperform comparable supervised training with few labels. And modern confidence-aware
formulations (e.g., FixMatch [16]) demonstrate that SSL can match or even surpass full-
label supervised references in standard vision benchmarks [18]. By contrast, pure pseudo-
labeling is susceptible to confirmation bias—early mistakes reinforce themselves—leading
to oscillatory learning curves and inferior asymptotes unless additional regularization is
introduced [19]. These mechanisms align with what we observe at rol = 0.5 in Figure 3.

Comparison with a popular SSL baseline (FixMatch [16]). To contextualize perfor-
mance against a widely adopted SSL method, we include FixMatch [16] trained under
the schedule and label splits. Table 1 summarizes accuracy, macro-precision, macro-recall,
and macro-F1 (mean + std over three runs) for SMAD and FixMatch under identical
SSL setups. SMAD outperforms FixMatch consistently at all label ratios. For example,
at rol = 0.5, SMAD improves accuracy by +3.2 pts (91.2 vs. 88.0) and F1 by +4.2 pts (90.3
vs. 86.1); at rol = 0.25, the gaps widen to +4.5 accuracy/+5.3 F1; and at rol = 0.125, to
+8.3 accuracy/+9.2 F1. The precision/recall margins follow the same trend (e.g., recall
+4.8, +6.1, and +10.5 pts for rol = 0.5, 0.25, and 0.125, respectively), indicating that SMAD
maintains higher sensitivity without sacrificing precision as supervision decreases. These
gains exceed the reported standard deviations, suggesting robust improvements rather
than noise.

Table 1. Comparison with FixMatch across label ratios (values are mean =+ std over three runs).

Method (rol) Accuracy Precision Recall F1

SMAD (0.5) 91.2%+05%  89.9%+£0.6%  90.7%+0.6%  90.3%+0.5%
SMAD (0.25) 90.3% £04%  88.7%£07%  89.7%+£0.6%  89.1%=+0.5%
SMAD (0.125) 89.4% £0.6%  872%+08%  88.7%+05%  87.8%+0.7%
FixMatch (0.5) 88.0% +14%  86.5%+0.9%  859%+18%  86.1%+1.4%
FixMatch (0.25) 85.8% +1.1%  84.4%=+0.9%  83.6%+£09%  83.8% +0.9%
FixMatch (0.125)  81.1%+0.7%  79.6% +11%  782%+12%  78.6% +0.9%

Per-class accuracy at rol = 0.5. Per-class accuracy at rol = 0.5 shows that SMAD
achieves 91.5/82.3/92.5/88.1/96.8(%), exceeding FixMatch (77.1/76.7/90.8/87.4/95.4) and
SMADW (87.7/78.0/93.6/86.1/95.5) across all classes.

5.2. Ablation Study

Dense pixel-wise multi-scale vs. WideResNet. Table 2 isolates the effect of the encoder
by swapping SMAD’s segmentation-oriented backbone for a standard WideResNet while
keeping the SSL objective and schedules fixed. The dense, pixel-wise multi-scale backbone
yields higher accuracy/F1 at every budget, and the gap increases as labels become scarcer
(e.g., F1+1.3@rol =0.5, +3.5 @rol = 0.25, +6.8 @rol = 0.125; accuracy +1.4, +2.5, +5.4). This
pattern supports our design claim: spatially dense multi-scale features provide stronger
unsupervised targets under consistency, improving label efficiency when annotations
are limited.
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Effect of confidence-thresholded consistency (Figure 5). Introducing a confidence gate
into the consistency term (SMAD-THR) leads to a systematic reduction in accuracy across
all label budgets relative to SMAD, with the gap widening as the labeled ratio decreases. At
rol = 0.5, SMAD-THR converges to a visibly lower plateau than SMAD and exhibits a nois-
ier early trajectory; at rol = 0.25 and rol = 0.125, the attenuation is more pronounced and
the early-phase volatility persists longer, indicating that the gate suppresses a substantial
fraction of unlabeled updates when predictors are initially underconfident. This behavior
is consistent with the precision-recall trade-off inherent to confidence filtering: while high
thresholds are designed to exclude erroneous targets, they simultaneously curtail the recall
of informative unlabeled instances and can starve the unsupervised signal during the
period when it is most needed. Moreover, requiring both branches to exceed the threshold
tightens the criterion further and magnifies the effect under class imbalance or calibration
mismatch. Prior studies reported analogous sensitivities—confidence-thresholding yields
gains when calibration is strong and augmentation is aggressive (e.g., FixMatch [16], Noisy
Student [17]), but can underperform when thresholds are overly conservative or confidence
is miscalibrated [16-18]. The curves in Figure 5 align with the latter regime: A harder gate
reduces detrimental noise yet leaves performance below that of agreement-driven SMAD
that exploits the unlabeled pool more continuously.

Table 2. SMAD vs. SMADW. Values are mean =+ std over three runs.

Method (with rol) Accuracy Precision Recall F1

SMAD (0.5) 91.0% %= 0.8% 89.2% +1.1% 90.2% +1.1% 89.6% +1.1%
SMAD (0.25) 90.3% % 0.4% 88.7% £ 0.7% 89.7% £ 0.6% 89.1% £ 0.5%
SMAD (0.125) 89.4% £+ 0.6% 87.2% +0.8% 88.7% +0.5% 87.8% +£0.7%
SMADWY (0.5) 89.6% £ 0.3% 88.0% £ 0.5% 88.6% £0.4% 88.3% £ 0.5%
SMADW (0.25) 87.8% £ 0.5% 86.4% £ 0.9% 85.1% £0.8% 85.6% % 0.8%
SMADW (0.125) 84.0% £1.2% 82.9% £ 0.5% 80.5% £2.3% 81.0% £2.0%

SMADW uses WideResNet instead of SMAD's segmentation-oriented backbone.
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Figure 5. Effect of confidence-thresholded consistency (SMAD-THR) across label ratios.
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Computational efficiency. On the same hardware (Section 4.1), the average training
time per epoch over 100 epochs is 6.26 min (FixMatch), 6.50 min (SMADWY), and 8.49 min
(SMAD). Thus, SMAD incurs a modest overhead of +35.6% vs. FixMatch and +30.6% vs.
SMADVY, reflecting the heavier encoder. For inference on the fixed test set of 1680 images, to-
tal latency is 45 s (FixMatch), 105 s (SMADW), and 140s (SMAD), corresponding to through-
puts of ~37.3img/s (~26.8ms/img), ~16.0img/s (=62.5ms/img), and ~12.0img/s

~83.3 ms/img), respectively. In practice, these latencies remain compatible with offline
scanning and scheduled batch analytics, and the observed gains in detection accuracy,
macro-precision, macro-recall, and macro-F1 (Section 5.1) often outweigh the moderate
increase in compute for SMAD in security operations where false decisions are costlier than
additional milliseconds at inference.

5.3. Summary and Concluding Remarks

Under realistic labeling constraints characteristic of security telemetry, models that
leverage abundant unlabeled data deliver the greatest return on supervision. Across all
label budgets, SMAD’s dual-branch consistency achieves superior terminal accuracy and
smoother optimization than purely supervised training on the same labeled subset and
a pseudo-labeling variant, remaining competitive with—often surpassing—the full-label
supervised reference. In the more constrained regimes (rol = 0.25,0.125), SMAD reaches a
stable operating point in fewer epochs with only a modest reduction in the final ceiling,
evidencing strong label efficiency without sacrificing late-stage stability. A contributing
factor is the segmentation-oriented backbone, whose pixel-level, multi-scale features yield
descriptors more invariant to APK packing/repackaging and obfuscation; aggregating
agreement over dense spatial cues provides a higher-SNR unsupervised signal and better
early calibration, thereby strengthening the benefits of consistency training in this domain.

The confidence-gated ablation clarifies an operational trade-off. While hard thresholds
effectively suppress low-confidence noise, they also curtail the recall of informative unla-
beled instances during cold start, yielding lower asymptotes in our setting. Consequently,
calibration-aware or curriculum mechanisms—such as temperature scaling, dynamic or
branch-aware thresholds, or soft weighting—are preferable to fixed gates when calibration
is uncertain or class priors drift.

Taken together, these results indicate that dense pixel-wise multi-scale encoders paired
with dual-branch agreement realize the most value when labels are scarce. In malware-
image scenarios where padding/obfuscation and layout idiosyncrasies are common, pre-
serving fine spatial cues before classification appears particularly beneficial.

6. Conclusions

This paper introduced SMAD, a semi-supervised detector for Android malware that
couples dual-branch agreement with a segmentation-oriented encoder to exploit unlabeled
APK imagery under label scarcity. Across label budgets, SMAD surpassed supervised
training on the same backbone and a recursive pseudo-labeling variant while exhibiting
smoother optimization dynamics. In addition, a comparison against FixMatch [16] under
the same training schedule showed higher accuracy/precision/recall /F1 across label ratios,
and a backbone ablation confirmed that dense pixel-wise multi-scale features yield consis-
tent gains over a standard WideResNet. The confidence-thresholded ablation clarified an
operational trade-off: hard gates filter low-confidence noise but reduce unlabeled coverage
during cold start, lowering the asymptote in our setting. Taken together, these results
support SMAD as a label-efficient, deployment-oriented approach for malware analytics
where annotations are limited.
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Limitations and Future Work. We use only weak augmentations and a fixed confi-
dence threshold (no tuning). Future work will focus on augmentation-policy design and
confidence-threshold optimization (adaptive or schedule-based).
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Abstract: Distributed learning (DL), in which multiple nodes in an inner-connected net-
work collaboratively induce a predictive model using their local data and some information
communicated across neighboring nodes, has received significant research interest in recent
years. Yet, it is challenging to achieve excellent performance in scenarios when training
data instances have incomplete features and ambiguous labels. In such cases, it is essential
to develop an efficient method to jointly perform the tasks of missing feature imputation
and credible label recovery. Considering this, in this article, a distributed partial label
missing data classification (dPMDC) algorithm is proposed. In the proposed algorithm,
an integrated framework is formulated, which takes the ideas of both generative and dis-
criminative learning into account. Firstly, by exploiting the weakly supervised information
of ambiguous labels, a distributed probabilistic information-theoretic imputation method
is designed to distributively fill in the missing features. Secondly, based on the imputed
feature vectors, the classifier modeled by the random feature map of the x? kernel function
can be learned. Two iterative steps constitute the dPMDC algorithm, which can be used to
handle dispersed, distributed data with partially missing features and ambiguous labels.
Experiments on several datasets show the superiority of the suggested algorithm from
many viewpoints.

Keywords: distributed processing; partial label classification; missing data classification;
random feature map of x? kernel

1. Introduction

Nowadays, with the advancement of distributed hardware systems, substantial data are
typically collected and stored at multiple nodes over different geographical regions [1-10]. To
handle these kinds of data, distributed learning (DL), where multiple nodes collaboratively
perform the global-like task based on their own local data and limited information provided
by one-hop neighboring nodes, has been developed and has attracted much research
attention. DL is commonly used in many areas, such as anomaly detection [3], the industrial
Internet of Things [4], environmental monitoring [8], and data mining [7,10], due to its
excellent learning performance and adaptability to node failures.

For these DL algorithms, having a sufficient number of high-quality data with com-
plete features is a precondition for obtaining satisfactory learning performance. However,
due to various causes, such as absent features or acquisition failures, the collected data
vectors often contain a certain number of missing features [6]. A lack of high-quality data
can degrade classification performance. Recent years have witnessed some efforts to tackle
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this problem. Most current missing data classification (MDC) methods address the tasks of
missing feature imputation and predictive model induction independently. To be specific,
they firstly utilize some imputation methods, including mean imputation [11], knn imputa-
tion [12,13], logistic regression imputation [14], and auto-encoder imputation [15-17], to
induce an imputed model to fill in the missing features in the early stage and then learn the
classifier based on the recovered features. Although extensive experiments have shown
that these data imputation methods can boost learning performance to some extent, a
certain amount of training data is complete features and precise labels are required during
the induction of the imputed model, which may be infeasible in many real applications. In
addition to the above methods, in the literature [18-20], a probabilistic generative model
was designed to seek the optimal completion solution based on the learned model. For
such a method, although a complete data sample was not required to learn the imputa-
tion model, the missing features of some training data needed to be pre-imputed before
training the classifier. Since the accuracy of pre-imputation is heavily dependent on ac-
curate supervision information, it is difficult to obtain good learning performance when
a large amount of training data is unlabeled or ambiguously labeled. Another strategy
suggested in [21] was to lessen the negative impact of missing features on classification
performance by reducing the importance of training data that have many missing features.
However, this method does not consider the information about data distribution when
evaluating the weight of training data, which may lead to the degradation of the induced
classifier’s performance. Lately, a few novel MDC methods have been proposed [6,22,23],
which jointly address the tasks of missing feature imputation and classifier induction in an
integral framework. These MDC approaches usually require accurate label information to
impute missing features and induce classifiers, which includes an underlying assumption
that all the available labels of incomplete data are error-free. However, this assumption is
not valid in many scenarios.

Actually, gathering a substantial quantity of data samples with missing features is
simple, but labeling these incomplete data without any ambiguous information is an
expensive/time-consuming process. It is more likely that only partially labeled data
annotated with a series of ambiguous labels can be obtained. Therefore, it is preferable to
use the valuable information from ambiguous labels to perform missing feature imputation
in such cases.

Recently, partial label learning (PLL), which induces the classifier based on training
data annotated with ambiguous labels, has emerged as a new approach in machine learning.
Most traditional PLL algorithms are designed for multi-class classification (MCC) [24-26],
which typically employs disambiguation procedures to recover the correct label from the
candidate label set and then train the classifier based on the recovered labels. For example,
recently, two novel instance-dependent PLL algorithms were proposed in [27], which
characterize the latent label distribution to disambiguate the ambiguous labels by inferring
variational posterior density and exploiting the mutual information between label and
feature space. In [9], a distributed, semi-supervised PLL was developed in which the model
parameters, labeling confidence, and weights of training data are iteratively updated in
a collaborative manner. Recently, PLL was extended to deal with the problem of multi-
label classification (MLC) [28-33]. For example, in [33], a distributed, partial, multi-label
label method was introduced that identifies reliable labeling information from a series of
ambiguous labels based on globally common basic data and induces a predictive model by
making full use of identified credible label information. Although these approaches have
been shown to be effective, a significant limitation is that they do not account for the effect
of the missing features on the performance of the disambiguation strategy.
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Jointly taking the above consideration into account, in this article, as shown in Figure 1,
the problem of distributed classification of partially labeled incomplete data is considered.
For this study, an integrated framework was designed that could address jointly the tasks of
missing feature imputation and predictive classifier induction over a network. Specifically,
the main contributions of this paper are summarized as follows:

ﬁiistributed network feature label \
i LA
]
2 local data N j

D missing feature D non-candidate label
|:| available feature |:| correct label
|:| noisy label

Figure 1. An example of the topology of a connected network and a flowchart of the proposed
dPMDC algorithm.

1. In the proposed algorithm, a distributed, information-theoretic, learning-based
(ITL-based) data imputation method is developed based on the Gaussian mixture model
(GMM), which exploits weakly supervised information of ambiguous labels to guide
model parameter estimation. Then, the missing features can be imputed by computing the
conditional expectation based on the observed features and estimated parameters.

2. To induce the classifier based on the imputed data, the information-theoretic
measures, including logistic loss with respect to imputed data and the mutual information
with respect to cluster centers of the Gaussian components, are used to design the cost
function. By using the random feature map to replace the kernel feature map for the
discriminant function construction, a non-linear multi-class classifier can be distributively
learned. Moreover, in order to make the estimated labeling confidence more suitable
for guiding missing feature imputation and model induction, we introduced a novel
normalized sigmoid function to scale the value of labeling confidence.

3. We alternately established two steps in a collaborative manner and developed the
dPMDC algorithm, which can address the issue of the distributed classification of training
data presented by partially available features annotated with ambiguous labels.

The subsequent sections of this article are organized as follows: Section 2 formulates
the issue of the distributed classification of partially labeled incomplete data and presents
relevant preliminaries. Then, Section 3 describes the technical details of the proposed
dPMDC algorithm. Following this, Section 4 reports the experimental results of the dPMDC
algorithm and state-of-the-art methods on multiple datasets. Finally, we conclude this
paper in Section 5.

2. Problem Formulation and Preliminaries

In this section, the issue of the distributed classification of training data represented
by partially available features annotated with a series of ambiguous labels over a network
is formulated. To ensure that this paper is self-contained, some fundamental preliminaries
should be briefly introduced. To improve the readability of this article, we present the
explanation of professional terms and notation in Tables 1 and 2, respectively.
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Table 1. Explanation of notations.

Variable Meaning Variable Meaning
N; training data with N; observed training data
{xjn {O)nxjn} - ith i
Jm T n=1 complete features I I n=1 with incomplete features
{y ; n}fjf: . class label k(xp, x4) kernel function
weight vector with respect outpgt of the discriminant
we to the c-th class fe(x) function with respect to the
c-th class
distribution of trainin,
(xn) kernel feature map p(xn) data x, &
- mixine parameter mean vector of the k-th
k &P P Gaussian component
covariance matrix of the probal?111ty that the k-th
T k-th Gaussian component ek Gaussian component
belongs to the c-th class
distribution of x, with .
P (n |01, 1) respect to the k-th . Confl.dence of the c-th
s =k pec 8jm.e candidate label
Gaussian component
posterior probability
Yikn belongs to the k-th vji cooperative coefficient
component
Eik inverse matrix of I Q} w Nk auxiliary variable matrices
mutual information
(clxi) conditional probability Iy (a;K) between Gaussian
PREXn belongs to the c-th class WAS component centers and
class labels
ical distributi ¢ . .
p(c) f}rlr; pc 1_1:(1}$azl;islsstr1butlon © h(-) a scaling function
A weight parameter with A Zili}i f;ﬁﬁlij{ with
A respect to logistical loss B 1P .
information
Table 2. Explanation of technical terms.
Term Meaning Term Meaning

data imputation

filling in missing features
in training data

ambiguous labels

the label is not unique and
candidate labels consist of
the correct label and noisy
labels

discriminant function

describing the boundary
between separate classes

kernel function

a tool for non-linear
classification problems

random feature map

a promising tool for
approximating kernel
functions

Gaussian mixture model
(GMM)

a technique for estimating
the probability of data
belonging to a cluster

expectation-maximization
(EM) procedures

an iterative method to seek
the maximum likelihood
estimates

probability density
function (pdf)

a function for determining
the probability of the
variable falling within a
range of values
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Table 2. Cont.

Term Meaning Term Meaning
the unconditional the probability of an event
marginal probability probability of an event conditional probability occurring on the basis that

occurring

the other event occurs

mutual information

a tool for measuring the
amount of dependence
between two variables

missing completely at
random (MCAR)

the missing data are
independent of the
observed and unobserved
data

missing at random

the missing data are related
to the observed data but
not the unobserved data

missing not at random
(MNAR)

the missing data are related
to the unobserved data

2.1. Problem Formulation

In this paper, a network including | inter-connected nodes spread across a geographi-
cally dispersed region is considered. Without loss of generality, we model the considered
network using an undirected graph G = (J, &), where J indicates the set of the nodes
and £ indicates the set of the edges. Each node j in this network performs the global-like
computation by exchanging the information with its neighboring nodes i € B;, where
B; stands for the set of neighboring nodes composed of all the one-hop neighbors and
node j itself.

Assuming that the features of the training data are missing completely at random
(MCAR), there exist N; partially labeled incomplete data {Q inXjns y]-,n}nNL ; at each individ-
ual node j, just as shown in Figure 1. Here, Q; ,x;, € X D represents the observed input
vector and y;,, denotes the collected candidate label vector. To represent these kinds of
data, we use x;,, to denote a D-dimensional originally input vector with complete features
and introduce Q) , to stand for a D-dimensional diagonal matrix, where its d-th diagonal
element Q);, ; = 1if the corresponding feature is accessible; otherwise, Q2;, 4 = 0. So, in
the observed feature vector Q; ,x; ,,, all accessible features are preserved, while the absent
features are assigned to be zeros. The candidate label vector y; , is a C-dimensional vector,
which is composed of C specific classes, with the c-th entry being 1 if the c-th label is a
candidate label and 0 otherwise.

Assuming that the discriminant function is non-linear, we can express the value of the
output of the discriminant function with respect to the c-th class as

fe(xn) = ) oc ik (x, xn), 1)
T

where k(xy, x,) =< ¢(xp,), p(x,) > denotes the kernel function, with ¢(-) being the infinite-
dimensional kernel map in the reproducing kernel Hilbert space. &, ; denotes the weighted
coefficient with respect to the c-th class. Based on the kernel feature map ¢(-), we can
rewrite (1) as

fe(xn) = wCT~4>(xn), (2)

where w, denotes the weight parameter with respect to the c-th class, which can be calcu-

lated by we = Y, e pp(xy).
The objective of the proposed algorithm is to seek the optimal weight parameter so
that the high-precision classifier can be obtained.
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2.2. Random Feature Map

Since the kernel feature map ¢(-) cannot be explicitly expressed, the weight vector w,
composed of a linear combination of the kernel feature maps cannot be adaptively updated
and freely exchanged among neighboring nodes.

To address this issue, we utilize a limited-dimensional random feature map ¢(-) to
substitute the original kernel feature map ¢(-) for model parameter construction. But,
calculating the values of some common kernel functions, including the Gaussian kernel
and Laplacian kernel, requires the components of the feature vectors to be complete. If we
apply the random feature map of a Gaussian kernel or Laplacian kernel to the incomplete
data, then the approximation error of missing feature imputation may increase and the
properties inside the approximated feature space may be deteriorated. Taking this into
account, the x? kernel, whose features are independent of each other, is employed in this
paper. Specifically, the kernel function of the x? kernel is calculated by [34]

Doy
,dXn,d
k(X xn) =), ————, ®3)
X ,j; Xnd + Xpd

Correspondingly, the random feature map with respect to the x? kernel function can
be constructed by

~

¢(xn) = [@(xn,l)T/"'I(ﬁ(xn,D)T]Tr 4)

with each element

\Vi xn,dHi%Or k=0,
[P )]k = /2xn,de;%1 cos(k%lHlogxn,d), k>0, odd, (5)

\/Wsin(émog Xnd), k>0, even,

where &y, k = 1,..., U denotes the discrete spectrum, which is sampled from the correspond-
ing continuous function %,. H stands for a parameter whose value depends on particular
facts. Readers can refer to [34] for a detailed discussion.

3. dPMDC Algorithm

This section presents the technical details of the dPMDC algorithm. In general, our
proposed algorithm consists of two main parts. For the first part, we present an ITL-based
missing feature imputation approach that can fill in missing features by fully using the
weakly supervised information of ambiguous labels. In the second step, based on imputed
data features, a multi-class classifier can be distributively induced at each individual
node, which can be used to update the labeling confidences. We perform these two steps
alternately until convergence.

3.1. Missing Feature Imputation

In this subsection, a fully decentralized ITL-based missing feature imputation method
is described based on the GMM model. At first, the parameters of the Gaussian mixture
components can be adaptively estimated via fully decentralized expectation-maximization
(EM) procedures. Then, the missing features of each training datum can be imputed based
on the estimated parameters of the GMM and the partially observed features.
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To be specific, referring to the theory of the GMM model [20], the distribution of each
training datum with full features may be described as a mixture of K Gaussian components,
as indicated by

K
p(xn) = Z 70 p (Xn [P, Zi), (6)
k=1

where 71; denotes the mixing parameter. The probability density function (pdf) p(x, |p, Zk)
characterizes the distribution of training data x,, with respect to the k-th component in the
GMM, which can be expressed by

_1 _ o \Ty—1 B
P(xn|ﬂk, Zk) _ eXP( 2<xn P‘kQ) Ekl (xn Vk))/ (7)
(271) 7 |E| 2

with py denoting the mean vector of the k-th Gaussian component and I representing the
covariance matrix of the k-th Gaussian component, respectively.

In this approach, weakly supervised information from ambiguous labels is incorpo-
rated into the GMM model and then the data distribution (6) can be reformulated as [35]

C

K
p(xn) = Z Z Tk 7P (Xn |k, T ), 8)
c=1k=1

where 7. denotes the probability that the k-th Gaussian component belongs to the
c-th class.

To fill in the missing features, we formulate the decentralized framework of missing
feature imputation, which is composed of the log-likelihood function Q(6) and a series of
consensus-based constraints, i.e.,

] J ¢ N
6) = Z Q]( Z Z Z g],nctlog Z Z 7] ck 7T ],n Vj,kzzj,k)/
j=1

j=lc=1n= c=1k=1 (9)
st pik=tik, Zjx=Zik Tick=Ticke Tjkx= Tk jE T, i€B

where St stands for the confidence of the c-th candidate label with respect to Xj, at
iteration t and N denotes the amount of training data belonging to the c-th class (their
candidate label sets contain the c-th class) at node j. For simplicity, we use 6 to represent
the parameter set of the GMM, where 0; = {yj,k, ik T Tick lk=1,..,K}.

Referring to the general GMM [36], we would like to utilize the EM method to obtain
the optimal solution of (9). But, since partial components in the data vector x;, are absent,
the EM procedures cannot be directly executed. To address this problem, we use the
marginal probability distribution with respect to the observable features to substitute the
original one p(x;,|p;, ;) for parameter estimation. To explicitly express this marginal

probability distribution, we divide the whole training data sample as x; ,, = [x;’nT , x]mnT]T,
where x¢ i and x ', respectively denote the observed and missing features of x; . Corre-

spondingly, we have the new forms of y; x and Z; ; as follows:

00 om
Lo I

zmo i (10)
]/

g =T, L=
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By employing the above marginal probability distribution, we reformulate the loss
function (9) as follows:

Zzzg],nctlogzzr]ckﬂ:]kp Xin V]kr 0)

j=lc=1n= c=1k=1 (11)

st pik =tk Zjk=Zik Tick=Tickr Tjk= Tk €I, i€Db;

Update of mean vector p:y1: We can update the mean vector p;, by solving the
following optimization problem:

ki1 = argmax Q/(6|6t)

NC
c 7
—argmaxz Zg]nctlogz Zr,cktn,ktp( ]n|.”],kr ]kt)
c=1n=1 c=1k=1
c N " (12)
= argmax ) Zg]nct10g227
c=1n= C1k12n2|20 |2

1
-exp(—i(x?,n _.”;'),k)TZ;‘;(t (x ;'),n _P’jo',k))r

s.t. ]/lj,k = Hik, ] eJ, i€ B/

The aforementioned objective function (12) can be equivalently expressed in a full
vector form, i.e.,

c N

c K
Hiki+1 =argmax y Y giycilog 2 Z
C: :

c=1n=1

]kt‘
(27

Tickt7Tjk,

1 _ (13)
rexp(— (¥ — 1)) T (Bt — Aty (X0 — 1ik)),

s.t. Hik = Miks jed, ic B],

where Eix € RP*D ig the inverse matrix of i which is composed of four parts,

£ EoW
ie, Bjx = [EZ”E’ - /ﬂm . Considering that the value of & "'0" is not equivalent to the
ik Sk

value of Z;J?(’_l the matrix Ay is introduced to solve this problem, which is given by

00 -1 omr-'mm moy00,—1
A, = | B EREERE oom]
1

Omo Omm
To obtain a global consensus estimation of the mean vector, referring to the diffusion

cooperative strategy in [10], the update process can be established by two steps, adapta-
tion and cooperation. In the adaptation step, the mean vector can be locally estimated
depending on the local data. In the cooperation step, we can update the mean vector by
combining the instantaneous estimations exchanged from neighboring nodes with the
cooperative coefficient.

To be specific, taking the partial derivative of (13) and setting the results to 0, we have

c N

Z Z g]nct')’],kntn]n( — A )Q]n(x]n F‘j,k) = Opx1- (14)

c=1n=
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It is noted that, for simplicity, ;. + is introduced to denote the posterior probability

belonging to the k-th component using the current estimations of parameters { y}? et Z;",’( e

which can be calculated by

C
Zczl rj,ck,tnj,k,tp(x;‘),n |.u]D',k,t/ Z;‘),?{,t)

T VK
Lot Yokt Tkt Tkt P (X5,

’Yj,k,n,t = (15)

i)

Based on (14), each component of p;; can be locally updated using the local observed
features and the posterior probability ;1 i.-e.,

N¢
C j
’ i ; x;,(d
s (d) = Yoo 1Zn 1 8jmc VX ), i—1..D. 16)

Z 1Zn 18],nct’7]knt0], (d)

Then, by combining the estimation exchanged from neighbors, we have

Hjkt+1 = Z U]zP’zktﬂf (17)
IEB

where vj; represents the cooperative coefficient, which can be designed according to the
Metropolis rule [10].

Update of covariance matrix Z; ;: We can derive the update equation of the covariance
matrix X;; by addressing the subsequent optimization problem:

Likit1 = arg max Q (6|9t)

:argmaxZZZg],nct ng Zr,ckt”]ktp XLl W e i)
j=lc=1n= c=1k=1
c N (18)
:argmaxZZZg]nctlogZZ Tkt Tt =B~
j=1c=1n=1 c=1k=1 (2)2

1 T -
~exp (=5 (%0 = Hjjot) Ry (Eik = Ajgot) Qo (X0 — Bikr)),
s.t. Z‘j,k = Zi,k! jeJd, ic B]

Taking the partial derivative of (18) with respect to I ; and letting its results equal
zero, we have

c N

) ) ! . ) \To. y—1) _
Z Z g],n,c,t')’],k,n,tnj (A] kt Z Q] n(x/ n ,u],k,t)(x],n - ,u],k,t) Q],nzj,k ) =0pxp,
c=1n=1

where o denotes the Hadamard product and 1p«p is a D x D dimensional square matrix,

with all the entries being 1. The auxiliary variable matrices Q}’n = Q;,1pxpQ;j, and

A% A
A / /7 | with
k=
] A mo Aj’rzm
,—1 = T T
o =zt -y EFSR 06— 20— (0 — ) (), — )
. —uomz Zoo - ZOO 712}37(1:71]?( ”], )(x}),n _ ”j,k)T—-omZmoZoo

These auxiliary variables A, 0’” A ¢, and A}mk'" are introduced to recover the complete
matrix X;x. It is noted that regardless of what values are assigned to these auxiliary
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variables, equation (19) remains valid since their corresponding Hadamard coefficients in
Q;/n are zeros.
Using Z x to pre-multiply and post-multiply both sides of (19), we can obtain

C ] ,
2 2 jnetVjkn, tQ 0 (kA ki Zik — D (X — M) (X0 — Pikt) T Qjn) = 0D
c=1n=1

The update equation of the (dy,d;)-th element of Zx ; | can be obtained based on the
local data, which are given by

: e Z SimetVikntSint(dr, d2)
Zj,k,t+1(d1/d2) =1 ’;\]1 jmet VikntOjn , on

DSED BT it Vi, (1, d2)

200 A 00 ZOO I 0
/ k, kt=ik, 00 om
where Sj,n,t = Qj,n o (x]"n — yj,k,t)(xj,n — ]/lj,k,t)T + JRATTT AT K
07710 omm
Similar to the update of the mean vector u;,, we can update the covariance matrix
p Hik p
at node j by combining the instantaneous estimation exchanged from neighboring nodes
i€ B
!
Zijt+1 = D UiZijs1 (22)
iGBj

Update of mixing parameter 77;: Based on the latest estimation g1 and Xy 114,

we can update the mixing parameter 77, via adaptation and cooperation steps:

c VY
]
/ 25:1 Zn:l gj,n,c,t')’j,k,n,t+1
Tikt+1 = ¢ ’ (23)

K C N]
Yim1 Xm1 Ly=1 8 et Yjkn 41

Tikt+1 = Y VjiTikir1- (24)
IEB]
Update of probability 7; : Similarly, by keeping the other parameters unchanged, we
can update the probability 7;  as follows:

¢

]
! _ YaZ18imetienkit 25
Vickt+1 = c N ’ (25)

i
=1 Lnz1 &jmetOcnkt+1

!
Tickt+l = Z Vil ek p+17 (26)
IGB]'

TCj et j,ck,tﬁ(x}’,n ‘F‘?,k,tﬂ Zﬂ t+1)
Tt Tkt ot Tkt PO M0 11 Z05% 1 41)
probability of the k-th component of the n-th training data belonging to the c-th class.

where the probability 6; ., k41 = denotes the posterior

Then, based on the observed features x;? and the parameters of GMM, we compute

the conditional mean of the missing features x ? to impute the missing feature x ' 371,

which is given by

Am|o m|o
Xint+1 = Z Tikn fHV] k,t+1
v (27)

K
Z Vikntt1 ”],kt+1+2]kt+lz‘;(l)ct+1( X = i)l
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no
where p. |

ikt denotes the corresponding conditional expectation.

3.2. Classifier Induction

In this subsection, we describe the induction of the classifier using the imputed data
and the learned Gaussian component centers.

To be specific, the logistic loss of all the imputed data is designed to leverage the
supervised information from the ambiguous labels. Subsequently, the objective function
can be expressed as follows:

] N
min — Z ZAAIOgZy]ncg]nctp( |x]nt+1)
We o jSinmt o= (28)

st. wjc=w;., jeJ,i€E B;,

where A 4 stands for the weighted parameter with respect to the logistical loss of training
data. The conditional probability p(c|%;, 1) can be characterized by the kernel logistic
regression functions modeled by the random feature map, which is given by

p(c|®j 1) o< exp (wcT : Ga(fj,n,tﬂ))- (29)

Then, the mutual information between the Gaussian component centers and their
corresponding class label is used to construct a regularization term, which helps explore
the hidden structure of data and group data items into the corresponding classes [38], as
shown below:

_ i i i i o plclajiist) (30)
=255 K ]kt+1 g p(C) 4
where the empirical distribution of class labels can be estimated based on K learned
Gaussian components, i.e., p(c) = pj(c) = %Zle p(clajiiy1) forj € J. Here, aji;q1 is
the estimated center of the k-th learned Gaussian component, which can be obtained by the
mean vector of imputed training data belonging to the k-th Gaussian component.
Incorporating the mutual information regularization term into the objective function,
we have

] N;
mI/\i/nF: ZF]' = —Z Z/\Alogzy]ncg]nctp( | n,t41)
j=1 j=

J

1n=1 c=1
£ 5 £ B gt O
- T 1 S
=0 G p(c)

s.t. Wi = Wi, jeJ,ie B;,

where Ap denotes the weighted parameter with respect to the mutual information
regularization term.

Update of model parameter w;: Considering that the objective function is too com-
plicated to obtain the closed-form solution, we optimize the model parameter {wjrc}ccz1
using the steepest gradient descent (SGD) method and diffusion cooperative approach.
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To be specific, at the iteration t > 0, we have the update equation of the model
parameter {w; }:

!

Wictr1 = Wiet — Ci+1Vw, Fit, (32a)
!
Wicit1 = Y Vji)pi1s (32b)
iEB]‘

where (11 denotes the time-varying learning rate. The gradient vy, F;

N.
! Yine8 j,n,c,tpj,n,r:(l - Pj,n,{:) = Ycth Yimh&nnPinhPinc A
Vw: Fi=— Z Ag “P(Rjn041)
e C ) ) ) i,
n—=1 Y1 Yine8jnetPine

K 4 C a
- k; %P?,k,c (log p;j:C - h; P?,k,h log p;;:h> ¢ (“j,k,t+1)-

For clarity, we use pjc, pj) ., and p. to denote the abbreviations of p(c|®j.), plclajk),
and p(c), respectively.

Update of labeling confidence g;,.: In this approach, labeling confidence g;, . plays
two important roles. First of all, it may be applied directly to the imputation of missing
features. Secondly, it also serves as a guide for model induction. Obviously, the value of the
labeling confidence will heavily affect the imputed features as well as the induced classifier.

The detailed update processes of labeling confidence g; , - are presented as follows.

At the initial state t = 0, the value of labeling confidence of candidate labels can be
set as

1 .

s i Yjne=1

8inc0 = Y1 Yjne . )
0 if Yine = 0.

At the following iterations ¢t > 0, the labeling confidence can be updated based on the
conditional probability p; , .+, which is given by

h;

jmct+1 . o

= ity =1,

gj,n,c,t+1 — 21:1 hj,n,l/tJrl Jae (34)
0 if Y = 0.

In this article, to make the labeling confidence more suitable for guiding data imputa-
tion and classifier induction, we utilize a novel map h(-) to adjust its value as follows:

B, 1/ (1 +exp(—v(pjucet1 —0.5))) —1/(1 +exp(0.50))
el = 1/(1+ exp(—0.5v)) —1/(1 + exp(0.5v)) ’

with v denoting a time-varying scaling factor. Initially, the performance of the induced
classifier may be coarse due to the impact of noisy labels. At this point, a small value of v is
employed to assign low confidence to the induced classifier. Through a sufficient number
of iterations, the impact of noisy labels diminishes, yielding more reliable classification
performance. At this point, a large value of v is utilized to give a high confidence to
the classification result of the induced model. Considering this, we set the parameter
v =log(t+1).

By alternatively executing the steps of missing feature imputation and model induc-
tion, we can obtain the optimal classifier. For clarity, the pseudo-code of the proposed
dPMDC algorithm is summarized in Algorithm 1.

For illustration, the diagram of the main steps of the proposed dPMDC algorithm is
presented in Figure 2.
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Algorithm 1 dPMDC algorithm

Require: Input partially labeled incomplete data
wjc0 = Opy for each node j.

N;

41, and initialize

{Qj,nxj,n/ Yin }

1: fort =0,... do
2: forje J do
3:  Calculate ”;‘,k,t 41 and Z;’,k,t 41 Via (16), (21), and exchange them with the neighbors B]'.
4: end for
5. forj e J do
6:  Calculate gty 111, Zjx 141 via (17) and (22).
7. end for
8 forjec J do
9 Calculate ”],'kt 41 and r} ckt+1 Via (23) and (25), and exchange them with the
neighbors B5;.
10: end for
11: forj € J do
12 Calculate 77 411 and 7 e 111 via (24) and (26).
13: end for
14: forjc J do
15:  Impute the missing features of the training data x}’fn, p41 via (27).
16:  Obtain the random feature map 43(32]-,7,,&1) via (4).
17: end for
18: forj e J do
19:  Calculate w; ct+1 via (32a) and exchange it with neighbors i € B;.
20: end for
21: forj € J do
22:  Calculate w; ;1 via (32b).
23:  end for
24: forj e J do
25:  Calculate the new confidence g ¢++1 via (34).
26: end for
27: end for
28: Output: Optimal multi-classifier f; .
data imputation ﬁassiﬁer induction \
: '/communication \“. EI’A()}_ ) S \‘
/ i : o110 jnet, local E
fl node J ‘E e E 1 > estimation !
E local [ o | E Wica i
i > estimation i e i '.\ nodej Wi e /,
: : P X
et Oy || TR
! {;z-' o } E {ﬂ].l+l7zj,/+l} i 7 Y
\\ kot J‘tk,/+l’ g \ ﬂ/’,k.wl’r/,.rk.tﬂ} ,:'I i ° E
’ S i W;.r,u ;
b o) el AL communicaion,
R v
i {5} i} | 3
\\\ ! Wit labeling
_—> confidence

estimation

IM]/
/
.

Figure 2. Diagram of the main steps of proposed dPMDC algorithm.
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3.3. Performance Analysis

In this subsection, we conduct a theoretical analysis of the convergence, the computa-
tional complexity, and the communication cost of the proposed algorithm.
We first present some common assumptions before conducting the convergence analysis.

Assumption 1. For a connected network G, the cooperative matrix V with its element Vj; = vj;
satisfies the following conditions: V1; = 1j and 1]TV = 1]T. Additionally, the spectrum norm of
the matrix V — (1/])1]1]T is no larger than 1.

Lemma 1. For a connected, distributed network, if Assumption 1 holds, then all the local estimates
of model parameters at each individual node j, including p; .+, j .t/ 70 k. ¥ ck,t» and Wiy, converge
to their average Ual_ues through a sufficient number of iterations, i.e., limy oo ||pt ks — fir | =0,
My oo [|Zjps — ZipllF = 0, limyseo |4 — el? = 0, limgsoo 7 ek s — Tekt|* = 0, and
limy o0 [|w) e p — Wet] |2 = 0. It should be noted that fix;, T s, 7t t, Tek s, and Wey denote the

average values of {ﬂ]’,k,t}]I:L {Zj,k,t}]j-zl, {ﬂj,k,t}]]-:y {rj,ck,t}]]':y and {wj,c,t}}:y respectively.
Proof. See [39]. [

Theorem 1. For a connected network G, if Assumption 1 and Lemma 1 hold, the parameters of the
GMM 0;; = {I/’j,k,tr L kts Tk ts ”j,ck,t}k can converge to the optimal value 0" as t tends to infinity.

Proof. See Appendix A of [40]. [

Theorem 2. For a connected network G, if Assumption 1 and Lemma 1 hold, the model parameter
of the multi-class classifier W;; can converge to its optimal value W* when t — co.

Proof. See Appendix A. [

Based on Theorems 1 and 2, we know that all the local estimates of variables at
each individual node can converge to the optimal values through a sufficient number
of iterations, provided that the distributed network keeps connected, which verifies the
effectiveness of the dPMDC method in theory.

The computational complexity of the algorithm is measured by the number of addi-
tion operations (AOs) and multiplication operations (MOs) at each node at each iteration.
Table 3 summarizes the amount of the addition and multiplication operations of the pro-
posed algorithm. To clearly illustrate the calculation methods of AO and MO, we cite two
relevant examples:

Example 1. Taking the addition of two N x N matrices as an example, the whole process requires 0
multiplication operations and N? addition operations.

Example 2. Taking the multiplication of two N * N matrices as an example, the whole process
requires N® multiplication operations and N(N — 1) addition operations.

By observing Table 3, we can see that the computational complexity of the algorithm
is related to multiple factors, including the proportion of missing features P,, at MCAR
assumption, the dimension of non-linear mapping DU, the number of Gaussian compo-
nents K, and the network topology, in addition to the characteristics of the data themselves.
Therefore, when the number of neighbor nodes in the network is moderate, the compu-
tational complexity of the algorithm is acceptable as long as the value of K and DU is
controlled within a reasonable range.
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In addition, we also analyzed the communication complexity of the algorithm. At
each iteration f, each node j needed to exchange K(D + D? + 1 + C) + CDU scalars to its
neighboring nodes. So, the communication cost of the proposed dPMDC was deemed to
be acceptable.

Table 3. Computation cost in terms of number of MOs and AOs per iteration ¢ per node j.

(i) MO (1= Py)3D3+ (1 - Py)?D*+ (1 - P,)D+C+CK
Viknsk,
P A0 1(1-P,)°D® + (1 - P,,)?D?+2(1— P,,)D + C + CK
MO D(|B;| + 2N;C)
(it ! !
AO D(|Bj| +4N;C)
(= MO D?(|Bj| +2N;C) + (1 — Py)*PuD? + 4(1 — P,)*D?
ik Sk
! AO D2(|B;| + 4N;C) + (1 — Pyy)2PyyD® + 4(1 — P,,)3 D
MO KN;C + | B
{7tk bk ! !
AO KN;C+ N;C + |Bj|
MO 2CKN; + NiC + | Bj|
{Tj,c,k}c,k ! ! !
AO CKN;j + N;C + N; + | B
@y, MO KPyD + (1 = Py)®D? + Py(1 — Py)?D? + Py (1 — Pyy) D?
I AO KPyD + (1 = Py)®D? + Py (1 — Py)?D? + Py (1 — Py) D?
MO T[DU(|B;| + 4N;C + KC)]
{wj,c}c
AO T[DU(|B;j| + 6N;C + KC)]
(g tne MO CDU + 6
Simelne —xQ CDU +2C+6

4. Experiment

In this section, to validate the efficacy of the proposed approach, a series of experiments
on several artificial and real PLL datasets are described, including the Double Moon [9],
mHealth [41], Gas Drift [41], Pendigits [41], Segmentation [41], Ecoli [41], Vertebral [41],
Lost [42], Birdsong [43], and MSRCv?2 [44] datasets.

The profiles of these utilized datasets are shown in Table 4. It is noted that seven
artificial PLL datasets (Double Moon, mHealth, Gas Drift, Pendigits, Segmentation, Ver-
tebral, and Ecoli datasets) were generated by adding a series of noisy labels into the set
of candidate labels under the configuration of two controlled parameters, s and € [9]. In
this context, s represents the number of noisy labels inside the candidate label set and e
represents the co-occurrence probability between a coupling noisy label and the correct
label. That is, for each partially labeled data sample, a randomly selected coupling noisy
label and the correct label occurred in a pair with probability €. For three real-world PLL
datasets (Lost, Birdsong, and MSRCv2 datasets), the original labels of the training data
were ambiguous and, thus, no extra noisy labels were added into the set of candidate labels.

To investigate the impact of the different proportions of missing features on classifi-
cation performance under the MCAR assumption, a metric P, namely, the percentage of
missing features relative to the total number of features in the training dataset, was defined.
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Table 4. Summary of characteristics of used datasets.

Dataset No. Training Data No. Testing Data No. Dimension No. Class

Double Moon 20,000 5000 2 4
mHealth 16,000 4000 23 4
Gas Drift 11,120 2790 129 6
Pendigits 2800 698 16 10

Segmentation 3700 928 19

Ecoli 270 66 8
Vertebral 250 60 6

Lost 900 222 108 16
Birdsong 4000 998 38 13
MRSCv2 1410 348 48 23

For each experiment, a total of 50 Monte Carlo cross-validation simulations were
conducted, and the average results from these simulations are reported herein. Furthermore,
all datasets utilized in each Monte Carlo simulation were arbitrarily partitioned into
10 folds; the training phase utilized 8 folds, while the testing phase employed the remaining
2 folds. To simulate the performance of a distributed network, here, an interconnected
network consisting of 10 nodes and 23 edges was randomly generated. All training data
were completely randomly partitioned into | parts with equal size and allocated to these
nodes. To conduct the following experiments, the data instances needed to be preprocessed
at the initial state, i.e., the values of attributes were normalized into [0, 1].

At each trial of simulation, for the proposed dPMDC, the parameters were set as
Ag =1,Ap =0.1,and K = 30, U = 4; the step size was set as {; 1 = 0.25/1%3; and the
weight parameters W are set as w; o = Opy initially. The mean vector could be randomly
initialized to a vector uniformly distributed in the range (0, 0.5) and the covariance matrix
could be initialized to a D-dimensional identity matrix Ip. Furthermore, in the initial state,
we had the mixing parameter 77,9 = % and probability 7; 40 = %

Taking “mHealth” and “Gas Drift” as representatives of all the considered datasets,
we depict the learning curves of the imputation error and classification accuracy of the
proposed dPMDC algorithm in Figures 3 and 4. In order to test the robustness of the
algorithm under different network sizes, we also compare the changing curves of impu-
tation error and classification accuracy of the proposed dPMDC on multiple distributed
networks. It should be noted that in this experiment, the controlled parameters of the dis-
tributed network topology were characterized by the number of nodes | and the number of
edges |£|.
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Figure 3. Learning curve of imputation error of dPMDC using different networks on “mHealth” and
“Gas Drift” datasets.
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Figure 4. Learning curve of classification accuracy of dPMDC using different networks on “mHealth”

and “Gas Drift” datasets.

By observing the simulation results presented in Figures 3 and 4, we can notice
that the learning curves of imputation error converged significantly faster than those of
classification accuracy. The values of imputation error rapidly decreased at the initial 15
iterations and converged to the stable state after about 15 iterations. The learning curve of
classification accuracy was relatively smooth. During the first 50 iterations, the values of
classification accuracy steadily increased. After about 70 iterations, it gradually converged
to the optimal value. We also can observe that the learning curves of the proposed algorithm
using different network topologies, either the imputation error or the classification accuracy,
were very close to each other. The simulation results show that the size of the network did
not significantly affect the learning performance of our proposed algorithm.

Furthermore, we also compare the CPU times of the proposed algorithm at each
individual node under different networks on the “mHealth” and “Gas Drift” datasets in
Figure 5. To ensure fairness in this experiment, we set the amount of training data at each
individual node to be the same. From Figure 5, we can see that the CPU times of the
proposed algorithm at each individual node remained nearly unchanged. Such a result
indicates that different network topologies could not affect the computational efficiency of
the algorithm, as long as the data size of a single node remained unchanged.
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Figure 5. CPU times of dPMDC algorithm versus different network topologies.

Additionally, to simulate the robustness of the proposed algorithm against the initial
setting of the model parameters, we compared the learning performance of the proposed
algorithm with different parameter settings. To be specific, two different cases were taken
into consideration.
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Case 1: We maintained the original settings. That is, the mean vector of each Gaus-
sian component could be randomly initialized to a vector uniformly distributed in the
range (0,0.5), the covariance matrix of each Gaussian component could be initialized to
a D-dimensional identity matrix Ip, and the weight parameter could be initialized to
wjc0 = Opu.

Case 2: We reset the initialized settings. That is, the mean vector of each Gaussian
component was randomly initialized to the training data with complete attributes of the
local node and the covariance matrix of each Gaussian component was initialized as 0.5Ip.
We set the initialized state of the weight parameter as w; .o = 0.01 X 1py.

We depict the learning curves of the imputation error and the classification accuracy of
the proposed algorithm with different initial settings in Figures 6 and 7. It should be noted
that in order to distinguish them from each other, we name case 1 dPMDC with originally
initial setting and case 2 as dPMDC with newly initial setting. From the simulation results
in Figures 6 and 7, we can observe that the changing curves of dPMDC with originally
initial setting and dPMDC with newly initial setting were almost overlapping, indicating
that our proposed algorithm was insensitive to the initial setting of the model parameters.
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Figure 7. Learning curve of classification accuracy of dPMDC with different initial settings on
“mHealth” and “Gas Drift” datasets.

Moreover, we investigated the impact of different values of parameters A 4 and Ap
and the discretization level of random feature map U on the classification performance of
our proposed algorithm using the “mHealth” and “Gas Drift” datasets. In this experiment,
we investigated the performance changing of the proposed algorithm by varying the value
of one parameter while keeping the other parameters unchanged. We can see that the
changing trends of the parameters A 4 and A were similar. The simulation results presented
in Figure 8 indicate that as long as the values of parameters A 4 and Ap were set within
[0.1,1] and [0.01, 0.1], good learning performance could be obtained. We can see that the
classification accuracy of the proposed method gradually improved as the discretization
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level of random feature map U increased. The possible reasons were analyzed and are
presented as follows. When the value of U increased, the random feature map could give a
more precise approximation for the kernel feature map, which boosted the classification
performance of the induced classifier to some extent. When the value of U exceeded 4, the
performance improvement resulting from the increment of U diminished progressively.
Since larger values of U led to higher computational complexity and communication
cost, an appropriate choice for U could be set as 4 in order to achieve a balance between
classification performance and computational complexity.
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Figure 8. Classification accuracy of dPMDC algorithm versus weight parameters A4 and Ag and
discretization level of random feature map U on “mHealth” and “Gas Drift” datasets.

Considering that the value of K had a significant effect on both imputation error
and classification accuracy, we investigated the changing trends of imputation error and
classification accuracy versus K, shown in Figure 9. The simulation results indicate that
the learning performance of the proposed dPMDC gradually improved as the number of
Gaussian mixture components K escalated. When the value of K was greater than 30, the
extent of learning performance improvement rapidly decreased. These changing trends
were similar to those of U. Therefore, we set the number of Gaussian mixture components
K to 30 to strike a balance between computational complexity and learning performance.
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Figure 9. Imputation error and classification accuracy of dPMDC versus number of Gaussian
components K on “mHealth” and “Gas Drift” datasets.

Furthermore, we investigated the learning performance of the proposed dPMDC
algorithm for different distribution data. Given the challenge of characterizing the distribu-
tion of existing real datasets, we adopted a common synthetic dataset known as “Double
Moon”. Referring to the operations in [9], we randomly generated 20,000 training data and
divided the upper and the lower moon into two classes, as shown in Figure 10. Then, a
special number of noisy labels were added into candidate labels, such that the values of the
controlled parameters were s = 1 and € = 0.3. To simulate the learning performance of
the proposed algorithm, we added noise from different distributions to the training data.
Specifically, three cases were considered.
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Case 1: We added zero-mean Gaussian noise to the training data so that the signal-to-
noise ratio was equivalent to 15 dB.

Case 2: We added 0-1 noise with a magnitude of 0.3 and a probability of 0.5 to the
training data.

Case 3: We added uniformly distributed noise with a magnitude of 0.3 to the
training data.

For clarity, we depict the training data after adding noise in Figure 10.

The learning curves of the imputation error and classification accuracy of the proposed
dPMDC for three cases are presented in Figure 11. We can see that the learning curves were
quite similar except for the first few iterations and all converged to ideal levels, indicating
that the GMM could effectively characterize the training data with different distributions.
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Figure 11. Learning curve of imputation error and classification accuracy of dPMDC on “Double
Moon” dataset with different types of noise.

To validate the efficacy of the proposed approach in imputing the missing features, we
investigated the imputation error of the proposed dPMDC algorithm under the different
types of missing data, including MCAR, missing at random (MAR), and missing not at
random (MNAR).

MCAR: The missing data features were completely independent of the variable value.
In the following experiments, we used P, to measure the probability of missing values.

MAR: The probability of missing data features was related to the observed variables
and unrelated to the characteristics of the unobserved data. In the following experiments,
we randomly selected a pair of strongly correlated features. When one feature was larger
than threshold 4, the coupling feature was missing with probability P..

MNAR: The missing data features entirely depended on the unobserved variable itself.
In the following experiments, we assumed that when the value of an attribute was greater
than the threshold 4, it was missing with probability 100%.

In the following experiments, for all the artificially generated PLL datasets (Double
Moon, mHealth, Gas Drift, Pendigits, Ecoli, Segmentation, and Vertebral datasets), a
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special number of noisy labels were added into candidate labels, such that the value of the

controlled parameters the s = 1 and € = 0.3. For three real PLL datasets (Lost, Birdsong,

and MRSCv2 datasets), no extra noisy label was added.

For the purpose of comparison, the imputation errors of the other existing imputation

methods, including kNN imputation [13], subspace learning (SL) imputation [6], logistic

regression (LR) imputation [14], extreme learning machine auto-encoder (ELM-AE) im-

putation [15], multi-layer auto-encoder (MAE) imputation [17], support vector regression

imputation-based support vector machine (SVR-SVM) [22], and missing-data-importance-
weighted auto-encoder imputation (MIWAE) [23] under the MACR, MAR, and MNAR
assumptions, were also evaluated. All the simulation results are shown in Tables 5-7.

Table 5. Imputation error of different algorithms versus Py, and € on 10 used datasets under MCAR

assumption, with the best performances shown in bold face.

Imputation Error

Double

Dataset M mHealth Gas Drift Ecoli Segmentation Pendigits
oon
Py 0.3 0.3 0.3 0.3 0.3 0.3
€ 0.3 0.3 0.3 0.3 0.3 0.3
dPMDC 0.003 0.010 0.004 0.005 0.005 0.009
kNN 0.007 0.037 0.042 0.012 0.052 0.062
LR 0.006 0.028 0.031 0.009 0.036 0.043
SL 0.006 0.022 0.018 0.009 0.026 0.018
AE-ELM 0.007 0.047 0.041 0.008 0.044 0.035
MAE 0.003 0.015 0.009 0.006 0.016 0.018
SVR-SVM 0.007 0.037 0.024 0.018 0.026 0.029
MIWAE 0.005 0.016 0.013 0.010 0.019 0.021
Imputation Error
Dataset Vertebral Lost MSRCv2 Birdsong
Py 0.3 0.3 0.3 0.3
€ 0.3 / / /
dPMDC 0.006 0.013 0.002 0.002
kNN 0.012 0.022 0.011 0.033
LR 0.015 0.020 0.006 0.022
SL 0.012 0.019 0.004 0.020
AE-ELM 0.013 0.018 0.006 0.026
MAE 0.010 0.015 0.004 0.007
SVR-SVM 0.013 0.021 0.009 0.028
MIWAE 0.010 0.017 0.006 0.012

Table 6. Imputation error of different algorithms versus Py, P;, and € on 10 used datasets under

MAR assumption, with the best performances shown in bold face.

Imputation Error

Dataset ?\/‘I)(L)l(l))ie mHealth Gas Drift Ecoli Segmentation Pendigits
6/ P. 0.8/0.5 0.8/0.5 0.8/0.5 0.8/0.5 0.8/0.5 0.8/0.5
€ 0.3 0.3 0.3 0.3 0.3 0.3
dPMDC 0.005 0.018 0.009 0.011 0.014 0.009
kNN 0.009 0.048 0.041 0.018 0.066 0.068
LR 0.008 0.035 0.028 0.023 0.048 0.048
SL 0.010 0.026 0.024 0.017 0.035 0.024
AE-ELM 0.011 0.055 0.040 0.026 0.053 0.047
MAE 0.005 0.019 0.013 0.020 0.023 0.024
SVR-SVM 0.007 0.027 0.034 0.022 0.038 0.039
MIWAE 0.009 0.024 0.018 0.019 0.026 0.026
Imputation Error
Dataset Vertebral Lost MSRCv2 Birdsong
P, /P, 0.8/0.5 0.8/0.5 0.8/0.5 0.8/0.5
€ 0.3 / / /
dPMDC 0.012 0.016 0.008 0.007
kNN 0.022 0.028 0.017 0.039
LR 0.019 0.024 0.011 0.031
SL 0.020 0.022 0.008 0.026
AE-ELM 0.019 0.021 0.012 0.040
MAE 0.014 0.019 0.009 0.015
SVR-SVM 0.019 0.028 0.016 0.035
MIWAE 0.015 0.024 0.010 0.012
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Table 7. Imputation error of different algorithms versus § and € on 10 used datasets under MNAR
assumption, with the best performances shown in bold face.

Imputation Error

Dataset [;\zg:llle mHealth Gas Drift Ecoli Segmentation Pendigits
) 0.9 0.9 0.9 0.9 0.9 0.9
€ 0.3 0.3 0.3 0.3 0.3 0.3
dPMDC 0.037 0.031 0.029 0.031 0.034 0.029
kNN 0.069 0.078 0.068 0.078 0.081 0.088
LR 0.055 0.062 0.057 0.064 0.057 0.063
SL 0.063 0.056 0.064 0.041 0.046 0.041
AE-ELM 0.043 0.057 0.061 0.063 0.071 0.068
MAE 0.035 0.039 0.033 0.050 0.033 0.044
SVR-SVM 0.054 0.061 0.054 0.052 0.067 0.059
MIWAE 0.029 0.034 0.026 0.029 0.038 0.031
Imputation Error
Dataset Vertebral Lost MSRCv2 Birdsong
0 0.9 0.9 0.9 0.9
€ 0.3 / / /
dPMDC 0.022 0.027 0.029 0.036
kNN 0.072 0.076 0.067 0.079
LR 0.046 0.054 0.051 0.057
SL 0.035 0.039 0.038 0.046
AE-ELM 0.042 0.046 0.051 0.054
MAE 0.035 0.025 0.037 0.035
SVR-SVM 0.052 0.064 0.045 0.058
MIWAE 0.022 0.029 0.031 0.028

From Tables 5 and 6, it can be observed that the comparison algorithms performed
similar imputation performances under the MCAR and MAR assumptions. The following
observations can be made: First, with the same degree of €, the KNN imputation method
performed the worst in most cases, which indicated that simply exploiting the attribute
values of neighboring data could not accurately describe the global data distribution.
SL, LR, AL-ELM, and SVR-SVM imputation methods induced the imputed model based
on global data distribution, and, thus, they performed better than the kNN imputation
method. The MAE imputation method is based on an auto-encoder framework and
can achieve relatively good imputation accuracy. However, as a supervised algorithm,
it requires sufficient complete data with unambiguous labels to train the auto-encoder
network to fine-tune the imputation results. When the value of € was equivalent to 0.3, the
ambiguous labels could have a negative effect on its imputation accuracy. Similarly, MIWAE
outperformed most comparison algorithms by inducing the imputation model based on
the auto-encoder framework. Even so, its imputation performance was still inferior to our
suggested algorithm due to the coupling noise labels. Moreover, our suggested dPMDC
performed significantly better than the other existing imputation approaches. Such a result
indicates the superiority of the proposed imputation methods in characterizing the missing
feature distribution under the MCAR and MAR assumptions.

By observing Table 7, we notice that, unlike the results in Tables 5 and 6, our proposed
algorithm had no significant performance advantage when the MNAR assumption was
used. Specifically, the imputation error of the proposed dPMDC algorithm was lower
than that of kNN, SVR-SVM, LR, AE-ELM, and SL for all ten datasets. The imputation
performance of the proposed dPMDC algorithm was better than that of MAE for six
datasets and better than that of MIWAE for five datasets. We analyze the possible reasons
in detail below. Under the MNAR assumption, all the features with values larger than
the threshold were missing, making it challenging to characterize the distribution of these
features. Therefore, it was difficult for our algorithm to achieve such excellent learning
results, as in the cases of MCAR and MAR. Nevertheless, owing to the exploitation of
weakly supervised information, the performance of our proposed algorithm was better
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than those of most comparison algorithms and close to that of the MAE and MIWAE
methods.

In order to highlight the superiority of the proposed algorithm in imputing the missing
features, the Friedman test was implemented to determine whether there was a substantial
distinction among the comparison algorithms [45]. Based on the amount of comparison
methods k. = 8 and the amount of used datasets N, = 10, we computed the Friedman
statistic F; = 40.81 and its associated critical value 2.16. Obviously, the value of the
Friedman statistic was larger than the critical value. This result indicated that the null
hypothesis, stating that there was no significant difference among the evaluated comparison
algorithms, was rejected at the 0.05 significance level.

Additionally, the Bonferroni-Dunn test was employed to determine whether our
suggested method significantly surpassed the other comparative algorithms [45]. Figure 12
illustrates the average rankings of all comparison algorithms depicted by black lines, with
the proposed dPMDC serving as the controlled algorithm in this evaluation.

Critical Distance=2.947

Imputation error
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LR SL

Figure 12. Comparison of dPMDC algorithm (the control algorithm) in contrast to other imputation
methods using the Bonferroni—-Dunn test.

The comparison algorithms whose average ranks fell within one CD compared to the
controlled algorithms at a significance level of 0.05 and a critical difference (CD) of perfor-
mance CD = 2.576 are connected by red lines. Otherwise, no line links them. Figure 12
illustrates that our suggested method achieved the highest ranking among all comparative
algorithms. Furthermore, the results of the Bonferroni-Dunn test demonstrated that the
performance of our proposed method was significantly superior to that of the LR, AE-ELM,
SVR-SVM, and kNN imputation methods.

To assess the classification performance of the proposed dPMDC, we tested the classi-
fication accuracy of the proposed dPMDC method under the MCAR, MAR, and MNAR
assumptions on ten datasets. We also evaluated the classification performance of four
MDC methods, including dS*MDC [6], ALS-SVM [21], SVR-SVM [22], and MIWAE [23],
for comparison. Moreover, to highlight the advantages of the proposed algorithm in simul-
taneously handling the ambiguous labels and missing features, the performances of three
novel, state-of-the-art PLL algorithms, including dS?PLL [9], LWS [25], and VALEN [27],
were simulated based on the complete features imputed by the existing imputation method.
According to the results in the previous experiments, the imputation error of MAE was
second only to our proposed method and significantly outperformed the other comparison
methods. So, we utilized MAE to impute the missing features of the training data in
the following simulations. In order to distinguish them from the original algorithms, we
respectively use im-dS2PLL, im-LWS, and im-VALEN to denote them. All the simulation
results are given in Tables 8-10 and the average ranks of all the comparison algorithms are
depicted in Figure 13.
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Table 8. Classification accuracy of different algorithms versus Py, and € on 10 used datasets under
MCAR assumption, with the best performances shown in bold face.

Classification Accuracy

Dataset [1)\2:)1:115 mHealth Gas Drift Ecoli Segmentation Pendigits
Py 0.3 0.3 0.3 0.3 0.3 0.3
€ 0.3 0.3 0.3 0.3 0.3 0.3
dPMDC 0.983 0.960 0.884 0.793 0.765 0.855
im-dS?PLL 0.975 0.932 0.862 0.779 0.723 0.809
dS*MDC 0.966 0.916 0.831 0.756 0.714 0.822
ALS-SVM 0.926 0.903 0.818 0.749 0.697 0.782
im-LWS 0.976 0.940 0.861 0.776 0.747 0.827
im-VALEN 0.980 0.937 0.857 0.778 0.752 0.819
SVR-SVM 0.967 0.939 0.827 0.766 0.736 0.805
MIWAE 0.973 0.946 0.839 0.781 0.759 0.825
Classification Accuracy
Dataset Vertebral Lost MSRCv2 Birdsong
Py 0.3 0.3 0.3 0.3
€ 0.3 / / /
dPMDC 0.822 0.528 0.443 0.628
im-dS?PLL 0.795 0.501 0.425 0.609
dS?MDC 0.776 0.491 0.431 0.601
ALS-SVM 0.763 0.375 0.395 0.573
im-LWS 0.807 0.504 0.414 0.602
im-VALEN 0.804 0.489 0.427 0.582
SVR-SVM 0.798 0.438 0.409 0.575
MIWAE 0.802 0.492 0.416 0.604

Table 9. Classification accuracy of different algorithms versus Py, P, and € on 10 used datasets under
MAR assumption, with the best performances shown in bold face.

Classification Accuracy

Dataset ]?\;[)g(l:rl‘e mHealth Gas Drift Ecoli Segmentation Pendigits
5/ P 0.8/0.5 0.8/0.5 0.8/0.5 0.8/0.5 0.8/0.5 0.8/0.5
€ 0.3 0.3 0.3 0.3 0.3 0.3

dPMDC 0.975 0.957 0.867 0.786 0.759 0.850
im-dS?PLL 0.968 0.930 0.840 0.771 0.709 0.802

ds*MDC 0.960 0.909 0.815 0.747 0.701 0.816
ALS-SVM 0.913 0.887 0.798 0.741 0.685 0.772

im-LWS 0.965 0.922 0.842 0.768 0.740 0.821
im-VALEN 0.974 0.913 0.835 0.770 0.746 0.812
SVR-SVM 0.960 0.921 0.809 0.760 0.731 0.793

MIWAE 0.968 0.932 0.821 0.774 0.746 0.814

Classification Accuracy
Dataset Vertebral Lost MSRCv2 Birdsong
5/ P 0.8/0.5 0.8/0.5 0.8/0.5 0.8/0.5
€ 0.3 / / /

dPMDC 0.815 0.514 0.443 0.605
im-dS?PLL 0.769 0.493 0.425 0.601

dS’MDC 0.766 0.486 0.431 0.584

ALS-SVM 0.741 0.370 0.395 0.565

im-LWS 0.793 0.493 0.414 0.594
im-VALEN 0.789 0.480 0.427 0.572

SVR-SVM 0.780 0.421 0.409 0.570

MIWAE 0.791 0.485 0.416 0.590

The simulation results in Tables 8-10 indicate that the performance of ALS-SVM was
significantly inferior to that of the other comparison algorithms. The main reason was that
ALS-SVM only reduced the weight of data with a high proportion of missing attributes
without filling in the missing attributes. Different from ALS-SVM, SVR-SVM trained the
multi-class classifier based on the training data imputed by the induced SVR model, making
its performance significantly better than the ALS-SVM. However, the simulation results in
Tables 5-7 show that the performance of the induced SVR imputation model was relatively
poor, which, in turn, had a negative impact on the performance of the SVM classifier.
The dS*MDC algorithm performed better than the ALS-SVM since it benefited from the
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interplay of missing feature imputation and model induction in the learned subspace.
On the other hand, by suffering from the negative effect of noisy labels, its performance
was worse than that of our proposed algorithm. It can also be observed that the dS?PLL,
LWS, and VALEN algorithms achieved superior performance compared to ALS-SVM
by imputing the missing features via the MAE imputation method and eliminating the
effect of ambiguous labels using their disambiguation strategies. But, their performances
were still poorer than that of the proposed dPMDC algorithm. MIWAE designed an
integral framework that jointly addressed missing data imputation and classifier induction.
Benefiting from this, the performance of the MIWAE algorithm ranked second among all
the comparison algorithms. Additionally, our proposed dPMDC algorithm performed best
among eight comparison algorithms in almost all cases. Although our algorithm had a
relatively high imputation error under the MNAR assumption, the classifier’s performance
still maintained a high level due to the interaction between the imputation model and
the classifier.

Table 10. Classification accuracy of different algorithms versus J and € on 10 used datasets under
MNAR assumption, with the best performances shown in bold face.

Classification Accuracy

Double

Dataset mHealth Gas Drift Ecoli Segmentation Pendigits
Moon
0 0.9 0.9 0.9 0.9 0.9 0.9
€ 0.3 0.3 0.3 0.3 0.3 0.3
dPMDC 0.971 0.953 0.832 0.731 0.721 0.823
im-dS?PLL 0.960 0.926 0.812 0.716 0.673 0.791
dS?MDC 0.953 0.901 0.789 0.705 0.661 0.786
ALS-SVM 0.910 0.872 0.770 0.693 0.648 0.757
im-LWS 0.964 0.908 0.825 0.714 0.703 0.793
im-VALEN 0.968 0.912 0.803 0.705 0.706 0.795
SVR-SVM 0.951 0.919 0.779 0.697 0.684 0.786
MIWAE 0.963 0.937 0.816 0.738 0.706 0.802
Classification Accuracy
Dataset Vertebral Lost MSRCv2 Birdsong
o 0.9 0.9 0.9 0.9
€ 0.3 / / /
dPMDC 0.775 0.505 0.435 0.583
im-dS?PLL 0.734 0.490 0.410 0.556
dS?MDC 0.736 0.489 0.413 0.561
ALS-SVM 0.704 0.361 0.382 0.552
im-LWS 0.752 0.496 0.410 0.570
im-VALEN 0.757 0.474 0.408 0.557
SVR-SVM 0.750 0.410 0.392 0.528
MIWAE 0.773 0.487 0.403 0.575

Critical Distance=2.947

Classification accuracy
8

: A 6 5 4 3 2 !
{
ALS-SVM J L— 4PMDC
SVR-SVM ——M—— MIWAE
ds?MDC im-LWS
im-dS?PLL im-VALEN

Figure 13. Comparison of dPMDC algorithm (the control algorithm) in contrast to other comparing
classification algorithms using the Bonferroni-Dunn test.

Similar to the previous experiment, we used the Friedman test [45] to justify the
performance difference among the eight compared algorithms. According to the theory
of the Friedman test, when the significance level was set as 0.05, we could calculate the
Friedman statistic value F; = 40.38 and its associated critical value 2.16. We noticed that
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the Friedman statistic was significantly larger than the critical value, indicating that there
existed a significant difference among the evaluated comparison algorithms.

Additionally, the Bonferroni-Dunn test was employed to compare the performance
difference between our suggested method and the other comparative algorithms [45]. All
the results of the Bonferroni-Dunn test are depicted in Figure 13. Figure 13 illustrates that
the learning performance of our suggested method was significantly better than that of the
im-VALEN, dS?MDC, im-dS?PLL, SVR-SVM, and ALS-SVM algorithms.

To testify to the robustness of the proposed algorithm against coupling noisy labels,
we compared the classification accuracy of the comparison algorithms versus € on four
artificial PLL datasets (Pendigits, Ecoli, Segmentation, and Vertebral datasets). From
Figures 14 and 15, we can see that as the probability of co-occurring between the correct
label and another coupling noisy label e gradually increased, the classification perfor-
mances of all the considered algorithms gradually deteriorated. Among all the comparison
algorithms, we found that our proposed algorithm demonstrated superior performance,
especially when the value of € was smaller than 0.3. When the proportion of coupling noisy
labels was larger than 0.3, the performance significance of the dPMDC algorithm gradually
reduced. Such a simulation result validates the benefits of our proposed algorithm in
handling a small amount of coupling noisy labels.

Pendigits Ecoli
0.95 T T T T

—e— dPMDC T T
== = im-dS?PLL 0.86 —6— dPMDC
—efeem 4S2MDC - =% = im-dS®PLL
—+— ALS-SVM 0.84 -k-=ds’MDC |
09 imLWS —+— ALS-SVM
- =7 - im-VALEN im-LWS
-8+ SVR-SVM 0.82 - <% - im-VALEN | ]|
MIWAE --=&F-= SVR-SVM
0.8 MIWAE

o.

]

o

2
.
i

0.8.

o
3
)

Classification accuracy
Classification accuracy

0.75

0.1 0.15 0.2 0.25 0.3 0.35 0.4 0.45 0.5

Figure 14. Classification accuracy of dAPMDC versus the co-occurrence probability between a coupling
noisy label and the correct label € on “Pendigits” and “Ecoli” datasets.

Segmentation R Vertebral
0.85 —6—dPMDC
- % = im-dS?PLL 0.88 —6— dPMDC
= gS2MDC = =% = im-ds?PLL

¥ = —+— ALS-SVM 0.86 F == dS2MDC |4
08 imLWS —+— ALSSVM
= = = im-VALEN im-LWS
—--te- SVR-SVM 0841 - <7 - im-VALEN | |

e

N

a
4%

o
N

Classification accuracy
Classification accuracy

0.65

0.6 L L L L L L L 072

Figure 15. Classification accuracy of dAPMDC versus the co-occurrence probability between a coupling
noisy label and the correct label € on “Segmentation” and “Vertebral” datasets.

Finally, we evaluated the CPU time of all the considered algorithms on the ten used
datasets, shown in Table 11. It should be noted that for the distributed learning algorithms,
all the computation operations were performed at the | node over a network. For central-
ized learning algorithms, all the computation operations were centralized at a single fusion
node. Owing to the distributed parallel computation, the CPU times of all the distributed
learning methods were significantly lower than those of the centralized learning methods.
Compared with im-dS?PLL, our proposed dPMDC and the dS?MDC required fewer com-
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putations during the process of imputation model induction. Therefore, the CPU times of
the proposed dPMDC and dS*MDC were significantly shorter than those of im-dS?PLL.

Table 11. CPU times of different algorithms on 10 used datasets under MNAR assumption, with the
lowest CPU times performances shown in bold face.

CPU Times

Dataset ?\:;(L)lgxlf mHealth Gas Drift Ecoli Segmentation Pendigits

dPMDC 142.42 226.07 520.80 23.31 120.67 136.88
im-dS?PLL 463.79 665.24 1568.06 97.60 437.70 462.88

dS*MDC 147.83 219.29 535.80 23.85 124.29 134.14
ALS-SVM 484.23 779.94 1754.70 72.26 434.16 483.92

im-LWS 2493.65 4075.60 7434.66 550.53 2484.90 2528.03
im-VALEN 2562.82 4110.87 7353.02 435.44 2469.20 2520.75
SVR-SVM 539.50 874.93 1963.65 86.71 502.92 546.81

MIWAE 2569.84 4032.80 7622.61 430.96 2445.47 2385.89

CPU Times

Dataset Vertebral Lost MSRCv2 Birdsong

dPMDC 20.74 85.80 154.62 61.54
im-dS?PLL 114.08 401.24 477.25 356.93

dS?MDC 21.26 88.37 160.97 65.63

ALS-SVM 85.03 384.71 620.38 220.45

im-LWS 416.14 1980.48 2457.54 1207.67
im-VALEN 418.32 1876.09 2427.24 1498.37

SVR-SVM 96.93 438.56 670.23 245.30

MIWAE 421.86 1866.07 2525.24 1289.14

5. Conclusions

In this article, we addressed the issue of the distributed classification of partial label
incomplete data and proposed the dPMDC algorithm. In our proposed algorithm, by jointly
exploiting information from the estimated labeling confidence and partially observable
features, a GMM-based imputed model is learned, which can distributively impute the
partially missing features. Based on the imputed data, a high-precision classifier modeled
by the non-linear random feature map is induced. A series of simulations were performed
to validate the efficacy of the suggested dPMDC method. Simulation results across several
datasets indicate that our proposed approach surpasses current imputation methods in
imputation accuracy and outperforms state-of-the-art PLL algorithms using complete
features imputed by the existing methods.

A potential limitation of this algorithm is that it can only be used to handle the
problems of MDC in static networks. Therefore, developing algorithms for dynamic
network topologies is a possible future direction. Considering that the rich semantics of
the training data are simultaneously characterized by multiple label variables in many real
applications, as opposed to a single label variable, we would like to extend the partial label
missing data classification method into the domain of multi-dimensional classification.
Furthermore, developing an imputation method for the case of MNAR is also an interesting
research direction for the future.
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Appendix A. Proof of Theorem 2

For convenience, we combine the objective function of the imputation model and the

multi-class classifier, i.e.,
Liy=-Q(0;]6;;) +F;s

(A1)

Based on Lemma 1, we know that all the local estimates 6;; and W;; can converge to

the corresponding average values 8; and W; through a sufficient number of iterations. It

should be noted that here, in order to make the subsequent proof clearer, we merge all the

parameters of the GMM into one variable 0 and combine all the weight vectors {wc}c into

a uniform matrix W.

Based on this, we can rewrite the main update equation of the proposed dPMDC

as follows:

0;11 = argmin £;(6, W;),
Wi = Wi = 5 Vg L0141, W),

Let £;; = L;(6;, W;) and E;,t = L;(6;11, W;); then, we can obtain

Liy =L = Li(01, We = GV L)

(A2a)
(A2b)

(A3)

Referring to [6], we can see that for the time-varying variable s;,1 = s; — {111V g(st),

we have the following inequality:

M
8(st41) < glst)+ < Vg(se) stp1 — st > +—[lsi1 — i3
By combining the above equations, we can obtain

¢ M
g(st) = g(se41) > (G141 — Hzl )||st+1 — 8¢l 3

2 M
Here, when {;11 < 2/ M, the coefficient {;.1 — C“’zl is positive.
By induction, we know that

C.

! ! 2
it = Lire1 = ZIIVwLlles

2. M
where the coefficient Z = ;1 — Ct+21 > 0.

On the basis of the assumption that £ is convex, we can further obtain

!/

£j

1 L < VL (W — W)

2

- - !
< (W = WH[E[[Vw £ 4%

< G||Wy — W*||p

!

where G denotes the upper bound of | |vW£J,t| |
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Based on the above equations, we can obtain

/ / !
Ly—Liq 2 Z||vW'C'j,t||%
Z

W —wep W (A8)
Z o
Zﬁ(wt—w)z

where R = max{||W; — W*||r}.
In order to carry out the following analysis, a lemma in [6] should be given.

Lemma A1l. For a non-negative sequence By satisfying the conditions By — Byy1 > ap? and

Bo < %, we have

1
Bt < m, (A9)

where a and i are positive coefficients.

Recalling Lemma Al, we let f; = E},t - E;-f‘t, a = Z/R*and i = R/(ZG) and

then obtain
R2

F=ze+ &)

A

(A10)

Therefore, we can derive that

lim £, — £+ = 0. (A11)

t—o0 It ]

Based on (A11), we have lim;_,.o W; — Wx = 0. The proof is complete.
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Abstract: Multi-dimensional classification (MDC), in which the training data are concur-
rently associated with numerous label variables across many dimensions, has garnered
significant interest recently. Most of the current MDC methods are based on the framework
of supervised learning, which induces a predictive model from a large amount of precisely
labeled data. So, they are challenged to obtain satisfactory learning results in the situation
where the training data are not annotated with precise labels but assigned with ambigu-
ous labels. Besides, the current MDC algorithms only consider the scenario of centralized
learning, where all training data are handled at a single node for the purpose of classifier
induction. However, in some real applications, the training data are not consolidated at
a single fusion center, but rather are dispersedly distributed among multiple nodes. In
this study, we focus on the problem of decentralized classification involving partial multi-
dimensional data that have partially accessible candidate labels, and develop a distributed
method called dPL-MDC for learning with these partial labels. In this algorithm, we conduct
one-vs.-one decomposition on the originally heterogeneous multi-dimensional output space,
such that the problem of partial MDC can be transformed into the issue of distributed partial
multi-label learning. Then, by using several shared anchor data to characterize the global
distribution of label variables, we propose a novel distributed approach to learn the label
confidence of the training data. Under the supervision of recovered credible labels, the
classifier can be induced by exploiting the high-order label dependencies from a common
low-dimensional subspace. Experiments performed on various datasets indicate that our
proposed method is capable of achieving learning performance in distributed partial MDC.

Keywords: distributed processing; partial label learning; multi-dimensional classification

1. Introduction

The learning problems of traditional classification methods are usually formalized
under the frameworks of binary classification [1-4] and multi-class classification [5], which
learn the classifier under the supervision of a single label variable. In numerous real-
world scenarios, the complex semantics of training data are conveyed through multiple
heterogeneous label variables rather than a single variable. For example, in the e-commerce
platforms, smartphones can be classified by brand dimension (with potential classes Apple,
Huawei, Xiaomi, etc.), price dimension (with potential classes high grade, medium grade,
and low grade), and color dimension (with potential classes white, black, blue, etc.). In
recent years, a range of multi-dimensional classification (MDC) methods has been created to

Electronics 2025, 14, 2623

81

https://doi.org/10.3390/ electronics14132623



Electronics 2025, 14, 2623

address this type of data and has been extensively utilized across numerous domains [6-20],
such as text categorization [7], image processing [8], biomedical engineering [9], etc.

Generally speaking, there exist several primary categories of MDC methods. The
simple and straightforward solution is to ignore the dependencies between multiple hetero-
geneous class spaces, and then decompose the problem of MDC into several independent
problems of multi-class classification for classifier induction. Nevertheless, this strategy
fails to consider label dependencies, potentially resulting in unsatisfactory learning perfor-
mances. The key to building an effective MDC approach lies in making full use of label
dependencies in an appropriate way. In recent years, several strategies for exploiting label
dependencies have been developed, including grouping distinct combinations of class
variables into new super-class variables [6], capturing the dependencies between a pair
of labels [12], learning a directed cyclic graph for class spaces [17,18], utilizing classifier
chaining to exploit the high-order label correlations [14,19,20], etc.

Nevertheless, there are generally two main limitations in the existing MDC methods.
Firstly, most contemporary MDC algorithms rely on a supervised learning framework,
which needs a lot of labeled data with correct information to ensure excellent learning
results. However, since label acquisition is a costly and time-consuming process, such
a requirement hardly holds in many real applications. Typically, only partially labeled
data that are associated with a set of candidate labels composed of correct labels and
noisy labels are accessible. Many experiments in previous studies [5], Refs. [21-26] have
demonstrated that noisy labels give incorrect guidance, which negatively impacts the
learning performance of algorithms. Therefore, the primary challenge in this paper is to
eliminate the impact of noisy labels.

Additionally, the aforementioned MDC techniques exclusively focus on centralized
processing, necessitating the aggregation of the entire training dataset to a single fusion
node for processing. Nonetheless, in several practical applications, such as anomaly
detection [27], industrial Internet of Things [28], and traffic control systems [29,30], the
training data samples are usually distributed at different nodes and cannot be centralized
into one node due to various reasons [27-32]. Therefore, how to make the algorithm adapt
to the distributed network and perform distributed learning without the transmission of
original data is the second major challenge to be addressed in this paper.

In this paper, we develop the distributed partial label learning algorithm for multi-
dimensional classification (dPL-MDC) by jointly considering the influence of noisy labels
and the distributed storage of training data. The primary contributions are delineated
as follows:

1. By using the one-vs.-one decomposition method, we transform the original dis-
tributed partial MDC problem into a distributed partial multi-label learning problem,
which facilitates the subsequent exploitation of label correlations and the disambiguation
of partial labels.

2. By leveraging weakly supervised information from ambiguous labels and ensuring
constant similarity between label and feature spaces based on several anchor data, a dis-
tributed label recovery method is devised to estimate the label confidence of training data.

3. By adaptively updating the label confidence and model parameter of the clas-
sifier, we learn a multi-dimensional classifier while eliminating the influence of noisy
labels. During the procedure of classifier induction, to exploit the high-order dependen-
cies among newly transformed classes for classifier induction, we alternately learn the
model parameters and the globally common predictive structure in the low-dimensional
subspace by employing a computationally inexpensive and energy-saving distributed
estimation method.
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4. Simulations performed on several real datasets indicate that our proposed approach
surpasses the existing MDC techniques.

The subsequent sections of this work are organized as follows. Section 2 provides a
concise overview of the frameworks related to dPL-MDC over a network. Subsequently,
Section 3 elaborates on the technical specifics of the dPL-MDC algorithm. After that,
Section 4 presents the experimental results of the proposed algorithm alongside the existing
MDC approaches. This paper concludes in Section 5.

2. Related Works

As far as we know, no prior research has tackled the issue of distributed classification
of multi-dimensional data with ambiguous labels. In this section, a brief introduction
related to three popular frameworks of dPL-MDC is presented, including MDC, distributed
learning, and PLL.

The framework of MDC is similar to that of the widely researched multi-label classifi-
cation (MLC) and multi-class classification (MCC). When the number of potential classes
in each dimensional class space is equivalent to 2, the issue of MDC is transformed into
the issue of MLC. If the dimension of output space is restricted to 1, then the issue of
MDC degenerates into the issue of MCC. For MDC, the intuitive solution is to directly
decompose the problem of MDC into several problems of MCC based on the dimensions
of output space, and independently solve these problems dimension by dimension. This
straightforward technique completely disregards the label dependencies across several
class spaces, perhaps resulting in poor classification results. Therefore, how to exploit
the label dependencies efficiently and induce a unified predictive model for multiple
heterogeneous class spaces is the key to designing the MDC methods.

In recent years, a series of label dependence exploitation methods have also been
proposed. An easy and straightforward way to exploit label dependence is to convert the
label space of MDC into several new class spaces and treat each distinctly combined class
variable as a new class variable for model induction [6]. This method has a significant flaw;
they are unable to train classifiers for categories that have not appeared in the training set,
which greatly restricts their applicability. Another strategy is to construct a directed acyclic
graph (DAG) to characterize the distribution of the classes, and then induce the MDC
model using a multi-dimensional Bayesian network [17,18]. However, since constructing
Bayesian networks requires substantial computations, the performance of these methods is
constrained by high computational costs, especially when dealing with large-scale data.
Additionally, the issue of MDC can also be solved by a chain of induced multi-class
classifiers [14,19,20], where the output of the previous classifier can be regarded as the extra
features of the subsequent classifier. Obviously, for these algorithms, obtaining a proper
chaining order is a precondition for achieving good learning performance. The absence of
prior knowledge makes it challenging to determine the optimal order. Recently, two novel
MDC methods have been developed based on decomposed label encoding [12,15]. These
two approaches employ a one-vs.-one decomposition strategy to formulate a sequence of
binary classification tasks inside a multi-dimensional output space. Then, they use the
manifold structure [15] or covariance regularization [12] to exploit the relationship between
a pair of newly transformed labels for the induction of MDC classifier. Nonetheless, as
stated in Section 1, the existing MDC methods have two limitations. First, they fail to
extract effective information from partially labeled data annotated with noisy labels to train
classification models. Second, they cannot directly handle data stored distributively across
distributed networks. These two aspects thus constitute the two key issues to be addressed
in this paper.
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Distributed learning is another novel branch of machine learning frameworks, where
the training data is distributed among several nodes interconnected by a network [3,5,31,32].
By utilizing consensus-based or diffusion-based strategies to perform information fusion
among nodes, these distributed learning methods can achieve learning performance that is
nearly as excellent as the corresponding centralized learning methods. Recently, several dis-
tributed learning methods have been proposed for MCC and MLC [5,31,32]. For example,
in [31], two distributed information-theoretic semi-supervised MLC methods have been
developed, which introduces a new decentralized regularization term to take advantage of
the relationships between label variables across a network. In [32], a distributed subspace
structure learning algorithm has been proposed to distributively exploit the similarity of
model parameter vectors by exploiting a common predictive structure in depth. Lately,
a novel distributed partial MCC method has been developed, where a high-precision
multi-class classifier is trained from partial labeled data by collaboratively learning the
label confidence and the data instance weights to disambiguate the ambiguous labels [5].
Compared with existing distributed classification algorithms, the problems addressed in
this paper are more complex. Owing to the fact that the output space in multi-dimensional
classification problems is composed of multiple heterogeneous class spaces, the output
values of multi-dimensional classification models are not comparable. As a result, tradi-
tional label dependency exploitation strategies, such as label—-pair correlation learning and
subspace-based high-order correlation learning, cannot be directly applied in this context.

PLL has become a novel learning paradigm in machine learning recently, which learns
the classifier from a series of candidate labels [5,21-26,33-37]. Most of the existing PLL
methods are usually formalized based on the framework of MCC [21,22,26]. These PLL
methods assign a proper label for each training data by correcting the ambiguous labels
using disambiguation strategies [22,26] or employing the loss-based decoding method to
decode the transformed binary classifier’s predictive outputs [21]. Lately, several novel
PLL methods have been developed for MLC [33-37], which induce the predictive model
by eliciting credible labels [33,34,37] or identifying noisy labels [35,36] from multiple
candidate labels. Nevertheless, the majority of current PLL methods belong to centralized
learning, which is impractical for distributed networks. So, developing a distributed
PLL for MDC, where global classification can be performed across many nodes using
dispersedly distributed partial multi-dimensional data, is the better option.

3. dPL-MDC Algorithm

This section formulates the issue of fully decentralized classification of partial multi-
dimensional data and presents the technical specifics of the dPL-MDC algorithm.

3.1. Problem Formulation

An interconnected network consisting of | geographically dispersed nodes over a
region is the subject of this paper. The total N partially multi-dimensional data are dis-
persedly distributed over | nodes. For the sake of generality, we use an undirected graph
called G = (7, £) to describe this network, where 7 is the set of nodes and £ is the set of
connections between them. For each node j, all the neighboring nodes and itself constitute
the neighboring node set B;.

Let &' denote the input vector space, and let Y = &1 x ... X Sg stand for the output
space composed of a total of Q heterogeneous class spaces, where each class space S; =
{8g1/-- 4, Sq,Kq} contains Ky possible classes. At each node j, there exist N; locally partial
multi-dimensional data annotated with the candidate labels at observable class spaces
1%, ijj,n}nNL 1 (N = ij':l N;), where x;, € X 4 denotes the input vector of the features,

and Q;y;, € V; C YV denotes the collected labels. A Zqul K;-dimensional vector y;, =
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[y;nll, e ij,n,Q} Te{+1, 71}):572:1 K4 is utilized to represent the collected label vector and
denote the original candidate label vector. In the g-th dimensional label vector y; , , €
{+1, —1}%9, the k-th element Yjn,qk is assigned a value of 1 if the k-th label is included in the
candidate label set, and -1 if it is excluded. Furthermore, a ZqQ:l Kg x Zqul K;-dimensional
diagonal matrix (); is designed, whose diagonal element equals 1 if the corresponding
label is accessible and 0 otherwise. So, in the observed label vector ij]'/n, all the accessible
labels are kept unchanged, and all the missing labels are set to zero.

Each node j is tasked with learning the globally optimum classifier using its local data
and the discriminant information from neighboring nodes i € Bj, ensuring that unseen
data can be accurately classified into the appropriate categories.

3.2. Output Space Decomposition

For MDC, the main challenge is that the output space is composed of multiple het-
erogeneous class spaces, which makes the outputs of the predicted model across different
class spaces not comparable with each other [12,15]. To tackle this problem, referring to
the concept of decomposed label encoding strategy [12,15], we would like to conduct one-
vs.-one decomposition on each dimensional class space of MDC, such that the problem of
distributed partial MDC can be transformed into the problem of distributed homogeneous
partial multi-label learning.

To be specific, for a label vector Q;y;, = Q; [ij,n,l, ey ij,n,Q}T' supposing that the g-th
class space composed of K; possible classes is observable, i.e., ¢ € }j, we can transform
a Ky-dimensional label vector y; , ; into a K;-dimensional ternary label vector y;-,nlq via

one-vs.-one decomposition, where K:i = % with N! being the factorial of N. Furthermore,
if the m-th class space can not be accessed, i.e., g ¢ }j, then the newly transformed label
vectors can be represented as a K,q—dimensional vector consisting of all zero elements.
Correspondingly, the originally collected label vector ();y;, at total Q class spaces can
be decomposed as a Z{?:l K/q-dimensional vector Q}y}ln = Q; [y;;,l, ey y;;,Q]T, where Q;
denotes a Zf]g:l K;] X Eff:l K/q-dimensional diagonal matrix with its diagonal element being
1 if the corresponding labels are accessible and 0 otherwise.

To clarify the process of one-vs.-one decomposition, two cases are presented as follows:

Case 1: For a collected data sample annotated with correct labels, supposing that the
k-th class variable in the g-th dimensional label vector y; , ; is the ground truth, each r-th
element in the encoded ternary label vector y;,n, g equals

+1, if re Pj,n,q,kr
Yimgr = —L i 1€Nnge @
0.  otherwise,
where the positive set P, .0 = {(k—1)K; +1— Yk i—1}forl <k < K;, and the

negative set Nj, ok = {k— 1+ 37 (Kg —2—i} for0<s <k—3,k>3,0r N, o = {1}
for k = 2.

Example 1. Given four data with correct labels {(x1,y1), (x2,Y2), (x3,Y3), (Xs, Y1)}, sup-
posing that the q-th dimensional original label vectors y1, = [+1,-1,-1,-1]T, Yoq =
[-1,+1, -1, =17, y35 = [-1, 1,41, -1 and ys, = [-1,—1, -1, +1]7 for simplicity,
the transformed ternary labels for these data samples can be obtained according to (1):

Yy, = [+1,+1,41,0,0,0,  yy, =[-1,0,0,+1,+1,0],

Y3, = [0,-1,0,-1,0,+1]T,  y, =[0,0,-1,0,—1,—1] .
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Case 2: For a collected partial multi-dimensional data sample annotated with several
candidate labels, supposing that the candidate label set in the g-th dimensional class space
consists of a total of m candidate labels (i.e., the ki,...,k;-th class variables in Yjn,q are
candidate labels), each r-th element in the ternary label vector y;-,n, 4 €quals

+1, ifr e Pj, andr & Nj,,,
y]/',n,q,r = -1, ifre -N},n,q and r ¢ Pj,n,q/ @)

0, otherwise,

where the positive set P, ; = {Pjngk,/-- -+ Pjngk,}- Furthermore, the corresponding
negative set NV, s = {Nj gk - - -+ Ningk, - The calculation of P;,, , x and N, , i is similar
to those in case 1.

Example 2. Given four data with candidate labels {(x1,y1), (x2,y2), (x3,y3), (x4, y4) }, suppos-
ing that the candidate labels in the g-th dimensional class space are composed of the correct label and
an additional noisy label for simplicity, i.e., y1 m = [+1,+1, =1, 1T, y2 ,, = [-1,+1,+1, —1]T,
y3m = [—1,—1,+1,+1] T and Yam = [+1,—1,—-1, —|—1]T, we have the transformed ternary labels
as follows:

Y, =[0,+1+1,+1,41,07,  yp, =[-1,-1,0,0,+1+1]7,
yé,,q =[0,-1,-1,-1,-1,0], y;,q = [+1,+1,0,0,—1,—-1]T.

3.3. Label Recovery

In this study, it is imperative to devise an effective technique to mitigate the adverse
effects of noisy labels and to recover the accurate labels from the candidate set.

Based on the underlying assumption in manifold learning that there exist similar
structures in feature and label spaces [1], we would like to recover the correct labels by
exploiting the similarity among the whole training data set. Nevertheless, because of the
random distribution of training data across different nodes, the global distribution of data
samples cannot be precisely characterized. To solve this problem, we randomly select or
employ a decentralized vector quantization method [38] to select C global common anchor
data {cl}lC:1 as the representatives of the whole dataset. The research in [31] indicates
that, given a sufficient amount of anchor data C, these quantized anchor data can cover all
high-density regions. Furthermore, the similarity degree among the whole training dataset
can be roughly measured by employing the quantized anchor data.

Following the analysis in Section 1, acquiring a significant quantity of precisely labeled
anchor data samples necessitates extensive professional expertise. Consequently, we
examine the typical scenario in which all anchor data samples are unlabeled. Now, the
key to label recovery is to accurately estimate the labels of anchor data. To achieve this, a
straightforward weighted voting method is used, which is given by

/ v K
where Y] € {+1,0, —1}N’XZ‘7:1 Ky represents the transformed label matrix of Nj local

/
training data, and Z]? = [zjqu, ceey sz.IC]T € chzgzl K represents the recovered label matrix
of C anchor data. Furthermore, R; € RE*Ni denotes the weighted parameter for measuring
the similarity between C anchor data and N; training data at node j, in which each element
Rj.n can be calculated by the Gaussian kernel function. Furthermore, o denotes the
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Hadamard product, and ®; is the N; x 222:1 K;—dimensional matrix, which is computed by

o =151, Q.

iTyQ KT
Accorglir11gq to the basic setting in the considered network, only the label variable
of anchor data in available class spaces (i.e.,, ¢ € J;) can be directly computed via (3).
Moreover, owing to the existence of noisy labels, the predicted labels across various nodes
for a specific class may be different. To address this issue, inspired by the concept of
LMaFit presented in [39,40] , we convert the problem of label recovery into the problem
of decentralized matrix completion. To be specific, we factorize the label matrix of anchor

!
data Z]? into two low-dimensional factorized matrices A; € RC*€ and B; € Rexz‘?ﬂ Ky (e
denotes the rank of the matrix Z]?), and then complete the matrix Z]? by adaptively updating
the factorized matrices. The decentralized framework of label recovery can be formulated
as follows: i s
: C Cc C
A%tnzf HdDjo(Zj—Zj)||F+||A]--B]-—ZjH ’ @
s.t. B]':Bl', jEj, ZGB]

The objective function (4) consists of three terms.

The first term is utilized to reduce the reconstruction error between the recovered
labels of anchor data and training data in partially accessible class spaces. Here, Z]C denotes
the initial estimation for matrix Z]?. The second term is targeted for imputing the missing
entries in Z based on two factorized matrices A and B;.

The process of label recovery is composed of three main steps:

Initialization: A small loop indexed by 7 is set. When T = 0, we calculate Z]?’O by (3)
and set Zf, = Z]C

Update of A j The local estimation of A j can be obtained by the linear combination
of local estimations among one-hop neighboring nodes from its neighbors i € B;

Ajep1 = Ajr —sc(AjBjc — Z5 B[, )
Ajri1 =), GiiAi i1 (6)
iEBj

where s denotes learning rate, and {;; denotes the cooperative coefficient, which is followed
by the Metropolis cooperation rule [32].

Update of B T The local estimation of B j can be obtained by the linear combination
of local predictions from its neighbors i € B;, which is given by

! T —1 4T
Biri1 = (A c1Ajer) AjrnZie @)
Bjt1= ). CiiBiri1- 8
iEBj
Update of Z]? +41: Based on the current estimations Bj ;11 and Z; 1, we have the
updated equation of recovered labels of anchor data Z]?,T “
Z i1 = Ajen1 By + Boyt{®j o [Z5 — Ajr1Bjial} )

As for the update of elements in Z¢ there exist two different cases. The elements

7T+l
that cannot be locally estimated can be imputed using the product of two factorized matrices
Ajrt1 and Bjry1. The elements that can be locally predicted by Z]C are derived from a
weighted combination of the global estimation A;B; and the local estimation Z]?, utilizing a
time-varying weighted coefficient B4 1. At the start, the global estimation A]-,TH Bjry11is

rough, since the information fusion among neighboring nodes is insufficient. A substantial
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value of B is employed to provide low confidence to Aj;,1Bj 1. After a sufficient
number of iterations, more and more information shared by one node diffuses over the
whole network, which makes the global estimation A; 1B, ;11 consistent with each other.
So, a small value of B.1 is employed. Consequently, we define f1 = exp(—vT), with v
being a positive coefficient.

The primary processes of label recovery are summarized in Algorithm 1 for clarity.

Algorithm 1 Label recovery method

Require: Initialize Z{, = Z]C
1: fort=0,...,Tmax do
2: forj=1¢ J do

Update A;’T 41 via (5) and transmit A},T to the neighbors B;.
end for
forj=1¢ J do

Update A ;11 via (6).

Update B;,T "
end for
forj=1¢€ J do
10: Update B; 1 via (8).

11: Update Z]?,T 41 via (9).
12: end for
13: end for Return the recovered label matrix of anchor points Z]?.

1 via (7) and transmit B],»,T to the neighbors B;.

3.4. Classifier Induction

This subsection describes the induction of the classifier based on the label recovery.

We can express the output of the discriminant function for the k-th class variable
in the g-th dimensional class space as a linear combination of kernel functions, under
the assumption that the discriminant function is non-linear. This is represented by the
following:

fq,k(xi’l) = Z‘Xq,k,lk(xi’l/ XI>, (10)
1

where (-, -) denotes a kernel function, and a, ;. ; denotes the weight coefficient.
By introducing the infinite-dimensional kernel feature map ¢(-), we have

For(xn) = wy - ¢(xn), (11)

where the weight vector w, x = ¥ &g 1P(%;)-

Nevertheless, it is evident from (11) that the weight vectors w, 1, which are composed
of a succession of kernel feature maps, cannot be explicitly expressed or freely exchanged
among neighbors, as the infinite-dimensional kernel feature map ¢(x;) is unknown.

To resolve this issue, we project the training data into a feature space with a constrained
number of dimensions, thereafter substituting the kernel feature map ¢(-) with the random
feature map ¢(-) for the construction of model parameters. Consequently, the kernel
function may be approximated as follows: [41,42]

k(xn, x1) < ¢(xn), §(x1) > .

It is noted that we take the Gaussian kernel function into account here. According to
the theory in [41,42], we have
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1
\/@COS<K’+21Tx,,)’ 0<I<D odd,

[p(xn)]s =
1 sin(x,fx ), 0<I< D even,
7 Xn

v0.5D

where « is stochastically drawn from the distribution p(x) = (27r)~(P/2) exp(—||«|[3/2).
Based on this, we can explicitly express the weight vector w, ; as a D-dimensional
vector, denoted as w, x =} aq/k,l(ﬁ(xl).

/
q
recovered label variables, we suppose that there exists a low-dimensional common pre-

Moreover, in order to exploit the high-order dependencies among the total 231:1 K

dictive structure ® € R"*P among all the label variables [43]. Consequently, the weight
vector Wy | can be rewritten as

Wy = Uy + @T’Uq/k, (12)

where u ) € RP and gk € R" (h < D) denote the private weight vectors with respect
to (w.r.t.) the k-th class variable in the g-th dimensional class space, and © denotes the
common predictive structure. Furthermore, to reduce the complexity of the predictive
structure, we assume that there exists an orthogonality property, i.e., @07 = Ij,.

The global optimization problem can be formulated as follows by taking into account
the aforementioned considerations:

!

!
K K
; _ N T 2 N Q 7 2
min F =}, quyj Yot zf\qf (Zn,q,k - yn,q,k) +2 -1 Zqzl Yt 215] (Zn,q,k - T’n,lz]c‘lz)
11,0, Wa Vg k/©
2
2),

K K
+ EnN:l 222:1 Ekil ngj (Zn,q,k - fq,k(xn))z + 25:1 Zkil('yTD | |wq,k - ®Tvq,k

s.t. 00T = I,.

(13)

2+ Fllwg

In the above global optimization problem, the first term is utilized to extract the weakly
supervised information from the transformed label variables. Furthermore, 4 denotes the
weight parameter, and z,, 5 x denotes the k-th recovered label of the n-th training data in the
g-th dimensional class space. The second term is targeted for seeking the optimal solution
by minimizing the reconstruction error between the recovered labels of anchor data and
training data in partly observable class spaces with weight parameter yg. The third term
is the loss function with weight parameter ¢, where fq,k (x) stands for the output value
of the discriminant function. The fourth term is the regularization term weighted by the
parameter yp, which serves the purpose of reducing the complexity of components out of
the subspace. The fifth term represents an additional regularization term with the weight
parameter yg, utilized to enhance the generalization of the learned classifier.

To render the global optimization issue (13) suitable for the distributed network, we
decentralize it by utilizing the local estimations {w; ; x, v; 4k, ©;} to replace the global ones
and adding two consensus constraints, which are given by

/ !
- _yJ N Ko vay 2y N yQ
— uIJm?U f®_ = Lj=1 {Zn—1 quyj Yl 20 gk = Yingk)” + 1,10 Zqzl Yo
jna ki kO]

N; K
gT]\S] (Zj,n,q,k - rn,lZ]C',l)z + anzl Zt?zl 21;1 ;Tfl (Zj,n,q,k - fq,k(xj,n))z

(14)
%»}

!
Q K T
+ Zqzl Yy (2| W)k — ®j Yjq.k
— v/ :
5.7
s.t. ®]®]T =1, ®] =0, Wjgk = Wigks jed, ic B]

3+ Fllwig
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Two consensus constraints are incorporated into the optimization for forcing all the
local estimations among different nodes to agree on the consensus value.

Optimized procedure of z;, ,x: Given fixed wj g, we have the sub-optimized
problem

{zjngrtr1}t = arg Zr]mqr}{ Fi(Zjngr Wights Vjg ks O )- (15)

By employing the steepest gradient descent (SGD) method, we have the update
equation of z; , ;  as follows:

Zimaght+1l = Zjmakt — H1t41V2) 0 T (Zna ke Wigkt Vjght ©jt), (16)

where p1 ;1 denotes the step size, and the gradient

Vet (Zjm0.k Wigkts Vjq ks Oft)
rA B rc
:W‘S' (Zn,q,k - yn,q,k) + W(Zn,q,k Tn %, i)t W(Z”J]rk - fq,k(xj,n))/
with the indicator variable § = 1ifg € yj ; otherwise, 6 = 0.
Optimized procedure of w;j,: For fixed ©;; and v r; = Oj;wj4ks the sub-
optimized problem reduces to

{w-, ,k,t+1} = arg min F;(zj g k t+1, Wi o ks Vjg ktr @it )
14 Wik J\=nq 149 149 ] (17)

s.t. Wigk = Wigks jeJd, i€ B]

Referring to the update process of distributed learning [3,31], we have the updated
equation of w; ; x, which is composed of two parts (adaptive and cooperative steps):

!

Wjakt+1 = Wigkt — V2,l‘+1ij,q/k-a(zj,n,q,k,t—&-l/wj,q,k/ ikt ©jt), (18)
Wigkt+1 = Z Cjiw ,q,k t41 (19)
ieB
j

where 5 ;41 denotes the step size, and the gradient
Vi Fj (Zn,g )41, Wi er Vi ot Oj )
Nj
jife ; D T YE
== Z:l W(Zj,n,q,k = far(x0)) (%)) + ] — (W) gt — ®j,tz’j,q,k,t) + 7wj,q,k,t-
n=

Optimized procedure of v;,;: Incorporating the fixed w1 and ©;; into the
decentralized optimization problem (14), we have the update equation of v; ;111

Vjght+1 = Of W) gferi1- (20)

Optimized procedure of ©;;: Based on the updated v; ;1 ; 1, the optimization problem
(14) can be reduced to

®j,t+1 = arg min@j f Wi gk t+1s ],q,k t+1s ®])

(
_ T
= argmaxe; tr {(9] g=1 Zk 1 Wjgkt+1 " w],qk 1+1)9; 1)

= argmaxg, tr |:®]‘r]',t+1 @ﬂ ,
st. Q0 =1, ©;=0; jeJ, i€B
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Based on the current consensus estimations {w]-,q,k,tﬂ }, we can seek the optimal so-
lution of sub-optimization (21) by employing eigenvalue decomposition (ED) of T'; ;1 =

/
ZqQ:l lefil Wjakitl” ij,q,k, 141+ Specifically, the rows of ©; ;1 are determined by the eigen-
vectors w.r.t. the largest 1 eigenvalues of T'; ;1.

The ideal predictive model may be achieved by iteratively optimizing the four afore-
mentioned sub-optimization issues until convergence. Subsequently, for an unseen instance
x*, the outputs of the discriminant function f* may be derived from the trained classifier.
Correspondingly, the predicted label vector y*/ in the transformed output space can be
calculated by

y* = sign(f"), (22)

where sign(-) denotes the element-wise signed function. Now, the predicted label vector
! Q / . . . o e
y* canbe expressed asa ) -1 K,-dimensional binary vector consisting of +1 elements.

To obtain the Zqul K;-dimensional label vector y* in the original output space, a
one-vs.-one decoding rule is applied to the Eff:l K;-dimensional transformed label vector

y*'. To be specific, referring to (1), we count the elements in binary vector y* whose serial
number belongs to sets P;,, ,x and Nj, , r, where P;,, 0 = {(k—1)K; +1 — Yk i-1}
for1 < k < K,, and/\/},n,q,k ={k-1+Y; (K;—2—i}for0 <s<k—-3,k >3 or
ij,n,q,k = {1} for k = 2. Based on this, we utilize Pqk and n, . to denote, respectively, the
count number w.r.t. positive set P;, ,x and negative set A/}',n,q,k/ and then compute the
value of the k-th class variable in the g-th dimensional original label vectors y; using the
majority voting method, i.e.,

+1, ifk=arg max pg,+np,,
Vi = R (23)
—1, otherwise,

Similarly, the predicted label vector of unseen data in all the Q class spaces y* <
Q
{il}Z'Fl X can be obtained.
The flowchart of the proposed dPL-MDC algorithm is depicted in Figure 1, and the
essential steps of the dPL-MDC algorithm are encapsulated in Algorithm 2.

Algorithm 2 dPL-MDC algorithm

Require: Input training data {x]'/n,yj,n}nNL 1~ Initialize ®; 9 = 0y, p and wj 410 = Op.
1: Obtain the transformed labels for training data via (1) or (2).
2: Obtain the recovered label matrix of anchor points {Z]C} ]].:1 via Algorithm 1.
3: fort =0,1,... do
4: forj=1¢€ J do

5: Update w],‘,q,k,tH via (18).
6: Transmit w; gkt toits neighbors £ € B;.
7: end for
8: forj=1¢€ J do
9: Update w; ; 411 via (19).
10: end for
11: forj € J do
12: Update vj ;1. ++1 via (20).
13: Update ©; ;11 by ED of matrix I'j ;1.
14: end for
15: end for

16: Obtain binary label vector y* for an unseen data x*.
17: Return y* by applying one-vs.-one decoding rule over y*/.
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Figure 1. Diagram of the proposed dPL-MDC algorithm.
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This subsection analyzes the performance of the proposed dPL-MDC algorithm.
Convergence Analysis: To carry out the following analysis, a frequently employed

"

3.5. Performance Analysis

assumption is implemented.

Assumption 1. The cooperative matrix A with its element \j; = {j; in the distributed learning
methods satisfies the following conditions:

(1) A1y =15, 1fA = 17.

(2) The spectrum norm of the matrix A — (1/])1 ]1]T is no more than 1.

Theorem 1. If Assumption 1 is valid, the estimations of the model parameters {wj,y},
{vj gk}, and ©; at each node j will converge to their optimal values as t approaches +co, i.e.,
limy—se0 | [W) gkt — w;‘,k| 3 =0, 1imyseo |[0] 0t — v;‘,k| 3 = 0and lim; . ||©j; — ©*[|2 = 0,
where ’0;‘ . and ©* denote their optimal values, respectively.

Proof. See[2,3]. [

Theorem 1 may be demonstrated by adhering to the proof presented in [1-3]. Conse-
quently, we do not provide the comprehensive proof herein.

Complexity Analysis: The complexity analysis of the suggested method is then re-
ported. This section uses the amount of multiplication and addition operations at each
node throughout each iteration to assess computational complexity. The detailed results
are summarized in Table 1.

Each node j must send € x }_,, Ky, scalars to its one-hop neighbors i € B; at each
iteration T of the label recovery procedure. In addition, the quantity of scalars exchanged
among |B;| neighboring nodes during the process of classifier induction is D fo:l K/q at
each iteration ¢.

The analysis indicates that the complexity of the proposed algorithm is contingent
upon the total number of potential classes ZqQ:1 K;, the rank €, the amount of anchor points

C, and the dimension D, with the value of € being associated with ZqQ:1 Kl; In actual

classification situations, the total number of label classes ZqQ:l K:] is constrained, resulting
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in a modest value of €. So, as long as the dimension D and the value C are adjusted to a
reasonable level, the complexity of our suggested approach is practically manageable.

Table 1. Computational complexity of the proposed dS?’PMDL algorithm.

Variables Multiplication Operations Addition Operations

B; 2Ce? + €3 + Ce Zqul K,; 2Ce? + €3 + Ce Z?Zl K;
+e|Bj| Tf K, +elBj| 22, K,
zs (e+1)N; z§:1 K, (e+2)N; 233:1 K,
{(Zijmaknok 5N 2, K, 3N, L2, K,

{wj itk (N;+3)D 2;3:1 K, (2N; +3)D ZqQ:1 K,

{vj0)tak Dhy, K, Dhy, K,
Q; D3 + D? zle K, D3 + D? 23:1 K,

4. Experiments

This section conducts a series of experiments with real MDC datasets to evaluate the
efficacy of the proposed method. In these experiments, we utilize MATLAB 2024a to con-
duct all experiments on an identical workstation featuring a 12th Gen Intel Core (2.10-GHz)
CPU, 32 GB of RAM, (Intel Corporation, Santa Clara, CA, USA) and the Windows 11
operating system.

We should first present some related descriptions before conducting the experiments.
This experiment examines a distributed network with 20 nodes and 38 edges, with all
training data randomly allocated among these nodes. In our configuration, each MDC
data sample is allocated a collection of candidate labels inside partially observed class
spaces. To produce this type of data, we incorporate additional false positive labels into
the candidate labels within the available class spaces while designating the labels in other
inaccessible spaces as missing. To assess the influence of different quantities of noisy labels
on the learning efficacy of the proposed method, the Average Number of Noisy Labels
at each available class space (ANL) is defined. Furthermore, to examine the influence
of varying quantities of accessible class spaces on learning performance, the amount of
available class spaces at each node j, denoted as |)], is specified. Furthermore, to facilitate
an easy comparison of the effectiveness of various comparison algorithms across several
aspects, several widely utilized metrics in MDC, including Hamming loss, exact match,
and sub-exact match, may be employed. For their detailed definition, please refer to [10,13].

4.1. Verification Experiment on Convergence of dAPL-MDC Algorithm

The learning performance of the dPL-MDC method is initially assessed utilizing the
“Edm” dataset. In this experiment, we assign the values of the weight parameters y4 = 0.1,
g =01, y¢ =1, yp = 0.001, yg = 0.1, C = 30, the dimension D = 200, and the step
sizes pi1 411 = pari1 = 0.5/t%7, respectively (available code: https:/ /github.com/yujue-
xuzhen/dpl-mdc access on 25 June 2025). Taking the Hamming loss as a representative
for performance evaluation, and setting the values of |);| = 1 and ANL=0.2, we illustrate
the learning curve of the proposed dPL-MDC method in Figure 2. To assess the efficacy of
the suggested method with varying quantities of accessible class spaces, we additionally
simulate the Hamming loss of the proposed dPL-MDC with |);| = 2. To differentiate the
previous simulation with [);| = 1 (denoted as dPL-MDC case 1), we call this simulation
dPL-MDC case 2. Furthermore, we also simulate the Hamming loss of the centralized
partial label learning for MDC (denoted by “cPL-MDC?”, that is, one fusion center centrally
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processes all the training data), and the non-cooperative partial label learning for MDC
(denoted by “ncPL-MDC”, that is, each node in the considered network independently
trains classifiers without any information fusion) in Figure 2 for comparison. In fairness
to these comparison algorithms, we set |yj| = 2 for cPL-MDC and ncPL-MDC, that is,
all the training data are assigned with complete label information in all the considered
class spaces.

Figure 2 demonstrates that all of the learning curves exhibit comparable tendencies in
their evolution. In the initial period, all learning curves experience a rapid decline. All of
the learning curves progressively converge and remain unaltered after approximately 150
iterations. These simulation results intuitively illustrate that the dPL-MDC method can
obtain classification results that are virtually equivalent to those of the corresponding cen-
tralized learning method, and significantly outperform the corresponding non-cooperative
method. Additionally, it can also be noticed that the learning performance of the dPL-MDC
case 1 is slightly worse than that of the dPL-MDC case 2. Such a simulation result indicates
that as the value of |);| decreases, the number of available labels becomes smaller, which
leads to a slight performance deterioration. Owing to the effectiveness of the dPL-MDC
algorithm, the performance deterioration can be controlled in an acceptable region.

0.5 T T
—©— dPL-MDC case1
0.45 | —+—dPL-MDC case2 | |
---&-= cPL-MDC
0.4t --~<¢---ncPL-MDC 8

Hamming Loss
o
o I
N 6]

0.15

0.1

0.05

0 50 100 150 200 250 300
iteration

Figure 2. The learning curves of different algorithms on “Edm” dataset.

4.2. Investigation on Parameter Sensitivity of APL-MDC Algorithm

The impacts of the varying values of weight coefficients y4, v, vc, ¥p, and yr on the
Hamming loss of the proposed algorithm are investigated in Figure 3. From Figure 3, it
can be observed that all parameters have their applicable ranges. Once the parameters are
less than the lower bound or greater than the upper bound of the applicable range, the
algorithm performs poorly. Conversely, when parameters are selected within the applicable
range, the algorithm can achieve superior performance. Consequently, we can ascertain
that the appropriate selection of parameters is set as y4 € [10°,10'], v5 € [1071,107],
vc € [10°,10'], vp € [1072,107 1] and ¢ € [1071,10°], respectively.
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Figure 3. Hamming loss of dPL-MDC under varying values of parameters 7y 4, v, Yc, Yp, and yg on
“Edm” dataset.

The learning performance of the proposed method is examined in relation to varying
numbers of anchor points C and varied dimensions D on the “Edm” dataset. From the
simulation results in the upper sub-figure of Figure 4, it can be observed that the classifi-
cation performance of the algorithm gradually improves as the value of C increases. The
analysis reveals that a deficient number of anchor points results in inadequate distribution
to encompass all high-density areas. So, its ability to characterize the global data distribu-
tion is limited, which in turn affects the ability to eliminate noisy labels. Correspondingly,
when the number of anchor points increases to more than 30, their ability to characterize
data distribution significantly improves, thereby enhancing the capability to eliminate
noisy labels. When the value of C exceeds 30, the performance improvement diminishes
progressively. So, setting the number of anchor points C to 30 is suitable.
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Figure 4. Hamming loss of dPL-MDC under varying numbers of anchor points C and dimensions of
random feature map D on “Edm” dataset.

Moreover, the Hamming loss of the proposed methods gradually decreases as the
value of D increases. When the dimension D is too small, the approximation error of the
kernel function by random feature mapping is relatively large, thus affecting the perfor-
mance of the classifier. As D increases, the random feature map yields a more precise
approximation of the kernel feature map, hence enhancing classification performance.
A larger dimension of the model parameter implies high computation and communica-
tion complexity. To achieve a balance between learning performance and computational
complexity, we establish the value of D at 200.
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4.3. Performance Comparison Among Multiple Contrast Algorithms

In order to further demonstrate the generality of the dPL-MDC algorithm, we conduct
more simulations to evaluate its learning performance on a series of MDC datasets, includ-
ing Edm [15], Song [12], WQani. [12], WQpla. [12], Jura [15], Flare [12] and Music-emo. [33].
The detailed profiles of the used datasets are summarized in Table 2. To examine the effect
of different numbers of noisy labels on the learning efficacy of the proposed algorithm, we
compare three evaluation metrics of the dPL-MDC algorithm with varying levels of ANL.
Furthermore, to emphasize the superiority of our suggested algorithm, the performances
of other prominent state-of-the-art algorithms are also evaluated. Given that the challenge
of distributed classification of multi-dimensional data with ambiguous labels remains
unresolved, we simulate a distributed partial single-dimensional classification method,
namely, dS2PLL [31], and four centralized MDC methods, including ECC [19], ESC [6],
M3MDC [13], and DLEM [15], for the purpose of comparison.

Table 2. Detailed profiles of used datasets.

Dataset § Training Exam. f Testing Exam.  {f Feature f Lab./Dim.
Edm 1230 310 2 3,3
Song 3140 785 3 3,33
WQpla. 4240 1060 7 4,4,4,4,4,4,4
WQani. 4240 1060 7 4,4,4,4,4,4,4
Jura 2870 720 2 4,5
Flare 2580 650 3 3,4,2
Music-emo. 5466 1367 R

To be specific, dS2PLL independently induces a multi-class classifier for each dimen-
sional output space by exploiting the useful information from candidate labels [31]. ECC
trains the prediction model by training a sequence of multi-class classifiers inside each
dimensional class space, where the output of the preceding classifier is considered as
additional characteristics for the subsequent classifier [19]. ESC firstly groups the multi-
dimensional class labels into a series of superclass labels, and learns the classifier based
on these super-class label variables [6]. M3MDC maximizes the margins between each
label pair, and exploits the label dependencies using a covariance regularization term [13].
DLEM initially decomposes the output space of MDC into an encoded label space, thereafter
employing the manifold structure to leverage the relationship between pairs of encoded
labels [15]. PLEM extracts intrinsic information within the encoded label space by main-
taining consistency between attribute distributions and label distributions [16]. It is noted
that the hyperparameters for these comparison methods are the same as those used in the
referenced publication.

Furthermore, in order to comprehensively assess the efficacy of the dPL-MDC al-
gorithm in dealing with a small amount of missing labels, we also compare the three
evaluated metrics of the dPL-MDC algorithm with different values of |);|. Similar to the
last experiment, we use the dPL-MDC case 1 to denote the dPL-MDC with ;| = Q — 1,
and call the dPL-MDC with |Y;| = Q as dPL-MDC case 2 for simplicity. The classification
performance of the cPL-MDC algorithm is evaluated as a benchmark.

Initially, we evaluate the learning performance of several algorithms versus the ANL
on the “Edm”, “Song”, “WQani”, and “WQpla” datasets, as illustrated in Figures 5-7.
It is noted that for the “Edm” and “Song” datasets, only one noisy label at most can be
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added into candidate label sets. Furthermore, for the “WQani.” and “WQpla.” datasets,
the maximum number of noisy labels incorporated into the candidate label set is two.
Therefore, in this experiment, the range of ANL is, respectively, set as [0.1, 0.9] for the
“Edm” and “Song” datasets, and set as [0.1, 1.8] for the “WQani.” and “WQpla.” datasets.
Analysis of the simulation results depicted in these figures reveals a clear trend; as the ANL
grows, an increasing number of noisy labels are integrated into the training dataset. The
efficacy of all comparison algorithms steadily declines due to the adverse impact of the
noisy labels. Furthermore, our proposed dPL-MDC case 1, dPL-MDC case 2, and cPL-MDC
algorithm achieve the best three performances among the comparison algorithms in all the
metrics, indicating that our proposed algorithm has good generality in solving the MDC
problem with a proportion of ambiguous labels. Furthermore, we can see that dPL-MDC
case 2 shows better learning performance compared to dPL-MDC case 1. The simulation
results demonstrate that more label information can enhance the learning performance of
the proposed method to a certain degree.

Edm Song
0.14 — T T T T T T T 0.16 — T T T ;
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Figure 5. Hamming loss of different comparison algorithms versus the ANL on “Edm”, “Song”,
“WQani.” and “WQpla.” datasets.

1. We can see that the ECC and the ESC perform significantly worse than the other
comparison algorithms. The possible reasons are analyzed as follows. During the training
of ECC, the output from the preceding classifier is employed as an additional feature in the
subsequent classifier. The accuracy of the former classifiers is influenced by the noisy labels,
and then the prediction error also expands through the classifier chain propagation, which
leads to unsatisfactory classification results. Furthermore, since ESC learns the classifier
supervised by the superclasses, its learning performance heavily depends on the accuracy
of the grouped superclasses. However, negatively affected by noisy labels, the grouped
superclasses may be inaccurate, which seriously deteriorates the classification performance
of ESC.

By comparing the learning performance of different comparison algorithms, we can
observe the following phenomena.
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2. The DLEM algorithm and M3MDC algorithm share similar training patterns, both
employing the one-versus-one decomposition method to achieve problem transformation
for multi-dimensional learning and leveraging correlations between label pairs to enhance
model performance. Benefiting from the effectiveness of the label dependency exploitation
strategy, the MBMDC and DLEM perform significantly better than the ESC and ECC.
Nevertheless, due to the influence of noisy labels, the learning performances of M3MDC
and DLEM are inferior to our proposed algorithm.

3. Furthermore, the dS2PLL initially clarifies the candidate labels by assessing label
confidence, and subsequently trains the classifier under the supervision of reliable labels.
So, it performs better than ESC and ECC. However, due to ignoring the potential label
dependencies among multiple heterogeneous class spaces, the performance of dS2PLL is
still inferior to the dPL-MDC algorithm.

4. Furthermore, the PLEM algorithm uses manifold structures to characterize the
distributions of feature and label spaces, and explicitly leverages label correlation infor-
mation for model training. Nevertheless, due to the adverse impact of noisy labels on the
characterization of label distributions, the performance of the trained model is degraded.
Overall, the PLEM algorithm does not perform as well as our proposed algorithm.
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Figure 6. Exact match of different comparison algorithms versus the ANL on “Edm”, “Song”,
“WQani.” and “WQpla.” datasets.

5. The proposed dPL-MDC algorithm demonstrates the best performance among all
compared algorithms, and the possible reasons are as follows. When the parameters are set
within appropriate ranges, the algorithm exhibits strong capabilities in eliminating noisy
labels and exploiting label dependencies in heterogeneous class spaces. This enables the
algorithm to significantly outperform other comparison algorithms when the value of ANL
is equivalent to 0.8.
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Figure 7. Semi-exact match of different comparison algorithms versus the ANL on “Edm”, “Song”,
“WQani.” and “WQpla.” datasets.

Additionally, we assess the efficacy of all comparison algorithms on the other datasets
and obtain comparable results. The pertinent figures are not included in this section due to
a page limitation. Instead, we present all the simulation results in terms of three evaluation
metrics in Tables 3-5. By observing Tables 3-5, we can draw a similar conclusion as those
made above.

Table 3. Hamming loss of different algorithms versus ANL on MDC datasets.

Hamming Loss

Dataset Edm Song WOQani. WQpla. Jura Flare Music-Emo.
ANL 0.8 0.8 0.8 0.8 0.8 0.8 0.481
dPL-MDC case1 0.0590 0.1289 0.1728  0.1458 0.0587 0.0526 0.2521
dPL-MDC case2 0.0576 0.1286 0.1719  0.1441 0.0570 0.0515 0.2504
cPL-MDC 0.0568 0.1273 0.1708  0.1430 0.0552 0.0519 0.2472
dS?PLL 0.0785 0.1434 0.1774  0.1507 0.0702 0.0536 0.2913
M3MDC 0.0735 0.1356 0.1745 0.1484 0.0735 0.0540 0.2924
DLEM 0.0713 0.1320 0.1757  0.1455 0.0707 0.0558 0.2933
ECC 0.1057 0.1402 0.1836  0.1621  0.0787 0.0621 0.3101
ESC 0.0956 0.1398 0.1870 0.1627 0.0775 0.0605 0.3175
PLEM 0.0685 0.1304 0.1744  0.1446 0.0685 0.0543 0.2872
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Table 4. Exact match of different algorithms versus ANL on MDC datasets.

Exact Match
Dataset Edm Song WQani. WQpla. Jura Flare Music-Emo.
ANL 0.8 0.8 0.8 0.8 0.8 0.8 0.481

dPL-MDC case1 0.8091 0.5355 0.0821  0.1342 0.7611 0.8227 0.2552
dPL-MDC case2 0.8102 0.5364 0.0843  0.1354 0.7646 0.8245 0.2564

cPL-MDC 0.8224 0.5387 0.0854 0.1370 0.7706  0.8236 0.2577
dS’PLL 0.7612 0.5215 0.0774 01274 0.7055 0.8182 0.2087
M3MDC 0.7703 0.5188 0.0806  0.1285 0.7305 0.8140 0.2047
DLEM 0.7812 0.5300 0.0784  0.1278 0.7412 0.8201 0.2052
ECC 0.7247 0.5155 0.0716  0.1126  0.7070  0.7850 0.1880
ESC 0.7273 05170 0.0707  0.1171 0.7005 0.7826 0.1872
PLEM 0.7850 0.5324 0.0787  0.1303 0.7342 0.8198 0.2126

Table 5. Semi-exact match of different algorithms versus ANL on MDC datasets.

Semi-Exact Match
Dataset Edm Song WQani. WQpla. Jura Flare Music-Emo.
ANL 0.8 0.8 0.8 0.8 0.8 0.8 0.481

dPL-MDC case1  0.9895 0.9285 0.2842  0.3562 0.9702 0.9524 0.3756
dPL-MDC case2 0.9897 0.9301 0.2856  0.3572  0.9689 0.9552 0.3779

cPL-MDC 09896 0.9315 0.2869  0.3590 0.9736 0.9566 0.3785
dS’PLL 09825 09165 02724 03465 0.9585 0.9368 0.3465
M3MDC 0.9867 09207 0.2806  0.3506  0.9608  0.9482 0.3551
DLEM 09858 09188 0.2773 03513  0.9598 0.9501 0.3568
ECC 09763 09005 0.2556  0.3360  0.9410 0.9257 0.3401
ESC 09755 09050 0.2568  0.3401  0.9487 0.9242 0.3385
PLEM 09842 09195 0.2794 03503 0.9625 0.9517 0.3593

We rank all the comparison algorithms in Figure 8 in terms of three evaluation metrics
to emphasize the advantages of the proposed algorithm from a macro perspective. Our
proposed dPL-MDC case 1 and dPL-MDC case 2 algorithms are ranked lower than cPL-
MDC. Furthermore, the rankings of the proposed dPL-MDC case 1 and dPL-MDC case 2
are significantly higher than the other comparison algorithms in each evaluation metric.
This experimental result further corroborates the efficacy of the proposed method.

Critical Distance=3.9875 Critical Distance=3.9875
—_— —_—

Hamming Loss Exact Match
O 8 7 & 3 & 3 3 1 O 8 7 & 5 4 3 3 1
Fccﬂ HCPI:MDC F.SCﬂ ucl’l -MDC
ESC dPL-MDC case2 ECC dPL-MDC case2
dS2PLL———— —————dPL-MDC casel dS2PLL dPL-MDC casel
M3MDC PLEM M3MDC PLEM
DLEM ————— DLEM
Critical Distance=3.9875
Semi-Exact Match
. & 7 & § 4 3 2 1
ECC ﬂ ‘ L ¢PL-MDC
ESC dPL-MDC case2
dS2PLL- dPL-MDC casel
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Figure 8. Comparison of dPL-MDC case 2 (the control algorithms) in contrast to other comparing
algorithms using the Bonferroni-Dunn test.

4.4. Performance Comparative Analysis of Different Algorithms

Furthermore, to further measure the relative performance difference across all com-
parison methods, the Friedman test is employed [44]. According to its theory, we have the

100



Electronics 2025, 14, 2623

number of comparison algorithms k4 = 9 and the number of data sets Np = 7. Based on
k4 and Np, we can calculate the critical value w.r.t. each evaluation metric and the corre-
sponding value of the Friedman statistic Fr. The detailed statistical results are presented in
Table 6. Obviously, the null hypothesis of no distinguishable performance difference across
all the comparison algorithms is rejected for each evaluation metric, with a significant
threshold of & = 0.05.

Table 6. Summary of the Friedman statistics Fr and the critical value in teams of Hamming loss, exact
match and semi-exact match.

Maetric Fr Critical value (« = 0.05)
Hamming loss 44.000
Exact match 49.814 2.14
Semi-exact match 61.605

Finally, the Bonferroni-Dunn test is used to quantify the relative performance differ-
ence between a pair of comparison algorithms [44]. In this experiment, dPL-MDC case 2
is set as the controlled method. We calculate the value of the critical difference (CD) at a
significance level & = 0.05, and depict the CD diagrams in Figure 8. In each sub-figure
of Figure 8, the average rankings of all the comparison algorithms are depicted by black
lines, and any comparison algorithm whose average rank is within one CD to that of the
controlled method is connected using a red line. From Figure 8, the dPL-MDC instance 2
markedly surpasses the dS2PLL, ECC, and ESC across all evaluation metrics, proving the
superiority of our proposed method.

5. Conclusions

This study has tackled the challenge of distributed classification of multi-dimensional
data labeled with candidate labels inside partially accessible class spaces over a network,
and developed the dPL-MDC algorithm. The proposed method has employed one-vs.-one
decomposition on the original multi-dimensional output space, which converts the issue
of partial multi-dimensional classification (MDC) into a series of problems related to dis-
tributed partial multi-label learning. Then, a distributed label recovery approach has been
devised to assess the label confidence of the training data. Under the supervision of the
recovered labels, by exploiting high-order label dependencies from a common predictive
structure in the subspace, the classifier has been trained. A number of simulations using
multiple MDC datasets have been conducted to validate the efficacy of the proposed ap-
proach. Existing experimental results show that as long as the parameters of the proposed
algorithm are set within a reasonable range, it can significantly outperform existing com-
parison algorithms. Especially when the proportion of noisy labels is high, the performance
advantage of our proposed algorithm becomes more significant.

Nonetheless, the proposed algorithm still has some limitations. For example, the
proposed algorithm currently relies on manual selection of hyperparameters. Therefore,
in the future, we would like to integrate swarm intelligence algorithms to assist in auto-
matically setting the values of hyperparameters. Additionally, the proposed algorithm
is currently more suitable for small-scale networks. In the future, developing a new in-
formation cooperation model between nodes to adapt to large-scale networks is also an
interesting direction. Moreover, considering the excellent performance of deep learning in
many fields, leveraging related deep learning technologies to achieve continual learning is
also a potential research direction in the future.
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Abstract: A more accurate crop yield estimation is essential for optimizing agricultural pro-
ductivity and resource management. Traditional machine learning models, such as linear
regression and convolutional neural networks (CNNs), often struggle to integrate multi-
modal data sources effectively, limiting their predictive accuracy. In this study, we propose
the AgriTransformer model, a transformer-based model that enhances crop yield prediction
by leveraging attention mechanisms for multimodal data fusion. The AgriTransformer
model incorporates tabular agricultural data and vegetation indices (VI), allowing dynamic
feature interaction and improved interpretability. Experimental results have demonstrated
that AgriTransformer significantly outperforms conventional approaches, achieving an R?
of 0.919, compared to 0.884 for the best-performing linear regression model. The findings
highlight the importance of structured tabular data in yield estimation, while VI serves as a
complementary feature that increases the prediction capability and confidence. This study
highlights the potential of transformer-based architectures in precision agriculture, offering
a scalable and adaptable framework for crop yield forecasting. The AgriTransformer model
enhances predictive accuracy and generalization across diverse agricultural conditions by
prioritizing relevant features through attention mechanisms.

Keywords: precision agriculture; transformers architecture; attention mechanism; deep
learning; multimodal learning

1. Introduction

Estimating crop yield accurately remains a fundamental challenge in agriculture,
having a big impact on assuring food security, planting and harvest planning, and the
use of pesticides and fertilizers. However, many factors influence crop yield, including
soil condition, weather, crop management practices, diseases, and pests. The presence
of these elements causes the harvest to present great spatial-temporal variability and is
difficult to model jointly, especially in extensive areas [1,2]. Moreover, precise estimation of
agricultural production is essential for feeding our growing population [3]. reveals that
food demand also refers to producing quality food that contains proteins, vitamins, or
minerals. His work encourages us to change our perspective on sustainable agriculture; in
these circumstances, forecasting food production is highly pertinent and recommendable.

Traditional prediction models, such as mathematical and statistical methods applied
to weather, soil, and management data, or vegetation indices obtained from remote data,
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often fail to generalize across different regions and crop types. These approaches usually
rely on a single data modality and assume linear relationships between variables, limiting
their predictive capacity. Following this approach [4], explain that vegetation indices are
used with regression methods to forecast the yield of crops, and data mining techniques
add information like weather, soil status, or management practices that improve the
production estimation.

Likewise [5], explain that satellite images are improving the accuracy of crop pro-
duction estimation. In their experiments, they used images with resolutions of 250 m,
500 m, and 1 km, where the resolution of 250 m means that a pixel represents an area of
250 x 250 m. The prediction model used regression to estimate the yield having the NDVI
(Normalized Difference Vegetation Indices) values as the independent variable, obtaining
a coefficient of determination r? value up to 0.615; this metric is improved when they
use higher resolution images; however, it is explained that using satellite images faces
challenges like the storage demand, cloudiness, or lack of high-quality images.

Recent studies have utilized machine learning and deep learning approaches, such
as random forests, convolutional neural networks, and long short-term memory models,
to improve yield estimation [6,7]. While these methods have shown improvements, they
often miss the full potential of multimodal data fusion, which is combining structured
tabular information (e.g., soil, climate, crop type, water information, or plant data) with
unstructured sources like satellite imagery or vegetation indices [8]. Moreover, most models
process these modalities independently or simply concatenate them, which fails to capture
cross-modal interactions that are crucial for understanding plant development and health.

In this work, we propose AgriTransformer, a deep learning architecture based on
cross-modal attention that jointly models tabular data and vegetation indices [9]. By
employing a co-attention mechanism, the model can learn interdependencies between
variables such as irrigation conditions, crop type, or management practices, and on the
other hand, vegetation indices, enabling more accurate yield predictions. Our approach
addresses key challenges in yield estimation, including;:

e Integration of heterogeneous data sources.
e  Modeling nonlinear relationships and latent interactions.
e  Enhancing robustness across diverse field conditions.

The AgriTransformer model was evaluated using real-world data from Telangana,
India, and demonstrated that it significantly outperforms baseline models in terms of mean
squared error and coefficient of determination (R?).

1.1. Related Work

Crop yield estimation has been studied exhaustively using statistical, machine learning,
and remote sensing techniques. Early approaches relied on linear regression models using
climatic and agronomic variables [10], but these methods usually failed to capture the
complex, nonlinear interactions between soil, weather, and crop characteristics.

In order to improve the accuracy of yield estimation, researchers are using machine
learning models such as Random Forest [11], Support Vector Regression [12], and Gradient
Boosting Machines [13]. Even though these models capture more complex patterns than
traditional statistical techniques, they require extensive feature engineering and still operate
mainly on tabular data, without taking advantage of spatial and temporal information of
imagery from remote sensors.

On the other hand, methods that utilize remote sensor data have been used to monitor
crop conditions through vegetation indices such as NDVI, EVI, and SAVI [14]. These indices
help assess plant vigor and photosynthetic activity. Although these models provide useful
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information, they suffer from saturation in dense canopies and are sensitive to atmospheric
noise, cloud cover, and low-quality images.

Furthermore, recent deep learning approaches have improved modeling complex
data modalities. Convolutional Neural Networks (CNNs) have been applied to satellite
imagery for yield prediction [15,16], while Recurrent Neural Networks (RNNs) and LSTMs
have been used to capture temporal patterns [17]. However, these methods often treat
different modalities (such as images and tabular features) independently or merge them
using simple concatenation, ignoring the latent interactions of diverse data modalities.

1.2. The Attention Mechanism in AgriTransformer

The attention mechanism is a key technique in deep learning models like the Trans-
former architecture, and it assigns different weights to the most relevant parts of the input
information. In the context of crop yield estimation, the attention mechanism is used to
merge multiple sources of data, such as satellite images, field sensors, and time-series
weather data [18].

1.2.1. Types of Attention in Deep Learning

First, we have the Self-Attention mechanism, which is used in models such as Vision
Transformers (ViTs) and BERT, which has been widely used in social media data processing,
and it allows each input element to interact with every other element, assigning weights
according to their importance. The key technique is the scaled-dot product attention, which
computes the relevance of each element [19].

Next, we have the Cross-Modal Attention, which has emerged as a powerful solution
to fuse multimodal data by learning where and how different modalities influence the
outcome [20]. The formula for obtaining cross-attention is similar to the formula of self-
attention, with the difference that in cross-attention, the information comes from different
sources, where the model uses the decoder’s output to generate the query (Q), and it looks
for keys (K) and values (V) that come from the encoder to obtain the answers.

Attention(Q,K,V) = softmax<QKT) 14 1)
vk

Certain studies have used the Transformer architecture with agricultural tasks, but
their application to yield estimation remains limited. Our work extends this line of research
by introducing a co-attention mechanism adapted to the agricultural domain, enabling
the model to learn dynamic relationships between vegetation indices and tabular features,
such as crop type, irrigation, and crop management practices. This approach allows the
model to learn

1.2.2. Comparison with Traditional Methods

Unlike traditional methods that analyze each modality separately, AgriTransformer
uses Cross-Modal Attention in order to learn complex relationships between diverse
modalities of data, improving the accuracy of yield estimation and being more adaptive to
changes in weather and geographic conditions.

This paper continues as follows: in Section 2, we explain the methodology that were
used in the project, describe the dataset, and explain the algorithms in detail; in Section 3,
we expose the empirical results of the experiments; in Section 4, we analyze the results and
support our ideas; finally, in Section 5, we present the conclusions of the research project.
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2. Materials and Methods
2.1. Methodology

According to [21], the process of machine learning-based crop yield prediction consists
of stages like data collection, data pre-processing, building the machine learning model
(in this case, it can be a regression model for estimating yield or a classification model for
estimating the health of a crop), and making crop yield predictions in a real-world scenario.
Figure 1 illustrates the steps taken in the present project for crop yield prediction using

N
Data collection
7

2

N
Data pre-processing
e

2

Machine learning

[ Regression j Classification

2

Crop yield
prediction

Figure 1. General architecture of machine learning-based crop yield prediction [21]. Methodology

machine learning.

used in the present project.

2.2. Description of the Utilised Dataset

The data used for the experiments is the dataset from the Telangana Crop Health
Challenge, available on [22]. The dataset contains 10,037 rows with information about the
same number of farms located in diverse locations in Telangana state, India (Figure 2).

The dataset contains, on the one hand, farm tabular data such as type of crop, crop
cover area, sowing date, harvest date, crop height, condition of crop transpiration, type of
irrigation method, irrigation type (possible values: drip, sprinkler, or surface), irrigation
source (possible values: canal, borewell, or rainfall), number of times the farm has been
irrigated, estimated percentage of the area covered with water due to irrigation, season
in which the crop is cultivated, geographical data such as state, district, and sub-district.
Among those fields, we considered the “expected yield” field as the target variable, which
consists of a numeric value in the unit of hundred weight per acre, which is used in the
United Kingdom, where 100 weight equals 112 pounds or 50.8 kg, and an acre equals
4047 square meters. On the other hand, the dataset has the geometry field, which contains
the physical coordinates or spatial geometry of the farm location, as seen in Table 1.
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(@) (b)

Figure 2. (a) The Telangana state in India and (b) the districts of the Telangana state.

Table 1. Field geometry description on the Telangana Crop Health Challenge dataset.

Index Geometry
POLYGON ((78.18143 17.97888, 78.18149 17.97899, 78.18175 17.97887,

0 78.18166 17.97873, 78.18143 17.97888))

1 POLYGON ((78.17545 17.98107, 78.17578 17.98104, 78.17574 17.98086,
78.17545 17.98088, 78.17545 17.98107))

’ POLYGON ((78.16914 17.97621, 78.1693 17.97619, 78.16928 17.97597,
78.16911 17.97597, 78.16914 17.97621))

3 POLYGON ((78.16889 17.97461, 78.16916 17.97471, 78.16923 17.97456,
78.16895 17.97446, 78.16889 17.97461))

4 POLYGON ((78.17264 17.96925, 78.17276 17.96926, 78.17276 17.96913,
78.17273 17.96905, 78.17264 17.96925))

8770 POLYGON ((78.79225 19.7354, 78.79276 19.73531, 78.7927 19.73418, 78.79213
19.73423, 78.79225 19.7354))

8771 POLYGON ((78.79762 19.75388, 78.79859 19.75375, 78.79853 19.75335,
78.79751 19.75337, 78.79762 19.75388))

8772 POLYGON ((78.80798 19.75445, 78.80899 19.75448, 78.80895 19.75415,
78.80795 19.75412, 78.80798 19.75445))

8773 POLYGON ((78.80939 19.75338, 78.81022 19.75344, 78.81018 19.75305,
78.80942 19.75302, 78.80939 19.75338))

8774 POLYGON ((80.11489 17.37211, 80.11505 17.37208, 80.11508 17.37193,

80.11511 17.37158, 80.11489 17.37211))

With the use of the Shapely library 2.0.3 and the Python language 3.11.13, we could
scale those geometries around their centroid point. Having those geographical coordinates
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and shapes, we used the Google Earth Engine script to download the multispectral images
from the Sentinel-2 satellite system. These multispectral images have a spatial resolution of
10 m, and the image for each farm is taken depending on its availability between the crop
sowing and harvesting dates. The tabular data, which is a CSV file, was stored in Google
Drive, and then we used Google Colaboratory to execute the aforementioned Python script
for downloading the multispectral images and storing them in Google Drive.

2.3. Data Pre-Processing

Once we have the data, it comes to the pre-processing stage. We proceeded to remove
those rows that had null values and those that had invalid information about the geograph-
ical coordinates of the farm. After this step, our dataset contained 7796 rows with tabular
information about the agricultural management of the crop and a link to the multispectral
image of each row. Figure 3 shows some RGB images and near-infrared images of the farms
in the dataset.

RGB images
of farms

NIR images
of farms

ndvi evi ndwi gndvi

0.100756  |-0.410477 |-0.127153  |0.127153

NDVI = NIR—Red

NIR+Red 0.188090 -0.404739 |-0.187815 0.187815

I:> 0206596  |-0.404504 |-0.206553  [0.206553

0206250  |-0.402871 |-0.220995  |0.220995

0.179721  |-0.412072 |-0.160657 0.160657

Figure 3. Samples of satellite RGB and NIR images of farms.

As seen in Figure 3, we conducted the processing of multispectral images for obtaining
the vegetation indices and used the blue, red, green, and near-infrared channels to obtain
the vegetation indices, as shown in Table 2.

After calculating the vegetation indices for each row of the dataset, we included
those values and obtained the final dataset with 2 groups of fields: the management
practices of the farm (Table 3) and the vegetation indices of that farm (Table 4). It is worth
noting that these 2 groups of fields come from heterogeneous sources: tabular data and
multispectral images.
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Table 2. Description of vegetation indices that were used in the project.

Vegetation Index Use Formula
. . It is used for assessing the
NDVI (Normalized Difference . NIR—Red
Vegetation Index) health gnd density of NDVI = NIR+Rf>d @
vegetation [23]
It is used for adjusting the
EVI relation between vegetation EVI = G#NIR—Red @)
(Enhanced Vegetation Index) and soil or when the NDVI — NIR+CT*Red—C2#Blue+L
index is not good [24]
It is used to monitor the
NDWI amount of water on the NDW] — Creen—NIR )
(Normalized Difference Water Index) surface or moisture on the ~ GreentNIR
ground [25]
It is used to assess the health
GNDVI : .
. . of vegetation, especially when _ NIR—Green
e o ey Difference the NDVI index is not GNDVI = Nt crien ©
& sensitive enough [10,26,27]
It is used when the soil is
SAVI visible in satellite images in (NIR—Red)w(141)
: . . order to reduce the effect of SAV] = (NIR—Red)+(1+L) (6)
(Soil Adjusted Vegetation Index) coil in areas with a low NIRTRed+L
amount of vegetation [28]
It is used in areas with low
MSAVI vegetation amount and to MSAVI =
£ ; : obtain a more accurate 24NIR+1—1/(2¢NIR+1)>—8+(NIR—Red) (7)
(Modified Soil Vegetation Index)

assessment of the

2
vegetation [29]
Table 3. The farm management fields of the dataset.

Crop State  District = Sub-District = CropCoveredArea CHeight IrriType  IrriSource IrriCount WaterCov
5 0 5 61 97 54 1 1 4 87
5 0 5 61 82 58 1 0 5 94
5 0 5 61 92 91 1 0 3 99
5 0 5 61 91 52 1 0 5 92
5 0 5 61 94 55 1 0 5 97
2 0 0 11 81 110 0 2 3 45
2 0 0 11 68 66 2 0 3 58
2 0 0 11 84 101 0 2 3 52
1 0 2 51 60 100 0 1 2 46

Table 4. Vegetation indices fields of the dataset and the ground truth (ExpYield).
ndvi evi ndwi gndvi savi msavi ExpYield
0.100756 —0.410477 —0.127153 0.127153 0.150938 0.182590 17
0.188090 —0.404739 —0.187815 0.187815 0.281782 0.316035 15
0.206596 —0.404594 —0.206553 0.206553 0.309491 0.341444 20
0.206250 —0.402871 —0.220995 0.220995 0.308917 0.340748 16
0.179721 —0.412072 —0.160657 0.160657 0.269242 0.304072 20
—0.004249 ~0.417536 ~0.014609 0.014609 —0.006368 —0.008525 18
—0.006838 —0.417692 —0.013866 0.013866 —0.010247 —0.013755 11
0.059614 —0.410222 —0.099442 0.099442 0.089317 0.112032 14
—0.013908 —0.417783 —0.005324 0.005324 —0.020841 —0.028154 20
0.191313 —0.402399 —0.205605 0.205605 0.286604 0.320355 9

2.4. AgriTransformer: Model Description

AgriTransformer is a deep learning architecture designed to improve crop yield es-
timation by leveraging cross-modal attention [30] to integrate two distinct data sources:
tabular agricultural features (e.g., soil, weather, and management) and vegetation in-
dices such as NDVI. The model is inspired by transformer-based attention mechanisms,
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which have demonstrated strong performance in capturing dependencies across complex,
structured inputs.

Our core hypothesis is that joint modeling of these heterogeneous modalities can
better capture the plant-environment interaction dynamics that influence yield. Unlike
previous methods that treat these modalities independently or combine them through
simple concatenation, AgriTransformer employs co-attention blocks to learn relationships
between features dynamically.

2.4.1. Input Modalities

e  Tabular data: Structured features such as crop type, irrigation, and management practices.
e  Vegetation indices (VIs): Remotely sensed indices of vegetation (e.g., NDVI and EVI)
derived from multispectral satellite imagery during the growing season.

2.4.2. Architecture
The AgriTransformer consists of three main components:
(a) Embedding layers

e The tabular features are passed through a dense layer to obtain a fixed-
dimensional embedding.

e  The vegetation indices were obtained in a pre-processing stage by the VI formulas
described in Table 1.

These branches are processed separately at the first stages of the model.

(b) Cross-modal co-attention

e  The embeddings from both modalities are input into a co-attention module,
adapted from the concept of cross-attention in vision-language models.

e The dot product calculates the similarities between the projections of each
modality [31].

e  Normalization with the softmax function is used, and then the model applies
weights with the multiplication operation. This multiplication operation is crucial
to determine the relevance of one modality with respect to the other.

e  This mechanism allows the model to attend to relevant VI patterns conditioned
on the tabular context, and vice versa.

e Itenables learning interactions such as “how irrigation affects the relationship
between NDVI values and final yield.”

(¢)  Fusion and prediction

e The attended representations are concatenated and passed through a feed-
forward network (FEN).
e  The model outputs a scalar value representing the predicted crop yield.

Figure 4 shows the AgriTransformer architecture, while Figure 5 shows the variants of
the AgriTransformer model.

In Figure 5, the 3 variants of the AgriTransformer model are shown. The first imple-
mentation uses vegetation indices attention, in which the model calculates the attention of
the tabular data over the vegetation indices data. In the second implementation, the model
uses tabular data attention, which similarly obtains the attention of the vegetation indices
data over tabular data. Finally, in the third implementation, the model uses co-attention,
which combines both vegetation indices attention and tabular data attention.
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Figure 4. AgriTransformer model architecture.
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Figure 5. Variants of the AgriTransformer model. (a) Vegetation indices attention. (b) Tabular data

attention. (c) Co-attention.

2.4.3. Training Setup

The AgriTransformer model was trained and fine-tuned using the values shown
in Table 5.

Table 5. Parameters of the AgriTransformer.

Aspect Value
Optimizer Adam
Initial learning rate 0.001
Search technique Random search
Batch sizes tested 32,16,12
Epoch numbers tested 20, 50,70
Dropout rate 0.10, 0.20, 0.25
Hidden layers 3,4
Random seed configuration 42
Dataset split ratio 90% train, 10% test
Cross-validation 10-fold cross-validation to ensure robustness

We used the Google Colaboratory platform with the Python programming language
and the TensorFlow and Keras frameworks for the experiment part. Moreover, we utilized
Google Earth Engine Python to obtain the multispectral satellite images of the farms.

In addition, to compare the performance of the AgriTransformer model, we employed
both linear regression models and deep learning models. Table 6 shows the parameters of
the AgriTransformer and other deep learning models.
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Table 6. Parameters of the AgriTransformer and other deep learning models.

Deep Learning Model Hidden Layers Hidden Nodes Activation Function Loss Function
Dense neural networks 3 128, 64, 32 Relu MSE
Convolutional neural 64, 128, 64,

3 kernel_size = 3, Relu MSE

networks (1D) pool_size =2

AgriTransformer 4 for each branch + 1 128, 64, 32, 16, 128 Relu MSE
after fusion

2.4.4. Advantages

AgriTransformer enables cross-modal interaction by learning how features across
different modalities influence one another, unlike models that process each modality
separately. It also enhances interpretability, as attention mechanisms provide insight
into which modality holds greater importance. Additionally, its modular design ensures
transferability, allowing it to adapt across various crop types and geographical regions.

2.5. Evaluation Metrics of the Model

The AgriTransformer and the baseline models were evaluated on a real-world dataset
comprising both tabular agro-environmental features and vegetation indices for crop fields
in Telangana, India. We used two standard regression metrics to measure the performance
of the estimation models:

e  Mean Squared Error (MSE): Penalizes larger errors.

MSE =+ Y (y; — 9i)? ®)

=

e  Coefficient of Determination (R?): Indicates the proportion of variance explained by

the model. ,
21— L(vi—1i)

’ L (—7)

where : ©)

Yy = mean of actual values

Each model was evaluated using 10-fold cross-validation to ensure generalizability.
We report the mean and standard deviation of MSE and R? across folds. Additionally,
we conducted paired t-tests to assess the statistical significance of differences between
AgriTransformer and the best-performing baseline.

In the next section, we present the results of our experiments, which were conducted
to evaluate the performance of the AgriTransformer model.

3. Results
3.1. Quantitative Results

To evaluate the performance of the AgriTransformer model, we experimented and
compared it with the linear regression baseline algorithm and deep learning models.
The experiments with linear regression had three versions of the utilized data (tabular
data + vegetation indices, tabular data only, and vegetation indices only), which helped
compare the impact of a single modality of data against a multimodality of data. The
two deep learning models, deep neural networks and convolutional neural networks,
were evaluated using tabular and VI data. For its part, we evaluated the AgriTransformer
model with three implementation variants that were described previously: co-attention
(Tabular + VI), VI-attention (Tabular + VI), and Tabular-attention (Tabular + VI). Table 7
presents the results of the experimental stage.
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Table 7. Vegetation indices fields of the dataset and the ground truth (ExpYield).

Model MSE (Media) MSE (Std) R? (Media) R2 (Std)
Linear reg. (Tabular only) 9.399 0.406 0.703 0.024
Linear reg. (VI only) 31.516 2.008 0.007 0.009
Linear reg. (Tabular + VI) 9.364 0.402 0.704 0.024
Dense neural networks (Tabular + VI) 3.666 0.219 0.884 0.012
Convolutional neural networks (Tabular + VI) 4.726 1.289 0.849 0.054
AgriTransformer with Tabular-attention (Tabular + VI) 5.037 0.481 0.841 0.021
AgriTransformer with VI-attention (Tabular + VI) 31.832 1.833 —0.002 0.003
AgriTransformer with co-attention (Tabular + VI) 2.598 0.816 0.919 0.022

The linear regression models exhibited limitations in predictive accuracy, particularly
when using only vegetation indices (VI-only), having a high error of MSE = 31.516 and
low explanatory power R? = 0.007. In contrast, combining tabular data with vegetation
indices (Tabular + VI) improved the accuracy, with MSE = 9.364 and R? = 0.704, but it still
had lower performance than more advanced models.

The application of deep learning led to a notable reduction in prediction error. The
dense neural network achieved an MSE of 3.666 and an R? of 0.884, indicating a significantly
better fit. The 1D convolutional neural network also performed well, though with greater
variability in error: MSE = 4.726 and R? = 0.849.

The AgriTransformer model showed varying performance depending on the attention
mechanism used. The Tabular-attention version maintained solid performance with MSE
= 5.037 and R? = 0.841. The Vl-attention version performed poorly, with a negative
R? = —0.002, suggesting an inability to model the relationship between variables properly.

The co-attention version was the most effective, achieving the lowest error of
MSE = 2.598 and the highest fit of R* = 0.919, showing its superior ability to integrate
and process information efficiently.

The results indicate that deep learning models, particularly the AgriTransformer with
co-attention, significantly outperform traditional methods in terms of accuracy and model
fit. Moreover, the integration of tabular data and vegetation indices enhances performance
in advanced neural networks.

Furthermore, Figure 6 shows graphically the yield prediction of the AgriTransformer
model when it is applied to the images of the dataset. It is important to highlight that these
predictions are more confident than vegetation indices alone since the forecast is based on
richer and diverse information.

Yield values

250
= 8 225
200
175
150
-125
- 100
F75

r 50

Figure 6. Yield predictions of the AgriTransformer model.
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3.2. Statistical Significance

To statistically validate the improvement provided by our AgriTransformer model
(co-attention) over the best-performing model (dense neural networks), we performed
paired hypothesis tests on the cross-validation results (k = 10), using both mean squared
error (MSE) and coefficient of determination (R?) as performance metrics.

e  MSE (Mean Squared Error)

e  Paired t-test: p = 0.0023 < 0.01

e  Wilcoxon signed-rank test: p = 0.0059 < 0.01
e  R?(Coefficient of Determination)

o  Paired t-test: p = 0.0032 < 0.01

e  Wilcoxon signed-rank test: p = 0.0032 < 0.01

3.3. Interpretation

Both the parametric and non-parametric tests indicate highly significant differences
(p < 0.01) for both metrics. This confirms that the co-attention variant of the AgroTrans-
former model, which leverages attention mechanisms over tabular data and vegetation
indices, significantly outperforms the other best-performing model with dense neural
networks, both in prediction accuracy (lower MSE) and explanatory power (higher R?).

3.4. Data Interpretability

To understand the importance of each feature of the dataset on the prediction model,
we implemented the SHAP (SHapley Additive exPlanations) method, which is based on
game theory and helps explain the predictions of machine learning models. It assigns a
fair contribution to each feature in a model’s prediction using Shapley values. Figure 7
shows the application of SHAP, and we can see the contribution of each feature (tabular
features extend from 0 to 15, while VI features extend from 16 to 21). The image reveals
that despite the variance of the features, both modalities add moderate to significant value
to the prediction model.

High
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Feature 14 R
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Feature 10 o oG -
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Feature 7
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Feature 13

Feature value

Feature 3
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Feature 20
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Feature 18
Feature 11
Feature 21
Feature 17

Feature 1

10 -05 00 05 10 15 20 25
SHAP value (impact on model output)

Figure 7. Importance of each feature in the predicting model using the SHAP method (Tabular
features: 0-15, VI features: 16:21).
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3.5. Deployment Validation

The AgriTransformer model was evaluated with a different dataset, which was ob-
tained by the ESPOL (Escuela Superior Politécnica del Litoral) University, located in
Guayaquil, Ecuador. The experiments were conducted using 10-fold cross-validation to
assess their robustness and generalization capability prior to deployment.

The average MSE across folds was low on average (0.0383), which indicates that the
model’s prediction error is moderate. However, the R? scores were negative across all
folds, with an average of -0.5973, indicating that the model consistently underperformed
compared to a baseline that simply predicts the mean target value.

Despite an acceptable average MSE, the consistently negative R? can be explained by
the fact that this validation dataset did not have all the fields in which the AgriTransformer
was initially trained. Moreover, it is worth noting that the farming conditions were different.
Further steps include collecting more diverse samples across seasons, regions, and crop
types to capture variability better. It is also important to include relevant agronomic,
environmental, or remote sensing features that may improve predictive capability.

4. Discussion

The results demonstrate that the AgriTransformer model significantly improves crop
yield estimation by effectively integrating multimodal data sources and cross-modal atten-
tion. Compared to traditional linear regression and other deep learning models, AgriTrans-
former exhibits lower prediction errors and higher explanatory power.

One of the key insights from this study is the role of attention mechanisms in mul-
timodal data fusion. The AgriTransformer variant with co-attention achieved the best
performance, suggesting that combining tabular data and vegetation indices provides a
more reliable foundation for yield estimation than using single-modal data.

The superior performance of AgriTransformer with co-attention further supports
the hypothesis that meaningful interactions between tabular data and vegetation indices
enhance predictive accuracy. By allowing features from different modalities to influence
one another dynamically, the co-attention mechanism enabled a more comprehensive
representation of agricultural conditions. This approach contrasts with traditional models
that process each modality separately, often failing to capture complex dependencies
between environmental factors and crop health.

Moreover, our model demonstrated superior performance compared to previous
approaches, including the work of [5], who utilized satellite imagery to predict crop
production and achieved an R? value of 0.615. In contrast, AgriTransformer, particularly the
variant with co-attention, achieved an R? of 0.919, representing a substantial improvement
in predictive accuracy. This difference highlights the advantages of integrating multimodal
data sources rather than relying solely on satellite imagery.

The limitations of this paper include that the variability in MSE and R? across different
AgriTransformer variants suggests that attention mechanisms require careful tuning to
optimize the performance of the model. Additionally, while AgriTransformer has proved
strong generalization power across different crop types and geographical regions, it is
necessary to do further validation on larger datasets to confirm its scalability. Future
research should explore adaptive attention strategies that dynamically adjust the weighting
of different modalities based on environmental conditions and specific characteristics of
the crops.

5. Conclusions

In this work, we presented the AgriTransformer model, a novel deep learning archi-
tecture for crop yield estimation that utilizes cross-modal attention to integrate tabular
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agro-environmental features with vegetation indices from satellite multispectral images.
Our approach is motivated by the observation that yield is governed by complex, non-
linear interactions between environmental conditions, management practices, and plant
physiological responses, patterns that are difficult to model using unimodal approaches.

The ability of AgriTransformer to capture cross-modal interactions allows for a more
comprehensive representation of agricultural conditions, improving generalization across
different crop types and geographical regions. The modular design of the model ensures
adaptability, making it a scalable solution for precision agriculture applications. Fur-
thermore, the results emphasize the effectiveness of attention mechanisms in prioritizing
relevant features, demonstrating that transformer-based architectures can outperform
conventional machine learning approaches in agricultural modeling.

Overall, AgriTransformer offers a promising foundation for data-driven agricultural
decision-making and contributes to a broader effort to develop robust, explainable, and
generalizable AI models for sustainable food production.
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Abstract: This study explores the application of predictive analytics in evaluating player
performance in the National Basketball Association (NBA), focusing on rebounds per game
(REB), an essential component for better performance and results in basketball. The research
employs a comparative analysis of machine learning (ML) models by leveraging a detailed
NBA dataset. A key novelty lies in integrating advanced hyperparameter tuning and
feature selection, enabling these models to capture complex relationships within the dataset.
The Gradient Boosting Regressor demonstrated superior predictive performance, achieving
an R? score of 0.8749 after tuning, with Linear Regression following closely at 0.8668. This
study also highlights the importance of model interpretability and scalability, emphasizing
the balance between predictive accuracy and usability for real-world decision-making. By
offering actionable insights for optimizing player strategies and team performance, this
research contributes to the growing body of knowledge in data-driven sports analytics and
paves the way for more advanced applications in professional basketball management.

Keywords: predictive analytics; player performance; machine learning; best linear regression;
best gradient boosting regressor

1. Introduction

In professional sports, accurately predicting player performance is essential in effective
decision-making and maximizing game outcomes. The experts can make better team
and game plan choices by applying the mathematical theory of evidence, which allows
them to express and integrate subjective beliefs to enhance decisions precisely [1]. Player
performance analysis is transformed by shifting to complex statistical models, such as
machine learning (ML) algorithms, which offer a dynamic and accurate framework for
athlete assessment. The research on predictive saccades of athletes has revealed information
regarding the ability of players to adapt to game changes, which can impact overall
performance significantly [2]. The significance of their actions in determining outcomes,
such as committee decisions, which are collectively made by a panel or team, is often
influenced by the probabilistic prediction value of individual contributions. This gives an
idea of the importance of personal contributions to team performance and strategy [3].

The traditional fitness—fatigue models are mathematical frameworks used in sports
science to predict and explain how training impacts performance over time and are im-
proved by using ML [4]. This is done by integrating physiological data and multivariate
algorithms, which advance performance predictions and provide a deeper understanding
of athlete potential [5].
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Professional sports performance and strategic planning have greatly improved by
incorporating ML techniques into sports analytics, allowing for more accurate forecasts
and data-driven decision-making. ML is increasingly used to improve the team’s training
to prevent injuries and monitor performance in sports analytics [6,7].

ML can conduct video analysis for classifying strength and conditioning exercises,
which helps achieve high accuracy with less engineering than deep learning. By achieving
remarkable accuracy in predicting ski jump lengths, ML models have shown that there is a
new opportunity for enhanced sports broadcasting and real-time performance analysis [8].
The heterogeneity in performance curves is formed by variability in basketball player
performance measurements. This causes prediction challenges, requiring sophisticated
methods to balance curve smoothness with covariate integration [9]. For the modeling of
performance indicators’ joint distribution, Bayesian networks are crucial. This provides
deeper insights into factors influencing game outcomes and performance dynamics [10].
There is a significant evolution from traditional metrics by evaluating defensive perfor-
mance through technologies such as optical player-tracking systems, which offer a more
comprehensive assessment of player actions [11,12].

The more holistic approach to player evaluation is achieved by understanding the
physiological factors impacting performance: body composition and nutrient intake [13].
They provide detailed insights into players’ abilities and playing styles, informing coaching;
player utilization strategies can be found by utilizing predictive models based on NBA
tracking data [14,15]. The tailoring of game plans to player profiles is aided by discover-
ing latent heterogeneity in shot selection through Bayesian nonparametric clustering [16].
Beyond sports, cognitive constraint modeling enables the optimization of digital and phys-
ical environments for improved human performance. This method of player evaluation
and prediction highlights the increasing complexity and influence of sports analytics in
improving professional sports operations and strategy [17].

In professional basketball, evaluating player performance is pivotal for optimizing
team strategies and decision-making. Predictive analytics has emerged as a transformative
tool in sports, enabling data-driven insights into key performance metrics such as rebounds
per game (REB). One of the most crucial aspects of the basketball game is rebounding. A
team gains possession of the basketball when a rebound is made, and the rebound is given
to the player who catches the ball later on. The more rebounds there are, the higher the
ball’s possession. And each possession benefits the team’s defense and offense, ultimately
leading to a victory.

Despite its potential, traditional parametric models like Linear Regression are limited
by their inability to account for nonlinear relationships and complex interactions inherent
in player performance data [1]. On the other hand, advanced ML methods, such as
Gradient Boosting Regressor, offer greater flexibility in capturing these dynamics while
maintaining high predictive accuracy [8]. This research focuses on addressing the trade-offs
between model simplicity and accuracy by exploring the effectiveness of parametric and
nonparametric models in predicting REB. By leveraging techniques such as hyperparameter
tuning and feature engineering, this study seeks to improve predictive accuracy and identify
the factors that significantly influence performance outcomes [8]. Furthermore, it evaluates
how these models can balance interpretability and scalability, ensuring their applicability in
real-world decision-making scenarios [3,8]. Through robust ML methodologies, this study
aims to contribute actionable insights to the growing field of sports analytics. Previous
studies have demonstrated the potential of integrating ML techniques into sports analytics
to optimize player utilization and enhance decision-making strategies [1,8].

The formulated hypothesis and related research questions of the study are as follows:
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Hypothesis 1. Advanced feature engineering, data preprocessing, and hyperparameter tuning
significantly increase the ML models” ability to predict future average rebounds per game (REB) for
NBA players.

The research questions to investigate the hypothesis are:

1. What is the prediction accuracy level of parametric and non-parametric ML models
when predicting REB for NBA players?

2. This question aims to evaluate and compare how effectively different types of ML
models—both parametric and non-parametric—can predict average REB. By analyz-
ing model performance using evaluation metrics such as R?, MSE, and RMSE, we
identify which models best capture the patterns in basketball performance data.

3. What type of model, parametric or nonparametric, benefits most from optimization
by tuning hyperparameters to predict REB for NBA players?

4.  This question investigates the impact of hyperparameter tuning on model perfor-
mance. Specifically, it examines whether parametric or non-parametric models show
greater improvements in prediction accuracy when optimized, providing insights into
the models” adaptability and potential for enhancement in real-world applications.

The major contributions of this paper are as follows:

1.  We conducted a comparative analysis of various parametric and non-parametric
machine learning models to predict NBA player performance, with a focus on
rebounds (REB).

2. We applied hyperparameter tuning techniques to optimize model performance,
demonstrating that proper tuning significantly improves prediction accuracy in
sports analytics.

The rest of the paper is structured as follows: Section 2 discusses the relevant literature
in the analysis of predictive modeling techniques and optimization of predictive accuracy.
Section 3 discusses the study’s methodology, including dataset details, data preparation,
exploratory data analysis, feature selection, and ML models. In Section 4, the results of the
model training and evaluation are presented. Section 5 discusses our research hypothesis
and research questions. Section 6 concludes the study with future guidance.

2. Literature Review

2.1. Analysis of Predictive Modeling Techniques: Applications and Evaluations in NBA
Player Performance

In recent years, predictive modeling has become a key component of sports analyt-
ics, offering data-driven insights into player performance. Accurately predicting metrics
requires selecting appropriate models that can handle the complexity and variability
of basketball data. This section introduces and evaluates a range of ML models com-
monly used in this domain, assessing their suitability and effectiveness for predicting NBA
player performance.

Linear regression is very straightforward for modeling relationships between vari-
ables and is practical, making it suitable for predicting basketball player performance.
Its simplicity allows even those without statistical training to grasp and use it efficiently.
Because of the roles of explanatory variables and key concepts like r-squared, the statistical
significance of regression coefficients is straightforward and intuitive. Thus, linear regres-
sion is a standard tool in educational settings for introducing statistical principles using
basketball statistics [18]. Due to the low computational demands and efficiency, linear
regression is highly valued across various sectors and finds applications beyond sports,
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such as predicting food content. This versatility shows that it can be used in multiple fields,
which provides effectiveness in predictive modeling [19].

Even though linear regression provides a solid foundation, it is found that non-linear
models often yield higher accuracy in more complex systems. For example, while capturing
the intricate dynamics of non-linear relationships between anthropometric predictors and
basketball performance, non-linear regression is more precise [20]. The complexity of player
performance assessment is illustrated when integrating personality traits into performance
prediction models. It was found that traits such as agreeableness and conscientiousness
are significant predictors of performance in the studies using automated language-based
analyses. This adds another layer of complexity to the analysis [21].

The RF model is quite effective for analyzing complex datasets, such as basketball
analytics, which consists of player statistics, game events, and biometric data. This model
is very effective in selecting essential features. This is achieved by breaking the data into
smaller groups using RF-based multi-round screening (RFMS) [22]. This can be further
improved using techniques like Mutual forest impact (MFI) and Mutual impurity reduction
(MIR). These techniques help to understand how different features interact, which in
turn helps improve model performance [23]. The RF model can also handle various data
types, such as categorical, time-series, and numerical. Methods such as random similarity
forests ensure the model works well with different kinds of data [24]. Techniques such as
correlation-based feature selection (CFS) increase the model’s accuracy and efficiency using
extensive data.

Gradient Boosting combines multiple weak learners, typically decision trees, to pro-
duce a strong predictive model. Its robustness comes from its iterative methodology, which
learns from the residuals of previous models to minimize prediction errors. It can easily
handle complex, non-linear relationships in sports analytics, improving accuracy with
each iteration. Large datasets benefit significantly from the significant advancement in this
field known as the gradient-boosted binary histogram ensemble (GBBHE), which increases
convergence rates and computational efficiency [25].

In sports analytics, the KNN algorithm is very effective for making accurate predictions
by utilizing the inherent characteristics of local data points. The performance metrics in
sports data can vary significantly between contexts and conditions, and the algorithm’s
high adaptability to changes is essential [26]. It has been found that KNN can improve
predictive performance by using effective forward selection of predictor variables. This
is useful in sports analytics, as it can result in more accurate predictions by choosing the
most pertinent features, such as player statistics and game conditions [27]. Additionally, it
can be found that KNN integration with other techniques has demonstrated high accuracy
rates. For example, protein sequence coding in biological contexts has improved accuracy,
indicating that sports analytics could benefit from applying similar hybrid approaches to
improve prediction models [28].

Many studies have demonstrated the effectiveness of the MLP and other deep learn-
ing models in identifying patterns in basketball player performance. The studies on
performance statistics of the MLP model, specifically its neural network architecture
with a 21-7-3 design, have provided high accuracy in NBA player classification. The
complex data is easily handled, identifying patterns and classifying clusters by this
neural network architecture [29]. Furthermore, the MP-LSTM algorithm has achieved
94% recognition accuracy.

After reviewing the strengths and limitations of various predictive modeling tech-
niques, we recognized that different models handle complexity and data structure in
distinct ways. This led us to formulate our first research question. This question aims to
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evaluate which modeling approach better captures the variation of player performance,
particularly in rebound prediction.

2.2. Optimizing Predictive Accuracy: The Critical Role of Hyperparameter Tuning in
Sports Analytics

The model’s efficacy and precision can be increased by figuring out the best mix of
hyperparameters. It has been found that there is a significant advancement in convergence
rates and recovery performance by utilizing neural network-based auto-tuners. These are
important for precise and timely sports predictions [30]. Evidence suggests that various
algorithms perform differently based on their hyperparameters. This includes Feedforward
Neural Networks (FFNN), RE, and Extreme XGB. Adjusting these hyperparameters is
essential to obtaining the best outcomes [31].

In a study, it has been demonstrated that the model’s capacity to identify malware
in Internet of Things devices correctly can be significantly impacted by modifying hy-
perparameters such as learning rate, neighborhood function, and number of neurons in
the Self-organizing Maps (SOM) [32], which can also be applied for predictive analysis
in sports.

Similarly, obtaining the best results from models such as RF and CNN strongly de-
pends on particular hyperparameters. The hyperparameters of CNNs are learning rate,
batch size, and the number of layers. The hyperparameter of RFs is several trees [33].
Overfitting or underfitting can be prevented, and the data can be effectively learned from
the model by carefully adjusting hyperparameters such as the learning rate, maximum
depth, and number of estimators for Extreme Gradient Boosting (XGB); the number of
hidden layers and neurons for Feedforward Neural Networks (FFNN) also need to be
adjusted, which in turn improves the accuracy and efficiency of the model [31].

Several hyperparameter optimization techniques can be used to obtain the best hy-
perparameter settings; for instance, Bayesian Optimization, Genetic Algorithms, and other
metaheuristic optimization techniques perform better than manual tuning. These tech-
niques offer reduced computational overhead and increased performance [34,35].

Through this review, we observed that model performance in sports analytics greatly
depends on the careful tuning of hyperparameters, which can significantly impact accuracy
and prevent issues like overfitting. This realization led us to our second research question.
This question aims to explore which modeling approach gains more from hyperparameter
tuning when applied to the task of rebound prediction.

3. Methodology

This section explains the methodology, covering the dataset used, data preparation,
feature engineering, and exploratory data analysis to gain insights and prepare the data for
modeling. The step-by-step procedure is shown in Figure 1.

Exploratory Data Machine
Data Analysis Preprocessin Learning Predictions
eprocessing Models

Figure 1. Procedure followed during this study.

Data
Acquisition

3.1. Dataset

The National Basketball Association (NBA) dataset is an open-access dataset available

in Kaggle [36]. The dataset contains 1340 entries and 22 features associated with players
performance, each representing an individual NBA player. The description of each feature
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is given in Table 1. The data was collected over five years. The target feature is REB, which
is the average rebounds per game.

Table 1. Description of NBA Player Statistics.

Column Name Column Description

name NBA player’s name

GP Total games played

MIN Average minutes played per game

PTS Mean points scored per game

FGM Average field goals successfully made per game
FGA Mean field goal attempts per game

FG Percentage of successful field goals per game
3p_made Average three-point shots successfully made per game
3PA Mean attempts for three-point shots per game
3P Success rate of three-point shots per game

FTM Average number of free throws made per game
FTA Mean free throw attempts per game

FT Free throw success percentage

OREB Mean offensive rebounds per game

DREB Average defensive rebounds per game

AST Mean assists per game

STL Average number of steals per game

BLK Mean blocks recorded per game

TOV Average turnovers per game

target_Syrs 1 if the player’s career lasts at least 5 years, otherwise 0
REB Total average rebounds per game

3.2. Exploratory Data Analysis

First, we conducted exploratory data analysis on raw data to uncover patterns and
relationships in the dataset. Table 2 provides the descriptive statistics for rebounds by
type, and Figure 2 presents the distribution of rebounds per game (REB), offering a deeper
understanding of the spread of REB, which comprises three key metrics: ‘OREB’ is the
average number of offensive rebounds per game; ‘DREB’ is the average number of defensive
rebounds per game; and ‘REB’ is the total average number of rebounds per game. The REB
distribution is right-skewed, indicating that most players had lower rebound averages,
with a few exhibiting exceptionally high values.

Table 2. Descriptive Statistics for Rebounds

OREB DREB REB
count 1328.00 1328.00 1328.00
mean 1.01 2.03 3.04
std 0.78 1.36 2.06
min 0.00 0.20 0.30
25% 0.40 1.00 1.50
50% 0.80 1.70 2.50
75% 1.40 2.60 4.00
max 5.30 9.60 13.90

Figure 3 is a scatter plot that provides details regarding the clear trend where players
with more minutes per game tend to record higher REB. This pattern holds for both
groups, mainly those who did and did not meet the target performance. It was found
that the trend is more pronounced among players who achieved the target, which is
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denoted by green dots, which shows that increased playing time often correlates with

better rebounding performance.
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Figure 2. Distribution plot of REB.
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Figure 4 is a box plot that compares the distribution of REBs between players who

have met or have not met the target over five years. The players who met the target, which

is denoted by the orange box or 1 on the x-axis, show higher median REB and a wider

range of values compared to their counterparts. This gives the importance of rebounding in

achieving long-term player success. These plots provide an understanding of the influence

of minutes per game and efficiency on rebounding performance, and also give information

regarding essential indicators for evaluating basketball players’ success and potential.
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Figure 3. REB in relation to minutes per game.
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Figure 4. REB made by players who have played for 5 Years or not.

3.3. Data Preprocessing

Several data preprocessing techniques have been applied to clean the data. First,
we checked for missing values in the dataset, and no missing values were found. Then,
we removed the duplicate rows with all the same entries, which resulted in 12 duplicate
rows, and removed them. The next step involves checking the outliers. Figure 2 shows
that the data is right-skewed, so we have used the Interquartile Range (IQR) method to
remove the outliers [37]. First, we determined outlier thresholds using the IQR method
by calculating the first and third quartiles and defining limits based on 1.5 times the IQR.
Next, we identified outliers by checking whether data points fell outside these thresholds.
Finally, we handled the detected outliers by replacing them with the respective threshold
values. Figure 5 shows an example of detected outliers in the ‘REB’ feature.

By using this technique, the impact of extreme values, which could skew the analysis
and the model’s predictions, can be eliminated. This ensures that data remains robust by
reducing the influence of extremes while retaining as much data as possible.

14 4 @ Normal Data
@ Outliers
12 [5) L) [ ] -=- Upper Limit
@ @ ® ® ) ——- Lower Limit
(]

Index

Figure 5. Detected outliers in the ‘REB’ feature.
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Feature Selection

Feature selection was conducted to identify the most relevant features for predicting
REB. We employed Recursive Feature Elimination (RFE) [38] using a Linear Regression
estimator to select the most relevant features from our training dataset. RFE iteratively
removed the least essential predictors until the top 10 features were retained, the selected
features were PTS, FGM, 3p_made, FIM, FTA, OREB, DRAB, STL, BLK, and TOV. The
selected features were then used to construct reduced training and testing sets, ensuring
the model leveraged only the most informative predictors. Finally, all ML models were
trained on these selected features and evaluated using the MSE and R? score.

3.4. Machine Learning Models

In sports predictive analysis, various regression models are utilized to forecast out-
comes such as player performance, game results, and injury probabilities. In our study, we
applied multiple regression models—Linear Regression, RF Regressor, Gradient Boosting
Regressor, K-Neighbors Regressor, and Multi-Layer Perceptron (MLP) Regressor—to the
dataset to evaluate their predictive performance for enhancing basketball team strategies.

3.4.1. Linear Regression

Linear Regression models the relationship between a dependent variable and one or
more independent variables by fitting a linear equation to observed data. The hyperpa-
rameter, 'fit_intercept=True’, ensures the model includes an intercept term in the equation,
allowing it to fit the data better if the target variable does not naturally pass through the
origin [39].

3.4.2. Random Forest Regressor

RF is an ensemble learning method that constructs multiple decision trees and outputs
the average prediction. It has been used in sports to predict athlete performance metrics [40].
The hyperparameters n_estimators = 100, max_depth = 10, min_samples_split = 4, and
min_samples_leaf = 2 help balance model complexity and overfitting. It performs well with
high-dimensional data and captures intricate feature interactions, but its main drawback is
its computational expense and reduced interpretability compared to simpler models [41].

3.4.3. Gradient Boosting Regressor

XGB builds models sequentially, with each new model correcting errors made by
previous ones. With hyperparameters n_estimators = 100, learning_rate = 0.01, and
max_depth =3, GBR balances accuracy and overfitting, making it effective for match
outcome predictions and player valuation. It excels in handling complex, non-linear rela-
tionships but requires careful hyperparameter tuning to prevent excessive computational
costs [42].

3.4.4. K-Neighbors Regressor

The KNN predicts the value of a target variable based on the average of the 'k’ nearest
neighbors in the feature space. Its simplicity allows for easy implementation in sports
analytics to predict outcomes based on similar historical instances. However, KNN can
be sensitive to the choice of ‘k” and the distance metric used, and it may struggle with
high-dimensional data common in sports analytics [43].

3.4.5. Multi-Layer Perceptron Regressor

An MLP Regressor is an artificial neural network consisting of multiple layers of nodes,
including input, hidden, and output layers. Each node uses a nonlinear activation function,
enabling the network to capture complex, nonlinear relationships in data [39,44,45].
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Table 3 summarizes the ML models and their associated hyperparameters. This
comparison highlights the specific hyperparameters considered for each model, showcasing
the diversity in their configurations and optimization potential.

Table 3. Comparison of Models Used and Their Hyperparameters.

Model Hyperparameters Used

Linear Regression  fit_intercept = True

XGB Regressor n_estimators = 100, learning_rate = 0.01, max_depth =3

RF Regressor n_estimators = 100, max_depth = 10, min_samples_split = 4, min_samples_leaf = 2

KNN n_neighbors = 10, weights = uniform

MLP Regressor hidden_layer_sizes = (50, 50), activation = relu, solver = adam, learning_rate = 0.001, max_iter = 200
4. Results

The results obtained after training and evaluating the ML models are discussed in
this section. The dataset was split into training and testing sets using an 80/20 ratio. The
selected models were trained on the training set, and their predictive accuracy was found
using a test set.

4.1. Performance Matrix

The model evaluation is carried out by using several performance metrics, such as
mean Squared Error (MSE), Root Mean Squared Error (RMSE), Mean Absolute Error (MAE),
and R-squared (R?) score. These metrics offer a thorough evaluation of the performance of
every model. The model precision is calculated by MSE and RMSE, which measures the
average squared and absolute differences between the predicted and actual values, respec-
tively. The MAE offered an average absolute error measure that provides the prediction
error’s magnitude. The R? score indicated the proportion of variance in the target variable
explained by the model.

4.2. Model Training and Evaluation

The trained model was evaluated on the test dataset. Table 4 provides the Comparison
of Regression Models. Table 4 summarizes our experimental results for predicting REB.
Notably, Linear Regression (MSE = 0.6133, RMSE = 0.7831, MAE = 0.5834, R? = 0.8668) and
Gradient Boosting Regressor (MSE = 0.6282, RMSE = 0.7926, MAE = 0.5896, RZ = 0.8636)
are the best-performing models, exhibiting lower error metrics and higher R? scores. In
comparison, while the RF Regressor shows competitive performance (R? = 0.8564), the
K-Neighbors Regressor (R? = 0.5274) and MLP Regressor (R? = 0.8244) yield a higher
number of errors, suggesting that more straightforward linear approaches or boosting
methods may be more appropriate for this prediction task.

Table 4. Comparison of Regression Models.

Model MSE RMSE MAE R? Score
Linear Regression 0.6133 0.7831 0.5834 0.8668
RF Regressor 0.6615 0.8133 0.5804 0.8564
XGB Regressor 0.6282 0.7926 0.5896 0.8636
KNN Regressor 2.1765 1.4753 1.1240 0.5274
MLP Regressor 0.8089 0.8994 0.6674 0.8244

Initial evaluations showed that Linear Regression and Gradient Boosting Regressor
performed well compared to other models, with high R? scores and low error metrics.
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4.3. Hyperparameter Tuning with Grid Search

This section will discuss the details of hyperparameter tuning with a grid search to fine-
tune the hyperparameter. Hyperparameter tuning optimizes the ML models and enhances
their performance. This is done for the best-performing models: Linear Regression and
Gradient Boosting Regressor. For hyperparameter tuning, 5-fold cross-validation was
performed via GridSearchCV. For every set of hyperparameters, multiple models were
trained as part of the Grid Search process, and their performance was assessed using the
validation set’s R-squared (R?) score. This provides a robust understanding of how different
hyperparameters influence model performance. The hyper-parameters that minimized the
MSE, RMSE, and MAE and maximized the R? score were chosen as shown in Table 5.

Table 5. Hyperparameter Tuning Grids for Regression Models.

Model Parameter Values
Linear Regression fit_intercept True, False
n_estimators 100, 200, 300
XGB Regressor learning_rate 0.001, 0.01, 0.1
max_depth 2,3,4

The grid search for optimal hyperparameters for Linear Regression (‘fit_intercept = False”)
suggests that the dataset is well-preprocessed, eliminating the need for an intercept term, likely
due to feature scaling or centering. For the XGB Regressor, the selected parameters (‘learn-
ing_rate = 0.1’, ‘max_depth = 3’, "n_estimators = 300") indicate a balance between learning
complexity and generalization. A moderate learning rate prevents overfitting while ensur-
ing convergence, a tree depth of 3 captures essential feature interactions without excessive
complexity, and 300 estimators provide sufficient iterations for robust predictions.

Table 6 provides a comparison of regression models after hyperparameter tuning. It
is found that the best model configurations for Linear Regression are the optimal settings
of fit_intercept and normalize and for Gradient Boosting Regressor, the optimal settings
of n_estimators, learning_rate, and max_depth. These tuned models were then evaluated
on the test set. It can be found that the model performance has increased compared to
not-tuned models. The final models were made accurate and generalized by carefully
adjusting the hyperparameters, meaning these approaches can be utilized in real-world
scenarios effectively.

Table 6. Comparison of Regression Models after Hyper-parameter Tuning.

Model MSE RMSE MAE R? Score
Best Linear Regression 0.6133 0.7831 0.5834 0.8668
Best Gradient Boosting Regressor 0.5761 0.7590 0.5711 0.8749

5. Discussion

Our study investigated how well different parametric and nonparametric ML models
could predict REB for NBA players. The prior studies discussed in the literature review
align with our research, which supports the effectiveness of nonparametric models after
hyperparameter tuning in capturing complex patterns that influence REB statistics [20].

Our findings are built on these concepts by measuring the predictive accuracy through
various metrics, including R?, MSE, RMSE, and MAE. In contrast, R? measures the pro-
portion of variance explained by the model. Metrics such as MSE and RMSE quantify
the average squared and absolute differences between predicted and actual values, of-
fering insights into the magnitude of prediction errors. By combining these metrics, we

130



Electronics 2025, 14,2177

ensure a balanced evaluation of the model’s ability to capture patterns in the data while
minimizing error.

RQ1. What is the prediction accuracy level of parametric and non-parametric ML
models when it comes to the prediction of REB for NBA players?

It was found that, among all nonparametric models, the Gradient Boosting Regressor
and RF Regressor are best for predicting REB. The Gradient Boosting Regressor achieved
an R? score of 0.8636, and the RF Regressor achieved an R? score of 0.8564. Interestingly, a
parametric model, such as Linear Regression, achieved a slightly higher R? value of 0.8668,
showing the ability to capture REB variance despite the model’s simplicity effectively.
These results underscore the fact that nonparametric models are typically more flexible
in handling nonlinear relationships. However, parametric models can still perform well,
depending on the nature of the data and the features used.

RQ2. What type of model, parametric or nonparametric, benefits most from optimizing
hyperparameters to predict REB for NBA players?

The prediction accuracy of the ML models can be enhanced by hyperparameter tuning.
It was found that, among all ML models, the ability of the Gradient Boosting Regressor in
terms of R? value increased from 0.8636 to 0.8749 after optimization. This underscores the
importance of model-specific fine-tuning, which was very beneficial for non-parametric
ML models. The findings underscore how parameter adjustment can mitigate overfitting
and underfitting, improving the model’s predictive accuracy [31].

Our study employs “GridSearchCV” to perform a systematic and exhaustive
search over predefined hyperparameter values, optimizing key hyperparameters such
as ‘n_estimators’ and ‘learning_rate’ for the Gradient Boosting Regressor to enhance pre-
dictive performance. The parameter grid was carefully tailored to balance computational
efficiency with model accuracy. This methodological innovation allows our models to pre-
dict outcomes with higher accuracy and can be utilized in real-world scenarios effectively.
In our study, we compared the effectiveness of both parametric and nonparametric models
in predicting NBA players’ performance, such as REB.

The parametric Linear Regression model demonstrated a strong ability to predict
outcomes with an R? score of 0.8668. This suggests that it can explain approximately
86.68% of the variance in REB from the variables used. The non-parametric XGB Regressor
showed a lower initial R? value of 0.8636 but benefited from hyperparameter tuning, which
improved its R? value to 0.8749.

Our study also deeply explains model applicability in sports in real time. The most
precise of our predictive models was the Gradient Boosting Regressor with an R? value of
0.8749, which can help teams to make well-informed strategic decisions like optimizing
player rotations and game tactics, which in turn minimize injury risks by more accurately
predicting player fatigue levels [5]. In addition, predictive models can help create person-
alized training programs based on players’ performance metrics. This helps to maximize
player performance and overall team efficiency [6].

Together, the findings from RQ1 and RQ2 support our hypothesis: Advanced feature
engineering, data preprocessing, and hyperparameter tuning significantly increase the
ML models’ ability to predict future average rebounds per game (REB) for NBA players.
Our work demonstrates that while parametric models can perform well with proper data
design, non-parametric models—especially when tuned—offer superior flexibility and
predictive power in complex sports data environments.

6. Conclusions and Future Work

In this research, we explored the effectiveness of predictive analytics through various
regression models to predict player performance, such as REB. Our findings indicate that
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predictive analytics can enhance basketball team strategies by providing data-driven in-
sights. Two models proved most effective after hyperparameter tuning: Gradient Boosting
and Linear Regression models. Among these two models, the non-parametric Gradient
Boosting model performed well.

The major limitation observed is that even after fine-tuning the hyperparameters,
the performance of different models did not increase significantly. This highlights the
need for a larger dataset to improve the model’s performance and better generalization in
predictive analysis.

Due to the low availability of the dataset, the ML models have been utilized in this
study. Nevertheless, deep learning (DL) techniques can also be explored in larger datasets,
which will help identify more complex patterns in future work. A comparative study
between DL and ML models can be examined to better understand their implementation.
Our analysis is mainly focused on predicting REBs; other features, such as the prediction
of the number of years played, can be explored. Our study underscores the ability of
ML to transform the sports field by offering a dynamic approach to player performance
analysis. By accurately predicting REB, teams can optimize training, develop game strate-
gies, and effectively utilize the game’s players, enhancing team performance. As these
approaches become more advanced and prevalent, a new age of data-driven sports man-
agement could emerge, reshaping the norms of operations and competition in the NBA
and other sports leagues.
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Abstract: This paper introduces LocRecNet, a deformation-aware network for table local-
ization and correction, aimed at improving the recognition accuracy of complex table data.
Conventional algorithms typically depend on table cell or line features for model train-
ing but exhibit limitations when processing real-world deformed table data. LocRecNet
addresses these challenges by correcting deformations prior to table structure recogni-
tion, significantly enhancing model performance. The proposed network employs a novel
keypoint detection method to precisely locate table edge points, enabling the efficient
correction of deformed tables. Experimental results reveal that integrating LocRecNet
substantially improves table recognition algorithms in terms of various key performance
metrics, with recall rates increasing by up to 10% and F1 scores nearing 90%. Tests con-
ducted on real-world datasets further validate its effectiveness, demonstrating a reasonable
trade-off between computational cost and performance gains. Additionally, LocRecNet
enhances performance even on standard table data, highlighting its strong generalizability
and potential for broader application.

Keywords: LocRecNet; keypoint detection; table correction; TSR

1. Introduction

In the current era of big data, the ability to efficiently access and retrieve data, as well
as extract meaningful insights from vast datasets, has emerged as a critical imperative
across various sectors. Being a key medium for organizing data, tables are valued for
their ability to efficiently consolidate information and clearly represent data relationships,
which has led to their widespread use across industries. Table data are commonly used
in documents to summarize and present information [1]. In the context of the ongoing
digital transformation, there is a rapidly growing demand to extract tabular data from
unstructured sources, such as images and PDF files [2]. Although this task may seem trivial
to humans, the significant variability in table layouts and formats poses a considerable
challenge for automated systems.

Table structure recognition (TSR) aims to interpret the structure of tables and rep-
resent them in machine-readable formats. However, due to variations in table layouts,
presentation styles, and noise, this task continues to pose significant challenges. Accurately
detecting and recognizing tables under such conditions has become a crucial aspect of
table data processing. While numerous algorithms exist for the structural recognition
of standard tables, they often require high-quality input table images [3]. In real-world
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scenarios, however, table images often display various deformations or missing elements,
compromising the effectiveness of earlier algorithms.

In this study, we propose a novel network architecture, LocRecNet, aimed at address-
ing deformations in table data to enhance extraction accuracy. To simulate table data
representing various degrees of deformation in real-life situations, a deformation algo-
rithm is designed to generate the input dataset. In the table structure recognition process,
LocRecNet is incorporated into the preprocessing stage of existing recognition models,
acting as a data correction module to accurately restore deformed tables and improve
recognition performance. Unlike traditional approaches that rely on edge detection or
similar techniques to define image boundaries, we introduce a novel keypoint detection
algorithm specifically tailored for table image analysis. After being localized and corrected
by LocRecNet, the table data are subsequently input into the table structure recognition
model. Experimental results show that this method substantially improves table structure
recognition performance. In conclusion, our contributions are reflected in the following
three aspects:

1. Anovel network architecture, LocRecNet, is proposed to effectively detect and correct
deformations in table data. It precisely localizes key points and corrects deforma-
tions, ensuring a more reliable input for subsequent structure recognition, thereby
improving both accuracy and robustness.

2. Anew keypoint detection algorithm, tailored for table image analysis and serving as a
preprocessing step for correcting deformations, efficiently detects and localizes tables
of various types and structures. This approach addresses the limitations of existing
methods in handling severely deformed or noisy tables, substantially enhancing
processing and recognition capabilities.

3. Multiple deformed table datasets are generated using the algorithm, covering various
table types, such as financial reports and forms, and incorporating different levels
of geometric distortions, noise, and other real-world challenges. This fills a gap in
current research, where comprehensive deformed datasets have been notably lacking.

2. Related Work

In recent years, the technology for recognizing table structures has rapidly developed,
achieving significant results on datasets such as ICDAR-13 [4], SCITSR [5], PubTabNet [6],
and WTW [7]. The progress in this field can be divided into two stages: Initially, it relied
on traditional algorithms, including methods based on row and column segmentation,
text detection and expansion, text block classification, and the integration of various
approaches. These traditional methods performed well in simple scenarios but struggled
in complex situations with high noise levels or low text density. With the advent of deep
learning technologies, table structure recognition has made breakthroughs in adapting
to complex scenarios. However, current algorithms primarily process data from PDFs or
scans, which are relatively uniform and free of deformations. Therefore, the effectiveness
of recognizing deformed table images in real-world applications still needs improvement.

The continuous exploration by researchers aimed at overcoming the limitations of
existing technologies has led to the introduction of more advanced solutions. In 2021,
Qiao and others launched the LGPMA [8] network, which employs a local and global
pyramid mask alignment framework. It refines the prediction boundaries in local and
global feature maps through a soft pyramid mask learning mechanism, enhancing the
capability to locate and divide empty cells. Subsequently, Liu and his team attempted
to integrate Transformer technology to learn more suitable inductive biases but faced
challenges due to large data scales and unstable training. They further proposed FLAG-Net
[9], combining a Transformer in an adaptive manner with a graph-based context aggregator,
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to achieve end-to-end table element relation inference without the need for additional
metadata or OCR information. Additionally, addressing the diversity issue in table structure
recognition, Liu’s team developed a new Neural Cooperative Graph Machine (NCGM) [10],
alternating stacked cooperative blocks to extract intra-modal context and layering inter-
modal interactions to represent the intra-modal relationships of table elements and adjust
the cooperation mode among different modalities more accurately. In 2023, Xing and
colleagues observed that many methods relied on heuristic rules to recover table structures,
which not only required a large amount of training data but were also inefficient. Therefore,
they proposed the LORE [11] framework, simplifying table structure recognition to a logical
position regression problem. This approach is simpler, easier to train, and more accurate
than traditional TSR methods.

We examined the current advancements and limitations in table structure recognition
technology. While advanced algorithms like LGPMA and FLAG-Net have made signifi-
cant progress in processing conventional table structures, their performance on diverse
deformed tables remains suboptimal. This issue can be attributed to two factors: the lack
of datasets with sufficient deformed tables and the immaturity of recognition techniques
for deformed data. To address these challenges, this paper proposes an innovative de-
formation simulation algorithm designed to generate deformed table images simulating
real-world scenarios, effectively augmenting existing datasets. Additionally, we introduce
a novel recognition strategy that involves first localizing and correcting deformed tables
and then performing structural recognition. This strategy integrates a localization and
correction network at the front end of the recognition pipeline. Once the deformations are
corrected, existing recognition techniques can be applied directly, significantly enhancing
both accuracy and efficiency, as well as paving the way for the more effective recognition
of complex deformed tables.

3. Methodology
3.1. Overall Architecture

This section provides a detailed explanation of the proposed LocRecNet, designed to
optimize table structure recognition models for various table formats. As shown in Figure 1,
LocRecNet first employs a table edge point localization network to detect deformed tables,
obtaining the key points needed for subsequent correction. In the correction network,
based on the key points from table localization, curve fitting of the four boundary lines
is performed, along with the calculation of boundary lengths, to determine the size of
the restored table. The correction algorithm then uses the boundary curves and internal
key points to restore the deformed table image, producing a normalized output. Finally,
the corrected image is fed into the table structure recognition network for recognition.
The following subsections introduce these key components in detail.
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3.2. Table Edge Point Localization

In the LocRecNet framework, the precise localization of table boundary lines is a
crucial component. For the design of the table edge point localization module, we con-
ducted extensive analyses and experimentation. While many existing image localization
techniques, such as boundary detection [12] and YOLO [13], demonstrate excellent accu-
racy, the information provided by these methods is limited for subsequent correction tasks,
particularly in handling tables. These techniques generally only detect the corner points
of tables, offering insufficient information for precise boundary curve fitting. To address
this limitation, we propose a novel keypoint detection network specifically tailored for
table detection.

Our algorithm is inspired by the lightweight keypoint detection network SimCC [14],
with significant improvements to better accommodate the characteristics of table images.
Unlike SimCC, our approach not only transforms the regression problem into a classi-
fication problem but also enhances both accuracy and efficiency by optimizing feature
extraction and keypoint prediction. We specifically adopted an optimized version of HR-
Net [15] as the backbone network and introduced a new architecture, HRNet-s, as shown
in Figure 2. By removing the fourth stage of HRNet and retaining only the first three, we
reduced the model’s complexity while preserving its strong feature extraction capabilities
for table images.
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Figure 2. Keypointdetection network.

HRNet-s [16] extracts keypoint feature representations from the input table images,
generating a feature map of shape (n, H’, W’). To facilitate subsequent classification op-
erations, we flatten these features into a two-dimensional vector of shape (n, H x W’).
Building upon this, we design a novel method to predict keypoint coordinates. Inspired by
the classification strategy of SImCC, we employ separate classifiers for the horizontal and
vertical coordinates, each consisting of a linear layer, to predict the x and y coordinates of
each keypoint.

To further enhance localization accuracy, we adopt a method akin to that of SimCC,
classifying each pixel into multiple bins to minimize the quantization error. This approach
enables sub-pixel precision in keypoint detection, ultimately mapping precise coordinates
through probability distributions. This foundation provides a solid basis for subsequent
table correction and structural recognition.
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3.3. Image Correction

The image correction algorithm is an integral part of LocRecNet, developed to re-
store deformed tables and resolve recognition challenges caused by structural distortions.
The correction process was designed with the careful consideration of computational
costs as a preprocessing step for table structure recognition, resulting in a low-computation
solution. Inspired by the thin-plate spline interpolation method [17], a traditional algorithm-
based table correction approach was devised. This approach effectively manages deformed
tables while enhancing the efficiency of the overall recognition process.

Based on the theory of thin-plate spline interpolation, it is necessary to define two
terms initially: one is the fitting term Eg, which measures the magnitude of the deformation
of source points towards the target points; the second is the bending term E;, which
measures the amount of distortion of the surface. Therefore, we can derive the total loss
function as follows:

E=Eep +AEy (1)

where A is a weighting coefficient that controls the degree to which non-rigid deformations
are permitted, with different values of A being suitable for varying degrees of deformation.
Specifically,

N
Ep = ;H‘D(Pi) —qil|? 2)

Po\? e \? | (2e\2)
Ed://Rz<<ax2> +2<8x8y> +<8y2) ) dx dy 3)
In Equation (2), N denotes the number of control points. Each control point p; € R?
in the source image is mapped by the deformation function ® and compared to its corre-
sponding point g; € R? in the target image, forming the data fidelity term. Equation (3)
defines the bending energy of the deformation function ® over the entire domain, incor-
porating second-order partial derivatives with respect to spatial coordinates to quantify
the smoothness of the transformation. By jointly minimizing these two energy terms,
a unique closed-form solution for the deformation function ® can be obtained, as presented
in Equation (4):
N
®(p) =M-p+mo+ ) wil(l[p—pill) 4)
i=1

Let p denote an arbitrary point on the surface, expressed as p = (x,y)7, and let p;
be the i-th control point in the domain. The term w; represents the weight associated
with the radial basis function centered at p;. The matrix M = (mq,mjy) is a 2 x 2 affine
transformation matrix that models the global linear deformation, where 111 and m, are its
parameter vectors. The vector 1y denotes the translation term, which controls the overall
translation of the deformation. The function U(-) is the radial basis function, indicating that
the deformation at any point on the surface is influenced by all control points. The complete

formulation is given in Equation (5):

U(r) = 7> logr (5)

where r = ||p — p;|| represents the Euclidean distance between the point p and the control
point p;. This function governs the influence of each control point on different locations on
the surface, with the influence decreasing as the distance increases [18].

To address the problem of image deformation, this study proposes a novel image
correction algorithm designed to restore the original structure and content of distorted
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images by adjusting the control points. Inspired by thin-plate spline interpolation theory,
the algorithm is optimized and customized for specific correction tasks, significantly
enhancing its practicality and correction performance. Initially, the target dimensions of the
corrected image are determined based on the keypoint detection results, with the primary
objective of preserving the integrity of the table content. Based on the table localization
outputs, 10 keypoints are selected as the initial control points, as their target transformation
coordinates can be readily inferred. By calculating the length of the pre-correction table
boundaries, the coordinates of the corner points and equally spaced division points along
the top and bottom boundaries of the corrected table are derived. Using these points
to construct the initial control set, the correction results (see Figure 3) demonstrate the
algorithm’s capability to recover the structural layout along the table boundaries. However,
its performance in handling interior regions of the table or cases with severe deformations
remains limited.

Reference / System [ F R [(P+R}/2__F Exact
Average Individual Parser | 5714 86.91 87.02  87.02
Best Individual Parser 88.73 /
Parser Switel 93.12
i 100.00
78950
90.24
90.26
90.13
92.09
Alignment and Consensus | 92.10
| Naive Bayes - 9200  89.)

Figure 3. Correction results using 10 control points. (a) Original deformed image; (b) image
after correction.

To further improve correction accuracy, a control point enhancement strategy based
on table structural features is proposed. Specifically, the left and right boundaries of the
table are divided into four equal segments, excluding the existing corner points, thereby
generating six additional evenly spaced points along the vertical edges. These enhance the
algorithm’s ability to handle vertical distortions. Furthermore, nine internal intersection
points are derived by analyzing the equally spaced divisions across both the vertical and
horizontal directions, providing more detailed and accurate references for deformation
modeling. The coordinates of these points and their corresponding target positions in the
corrected image can be directly computed from the predefined image dimensions. In total,
25 control points are constructed, comprising 10 points along the top and bottom boundaries
(including corner points and evenly divided points), 6 points along the vertical boundaries
(excluding corners), and 9 internal intersection points. The top and bottom boundary points
primarily constrain overall structural deformation, the vertical boundary points enhance
the correction of vertical distortions, and the internal points offer finer-grained geometric
reference information, collectively improving the precision and robustness of the correction
process. Two corresponding control point sets are ultimately established, denoted as sets S
and T, each containing 25 points.

S = {(x0,0), (x0,y1),---, (¥4, y4) } (6)
T ={(x0.¥0), (x0,y1),---, (x3, ¥43)} 7)

where set S and set T correspond one-to-one, with set S referred to as the template point
set and set T referred to as the target point set, which are the control points for thin-plate
spline interpolation. The specific configuration of these point sets is illustrated in Figure 4.
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Figure 4. Correctionalgorithm architecture diagram.

Subsequently, utilizing the aforementioned 25 control points, the displacements
(Ax, Ay) can be derived through coordinate transformations, yielding AS = {(Axo, Ayo), ...,
(Axg,Ays)}. Following this, it is necessary to establish a thin-plate spline interpolation
model. By employing the control points and their corresponding displacements, two
distinct thin-plate spline models are constructed: one for the interpolation of the horizon-

tal displacement Ax and the other for the interpolation of the vertical displacement Ay.
The specific functional forms are as follows:

|
o

Ax(p)
Ay(p)

(P)Ax (8)
D(p)ay )

Thus, for each pixel point (x,y) in the original image, the horizontal displacement
Ax(x,y) and vertical displacement Ay(x, y) can be computed utilizing the thin-plate spline
interpolation model. Consequently, as depicted in Figure 4, the updated pixel coordinates
(Xnew, Ynew ) can be derived using the following equations:

Xnew = X + Ax(x, 1) (10)
Ynew = Y + Ay(x,y) (11)

To obtain the corrected table image, we need to combine all the newly acquired
pixel points. The implementation steps for the entire table image correction are shown in
Algorithm 1. Ultimately, utilizing the aforementioned pixel processing techniques, we are
able to achieve the correction of distorted tables, as illustrated in Figure 5.
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(a) (b)

Figure 5. Correction results using 25 control points. (a) Original deformed image; (b) image
after correction.
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Algorithm 1 Table Image Correction Algorithm

Require: Deformed table image Img,f,rm, Control points set S, Target points set T
Ensure: Rectified table image I1gosrected
1: //Compute control points displacement
fori = 0 to length(S) — 1 do
ASli] = T[i] — S]i]
end for
/ /Establish TPS interpolation model
model y, = BuildRBFModel(S, AS, component)
model, = BuildRBFModel(S, AS, component)
//Apply interpolation model to each pixel
for y = 0 to image_height(Imgerorm) — 1 do
for x = 0 to image_width(Imggeform) — 1 do
Ax = Interpolate(modelpy, x, )
Ay = Interpolate(modelpy, x,y)
Xnew = X + Ax
Ynew = Y + Ay
Img corrected [ynew] [xﬂew] = GetPixel(Imgdefurmr Xnew, ynew)
end for
end for
return Img orrected

L o T e S S e S S
PN DD RN

3.4. Table Structure Recognition

Numerous recognition algorithms have achieved significant success in processing
standard tables. However, their performance remains limited when dealing with deformed
tables. Although research efforts such as FLAG-Net and NCGM have sought to address
this challenge, the absence of publicly available models and datasets has hindered in-depth
performance comparisons. To overcome this limitation, the present study integrates open-
source standard table structure recognition algorithms with the proposed LocRecNet to
explore more effective methods for recognizing deformed table structures.

Following a comprehensive analysis, we select LORE and LGPMA as baseline algo-
rithms for a performance evaluation, primarily due to their open-source nature and the
validation of their original models on the SCITSR and PubTabNet datasets. As recent
advancements in the field, both LORE and LGPMA show strong potential for handling
complex deformed table structure recognition tasks. Consequently, we plan to use the
pre-trained models of these two algorithms to recognize both original and deformed ta-
bles, incorporating LocRecNet for further optimization. This will allow us to assess the
performance improvements brought by LocRecNet across different types of table images.

4. Experiments
4.1. Experimental Setting

All experiments were conducted on a server equipped with an NVIDIA GeForce RTX
3090 GPU (24 GB VRAM) and an Intel Xeon Gold 6133 CPU @ 2.50 GHz, with 24 GB of
RAM and a 2 TB SSD. The software environment consisted of Ubuntu 20.04.6, PyTorch 2.2.1,
Python 3.9, and CUDA 12.1. Image processing and data preprocessing were performed
using OpenCV and other related libraries.

For table keypoint detection, the SCITSR dataset was used for training. The input
image sizes were set to 256 x 192 and 384 x 288 for different model scales. Training was
performed for 150 epochs with a batch size of 16 using the Adam optimizer. The initial
learning rate was 1x 1072, which was reduced to 1 x 10~ and 1 x 10~° at the 80th and
120th epochs, respectively. Label smoothing was employed to improve the generalization
capability of the classification-based keypoint detection model. In the table structure
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recognition task, the proposed LocRecNet was integrated into both the LORE and LGPMA
frameworks. All models were trained and evaluated under identical settings to ensure fair
comparisons and to validate the effectiveness and adaptability of the proposed method.

4.2. Dataset

Currently, most publicly available table datasets primarily consist of standard table
data obtained from scanned images or PDF screenshots, and, thus, they lack distortions
or other artifacts. Although some datasets with deformed tables exist, they contain a
very limited number of images. A review of the relevant literature showed that many
datasets used in deformation-based table recognition studies are custom-created for specific
experiments and are either not publicly available or restricted to internal access. This study
applied a deformation algorithm to standard table image datasets, simulating the task of
recognizing deformed tables.

The SCITSR and PubTabNet datasets were chosen as the foundation for the table
deformation experiments. Renowned for their high-quality table images, comprehensive
annotations, and extensive data volumes, these datasets are widely regarded as bench-
marks in table structure recognition. They are frequently utilized to evaluate various
table recognition algorithms, ensuring the generality and reliability of experimental results.
To generate deformed data, an innovative algorithm combining Bézier curves [19] and
perspective transformation [20] was developed. This approach integrates the nonlinear
deformation characteristics of Bézier curves with the geometric deformation properties of
perspective transformation, converting normal table data into deformed tables to effectively
simulate the complex deformations encountered in real-world scenarios. Compared to
methods such as NCGM, which rely on either Bézier curves or perspective transformations
alone, the proposed combined approach generates more complex and realistic deforma-
tions. This provides more challenging and representative data for evaluating subsequent
correction algorithms.

As shown in Figure 6, images b and ¢, generated using a single algorithm, exhibit
simpler deformations. When the deformation extends beyond the image boundaries, black
padding is typically applied. This not only affects structure recognition but also simplifies
table localization, since the table boundaries are easily detectable through the black edges.
In contrast, our method combines Bézier curves and perspective transformation, producing
deformed table images (e.g., image f) that feature both bending and perspective effects.
This results in more complex table structures that closely resemble real-world scenarios.
Additionally, we improved the padding method by replacing the black padding with
a white fill to match the table’s background color. This adjustment enables the table
to blend more seamlessly into the background, producing cleaner data and minimizing
external noise.

Given that the aforementioned deformed table image datasets are primarily algo-
rithmically generated, the WTW dataset was selected to further validate the algorithm’s
effectiveness in real-world scenarios. The WTW dataset is a public resource focused on
table and text recognition in document images, containing table images from a variety of
complex scenarios, offering high diversity and authenticity. To create the WTW-curved
dataset, table samples with significant deformation were selected from the WTW dataset,
primarily from ingredient lists on product packaging. The deformations in these samples
are typically caused by surface distortions of the products or issues with the shooting
angle, resulting in typical nonlinear deformation characteristics (as shown in Figure 7).
During the selection process, efforts were made to ensure the representativeness of the
samples, with some images cropped and cleaned to meet the experimental requirements.
The introduction of the WTW-curved dataset was crucial for evaluating the adaptability
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of the LocRecNet algorithm in real-world scenarios. Compared to algorithmically gener-
ated deformed data, these samples more accurately reflect the algorithm’s performance
in handling complex and irregular deformations. Experiments conducted on this dataset
effectively analyzed the robustness and correction capabilities of LocRecNet in real-world
settings, providing reliable evidence for its practical application.
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Figure 6. Datacomparison chart. (a) Original images; (b) Bezier transformation; (c) perspective
transformation; (d) original images; (e) Bezier transformation; (f) perspective transformation on (e).

(b)

Figure 7. WTW-curved data. (a—c) are WTW-curved example images.

4.3. Evaluation Metrics

Firstly, in assessing the performance of keypoint detection, we primarily use two
metrics: average precision (AP) and average recall (AR). AP is a critical metric for measuring
the accuracy of model predictions, calculated as the ratio of correctly predicted keypoints
to the total number of keypoints predicted, demonstrating the precision of the model in
predicting keypoints. AR measures the model’s completeness, evaluated by the average
recall rates. Recall itself is defined as the ratio of correctly predicted keypoints to the total
number of actual keypoints, reflecting the model’s ability to correctly identify keypoints.
The calculations for AP and AR depend on Object Keypoint Similarity (OKS), which is
based on the Euclidean distance between the predicted keypoints and their true coordinates.
OKS is defined as follows:

2
Y exp(—%)a(vi >0)
Yio(vi > 0)

OKS = (12)

144



Electronics 2025, 14, 1920

where d; represents the Euclidean distance between the i-th predicted keypoint and its true
coordinates, s denotes the scale of the target, o is a fixed standard deviation, and v; indicates
the visibility flag of the keypoint. Both AP and AR are calculated as the averages over
multiple OKS thresholds, providing a comprehensive evaluation of model performance.
This method of calculation ensures the completeness and accuracy of the evaluation results.
Secondly, for the determination of metrics for evaluating table structure, we chose
the three most used metrics in table structure recognition work: precision, recall, and F1
score. Precision is defined as the ratio of the number of samples correctly identified as
positive by the model to the total number of samples identified as positive by the model. It
measures how many of the samples predicted as positive are truly positive. Recall is the
ratio of the number of samples correctly identified as positive by the model to the total
number of actual positive samples in the dataset. It assesses the model’s ability to identify
all positive samples. The F1 score is the harmonic mean of precision and recall, considering
the performance of both. The F1 score ranges between 0 and 1, with values closer to 1
indicating better model performance. The specific calculation formulas are as follows:

. TP
Precision = TP L EP (13)
TP
Recall = ———— 14
T TPYEN (14)

Precision x Recall

F1=2
x Precision + Recall

(15)

where TP stands for true positives, FP stands for false positives, and FN stands for
false negatives.

4.4. Experimental Results and Analysis
4.4.1. Performance Evaluation of LocRecNet

To validate the effectiveness of LocRecNet, we tested the LORE and LGPMA al-
gorithms on the SCITSR-curved, PubTabNet-curved, and WTW-curved datasets, with
the metrics presented in Table 1. The experimental results indicate that the inclusion of
LocRecNet led to performance improvements for both algorithms across the three datasets.

On the SCITSR-curved and PubTabNet-curved datasets, LocRecNet significantly en-
hanced recognition performance. For the SCITSR-curved dataset, the recall rate of both
algorithms increased by approximately 14% after integrating LocRecNet, with the F1 scores
nearing 90%. On the PubTabNet-curved dataset, although the overall improvement was
slightly lower than on the SCITSR-curved dataset, LocRecNet still yielded notable gains.
In particular, the recall rate of the LGPMA algorithm improved by 10.5%, with an increase
of 6.4% in the F1 score. These gains on deformed datasets highlight the substantial benefit
of LocRecNet in precisely localizing table boundaries and structures, effectively enhancing
both localization and recognition capabilities.

In the real-world scenario tests on the WTW-curved dataset, we first evaluated the
LORE algorithm using its pre-trained model. The results showed that, after integrating
LocRecNet, accuracy increased by 4%, and recall improved by 1.3%, with the F1 score
reaching 97.9%. As for the LGPMA algorithm, which lacked a pre-trained model on the
WTW dataset, the pre-trained model from PubTabNet was used for training. However,
the experimental results revealed that the direct recognition performance of LGPMA was
relatively weak, with an accuracy of 52.0% and an F1 score of only 64.1%. After integrating
LocRecNet, the recall rate of LGPMA increased by just 5.3%, but accuracy surged by 36.5%,
and the F1 score improved by 24.4%. The primary contribution of LocRecNet is its ability to
effectively eliminate extraneous information outside the table, thereby preserving the table’s
key content. The results presented in Figure 8 show that the data processed by LocRecNet
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were more streamlined, with the table’s primary structure clearly retained, significantly
reducing the difficulty of model recognition and enhancing overall performance.

Table 1. Performance comparison of LORE and LGPMA methods with/without LocRecNet.

Method Data With/Without LocRecNet P R F1

SCITSR-curved X/ 93.8% 74.3% 82.9%
SCITSR-curved V' /% 92.7% 88.4% 90.5%
LORE PubTabNet-curved X /v 96.5% 83.3% 89.4%
PubTabNet-curved V' /X 97.2% 86.7% 91.6%
WTW-curved X/ 945% 95.9% 95.1%
WTW-curved V' /% 98.5% 97.2% 97.9%
SCITSR-curved X/ 924% 67.7% 78.1%
SCITSR-curved V' /X 93.6% 85.1% 89.1%

LGPMA PubTabNet-curved X/ 96.2% 762% 85.1%

PubTabNet-curved V' /X 96.8% 86.7% 91.5%
WTW-curved X/ 52.0% 83.3% 64.1%
WTW-curved V' /X 88.5% 88.6% 88.5%
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Figure 8. Results of LocRecNet on the WTW-curved dataset. (a) Original images; (b) LocRecNet
result; (c) original images; (d) LocRecNet result.

4.4.2. Computational Cost Analysis of LocRecNet

To evaluate the impact of introducing LocRecNet on computational cost, detailed
tests are conducted on the performance of the keypoint detection and correction modules.
The experimental results, summarized in Table 2, reveal notable differences in the pro-
cessing time across datasets. These variations are hypothesized to stem from the differing
characteristics of the table images in each dataset, which directly influence the localization
and correction processes. Specifically, the WTW dataset, comprising primarily ingredient
lists on product packaging, contains table images with complex color and background
information, resulting in relatively longer processing times. In contrast, the SCITSR and
PubTabNet datasets feature more structured and simpler table images, significantly reduc-
ing LocRecNet’s processing time. For example, the average processing time for standard
table images is 0.03 s, whereas processing a single table image from the WTW dataset re-
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quires 0.2 s. While this processing time is relatively higher, it remains within an acceptable
range. Notably, despite the slightly longer initial processing time for the WTW dataset,
LocRecNet substantially enhances model performance in subsequent table recognition
tasks, particularly in terms of recognition accuracy and stability. From a holistic perspective,
the additional computational overhead introduced by LocRecNet is both reasonable and ac-
ceptable. Given the significant improvement in table recognition accuracy, the advantages
of LocRecNet’s performance are particularly compelling.

Table 2. LocRecNet’s processing time.

SCITSR PubTabNet WTW
Table edge point localization 0.008 s 0.006 s 0.069
Image correction 0.016s 0.029 s 0.109

4.4.3. Visualization of Results

To intuitively demonstrate the correction effectiveness of LocRecNet, representative
images from different datasets were selected for a result comparison. The first row shows
the recognition results on the original images, while the second row presents the results
after table correction using LocRecNet. As illustrated in Figures 9 and 10, LocRecNet effec-
tively rectifies table deformation in the SCITSR-curved and PubTabNet-curved datasets,
significantly improving recognition accuracy. Additionally, the results on the WTW-curved
dataset (Figure 11) further validate the advantages of LocRecNet, particularly in table edge
point localization, where it demonstrates outstanding performance on complex and dis-
torted tables. In the comparison images, the second column shows the recognition results
of the LGPMA algorithm, while the third column displays those of LORE. These visual
comparisons clearly highlight the superiority of LocRecNet in table structure recovery tasks.
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Figure 9. SCITSR-curved recognition results. (a) SCITSR-curved data; (b) LGPMA result; (¢) LORE
result; (d) LocRecNet result; (e) LGPMA result; (f) LORE result.
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Figure 10. PubTabNet-curvedrecognition results. (a) PubTabNet-curved data; (b) LGPMA result;
(c) LORE result; (d) LocRecNet result; (e) LGPMA result; (f) LORE result.
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Figure 11. WTW-curved recognition results. (a) WTW-curved data; (b) LGPMA result; (c) LORE
result; (d) LocRecNet result; (e) LGPMA result; (f) LORE result.

4.4.4. Overall Performance

The experimental results demonstrate that LocRecNet significantly enhances the
performance of two state-of-the-art table structure recognition algorithms, LORE and
LGPMA, across three benchmark datasets featuring distorted tables—the SCITSR-curved,
PubTabNet-curved, and WITW-curved datasets. Notably, LocRecNet exhibits a strong
robustness and high recognition accuracy in scenarios involving structurally complex
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and heavily deformed table images. By simultaneously improving table localization
and structure reconstruction, the proposed method advances the overall recognition
pipeline. Although the integration of LocRecNet introduces additional computational
overhead—particularly a longer processing time for high-complexity samples in the WTW
dataset—the trade-off is well justified by the substantial improvements in accuracy and
result stability, underscoring the practical utility of the approach.

Nevertheless, despite its effectiveness, LocRecNet presents certain limitations under
specific conditions. In particular, an experimental analysis reveals that the localization
module may produce inaccurate predictions for tables lacking upper and lower boundary
lines, thereby diminishing the effectiveness of the geometric correction stage. The absence
of clear boundary cues in these borderless tables impairs the model’s ability to accurately
detect table contours, often resulting in cell segmentation errors or abnormal cell merging.
As illustrated in Figure 12, such issues are evident: Figure 12a displays the manually
annotated keypoints of the original table, while Figure 12b shows the predicted keypoints
generated by LocRecNet, revealing noticeable positional deviations. These deviations
propagate to the correction module, ultimately leading to a rectification output with visible
residual distortions and structural misalignment, as seen in Figure 12¢c. These findings
indicate that, in complex scenarios characterized by both ambiguous layouts and severe
deformations, the current method still encounters challenges in boundary perception
and geometric modeling. Future work will explore the integration of semantic guidance
and visual attention mechanisms to enhance the model’s adaptability and generalization
capabilities in handling structurally ambiguous, borderless tables.
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Figure 12. LocRecNet limitations on special tables. (a) Original table keypoint annotations; (b) pre-
dicted keypoints by LocRecNet; (c) corrected result by LocRecNet.

4.5. Ablation Study
4.5.1. LocRecNet Table Edge Point Localization

As a critical component of LocRecNet, the accuracy of table edge point localization
directly affects the effectiveness of subsequent correction operations. To determine the
optimal keypoint detection network for table images, we conducted multiple rounds of
ablation experiments. These experiments evaluated the impact of various model archi-
tectures and algorithmic approaches on overall performance. To maintain fairness and
scientific rigor, all experiments were conducted under identical training parameters for a
consistent comparison.

Baseline Algorithm Selection Experiment: We explored the impact of different al-
gorithmic approaches on model performance, focusing on a comparison between the
SimCC method and the traditional Heatmap method. As shown in Table 3, we found
that the SimCC method consistently outperformed the traditional Heatmap approach in
terms of performance, regardless of the backbone network. Furthermore, after applying
Gaussian label smoothing [21] at the final SimCC output stage, the model’s performance
improved significantly, especially in recognizing complex table structures. This validates
the SImCC* method’s effectiveness for keypoint detection and offers clear guidance for
further algorithmic optimization.
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Input Size Selection Experiment: To determine the optimal input size, we compared
two resolutions: 256 x 192 and 384 x 288. As shown in Table 3, with the same backbone and
algorithm, the model achieved higher AP and AR values with an input size of 384 x 288.
We speculate that the larger input size offers a broader field of view, allowing the network
to capture more contextual information. However, despite the performance improvements
associated with the 384 x 288 input size, we also observed an increase in computational cost
and model complexity. This may pose challenges for deployment and inference efficiency
in resource-constrained applications.

Backbone Network Selection Experiment: In selecting the backbone network, we
evaluated various models, including HRNet and ResNet [22]. We conducted extensive
experiments under different algorithmic approaches, ensuring that each comparison was
performed on the same baseline. The results indicated that HRNet consistently outper-
formed others regardless of the algorithm, demonstrating its superior performance in
keypoint detection and establishing it as the ideal choice for our research. To mitigate the
increased computational costs and model complexity associated with the larger input size,
we optimized the HRNet structure by removing the fourth stage and retaining only the
first three stages (referred to as HRNet-s) to simplify the model architecture. As shown in
Tables 3 and Al, under the same input size and algorithm, the optimized HRNet exhibited
a minimal decrease in AP and AR values, while the parameter count was reduced to 25% of
the original, significantly decreasing the model size. This adjustment significantly reduced
model complexity while maintaining acceptable performance, improving deployment
efficiency and inference speed in practical applications.

Table 3. Table recognition metrics.

Method Representation Input Size AP AR
Heatm 256 x 192 77 3% 79.7%
catmap 384 x 288 82.5% 84.2%
HRNet SimCC 256 x 192 84.0% 86.9%
o 256 x 192 85.3% 87.1%
SimCC 384 x 288 87.1% 88.6%
. 256 x 192 83.4% 85.1%

- *
HRNet-s SimCC 384 x 288 86.1% 87.4%
Heat 256 x 192 75.1% 77.8%
catmap 384 x 288 80.3% 82.3%
Res50 SimCC 256 x 192 75.3% 82.1%
384 x 288 79.7% 84.4%
SimCC* 384 x 288 85.0% 87.1%
Heat 256 x 192 68.9% 72.7%
catmap 384 x 288 76.5% 79.0%
Res101

SimCC 256 x 192 75.7% 82.5%
384 x 288 81.8% 85.5%
Heatma 256 x 192 75.8% 78.8%
Res152 p 384 x 288 81.4% 83.3%
SimCC 384 x 288 81.2% 85.4%

SimCC* add Gaussian label smoothing before output.

4.5.2. Impact of LocRecNet on Standard Table Data

To determine whether our designed LocRecNet impacts the recognition performance
of standard tables, we conducted experiments on the SCITSR and PubTabNet datasets,
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with the results presented in Table 4. We found that, for both algorithms, the addition
of LocRecNet did not change the metrics for the PubTabNet dataset compared to direct
recognition. However, on the SCITSR dataset, we observed that, while the accuracy of the
LORE algorithm decreased by 0.2% after adding LocRecNet, both the recall and F1 scores
increased by 0.7% and 0.2%, respectively. In the case of the LGPMA algorithm, the improve-
ment was more pronounced, with no change in accuracy but increases of 0.7% and 0.4% in
the recall and F1 scores, respectively. Overall, these experimental results indicate that the
incorporation of the LocRecNet network leads to a noticeable improvement in recognition
performance on standard table data, particularly reflected in the recall metrics.

Table 4. Performance comparison of LORE and LGPMA methods with/without LocRecNet.

Method Data With/Without LocRecNet P R F1
SCITSR X /v 94.3% 90.9% 92.6%
LORE SCITSR N 94.1% 91.6% 92.8%
PubTabNet X/ 97.9% 88.2% 92.8%
PubTabNet N 97.9% 88.2% 92.8%
SCITSR X/ 93.8% 84.5% 88.9%
SCITSR N 93.8% 85.2% 89.3%
LGPMA b b TabNet ¥/ 97.6%  875%  92.3%
PubTabNet N 97.6% 87.5% 92.3%

We analyzed the reasons behind the improved recognition performance of the algo-
rithms on the SCITSR dataset after LocRecNet processing. Observations of the images
revealed a significant presence of both tables and captions, which introduced noise and
complicated the recognition process (Figure 13a). However, after processing with LocRec-
Net, the images (Figure 13b) contained only the table content. This enhancement increased
the model’s accuracy in locating the target, reducing missed detections and enabling it to
capture more positive samples.

Noise level Basy | Hard | Tough
SIFT 0.545 | 0.264 | 0.134
TFeat 0.551 | 0.344 | 0.189 ‘ Noise level Easy | Hard | Tough
DeepCompare 0.527 | 0.309 | 0.170 SIFT 0545 | 0.264 | 0.134
DeepDese 0561 | 0.374 | 0.228
HardNet 0.725 | 0572 | 0.385 TFeat 0.551 | 0.344 | 0.189
SKAR FgoSeg 0595 [ 0319 | 0.160 DeepCompare 0.527 | 0.309 | 0.170
SKAR-EgoSeg* | 0.605 | 0.344 | 0.189 DeepDesc 0.561 | 0.374 | 0.228
SKAR-HPatches || 0.756 | 0.621 | 0.440 HardNet 0.725 | 0.572 | 0.385
SKAR-HPatches* | 0.770 | 0.645 | 0.464 SKAR-EgoSeg || 0.505 | 0.319 | 0.160
Table 1: Mean average precision on the retrieval task of the Hpatches benchmark SKAR-EgoSeg* || 0.605 | 0.344 | 0.189
(10* experiemnts of retrieving 5 patches corresponding to a query among 2 x 10% ‘ SKAR-HPatches 0.756 | 0.621 | 0.440 ‘
distractors). | SKAR-HPatches* || 0.770 | 0.645 | 0.464 |
(a) (b)
Figure 13. LocRecNet processing results on SCITSR-curved data. (a) Original images; (b) LocRec-
Net result.

5. Conclusions

This paper proposes a novel table structure recognition framework, LocRecNet, de-
signed to address the challenges posed by complex table images exhibiting geometric
distortions. Centered on deformation correction, LocRecNet integrates keypoint detection
and geometric rectification into a unified pipeline, enabling robust structure restoration,
even under severe deformations or ambiguous layouts.

Extensive experiments conducted on three challenging benchmark datasets—the
SCITSR-curved, PubTabNet-curved, and WTW-curved datasets—demonstrate that LocRec-
Net significantly outperforms state-of-the-art methods such as LORE and LGPMA in terms
of both the recognition accuracy and F1 score. Notably, LocRecNet shows strong robustness
and generalization capabilities when dealing with structurally complex or semantically
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dense tables, validating its applicability in real-world scenarios. Although the introduction
of LocRecNet results in a modest increase in computational cost when processing highly
complex samples, the corresponding improvements in accuracy and output stability justify
this trade-off. Moreover, an analysis of failure cases highlights areas for further enhance-
ment, particularly in handling borderless tables and improving boundary perception under
layout ambiguity.

In summary, LocRecNet achieves remarkable performance in the recognition of de-
formed table structures and introduces a new technical paradigm that combines deforma-
tion awareness with correction-driven design. This work lays a foundation for the develop-
ment of more flexible, semantically guided table analysis systems and offers valuable insights
for future research and practical deployment in the field of document image processing.
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Appendix A

The parameter magnitude of the keypoint detection network backbone.

Table A1. Model parameter scale.

Model Parameter Magnitude
HRNet ~48.6 M
HRNet-s ~11.2M
Res50 ~25.6 M
Res101 ~44.5 M
Res152 ~60.3 M
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Abstract: Conventional classifiers are generally unable to identify samples from classes
absent during the model’s training. However, such samples frequently emerge in real-
world scenarios, necessitating the extension of classifier capabilities. Open-Set Recognition
(OSR) models are designed to address this challenge. Previously, we developed a robust
OSR method that employs generated—"fake”—features to model the space of unknown
classes encountered during deployment. Like most OSR models, this method was initially
designed for image datasets. However, it is essential to extend OSR techniques to other data
types, given their widespread use in practice. In this work, we adapt our model to time-
series data while preserving its core efficiency advantage. Thanks to the model’s modular
design, only the feature extraction component required modification. We implemented
three approaches: a one-dimensional convolutional network for accurate representation,
a lightweight method based on predefined statistical features, and a frequency-domain
neural network. Further, we evaluated combinations of these methods. Experiments on
a biometric time-series dataset, used here as a case study, demonstrate that our model
achieves excellent open-set detection and closed-set accuracy. Combining feature extraction
strategies yields the best performance, while individual methods offer flexibility: CNNs
deliver high accuracy, whereas handcrafted features enable resource-efficient deployment.
This adaptability makes the proposed framework suitable for scenarios with varying
computational constraints.

Keywords: open-set recognition; time-series analysis; biometric authentication

1. Introduction

Machine learning has made significant strides in various classification and recognition
tasks, often surpassing human performance. For example, the current benchmark is a model
that achieves an exceptionally low error rate of just 0.21% on the MNIST handwritten digit
image dataset [1]. Although the field may appear to have overcome all challenges, these
accomplishments are primarily confined to closed-set scenarios, where all classes are known
during training. However, new classes can appear during real-world applications at the
time of testing, necessitating models to make informed rejections in open-set scenarios.

Electronics 2025, 14, 3983 https://doi.org/10.3390/ electronics14203983
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Our previous research tackled this fundamental challenge by introducing an effective
Open-Set Recognition (OSR) methodology [2]. The core of our approach was generating
synthetic samples from actual data instances to represent the unknown space. A key finding
was that training the model to identify and reject these artificial samples significantly
enhances its ability to reject genuine unknown samples during testing.

Our approach diverges from traditional methods by generating synthetic features
within a hidden layer rather than entirely new inputs. This strategy not only improves
accuracy but also reduces computational overhead. The generative model for these features
is simpler than the input layer, optimizing computational efficiency. Moreover, placing the
synthetic samples in a hidden layer bypasses the initial model segments, saving substantial
computational resources. Despite this departure, we still use Generative Adversarial Net-
works (GANSs) [3], including refined and simplified generator and discriminator networks.

One application of OSR is authentication, because, besides recognizing known subjects,
the model also needs to reject unknown subjects. The data serving as a base for classification
is not necessarily in the form of images. Other types of data can also occur, for example,
time series. We are unaware of any OSR model tailored for different data types besides
images. Some existing methods appear to be easy to adapt for various kinds of data, but
none have been applied to or tested on those. Hence, it is necessary to develop OSR models
capable of processing time-series data.

Initially designed for image datasets using convolutional networks, our OSR model is
highly adaptable to various data types. This adaptability is due to the model’s modular
architecture, specifically the feature extraction module located just before the hidden layer,
where synthetic samples are generated. Once the necessary features are extracted, the
generative and feature-classifier components work seamlessly together.

In this work, we adapt this model to classify multi-channel time-series data, focusing
on biometric signals. We aim to accurately identify users based on the vibrational patterns
of their hands, which are captured by accelerometer and gyroscope sensors in mobile
phones [4]. Our preliminary results, published in an earlier paper, demonstrate promising
outcomes using one-dimensional convolutional networks for feature extraction. The model
also retains its favorable time complexity, a significant advantage of its original design [5].

The focus of this work is not on advancing biometric methods per se, but rather on the
broader machine learning challenge of Open-Set Recognition (OSR)—enabling classifiers
to detect and reject inputs from previously unseen classes reliably. The biometric dataset
serves as a case study to demonstrate the model’s adaptation to time-series data, but the
methodology itself is domain-independent.

In this work, we conducted a comprehensive experiment, implementing and evaluat-
ing several feature extraction methods. We combined these methods into a single model,
where the resulting feature vector is the concatenated output of the individual techniques.
This approach enhances the model’s performance, albeit at the cost of additional computa-
tional resources due to the simultaneous execution of multiple feature-extraction models.

This paper is structured as follows: We commence with an exhaustive literature
review, providing a comprehensive background to contextualize our work. Next, we
present an overview of the original OSR model. Following this, we discuss in detail how
our model was adapted to accommodate the new data type, including data preprocessing
and feature extraction methodologies. Finally, we present our results, analyzing the model’s
performance and cost-efficiency using various combinations of feature extraction methods.

2. Literature Review

In this section, we provide a succinct overview of the relevant literature. First, we
introduce the concept of Open-Set Recognition, followed by an overview of the most
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relevant existing solutions. Then, we introduce our previous solution to the problem,
which serves as the basis for the work described in this article. Lastly, we present the
dataset utilized to evaluate our model’s performance.

2.1. Theory of Open-Set Recognition

Many algorithms have long been used to solve classification tasks where only some
samples belong to any known class [6,7] or the model lacks sufficient confidence [8,9] in
classifying a sample. These models have addressed problems similar to OSR, but without
laying down the theoretical background for it. OSR itself was finally formalized by Scheirer

etal. [10]:
Let O denote the open space (i.e., the space far from any known data). The open space
risk is defined as follows: [Ny
x)dx
Ro(f) = 95— ©)
f Jso f(x)dx

where Sp denotes the space containing both the positive training examples and the posi-
tively labeled open space, and f is the recognition function, with f(x) = 1 if the sample x
is recognized as a known class, and f(x) = 0 otherwise. Intuitively, Rp(f) measures the
proportion of the function’s support that lies in open space, i.e., the extent to which the
classifier incorrectly labels regions far from the training data as known.

Definition 1. Open-Set Recognition Problem: Let V be the set of training samples, Rp the
open-space risk, and R the empirical risk (i.e., the closed-set classification risk, associated with
misclassifications). Then, Open-Set Recognition is employed to find an f € H, where H is the
hypothesis space of measurable recognition functions, such that f(x) > 0 indicates assignment to a
known class, and f minimizes the open-set risk Rp:

ng 7Zin{Ro(f) +ARe(f(V)} @

where A, is a regularization parameter balancing open-space risk and empirical risk.

Definition 2. The openness of an Open-Set Recognition problem is defined as follows:

2 x |Crg|
0=1— ] 2 =IEIRL 3
|Cral + |Cr| )

where Ctr, Cra, and Crg denote the sets of training, target, and test classes, respectively.

2.2. Existing Approaches

After introducing the concept of Open-Set Recognition, Scheirer et al. [10] proposed
the 1-vs-Set Machine as an initial solution. This specialized Support Vector Machine (SVM)
model is designed to address open-set challenges. After training, the model incorporates a
second hyperplane parallel to the first. Inputs classified between these hyperplanes are
labeled as positive. The authors argue that by comparing the volume of a d-dimensional
ball to the positively labeled slab inside it, the open-space risk of the model approaches
zero as the ball’s radius increases. Despite this approach, the positively labeled space
remains unbounded.

In a subsequent study, ref. [11] applied the Radial Basis Function (RBF) kernel to the
SVM model. They noted that the radial kernel function K satisfies lim, /), K(x, x') =0,
where d(x, x') represents the distance between feature vectors x and x’. The study identi-
fied a negative bias term as a necessary and sufficient condition for ensuring a bounded
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positively labeled open space. This was achieved by adding a regularization term for the
bias in the objective function.

Bendale et al. proposed OpenMax [12], a method that adapts a neural network
classifier trained initially in a closed-set scenario using a SoftMax layer. OpenMax modifies
this setup to allow for the rejection of open-set samples.

Traditional SVMs and SoftMax classifiers are initially tailored for closed-set scenarios,
where all classes are known during training. To effectively reject open-set samples, these
models must be adapted, which involves rethinking how the input or feature space is
divided using hyperplanes or other methods. Such adaptations require fundamentally
different approaches to improve the results.

In Open-Set Recognition, the likelihood that a sample belongs to a known class can be
estimated through the distribution of its distances to training data in the feature space.

Distance-based classifiers naturally align with the open-set framework. Besides iden-
tifying the most similar class for a given input, they yield a similarity score that can
be thresholded to decide whether the input should be assigned to that class or rejected
as unknown.

Ref. [13] adapted the nearest neighbor method for open-set conditions. To classify a
sample s, its nearest neighbor t is located, followed by another neighbor u that belongs to a
different class than t. The ratio R = d(t,s)/d(u,s) is then compared against a threshold T:
if R < T, the label of t is assigned to s; otherwise, s is rejected.

Miller et al. [14] proposed an alternative that uses predefined class centroids instead of
pairwise sample comparisons. Their method projects inputs into a logit space and evaluates
Euclidean distances between the input logit and each class mean for classification.

A central difficulty in open-set learning is the lack of negative (unknown) samples
during training, as these appear only at the time of testing. Introducing synthetic data to
approximate the distribution of unknowns can help mitigate this limitation.

Generative Adversarial Networks (GANs), introduced by Goodfellow et al. [3], pro-
vide a way to produce realistic artificial data. A GAN is composed of two competing models:
a generator that maps noise to candidate samples, and a discriminator that attempts to
separate real from generated instances.

Kong and Ramanan [15] proposed an OSR-specific GAN framework that conditions
the generator on feature vectors to synthesize class-related data, thereby improving rejection
of unknowns.

Other works, such as those by Jo et al. and Ge et al. [16,17], also employed GAN-based
augmentation strategies for Open-Set Recognition.

Generative modeling has been successfully applied in biometric and physiological
signal contexts as well, for tasks such as classification [18] as well as for data augmentation
and validation [19,20].

Generating negative samples enhances the performance of an OSR model. However,
their substantial additional computational overhead represents a significant drawback.

Most OSR models are primarily designed for processing images, highlighting the
need for algorithms working on time-series data. Among the pioneers in this field were
Tornai et al. [21], who, following the extraction of statistical features from data collected
via smartphones’ sensors, applied the P; — SVM [22] and EVM [23] models to time-series
data. Their work demonstrated the feasibility of OSR on time series, albeit with room for
improvement in the results.

The latter solution was similar to that employed in this work in that it utilized OSR on
biometric data for authentication purposes. As Maiorana et al. discussed, another source
of such biometric data can be the user’s keystroke dynamics when typing various kinds of
texts, e.g., PINs or passwords [24].
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Wandji Piugie et al. [25] converted the time-series data of the HAR dataset [26] into
images and processed the converted data with the standard convolutional network-based
models. We argue that images are not inherently better suited for efficient feature extraction
than time series; the reason for having better results on images is that models working
on them received significantly more attention. Therefore, developing more time-series-
optimized solutions remains a pressing need.

2.3. Previous Work

We previously implemented an OSR method that employs a distance-based approach,
diverging from the traditional softmax-based structure to better accommodate open-set
scenarios. In this method, training is simplified into a quadratic regression by using fixed
class centers. To prepare the model for future unknown inputs, synthetic samples were
generated within a hidden feature layer rather than in the input space. The neural network
was divided into two segments: the first segment extracts features from samples, with
its output serving as the layer where synthetic features are generated. This configuration
enabled the training procedure described in Algorithm 1.

Initially, both segments of the model were pre-trained as a unified network. Subse-
quently, the outputs from the pre-trained first segment were recorded and used as real
inputs for training the generative model. The genuine features, along with those produced
by the generative model, were then used to train the second segment of the network further.
Figure 1 illustrates the overall model architecture.

Algorithm 1 Procedure for training the model. Here, Nj: feature extractor; N,: classifier;
Ng: generator; Np: discriminator; Y: fixed class centers.

Require: X = (x1,...,%;,) training samples, numbers of iterations 1y, 1
Ensure: (N7, Ny, Y) trained networks and fixed class centers
1: Initialize Nj, N>, Ng, Np with random parameters; initialize class centers Y =
(1, 0)
fori =1ton; do > Train feature extractor and classifier
for each batch x; C X do
out < Na(Ni(x;))
loss <— quadratic loss(out,Y)
Update N; and N, with the gradient of [oss
end for
end for
f1(X) = (N1(x1),..., N1(xn)) > Extract features
(Ng,Np) + GAN(Ng, Np, f1(X)) b Train the generative model using f1(X) as real
samples
11: z < random noise
12: Xg < Ng(z) > Generate synthetic features
13: fori =1 tonp do > Refine classifier with generated samples
14: for each batch j do
15: out <— Nz(fl(X)])
16: loss <— quadratic loss(out,Y')
17: out < Nz((XG)])
18: loss < loss + quadratic loss(out, Y)
19: Update N, with the gradient of loss
20: end for
21: end for
22: return (N7, Ny, Y)

—
e

The model outperformed most competing methods on commonly used image datasets.
For instance, on CIFARI10, it achieved an open-set detection AUC of 0.839 and a closed-set
accuracy of 0.914. Both values were the highest among the evaluated OSR algorithms,
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with the closed-set accuracy trailing only behind that of highly optimized closed-set classi-
fiers [2].

Like most OSR approaches, however, the original model was tailored for image data,
using convolutional architectures optimized for spatial features. Direct application to
time series or other modalities is not feasible due to fundamental differences in data
structure. This limitation necessitated adapting the method to accommodate sequential
data. Fortunately, the modular design of the model significantly simplifies this process: only
the feature extraction component requires modification, while the remaining architecture—
including the generative module and the distance-based classification mechanism—remains
unchanged. This flexibility allows the core principles of the original method to be preserved
across different data types.

Novel method for sample generation and feature transformation

%
- Featury
Input data —» Feature extraction ———»  Real features ———» eatme‘ —> Feature set
L /,1 transformation

l T

Generated, fake

Generative model ——»
features

Figure 1. Schematic representation of the model. It remains effectively the same across various types
of data—time series as well; only the feature extraction has to be modified to an appropriate model.

2.4. Dataset

The primary motivation behind this study is to demonstrate the adaptability of our
previously proposed OSR model to time-series data. To this end, we evaluate the method in
a user identification setting based on hand-gesture signals, which serves as a biometric case
study. A dedicated database tailored to this purpose is currently under development. The
software that runs on smartphones and performs the measurements is complete; however,
the necessary quantity of data has yet to be collected. Therefore, we conduct our tests
on a publicly available dataset, that of Jiokeng et al., who devised a distinct biometric
authentication system in a related effort. In their work, the basis of the classification is the
subject’s heart signal, detected through the vibration of the hand and measured by a phone
held in the hand. The data, when collected in this manner, exhibits a poor signal-to-noise
ratio, with the meaningful component being very faint. Still, with extensive preprocessing
efforts, the authors achieved high-accuracy results, although only in a closed-set scenario
with 112 users [4,27].

The dataset contains measurements from 112 participants (93 male, 19 female), aged
between 20 and 60 years. Each user contributed 10 measurement sessions of 30 s each,
recorded with a Samsung Galaxy S8 smartphone. This resulted in a total of 1120 raw
recordings. The dataset’s challenging properties—weak signals embedded in substantial
noise—make it particularly well-suited for testing the robustness and adaptability of
OSR approaches.

3. Adapting the Previously Proposed OSR Model to Time-Series Data

As shown in Figure 1 and described above, the model is composed of distinct com-
ponents. The first part extracts suitable features for training the generative model. The
second component classifies these features. Separately, a generative model produces
negative inputs.

The latter two components operate on extracted features and are therefore indepen-
dent of the input data type. As a result, adapting the model to time-series data requires
modifying only the feature extraction component.
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Three different feature extraction methods were implemented: a convolutional net-
work with 1D convolutional layers reflecting the distinct nature of the data compared
to images, predefined statistical features that do not need training, and a lightweight
neural network operating in the frequency domain. Their combinations were also tested;
multiple of these can be used in the same model, running in parallel. The outputs of
the individual methods were then concatenated into the output of the model’s first part.
This, along with the individual methods, each with different complexities and levels of
performance, gives plenty of room to calibrate the model, optimizing it more for either
resources or performance.

3.1. Convolutional Network

Convolutional Neural Networks (CNNs) have demonstrated exceptional performance
in handling images due to their ability to process two-dimensional spatial data. When
dealing with time-series data, which typically exists in a single dimension (not counting
the channels of multivariate time series comparable to the channels of colored images), it
is logical to utilize convolutional layers designed for one-dimensional data. Our research
identified the architecture illustrated in Figure 2 as the most effective among the various
configurations tested. This model comprises five stages, each doubling the number of
channels from the previous stage. Each stage contains several 1D convolutional layers
activated by the ReLU function, followed by a max pooling layer. The design of our
network closely parallels the VGG19 network architecture [28]. Ultimately, the network
generates a feature vector matching the size of those produced in our earlier image-based
projects [2], ensuring consistency and compatibility with our existing methodologies. We
have already implemented this method in [5]. In this work, the method is tested with
slightly improved hyperparameters and compared to other methods.

ConviD
ConviD
Max Pool

ConviD
ConviD
Max Pool

ConviD
ConviD
ConviD
ConviD
Max Pool

ConviD
ConviD
ConviD
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Max Pool
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Max Pool

-
[a]

Figure 2. The structure of the convolutional network responsible for feature extraction.

3.2. Predefined Statistical Features

Jiokeng and colleagues [4] demonstrated promising results with a Support Vector
Machine (SVM) model that leveraged predefined features. Their findings suggest that these
features efficiently encapsulate the essential information needed for the task. Consequently,
a similar approach has been adopted in this study, with notable advantages. By employing
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predefined features, we can bypass the initial phase of model training, requiring only a
single extraction of features from each data element.

The selected features include statistical measures such as the mean, median, vari-
ance, and standard deviation, alongside other data aggregates like total signal energy,
binned entropy, and permutation entropy. Additionally, ref. [4] employed Fourier trans-
form, incorporating all Fourier coefficients and the complete set of auto-correlation and
cross-correlation values between signal axes. However, incorporating all these coefficients
resulted in their overwhelming dominance in the feature vector, effectively overshad-
owing the other aggregate features. Our final feature vector excluded these coefficients
to maintain a balanced and representative feature set. The exhaustive list of features—
covering statistical, entropy-based, and frequency-related descriptors—is provided in the
Appendix A.

3.3. Neural Network in Frequency Domain

In the frequency domain, the data can reveal significant insights that might not be
immediately apparent. A notable benefit of this representation is that it does not necessitate
using complex Convolutional Neural Networks (CNNs). Instead, more straightforward and
cost-effective fully connected networks (FCNss) can be utilized. This is because translational
invariance—a property where a slight shift in an image or time series does not change
the input’s essence—does not apply in the frequency domain. Each value in a specific
position retains its unique significance regardless of any shift. Consequently, we employed
a relatively small, Fully Connected Network to extract features from the Fast Fourier
Transform (FFT) values effectively. Specifically, the FCN consists of three hidden layers of
512 neurons each, with ReLU activations, followed by a linear output layer of 256 neurons.
The output of this final layer serves as the feature vector that is passed on to the OSR model.

Recurrent networks such as LSTMs [29] could also be considered for feature extrac-
tion from sequential data. They are particularly advantageous for modeling long-term
dependencies or handling variable-length sequences. However, in our case, each input
window is of fixed length and relatively short, where convolutional or fully connected
approaches can already capture the relevant temporal or spectral patterns. LSTMs would
therefore introduce additional computational cost without a clear performance benefit. For
this reason, we reserve their exploration for future work.

Preprocessing

Each acquisition session was stored in a single file containing measurements from
multiple sensors. For our experiments, only the accelerometer and gyroscope data were
retained, as these form the basis of the classification task. The raw signals from these two
sensors were sampled at irregular timestamps and with non-uniform sampling rates, which
required resampling and synchronization. Following the procedure in [4], the data were
resampled to a uniform frequency of 200 Hz, aligning the accelerometer and gyroscope
streams. Since both sensors operate on three axes, the result was a synchronized six-channel
time series.

To focus on the relevant signal components, a fourth-order Butterworth bandpass
filter was applied with cutoff frequencies of 0.5Hz and 30 Hz. The filtered signals were
then segmented into windows of a 1.5 s duration with a stride of 0.05s, which produces a
large number of overlapping segments while ensuring sufficient variability for training.
Importantly, the division into training and test sets was performed at the session level:
two out of ten sessions per subject (20%) were assigned to the test set, and all segments
from those sessions were included there. This ensures that overlapping windows never
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span across training and test sets, preventing information leakage and maintaining strict
separation between the two.

For each segment, three different representations were produced and stored together
for unified access: the raw six-channel signal (for the CNN-based extractor), the Fourier
transform (for the frequency-domain FCN), and the predefined statistical and entropy-
based features (for the handcrafted extractor). The Fourier transform values were pro-
cessed as real and imaginary coefficients, while the handcrafted features are detailed in
Appendix A. All representations were normalized to zero mean and unit variance—per
channel for the raw and FFT data, and per feature element for the predefined features.

4. Experimental Results

The model has been extensively tested on the dataset described in Section 2.4. We
are unaware of any OSR experiments conducted on this dataset by others. Thus, only the
different feature extraction methods and their combinations can be compared regarding
the open-set detection performance. The closed-set performance (accuracy) can still be
compared to that presented in [4]. The relevant hardware specifications were as follows:

e Intel(R) Core(TM) i7-9800X CPU @ 3.80 GHz;
e NVIDIA(R) GeForce RTX(TM) 2080 Ti;
e 128 GBRAM.

For each experiment, the set of classes was randomly divided into known and un-
known groups. The training subset of the known classes was used for model training,
while the corresponding test subset was used for evaluation. For the unknown classes,
only the test samples were included, serving as negative examples during evaluation. The
training subsets of the unknown classes were not used at all. This procedure was repeated
independently in each run, ensuring that the unknown classes represented truly unseen
categories at the time of testing.

4.1. Evaluation Metrics

A suitable and commonly used metric for evaluating OSR methods is the F1 measure,
which is capable of capturing both closed-set and open-set performance to some extent.
However, this metric is highly sensitive to the model’s calibration—for example, the
confidence threshold above which a sample is considered to belong to a known class.
Hence, we instead chose the two metrics described below.

Closed-set accuracy: This metric considers only the results for the positive (known)
samples. It measures the percentage of correctly classified samples. The model’s prediction
is the class with the highest probability, regardless of whether this probability is above
a threshold, or the sample would otherwise be classified as unknown. Since all classes
in our dataset contribute an equal number of samples, overall accuracy is an appropriate
and unbiased measure of closed-set performance. In the OSR setting, it is equally as
important to ensure that known samples are not misclassified into other known classes as it
is to detect unknowns. Reporting closed-set accuracy therefore complements the open-set
detection metrics by indicating how well the model preserves discrimination among the
enrolled classes.

162



Electronics 2025, 14, 3983

AUC: The receiver operating characteristic (ROC) curve is obtained by plotting the
true positive rate (sensitivity) against the false positive rate (1—specificity) at each rele-
vant threshold setting. The area under this curve provides a calibration-free measure of
open-set detection performance. While calculating it, the known samples are considered
positive—regardless of their class—and the unknown samples are considered negative [30].

EER: The Equal Error Rate is the point on the ROC curve where the false acceptance
rate (FAR) equals the false rejection rate (FRR). Like the AUC, it is derived from the ROC,
but unlike the AUC, it corresponds to a specific operating point. While the AUC is the most
widely used metric in OSR research, the EER is a standard measure in biometrics. Including
it therefore allows us to position our results in the broader context of biometric evaluation.

The AUC provides a threshold-independent assessment of open-set detection capabil-
ity, making it particularly suitable for comparing methods across different datasets and
configurations. In practical biometric deployments, however, operating thresholds must
be chosen to balance the rates of false acceptances and false rejections. This calibration
can, for example, be performed by cross-class validation, as demonstrated in our previous
work [2], where one testing scenario followed a protocol for outlier detection using the F1
measure. In that setup, the threshold was determined via cross-class validation under the
assumption that both types of errors—misclassifying unknowns and rejecting known-class
samples—carry equal weight.

4.2. Results

The model was evaluated with several known-class configurations ranging from 10
to 60, using all non-empty subsets of the three feature extraction strategies introduced
earlier. Table 1 reports the open-set detection performance. Among the single-method
setups, the 1D convolutional network consistently delivers the strongest results, closely
followed by predefined statistical features. While the frequency-domain model alone is not
competitive as a standalone solution, it provides a measurable boost when combined with
other methods. Therefore, it remains a valuable option in scenarios where computational
resources are plentiful and performance is the top priority, making the performance im-
provement worth the added cost. In fact, incorporating multiple feature extraction methods
generally leads to clear performance improvements. The number of known classes does
not noticeably degrade performance, and the low standard deviation values confirm the
robustness of the approach with respect to class selection. To complement the AUC results,
Table 2 presents the corresponding EER values. Including the EER allows our results to
be related more directly to the biometrics literature, where it is a widely used measure.
As expected, the EER values are strongly and almost linearly correlated with the AUC, so
they convey largely the same information about model performance. Nonetheless, their
inclusion facilitates comparison with prior biometrics studies.

The closed-set accuracy results (Table 3) remain high across all configurations. Al-
though marginally below the upper bound reported in the original HandBCG study [4] in a
purely closed-set scenario (98.27% to 99%), our approach maintains strong accuracy while
introducing the capability to reject unknown classes—an essential open-set property. The
ranking of the methods remains consistent with the AUC results, although the differences
in accuracy are smaller.
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Table 1. Open-set detection AUC scores using different feature extraction methods and their com-
binations, averaged over five runs. Each configuration was evaluated using a varying number of
known classes.

Known Classes 10 20 30 40 50 60

Mean 0.750 0.772  0.797 0.811  0.828  0.798
Std 0.048 0.045 0.054 0.083 0.065 0.039
Mean 0.753 0.747 0762 0775 0.761  0.752
Std 0.038 0.032 0.033 0.028 0.035 0.040
Mean 0.702 0.617 0701 0732  0.652  0.688
Std 0.072 0103 0.065 0.073 0.054 0.059
Mean 0801 0824 0.829 0794 0.794 0.811
Std 0.042 0.025 0.034 0.020 0.036  0.064
Mean 0756 0.788 0.793 0.822 0797  0.825
Std 0.078 0.057 0.063 0.052 0.047 0.060
Mean 0.770 0.788 0.779  0.753  0.744  0.718
Std 0.079  0.054 0.063 0.049 0.057 0.132
Mean 0.823 0.794 0.804 0.825 0.842  0.820
Std 0.043 0.045 0.037 0.041 0.035 0.029

Convolutional network
Predefined features
Frequency domain
Conv. + Predef.

Conv. + FFT

Predef. + FFT

All three

Table 2. Open-set detection performance in terms of EER score, measured from the same runs as in

Table 1.
Known Classes 10 20 30 40 50 60
Convolutional network Mean 0.302 0.293 0.278 0.252 0.217 0.245
Std 0.040 0033 0047 0041 0036 0052
Predefined features Mean 0.300 0.310 0.249 0.292 0.277 0.295
Std 0020 0047 0026 0026 0045  0.023
Frequency domain Mean 0.338 0.388 0.345 0.293 0.385 0.349
Std 0087 0022 0045 0026 0057  0.013
Conv. + Predef. Mean 0.228 0.203 0.209 0.257 0.252 0.258
Std 0025 0017 0020 0057 0046  0.054
Conv. + FET Mean 0.303 0.265 0.244 0.180 0.290 0.198
Std 0050 0033 0053 0045 0041  0.057
Mean 0.308 0.250 0.249 0.308 0.588 0.332
Predef. + FFT Std 0053 0038 0031 0035 0109  0.047
All three Mean 0.225 0.277 0.269 0.340 0.201 0.239
Std 0.042 0028 0053 0054 0017 0017

Table 3. Closed-set classification accuracy using different feature extraction setups. All results
correspond to the same runs reported in Table 1.

Known Classes 10 20 30 40 50 60

Mean 0950 0943 0906 0910 0924  0.900
Std 0.027 0.028 0.025 0.032 0.024 0.030
Mean 0941 0927 0932 0913 0915  0.890
Std 0.018 0.022 0.024 0.028 0.024 0.028
Mean 0853 0863 0797 0752 0735 0.711
Std 0.032 0.038 0.040 0.031 0.043 0.045
Mean 0958 0941 0912 0914 0910 0919
Std 0.025 0.033 0.030 0.030 0.038  0.035
Mean 0959 0927 0909 0918 0.890  0.900
Std 0.041 0.046 0.035 0.043 0.050 0.037
Mean 0931 0919 0927 0923 0.883  0.895
Std 0.033 0.036 0.036 0.042 0.040 0.040
Mean 0955 0950 0922 0.894 0922 0915
Std 0.029 0.041 0.038 0.029 0.029 0.036

Convolutional network
Predefined features
Frequency domain
Conv. + Predef.

Conv. + FFT

Predef. + FFT

All three

164



Electronics 2025, 14, 3983

Table 4 highlights the computational trade-offs between the examined methods during
the first training phase. As expected, the convolutional network is the most resource-
intensive option. However, the additional cost translates to a solid performance advantage.
At the other end of the spectrum, predefined features entirely eliminate the first phase
of training. Their extraction cost is negligible (performed once), and the subsequent
model is extremely lightweight, making this setup ideal for constrained environments
such as embedded systems. Frequency-domain features also offer a resource-efficient
alternative, requiring significantly less computation than convolutional networks—though
this comes at the price of reduced performance. In all cases, the flexibility of combin-
ing feature sets allows practitioners to balance performance and efficiency according to
deployment constraints.

Overall, these results demonstrate a favorable performance—cost trade-off across all
configurations, underlining the scalability of the proposed approach. A lightweight yet
effective model can be built with predefined features for low-resource settings, while
maximum accuracy can be achieved through convolutional networks or their combinations
with other methods.

Table 4. Runtime performance using different feature extraction methods. The reported values (in
ms) were measured during the first phase of training, except in the case of the predefined features,
where the first phase is completely eliminated.

Method Fea.ture Whole Model Training a Batch
Extraction (ms) (ms) (ms)

Convolutional network 2.1 2.5 17.0

Predefined features - 0.23 -

Frequency domain 0.36 1.2 3.1

All three combined 3.3 4.0 23.0

A major advantage of our design lies in generating samples within the hidden layer.
This strategy almost eliminates the overhead of producing additional training data while
retaining the performance benefits of augmentation. The hidden layer’s simpler structure
requires only a lightweight generative model, avoiding the need to propagate generated
samples through the entire network. Previous work [2] confirmed this as a key efficiency
advantage, and our experiments reinforce this observation. On the time-series dataset, the
generative model trains in only 5.2 ms per batch—comparable to the image-based results
due to identical feature vector sizes. Notably, there are no established GAN architectures
specifically designed for time-series data, which makes input-level sample generation not
only computationally expensive but also practically challenging. Our approach sidesteps
this limitation by working in the feature space, eliminating the need to design or train a
specialized generative model for raw sequences. Furthermore, skipping the heavy first
stage of the model provides substantial runtime savings: for example, when using the
convolutional network as a feature extractor, 91% of the cost of processing a generated
batch is eliminated (2.1 ms versus 0.23 ms). This efficiency, combined with strong open-set
performance, makes the method not only practical but also uniquely suited for domains
where data-level generative models are less feasible.

5. Conclusions

Our exploration of Open-Set Recognition (OSR) in time-series data has unveiled sev-
eral critical insights with significant implications. OSR is a powerful enhancement of
traditional classification techniques, proving particularly relevant in real-world applica-
tions. One of the most pressing areas of application is authentication, which serves as a
valuable use case for our research.
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Authentication systems must not only recognize legitimate users but also effectively
identify unknown or unauthorized individuals. This is where OSR becomes indispens-
able, acting as a robust defense against potential security breaches and unauthorized
access. Our research highlights the crucial role OSR can play in enhancing the security
and reliability of authentication systems, emphasizing the urgency of integrating OSR into
practical applications.

Additionally, our study identifies a significant gap in current research: the need for
OSR methods specifically designed for time-series data. Our model demonstrates that it
is feasible to adapt OSR techniques to time-series datasets, suggesting that this area will
likely attract increasing research attention in the future.

In our experiments, we evaluated various feature extraction methods for OSR. The
1D convolutional network emerged as the most effective, although it incurred the highest
computational cost. Predefined features offered a more lightweight alternative, delivering
performance only slightly inferior to that of the convolutional network. Combining multi-
ple methods further improved performance but also increased computational demands.
This adaptability enables our approach to be tailored to diverse scenarios, allowing users to
prioritize either accuracy or, in constrained environments such as embedded systems, opti-
mize the model for computational efficiency while maintaining satisfactory performance.

Looking ahead, several promising research avenues emerge. First, further evaluation
on additional biometric modalities, such as voice, ECG, or gait, could demonstrate the
generality of our OSR framework beyond the current case study. Sequential architectures
like LSTMs also represent a natural extension, as they can explicitly model long-term
temporal dependencies; while unnecessary for the fixed-length short segments considered
here, they could become valuable for other settings. Similarly, multimodal or lightweight
sensor-fusion approaches may increase robustness, especially in mobile or embedded
applications. An interesting direction is the application of the adapted OSR framework
to continuous monitoring scenarios, where long-term non-stationarity of signals may
be addressed.

Another direction concerns the variability of real-world conditions. While the present
dataset already contains faint signals embedded in significant noise, making it a challenging
benchmark, future work could explore robustness across different acquisition environments
and sensor qualities. Adaptation strategies such as transfer learning or online learning
may also help maintain performance under varying signal conditions or during long-term
monitoring. Finally, threshold optimization and calibration strategies tailored to open-set
detection should be studied more explicitly to bridge the gap between research evaluation
and deployment in real authentication systems.

In parallel with these extensions, we are developing a new biometric database in
which participants are classified based on hand gestures recorded while picking up their
phones, using measurements from the device’s sensors. This aims to support a continuous
authentication system that operates passively, without requiring any explicit action from the
user. Future research may also study how time-dependent changes in the signal—caused
by shifts in user behavior or health conditions—affect classification performance.

In summary, our findings underscore the transformative potential of OSR in enhancing
authentication systems, particularly when applied to time-series data. As we continue
to refine these techniques, OSR is poised to become an increasingly vital component in
developing secure and adaptable systems.
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Abbreviations

The following abbreviations are used in this manuscript:

OSR  Open-Set Recognition

FFT Fast Fourier Transform

SVM  Support Vector Machine

CNN  Convolutional Neural Network
FCN  Fully Connected Network

GAN  Generative Adversarial Network
RBF Radial Basis Function

Appendix A. Full List of Predefined Features

Unless otherwise noted, each feature is computed independently for all six channels
(three-axis accelerometer and three-axis gyroscope). The input is represented as a matrix
X € R"™¢ where n is the time dimension.

Table Al. Predefined statistical and spectral features extracted per channel.

Feature Definition or Notes
Time-Domain Statistics

Mean = ITlox

Median Median of {x;}! ;

Standard Deviation o= % Y (x — )2

Variance o?

Skewness A (ime)®
(% ;lzl(xi—ﬂ)z)wz

Kurtosis M
(% Ea(i-n)?)

Minimum min; x;

Maximum max; X;

Range max; X; — min; X;

RMS (Root-Mean Square)

Std-to-Range Ratio
Percentage Above Mean
Percentage Above Median
Absolute Sum of Changes

1y 2

Vo i1 X
o

max; X; —min; x;
1
a Lim1 L(xi > p)
% Y1 I(x; > median)
Yo [xi — x|
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Table A1. Cont.

Feature Definition or Notes

Entropy and Energy Features

n 2

Total Energy i1 X

Approximate Entropy Standard definition applied per channel

Binned Entropy — ) pjlog pj, with p; = histogram bin probability
Permutation Entropy Ordinal-pattern-based entropy measure

Spectral and Correlation Features

Computed on magnitude spectrum; mean, median, vari-
ance, and standard deviation

Based on positive-lag coefficients ACF(k) = :7;17‘ XiXiik;
mean, median, variance, and standard deviation
Between axis pairs (XY, XZ, YZ). CCF,;(k) =
Cross-Correlation Statistics Z?:_lk XqiXpirk; aggregated mean, median, variance,
and standard deviation

FFT Statistics

Autocorrelation Statistics
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Abstract: Companies are increasingly giving more attention to chatbots as an innovative
solution to transform the customer service experience, redefining how they interact with
users and optimizing their support processes. This study analyzes the acceptance of con-
versational robots in customer service within the insurance sector, using a conceptual
model based on well-known new information systems adoption groundworks that are
implemented with a combination of machine learning techniques based on decision trees
and so-called importance—performance map analysis (IPMA). The intention to interact
with a chatbot is explained by performance expectancy (PE), effort expectancy (EE), social
influence (SI), and trust (TR). For the analysis, three machine learning methods are applied:
decision tree regression (DTR), random forest (RF), and extreme gradient boosting (XG-
Boost). While the architecture of DTR provides a highly visual and intuitive explanation
of the intention to use chatbots, its generalization through RF and XGBoost enhances the
model’s explanatory power. The application of Shapley additive explanations (SHAP) to
the best-performing model, RF, reveals a hierarchy of relevance among the explanatory
variables. We find that TR is the most influential variable. In contrast, PE appears to be the
least relevant factor in the acceptance of chatbots. IPMA suggests that SI, TR, and EE all
deserve special attention. While the prioritization of TR and EE may be justified by their
higher importance, SI stands out as the variable with the lowest performance, indicating
the greatest room for improvement. In contrast, PE not only requires less attention, but it
may even be reasonable to reallocate efforts away from improving PE in order to enhance
the performance of the more critical variables.

Keywords: chatbots; insurance; decision tree regression; random forest; XGBoost; Shapley
additive explanations (SHAP)

1. Introduction

Industry 4.0 has revolutionized industrial production through the integration of
advanced technologies such as artificial intelligence (Al), the Internet of Things (IoT),
automation, and real-time data analytics [1]. The transformative power of Industry 4.0
has extended to other sectors, including finance, giving rise to Finance 4.0. Finance 4.0
leverages digitalization to provide innovative solutions, enhancing the efficiency of the
global financial system [2]. These solutions are commonly referred to as Fintech and have
driven disruptive models such as digital banking, cryptocurrencies, and smart contracts,
marking the beginning of a new era [3].
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Insurance 4.0 is a specialized branch of Finance 4.0, focusing on the insurance indus-
try. Thus, applications of Industry 4.0 technologies in the insurance field are labelled as
Insurtech [4]. Insurtech impacts all areas of the insurance business, enabling automation in
risk assessment, policy personalization, and the streamlining of claims processing through
smart contracts and connected devices to prevent losses. Insurtech is redefining how
insurers operate, making them more efficient, accessible, and customer-centric [5].

Among the most significant Insurtech applications, chatbots stand out as a key tool
in customer service, improving both the operational efficiency of financial and insurance
organizations and user accessibility [6]. Chatbots can respond to queries in real time,
streamline policy management, facilitate claims reporting, and guide customers through
complex processes without requiring immediate human intervention. Furthermore, they
contribute to delivering a personalized experience by analyzing user data and providing
tailored recommendations to meet specific needs [7]. They also help reduce operational
costs and response times, ultimately increasing customer satisfaction. Their ability to
operate 24/7 makes them an indispensable tool for enhancing customer service in an
increasingly digitalized market [8].

Despite their benefits, many customers remain skeptical about chatbots in the insur-
ance sector, perceiving them as providing impersonal and limited assistance. The lack
of empathy in interactions, automated responses that sometimes fail to resolve complex
queries, and difficulties in quickly escalating issues to a human agent contribute to user
frustration [8].

This study analyzes the drivers of chatbot acceptance among policyholders for man-
aging tasks related to their active insurance policies (e.g., filing a claim). The analysis of
conversational robot acceptance in customer service is of particular interest in the insurance
industry, as the use of an insurance policy—entailing claims notification—always requires
communication with the insurer, both during the initial contact and in the subsequent
transmission of relevant details [9].

The approach adopted in this study is based on the technology acceptance model
(TAM) [10] and the unified theory of acceptance and use of technology (UTAUT) [11].
Specifically, it seeks to explain the intention to use (IU) chatbots for managing active
policies through the following constructs: performance expectancy (PE), effort expectancy
(EE), social influence (SI), and trust (TR). While the first three constructs are the most
relevant in the literature on conversational robot acceptance [12], the inclusion of trust is
justified by its key role both in the economic function of insurance [13] and in the adoption
of conversational robots [14].

The analytical framework is presented in Figure 1. Concretely, this paper addresses
two research questions:

e  RQI: What is the explanatory and predictive power of the proposed model?
e  RQ2: What are the constructs that require greater attention for the successful imple-
mentation of chatbots?

The first contribution of this study is methodological. Unlike most of the existing
literature, which typically addresses RQ1 using structural equation modeling (SEM), this
research employs machine learning techniques (MLT). Concretely, it uses decision tree
regression (DTR) and its ensemble generalizations—random forest (RF) and extreme gra-
dient boosting (XGBoost). While SEM requires the specification of linear and pre-defined
interactions among constructs, DTR offers a data-driven approach that identifies decision
thresholds and interaction effects that may not be apparent in linear models. Additionally,
it enables decision-makers to intuitively visualize relationships between variables while ac-
counting for nonlinearity [15]. This approach is particularly useful for analyzing behavioral
phenomena such as consumer behavior [16,17] and the acceptance of new technologies,
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where the literature often lacks consensus on how explanatory variables interact to shape
attitudes [18-20].

TAM-based model UTAUT-based model

Performance
expectancy (PE) 3

N N Effort Expectancy (EE)
7 A 1

Social influence (SI) N

Performance
expectancy (PE) N
IR |ntention to use
e, Cchatbots (IU)

. N :
— | cratbots (0)
- P chatbots (1U) Social influence (SI)

Effort Expectancy (EE) Trust (TR)
rust

Decision tree regression based model

Performance
expectancy (PE)
Effort Expectancy (EE) Sy B
A decision tree chatbots (1U)
Social influence (SI) = & methods
Trust (TR) -

Figure 1. Conceptual framework of this paper versus TAM and UTAUT approaches.

Interations
discovered with Intention to use

In extended versions of the technology acceptance model (TAM), such as TAM2 [21],
the influence of effort expectancy (EE) and social influence (SI) on intention to use (IU) is
partially mediated by perceived usefulness (PU). On the other hand, the unified theory of
acceptance and use of technology (UTAUT) assumes only direct effects. In the more specific
context of chatbot adoption, some studies adopt a TAM-based perspective in which trust
influences IU indirectly through PE and EE [22,23], while others posit a direct effect of trust
on IU [24,25].

This study does not posit specific interaction hypotheses between predictors. In-
stead, we examine how explanatory variables correlate with IU, allowing the decision
tree architecture to uncover the interaction patterns present in the data. Furthermore,
combining DTR with ensemble models such as RF [26] or XGBoost [27] enhances the
model’s predictive performance. In this context, DTR can be interpreted as a representative
or average tree within the ensemble of trees generated by RF and XGBoost. Figure 1 presents
two conceptual modeling approaches previously used to explain chatbot acceptance and
highlights the architecture ultimately adopted in this study.

To address RQ2, the study applies Shapley additive explanations (SHAP) [28], which
enable interpretation of the relative importance of each explanatory variable in the predic-
tions generated by the best-performing decision tree-based model—whether DTR, or more
likely, RF or XGBoost. Subsequently, an importance—performance map analysis (IPMA)
will be used, based on the diagonal partitioning of the IPM [29]. This will be adapted
from the structural equation modeling approach proposed by [30] to the use of SHAP as
a measure of the relative importance of variables. The value of IPMA lies in recognizing
that the variable with the greatest impact does not necessarily warrant the most attention.
If the performance of a given variable is already high compared to the other explanatory
variables, improving it further may require substantial effort. Thus, it may be more effective
to focus on variables with lower importance but where performance improvements are
more feasible, potentially generating a greater overall impact on the target variable.

A key innovative contribution of this study lies in the integration of explainable
machine learning techniques—specifically, decision tree regression, random forest, and
XGBoost—with Shapley additive explanations (SHAP) and importance—performance map
analysis (IPMA) within the context of technology acceptance research. While previous
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studies on technology adoption have largely relied on structural equation modeling or
other traditional statistical approaches, our method enables both high predictive accuracy
and an intuitive understanding of the interaction patterns among explanatory variables
without needing hypotheses about mediations and moderations. This combined approach
not only bridges the gap between interpretability and predictive performance but also
offers a replicable framework for future research in other technology adoption domains.

In addition, this research expands the scope of recent work by applying the proposed
methodology to the insurance sector—a service industry where trust plays a central role—
thereby capturing sector-specific behavioral drivers often overlooked in generalist studies.
By comparing our findings with those from the latest empirical research across diverse
geographical contexts and chatbot applications, we demonstrate how the explanatory
hierarchy of variables can shift depending on cultural, industrial, and service-channel
factors. This comparative perspective reinforces the originality of the study, as it provides
nuanced insights that are both theoretically relevant and practically actionable for Al-
powered service implementation.

2. Framework

Performance expectancy (PE) refers to the degree to which users perceive that a
system enhances their performance in carrying out a task [11]. There are several reasons
to conclude that chatbots are useful in insurance procedures. On the one hand, basic
administrative tasks can be completed more quickly than when relying solely on human
assistance [31]. Similarly, conversational robots do not substitute conventional interaction
ways with the insurer but rather are an additional instrument that allows the improvement
of policyholders’ assistance [32]. That variety of communication channels is frequently
valued and helps build customer satisfaction [33].

PE is likely the most influential construct in the acceptance of chatbots for customer
service in both banking [6,34-37] and insurance contexts, where its impact has been ob-
served both directly [8,38,39] and indirectly through mediating mechanisms [7]. Therefore,
we propose:

Hypothesis 1. Performance expectancy positively influences the intention to use chatbots for
managing active insurance policies.

Venkatesh et al. [11] define effort expectancy (EE) as the extent to which an indi-
vidual believes that using a technology requires little effort. In the use of chatbots to
provide customer service in insurance companies, EE refers to the absence of drawbacks
for policyholders when carrying out procedures related to in-force contracts. In theory,
conversational bots have specific benefits compared to other communication methods.
They offer round-the-clock support and are more available than human agents [31]. Fur-
thermore, they present fewer usability barriers compared to other digital technologies, as
they can be accessed from multiple devices, including smartphones, tablets, computers,
and landlines [22].

At present, there is widespread agreement that chatbots have not yet reached a level
of sophistication that allows smooth and flawless interaction in every situation. Frequently,
chatbots deliver unclear replies to users, which undermines their perceived usability and
effectiveness. This, in turn, leads to a decline in user acceptance and satisfaction [40]. No-
table issues in this regard include technological anxiety towards robots, which significantly
influences usability perceptions and customer attitudes towards chatbots [41], as well as
the inability of chatbots to recognize vocal tones and inflections that help determine the
direction of a conversation [40].
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The relevance of effort expectancy in the acceptance of chatbots has been well docu-
mented in financial contexts, particularly in the use of banking and insurance services. In
the banking sector, its influence has been reported in various studies [6,35,37,42], while in
the insurance domain, it has been shown to play both a direct role [8,38] and a mediated
one [7,41]. Therefore:

Hypothesis 2. Effort expectancy positively influences the intention to use chatbots for managing
active insurance policies.

SI refers to the extent to which individuals perceive that important people believe
they should use a new technology [11]. It is a well-established fact that peer opinions, such
as those of friends or family members, have a significant impact on overall technology
acceptance, as individuals tend to seek social approval [11].

The opinion of close insurance advisers is often relevant in policyholders” decision-
making [43]. Despite the widespread adoption of chatbots in business practices, most
consumers remain skeptical and reluctant to engage with them [44]. In fact, chatbots are
primarily used to provide initial help to users and consumers [43]. The relevance of social
influence in explaining the acceptance of conversational robots has been demonstrated in
the contexts of both banking [37] and insurance procedures [8]. So, we suggest:

Hypothesis 3. Social influence positively influences the intention to use chatbots for managing
active insurance policies.

The importance of TR in policyholders” acceptance of Insurtech solutions, including
chatbots, should be analyzed from a dual perspective. It embeds the unique nature of the
financial and insurance industry and the interactions between companies and policyholders
that are facilitated by robots. Therefore, TR becomes a critical factor in understanding
customer attitudes and behavioral intentions [13].

Trust is the foundation of any financial transaction and is even more crucial in the
insurance market, where both the insurer and the policyholder must rely on mutual trust in
an environment characterized by a high degree of adverse selection and moral hazard [45].
A policyholder’s trust in an insurance company can be defined as the perception that its
services will offer reliable compensation in the event of a loss and that interactions related
to claims will be satisfactory [45]. The relevance of trust in the acceptance of chatbots has
been observed in contexts related to insurance, such as banking services [6,42], as well
as within the insurance sector itself—both directly [7,39,41] and indirectly, mediated by
performance expectancy and effort expectancy [22]. Therefore, we propose:

Hypothesis 4. Trust positively influences the intention to use chatbots for managing active
insurance policies.

3. Materials and Methods
3.1. Sample and Sampling

The paper analyzed an online survey distributed via social media platforms (LinkedIn,
Facebook, Telegram) and moderated mailing lists, conducted between 20 December 2022
and 12 March 2023.

Respondents were encouraged to share the survey hyperlink with others, meaning the
sampling methodology used was mixed, combining convenience sampling and snowball
sampling. The estimated time to complete the questionnaire was 10-15 min.

Considering the duration of data collection, it was adequate for a cross-sectional study
such as ours. Such studies require a certain window of time to obtain an adequate number
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of responses, but they are ultimately a snapshot at a specific point in time; so the survey
must be anchored within a defined moment. According to the literature reviewed on
cross-sectional studies focused on chatbot acceptance—among those authors who actually
reported how long it took them to collect data, which not all did—the time frame ranged
from half a month [22] to three months [38,41].

Regarding the focus on a specific cultural context, this was also common in social
sciences and human behavior studies. Such research sought responses within a defined
geographical area, either to inform action or to gain insights without “contamination” from
other contexts. For example, in Asia, Ref. [22] focused on Korea, Ref. [24] on India, Ref. [35]
on China, and [42] on Bangladesh. In Europe, Ref. [23] was set in Spain, Ref. [25] in the
United Kingdom, Ref. [34] in Romania, and Ref. [39] in Germany.

As we sought opinions from genuinely informed consumers, only responses from
individuals who held at least two insurance policies were accepted. Given that the survey
targeted a very specific population segment, convenience sampling could be considered
appropriate [46]. Moreover, respondents were not compensated, making it reasonable
to assume they were genuinely motivated to answer the questions and paid attention to
their responses.

The initial number of observations was 252. We subsequently discarded incomplete
responses, resulting in a final sample of 226 responses, which was considered statistically
adequate according to the heuristic “ten times rule” [47], which suggests that the minimum
required sample size should be 40, given that there were only four explanatory variables
for behavioral intention. Additionally, using the G*Power 3.1 software [48], we verified
that this sample size provided a statistical power of 80% for a linear regression with four
variables, assuming a significance level of 5% and an effect size of at least 0.05, which
corresponded to a minimum coefficient of determination of 4.76%. The profile of the
individuals in the sample is shown in Table 1.

Table 1. Sociodemographic profile of the sample (1 = 226).

Variable Responses

53.10% of responses came from men and
Gender 44.69% from women, and 2.21% provided
other responses.

14.16% of responses came from individuals
under 40 years old, 53.98% from those aged
between 40 and 55, 30.09% from individuals
over 55 years old and 1.77% did not answer.

Age

87.17% of respondents reported having
Academic background completed a university degree and 12.83%
reported being undergraduate.

30.09% reported an income not exceeding
EUR 1750, 38.94% reported an income level
Income level between EUR 1750 and EUR 3000, a 30.09%
reported earning over EUR 3000 and 0.88%
did not answer.

47.79% of respondents reported holding
Number of insurance policies between 2 and 4 policies, while 52.21% held
more than 4 policies.

3.2. Measurement Model

The survey was conducted using a structured questionnaire written in Spanish, with
the items presented in Table A1l of the Appendix A. Initially, the questionnaire was dis-
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tributed among six professionals from the insurance industry in Spain. After receiving
their feedback and incorporating it into a revised version, it was assessed by an additional
twelve voluntaries that were not professionally linked with the insurance industry.

Regarding the scales used, the IU, PE, EE, and SI measures were based on the proposals
of [11], adapted to the use of chatbots in the policyholder—insurer relationship. The trust
scale was based on [49].

Responses were collected using an eleven-point Likert scale (ranging from 0, indicating
strong disagreement with the statement, to 10, representing strong agreement), where 5
was the neutral value.

3.3. Data Analysis

First step: Since the study dealt with latent variables, the first step involved assessing
the internal reliability and the discriminant validity of scales [47]. This includes calculating
Cronbach’s alpha, the composite reliability index, and the average variance extracted (AVE)
and conducting factor extraction through exploratory factor analysis. Additionally, the
correlation matrix of the constructs was analyzed to provide a first assessment of the
consistency of the hypotheses regarding the direction of the relationships between the
model variables. This step was performed using the psych package in R.

Second step: The final scores for each construct were determined by calculating the
weighted average of the items based on the factor extraction, which was then rescaled to a
100-point reference system. This approach follows [30] for evaluating the performance of
latent variables.

If construct X is composed of I items x;, wherei =1, 2, ---, I, and we denote w; as the
percentage of variance extracted for the ith item, then the value of the construct for the jth
observation, X;, was calculated as the weighted average of the scores for each item of that
observation (x;;), weighted by the factor extraction of that item (w;). Since xi takes values
between 0 and 10, and Xj is, following [30], referenced on a 100-point scale, we calculate:

I
X = Y1 XijWi

10.
! 25:1 wi

This step was carried out using the psych and dplyr packages.

Third step: Subsequently, a decision tree regression (DTR) model was fitted with all
explanatory constructs. Since the variables were already measured on a 100-point scale,
rather than using standardized factor extractions, this facilitates the interpretation of the
tree and the cut-off values at the nodes. The sign of the relationship between an explanatory
variable X and IU was inferred from how observations are distributed across the nodes in
which it participates. If a threshold X < Xa is required to reach terminal nodes associated
with lower acceptance, then the relationship is positive. Conversely, if reaching these nodes
requires X > Xa, a negative relationship can be inferred. It is important to note that, in
assessing the sign of the relationship, we considered not only the primary splits but also
the surrogate splits—that is, the alternative splits that would be used if the observation for
the variable responsible for the primary split were missing. This step was conducted using
the rpart and rpart.plot packages in R.

Fourth step: When the objective extends beyond model explanation to achieve more ac-
curate fits and predictions, ensemble methods such as RF and XGBoost generalize decision
trees in a way that enhances predictive performance—albeit at the cost of interpretability,
which is a key strength of single decision trees.

For RF and XGBoost, all explanatory variables were also included, and a hyperpa-
rameter tuning process was performed [50,51]. The dataset was randomly split into 80%
for training and 20% for testing. Within the training set, 70% of the full dataset was used
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for actual model training, and hyperparameter tuning was performed via 10-fold cross-
validation applied to this 70%. This internal cross-validation step acted as the validation
phase, replacing the need for a fixed 10% hold-out.

Hyperparameter tuning for RF focused on three parameters [51,52]: the number of
variables randomly selected at each split (mfry), the number of trees in the forest (ntree),
and the minimum number of observations in a terminal node (nodesize).

For XGBoost, we tuned the learning rate (eta), the maximum tree depth (1max_depth), the
minimum child weight (min_child_weight), and the number of boosting rounds (nrounds) [51,52].

Notice that, in contrast, DTR was fitted directly using the rpart package on the entire
dataset without additional tuning, as the goal was to preserve interpretability.

This step is executed using the caref package in R, in combination with the randomForest
and xgboost packages to implement the respective algorithms.

Fifth step: Once the RF and XGBoost models had their hyperparameters tuned (Step 4),
and the DTR was fitted as described above, all models were evaluated using the coefficient
of determination (R?), root mean squared error (RMSE), and mean absolute error (MAE) to
assess in-sample fit.

Out-of-sample predictive performance was assessed using Monte Carlo cross-
validation with repeated random subsampling (80/20 split, 5000 repetitions). In each
repetition, 80% of the data was randomly selected for training and 20% for testing. Pre-
dictive performance was quantified using Stone-Geisser’s Q? statistic, along with RMSE
and MAE, averaged across all repetitions to ensure robustness and mitigate the variability
associated with a single train—test split. This step is performed using the caret, rsample,
randomForest, and xgboost packages.

This evaluation addressed research question 1, enabling a robust assessment of the
models’ predictive and explanatory capabilities, as well as the visualization of interaction
patterns that drive chatbot acceptance, thereby facilitating the evaluation of Hypotheses
H1-H4. An overall overview about fourth and fifth step in provided in Table 2.

Table 2. Data partitioning and cross-validation methods used in Steps 4 and 5.

Training Validation Testing Cross-Validation
Method Set Set Set Method (Step 5)
o o Monte Carlo CV,
DTR 100% — 20% 5000 reps
RE 70% 10% .C'V on 20% Monte Carlo CV,
training 5000 reps
XGBoost 70% 10% CV on 20% Monte Carlo C\/,
training 5000 reps

Note: The first three columns refer to the data partitioning used for model training and hyperparameter tuning
(Step 4). The last column indicates the cross-validation method applied for final evaluation (Step 5).

Sixth step: To test whether the differences in predictive performance between models
were statistically significant, we conducted paired-sample t-tests and ANOVA on the
prediction metrics. This analysis provided an evidence-based comparison of the models
and helped identify whether certain decision tree-based methods consistently outperformed
others. This step was implemented using the rstatix R package.

Seventh step: To address research question 2, we first computed SHAP values for
each variable across all observations. These values allowed us to calculate the mean
absolute SHAP values, which represent the average contribution of each variable to the
model predictions. This enabled the construction of a hierarchy of relevance among the
explanatory variables, offering insights into their relative importance in explaining IU
chatbots. This step was carried out using the iml package in R.
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Eighth step: Finally, to complete the analysis of research question 2, an importance—
performance map analysis (IPMA) was conducted. The performance of the constructs
was stated simply as the sample mean of the items, that were rescaled in 100 [30]. On
the other hand, the importance of variables was their average absolute value of SHAP.
The interpretation of the importance-performance map followed the diagonal partitioning
approach proposed by [29] and is illustrated in Figure 2.

3 l
b |
S |
3 |
S
Q Concentrate here
: Keep up the
Average : good work
importance |~~~ T T T T T T T T T
Possible
overkill
Minimum Low priority
importance
Minimum Average Performance
performance performance

Figure 2. Importance—performance map interpretation used in this study. Note: Adapted from
Abalo et al. [29].

4. Results
4.1. Analysis of Research Question 1

Table 3 shows the descriptive statistics of the items that make up the scales and the
measures of their internal validity. It can be observed that every item received a score
considerably less than 5, indicating a very low evaluation among users. The scales exhibit
internal consistency (Cronbach’s alpha and the composite reliability index > 0.7) and con-
vergent validity, as the factor extraction for the constructs is >0.7, and the average variance
extracted is, in all cases, >0.5. Table 4 shows that the constructs have discriminant validity
according to the Fornell-Larcker criterion, as the correlations between the constructs never
exceed the square root of the average variances extracted.

In Table 4, it can be also checked that the hypotheses regarding the positive relation-
ships between PE, EE, SI, and TR, with IU, are supported by the Pearson correlations, which
are consistently positive and significantly different from zero. This is further confirmed by
Figure 3, where all variables contribute to the splitting of at least one node. In each case,
values below the threshold lead to a lower level of chatbot acceptance. Indeed, Figure 3
and Table 5 show that TR, EE, and SI each serve as the primary split into two partitions,
while PE serves as the primary split into one. Table 5 presents not only the primary splits
but also the surrogate splits. It can also be observed that when the explanatory variables
act as surrogate splits, their direction of influence suggests a positive relationship of all
variables with IU. Observations with values below the threshold are classified into nodes
associated with lower levels of acceptance. So, from Tables 4 and 5 we can conclude that
Hypothesis H1, H2, H3, and H4 can be accepted.
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Table 3. Descriptive statistics and measures of internal reliability of scales.

Factor

Item Mean SD . CA CR AVE
Loading
0.891 0.894 0.822
U1 1.27 1.87 0.921
102 2.24 2.7 0.862
U3 1.38 2.06 0.935
0.92 0.932 0.76
PE1 244 2.63 0.877
PE2 2.71 2.66 0.91
PE3 2.57 2.58 0.904
PE4 2.46 2.61 0.914
PE5 3.29 2.86 0.742
0.885 0.893 0.813
EE1 2.88 2.82 0.864
EE3 2.16 2.27 0.922
EE4 2.64 2.64 0.917
0.927 0.929 0.872
SI1 1.75 1.94 0.922
SI2 1.61 2.05 0.953
SI3 2.03 2.15 0.927
0.83 0.865 0.745
TR1 2.07 2.5 0.912
TR2 3.46 3.04 0.836
TR3 2.08 2.18 0.839

Note: CA = Cronbach’s alpha, CR = composite reliability measure, AVE = average variance extracted.

Table 4. Matrix with Pearson correlations and the square root of the average variance extracted.

IU PE EE SI TR
U 0.906
PE 0.719 0.872
EE 0.732 0.816 0.901
SI 0.713 0.697 0.648 0.934
TR 0.734 0.861 0.796 0.690 0.863
Note: (a) The square root of AVE is on the main diagonal. (b) All Pearson correlations are significant with
p <0.001.
Node 1
: |
TR<33
Node 2 >=33 Node 3
|
[
SI<20 EE <56 ‘
Node4 >=20 Node 5 >256 Node 6
e e
EE<9.3 Si<21 PE<73
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Figure 3. Results of decision tree regression. Note: R?

179

=69.23%, RMSE = 11.010, and MAE = 7.830.



Electronics 2025, 14, 3266

Table 5. Principal splits (first row) and subrogate splits in the decision tree nodes (Figure 3).

Node 1 Node 2 Node 3 Node 4 Node 5 Node 6 Node 7
TR < 32.92 SI < 19.81 EE < 56.46 EE <9.27 SI<21.29 PE <72.76 TR < 56.88
PE < 35.81 PE <29.63 PE < 58.76 PE < 10.56 PE < 25.65 TR < 63.50 PE < 55.96
EE < 33.09 TR < 29.56 TR < 64.70 TR <1.62 EE < 30.01 EE < 73.30 SI < 63.35
SI < 31.71 EE < 50.09 SI < 50.06 SI < 6.59 TR < 46.49 SI < 51.67 EE < 50.09

Moreover, Figure 3 shows that the coefficient of determination indicates that the DTR
explains nearly 70% of the variability in the response variable, which can be considered
substantial. However, both the explanatory and predictive capabilities of the DTR can be
enhanced by applying RF and XGBoost.

Following the fourth step described in Section 3.3, the best-performing RF model
was obtained by tuning the number of variables randomly selected at each split
(mtry = 1), the total number of trees in the ensemble (ntree = 100), and the minimum
number of observations required in a terminal node (nodesize = 1). Figure 4 shows how
the error decreases as the key parameter ntree increases, and that beyond the value of 100,
it stabilizes.

RMSE

300
250
200

150

0 25 50 75 100
Number of Trees

Figure 4. RMSE evolution of the optimal number of trees in the tuning of the random forest model.

Similarly, the optimal XGBoost model was achieved by tuning the learning rate
(eta = 0.1), the maximum depth of the trees (max_depth = 4), the minimum child weight
(min_child_weight = 5), and the number of boosting rounds (nrounds = 42). In both cases,
fine-tuning was performed using 10-fold cross-validation, selecting the configuration that
minimized the root mean squared error (RMSE). Figure 5 illustrates how the XGBoost error
behaves as a function of the hyperparameters eta and nrounds.

Table 6 shows that RF, followed by XGBoost, achieves the highest R? values and
substantially lower error metrics compared to DTR. Furthermore, the results of the Monte
Carlo cross-validation presented in Table 7 indicate that RF exhibits the best generalization
performance, followed by XGBoost and, lastly, DTR. It is also worth noting that in all cases
the Q? values exceed 50%, indicating that all decision tree-based methods demonstrate a
high level of generalizability [47].
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Figure 5. RMSE evolution of the learning rate and boosting iteration in the tuning of the optimal
XGBoost model.

Table 6. Adjustment capability metrics of the three machine learning methods used.

R? RMSE MAE

Decision tree 69.23% 11.010 7.830
Random Forest 95.57% 4.692 3.406
XGBoost 80.95% 9.862 7.004

Table 7. Mean of the performance of predictive metrics of the three machine learning methods used.

Q? RMSE MAE
Decision tree 51.70% 14.04 991
Random Forest 63.40% 12.23 8.55
XGBoost 59.80% 12.9 8.98
F=27.70 F=33.96 F=33.17
ANOVA (p <0.001) (v <0.001) (v <0.001)

4.2. Analysis of Research Question 2

Although Table 7 suggests that the method with the highest predictive performance
is RF, we conducted a more in-depth analysis by performing pairwise comparisons of the
significance of differences in the prediction metrics, which consistently favored RE. The
mean difference analysis presented in Table 8 indicates that, regardless of the metric used,
the superior predictive performance of RF compared to the other methods is statistically
significant, with a p-value < 0.001. Conversely, the method with the poorest predictive
performance is DTR. Therefore, the SHAP analysis is based on the random forest fit.

Table 8. Paired-sample t-tests for mean differences in predictive metrics.

Q? RMSE MAE
diff t-Ratio p-Value diff t-Ratio p-Value diff t-Ratio p-Value
DTR vs. RF —11.70% —26.40 <0.001 1.81 27.24 <0.001 1.36 24.32 <0.001
DTR vs. XGBoost ~ —8.10% —18.13 <0.001 1.14 14.44 <0.001 0.93 16.39 <0.001
RF vs. XGBoost 3.60% 16.56 <0.001 —0.67 —20.83 <0.001 —0.43 —13.40 <0.001

Note: diff stands for the difference between mean performance metrics in Table 7.
The analysis of SHAP values in the beeswarm plot in Figure 6 reveals that TR is the

most influential predictor of chatbot acceptance, showing consistently high contributions
to the model’s output, especially when its original values are high. This indicates that as
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users’ trust in the chatbot increases, so does the predicted intention to use it—highlighting
a strong positive relationship. In contrast, PE exhibits the lowest SHAP values overall,
with limited growth in explanatory power even at higher levels, suggesting that perceived
usefulness plays a comparatively minor role in shaping user intention. EE and SI occupy
an intermediate position. For both variables, SHAP values tend to increase moderately
with higher original values, indicating a positive, but less dominant, impact.
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Figure 6. Beeswarm plot of the RF adjustment of the conceptual framework in Figure 1.

Table 9 presents the mean absolute SHAP values for the four explanatory variables,
along with the results of paired-sample comparisons. While TR displays the highest average
absolute SHAP value, the differences between TR, EE, and SI are not statistically significant.
However, PE is found to be significantly less relevant than the other three variables.
Therefore, although TR appears to be the most important predictor, its contribution is
not significantly greater than that of EE and SI. In contrast, the lower relevance of PE is
statistically significant when compared to all other predictors.

Table 9. Mean absolute SHAP values for each predictor variable.

Mean Mean
Varl  Var2 Absolute Absolute Difference t-Ratio p-Value
SHAP (Var1)  SHAP (Var 2)
PE EE 3.126 3.941 —0.815 —4.591 <0.001
PE SI 3.126 3.846 —0.719 —3.634  <0.001
PE TR 3.126 3.985 —0.859 —6.025  <0.001
EE SI 3.941 3.846 0.096 0.384 0.702
EE TR 3.941 3.985 —0.044 —0.197 0.844
SI TR 3.846 3.985 —0.140 —0.715 0.476

Figure 7 presents the importance—performance map constructed based on the eighth
step of Section 3 and the SHAP values shown in Table 9. While TR and EE have slightly
higher importance than SI, they also exhibit higher performance levels, making their
improvement considerably more challenging. In contrast, PE shows the lowest importance
combined with the highest performance, placing it in the potential overkill zone. In other
words, it clearly does not require immediate attention, and it may even be justified to
reallocate efforts away from improving this item in order to focus on enhancing the three
more relevant constructs.
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Figure 7. Importance—performance map of the assessed variables to produce acceptance of chatbots.

5. Discussion
5.1. General Considerations

Regarding the first research question (RQ1), we found that the model fit the data
well across all machine learning methods, providing a detailed understanding of how
the explanatory factors contributed to both acceptance and rejection. While the ensemble
decision tree methods yielded better model fit and predictive performance, the simple
decision tree regression allowed us to assess the extent to which the hypotheses proposed in
Section 2 were supported, as well as to visualize how the explanatory variables interacted
to segment the sample into seven distinct user types, ordered by their level of chatbot
acceptance. The hypothesized positive relationship between the explanatory variables
and acceptance was reflected in the fact that all variables contributed to the partitioning
of at least one node of the decision tree, and the resulting partitions suggested a positive
association with IU. The results obtained with the decision tree regression were consistent
with the fact that all explanatory variables showed a significant correlation with IU in the
expected (positive) direction.

In RQ2, we investigated which explanatory variables were most relevant in explaining
the intensity of chatbot acceptance. This analysis was conducted using the Shapley additive
explanations (SHAP) measure. The results showed that the most influential variables, in
order of importance, were TR, EE, SI, and, lastly, PE. It is also worth noting that while the
mean absolute SHAP values for the first three variables did not differ significantly from
each other, the SHAP value for PE was significantly lower than those of the top three.

The use of DTR enabled a deep understanding of how variables interacted to classify
potential chatbot users into different levels of usage—eight, in this case, corresponding to
the number of terminal nodes shown in Figure 3. We observed that while TR was used in
the initial splits and was therefore decisive in differentiating among all user typologies,
SI and EE acted as discriminating factors at low and intermediate levels of acceptance.
In contrast, PE only contributed to refining the classification of users who exhibited the
highest levels of acceptance.

Trust had a positive and significant influence on behavioral intention. It was, in fact,
the variable with the greatest influence on the acceptance of conversational robots. This
outcome could be attributed to two key elements: first, the inherent characteristics of the
insurance industry, which relies heavily on trust [45], and second, the importance of this
concept in the adoption of robotic technologies, making trust a highly important factor
in Al-powered Insurtech [13]. Our findings aligned with those from previous studies on
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conversational robots in various fields and in countries such as Korea [22], Lebanon [53],
and Germany [54].

The positive relationship between EE and IU in the context of the insurer-insured
relationship was expected, as convenience could be a relevant factor in the acceptance of
chatbots in this area, as reported in Sweden [7]. This result was also in line with studies on
customer interactions with chatbots in several countries across Asia, Europe, and North
America [53,55-59].

The relevance of SI in influencing IU was consistent with the acceptance of conver-
sational robots by consumers in many cultural contexts and customer service settings,
including Korea [22], Lebanon [53], India [56], China [60], and Romania [61].

However, it should be noted that the relevance of PE was secondary compared with
the rest of the variables. Regarding PE, this finding could be explained by the fact that
the relevance of utilitarian motivations in the use of technologies is paramount when the
use of the information system is mandatory [21]. However, chatbot services for customer
service should be understood in a multichannel interaction context [43], where their use
is optional. In fact, Refs. [54,62] in two different European countries did not observe a
significant influence of PE on IU.

The IPMA provided a deeper understanding of the key variables to increase the
acceptance of chatbots. The results indicated that social influence, as well as trust and effort
expectancy, were not only the most important variables, but also those that, based on their
current performance levels, offered the greatest scope for improvement. Therefore, these
variables should be prioritized in implementation and improvement strategies. In contrast,
performance expectancy, although relevant, was more consolidated among users, requiring
secondary attention.

5.2. Theoretical Implications of the Findings in This Paper

We showed that a UTAUT model with four explanatory variables (PE, EE, SI, and TR)
explained 70% of the variability in IU using decision tree regression, and this explanatory
power increased up to 95% when using random forest. Furthermore, the predictive capac-
ity of the model remained high regardless of the machine learning method applied. This
should not be interpreted as decision tree regression being inferior to random forests or
XGBoost; rather, these methods belong to the same family and can be used in a comple-
mentary manner.

One of the greatest strengths of DTR was its interpretability. Through its structure of
nodes and branches, it was possible to understand how an average decision-maker assigned
a particular rating or evaluated a level of acceptance, as in the case of adopting technologies
such as robots. Although this method did not provide p-values, its interpretation was
intuitive. The distribution of observations within the nodes allowed the inference of the
direction of the relationship between factors [15]. Moreover, the predictive performance of
DTR could be enhanced through decision tree-based techniques such as random forests or
XGBoost [63]. To the best of our knowledge, explanatory approaches in consumer behavior
analysis were scarce, and within the literature on chatbot acceptance in B2C interactions,
virtually non-existent. Therefore, from a methodological standpoint, this study offered a
novel perspective based on the use of explainable machine learning techniques.

The use of Shapley additive explanations (SHAP) enabled the quantification of each
explanatory variable’s importance. This importance was combined with the performance
level of each variable to conduct an importance—performance matrix analysis (IPMA),
similar to the approach proposed by Ringle and Sarstedt [30], thereby enhancing the
explanatory power of partial least squares structural equation modeling. In summary, this
study demonstrated that combining machine learning decision tree methods with IPMA
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could be highly beneficial for economic and business analyses. This constituted the second
methodological contribution of the study, as—although the use of IPMA was common in
business analysis—the application of SHAP to quantify variable importance, to the best of
our knowledge, represented an original methodological focus.

5.3. Practical Implications of the Findings in This Paper

This has significant implications for the insurance industry. The IPMA results indicate
that the variables requiring focused attention for a successful chatbot implementation in
the insurer—insured relationship are social influence, trust, and effort expectancy, which
are summarized in Table 10 and elaborated on in the following paragraphs. So, regarding
improving social perception, effective measures could include:

Table 10. Practical recommendations for enhancing chatbot implementation in insurance.

Focus Area Recommendation

Humanize the chatbot through empathetic language, a name, and visual identity.

Social Influence e Launch educational campaigns showing benefits and use cases via videos and
testimonials.
Trust Ensure seamless escalation to human agents when needed, with transparent handovers.

Clearly inform users they are interacting with a chatbot and explain its limitations.

e Design a simple, intuitive interface with natural language processing and mobile
compatibility.

Provide onboarding support (tutorials, tooltips, step-by-step guidance).
Incorporate accessibility features (e.g., voice commands, screen-reader support).
Enable memory of past interactions and reduce redundant questions.

Train human agents to avoid repeating information during handovers.

Offer personalization (pre-filled data, smart suggestions) and communicate
convenience benefits.

Effort Expectancy

e  Humanizing the chatbot [58], giving it natural, empathetic language, assigning it a
name and visual identity to make it more recognizable and friendly, and programming
responses that reflect understanding and empathy, especially in sensitive situations
like claims management.

e  Educating and familiarizing customers with chatbot use. This can be achieved through
informative campaigns that share details on how to use the chatbot and its benefits
via the insurer’s channels. Videos or interactive guides showing how the chatbot can
assist in various processes, along with testimonials from policyholders who have had
positive experiences with the system, could also be useful.

Some measures to increase trust in the chatbot include:

e  Emphasizing the need for the chatbot to handle complex cases and errors appropri-
ately. It is crucial to implement systems that automatically detect when the chatbot
cannot resolve a request and must seamlessly refer the case to a human agent. Further-
more, it is important to clearly explain to users the transition from bot to human to
avoid frustrations.

e  Ensuring transparency and clear communication between the chatbot and the policy-
holder. This involves informing users from the start that they are interacting with a
bot, clarifying when they will be transferred to a human agent, and ensuring the client
understands the chatbot’s capabilities and limitations from the outset.

To improve effort expectancy, the following can be suggested:
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e  First, simplifying the user interface is essential. The chatbot should offer a clear and
intuitive design that guides users through tasks with minimal effort. Leveraging
natural language processing (NLP) allows users to interact using everyday language,
eliminating the need to learn specific commands. Ensuring compatibility across
devices—particularly smartphones—is also key to promoting ease of access.

e In addition, providing onboarding support can greatly reduce perceived effort. In-
teractive tutorials, embedded tooltips, and step-by-step instructions for common
procedures (e.g., filing a claim) help users feel confident from the start. Offering multi-
lingual support and using clear, jargon-free language ensure that a broader range of
users can engage effectively with the chatbot. Accessibility features, such as voice com-
mands and screen-reader compatibility, should also be incorporated to accommodate
users with diverse needs.

e  Moreover, the chatbot’s functionality should be reliable and consistent. This includes
avoiding repetitive requests for the same information, enabling memory of previous
interactions, and offering seamless handovers to human agents when needed. In this
case the company has to provide training and procedures to the agents to whom the
policyholder will be transferred, with the aim of avoiding repetition of information
already given and preventing users from feeling that their time is wasted when assisted
by a chatbot. Personalization features—such as pre-filled data and smart suggestions—
can further reduce user effort. Finally, communicating the benefits of using chatbots,
including time savings and convenience, and sharing testimonials from satisfied users,
can positively shape expectations and reduce perceived difficulty.

6. Conclusions
6.1. Principal Takeaways

This study offers several insights into the drivers of chatbot acceptance in the in-
surance sector. It builds on the well-known TAM and UTAUT frameworks, enriched
with the construct of trust and analyzed through machine learning techniques based on
decision trees.

The first key takeaway is that the proposed model—incorporating performance ex-
pectancy (PE), effort expectancy (EE), social influence (SI), and trust (TR)—is both theoret-
ically robust and empirically sound. Using decision tree regression methods, the model
explains about 70% of the variability in the intention to use (IU) chatbots. When ensemble
methods such as random forest and XGBoost are applied, predictive performance rises
sharply, with R? values up to 95%. These findings show the relevance of the selected
constructs and the effectiveness of decision tree-based methods for capturing complex
interaction patterns and improving prediction accuracy in technology adoption research.

The second major insight concerns the relative importance of the explanatory variables.
SHAP analysis shows that TR, EE, and SI are the most influential predictors of chatbot ac-
ceptance, with no statistically significant differences among them. In contrast, PE—though
traditionally a central driver in technology acceptance models—has significantly lower
importance, despite a high-performance rating among users. This challenges assumptions
inherited from earlier models like TAM and UTAUT, especially in contexts where chatbot
use is optional and part of a multichannel service environment.

A third takeaway comes from the importance—performance map analysis (IPMA).
TR and EE rank highest in importance, but their strong performance levels suggest that
further improvements could be costly and bring diminishing returns. SI, however, shows
high importance and lower performance, making it a priority for strategic action. PE falls
into the “overkill” zone—low importance but high performance—suggesting that further
enhancement may be unnecessary or inefficient at this stage.
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From an analytical perspective, we found that the use of DTR provides an empirical
view of how the explanatory variables of a phenomenon—in this case, PE, EE, SI, and
TR—interact to produce acceptance or rejection of chatbots. In our hypothesis development,
we did not specify mediated or moderated relationships; instead, these are empirically
uncovered through the DTR model. Moreover, the consideration of surrogate splits offers a
deeper understanding of the interaction between explanatory variables and the direction
of their influence on the outcome. To the best of our knowledge, this application of DTR
has not yet been leveraged in consumer behavior studies focused on the acceptance of new
communication channels with firms.

Finally, the study confirms that combining machine learning techniques with explain-
ability tools such as SHAP and managerial instruments like IPMA provides a powerful
and integrated approach to understanding user behavior in technology adoption contexts.
This methodological synergy not only improves predictive accuracy, but also bridges the
gap between complex algorithmic outputs and practical and intuitive managerial interpre-
tation. By translating model results into interpretable and strategically relevant insights,
the approach facilitates more informed decision-making regarding technology design,
communication strategies, and resource allocation. Furthermore, it demonstrates the po-
tential of hybrid methodologies to move beyond mere prediction and toward prescriptive
guidance for implementation, especially in settings where user acceptance is critical to
success. The integration of SHAP and IPMA proves especially valuable in dynamic busi-
ness environments where decision-making must rely on real-time diagnostics rather than
historical patterns, which may hold limited relevance. This is particularly true in the
context of emerging technologies—such as Al-powered chatbots—where rapid innovation
outpaces the applicability of past data and requires timely, actionable insights to guide
effective implementation.

In the case of chatbot deployment in insurance services, and in the moment of the study,
efforts should be directed primarily toward improving users’ trust, perceived ease of use,
and social perceptions, rather than focusing solely on performance-related expectations.
This nuanced approach is essential for increasing user acceptance and optimizing the
integration of artificially driven tools in customer service.

6.2. Limitations and Future Research Directions

We recognize the constraints of this empirical research. This study was carried out
in a specific territory, Spain, with the majority of answers gathered from platforms like
LinkedIn. Users of these platforms tend to have higher education and professional expe-
rience, typically ranging from mid-level management to executive roles. As a result, the
educational and economic backgrounds of the participants may influence our findings on
the behavioral intent to use chatbots. The study of other social groups and cultures may
yield completely different results. A study on the acceptance of ChatGPT by Zoomers for
general uses in Croatia shows, unlike our study, that performance expectancy is the most
relevant variable for chatbot acceptance [59].

Therefore, caution is advised when generalizing our results to policyholders from
other cultures or those with professional and educational profiles that differ from the
sample group. To draw broader conclusions, it would be essential to include a more diverse
range of countries and socio-economic profiles of the respondents.

It should also be noted that the study focuses on a specific economic sector and a
very particular type of customer service: the management of in-force insurance policies.
Extrapolating the findings of this study to other sectors (e.g., non-financial industries) or
even to different contexts within the insurance sector—such as providing advice on future
contracts—should be approached with caution. Within the insurance domain, this study
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could be extended to other potential services offered to customers, such as suggesting
new products to existing policyholders or assisting individuals interested in initiating new
contracts with the company.

While the RF model demonstrated a high explanatory capacity (R?), it is important
to acknowledge the potential risk of model overfitting, particularly in complex, non-
parametric algorithms. Although the Monte Carlo cross-validation procedure mitigates this
concern by evaluating predictive performance on multiple holdout samples, the possibility
of overly optimistic estimates cannot be entirely ruled out. It should also be noted that RF
achieved a high predictive capacity (Q? > 50%)—substantially higher than that of DTR—yet
still notably lower than its own explanatory capacity. Future research could further address
this issue by testing alternative regularization techniques, tuning strategies, or simpler
model specifications to confirm the robustness of the findings.

The analysis in this paper is based on a cross-sectional survey, meaning the conclusions
cannot be extended to long-term trends and are limited to a specific geographical area
(Spain). However, the data collection period is consistent with other cross-sectional studies,
which range from half a month in Croatia [59], one month in Canada [38], two months
in Romania [34,61], to three months [38] in Canada. The findings therefore represent
a snapshot tied to a specific moment in the introduction and development of chatbot
technology within a particular industry, namely the insurance sector. These results are
particularly useful for informing decisions in contexts similar to the one studied, as earlier
stages of chatbot development and market penetration are not directly comparable to the
current landscape.

The fields of artificial intelligence and Insurtech are evolving at a rapid pace, and
public perceptions of emerging technologies are highly dynamic. A more comprehensive
understanding would require comparable studies conducted at different stages of chatbot
evolution. While longitudinal approaches—spanning, for example, a decade—may be
well-suited for cultural or ethnographic research, they may be less relevant for managerial
decision-making in fast-moving environments where the technology is still undergoing
rapid growth and has not yet reached full consolidation.
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Abbreviations

The following abbreviations are used in this manuscript:

DTR Decision Tree Regression

EE Effort Expectancy

IPMA Importance-Performance Map Analysis
PE Performance Expectancy

RF Random Forest

SHAP Shapley Additive Explanations

SI Social Influence

TAM Technology Acceptance Model

TR Trust

UTAUT  Unified Theory of Acceptance and Use of Technology
XGBoost  Extreme Gradient Boosting

Appendix A

Table Al. Items of latent variables assessed in this study.

Items

Intention to Use (IU)
IU1. Iintend to be assisted by chatbots.
IU2. I predict that I will use a service managed by chatbots.
IU3. I will opt for management carried out by chatbots.
Performance Expectancy (PE)
PE1. The use of chatbots can be useful for managing my claims.
PE2. Using chatbots will make it easier for me to report my claims.
PE3. Using chatbots is useful and will allow me to receive compensations I am entitled
to more quickly.
PE4. Using chatbots is useful and will allow me to manage my claims with less effort
and fewer undesired effects (such as errors made by the insurance company’s agent).
PE5. Using chatbots allows the insurance company to offer better service to customers
at lower costs.
Effort Expectancy (EE)
EEL1. It will be easy for me to adapt to using chatbots in my dealings with my insurer.
EE2. It will be easier to manage my claims with the existence of chatbots.
EE3. It will be easy for me to use the channels provided by the insurer for
communica-tion if they are managed by chatbots.
Social influence (SI)
SI1. The people who are important to me believe that using chatbots facilitates the
claims process.
SI2. The people who influence me believe that, if I could choose a claims channel, I
should opt for one that uses chatbots.
SI3. The people whose opinions I value believe that using chatbots in insurance
man-agement by the insured is an advance.
Trust (TR)
TR1. The use of chatbots in my relationship with the insurer gives me trust.
TR2. The use of chatbots makes it easier for the insurer to fulfil its commitments and
obligations.
TR3. In managing claims through chatbots, the interests of the insured are taken into
account.
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Abstract: This study examines the key drivers behind the adoption of artificial intelligence
(AI) in the accounting profession, emphasizing the influence of Al-related knowledge,
personality traits, and professional roles. By applying Decision Tree Regression analysis to
survey data from accounting professionals, our research identifies Al knowledge as the
strongest determinant of Al adoption, underscoring the importance of expertise in technol-
ogy acceptance. While personality traits play a secondary role, extraversion and openness
emerge as significant factors influencing adoption intentions. The study further explores
Al applications in financial auditing, tax compliance, and fraud detection, clarifying the
specific accounting domains impacted by Al integration. These findings offer valuable
guidance for policymakers, educators, and business leaders aiming to equip the accounting
workforce with the necessary skills and mindset to navigate the Al-driven transformation
of the profession.

Keywords: artificial intelligence adoption; personality traits; accounting profession; decision
tree regression; technology readiness

1. Introduction

Artificial intelligence (Al) has emerged as a transformative force in accounting and
auditing, revolutionizing traditional practices and fostering operational efficiency, accu-
racy, and decision making. As businesses and educational institutions adopt Al systems,
understanding the behavioral, technological, and organizational factors influencing their
adoption becomes increasingly critical [1,2]. The integration of Al into accounting work-
flows enhances automation and addresses complex tasks such as financial forecasting, fraud
detection, and auditing precision, underscoring its potential to redefine the accounting
profession [3,4].

Research into Al adoption has consistently highlighted the role of individual and
organizational readiness, emphasizing that technology awareness, skills, and governance
structures significantly impact implementation success [2,5]. For instance, the readiness of
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accounting professionals to engage with advanced systems is mediated by their awareness
of Al capabilities and their perceptions of how these systems complement their tasks [1]. In
particular, behavioral intentions, shaped by personality traits and organizational support,
have been identified as key predictors of Al usage, as evidenced by studies on technology
acceptance frameworks and personality-driven adoption models [6,7].

While previous studies have extensively examined Al adoption in accounting, they
have primarily focused on technological and organizational readiness, often overlooking
the role of individual psychological factors. However, emerging research in technology
acceptance has highlighted personality traits as significant determinants of user engage-
ment with Al systems [6]. Despite the relevance of personality traits in shaping attitudes
toward Al there is a lack of empirical studies explicitly examining their influence within the
accounting profession. Addressing this gap, the present study investigates how personality
traits, particularly those associated with the Five-Factor Model, interact with Al-related
knowledge to influence Al adoption among accounting professionals.

The role of accounting educators and auditors in Al adoption further extends the
discourse on technology acceptance. Teachers’ intentions to use Al in accounting education
are influenced by socio-psychological and anthropomorphic perspectives, which emphasize
the interaction between human traits and Al systems [8,9]. Similarly, professional auditors’
willingness to adopt blockchain technologies and forensic Al tools is mediated by their
technical knowledge, professional skepticism, and perceptions of adequacy in standards
and training [10,11]. These findings underscore the dual role of individual cognitive factors
and institutional infrastructure in facilitating Al adoption.

The organizational context also plays a pivotal role in the integration of Al into account-
ing practices. Factors such as staff perceptions, managerial support, and IT governance
frameworks are critical in shaping adoption outcomes [12,13]. Studies have shown that
organizational readiness and tailored strategies can mitigate barriers to technology adop-
tion, ensuring smooth transitions to Al-enhanced accounting systems [5]. Furthermore, the
adoption of forensic tools for detecting financial cybercrimes demonstrates how Al-enabled
systems address emerging challenges in the financial domain, offering opportunities for
enhanced compliance and fraud prevention [11].

This paper contributes to the growing body of research by examining the interplay
between Al knowledge, personality traits, and adoption intentions within the accounting
profession using Decision Tree Regression. By leveraging insights from existing studies and
integrating advanced modeling techniques, this research seeks to advance understanding
of the factors driving Al usage in accounting and auditing. Furthermore, it offers practical
implications for educators, policymakers, and accounting professionals seeking to optimize
Al integration in their practices.

2. Literature Review

Artificial intelligence (Al) is increasingly transforming organizational practices, par-
ticularly in accounting, auditing, and managerial decision making. Al-driven systems
enhance efficiency, accuracy, and strategic decision making by automating routine tasks,
improving fraud detection, and refining financial forecasting [1,2]. However, Al adoption
is not solely a technological process; it is also shaped by individual, organizational, and
behavioral factors, making it a multidimensional phenomenon requiring comprehensive
investigation [3,5].

Personality traits play a fundamental role in shaping attitudes toward technology
adoption. The Five-Factor Model of Personality, which includes agreeableness, consci-
entiousness, emotional stability, extraversion, and openness, has been widely applied to
understand technology usage behaviors [7]. Research suggests that extraversion and open-
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ness are strongly linked to curiosity, adaptability, and higher engagement with emerging
technologies, fostering positive attitudes toward Al [6]. In contrast, conscientiousness
may enhance systematic engagement with Al tools, particularly in professions requiring
high precision and accuracy, such as accounting [14]. On the other hand, high levels of
neuroticism may contribute to resistance or anxiety toward Al adoption due to concerns
over job security and perceived complexity [10].

Al-related knowledge and technology readiness are crucial determinants of adoption
intentions. Technology readiness, defined as the extent to which individuals feel prepared
to engage with new technologies, encompasses factors such as Al awareness, perceived
usefulness, and ease of use [1,4]. Studies indicate that professionals with higher Al-related
knowledge are more likely to adopt Al-driven tools, as they perceive these technologies
as beneficial rather than disruptive [3,13]. Furthermore, perceptions of trust, security, and
ethical considerations influence adoption, particularly in industries where transparency
and accountability are essential [9,11].

The successful implementation of Al is heavily influenced by organizational struc-
tures, managerial support, and IT governance frameworks. Organizations that provide
structured training programs and integrate Al strategies into their workflow experience
higher adoption rates among employees [12]. Effective IT governance mitigates cyber-
security, privacy, and ethical risks, particularly in areas such as forensic accounting and
fraud detection [11]. Additionally, research highlights the role of workplace culture, staff
perceptions, and leadership in fostering a supportive environment for Al adoption [15].
Firms with strong Al governance policies ensure compliance with professional standards
while promoting confidence in Al-driven decision making [16,17].

Al is reshaping accounting and auditing practices by automating processes, enhancing
accuracy, and improving fraud detection mechanisms. Al applications such as machine
learning, natural language processing, and predictive analytics are increasingly used in
financial reporting, tax compliance, and forensic auditing [8,14]. Studies demonstrate that
Al-powered decision support systems can optimize resource allocation and risk assessment
strategies, making them valuable tools for accountants and auditors [18-20]. Moreover,
forensic Al tools play a pivotal role in detecting financial fraud, ensuring regulatory
compliance, and reinforcing financial security measures [16,21].

The integration of Al in accounting education is another critical area of research. Al-
driven learning systems provide personalized feedback, enhance instructional effectiveness,
and improve decision-making skills in accounting students [8,14]. Adaptive learning
technologies facilitate real-time assessment and offer customized learning experiences,
which are essential for developing Al literacy among future professionals. Research also
highlights how accounting educators” perceptions of Al influence their willingness to
incorporate Al-based teaching tools into curricula, underscoring the importance of faculty
training and institutional support [10,11].

Based on the literature, this study explores the interplay between AI knowledge,
personality traits, and adoption intentions in the accounting profession. The proposed
conceptual framework suggests that Al-related knowledge serves as the strongest predictor
of Al adoption, while personality traits (particularly extraversion, openness, and consci-
entiousness) play a moderating role. The organizational context, including managerial
support and governance structures, further influences adoption decisions.

This study contributes to the growing body of knowledge by systematically exam-
ining how individual psychological factors, technology-related expertise, and workplace
conditions shape Al adoption intentions among accounting professionals. The insights
derived from this research have practical implications for policymakers, educators, and
business leaders seeking to optimize Al integration strategies in accounting and auditing.
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3. Materials and Methods
3.1. Participants

An electronic questionnaire was distributed through Romanian professional networks
and accountant groups between June and July 2024. This convenience sampling approach
was chosen for its practicality in reaching a specific professional demographic within
Romania. The final sample consisted of 558 participants, with a predominantly female
representation: 429 women (76.9%) and 129 men (23.1%).

Participants reported diverse professional roles. The majority, 334 individuals (59.9%),
identified as accountants or economists employed within companies. Additionally,
46 auditors (8.2%), 100 accountants or economists working in accounting firms (17.9%),
and 61 self-employed certified accountants (10.9%) were included. A smaller group of
17 respondents (3.0%) reported holding multiple roles, such as combining self-employment
with auditing or managerial responsibilities.

Regarding professional responsibilities, 338 participants (60.6%) described their roles
as operational, 92 (16.5%) identified as self-employed, and 102 (18.3%) reported man-
agerial responsibilities. A subset of 12 respondents (2.2%) indicated that they combined
self-employment with supervisory responsibilities, highlighting the presence of mixed
professional roles.

The age of participants ranged from 18 to 75 years, with a mean age of 36.06 years
(SD =12.15). Professional experience varied from zero to 50 years, with an average of
9.94 years (SD = 10.00). These demographic characteristics provide a comprehensive
overview of the Romanian accounting profession, capturing diversity in professional roles,
experience levels, and responsibilities.

3.2. Instruments

To assess the variables in this study, we employed validated and widely recognized
measurement scales, ensuring a comprehensive and reliable assessment of personality
traits, Al knowledge, and Al adoption intention. Each construct was measured using a
5-point Likert scale (1 = Strongly disagree to 5 = Strongly agree), providing participants
with a structured and consistent response format.

Personality traits were assessed using the International Personality Item Pool (IPIP)
scales, a well-established instrument widely used in psychology and behavioral sciences.
The IPIP scales have been extensively validated across various populations and research
contexts, demonstrating strong construct validity, convergent reliability, and internal consis-
tency. The five personality traits assessed were agreeableness, conscientiousness, emotional
stability, extraversion, and openness.

Agreeableness (M = 4.33, SD = 0.58) measures cooperation and compassion, with
a sample item such as “I am sympathetic to others’ needs.” Conscientiousness (M =
4.01, SD = 0.65) reflects diligence, organization, and attention to detail, exemplified by
the item “I pay attention to details.” Emotional stability (M = 3.37, SD = 0.82) captures
resilience and stress management, assessed through items like “I remain calm under
pressure.” Extraversion (M = 3.60, SD = 0.66) evaluates sociability and assertiveness, with
a sample statement such as “I enjoy being the center of attention.” Lastly, openness (M
= 3.84, SD = 0.62) reflects intellectual curiosity and willingness to explore new ideas, as
measured by items like “I have a vivid imagination.” Each subscale exhibited strong
internal consistency, with Cronbach’s alpha values ranging from 0.75 to 0.87, confirming
their reliability in measuring individual differences in personality.

Al knowledge was measured using a custom-developed scale, designed to assess
familiarity with Al applications in managerial accounting. The scale was developed based
on prior Al adoption studies and was refined to align with the specific accounting and
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auditing domain. A sample item includes the following: “I am familiar with the basic
principles of Al applications in accounting.” The scale demonstrated good internal consis-
tency, with a Cronbach’s alpha of 0.81, indicating high reliability in assessing participants’
understanding of Al technologies.

Al adoption intention was measured using an adapted version of the Technology
Acceptance Model (TAM) scales, which have been widely applied in research on technology
adoption in professional environments. A representative item from this scale is “I plan to
use Al tools for decision-making in my accounting practices.” The scale exhibited strong
internal consistency, with a Cronbach’s alpha of 0.85, confirming its reliability in predicting
behavioral intention toward Al adoption.

By utilizing well-validated instruments and ensuring strong psychometric properties,
this study guarantees a robust measurement framework, enhancing the credibility and
generalizability of the findings.

3.3. Procedure

The procedure for this study involved administering an electronic questionnaire
distributed through Romanian professional networks and accountant groups between
June and July 2024. The questionnaire collected demographic information and assessed
participants” Big Five personality traits, Al knowledge, and Al intention using reliable
scales. All responses were recorded on a 5-point Likert scale ranging from 1 (strongly
disagree) to 5 (strongly agree). This approach ensured the collection of comprehensive data
for the subsequent analyses.

To examine the relationships between variables, a Decision Tree Regression model was
utilized. This machine learning technique is well suited for identifying nonlinear patterns
and interactions among predictors.

To examine the relationships between variables, a Decision Tree Regression model
was utilized. This machine learning technique was chosen over conventional Structural
Equation Modeling (SEM) approaches, such as covariance-based SEM or Partial Least
Squares (PLS-SEM), due to its ability to capture nonlinear relationships and hierarchical
interactions among predictors. Unlike SEM, which is primarily used for testing predefined
relationships, Decision Tree Regression offers a data-driven approach that reveals decision
thresholds and interaction effects that might not be apparent in linear models. This method
is particularly valuable in identifying the conditions under which Al knowledge and
personality traits influence Al adoption, making it a suitable choice for this study. The
dependent variable (DV) was Al intention, while the independent variables (IVs) included
Al knowledge and the Big Five personality traits. The data were split into training (80%)
and test (20%) sets to construct and validate the predictive model.

The model’s performance was evaluated using several fit indices. The Mean Squared
Error (MSE) quantified the average squared differences between observed and predicted
values, while the Root Mean Squared Error (RMSE) offered a standard deviation-like mea-
sure of prediction error. The Mean Absolute Error (MAE) represented the average absolute
difference between observed and predicted values, and the Mean Absolute Percentage
Error (MAPE) expressed prediction errors as a percentage of observed values. Finally, the
R? (Coefficient of Determination) term indicated the proportion of variance in Al intention
explained by the independent variables.

The decision tree analysis produced a branching structure that identified significant
predictors and their thresholds for splitting the data into distinct groups. Each split point
represented a critical decision threshold, revealing hierarchical and interaction effects
among variables. The tree’s branches highlighted the conditional relationships and the
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sequential importance of predictors in influencing Al intention, offering valuable insights
into the dynamics of personality traits and knowledge in this context.

All statistical analyses, including Decision Tree Regression and model performance
evaluations, were conducted using JASP 0.17.3.0. This software was selected for its robust
machine learning capabilities and user-friendly interface, ensuring accurate implementation
of predictive modeling techniques.

4. Results

The Decision Tree Regression model was applied to analyze the relationship between
Al usage intention (Al intention) as the dependent variable and the independent variables,
including Al knowledge and the five personality traits. To construct the scores for each
latent variable, we calculated composite scores by averaging the item responses for Al
knowledge and each of the Big Five personality traits. These scores were standardized to
ensure comparability across variables before being included in the regression tree analysis.
This approach allows for a consistent measurement framework, ensuring that all latent
constructs were treated uniformly in the modeling process.

The dataset consisted of 558 observations, which were divided into a training set
of 447 cases and a testing set of 111 cases. A total of 83 splits were performed by the
decision tree, reflecting the complexity of the dataset and the underlying relationships
between variables.

The performance of the model was evaluated using several metrics. The Mean Squared
Error (MSE) was 0.818, indicating the average squared difference between the observed and
predicted values. This suggests that the model demonstrated moderate predictive accuracy.
Similarly, the Root Mean Squared Error (RMSE) was 0.904, providing an interpretable
measure of prediction error in the same units as the dependent variable. The Mean Absolute
Error (MAE) or Mean Absolute Deviation (MAD) was 0.686, highlighting a relatively low
average absolute difference between predictions and actual outcomes. However, the Mean
Absolute Percentage Error (MAPE) was recorded at 794.37%, reflecting notable variability
in the dataset and areas for potential improvement in the model’s accuracy.

The R? value, representing the proportion of variance in Al intention explained by the
independent variables, was 0.176. This indicates that the model accounts for approximately
17.6% of the variance, suggesting that additional factors not included in the current analysis
may play a role in influencing Al usage intention.

Given the relatively low R? value compared to other studies on technology acceptance,
it is acknowledged that additional explanatory variables could improve the model’s pre-
dictive capacity. Demographic factors such as age and gender, which are available in the
dataset, have been widely documented as influential in technology adoption studies. How-
ever, the present analysis focused primarily on psychological and knowledge-based predic-
tors. Future research should explore the inclusion of these demographic variables to assess
their contribution to Al adoption in accounting and further refine the predictive model.

A visual representation of the dataset split confirmed the balanced allocation of
observations between the training and testing sets, with 447 cases used for training the
model and 111 reserved for validation.

To further assess the predictive capacity of the model, we compared the performance
metrics separately for the training and validation samples. The model fitting adjustments
reported, including MSE, RMSE, MAE, and R2, were first calculated for the training dataset
to evaluate in-sample predictive accuracy. Subsequently, the same performance metrics
were computed on the test dataset to assess the model’s generalization capability. A
comparative analysis of these values indicated that the predictive accuracy remained
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consistent between the training and validation samples, suggesting that the model was not
overfitted and maintained reliability in predicting Al adoption intention in new data.

Table 1 presents the feature importance scores, highlighting the contribution of each
variable to the model’s predictive accuracy.

Table 1. Feature importance.

Relative Importance

Al knowledge 51.285
Agreeability 15.658
Extraversion 9.680

Emotional stability 8.518
Openness 8.494
Conscientiousness 6.365

The results indicate that Al knowledge is the most significant predictor, with a relative
importance score of 51.285, far surpassing the contributions of the personality traits. This
finding underscores the pivotal role of familiarity and understanding of Al technologies in
shaping individuals” intentions to adopt Al tools in the managerial accounting profession.

Among the personality traits, agreeableness was the most influential, with a relative
importance score of 15.658, suggesting that interpersonal tendencies and cooperation may
play a notable role in Al adoption. Extraversion (9.680) followed as the second most
impactful trait, aligning with previous evidence that social and assertive individuals are
more likely to embrace technological innovations.

The remaining traits—emotional stability (8.518), openness (8.494), and conscientious-
ness (6.365)—demonstrated relatively lower importance. While they contribute to the
model, their impact is modest compared to Al knowledge and agreeableness. These re-
sults indicate that while personality traits influence Al usage intention, their effects are
secondary to the knowledge variable.

The Decision Tree Regression model identified key splits that contributed to predicting
Al usage intention (Al_intention) based on the independent variables (Table 2). These splits
highlight the hierarchical importance of variables and their interaction with one another in
refining predictions.

Table 2. Splits in tree.

Obs. in Split Split Point Improvement

Al knowledge 447 —0.019 0.269
Al knowledge 219 —1.244 0.066
Agreeability 57 0.206 0.149
Al knowledge 36 —2.163 0.268
Agreeability 21 0.722 0.341
Emotional stability 162 0.708 0.042
Agreeability 134 -1.171 0.060
Agreeability 113 0.378 0.073
Al knowledge 228 0.594 0.140
Extraversion 109 0.227 0.138

Note: For each level of the tree, only the split with the highest improvement in deviance is shown.

The most significant predictor throughout the decision tree was Al knowledge, which
appeared in multiple splits and consistently accounted for substantial improvements in
deviance. The first split, involving 447 observations at a split point of —0.019, resulted in
the highest improvement in deviance (0.269), confirming the dominant role of Al knowl-
edge in stratifying the dataset. Subsequent splits based on Al knowledge occurred at
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—1.244 (219 observations, 0.066 improvement), —2.163 (36 observations, 0.268 improve-
ment), and 0.594 (228 observations, 0.140 improvement). These findings underscore the
critical importance of Al knowledge in predicting Al usage intentions.

Agreeableness emerged as the second most impactful variable, appearing in several
splits that refined predictions within smaller subsets of the data. For instance, splits at
0.206 (57 observations, 0.149 improvement), 0.722 (21 observations, 0.341 improvement),
and 0.378 (113 observations, 0.073 improvement) demonstrated its nuanced contribution.
These results suggest that agreeableness adds value to the model by further segmenting
groups with varying levels of Al intention.

Other personality traits played more modest roles in the tree. A split involving emotional
stability occurred with 162 observations at a split point of 0.708, yielding a small improvement
in deviance (0.042). This indicates that while emotional stability has some predictive utility, its
influence is less significant than that of Al knowledge or agreeableness. Similarly, extraver-
sion contributed with a split at 0.227 (109 observations, 0.138 improvement), reinforcing its
secondary yet meaningful role in influencing Al adoption.

The splits reveal a clear hierarchy of predictors, with AI knowledge as the primary
driver of Al intention and agreeableness as the most influential personality trait.

Figure 1 presents a scatterplot comparing the predicted test values of Al usage inten-
tion (Al intention) generated by the Decision Tree Regression model with the observed test
values. The red diagonal line represents the ideal scenario where predicted values perfectly
match the observed values.

Predicted Test Values

Observed Test Values

Figure 1. Predictive performance plot.

The plot shows a general clustering of points around the diagonal line, indicating that
the model captures the general trends in the data. However, there is noticeable dispersion
around the line, reflecting variability in prediction accuracy.

The Decision Tree Regression model (Figure 2) highlights the predictive relationships
between Al usage intention (Al_intention) and the independent variables, including Al
knowledge and personality traits. The hierarchical structure of the tree reveals the dom-
inance of Al knowledge as the most critical factor, with subsequent splits incorporating
personality traits to refine predictions. The root node, comprising all 447 training observa-
tions, first splits based on Al_knowledge at a threshold of —0.0187, representing the most
significant improvement in deviance. This initial split divides the data into two subsets:
observations with Al knowledge below the threshold (219 ob-servations) and those at or
above the threshold (228 observations). This confirms that Al knowledge is the primary
driver of differences in Al intention.
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Figure 2. Decision tree plot.

In the left subtree, where AI_knowledge is less than —0.0187, a further split occurs
at —1.244, refining the distinction among participants with lower levels of Al knowledge.
Within this group, agreeableness emerges as a key variable, with splits occurring at 0.206
and 0.722, indicating its secondary importance in shaping Al usage intention for partici-
pants with limited Al knowledge. In contrast, the right subtree (AI_knowledge > —0.0187)
introduces extraversion as a critical variable, splitting at 0.227 and highlighting the role of
social tendencies in influencing adoption behavior.

Additional splits occur deeper in the tree, incorporating emotional stability and
further refinements based on agreeableness. These splits emphasize the complex role
of personality traits in shaping Al intention within specific knowledge-based subgroups.
For instance, in the left branch of the tree, emotional stability at a threshold of 0.708
introduces further granularity, while agreeableness plays a consistent role across multiple
branches, demonstrating its relevance in both high- and low-knowledge contexts. The
recursive application of these splits results in progressively smaller subsets, with each
node capturing a specific combination of traits and knowledge levels that contribute to the
prediction of Al intention.

This analysis illustrates the complex interaction between cognitive (knowledge-based)
and behavioral (trait-based) factors in predicting Al usage intention. While Al knowledge
dominates as the primary predictor, personality traits such as agreeableness, extraversion,
and emotional stability refine the model’s predictions, emphasizing the multifaceted nature
of decision making in the context of Al adoption in the managerial accounting profession.

To further clarify the implications of the Decision Tree Regression analysis, the re-
sults emphasize that Al knowledge consistently emerges as the strongest predictor of Al
adoption intention. The decision tree’s structure confirms that higher Al knowledge levels
significantly increase the likelihood of Al adoption, reinforcing prior studies highlighting
the role of technical competence in shaping technology acceptance decisions [21-26].

A particularly noteworthy insight is the role of agreeableness and extraversion as
secondary yet meaningful predictors. The results indicate that individuals with higher
agreeableness scores—who prioritize collaboration and interpersonal harmony—tend to
exhibit stronger Al adoption intentions, especially when Al knowledge is moderate to
high. This pattern aligns with research suggesting that socially adaptive individuals are
more receptive to collaborative technological innovations [27-29]. Similarly, extraversion is
associated with greater Al adoption tendencies, suggesting that proactive, outgoing profes-
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sionals may be more open to integrating Al into their workflow due to their adaptability
to change.

Additionally, the decision tree structure revealed some splits with relatively small
sample sizes, raising concerns about stability. To ensure robustness, alternative tree struc-
tures and sensitivity analyses were conducted, confirming that Al knowledge consistently
remained the dominant predictor across multiple tree configurations, with personality
traits maintaining their secondary but significant role.

Given the low R? value (0.176), which suggests that only 17.6% of the variance in
Al adoption intention is explained by the model, we acknowledge that additional factors
should be considered in future studies. Organizational culture, industry regulations, and
Al training programs could play critical roles in influencing adoption behaviors and should
be explored further. Future research should integrate these elements to enhance predictive
power and provide a more comprehensive framework for understanding Al adoption in
managerial accounting.

5. Discussion

This study contributes to the growing body of literature on behavioral economics by
examining the interplay between Al knowledge, personality traits, and Al usage intention
in the managerial accounting profession. The findings provide valuable insights into how
cognitive and psychological factors interact in shaping decision-making processes, aligning
with existing theories of technology adoption and behavioral economics.

5.1. Relationship with the Literature

The dominant role of Al knowledge in predicting Al usage intention aligns with
prior research emphasizing the critical influence of cognitive factors in technology
adoption [26-28]. Participants with higher Al knowledge demonstrated significantly
greater intention to adopt Al tools, suggesting that technical competence and familiarity
play foundational roles in shaping attitudes toward technology. This supports the behav-
ioral economics framework, which posits that individuals” decisions are influenced by their
perceived costs and benefits, knowledge, and bounded rationality [26].

Personality traits, particularly agreeableness and extraversion, emerged as secondary
yet significant predictors. Agreeableness, reflecting individuals” tendencies toward co-
operation and social harmony, was positively associated with Al usage intention. This
finding is consistent with Calluso and Devetag [29], who found that interpersonal dynam-
ics play a critical role in shaping attitudes toward Al-assisted hiring practices. Similarly,
extraversion, characterized by assertiveness and sociability, was also positively linked to Al
adoption, suggesting that individuals with higher extraversion are more likely to embrace
new technologies due to their proactive and adaptive behaviors [30-37].

The integration of behavioral and technological factors into decision-making processes
highlights the need for frameworks that account for psychological and organizational dy-
namics. The findings align with Leitner-Hanetseder et al. [30], who emphasized the shifting
roles and tasks in Al-based accounting environments. As Al tools increasingly replace
traditional accounting functions, willingness to adopt these tools is likely influenced by
a combination of technical competence and personality-driven adaptability. This under-
scores the importance of behavioral economics in addressing how intrinsic motivations
and external pressures shape adoption behaviors [26,31].

The predictive dominance of Al knowledge reflects the critical role of domain-specific
expertise in shaping technology adoption. This corroborates findings by Wang [28] and
aligns with Rad et al. [35], who employed neural network models to predict behavior within
educational contexts. Advanced methodologies such as radial basis function networks
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and fuzzy clustering have also demonstrated efficacy in predicting behavioral outcomes in
dynamic systems, reinforcing the robustness of knowledge-based predictors [19,36].

Personality traits, particularly agreeableness and extraversion, emerged as significant
secondary predictors, highlighting the psychological dimensions of Al adoption. These
results align with Cabrera-Paniagua and Rubilar-Torrealba [23], who found that personality
traits influence adaptive decision making in intelligent systems. Similarly, the integration of
personality traits with Al technologies underscores the importance of leveraging behavioral
insights to enhance adoption outcomes [26,29,37].

The integration of fuzzy logic and clustering methods further underscores the potential
of advanced computational approaches to unravel complex behavioral patterns [38]. These
techniques, as applied by Wan and Tian [39] in stress detection and by Liu et al. [40] in edu-
cational research, demonstrate how Al-driven decision-making models can be optimized
for various domains.

Additionally, historical perspectives on accounting theory evolution [41-52] highlight
the ongoing transformation of the profession in response to emerging technologies. These
studies reinforce the necessity of integrating behavioral economics, AI competency de-
velopment, and ethical frameworks into strategic decision-making processes, ensuring
that technology adoption aligns with professional standards, organizational goals, and
workforce dynamics [26,41,45].

5.2. Practical Implications

The findings of this study have several practical implications for organizations seeking
to enhance Al adoption in accounting.

First, Al training and knowledge dissemination are essential for fostering Al readiness.
Since Al knowledge was found to be the strongest predictor of Al adoption intention, orga-
nizations should implement targeted training programs to increase employees’ familiarity
with Al applications. This aligns with Namazi and Rezaei’s [31] emphasis on competency
development in Al-based decision making.

Second, personalized training programs based on personality profiles could improve
adoption outcomes. Since agreeableness and extraversion were significant predictors of Al
adoption, training initiatives should be tailored to different personality types. For instance,
individuals high in agreeableness may respond well to collaborative learning environments,
while those scoring high in extraversion may benefit from interactive, hands-on training.

Third, ethical considerations and transparency must be prioritized in Al implementa-
tion. As suggested by Chong and Eggleton [33], Al tools should be introduced with clear
ethical guidelines and transparent decision-making frameworks to reduce resistance. The
positive association between interpersonal traits and Al adoption in this study further
suggests that organizational cultures emphasizing ethical Al use may encourage greater
acceptance [26,46].

Finally, organizations should incorporate behavioral insights into Al adoption strate-
gies, ensuring that Al tools align with employees’ cognitive and emotional tendencies.
Decision tree methodologies, as used in this study, provide an effective approach for
identifying key factors influencing adoption and optimizing Al implementation strate-
gies [41-44].

5.3. Methodological Considerations and Limitations

This study employed Decision Tree Regression to analyze predictors of Al adoption
intention. Decision trees are particularly useful for detecting nonlinear interactions and
threshold effects among variables. Unlike traditional linear models, they allow for hier-
archical interpretation of predictor importance, revealing the conditions under which Al
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knowledge and personality traits influence adoption. This methodological approach aligns
with prior studies using machine learning techniques in behavioral research [15,34].

However, the study has certain limitations. The relatively low R? value suggests that
additional factors, such as demographic variables (e.g., age, gender), could improve the
model’s predictive capacity. Future research should incorporate these variables to enhance
explanatory power. Additionally, while validated scales were used, further assessment of
construct validity (e.g., Average Variance Extracted, heterotrait-monotrait ratios) was not
conducted. Future research should integrate these psychometric evaluations to strengthen
measurement accuracy [42,43].

Another limitation concerns the generalizability of the findings. This study relied
on a convenience sample of Romanian accounting professionals, which may limit its
applicability across different cultural and professional settings. Future studies should
replicate this research with internationally diverse samples and consider cross-cultural
differences in Al adoption behavior [26,50].

Another limitation of this study is the restricted sample of professionals surveyed,
which focused primarily on accountants, auditors, and financial experts directly involved
in AI adoption within managerial accounting. However, other professionals indirectly
engaged in managerial accounting decisions, such as financial analysts, tax consultants,
corporate managers, and IT specialists involved in financial technology development,
may also play a crucial role in Al adoption and implementation. Their distinct expertise,
education levels, and perspectives on Al integration could offer additional insights into the
broader implications of Al adoption in the accounting profession.

To enhance the credibility and applicability of future research, we recommend ex-
panding the participant pool to include a more diverse range of professionals involved in
financial decision making and Al implementation. This broader approach would allow for
a more comprehensive analysis of Al readiness, adoption barriers, and the impact of inter-
disciplinary expertise on Al integration in managerial accounting and auditing practices.

Another methodological limitation is the current data collection approach, which relies
on a static dataset obtained through an electronic questionnaire distributed within a defined
timeframe. While this approach provided valuable insights into Al adoption intentions
among accounting professionals, a dynamic, continuously updated database could enhance
the depth and scalability of future research. To address this, future studies should consider
implementing a web-based platform that allows for ongoing data collection and real-time
updates from accounting and auditing professionals. Such a centralized database would
facilitate longitudinal analysis, enabling researchers to track changes in Al adoption trends
over time. Moreover, this approach would allow for the automation of statistical processing
using advanced analytical tools such as EViews, STATA, SPSS v24, Python, or R, improving
the efficiency and complexity of statistical modeling and trend forecasting.

6. Conclusions

This study provides valuable insights into the factors driving Al adoption in the
accounting profession, emphasizing the intersection of personality traits, Al knowledge,
and professional roles. The findings highlight that Al knowledge is the most significant
determinant of adoption, followed by agreeableness and extraversion as secondary pre-
dictors. These results reinforce the importance of integrating behavioral insights into Al
implementation strategies.

While offering meaningful contributions, the study has limitations that should be ac-
knowledged. The reliance on a convenience sample of Romanian accounting professionals
may constrain the generalizability of findings across different contexts. Additionally, while
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Decision Tree Regression effectively identifies patterns in Al adoption, future research
should incorporate longitudinal studies to examine how these factors evolve over time.

To build on these insights, future research should explore the role of organizational
culture and leadership in moderating the relationship between personality traits and Al
adoption. Investigating team dynamics and collaborative Al tools could yield practi-
cal implications for Al readiness in accounting. Additionally, incorporating qualitative
methodologies could provide deeper insights into professionals’ lived experiences with Al,
complementing the quantitative findings.

By addressing these aspects, future research can further advance the understanding of
Al adoption in accounting and inform strategies for a seamless transition to Al-enhanced
professional environments.
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