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Preface

This Reprint is devoted to recent advances in machine learning, with particular emphasis
on emerging methods and their application to complex real-world problems. Machine learning
has become a central pillar of contemporary applied science, enabling data-driven discovery,
prediction, and decision support across a wide range of disciplines. The rapid growth of data
availability, computational power, and algorithmic sophistication has created both new opportunities
and new methodological challenges, motivating continued research into robust, interpretable, and
application-oriented learning frameworks.

The scope of this Reprint encompasses methodological developments as well as practical
implementations of machine learning techniques. The collected articles address topics such as data
preprocessing and imputation, nonlinear and hybrid modeling, feature selection and optimization,
deep learning architectures, and explainable artificial intelligence. These methods are examined and
validated in diverse application contexts, including environmental and climate modeling, wearable
sensing and human movement analysis, clinical risk prediction, financial time series forecasting,
and intelligent manufacturing systems. Together, the contributions illustrate how machine learning
methods are adapted and extended to meet the demands of real-world data characterized by
uncertainty, heterogeneity, and dynamic behavior.

The primary aim of this Reprint is to provide a coherent overview of current research directions
that bridge methodological innovation and applied impact. Rather than focusing on a single domain,
the Reprint highlights cross-cutting themes that recur across disciplines, such as the importance of
data quality, the integration of domain knowledge into learning models, and the growing need for
transparent and interpretable predictive systems. By presenting rigorously reviewed studies that
demonstrate measurable improvements over existing approaches, the Reprint seeks to support the
transfer of advanced machine learning techniques from theory to practice.

This Reprint is intended for researchers, engineers, and practitioners working in applied
sciences who seek a consolidated perspective on contemporary machine learning research. It is
also relevant to graduate students and early career scientists looking to understand how modern
learning methods are designed, evaluated, and deployed in real-world settings. By bringing together
contributions from different fields under a shared methodological framework, the Reprint aims to
foster interdisciplinary dialogue and to encourage further innovation at the intersection of machine

learning and applied science.

Grzegorz Dudek
Guest Editor






% applied sciences ﬁw\p\py

Editorial
Advances in Machine Learning: Emerging Methods and
Real-World Applications

Grzegorz Dudek

Department of Electrical Engineering, Czestochowa University of Technology, 42-200 Czestochowa, Poland;
grzegorz.dudek@pcz.pl

1. Introduction

Machine learning has evolved into a pivotal discipline within contemporary computa-
tion, driving innovation across an expanding range of scientific, industrial, and societal
domains. Its rapid development over recent decades has enabled the creation of data-driven
solutions that address increasingly complex real-world problems. Today, machine learning
techniques underpin advances in engineering, manufacturing, finance, medicine, environ-
mental science, and numerous other fields. This progress is supported by a diverse method-
ological landscape that spans long-established models—such as linear regression, k-nearest
neighbors, decision trees, support vector machines, and classical neural networks—as well
as modern, high-capacity approaches including deep learning architectures, transformers,
and ensemble-based boosted methods.

Despite remarkable achievements, several methodological challenges remain central to
the advancement of machine learning. Identifying suitable model architectures, designing
efficient training procedures, and tuning hyperparameters continue to be demanding tasks
that significantly influence predictive accuracy and generalization. Additionally, machine
learning workflows frequently contend with large-scale, incomplete, noisy, or uncertain
data, which require robust preprocessing strategies and specialized modeling techniques.
Another enduring priority is interpretability: the ability to articulate how and why a
model arrives at its predictions is essential for ensuring transparency, trustworthiness, and
responsible deployment in high-stakes environments.

This Special Issue brings together contributions that address these challenges from
complementary perspectives. Following rigorous peer review, nine high-quality papers
were selected from twenty-five submissions. Collectively, these works encompass diverse
problem formulations, data representations, feature engineering strategies, learning al-
gorithms, and performance evaluation methodologies. They additionally highlight the
importance of measurable improvements over existing techniques and of the clear inter-
pretation of empirical results. Through this curated selection, the Special Issue seeks to
illustrate not only the breadth of machine learning applications but also the methodological
innovations that support continued progress in the field.

The research contributions collected in this Special Issue reflect the accelerating evolu-
tion of data-driven science, in which machine learning, hybrid computational modeling,
environmental monitoring, wearable systems, predictive analytics, and industrial intelli-
gence converge to address a diverse array of scientific and societal challenges. Although
the nine articles under consideration originate from distinct disciplinary backgrounds,
they share a conceptual foundation in the rigorous treatment of data irregularities, the
exploitation of nonlinear learning architectures, the infusion of domain knowledge into
computational models, and the pursuit of interpretable yet high-performing predictive
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systems. This editorial aims to integrate these contributions into a cohesive scientific nar-
rative, providing enough depth, contextualization, and analytical synthesis to serve as a
substantive reference for researchers across fields as diverse as hydrology, atmospheric
chemistry, pediatric motor development, nephrology, evolutionary computation, commodi-
ties forecasting, and production logistics.

2. Summary of the Contributions

The editorial begins by examining contributions focused on environmental modeling,
highlighting how agricultural yield prediction, rainfall reconstruction, and ozone forecast-
ing share a reliance on robust imputation and nonlinear machine learning architectures
for handling variability induced by climate dynamics and anthropogenic pressures. It
then transitions to wearable sensor analytics, where studies of gait irregularity detection
and schoolchildren’s motor competence demonstrate how pervasive sensing technolo-
gies enable novel forms of physiological and biomechanical assessment. From there, the
analysis moves to clinical machine learning for mortality prediction among hemodialysis
patients, illustrating the complexities of prognostics in multivariate biomedical domains
and the need for standardized predictive feature sets. The editorial then explores com-
putational optimization and its applications to feature selection and financial modeling,
before concluding with an examination of data-driven decision support in manufacturing
environments. Throughout, the aim is not merely to summarize each study but to clarify
how they collectively illuminate broader scientific patterns, methodological tensions, and
conceptual advancements.

2.1. Environmental and Climate-Oriented Modeling

The first cluster of articles addresses the pervasive challenge of irregular, incomplete,
or noisy environmental data. The article by Calin, Coroiu, and Muresan situates itself at
the nexus of agronomy, climate modeling, and computational data analysis by examining
machine learning-based crop yield prediction [1], with a specific focus on sunflower yield
under conditions of climatic variability. Sunflower crops grown without irrigation are
especially sensitive to fluctuations in precipitation, temperature, timing of sowing, and
the accumulated stress of extreme weather conditions. These variables seldom conform
to the structured, dense datasets favored by traditional statistical modeling; instead, agro-
nomic datasets frequently include missing entries across key meteorological variables. The
authors therefore treat missing data imputation not as a mundane preprocessing step but
as an essential methodological challenge that fundamentally shapes the performance of
downstream predictive models.

Their analysis includes a comparison among mean value imputation, similarity-based
approaches, deterministic interpolation techniques such as linear and spline interpolation,
and predictive imputation based on linear regression, Random Forest, extreme gradient
boosting, and histogram gradient boosting. Critically, the authors also examine four un-
supervised outlier removal methods to investigate how anomalous observations interact
with imputation strategies. Their experiments reveal that Random Forest-based imputa-
tion combined with One-Class SVM outlier removal delivers a substantial improvement
in predictive accuracy, raising the coefficient of determination from 0.723 to 0.938. This
finding should be interpreted within the broader global literature, which increasingly
recognizes that ensemble-based imputers capture nonlinear co-variations within environ-
mental variables more effectively than deterministic approaches [2]. The longitudinal,
seasonal, and meteorological dependencies inherent to agricultural yield formation are
particularly difficult to reconstruct through simple interpolation because such methods
implicitly assume smooth temporal progression rather than variable responses to rainfall
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anomalies, heat stress, and soil moisture dynamics. The study therefore serves as an impor-
tant demonstration of why predictive imputation must be treated as an integral component
of agronomic modeling pipelines, especially as climate change intensifies variability and
disrupts data continuity.

The second article in this cluster, authored by Saubhagya, Tilakaratne, Lakraj, and
Mammadov, extends the challenge of missing data reconstruction into the domain of
hydrology. Rainfall data are notoriously prone to missingness, often due to equipment mal-
function in extreme weather, accessibility limitations in mountainous terrain, or prolonged
periods during which manual gauge measurements cannot be performed. The Ratnapura
region of Sri Lanka, characterized by diverse topography and exposure to monsoon dy-
namics, presents an especially challenging dataset containing extended periods of missing
values at multiple stations distributed across five years.

The authors propose a hybrid imputation model integrating temporal modeling
via multilayer perceptrons with spatial interpolation via kriging. Their innovation lies
in the optimal combination of the two components, recognizing that rainfall exhibits
nonlinear temporal patterns influenced by seasonal cycles, but also spatial coherence
shaped by orographic effects and localized convective behavior. By assigning optimal
weights to chemical-based predictions and kriging-based estimates, the hybrid model
outperforms standalone approaches, including spatiotemporal kriging. This suggests that
rainfall imputation benefits from deep learning’s ability to capture high-frequency temporal
anomalies and kriging’s ability to express spatial continuity. Their contribution reflects a
broader scientific trend in hydrological modeling where hybrid models increasingly replace
monolithic statistical approaches [3]. As climate change alters rainfall distribution patterns,
such models may become essential for flood forecasting, reservoir management, and the
calibration of hydrological simulations that depend on complete rainfall datasets.

The third article in this section, by Dominguez-Garcia and Arellano-Vazquez, exam-
ines ozone concentration forecasting in Mexico City. The metropolitan valley, marked
by high population density, mountainous topography, vehicular traffic, and intense solar
radiation, presents a complex atmospheric environment where ozone formation stems
from nonlinear chemical interactions among nitrogen oxides, volatile organic compounds,
and meteorological factors. Forecasting ozone levels twenty-four hours ahead has pro-
found implications for public health because ozone exacerbates respiratory conditions and
contributes to acute and chronic health burdens [4].

The authors compare Random Forests, Support Vector Regression, and gradient
boosting, demonstrating superior performance of ensemble-based models. Their results
accord with international atmospheric modeling research, which has repeatedly shown
that gradient boosting techniques outperform linear and kernel-based models in capturing
the complex relationships underlying tropospheric ozone formation. This study also
underscores the limitations of relying exclusively on chemical transport models, which,
while physically grounded, often require substantial computational resources and extensive
tuning. The authors’ findings confirm that machine learning, when supported by high-
quality meteorological inputs, can provide accurate short-term ozone forecasts that enhance
environmental decision-making and contextualize real-time air quality alerts.

2.2. Wearable Sensing and Human Movement Analysis

The next thematic grouping concerns wearable sensor analytics and its application
to human movement, walkability, and pediatric motor development. The ability to de-
tect subtle changes in gait or walking environments using accelerometer data has ma-
jor implications for urban planning, fall prevention, rehabilitation, and physical activity
monitoring [5].
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Ng, Zhong, Nam, and Youn contribute a study on detecting irregular walking surfaces
using LSTM networks trained on data recorded from a single wearable accelerometer.
Detecting uneven surfaces is essential for understanding walkability, which influences
mobility behaviors, accessibility, and pedestrian risk. Traditional walkability surveys
rely heavily on human inspectors or subjective scoring systems, which limits their repro-
ducibility and scalability. The authors propose a classifier that processes raw accelerometer
sequences as well as stride-level features extracted from the signal. They find that models
trained on multi-stride feature sets achieve the highest area under the curve, although
raw-signal models retain advantages in capturing micro-perturbations.

This study belongs to a growing global body of research using wearable sensors to
map environmental conditions indirectly through physiological signatures [6]. The LSTM
architecture is particularly well-suited to capturing the temporal dependencies in gait
dynamics, where surface irregularities cause subtle variations in step timing, acceleration,
and impact absorption. The recent literature in movement science has shown that temporal
deep learning models outperform classical machine learning in detecting gait abnormalities,
early neurodegenerative signs, and fall-risk indicators [7]. The authors” work therefore
contributes directly to methodological advances in computational gait analysis, while also
offering practical opportunities for low-cost urban walkability monitoring.

Sulla-Torres, Calla Gamboa, Avendafio Llanque, Angulo Osorio, and Zafiiga Carnero
extend wearable analytics into pediatric evaluation by examining motor competence among
schoolchildren in Arequipa. Motor competence, encompassing walking, running, balance,
coordination, and dynamic mobility, has long been associated with physical health trajec-
tories and developmental outcomes [8]. However, traditional assessment methods often
rely on trained evaluators or laboratory-based equipment, which limits accessibility in
low-resource settings.

The authors employ smart bands to collect data on cadence, stride, heart rate, and
energy expenditure during six-minute walking and running tests administered to more
than 760 children. They apply the LMS method to generate normative percentile curves
and use a wide range of machine learning models to classify motor competence levels.
The gradient boosting model produces the highest performance, illustrating that nonlinear
relationships across physiological features are critical for accurate classification. By validat-
ing a software prototype designed to implement their classification model in educational
settings, the authors bridge the gap between research and applied practice. Their work
adds to international research emphasizing the importance of culturally and geographically
tailored motor competence assessment using affordable digital tools.

2.3. Predictive Nephrology and Clinical Risk Modeling

Hemodialysis mortality prediction forms a distinct thematic axis in this Special Issue.
The systematic review by Motofelea, Mihaescu, Olariu, Marc, Chisavu, Pop, Crintea, Jura,
Ivan, Apostol, and Schiller examines machine learning models used to predict mortality
among hemodialysis patients, offering a rigorous synthesis guided by PRISMA principles.
Hemodialysis patients exhibit 10-20 times higher mortality rates than the general pop-
ulation, due to the high burden of comorbidities, chronic inflammation, cardiovascular
deterioration, and the physiological instability inherent to dialysis sessions.

The authors identify logistic regression, Random Forest, and XGBoost as the most
frequently employed prediction models. Their meta-analysis finds that Random Forest
achieves the highest average AUC, particularly at three-year follow-up horizons, although
logistic regression frequently performs comparably despite its relative simplicity. This result
is significant because it challenges the assumption that high model complexity necessarily
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leads to superior performance in clinical prognostics. Instead, model performance depends
as much on the quality and structure of input features as it does on algorithmic complexity.

A major insight from the review is that predictor heterogeneity across studies greatly
limits model generalization. Some studies rely heavily on biochemical indicators, whereas
others emphasize comorbidity indices or dialysis-specific parameters such as ultrafiltration
volume, interdialytic weight gain, or heart rate variability. This inconsistency hinders
the development of standardized prognostic frameworks. The authors argue that future
progress requires the harmonization of predictive feature sets, longitudinal study designs,
and robust interpretability mechanisms. Their emphasis on interpretability echoes global
trends in clinical machine learning, where black-box models face increasing scrutiny and
where transparent, clinically actionable features remain essential for adoption in patient
care [9].

2.4. Other Topics: Evolutionary Optimization, Financial Modeling, and Smart Manufacturing

Zhou, Zheng, Li, Hao, Zhang, Gao, and Wang present a knowledge-guided competi-
tive co-evolutionary algorithm designed for feature selection in high-dimensional datasets.
Feature selection plays a crucial role in machine learning, particularly in domains where
interpretability, efficiency, and dimensionality reduction are essential [10]. In many applica-
tions, including biomedical modeling, industrial diagnostics, remote sensing, and financial
forecasting, the input feature space is vast, and correlations among features can significantly
influence model performance. The authors introduce a co-evolutionary mechanism that
incorporates correlation-based domain knowledge to guide the search process, enhancing
the ability of the algorithm to find meaningful and non-redundant feature subsets.

Their competitive—cooperative evolutionary architecture improves convergence speed
while maintaining diversity among solutions, addressing a classical challenge in evolution-
ary computation. Traditional multi-objective evolutionary algorithms often suffer from
premature convergence, or stagnation in local optima, especially when dealing with com-
plex feature landscapes. By integrating correlation awareness into evolutionary dominance
relationships, the authors demonstrate that feature selection becomes more efficient and
yields subsets that contribute to higher predictive quality and more interpretable down-
stream models. This approach resonates with the emerging trend of hybrid optimization
strategies in which domain-specific information is infused into evolutionary search, thereby
reducing the randomness inherent in traditional population-based algorithms and enabling
more refined exploration of the solution space [11].

Financial time series prediction represents another area where hybrid machine learn-
ing models increasingly prove advantageous. The study by Huo, Xie, and Li proposes a
deep learning-based futures price prediction system supported by a chaotic-mapping artifi-
cial bee colony algorithm. Futures markets are characterized by volatility, abrupt regime
shifts, nonlinear temporal dependencies, and sensitivity to geopolitical or macroeconomic
fluctuations. The LSTM architecture is well-suited for modeling long-term dependencies
within such time series [12], yet LSTM performance is heavily influenced by hyperparam-
eter choices that define network size, learning rates, dropout proportions, and internal
gating behavior. Hyperparameter tuning becomes particularly challenging in financial
contexts, where overfitting is common and model generalization requires careful balancing
of complexity and regularization.

The authors incorporate chaotic mapping into the artificial bee colony algorithm to
enhance search diversity and counteract premature convergence. Chaotic sequences gener-
ate quasi-random oscillations that improve the exploration of the hyperparameter space,
thereby enabling the optimization method to escape local minima. Through backtesting
on gold and natural gas futures, the authors demonstrate that the chaotic bee colony-
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enhanced LSTM exhibits superior performance across error metrics compared to models
optimized through conventional heuristic methods. This result reflects a broader shift in
computational finance toward hybrid architectures that marry recurrent neural networks
with swarm intelligence or evolutionary tuning. Recent research indicates that financial
forecasting benefits greatly from models capable of capturing nonlinear patterns while
maintaining adaptability in unstable markets [13]. The hybrid system proposed in this
study illustrates how computational intelligence can complement deep learning to address
the intrinsic unpredictability of financial data.

In the domain of industrial analytics, Caglayan and Aksoy investigate the use of
machine learning to support the selection of material feeding systems in modern manufac-
turing. Material feeding strategies determine how components are delivered to assembly
lines and directly influence cost efficiency, production stability, lead time, and material
handling overhead. Conventional selection methods typically rely on engineering heuris-
tics, rule-of-thumb guidelines, or expert judgment. These approaches become increasingly
inadequate as modern manufacturing systems grow more dynamic, with greater variation
in product types, material dimensions, demand profiles, and process constraints.

The authors construct a large dataset of more than two thousand materials, each repre-
sented by attributes such as usage frequency, storage constraints, handling characteristics,
and consumption rates. They train several classification models, ultimately demonstrating
the superior performance of artificial neural networks for predicting optimal feeding strate-
gies. A particularly noteworthy aspect of their work is the use of Shapley value analysis,
which provides a transparent explanation of feature contributions to the model’s decisions.
This step is crucial in industrial contexts, where interpretability not only increases trust but
also enables practitioners to integrate model recommendations into existing engineering
workflows. Their system shows how machine learning can enhance the adaptability and
intelligence of production systems, aligning with global Industry 4.0 trends [14] toward
data-driven automation, resource optimization, and real-time decision-making.

3. Cross-Domain Themes and Conceptual Integration

The diverse contributions summarized above exhibit several overarching scientific
themes. One prominent theme is the centrality of high-quality data preprocessing. Whether
reconstructing missing agricultural records, rainfall gaps, or inconsistent hemodialysis
datasets, many of the studies emphasize that the quality of the input data often determines
the attainable predictive performance more than model architecture alone. This observation
aligns with the growing movement toward data-centric approaches in machine learning,
which argue that computational models reach their full potential only when the structure,
continuity, and resolution of input data are sufficiently refined [15].

Another theme concerns the growing reliance on hybrid approaches [16]. Hydrological
modeling in the Special Issue combines neural networks with geostatistics; futures forecast-
ing merges LSTM networks with swarm intelligence; feature selection fuses evolutionary
search with correlation-based knowledge; and wearable analytics blends handcrafted fea-
tures with deep recurrent architectures. These hybrid models illustrate the advantages
of synthesizing domain knowledge with algorithmic flexibility. Rather than choosing
between physically grounded models and data-driven models, the articles demonstrate
how the combination of both can outperform either approach alone. This reflects a broader
epistemological shift in applied sciences, where hybridization increasingly becomes the
default expectation rather than a methodological exception.

Interpretability constitutes a third cross-domain theme [17]. Several articles explicitly
incorporate interpretability mechanisms, such as Shapley values, or emphasize the need
for transparent feature selection and clinically meaningful predictors. This focus reflects
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growing recognition that black-box outputs cannot be adopted uncritically in medical,
industrial, or policy-relevant applications. Interpretability enables expert validation, fosters
trust, and supports ethical decision-making. In manufacturing and clinical settings, where
practitioners must justify model recommendations, explainable Al is no longer optional
but fundamental.

4. Conclusions

This Special Issue highlights significant advances in data-driven modeling across
environmental sciences, human health, financial analytics, and industrial decision support.
The nine articles collectively demonstrate that the integration of machine learning, hybrid
optimization, and wearable sensing is reshaping predictive science. As these fields continue
converging, interdisciplinary collaboration and methodological transparency will remain
essential to sustaining scientific progress.

Funding: This research received no external funding.
Conflicts of Interest: The author declares no conflicts of interest.
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Featured Application: The application of this research in agriculture is related to the rapid
progression of climate change, which has drastic effects on crops. We can build an accurate and
robust model that can help identify the optimum planting day to maximise the crop yield, based
on the weather forecast and meteorological conditions of the region. This can support farmers in
their agricultural activity planning and help minimise the impact of weather anomalies.

Abstract: Machine learning is often used to predict crop yield based on the sowing date and weather
parameters in non-irrigated crops. In the context of climate change, regression algorithms can help
identify correlations and plan agricultural activities to maximise production. In the case of sunflower
crops, we identified datasets that are not very large and have many missing values, generating a low-
performance regression model. In this paper, our aim is to study and compare several approaches for
missing-value imputation in order to improve our regression model. In our experiments, we compare
nine imputation methods, using mean values, similar values, interpolation (linear, spline, pad), and
prediction (linear regression, random forest, extreme gradient boosting regressor, and histogram
gradient boosting regression). We also employ four unsupervised outlier removal algorithms and
their influence on the regression model: isolation forest, minimum covariance determinant, local
outlier factor and OneClass-SVM. After preprocessing, the obtained datasets are used to build
regression models using the extreme gradient boosting regressor and histogram gradient boosting
regression, and their performance is compared. The evaluation of the models shows an increased R?
from 0.723 when removing instances with missing data, to 0.938 for imputation using Random Forest
prediction and OneClass-SVM-based outlier removal.

Keywords: imputation; crop yield; regression; prediction; outlier detection; climate change;
sowing date

1. Introduction

In the context of climate change, experts project major anomalies in precipitation rates
and spread, and an increase in average soil temperature, which will affect food crops [1].
There is a focus on developing agro-meteorological decision systems to mitigate these
problems and ensure food production is sustained for sensible crops [2,3] and continued
for those found to be more resilient to changes [4].

Applied artificial intelligence and machine learning models demonstrate successful ap-
proaches to solving the current agricultural challenges. They can automate agricultural pro-
cesses, build prediction models from phenology information and crop interventions [5,6],
detect diseases early on, identify factors to maximise production with minimal investment,
assess the impact of climate change [7], and forecast crop and meteorological trends [8].
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The problem of optimising the planting window (which is very extensive, up to 60 or
even 90 days) has been approached by researchers, considering factors such as climate or
soil composition, hybrid type, and region [9,10]. For example, a case study on Romanian
crops in 2019-2021 revealed that a delay of 15 days on the sowing day resulted in a decrease
in yield, with 45-51% for several hybrids as presented by [11].

Our main research objective is to optimise sunflower crop production by modelling
a yield prediction based on the planting or sowing day, given a weather forecast for a
specific region. We use information about crops, planting day, crop type, location, and
yield, combined with meteorological parameters (precipitation, temperature) to build a
regression model that can accurately predict yield.

However, one problem encountered in this type of data is missing information. In our
case, 80% of the data do not have information on the planting day. This feature is relevant
for our objective to identify the correlation between planting day and yield, considering a
given meteorological context. Thus, in this paper, we have explored different approaches
for data preprocessing that can be used to build reliable prediction models. We compare
the performance of several methods to fill in the missing data: mean values, interpolation,
prediction (using several machine learning algorithms), removal, and similar fill.

Another important aspect of the data collected in a non-controlled environment is
that it is error prone. In this regard, the selection and elimination of outliers can help
improve the model. For this reason, we applied several unsupervised outlier removal
algorithms and measured how they impact the performance of the supervised machine
learning models built for the prediction of sunflower crop yield estimation, based on crop
information (including sowing date) and meteorological data.

The main novel contributions of this paper consist of demonstrating the feasibility
of using combined preprocessing techniques to build a robust model based on a small
dataset with 80% of the instances having missing data, by increasing model performance
from 0.723 to 0.938 (for the coefficient of correlation). This model can be used to simulate
crop yield values based on sowing dates and meteorological forecast, thus helping farmers
select the best planting window to maximise production.

In Section 2, we present a literature review. Section 3 details the methods used, from
data collection, cleaning, preprocessing, to train and test the model. In Section 4, we
present the results obtained, followed by Section 5 for discussion, and then Section 6 with
conclusions.

2. Background

There is an active interest among researchers in using machine learning to find solu-
tions to problems in the agricultural domain. One major advantage of using regression
algorithms, as opposed to pure classical statistical mathematical approaches, is the fact
that they allow the exploration of a combination of factors, instead of a single independent
variable [5,12]. Moreover, data preprocessing and augmentation techniques, such as value
imputation or outlier detection, can help build more robust and complex models [13]. In this
section, we analyse the state-of-the-art techniques related to the yield prediction of crops,
with special emphasis on building models based on the sowing date and meteorological
input, and a focus on preprocessing techniques.

For the purpose of evaluating the risk of climate change for sunflower sowing dates,
Aparecido et al. used artificial neural networks to build a tool for agricultural zoning
climate risk in Brazil [14]. Climate data (air temperature, rainfall, relative air humidity,
solar radiation, and wind velocity) were selected and used to model the sowing of sunflower
on different dates. The model identified the largest viable areas for spring and summer
planting according to the required conditions (58.13% and 64.36% of the suitable areas,
respectively). They also obtained a correlation coefficient of 0.9936, 0.7472 and 0.8170 for
air temperature (T), rainfall (P), and cycle soil water deficit (DEF), respectively. This result
is based on the input characteristics and does not include historical planting dates in the
model.
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A summary of the most relevant related work in the prediction of yield based on
crop and phenology data, such as planting day and meteorological data, is presented in
Table 1. We note that the most utilised methodologies involve regression, forecasting or
crop production, while one study employed the classification of sowing dates into early,
mid or late. Regarding the metrics used specifically for regression, we note that the most
utilised are R? (coefficient of determination), MAE (mean absolute error), and MAPE
(mean absolute percentage error). The most explored crops are maize, soybean, wheat, and
corn crops, which present a generous amount of data (n = 10 — 25k) around the world,
with results up to 0.94 for R? [5] and an MAPE of 7.6% [15].

Table 1. Related work for yield prediction using the planting date and weather information.

Paper Crop Prediction Model Dataset and Size Metrics and Results
R? = 0.55 for soybean in Brazil,
[16] soybean, maize Recurrent neural network 1500 cities in Brazil and USA R2 = 0.75 for soybean in US and
R? = 0.71 for maize in US
Forecast: 35 days before harvest
Random forest, multiple L. . r = 0.85, MAPE = 17.6%;
[17] wheat linear regression 29 study sites in Australia 60 days before harvest r = 0.62,
MAPE = 27.1%.
Accuracy for classifying into
- 53 years data from Sanliurfa city, early, mid and late sowing dates:
[18] wheat Decision trees, k-NN, SVM 19652017 K-NN = 0.921; decision
tree = 0.862; SVM = 0.470
Maize (n = 17,013) and soybean MAE = 4.7, R = 0.94 for
[5] maize, soybean XGBT (n =24,848), 28 US states, maize, and MAE = 6.4,
2014-2018 (USDA) R? = 0.92 for soybean
. . R?% = 71.9 for LASSO,
[19] corn Linear regression, LASSO, Corn Belt US States (n = 10,016), R29% — 725 for Average,

random forest, XGBT

1984-2018 (USDA and APSIM)

R2% = 66.5 for random forest

Due to the lack of sufficient data on plant phenology on a large scale, there is limited
research on the impact of the sowing date on the production of specific crops, such as
sunflower. With limited and/or incomplete data available, the perspectives are much
reduced. In an attempt to supplement this data scarcity, one approach aimed to use satellite
image processing, such as Sentinel-1 SAR [20]. The work managed to approximate the
sowing date with up to 85% accuracy [21]. In this case, the limitations are posed by visibility
issues due to meteorological conditions.

Our approach in this study is to make the most of limited or incomplete data by
applying and comparing preprocessing imputation techniques to fill in the blanks of non-
available data, in order to create robust prediction models. The research literature of this
area contains some comparative studies and imputation methods with great potential on
various types of data, such as statistical, mean values, hot deck (similar values), regression
(decision trees, random forest), k-NN, and clustering, applied on datasets with various
missing rates (below 30%, 30 to 50%, and above 50%) [13]. The performance of these
methods depends on the dataset type, size, and the randomness and rate of missing
data [22].

The literature reveals various techniques for missing data, as an important step before
data analysis, especially when there is a large amount of gaps in the dataset [23]. This can
arise from human error, at the collection phase, drop-out in studies or merging unrelated
datasets into one, as is in our case (the crop data were separated into one phenology
dataset and one yield dataset). One approach often found in the literature is the deletion
of instances with missing data; however, this can lead to biased, misinformed analysis, or
errors in the regression model [24].
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Computerised imputation (completion of missing values with potential or estimated
ones) is an alternative to statistical or manual imputation methods when large amounts of
data are involved, and can involve using mean values, regression (support vector machine,
decision tree, random forest), ensemble based, k-NN, multiple imputation or similar values
(hot-deck imputation) [13,22,23].

Furthermore, when data collection is not performed in a controlled environment,
anomalies and outliers are often present. This poses a new challenge in building robust
regression models, as each data point can greatly influence the result [25]. In this context,
a study compared nine representative outlier detection (OD) models applied on eight
regression datasets, to evaluate their performance [26]. The supervised regression models
used to validate the unsupervised OD model performance are Ridge and Huber regression,
and multi-layer perceptron regressor, with the evaluation metric being the MAE. The
results showed that the minimum covariance determinant and isolation forests algorithms
perform best, while principal components analysis, histogram-based outlier detection and
local outlier factor are to be considered second, especially as they are faster computationally.
A similar comparison was performed by Belhaouari et al. [25], showing a proposed box plot
adjustment using the D-k-NN method performing well in terms of MAE and computational
efficiency, together with local outlier factor and minimum covariance determinant.

3. Materials and Methods
3.1. Data Collection and Aggregation

The data used in this research consist of historical yield and sowing information about
sunflower crops in several US states (see Figure 1) and the corresponding meteorological
parameters (temperature, precipitation) for each year and state in the dataset.

S0°M S0°N

40°N

30°N

110w S0*W

Figure 1. The map highlights in yellow the states contained in the dataset.

Crop data have been extracted from the US National Agricultural Statistics Service [27],
and contain information on 10 states from 1950 to 2021 (with missing years), including
the sunflower yield obtained for different types of non-irrigated crops (oil-type, non-oil-
type, and total). We have selected all available data for the sunflower crop yield (as
commodity), selecting the yield category, and all data items available which are measured
in Ib/acre, on the state geographical level, for all states and years. From the same source,
we also identified and extracted, selecting the category progress, information on plant
phenology, selecting the data item referring to the progress measured in percentage planted.
This information was only available for 312 instances of the 1088 entries extracted in the
first phase representing yield. These phenology data contained information regarding

12



Appl. Sci. 2023, 13, 7415

the planting date, in the form of the percentage of the planted area for that state by each
week of the year. The cumulative percentages ran for a window of several weeks, up
to 2-3 months, for which reason we decided to compute a new feature, representing an
average planting week of the year, later translated into day of the year denoted with D
in the equation and named AV GWeek as an attribute in the dataset (with 1 January being
the first day of the year). This feature was calculated as a weighted average based on
the weekly non-cumulative percentage. Let d; be the planting day and w; the cumulative
weekly percentage planted to day d;, initialising wy = 0 we obtain Equation (1):

p=1 fdi(wi —wi_1) (1)

ni3

Meteorological data was obtained from the Daymet Online source [28] containing
information complementing the existing entries in the sunflower crop dataset. The daily
weather data from this source is reasonably accurate when computing monthly averages.
It is provided by Oak Ridge National Laboratory and supported by NASA, and has been
used by other studies for this purpose [5]. The Daymet Python API was used to download
the data (with the support of the daymetpy Python library version 1.0.0 developed by
Koen Hufkens and Colin Talbert, under the GNU Affero General Public License v3). Based
on geolocation coordinates, for each state and year pair, we extracted the fields: daily
precipitation, maximum temperature, and minimum temperature. After extraction, the
data were aggregated into monthly averages for the temperature and cumulative monthly
precipitation. The 12 months of weather information for each year was merged with the
crop yield entries. The available meteorological data were from 1980 to 2021, resulting
in the removal of the crop data from 1950 to 1979 from the initial dataset, as these were
irrelevant to our research aim which focuses on more recent climate and crop information.

The 41 resulting features are the following: year (1980 to 2021), state ANSI (10 US
States), crop type (oil, non-oil, all sunflower reported), yield (in Ib/ac), planting day (day
of year), and for each month x (from January—M1 to December—M12) the values for
TMax-Mx (the monthly average maximum temperature in degrees Celsius), TMin-Mx
(the monthly average minimum temperature in degrees Celsius), Prec-Mx (the cumulative
monthly precipitations in mm).

3.2. Data Preprocessing

After data cleaning and non-valid data removal, our data comprises 984 instances
and 41 features, of which only 312 are complete, and the other 796 (representing 80.89%
of the total instances) are missing information on the AVGWeek feature or planting day.
To handle the missing values, we experimented with several approaches and analysed the
impact. Furthermore, we identified outliers and trained the models both with and without
them. The entire process is described in the conceptual study process in Figure 2.

The approach, however, has its own limitations due to the particularities of the dataset.
Data were collected by third parties for other purposes. We have limited information on the
collection process and methodology or the validity of the information provided and how it
was ensured. Missing data and errors in the values collected are challenges that we aim to
address by using preprocessing techniques, to some extent, as described in the following.
However, some issues cannot be fully addressed and the final model will be somewhat
influenced by data inconsistencies. For example, the weekly percentage of land planted is
a very general description and does not address particular cases such as replanting of an
area because previous sowing failed a few weeks before (for example, affected by frost).
Such an issue would change the average planting day feature and therefore influence the
model. All these issues could be exacerbated by human error, at the collection phase, or
lack of validation of the data.

The models were implemented using the scikit-learn 1.1.2 Python package. The
average execution time for building and evaluating the model was approximately between
20 and 40 min for each of the algorithms and combination of the preprocessing techniques,
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on a computer with an Intel(R) Core(TM) i7-10510U CPU@1.80 GHz-2.30 GHz processor
and 16.0 GB RAM.

DATA

¢ Year
¢ max temperature (monthly average)

* Yield
« State

¢ min temperature (monthly average)

¢ precipitations (monthly cumulative)

<>

Remove instances with missing planting day

¢ Planting Day

PREPROCESSING

Mean value
Forward fill (similar values)
Prediction (LR, XGBT, HGBR, RF)

Interpolation (linear, pad, spline)

Outliers removal using unsupervised algorithms: IF, EE (MCD), LOF, OC - SVM
TRAIN & TEST NS

Train regression models: XGBT, HGBR

Validation and performance: 10-fold cross validation, MAE, R?

Figure 2. Conceptual framework of the experimental study.

3.2.1. Handling Missing Values for the Planting Day

For the purpose of handling the approximately 80% of missing planting day data
(14.3% of the initial crop data), we experimented with several approaches for random
missing data, as described below. Considering very few studies handle large data missing
rates, and the literature reveals that results depend on the dataset characteristics, pattern of
missing data and data size, we used a variety of methods selected based on our literature
review (Section 2). We chose five different approaches, and up to three different methods
for each (where possible) that have been used with similar datasets for univariate imputa-
tion [13]. In Figures 3 and 4 we visualise the value distribution graph for the planting day
feature after using each method.

The first method involves the removal of incomplete instances from the dataset. While
this is one of the most common approaches with incomplete data, it results in our case
with the loss of 80% of our dataset, with very few remaining instances to train the models.
Since the sowing day is central to our experiments in predicting the crop yield, we also
considered other approaches.

The second approach is to fill the null values with adjacent ones. For this method,
the forward fill (f fill) Pandas DataFrame algorithm was used. Given that the data was
sorted by state, the missing values were completed with similar values of planting day
for the same state, by duplicating the last existing value for that state. This method is also
called hot-deck imputation. Although the values would closely correspond to real planting
days for that state, given its specific climate context, the risk is that we might introduce
inconsistencies corresponding with the meteorological data and yearly variations occurring
that interfere with the planting day.
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The third approach is to complete with mean values. For this method, we complete
all missing values with the overall mean value of the planting day from the dataset. This
method is commonly applied as it has the advantage of not introducing statistical changes.
However, a great disadvantage is that it cannot simulate seasonality or trends.
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Figure 3. Planting day values after preprocessing.
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Figure 4. Planting day after preprocessing: histogram, violin plot and box plot.

For the fourth approach we use prediction to fill in the missing data. Several algorithms
have been used to generate univariate prediction models for missing values, informed by
the literature review, to perform effectively on similar data and missing data rates [13],
including (1) linear regression (LR), (2) histogram gradient boosting regressor (HGBR),
(3) extreme gradient boosting tree regressor (XGBT), and (4) random forest (RF). In our case,
this approach is expected to be better than using the mean values, provided that the models
can predict based on all other features, with more accuracy, based on a trend expected to
influence the data.
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For this purpose, we have split the dataset in two: dataset A containing the in-
stances missing the value for the planting day, and dataset B containing the complete rows.
Next, we created a prediction model using dataset B for training, based on the attributes
year, state ANSI, crop type and yield, with target planting day. In the next step, this
model was used on dataset A to predict all the missing values for the planting day.
Finally, the two datasets were joined again to be used further, together with meteoro-
logical data, to predict the yield.

The fifth method consists in the use of an interpolation method. In this approach, the
null values of the planting day have been filled using interpolation. This is a statistical
method for estimating unknown values based on several known points. The estimation
refers to points in between the known values. Here, we used linear interpolation, which
estimates a linear polynomial for curve fitting. The pad method was also used, which
fills the dataset in with existing values (similar to a hot-deck imputation method). A
third interpolation method is spline, which involves fitting the data to several low-degree
polynomials. The implementations used in this study are part of the Python Sklearn
interpolate() method, with each of the three options.

3.2.2. Handling Outliers

The purpose of outlier detection (OD) is to identify and separate outliers in a sam-
ple (anomalies from usual data) from normal data (also called inliers). This is usually
an unsupervised problem, as there is not enough knowledge about the data patterns.
The general scope of OD algorithms is to allow for the identification of outliers, as their
removal from the dataset can be crucial to improving model performance [26].

The crop data involved in the study contained self-reported information filled in by
the farmers in a national statistics information platform. A first analysis of the data showed
a small percentage (5-10%) of inconsistent or incomplete data (for example, the percentage
of planting per week was not filled in for all weeks). This is normal for data collected in
an uncontrolled manner. Furthermore, the missing data on planting day were completed
using various methods, generating values for 80% of the instances. This is likely to have
either introduced or exacerbated anomalies in the dataset.

Given these reasons, we analysed the impact of removing outliers from our data to
create the prediction models. In this sense, we applied and compared the unsupervised
algorithms for anomaly detection described below, chosen based on the robustness and
computation requirements for the regression tasks, as found in the literature.

Isolation forest (IF) uses isolation trees to separate each instance from the rest, and compute
the anomaly score from the expected path length E(h(x)) of each instance, with /i(x) as the
average estimation path length and c¢(n) defined based on H(i), the harmonic number.

c(n)=2H(n—1)—-2(n—1)/n (2)

s(x,n) = 2~ E(()/e(n) o

This method is very flexible, as it has been proven to work well even in high-
dimensional problems (even for a large number of irrelevant attributes), or in the case
where the training set does not contain anomalies [29]. It can be configured by the number
of trees and contamination rate (expected rate of outliers in the dataset).

Minimum covariance determinant (MCD) uses a statistical covariance distance to
compute a tolerance ellipse, defined as the set of p-dimensional points x whose Mahalanobis
distance

MD(x) = d(x,%,Cov(X)) = \/ (x — %)/Coo(X) 1 (x - %) )

describes the distance from the centre of the data cloud to x [30]. The elliptic envelope (EE)
implementation in Sklearn was used in our case, as described by [31], and requires setting
the contamination rate parameter.
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The Local outlier factor (LOF) approach defines LOF of an instance p as

Z Ird pinpis (0)
0ENMinpts(P) Trdpsinprs(p)

Ntinpts(p)

LOFpinpts(p) = ®)
the degree to which we call p an outlier, calculated as the average of the ratio of the local
reachability density of p (that is, the average reachability distance based on the MinPts-
nearest neighbours of p) and those of p’s MinPts-nearest neighbours. The reachability
distance of object p with respect to object o is calculated as the distance between an object
and the k-neighbourhood of p:

reachdisty(p,0) = max{kdistance(o),d(p,0)} (6)

OneClass-SVM (OC-SVM) is a kernel-based algorithm focused on estimating the
density function of the input data (K) in order to define a binary function that decides if a
point is an outlier or inlier based on an anomaly detection sensitivity [32]. In short, this
involves solving a dual optimisation problem, defined formally as:

1 ¥ 1
B{Ié}zr}{EMK“}S't'{a 1=1,0<a< m} (7)
where K is a Gaussian kernel function, vy is the kernel scale, and v € (0,1] measures
the anomaly detection sensitivity [26]. The v hyperparameter needs to be optimised,
considering a low value involves a small chance for a point to be an anomaly.

Figures 5 and 6 show the model variation for each outlier removal method with
contamination rates from ¢ = 0.05 to ¢ = 0.5, when using the prediction with RF as the
imputation method, and the XBGT model, HGBR, for evaluation. The metric used for
evaluation is R?. The number of instances remaining in the dataset for each contamination
rate applied, further used in model training, is presented in Table 2. The research problem
in this case is to identify the smallest contamination rate to avoid model overfitting while
obtaining the best model performance.

Looking at Figure 5 for the XGBT model, we notice that IF increases the performance
constantly as the contamination rate increases, suggesting an overfitting trend, and a
specialisation of the algorithms to select outliers to specialise the model. EE produces a
similar variation, with the exception of a local maximum for ¢ = 0.1, suggesting that this is
a good choice of the anomaly rate. On the other hand, LOF presents a local maximum for
¢ = 0.2, and then performance decreases for higher contamination rates, meaning higher
contamination rates will lead to a loss of relevant information for the model. OC-SVM is
similar with LOF, with the exception that the local maximum is at ¢ = 0.3. Figure 6 presents
very similar patterns for the HGBR model to those expressed in Figure 5.

For each of the algorithms presented above, we used the Python Sklearn implemen-
tations: IF, LOF, EE (for MCD) and OC-SVM. Considering the experiments with different
contamination rates and their impact on the model, the proposed candidates for the best
results were 0.1, 0.2 and 0.3. Considering the literature recommendations for the contamina-
tion rate to avoid model overfitting and the limited data available in our case, we decided
on the value ¢ = 0.1 for our future experiments. For larger datasets of this type, a better
choice could be c = 0.2, provided it was collected similarly in an uncontrolled environment
without specific validation.

Table 2. Number of instances remaining in the dataset corresponding to each contamination rate applied.

Contamination 0.05 0.1 0.2 0.3 0.4 0.5
n 934 885 787 689 590 492

18



Appl. Sci. 2023, 13, 7415

0.965

0.96

0955

0.95 0
0945 u X
0.94

0935 e @
093 et

0525
0 0.1 0.2 03 0.4 0.3 0.6

<0

O==LOF 0O 5vM-0C IF EE

Figure 5. Variation for imputation prediction with RF, for each contamination rate used (X axis) and
evaluation model XGBT (R2 results on the Y axis).
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Figure 6. Variation for imputation prediction with REF, for each contamination rate used (X axis) and
evaluation model HGBR (R? results on the Y axis).

3.3. Training and Testing

After data preprocessing, involving each of the 10 different approaches for handling
missing values for the planting day, the crop data were aggregated with the meteorological
data, resulting in 41 features. The dataset was used to train several regression models
using a selection of algorithms suitable for this purpose, as exhibited by the state-of-the-art
methods and our previous experiments on similar data [33]. The target was chosen to be
the yield value field, while all the other 40 features were used as the input.

3.3.1. Histogram Gradient Boosting Regressor

The HGBR is based on ensemble decision trees. The algorithm adds new corrective
models in a greedy stepwise manner to improve performance by reducing the square error
loss function until it is acceptable [34]. The histogram is an efficient data structure used by
the tree-building algorithm to accelerate the process.

3.3.2. Extreme Gradient Boosting Regressor

The XGBT is also a tree-based algorithm. By using a scalable end-to-end gradient
boosting tree system, it optimises resource use, introducing cache access patterns, data
compression, and block sharding [35].
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3.3.3. Hyperparameter Fine-Tuning

The hyperparameters were fine-tuned by experimenting with ranges of significant
values, while also balancing the computation time. The best results for the XBGT were
obtained using 700 estimators, a maximum depth of 10 and a learning rate of 0.01. For the
HGBR we selected a learning rate of 0.002, the maximum number of iterations to be 5000
and the Poisson loss function.

3.4. Validation Metrics

Several metrics have been used to validate and compare the models, based on literature
recommendations: the coefficient of determination R? (considered among the most reliable
metrics for regression), the MAE, and the MAE% defined below [36].

The coefficient of determination RZ measures the variation in the y observed values,
where 7 is the mean, and is calculated using the equation below [37,38]:

Y (i — )
R*=1- 2= 8
Y (vi—9)? ®

The M AE represents an average of the absolute prediction error with y; as the observed
value and 7; as the predicted value, as computed in Equation [38]:

n
MAE:1
n

Y abs(yi — i) ©)
i=1
Another metric used is the MAE% or median absolute percentage error (MdAPE)
[36], which measures MAE as a percentile from the mean of the y values, as in Equation:

AE
MAE% = # x 100 (10)

n Li=1Yi
We used repeated k-fold cross validation with k = 10, computing the mean and
standard deviation for five repeats, for each of the metrics R> and MAE.

4. Results

Table 3 shows the comparison between several metrics obtained by the selected
algorithms, when using each of the five approaches (presented in the Section 3) in deal-
ing with missing data regarding the planting date. In our case, we are dealing with
984 instances with 41 attributes, of which 80% of the instances are only missing the
planting date attribute, and was completed using imputation methods. In this table,
we also included the evaluation of the model for the case when the instances with missing
data were removed (n = 312). The mean yield value is 1093.053, meaning the MAE of
87.628 represents a percentile error of MAE% = 8.01%, and all MAE values under 100 have
a corresponding MAE% under 10%.

We notice that the R? values increase when imputation is used as opposed to removing
incomplete data instances: from 0.723 for XBGT and 0.740 for HGBR to values in the range
of 0.918-0.929 for the different imputation utilised methods. Accordingly, the MAE was
reduced from 111.645 for XGBT (remove missing) to 81.483-91.202, meaning a reduction in
MAE% from 10.2% to 7.44% in the best case. Therefore, the first important result is that the
imputation step greatly improves our model, regardless of the approach used. However, it
can still be further fine-tuned and improved.

The next step was to handle outliers in our data. Tables 4-7 show the results obtained
after using each of the four outlier removal methods. The notations used in these tables are
as explained in Table 3.
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Table 3. Comparative results of using different preprocessing imputation methods for handling
missing values, including all data in training (without removing outliers).

XGBT HGBR

Method R? MAE R? MAE
Remove missing 0.723 (0.127) 111.645 (20.084) 0.740 (0.142) 107.288 (21.944)
Similar fill 0.918 (0.024) 90.300 (10.402) 0.922 (0.023) 87.315 (10.608)
Mean values 0.915 (0.027) 91.202 (9.206) 0.919 (0.027) 87.669 (9.091)
Predict (LR) 0.920 (0.025) 88.667 (10.325) 0.922 (0.025) 86.593 (10.464)
Predict (HGBR) 0.925 (0.024) 85.395 (9.903) 0.927 (0.023) 84.427 (10.156)
Predict (XGBT) 0.926 (0.022) 84.052 (8.762) 0.928 (0.022) 83.031 (9.039)
Predict (RF) 0.929 (0.023) 82.050 (9.385) 0.929 (0.022) 81.483 (9.387)
Interpolation (L) 0.918 (0.024) 90.685 (10.332) 0.922 (0.022) 87.687 (10.339)
Interpolation (P) 0.918 (0.024) 90.300 (10.402) 0.922 (0.023) 87.315 (10.608)
Interpolation (S) 0.918 (0.024) 90.685 (10.332) 0.922 (0.022) 87.687 (10.339)

The numbers in the table represent the mean values, with the standard deviation (SD) value in parenthesis,
calculated from five repetitions of the 10-fold cross validation. For example, the R? when we remove the instances
containing missing values is 0.687 (0.119), that is: the mean value is 0.687 with SD = 0.119. Method notations:
LR—linear regression; RF—random forest; L—linear; P—pad; S—spline.

Table 4. Comparative results of using different preprocessing methods for missing values, after
removing outliers with Isolation Forest.

XGBT HGBR

Method R? MAE R? MAE
Remove missing 0.743 (0.167) 106.242 (19.641) 0.752 (0.163) 102.309 (17.622)
Similar fill 0.928 (0.019) 88.156 (10.262) 0.927 (0.024) 86.301 (10.678)
Mean values 0.928 (0.022) 85.868 (10.136) 0.930 (0.022) 83.769 (10.009)
Predict (LR) 0.930 (0.020) 85.632 (10.274) 0.930 (0.021) 85.126 (9.833)
Predict (HGBR) 0.933 (0.021) 82.086 (7.851) 0.934 (0.020) 81.156 (7.867)
Predict (XGBT) 0.937 (0.017) 81.038 (9.599 0.936 (0.018) 81.195 (9.896)
Predict (RF) 0.937 (0.018) 80.106 (9.159) 0.934 (0.019) 81.414 (8.320)
Interpolation (L) 0.927 (0.022) 88.607 (10.667) 0.930 (0.021) 86.025 (9.692)
Interpolation (P) 0.928 (0.020) 86.998 (9.626) 0.929 (0.020) 85.743 (9.561)
Interpolation (S) 0.932 (0.042) 80.357 (13.635) 0.932 (0.041) 80.123 (13.238)

Table 5. Comparative results of using different preprocessing methods for missing values, after
removing outliers with local outlier factor.

XGBT HGBR

Method R? MAE R? MAE
Remove missing 0.727 (0.130) 108.730 (17.376) 0.753 (0.118) 103.766 (16.987)
Similar fill 0.925 (0.019) 88.245 (9.865) 0.928 (0.017) 85.205 (9.155)
Mean values 0.927 (0.022) 87.068 (10.362) 0.929 (0.022) 84.388 (10.372)
Predict (LR) 0.926 (0.022) 86.516 (10.893) 0.928 (0.023) 84.766 (11.757)
Predict (HGBR) 0.930 (0.024) 84.503 (10.754) 0.931 (0.023) 84.027 (10.103)
Predict (XGBT) 0.931 (0.032) 81.576 (10.299) 0.934 (0.030) 79.629 (10.327)
Predict (RF) 0.934 (0.022) 78.954 (10.882) 0.936 (0.021) 78.223 (11.116)
Interpolation (L) 0.921 (0.018) 91.107 (9.300) 0.925 (0.018 87.509 (8.895)
Interpolation () 0.925 (0.019) 88.245 (9.865) 0.928 (0.017) 85.205 (9.155)
Interpolation (S) 0.921 (0.018) 91.107 (9.300) 0.925 (0.018) 87.509 (8.895)
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Table 6. Comparative results of using different preprocessing methods for missing values, after
removing outliers with MCD.

XGBT HGBR
Method R? MAE R? MAE
Remove missing 0.739 (0.111) 109.408 (20.823) 0.749 (0.103) 106.983 (20.386)
Similar fill 0.924 (0.023) 89.103 (9.608) 0.926 (0.021) 86.565 (9.551)
Mean values 0.925 (0.020) 90.240 (9.794) 0.929 (0.018) 86.750 (9.041)
Predict (LR) 0.927 (0.023) 87.129 (11.312) 0.927 (0.024) 85.118 (11.361)
Predict (HGBR) 0.929 (0.025) 85.901 (11.576) 0.930 (0.025) 84.633 (11.123)
Predict (XGBT) 0.930 (0.024) 83.389 (11.251) 0.931 (0.023) 83.619 (11.172)
Predict (RF) 0.935 (0.027) 78.590 (11.139) 0.935 (0.027) 78.853 (11.647)
Interpolation (L) 0.927 (0.016) 89.823 (8.578) 0.930 (0.016) 85.956 (8.972)
Interpolation (P) 0.922 (0.026) 90.298 (10.035) 0.925 (0.025) 87.253 (10.146)
Interpolation (S) 0.924 (0.021) 90.676 (10.070) 0.929 (0.020) 86.279 (10.069)

Table 7. Comparative results of using different preprocessing methods for missing values, after
removing outliers with OC-SVM.

XGBT HGBR
Method R? MAE R? MAE
Remove missing 0.750 (0.100) 105.738 (19.072) 0.766 (0.103) 101.952 (20.124)
Similar fill 0.928 (0.019) 86.783 (9.188) 0.931 (0.018) 83.636 (9.205)
Mean values 0.929 (0.020) 86.062 (9.985) 0.932 (0.019) 83.714 (9.608)
Predict (LR) 0.928 (0.019) 86.347 (9.696) 0.929 (0.019) 84.630 (9.602)
Predict (HGBR) 0.934 (0.022) 82.611 (10.374) 0.934 (0.021) 82.107 (9.662)
Predict (XGBT) 0.935 (0.020) 81.085 (10.845) 0.936 (0.019) 80.581 (9.695)
Predict (RF) 0.937 (0.017) 77.262 (8.176) 0.938 (0.017) 77.689 (7.980)
Interpolation (L) 0.925 (0.021) 88.573 (8.675) 0.927 (0.020) 85.441 (8.142)
Interpolation (P) 0.928 (0.019) 86.783 (9.188) 0.931 (0.018) 83.636 (9.205)
Interpolation (S) 0.925 (0.021) 88.573 (8.675) 0.927 (0.020) 85.441 (8.142)

We notice that the results presented in these tables show that there is improvement
for all the imputation methods and the outlier removal technique applied, with the best
value for HBGR when using RF for the imputation and OC-SVM for the removal of
outliers: R?2 = 0.938, MAE = 77.689, and MAE% = £7.06%. To assess the relevance of
the improvement, we applied the statistical {-test between the models based on all data
and each outlier model. The obtained p values for these metrics show they are statistically
significant in most cases, with values of p < 0.05 in half the cases (as detailed in Table 8).

Figures 7 and 8 present all these results for the combination of outlier method or no
outlier method removal used (meaning all data is involved in constructing the model) and
the two evaluation algorithms used thus far (XGBT and HGBR), for the metrics R? and
MAE, respectively, in the form of box plots. From these we can see that based on the median
value (in orange) and overall performance (minimum and maximum values, as well as the
interquartile range—IQR), IF is the outlier removal method with the highest improvement
on the models overall, followed by OC-SVM, for both the R? and MAE metrics. The
circles in the graph represent outlier values (at a distance greater than Q1 — 1.5 x IQR or
Q3 + 1.5 x IQR), providing the best MAE results for LOF and OC-SVM, with the overall
best performance being OC-SVM for both R? and MAE, while these prove to be the best
approaches numerically, we are inclined to interpret them as outliers resulting form the
statistical 10-fold cross-validation data split performance of five repetitions.
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Table 8. p values for each outlier removal method versus none.

IF LOF MCD 0C-SVM

XGBT R? p =378 p < 0.01 p =255 p=136
MAE p < 0.01 p < 0.01 p < 0.05 p =219

HGBR R? p =296 p =523 p < 0.01 p=9.88
MAE p < 0.01 p < 0.01 p <0.03 p =514
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Figure 7. R? box plot values obtained with preprocessing techniques. The circles represent outliers.
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Figure 8. M AE box plot values obtained with preprocessing techniques. The circles represent outliers.

5. Discussion

In terms of answering the research question regarding using imputation or not when
80% of the information for one feature is missing (considering that we have a total of
41 features as presented in Figure Al from Appendix A), the preference would be towards
the first option. Regardless of the method used for imputation, the model proved to be
more accurate in all cases. On the other hand, given that we would lose 80% of the data,
the risk is also to use other particularities in building the model.

To emphasise this, in Figure 9 we analysed the yield value histogram when removing
instances with missing planting day, compared to using all initial instances (which contain
a second peak for the histogram distribution, suggesting perhaps a separate class cluster
among the initial data, which seems to be representative, and not just outliers). From
this figure we notice the need for imputation to preserve relevant data, otherwise some
characteristics of the model are lost. When missing data instances are removed, the values
between 0 and 500 for the yield are no longer present. However, they represent relevant
data for some types of crops, even if they do not represent the majority of crop types, thus
losing a component. Of course, one can argue here that an extra component could be
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approached by building separate models. For our case, we continue to consider them as a
whole, part of the same model.

To better visualise this, we rendered in Figure 10 a plot of the actual vs. predicted
values, for the best result obtained, involving HGBR as the regression model, OC-SVM the
unsupervised outlier removal method, and RF as the prediction imputation method. On
the left, we have the plot obtained for the prediction model based on the data from which
we removed instances with missing values. On the right, we have the model built using
imputation, where we notice a linear trend involving two main clusters, one between 0
and 500 and one between 500 and 2500 for the yield value, in line with the histogram for
the yield for the initial data. On the other hand, the left plot shows only one group, with
the 0-500 yield value range missing. This shows that by removing data, we lose relevant
information for the model, and the preprocessing methods involved, using imputation and
outlier removal, are able to create a much more robust and reliable prediction model.

Count
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Figure 9. Histogram for yield values with missing data instances removed (left) and with all
data (right).
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Figure 10. Actual vs. predicted yield for the models with missing data removed (left) and for the
best result obtained by the HGBR model, with preprocessing OC-SVM and RF (right).

For the research question on which imputation method produces the best model,
prediction is preferred to all others in all cases, with RF algorithms producing the highest
values for R?. The same trends in model improvement are present for both XGBT and
HGBR, proving that the change in performance is mainly due to the preprocessing methods
used, for both imputation and outliers removal.

For the latter, concerning data anomalies and unsupervised outlier removal, further
experiments would be required to establish if it can be more accurately fine-tuned and if
higher contamination rates, such as ¢ = 0.2, could be feasible to use in a larger dataset or if
it would lead to model overfitting. Looking back at the results in Figures 5 and 6, showing
the variation of the model prediction for the coefficient of determination metric, the best
results are obtained by OC-SVM when c = 0.3 (R? = 0.95 for both XBGT and HGBR), and
LOF when ¢ = 0.2 (R? = 0.943 for XBGT and R? = 0.945 for HGBR). For EE there is a local
peak at ¢ = 0.1, and a maximum value at ¢ = 0.5, while IF improves as c is increased (with
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a maximum at ¢ = 0.5). More information on the initial data and the collection context
could help inform the actual anomaly percentage present in the data, and what approach
would indeed improve the model.

Another aspect to discuss is in relation to the regression algorithms XGBT and HGBR,
which seem to be quite robust, showing little impact from unsupervised outlier removal, as
opposed to the other regression algorithms which are more susceptible to data changes.
However, a main finding of our study is that it is feasible and we can reliably use these
algorithms for crop yield prediction even with relatively small datasets. However, we
must provide a minimum amount of data to ensure performance, thus demonstrating the
importance of using imputation. The most important contribution we bring is related to
the problem of missing data, which can be handled effectively even if it affects 80% of the
instances, resulting in an increased performance from 0.723 to 0.938 (and even up to 0.95
if we use OD with ¢ = 0.3). Our findings suggest that the best method for imputation is
prediction using RF. Given that historical crop data are reduced and it would take many
years to collect a designated dataset (which we have started as a work in progress), we are
able to address the climate change effects in agriculture now, by modelling the correlation
between sowing dates and weather forecast to identify the best planting window that
maximises yield production.

6. Conclusions

The presented paper completes the research in the field of intelligent agro-meteorological
decisions to address the challenges of ensuring the sustainable provision of food crops
in the context of climate change. Although there are multiple studies in the field, a new,
unique approach that addresses missing data is needed.

The primary objective of our research was to improve the efficiency of sunflower
cultivation by developing a yield prediction model that relies on the selection of an optimal
planting day, guided by a region-specific weather forecast. In order to construct a regres-
sion model capable of accurately predicting crop yield, we aggregated several datasets
encompassing information pertaining to crops, planting dates, crop varieties, geographical
locations, and historical yield records. Additionally, meteorological parameters such as
precipitation and temperature were incorporated into the model as predictors.

Moreover, in our experiments, we performed a comparative study of nine imputation
methods, which were evaluated on two regression algorithms. We obtained an increase in
the model performance for both regression algorithms. The best results were obtained using
the prediction method for imputation, especially the RF. The second set of experiments
involved unsupervised outlier removal algorithms, in which four methods were compared
with various contamination rates. Overall, results were improved in most cases with
statistical significance. The best R?> = 0.938 and MAE = 77.689 were obtained using the
Oc-SVM outlier removal and RF imputation algorithms, for the model built with HGBR.
An important finding is that a very significant improvement was mainly achieved through
preprocessing methods, compared to the initial results without imputation or outlier
removal (R? = 0.723).

We have been able to achieve our research objective and build an accurate model based
on limited data, which could support agricultural decisions to mitigate the effects of climate
change and maximise production. Future research directions involve incorporating more
variables as predictors, such as the use of fertilisers or pest control. There is a substantial
need to collect crop datasets specific to this purpose from reliable sources to help train
models for specific geographical locations and crops. As a further exploration of the impact
of the planting day and weather conditions on the crop yield, we aim to also consider
employing forecasting methodologies and assessing the reliability of using the same or
similar preprocessing methods to improve the model performance.
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Abbreviations

The following abbreviations are used in this manuscript:

CNN Convolutional neural networks

EE Elliptic envelope

HGBR Histogram gradient boosting regressor
IF Isolation forest

LOF Local outlier factor

LR Linear regression

MAE Mean absolute error

MAPE Mean absolute percentage error

MCD Minimum covariance determinant

ML Machine learning

OC-SVM (OneClass SVM)  One-class support vector machines
OD Outlier detection

RF Random forest

XGBT Extreme gradient boosting tree regressor
Appendix A

In Figure A1, we present the correlation matrix for all data, when using the prediction
method of imputation, with the RF algorithm. We observe a high correlation represented
by the right bottom square with lighter yellow areas. They are between the minimum
and maximum average temperatures for every month of the year. This strong correlation
(value from 0.63 to 0.97) is naturally expected. Other positive correlations, represented by
light orange sections in the matrix, are between the state and spring to summer monthly
temperatures (highest for months 5 to 8 with a value of 0.52), and between winter—spring
cumulative precipitations (months 1-3) and spring and autumn average temperatures
(months 1-3 and 9-12) with values up to 0.45. The yield value is also highly correlated
with the year component (0.59) and the AVGWeek (planting day) is highly correlated with
the crop type (0.58), suggesting changes in the production rates each year based on the
sunflower hybrid type planted. There seems to be a negative correlation between the crop
type and yield, and between AVGWeek and yield (—0.74), in line with the related literature
for this geographical location and crop, that earlier planting dates may lead to higher
production.
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Figure Al. Correlation matrix for the 41 attributes, in order from top to bottom (and also from
left to right): year, state ANSI, crop type, yield, planting day, then precipitations (cumulative) for
each month from January to December, then minimum temperature (average) for each month from
January to December, and then maximum temperature (average) for each month from January to
December. Data imputation method: prediction with RF.As we can see in the image, we have different
types of correlation: positive and medium correlation (0.45), strong positive correlation (0.91), but
also negative and weak correlation (—0.042). Full size image source at https://www.cs.ubbcluj.ro/
~alinacalin/research/corrmatr.png (accessed on 22 June 2023).
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Abstract: Meteorological time series, such as rainfall data, show spatiotemporal characteristics
and are often faced with the problem of containing missing values. Discarding missing values or
modeling data with missing values causes negative impacts on the accuracy of the final predictions.
Hence, accurately estimating missing values by considering the spatiotemporal variations in data
has become a crucial step in eco-hydrological modeling. The multi-layer perceptron (MLP) is a
promising tool for modeling temporal variation, while spatial kriging (SK) is a promising tool for
capturing spatial variations. Therefore, in this study, we propose a novel hybrid approach combining
the multi-layer perceptron method and spatial kriging to impute missing values in rainfall data.
The proposed approach was tested using spatiotemporal data collected from a set of nearby rainfall
gauging stations in the Ratnapura area, Sri Lanka. Missing values are present in collected rainfall
data consecutively for a considerably longer period. This pattern has scattered among stations
discontinuously over five years. The proposed hybrid model captures the temporal variability and
spatial variability of the rainfall data through MLP and SK, respectively. It integrates predictions
obtained through both MLP and SK with a novel optimal weight allocation method. The performance
of the model was compared with individual approaches, MLP, SK, and spatiotemporal kriging. The
results indicate that the novel hybrid approach outperforms spatiotemporal kriging and the other
two pure approaches.

Keywords: machine learning; spatial kriging; optimal weight allocation; spatiotemporal data

1. Introduction
1.1. Background

Rainfall is a natural phenomenon that shows spatiotemporally varying behavior.
These characteristics with chaotic dynamic patterns make it difficult to predict its future
behavior. Moreover, a common shortcoming of rainfall data is the inherent inclusion of
missing values. This is because the data are collected from different gauging stations
located in a widespread geographical area. The malfunctioning of equipment, relocation of
gauging stations, network interruptions, natural hazards, and emergencies like pandemics
may disturb the continuous measurement of this natural phenomenon [1].

Ignoring the stations with missing data leads to an information loss due to the strong
spatial correlation between meteorological stations. On the other hand, modeling rainfall
data with missing values negatively impacts the accuracy of rainfall models due to the
discontinuity of the time sequence [2]. Hence, identification of a suitable mechanism to
address this issue is a crucial step in an effective rainfall forecasting.

When the missing values occur at random, modeling them to estimate their values
is not required. However, if the missing values are not random, then the missingness
cannot be ignored and must be modeled and predicted [3]. This is known as missing value
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imputation and it is carried out as a data preprocessing step. Much research has been
conducted using different types of missing value imputation methods. However, studies
on imputing the missing values for spatiotemporal data (including meteorological records)
are rare [4-7]. This study presents a novel and more efficient spatiotemporal methodology
to impute missing values in rainfall data for a few rain gauging stations. The proposed
methodology was tested using rainfall data collected from six neighbouring rain gauging
stations (which are considered reference stations) of Ratnapura, which was identified as
the target rain gauging station in our main study of rainfall forecasting. The reason for our
choice is that Ratnapura is a flood-prone area in Sri Lanka due to its frequent exposure to
heavy rainfall throughout the year [8,9]. In 2003, flash flood events in Ratnapura accounted
for financial damage of LKR 50.6 million [9].

1.2. Related Work

Much past research has accompanied traditional statistical and/or machine learning
techniques in missing value imputation of meteorological data. Some studies only captured
the spatial variations (e.g., [10-13]) using spatial interpolation methods such as the inverse
distance method (ID), normal ratio method (NR), geographical co-ordinates method (GC),
and spatial kriging, also known as Gaussian process regression, while others only focused
on their variation over time (e.g., [14-16]). The most common temporal method used is the
autoregressive integrated moving average (ARIMA) models.

Some studies (e.g., [17]) pointed out that the predictions obtained from spatiotemporal
methods are more accurate than those of purely spatial predictions. This is mainly because
spatiotemporal interpolation can be applied to geo-referencing positions over a space—
time grid. Some researchers have used the traditional spatial kriging model after some
modifications to model the spatiotemporal behavior of the data [4,5].

There have been several spatiotemporal kriging-based studies conducted with weather
variables. The study in [18] developed a spatiotemporal kriging model to predict wind
speed and compared the results with the autoregressive moving average (ARMA) and
Monte Carlo methods. Spatiotemporal kriging modeling gave a better fit for the data.

Moreover, the authors stated a few advantages of kriging models in comparison
with other regression methods. Providing estimates with the mean squared error of the
estimation (kriging variance), non-requirement of any distributional assumption related
to the data, the ability to use a complete set of spatial and temporal information, and the
ability to use a limited number of sampled data points to estimate the value of a variable
over a continuous spatial field are some of them.

Due to these prominent advantages of kriging, recent studies have integrated kriging
with conventional methods (e.g., regression and time series models) to gain fair and more
accurate predictions for the missing observations. Nevertheless, a few research studies
that use such hybrid approaches were found. The study [17] applied a spatiotemporal
kriging method to model total monthly rainfall data among 269 rain gauge stations, of
which nearly 80% of stations had missing data. The deterministic trend component was
estimated with multiple linear regression, taking several covariates, including latitude,
longitude, and quadratic effect of the corresponding longitude and latitude pairs. Since
it only captured 29% of the temporal variability in rainfall, the residuals produced by the
model were analyzed using a generalized product-sum spatiotemporal variogram and
the interpolation was carried out with spatiotemporal kriging. The final predictor was
obtained by combining trend estimate and interpolated value with kriging. In another
study [5], spatial association of atmospheric temperature data was modeled with universal
kriging and temporal variability was captured with autoregressive (AR) techniques. Then,
they were spatiotemporally combined to predict k-steps (days) ahead temperature in a
given spatial domain. A comparison of forecasted values with those obtained from ARIMA
model indicated that the novel hybrid model performed better than the ARIMA model.

The recent advancements in machine learning (ML) and deep learning (DL) can
be utilized effectively to predict missing cases in meteorological data. Both approaches
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have a great ability to handle large-scale problems and provide a flexible architecture in
capturing spatial and temporal features [1,2]. In addition, they do not rely on hand-crafted
feature engineering and prior assumptions on input data. Moreover, the aptness of deep
neural networks on large volumes of spatiotemporal data compared to statistical and other
classical machine learning techniques has been recognized.

A convolution bidirectional long short-term memory (LSTM) model was applied to
capture spatial and temporal patterns in traffic flow data in the study [2]. This model
outperformed state-of-the-art missing data imputation models. Some studies, including
the study carried out in [19], demonstrated the effectiveness and efficiency of deep learning
(DL) methods compared to the ARIMA model and back propagation neural network
model. A convolutional neural network (CNN)-based DL model was proposed in [14] for
imputing missing values in weather data of an individual weather station on a temporal
basis. The performance of the model was evaluated using various stations nearest to the
stations without missing values. This study used five optimizers (Rmsprop, Adam, Nadam,
Stochastic Gradient Descend, (SGD), and Adagrad) and found that the SGD optimizer
provides the most accurate results in predicting missing values.

Past studies reveal that the application of spatial kriging and DL methodology in
missing value imputation of weather data has promising results. However, studies that
impute missing values in spatiotemporal weather data using hybrid models are extremely
rare, especially when there is a lower number of weather gauging stations. The existing
research [5,17,20], which applies hybrid models, used more than 50 weather stations
when interpolating spatiotemporal missing data. Most importantly, so far, no study has
applied a spatiotemporal hybrid model to impute missing values among rainfall data at
the Ratnapura gauging station. Therefore, to reduce this gap in the literature and to utilize
the potential of spatial kriging, machine learning, and deep learning techniques in dealing
with missing values, this study proposes a hybrid model by integrating them. Our target
is to verify its appropriateness when the periods with missing values of rainfall gauging
stations are different and discontinuous. Our focus is also given to the scenario where data
are available only for a few rainfall stations.

The rest of this paper is organized as follows. The next section describes the adopted
missing values imputation methods and the development of the new approach. The results
and discussion section, followed by the conclusion are lined up last.

2. Materials and Methods
2.1. Proposed Methodology

This study introduces a hybrid method by integrating multi-layer perceptron (MLP)
with spatial kriging as a tool for imputing sequential missing values of spatiotemporal
data. The performance of the new model was evaluated against each of the two individual
models as well as the spatiotemporal kriging model, since many past studies [17,18,20]
have identified the spatiotemporal kriging model as a promising tool for estimating missing
values in spatiotemporal data.

The methodology behind this study will be illustrated using the rainfall data set
gathered across several neighbouring weather stations for a sufficiently longer period.

The target variable in this study represents rainfall measurements and each data
point has a timestamp (day) and 2D spatial location (longitude and latitude). Our initial
experiments performed for missing value imputation using machine learning methods
(MLP, long short-term memory (LSTM), convolutional neural network (CNN), CNN-LSTM,
ConvLSTM, random forest (RF), and nonlinear autoregressive network with exogenous
inputs (NARX)) revealed that MLP can capture the temporal variation of the same set of
rainfall data better than the other methods (see Table S1). Therefore, in this study, we chose
MLP to capture the temporal variation of rainfall data in our hybrid model. The spatial
kriging was used to model spatial variation due its promising behavior in capturing the
spatial variations of the weather data and incorporation into a hybrid model [4,17,18,20-22].
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2.1.1. Multi-Layer Perceptron Neural Network

Multi-layer perceptron (MLP) is a feed-forward neural network consisting of three
types of layers: input layer, hidden layer (s), and output layer. In an MLP, the data flow in
the forward direction from the input to the output layer, and the MLPs are trained with the
backpropagation learning algorithm, which allows nonlinear mapping between the input
and the output layer [23]. Its fast operation, ease of implementation, and requirement of a
smaller training set (compared to radial basis neural networks) lead it to be popular among
researchers [24].

In MLP, each neuron in a layer is connected to all neurons in the succeeding layer and
connection strength is called weight. The output of each neuron of hidden layers as well as
the output layer is a function of the sum of the inputs to the node modified by applying
a linear or nonlinear transfer or an activation function [25,26]. The input layer passes the
input vector to the network. An MLP can have one or more hidden layers.

Figure 1 illustrates an example of an MLP model with two hidden layers. Here, X;

(1)

ij s the weight associated with the ‘"

neuron of the input layer to the j* neuron of the first hidden layer, wl(]z) is the weight of
the link connecting the i*" neuron of the first hidden layer to the j neuron of the second
®)
ij

layer to the j neuron of the output layer. bz.(l) and bl.(z) are the bias values associated
with the it neuron of the first hidden layer and the it neuron of the second hidden layer,

respectively. b; is the bias associated with the j" neuron of the output layer. @1, @), and

is the input to the i*" neuron in the input layer. w

hidden layer, and w;;” is the weight associated with the i’ neuron of the second hidden

2(3) are the activation functions associated with the first hidden layer, second hidden layer,
and the output layer, respectively.

Input Layer Hidden Layers Output Layer

Figure 1. A multilayer perceptron model with two hidden layers. The nodes in Input Layer are
represented in green colour. The nodes in Hidden Layer are represented in blue colour, and the node
in Output Layer is coloured in red.

Then, the net output from the i neuron of the first hidden layer is given by hfl) and the
net output from the jth neuron of the second hidden layer is h](.z) (see Equations (1) and (2)).

The output of the j neuron of the output layer will be Y; (in our study, j = 1). This is also
noted as the imputed rainfall value at Ratnapura by MLP.
Finally, the MLP network computations can be written as follows:

AR o0(y, wfj”xi 4 b](”) wherei=1,2, 3andj=1,2 3,4 )

n? = o@ (Y wPnV + b)) wherei=1,2,3, 4and j=1,2,3 @)
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;= &) <Z wfjs)h](.z) + b]-> wherei=1,2,3andj=1 3)
1

2.1.2. Spatial Kriging

Spatial kriging is an optimal interpolation technique that uses the theory of regression
to predict the value at an unobserved location using values of observed neighborhood
locations. Here, observed values of neighborhood locations are weighted according to the
covariance values. As depicted in Figure 2, consider the location of interest, X, that is
surrounded by the neighboring observed locations, X;.

Xo

Figure 2. The neighboring observed locations and the location of interest, Xj.

The value at location Xy, Z(X)), is estimated through the values of n neighboring
sample locations taken as a linear combination of observed location values. Let the weight
be associated with the observed value at location X;, i.e., Z(X;) is w;. Then, the spatial
kriging estimate of Z(X,) can be computed as follows:

72(Xo) = k+ fwiz(x,») —k+w'Z (4)
i=1

where w = (wq, wy, ..., Wy )T,Z = (Z(X1), Z(X2), ..., Z(Xn)). The values of k and w
are calculated by minimizing the mean squared prediction error [18].
The optimal linear predictor of Z(X), Z(X,), is given by:

2(Xy) = w(Xo) + 'Y (Z—p) ()

where y is the Lagrange multiplier, # = (1(X1), (X2), ..., u(Xx))", (X;) = E(Z(X;)),
i=0,12,...,n,¢ = (Cov(Xp, X1),-..,Cov(Xo, Xn )T, and Y is the n x n matrix whose
(i,j)™ element is Cov(X;, X;).

Then, the minimum value of MSE(Xy, w, k) for a fixed location Xy, o%(Xp) (spatial
kriging variance) is given by [18]:

7?(Xp) = Cov(Xo, Xo) —c' Y e )

The values of c and ) are calculated through the variogram or a covariance function.
The different kriging models (simple, ordinary, or universal) can be obtained by changing
the way of modeling E(Z(X)).

2.1.3. Hybrid Model for Missing Value Estimation

In the proposed hybrid model, the spatial kriging estimate and the MLP estimate are
integrated with optimal weights. The optimal weights must be estimated using a sample of
artificially created missing cases. Suppose the spatial kriging estimate of that sample is 7
(which was produced as Z(X ) in Section 2.1.2) and the MLP estimate is f,, (which was
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produced as ¥; in Section 2.1.1), weights from each estimate are w;, and w;,, respectively,
the actual value is y,, and the final estimate is §/;. In order to find the final prediction closer
to the actual value, the optimal weights from each prediction should be found such that
the prediction error is minimized. Therefore, the optimization problem can be defined as
mean squared error (MSE) loss function (f},ss) between predicted and actual values:

n
floss(wkr wm) = Z(wkyki + wmﬁmi - yui)z (7)
=

1

with respect to the following constraints that provide a convex combination of two edge
points fx; and 7,,;:
we+wm =1, 0<w, <1, 0<w, <1 ®)

Following the study [27], it would be logical to consider the case when the weights
wy and wy, are greater than 1 or less than 0. Considering this assumption and denoting
w = wy, Equations (7) and (8) can be formulated as an unconstrained optimization problem
with respect to w in the form:

Minimize : floss(w) = Z?:l (w ?ki + (1 - w) ]?mi - ]/ai)Z (9)

The objective function fj,s(w) in this problem is convex and smooth; therefore, opti-
mization Equation (9) can be easily solved. We have:

1 u . . N
7o foss (@) = ) 2(w G+ (1= ©) Joni = Yai) (ki — Jni) = 0 (10)
i=1
Solving Equation (10) with respect to w, we find optimal weight w and, therefore,
weights w; = w and wy, in the form:

we = (Y (i + DeVai — Imiai — GkiTmi)) / (g (T + 92 — 20ki0mi)) (A1)
and wy,; =1 — wy (12)

The found optimal weights were used to obtain the final prediction 7 at the point i
where the particular value is missing:

/y\f:wm* Jm + wi * g (13)

The imputed missing values using the proposed method were compared with those
obtained from spatial kriging, MLP as well as spatiotemporal kriging. The reason for
considering spatiotemporal kriging is that it is a widely used spatiotemporal missing value
imputation method in past studies.

2.1.4. Spatiotemporal Kriging

The spatial kriging can be extended to obtain spatiotemporal predictions by incorpo-
rating an additional temporal dimension, ¢, to the spatial kriging [4,17,18,20].

The spatiotemporal set of observed data are given by {Z(Xy, t1), Z(Xa, t2), ...,
Z(Xn, tn)}, and let Z; = Z(X,, t;) be the value of the variable Z at location X; and time ¢;.
The spatiotemporal kriging prediction at an unobserved location X at time ¢ is defined by:

Up=2(Xo, t) = ) wi(X, )(Z(X;, ;) subjectto Y . wi(X, ) =1  (14)

where w; are weights for Z(X,, t;), i = 1, 2, ...n. Following the study in [18], the
optimal prediction is taken by minimizing the mean squared prediction error subject to
the constraint:

E[Z(Xy t) —Z(Xo, t)] =0 (15)
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The kriging weights can be computed through the covariance function or by means of
a semivariogram. Once the covariance values are calculated, the optimal weights of the
kriging estimator can be computed through Lagrange multiplier application. Finally, the
optimal value of Z(X, t) is calculated for spatiotemporal location (X, t) [18].

The spatiotemporal covariance function has different models such as linear, expo-
nential, spherical, Gaussian, or logistic. Capturing the spatial and temporal variability
is difficult for the variogram due to their dissimilarities. Therefore, the two-dimensional
kriging is modified to incorporate the time component. The type of variogram (metric,
separable, SumMetric, and product sum models) varies according to the way it combines
and models the temporal and spatial dependencies. The best-fitting model can be iden-
tified by comparing the mean squared errors (MSE) between the sample variogram and
fitted variogram.

2.1.5. Model Evaluation

In order to evaluate the performance of the fitted MLP, spatial kriging and spatiotem-
poral kriging models, mean absolute error (M AE), root mean squared error (RMSE), and
coefficient of determination (R?) metrics were used.

The MAE, RMSE, and R? are calculated as below.

1 & .
MAE = o Y Yai — il (16)
i=1
1 & .
RMSE = \/n > (ai = 95i)? (17)
i=1
R2—1_ Y (Vai — 9i)? (18)

E?:l(%n’ - yai)z

where §/; is the predicted value, y,; is the actual value, and ¥/,; is the mean value of y,;. The
smaller the values of MAE and RMSE and larger the R? value, the better the forecasting is.

The hybrid model, which integrates MLP and spatial kriging, was implemented in
python and the spatiotemporal kriging model was fitted using R software (version 4.3) and
the related packages. In the spatiotemporal model, the data were represented as Space
Time Full Data Frame (STFDF) object before fitting the variogram since data considered in
this study were with complete space time grid with s substations and t time intervals of
their observations.

2.2. Description of Data

For this study, daily rainfall readings gathered by nine rainfall neighbouring gauging
stations, including the target station (Ratnapura), were considered. The other eight stations
are Balangoda (St1_Bal), Detanagalla (St2_Det), Elston (St3_Els), llumbuluwa (St4_I11),
Keragala (St5_Ker), Moralioya (St6_Mor), Nivithigala (5t7_Niv), and Ulinduwawa (S5t8_Uli).
These eight stations are considered as reference stations.

The total number of days accounted for in this study is 1826. As mentioned earlier,
these reference stations consist of various discontinuous missing patterns within the study
period (1 January 2015-31 December 2019). The following heatmap (Figure 3) depicts the
missing patterns in the data of eight reference stations and Table 1 summarizes percentages.

Figure 3 depicts the data availability with blue color and inconsistent missingness
with white blocks along the time and space. With respect to the figure, it can be noted
that, in most cases, the missingness has occurred as a block (i.e., a sequence of missing
values). The percentage of missing values of the last two sub-stations, as indicated in
Table 1, are 68.4% and 73.55%, respectively. Since more than half of the data values are
missing, these two sub-stations were excluded from the analysis. The stations St1_Bal,
St2_Det and St5_Ker had random missing cases (noncontinuous missing values). Those
were interpolated using the average values of the neighbouring rainfall values of the
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corresponding station. Finally, there were six reference stations considered for assessing
the suitability of the proposed methodology.

1

1826

Figure 3. Missing patterns of sub-stations’ rainfall data.

Table 1. Missing percentages of sub-stations’ rainfall data.

Sub Station Missing Count Missing Percentage
St1_Bal 32 1.75
St2_Det 1 0.05
St3_Els 519 28.42
St4_I11 491 26.89
St5_Ker 123 6.74
St6_Mor 183 10.02
St7_Niv 1249 68.4
St8_Uli 1343 73.55

3. Results and Discussion
3.1. Preliminary Analysis

The correlation between the rainfall values of different stations may be either linear
or nonlinear. Therefore, to capture any type of correlations, the Spearman correlation
coefficients were calculated (refer to Figure 4).

The correlation between all the considered sub-stations and the target station Ratna-
pura and among sub-stations are significant at 5% significance level (i.e., p value < 0.05).
A strong correlation (>0.6) can be seen between Ratnapura and sub-stations Keragala,
Moralioya, and Elston. The results indicate that all six sub-stations are important in model-
ing rainfall at Ratnapura station. Thus, it confirms the need for imputing missing values of
the reference stations.

3.2. The Hybrid Model Formation

The structure of the performed hybrid model with MLP and spatial kriging can be
depicted as in Figure 5. In the notation, ¥, and ¥, refers to the spatial kriging and the MLP
estimates corresponding to the missing rainfall value of the i station, for instance, St2
(there are situations where the rainfall values of more than one station are missing on the
same day).
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Figure 4. The heatmap of correlation between rainfall gauging stations.
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Figure 5. The hybrid model structure.

Note that MLP (for multivariate time series data) was trained using the parameter
values tuned with grid search approach (selected from a range of values) tabularized
in Table 2.
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Table 2. Common parameter settings in MLP models.

Parameters Value
Activation function ReLU
Epochs 80
Number of hidden layers 1
Number of neurons in hidden layer 20
Batch size 72
Learning rate 0.01
Optimizer Adam
Loss Function MAE

The regularization parameters and number of training/testing samples were modified
to obtain a convergent model in each MLP model. As depicted in Figure 5, in order to
integrate the two estimates obtained from spatial kriging and MLP, the optimal weights
from each estimate should be found.

For this, a data set without missing values needs to be used. Therefore, the following
procedure was applied:

(a) From the original data set, three complete subsets (with no missing cases for all the
stations) were selected. Consequently, subsets from the years 2015, 2016, and 2019
were selected.

(b) Consecutive missing periods were artificially created randomly within the three
subsets to capture the missing pattern of the original data set.

(c) The spatial kriging and MLP were applied to estimate the missing cases.

(d) Those estimated rainfall values were combined to form a single data set of 120 esti-
mated rainfall values.

(e) Then, from the final data set mentioned in (d), 100 simple random samples (with
replacement) with a moderate sample size of 60 were drawn.

(f)  For each sample, the optimal values of two weights, wy and w;,, were calculated by
applying Equations (11) and (12) as described in Section 2.1.3. The procedure resulted
in 100 optimal pairs of weights.

(g) Then, the first optimal weight pair was used to calculate the weighted estimates (yf)
of the rest of the samples (99). For each sample, the RMSE values (including the first
sample considered) were calculated. Using these RMSE values, the average RMSE
was computed.

(h) Likewise, steps (a) to (g) were repeated using the second optimal weight pair, then
third optimal weight pair, and so on.

Finally, there were 100 average RMSE values. Out of them, the pair of weights that
produced the lowest average RMSE value was selected as the best optimal pair of weights
for spatial kriging and MLP (Table S2). The results indicated that the 11th random sample
produced the final optimal weights, w; = 0.50013 and w;, = 0.49987. Those weights were
taken to obtain optimal weighted estimates for the missing values.

3.3. The Spatiotemporal Kriging Model (SPTK Model)

Figure 6 summarizes the steps followed in applying the spatiotemporal kriging model.

St1 | S22 | 83 | St4 | St5 | St6 . variogram . spatiotemporal kriging . st | st2 | s3 | s | ses | st6
Stl | 52 | St3 | St4 | St5 | St6 . variogram . spatiotemporal kriging . Stl | S22 | S8 | sta | St5 | Si6
St1 | St2 | 563 | St4 | S5 | St6 . variogram . spatiotemporal kriging . St1 | S22 | st3 | st4 | st5 | St6

Figure 6. The spatiotemporal kriging method.
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In this approach, a variogram for each missing sequence was fitted using the available
rainfall values of stations. For example, according to Figure 6, the first gap of the above data
set can be seen in station St2. Then, the data from the remaining stations were employed
to fit a variogram. Similarly, the missing blocks of St4 and St6 were estimated using the
available rainfall values of the other stations and so on.

Four variogram types (metric, separable, sum metric, and product sum) were com-
pared in terms of RMSE values. Using the variogram with the lowest RMSE, the spatiotem-
poral kriging was applied to estimate the missing values in a substation(s) that was/were
in the created grid. Table 3 provides the outputs resulting from 11 blocks of missing values.

Table 3. Comparison of prediction errors of variogram types.

Gap no Metric Separable SumMetric Product Sum
1 13.79 23.16 64.75 23.33
2 38.56 22.871 52.43 22.868
3 15.46 16.19 31.14 16.25
4 30.31 30.86 71.54 30.82
5 136.15 132.79 128.77 132.79
6 17.53 10.03 31.8 9.99
7 11.02 9.67 9.13 9.66
8 88.75 89.13 110.29 89.28
9 21.58 21.95 41.33 22.13

10 81.02 81.03 118.85 81.04
11 34.95 13.54 58.8 13.63

According to Table 3, it can be noticed that, in most of the cases, the metric variogram
has become the best fit and Figure 7 depicts a sample of figures (out of 11 figures), which
illustrates the comparison between variograms. In each case, the sample variogram and
fitted four types of variograms are given.

metric

. @ce

sumMetric

Gap 01

Gap 02

700

400

100

Figure 7. Differences between the sample and the best fitting spatiotemporal variogram of each
family of the first two gaps. The half of the variogram function (y—gamma) which gives measures of
spatiotemporal correlation of the random field is plotted against each space-time co-ordinate.

In fitting the spatiotemporal model for the rainfall data, the empirical variogram
surface (or sample variogram) based on space and time is computed and used as inputs for
fitting different models: metric, separable, sum metric, and product sum models. Out of
them, the best fitting model can be selected, comparing with the surface of the empirical
variogram. When considering Missing Gap 01 in Figure 7, the metric-type variogram shows
the most similar surface shape with respect to distance and time lags as that of the original
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sample. Nevertheless, in Missing Gap 02, the product sum variogram is more similar to the
pattern of the actual sample. Likewise, in 11 gaps, the optimal variogram type deferred
with the missing pattern of the data.

Through optimal variograms the covariances of the data were calculated and, thereby,
the optimal weights to predict the missing value at the targeted location (see Section 2.1.4).

3.4. Model Evaluation

To validate the models, a two-way evaluation mechanism was carried out.

3.4.1. Model Evaluation along with Actual Missing Data

Assume that the rainfall values of a station are missing from ¢ to t 4 k; (see Figure 8).
The hybrid model was fitted, and these missing values were estimated using the available
values from 1 to t. To check the validity of the fitted model, rainfall values from (t + k1)
to (t + k1 + kp) were estimated based on the same fitted model (refer to Section 3.2) and
compared with the actual values. This validation data set was with size 55 (here, the
total number of observations in all ky periods). The value k, was chosen according to the
continuous availability of data within the considered time period.

t+ky +k;
|

T=1 t g, tth

I | »| ks
| | |

Figure 8. The model evaluation criterion.

Spatiotemporal kriging (SPTK) was applied to the same validation set. Finally, a
comparison of RMSE, MAE, and R? (Table 4) was conducted using the results produced by
individual approaches and the hybrid approach.

Table 4. Comparison of prediction error of all models.

Method Spatial Kriging MLP Hybrid SPTK

RMSE 12.76 11.68 10.72 15.97

MAE 712 4.01 512 10.25
R? 13% 3% 13% 0%

Among the considered four models, the minimum RMSE is produced by the hybrid
weighted method. It also has an MAE close to its lowest value, which is produced by MLP,
and the highest R? value as of the spatial kriging (although it still needs to be improved).
Thus, in the first phase of model comparison, it was proved that the hybrid model out-
performed the other individual models. Moreover, the hybrid model outperformed the
spatiotemporal kriging model with respect to all validation measurements.

3.4.2. Model Evaluation on Artificially Generated Missing Data

Since the previous evaluation could not capture all the actual missing gaps (due to
the inconsistency of the data set), we thought to generalize the validation using another
validation set that could capture all the missing patterns (which are and are not in the
original data set) that could be found in an original data set of six rainfall gauging stations.

In year 2016, for 6 months (from January to June), there were no missing observations.
Therefore, we took the data of that period to create 56 subsets with different sequential
missing patterns, as shown in Table 5.
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Table 5. Types of missing gaps within six sub-stations.

Number Stations with Missing Observations (M) Number of Combinations (of Stations)
01 6C; =6

02 6C, =15

03 6C5 =20

04 6C, =15

Total number of data sets 56

When two stations have missing observations in the same period (consider one in-
cident out of 15 combinations in case 02), each station was modeled separately. Thus, it
resulted in two trials. Finally, all combinations of two stations with missing observations
(i.e., 15) generated 30 trials (15 x 2). This was the same for the rest of the cases where
there were at least two stations with missing data. The case where the number of stations
with missing observations, M = 5, was not considered because there should be at least two
stations without missing observations in the spatiotemporal grid to model those gauging
stations with missing values using spatial kriging (a model requirement). In each subset,
missingness was created with the last 20 observations (without breaking the time sequence
and allocating enough data points for training) of the relevant sub-station. The rest of the
data were used to train and test the models and, hence, identify the best-fit model for a
selected sample of data.

The estimated values from each model were compared with the actual values and
tabularized in Table S3. In terms of the lowest values of RMSE and MAE and the highest
values of R?, the hybrid model has outperformed the other approaches. Moreover, it is
important to point out that, when kriging performs better than other individual methods
in terms of three validation measurements, the hybrid model has performed approximately
equally in most of the cases.

The outperformance with respect to the total (where lowest RMSE and MAE val-
ues and highest R? value occur) shows the hybrid method could gain the score of 41%
(see Table 6).

Table 6. Final comparison of model performance.

Method Kriging MLP Hybrid SPTK
No. of times that each approach produced best
results (as a percentage with respect to the 30 20 41 9

sum of trials)

In addition to the above outcome, all the cases (in Table S3) were taken to obtain the
graphs shown in Figure 9.

Figure 9 illustrates that kriging produced most cases within the lowest value range of
MAE and within the highest value range of R?, whereas the MLP gained the majority of
cases within the lowest value range of RMSE. In all these occurrences, the hybrid model
has shown approximately the same performance as the optimal model.

This study demonstrated that the spatial and temporal variations should not be
neglected in missing value imputation in spatiotemporal data. Further, considering the two-
way evaluation, we could confirm that the hybrid model had the ability to outperform other
pure approaches or almost equally performed compared to the best approach whenever it
was selected as the second-best approach.
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Figure 9. The outperformance of models with respect to RMSE (a), MAE (b), and R2 (c) values.

4. Conclusions

In this paper, we proposed a novel approach for spatiotemporal missing value impu-
tation. Furthermore, this approach was illustrated by applying it to impute rainfall data
in six reference stations to compile a complete data set that could be used in building a
rainfall forecasting model for a target station. The proposed approach is a hybrid approach
combining MLP that captures the temporal variability and spatial interpolation (spatial
kriging) that captures the spatial variations. This hybrid model was designed for imputing
missing values when the missingness of reference stations was spread discontinuously
and not uniformly over the given period and a few rainfall gauging stations are spatially
correlated. Moreover, the results obtained by the hybrid model were compared with those
resulting from spatiotemporal kriging. The study supported the claim that the proposed
hybrid approach provided the lowest prediction error when estimating a sequence of
missing values.

Only a single published research study that imputes the missing rainfall values of
Ratnapura gauging stations is available. The accuracy measurements of the proposed
method are far better than those of said study [28].

The availability of a few rain gauging stations around Ratnapura station and unavail-
ability of data in some stations for a considerable period due to relocation or other reasons
were the challenging limitations confronted during this study.

In order to verify the optimality of weight estimates and the outperformance of the
hybrid method, the data for an extended period need to be gathered and tested.

While considering the aforesaid limitations, the future direction of this research will
be the development of more hybrid models combining other missing value imputation
methods and applying this approach to estimate missing values of spatiotemporal data
obtained from other fields.
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Supplementary Materials: The following supporting information can be downloaded at: https:
/ /www.mdpi.com/article/10.3390/app14030999/s1, Table S1: Missing value imputation of sub-
station rainfall data using DL methods; Table S2: Final optimal weights; Table S3: Comparison of
prediction error of all models in validation under Section 3.4.2.
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Abstract: In large and densely populated cities, the concentration of pollutants such as ozone and its
dispersion is related to effects on people’s health; therefore, its forecast is of great importance to the
government and the population. Given the increased computing capacity that allows for processing
massive amounts of data, the use of machine learning (ML) as a tool for air quality analysis and
forecasting has gotten a significant boost. This research focuses on evaluating different models, such as
Random Forest (RF), Support Vector Regression (SVR), and Gradient Boosting (GB), to forecast ozone
(O3) concentration 24 h in advance, using data from the Mexico City Atmospheric Monitoring System
using meteorological variables that influence the phenomenon of ozone dispersion and formation.

Keywords: gradient boosting; machine learning; ozone forecasting; random forest; support vector
regression

1. Introduction

The Metropolitan Area of the Valley of Mexico is 2240 m above sea level, located
in a terrain of significant complexity, surrounded by mountains with an average height
ranging between 600 and 800 m above the valley floor. This geographical setting makes it a
region of great interest due to the substantial influence of meteorological variables on the
dispersion of pollutants in the atmosphere. Furthermore, it is considered one of the largest
cities in the world, characterized by a high population density, rendering it a focal point
for the study of pollutant dispersion phenomena in the air. It played a pivotal role in the
MILAGRO campaign (Megacity Initiative: Local And Global Research Observations) [1], in
which nearly 150 institutions collaborated, supported by 450 researchers from various parts
of the world. This extensive effort involved deploying diverse equipment in March 2006
to collect extensive data on pollutants and meteorological information, aiming to gain a
deeper understanding of pollutant dispersion phenomena in the atmosphere of a megacity.

The air quality issue has garnered international priority, with studies conducted in
Mexico City and major cities worldwide. In response to this challenge, governmental
agencies have enacted regulations governing air quality levels to reduce pollutant concen-
trations. For instance, restrictions on the use of leaded gasoline were implemented due to
the more contaminating and particularly toxic emissions from vehicles, which could reach
hazardous concentrations in urban environments, posing risks to the health of residents.

Pollution poses a significant impact on public health, with the World Health Organi-
zation (WHO) estimating approximately 7 million premature deaths annually, equivalent
to 800 deaths every hour or 13 per minute. Numerous studies have been conducted to
assess the adverse effects resulting from prolonged exposure to various pollutants. For
example, the study by Rosalba Rojas-Martinez et al. [2] on the lung development issues in
children in Mexico City due to prolonged exposure to air pollutants concluded, after three
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years of follow-up that the children involved in the study exhibited adverse effects on lung
development. This implies long-term health risks associated with an increased likelihood of
developing heart-related conditions. As mentioned by Baldasano et al. [3], the established
regulations have succeeded in reducing air pollutant concentrations, except ozone (O3),
which has shown a global upward trend, making its impact on health a priority. This is
evident in studies such as Karthik L. et al. [4], which conducted a review of 55 medical
articles from 1980 to 2014 on the health impacts of ozone exposure, and Niu et al. [5], where
the results indicate that prolonged exposure to ozone (O3) significantly affects cardiac
mortality in China. Given its substantial health impact, understanding the formation and
dispersion of ozone has become critically important, as well as the ability to forecast its
concentrations to enable timely control measures.

Currently, this process is accomplished through conventional techniques such as
mathematical models to simulate pollutant dispersion and statistical tools to comprehend
and infer the behavior of this phenomenon. The advancement of technology and the
capacity for massive data processing through machine learning have opened up new
avenues of research to address this issue. Section 2 explores some research endeavors that
apply machine learning to air quality.

2. Related Works

Currently, the use of machine learning as a forecasting tool in various fields is on
the rise, and the field of air quality has yet to be an exception. Several related research
studies have been conducted in different countries; in their research, Ahmad et al. [6]
utilized machine learning techniques to predict ground-level ozone concentrations in
Mexico City using hourly data from March 2015 to February 2016 and aimed to elucidate
the relationship between variables and high ozone levels. The performance of three distinct
models, Artificial Neural Network (ANN), Support Vector Regression (SVR), and Random
Forest (RF), was evaluated based on the coefficient of determination (R?) and the index
of agreement (IOA); Yarragunta et al. [7] conducted a study analyzing air pollution data
from various cities in India, encompassing nine attributes, including location details and
pollutant levels. The study focused on daily data of pollutants, such as SO,, NOy, PMj,
PMjy5, CO, and O3, aiming to forecast air pollution levels for the subsequent days. Six
supervised machine learning techniques were used to build predictive models, including
logistic regression, support vector machines, random forests, K-nearest neighbors, naive
Bayes classifier, and decision tree. The research emphasized learning and predicting the
air quality index through adaptable machine learning algorithms, with Accuracy as a
metric for model evaluation; Liang et al. [8] conducted a study based on data collected
by Taiwan’s Environmental Protection Administration (EPA) from 2008 to 2018, focusing
on three specific regions within Taiwan. The primary objective was to develop models to
efficiently forecast the Air Quality Index (AQI) for short-term durations: 1 h, 8 h, and 24 h.
Five machine learning algorithms, including random forest, AdaBoost, support vector
machine, artificial neural network, and stacking ensemble methods, were examined to
achieve this. Model performance was evaluated using scale-dependent error indexes: MAE,
RMSE, and R?. In a study led by Aljanabi et al. [9], data from the Jordanian Ministry of
Environment, covering the period from 1 May 2014 to 4 June 2019, were analyzed. This
dataset captured daily averages of ozone readings alongside meteorological variables, such
as temperature and wind patterns. The study’s objective was to forecast the daily ozone
concentration in Amman by leveraging a blend of meteorological and seasonal indicators
from the preceding day, including distinct events like special days. The study evaluated
several algorithms, namely, MLP, SVR, DTR, and XGBoost, and found MLP to be the
most proficient. Additionally, the team explored the potential outcome improvement by
integrating smoothing filters into the time-series data. The efficacy of the models was
gauged using metrics like MAE, RMSE, and R?.

In research conducted by Di et al. [10], data from various regions within the United
States, spanning 1 January 2000 to 31 December 2015, were examined. The study employed
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three machine learning algorithms, neural network, random forest, and gradient boosting,
to model PMj 5 levels. These algorithms incorporated a broad range of predictor variables,
encompassing satellite data, meteorological factors, land-use metrics, elevation, chemical
transport model predictions, and several reanalysis datasets. An ensemble approach was
adopted to amalgamate the outcomes of these three algorithms, yielding a consolidated
PMj, 5 forecast. The models’ effectiveness was gauged using metrics such as R?, RMSE,
MAE, and mean bias error (MBE). In their comprehensive study, Srivastava et al. [11]
harnessed meteorological parameters, including vertical wind, wind speed and direction,
temperature, and relative humidity, to predict concentrations of pollutants like CO, NOy,
O3, SOy, PMy, and PM; 5 across three strategic sites in New Delhi’s districts. The research
incorporated an array of machine learning methodologies, such as Linear Regression,
Stochastic Gradient Descent Regression, Multi-layer Perceptron, and Gradient Boosting
Regression. The performance of the models was evaluated using MSE, MAE, and R?. In a
study by Zhu et al. [12], the multi-task learning (MTL) method was proposed to predict
hourly air pollution concentrations, incorporating various regularization techniques for
optimal model selection. The model leverages historical meteorological and pollutant data
from the Department of Meteorology at the University of Utah between 2006 and 2015 to
predict pollution levels for the following day.

Model effectiveness was assessed using the root mean square error. In a study by
Aditya et al. [13], two machine learning models, logistic regression and autoregression,
were employed to analyze data from an Italian city between 2004 and 2005. While logistic
regression classified samples as polluted or not, autoregression predicted PM, 5 levels
seven days in advance. The logistic regression model’s performance was assessed using
mean accuracy (MA) and standard deviation accuracy (SDA), while the autoregression
model was evaluated with MAE. Contreras-Ochando et al. [14] introduced airVLC, a
web application designed to predict and map air pollution levels in Valencia, Spain. This
application harnesses real-time open data sources, capturing metrics like pollution readings,
weather conditions, calendar events, and traffic intensities. Analyzing historical data
from 2013 to 2015, the team explored multiple regression techniques to pinpoint the most
effective pollution prediction method.

Additionally, the study assessed various interpolation methods, emphasizing a novel
approach that factors in wind direction, enhancing traditional methods like IDW and
Kriging. Several machine learning models were employed to predict the primary pollutants
in Valencia in real-time, such as Linear Regression, quantile regression with the lasso
method, K-nearest neighbors, decision tree regression, and Random Forest. The Root Mean
Squared Error was the chosen metric to evaluate each model’s efficacy.

3. Materials and Methods
3.1. Data Set

The data used for the study were obtained from two monitoring networks in the Mexico
Valley area. The data on pollutants and meteorological variables were obtained from the
Automatic Atmospheric Monitoring Network (RAMA) and the Meteorological Network
(REDMET) of the Atmospheric Monitoring System of Mexico City (SIMAT) of the Environ-
mental Secretariat of the Government of Mexico City [15]. Solar radiation data were obtained
from the EMA stations of the CONAGUA monitoring network [16]. The study period covers
from the years 2015 to 2022. The geolocation of the measurement points is shown in Figure 1.

48



Appl. Sci. 2024, 14, 1408

Latitude

30°N

10°N

19%40N - Cudutitlan
1zcalll

......
Ecatepec

de Morelos
19'35N =

VIEXICO o Tlalnepantla
7 qe Baz .

< 19°30N |-
Gustavo

pagcalgnn A Madero

de Judrez

| ZMVm O

+
Mexlco
Citys
19725N - +
Nezahualcdyotl
At Iztacalco O
Obregén .

£ Iztapalapa La Paz
| CC RIC Coyoacii
19°20N -

T
[ conacua
& SIMAT

Texcoco

Ixtapaluca

; .
lam 2 Magdl
500, o .
500 ml i Tlalpan Esi HERE. Gamin. Foursquiro, GeoTecnoctoges. o, METINASA. USGS,
Esn, HERE, Garmin, USGS, EPA 2mi | | | EPAUSDA
L

i i

110°W 100°W 90°W
Longitude

Figure 1. Location of measurement sites. Red diamonds belong to CONAGUA’s Automatic
Weather Stations, black diamonds belong to the SIMAT monitoring network of the Mexico City
Environmental Secretariat.

3.2. Feature Vector Construction

Feature vector construction is a critical step in the machine learning pipeline that
has a profound impact on every subsequent step, from model training and evaluation to
the interpretability of the results. It involves not just selecting the right features but also
appropriately processing and engineering these features to best represent the problem
space for the learning algorithm, hence the importance of understanding the variables
within our research domain and their relationships in order to extract patterns from our
data and enhance the precision of our predictions. Next, we will delve into the various
factors and their influence on ozone concentrations.

The concentration of tropospheric ozone (O3) is influenced by various atmospheric
and meteorological factors, as mentioned in the research in Table 1, including temperature,
humidity, wind direction, and wind speed. Next, we present a general overview of how
each of these factors can impact ozone concentration:

1.  Temperature:

*  Photochemical Reactions: Ozone formation in the troposphere is a result of
photochemical reactions. Higher temperatures generally increase the rate of
these reactions, leading to a faster and more efficient production of ozone.

e  Stability of the Atmosphere: On hot days, especially under high-pressure systems,
the atmosphere can become more stable, trapping pollutants, including ozone
and its precursors, close to the ground and increasing concentrations.

*  Volatile Organic Compound (VOC) Emissions: Higher temperatures can also
lead to increased emissions of VOCs from vegetation and certain human-made
sources, further promoting ozone formation.

2. Humidity:

*  OH Radical Production: Water vapor can contribute to the formation of hydroxyl
radicals (OH), which play a crucial role in oxidizing VOCs and other pollutants,
leading to the production of ozone. However, the exact relationship between
humidity and ozone production can be complex and might vary depending on
other prevailing conditions.

e Dilution: On the other hand, extremely high humidity levels can lead to conden-
sation and cloud formation, which may reduce solar radiation, slowing down
photochemical reactions.
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3.  Wind Direction:

Transport of Precursors: The direction of the wind can transport ozone precursors
(like NOy and VOCs) from their sources to other areas. For instance, if a city
has major industrial zones on its eastern side and the wind is blowing from
east to west, areas downwind can experience elevated ozone levels due to the

transported pollutants.

Clean Air Advection: Conversely, winds from rural or oceanic directions can
bring cleaner air, reducing ozone concentrations.

4. Wind Speed:

Dispersion: Faster wind speeds can help disperse pollutants, diluting their
concentration. This can decrease the buildup of ozone precursors in a particular
area and reduce localized ozone formation.
Vertical Mixing: Strong winds, especially when accompanied by turbulence,
can enhance the vertical mixing of the atmosphere, distributing ozone and its
precursors over a larger vertical layer. This can lead to a decrease in ground-level

ozone concentrations.

Table 1. Overview of research on machine learning applications for air quality forecasting models.

Research Paper Predicted Predictors Models Metrics
A Machine Learning ap- Temf.)e?ature,. Relative

. . humidity, Wind speed .
proach to investigate and  direction.  NO Random Forest, Gradi- R2 Index of A t
the build-up of surface  Oj. NO» UV-A an/ 4 Plan: ent Boosting, Deep Neu- (ICSAI; ex of Agreemen
ozone in Mexico City z ral Network. '

(2022) [6].

etary Boundary Layer
Height.

Country, State, City, Decision Tree, Support
Prediction of Air Pol- . S Place, Last updated, > SUPPO
. Air quality index for . Vector Machine, Logis-
lutants Using Super- Min, Max, Average, . .
. . . PMi, PM>5, NO,, CO, tic Regression, Random  Accuracy.
vised Machine Learning and Pollutants(PMyy, .
(2021) [7] 50,, NH3, O3. PMys, SO,, CO, NO, Forest, Naive Bayes, K-
' et T * Nearest Neighbor.
0O3).
PMjy5 and PMpy mov-
ing average, O3 average
. . of the last elgh.t hours, Random Forest, Ad-
Machine Learning- Air quality index for 1 CO concentration for aBoost. Support Vec-
Based Prediction of Air quatty the last eight hours, Air + 2UuPP °~" RMSE, MAE, R2.
Quality (2020) [8] h, 8 h, and 24 h. ualitv index based on tor Regression, Artifi-
y y N sed © cial Neural Network.
the maximum concen-
tration of PMlO/ PM2_5,
NOz, SOz, O3 and CO.
Ground-level Ozone Ozone, Temperature,
Prediction Using Humidity, Wind di- Multi-Layer Perceptron,
Machine Learning Tech- rection, and speed, Support Vector Regres- >
niques: A Case Study Os. Memorable day (week- sion, Decision Tree, XG- RMSE, MAE, R*.
in Amman, Jordan end, holiday), Day of Boost.
(2020) [9] the year.
An  ensemble-based Satelhte—der.lved
model of PMys con- aerosol optical depth,
. 5 Satellite-based =~ mea- Ensemble Model (Neu-
centration across the surements, Chemical ral Network, Random
contiguous United PMpys. ! ¢ RMSE, R2.
. . transport model pre- Forest, Gradient Boost-
States with high spa- - .
dictions, Land-use ing).

tiotemporal resolution
(2019) [10]

variables, and Meteoro-
logical variables.
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Table 1. Cont.

Research Paper Predicted Predictors Models Metrics
Linear Regression,
Stochastic Gradient De-
Estimation of Air Pol- Air pollution levels for Vertical wind, Wind scent, Random Forest,
lution in Delhi Using co P NO». O SO speed and direction, Decision Tree, Support RMSE MAE. R2
Machine Learning Tech- P M’ PIV%/ ¥ 2 Temperature, and  Vector Regression, / T
niques (2018) [11] 10, 57725 Relative humidity. Multi-layer Perceptron,
Gradient Boosting
Adaptive Boosting.
Air temperature,
Relative humidity,
Wind speed, and di-
A Machine Learning rectlf)nf .Wmd gust,
Approach for Air Qual- Precipitation accumu-
itppPre diction: Model Next day concentration lation, Visibility, Dew MTL with Linear Re- RMSE
R}e,gulariza tion' and Op- for O3, PM5 5, SO;. point, Wind cardinal gression. ’
timization (2018) [12]. direction,  Pressure,
Weather conditions,
Weekday/weekend,
Concentration  pollu-
tant, and Bias term.
Detection and Predic- Classification of Sam- ;rezzgeg:xe’ointvgﬁi
tion of Air Pollution Us- ples into Polluted or sﬁre ’ PM p C(;ncen— Autoregression, Logis- MA SDA MAE
ing Machine Learning Non-Polluted  Cate- trati;n Cﬁssiﬁcation tic Regression. ’ ! '
Models (2018) [13]. gories, PMj 5. ’
result.
Pollution level, Mete-
orological conditions
(Temperature, Relative
AirVLC: an Application humidity, Pressure, Linear Regression,
for Visualizing Wind- Wind speed, Rain), Quantile Regression,
sensitive Interpolation NO, NO,, SOy, Os. Calendar features K-Nearest Neigh- RMSE.
of Urban Air Pollution (Year, Month, Day bor, Random Forest,

Forecasts (2016) [14].

in the month, Day
in the week, Hour),
and Traffic intensity
features.

Decision Tree.

It’s essential to understand that these factors often interact in multifaceted ways. For
instance, a hot, calm day might be conducive to ozone buildup due to reduced dispersion
and enhanced photochemical reactions. However, if that hot day is also humid with cloud
cover, the reduced sunlight might counteract some of the enhanced ozone production.
For this reason, it is important to depict the relationships within the process that involves
interactions between various precursor pollutants, including nitrogen oxides (NOy, which
includes NO and NO;) and volatile organic compounds (VOCs), in the presence of sunlight,
as shown in the research by Lelieveld and Dentener [17], or in that by Finlayson-Pitts and
Pitts [18]. Next, we provide a breakdown of this phenomenon:

1.  Emission of Precursors: Primary pollutants like nitrogen oxides (NOy) and volatile
organic compounds (VOCs) are emitted into the atmosphere. These are typically
released from automobile exhaust, industrial processes, power plants, and other
combustion processes.

2. Photodissociation of Nitrogen Dioxide (NO»):

NOy; +hv — NO+O
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In the presence of sunlight, NO, undergoes photodissociation, breaking down into
nitrogen monoxide (NO) and a free oxygen atom (O). The symbol “hv” represents a
photon of sunlight.
Formation of ozone:

O+ 02 — O3 (2)

The free oxygen atom (O) rapidly reacts with molecular oxygen (O;) in the atmosphere
to form ozone (O3).
Reconversion:

NO + O3 — NO;, + Oy 3)

Nitrogen monoxide (NO) can also react with the ozone (O3) to form nitrogen dioxide
(NOy) and molecular oxygen (Oy). This essentially reduces the concentration of ozone.
VOCs Role in the Cycle: VOCs, in the presence of NO, and sunlight, can generate
more reactive intermediates, which will react with NO to form NO,. This reaction
“removes” NO from the environment, allowing more ozone to form without it being
quickly converted back to oxygen. In other words, the VOCs help “tie up” NO,
preventing it from immediately destroying the ozone that’s been formed.

Finally, it is important to show how the ozone concentration could be influenced

by temporal factors such as the month, day of week, and hour, or by geospatial factors
as longitude, latitude and altitude; you can see a brief explanation of how each of these
variables might impact ozone concentration:

1.

Month:

*  Sunlight Intensity and Duration: Ozone formation is a photochemical process
that requires sunlight. Therefore, months with longer daylight hours and more
intense sunlight, typically the spring and summer months, tend to have higher
ozone concentrations.

*  Temperature: Months with warmer temperatures, typically summer months, can
lead to higher ozone concentrations.

®  Vegetation Growth and Emissions: Certain months, especially spring and early
summer, might see increased biogenic emissions of volatile organic compounds
(VOCs) from vegetation, which can contribute to ozone formation.

Day of week:

e  Emissions Variability: Weekdays often have higher vehicular traffic and indus-
trial activities compared to weekends. This can lead to higher emissions of ozone
precursors like NO, on weekdays.

e Weekend Effect: Despite reduced precursor emissions on weekends, some urban
areas observe higher ozone levels during weekends, a phenomenon known as
the “weekend effect.” This can be due to the disproportionate reduction in NO
emissions compared to VOCs on weekends, altering the chemical balance and
facilitating ozone production.

Hour:

e Daily Cycle: Shown in the ozone concentration pattern, there are usually lower
levels in the early morning because the sun has not risen or is low in the sky,
reducing the intensity of UV radiation needed for ozone formation; ozone peaks
during the afternoon when sunlight is most intense and temperatures are highest;
in the evening, the rate of ozone production decreases, but the loss processes are
slower. UV radiation needed for ozone formation changes throughout the day,
affecting the intensity of UV radiation reaching the surface.

*  Emissions Patterns: Human activities, such as traffic and industrial operations,
have specific hourly patterns.

*  Mixing Layer Depth: The depth of the atmospheric mixing layer changes through-
out the day, affecting the dispersion of pollutants.
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4.  Latitude:

*  Sunlight Intensity: Near the equator (low latitudes), the sun’s rays are more
direct, leading to more intense UV radiation, which can enhance photochemical
reactions and thus ozone formation.

e  Distribution of Emission Sources: Industrialized regions and urban centers,
significant sources of ozone precursors like NO, and VOCs, may be concentrated
at specific latitudes.

e  Stratospheric Intrusions: At high latitudes, stratospheric intrusions can introduce
ozone-rich air from the stratosphere to the troposphere.

5. Longitude:

e  Time of Day: Due to the Earth’s rotation, the position of the sun changes with
longitude, affecting the daily cycle of photochemical reactions.

¢ Distribution of Emission Sources: Significant emission sources might be concen-
trated at specific longitudes.

*  Meteorological Patterns: Weather systems vary longitudinally, especially in
regions influenced by oceanic or continental effects.

6. Altitude:

®  Decreased Pressure: As altitude increases, atmospheric pressure decreases, po-
tentially affecting ozone formation.

e  Temperature Profile: The temperature can either increase or decrease with alti-
tude, affecting ozone concentrations.

*  Vertical Distribution of O3: Ozone concentrations generally increase with altitude
in the troposphere and are high in the stratosphere.

*  Transport of Ozone Precursors: Elevated regions might be exposed to ozone
precursors transported from lower altitudes.

With the goal of predicting ozone concentrations in the study area with a 24-h lead
time, considering the existing relationships between these variables and the influence they
have on said concentrations, the feature vector was formed, as shown in Table 2.

Table 2. Feature vector.

Temporal and Geospatial Variables

longitude latitude altitude month weekday hour
24 h prior meteorological and pollutant variables
. Wind .
05 NO NO, No,  Relative | Tempenture gyqig  Wind speed
y p (wdr) p
Solar radiation from EMAs stations 24 h prior
ECOGUARDAS TEZONTLE MOLINODELREY ENCBI ENCBIL PRESAMADIM
Meteorological variables Pollutant variables EMAs Stations
Mean 00to03 Mean 00to03 Mean 00to03
Mean 04to07 Mean 04to07 Mean 04to07
Mean 08to11 Mean 08to11 Mean 08to11
Mean 12to15 Mean 12to15 Mean 12to15
Mean 16to19 Mean 16to19 Mean 16to19
Mean 20to23 Mean 20to23 Mean 20to23

previous day’s maximum
previous day’s minimum

previous day’s maximum
previous day’s minimum

previous day’s maximum
previous day’s minimum

The feature vector consists of 132 variables.

3.3. Hyperparameter Optimization

The optimization of hyperparameters in machine learning models is a process of criti-
cal importance, significantly impacting model performance and accuracy. This procedure
involves fine-tuning the hyperparameters, which govern the learning algorithm’s behavior
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and its capability to accurately interpret and learn from underlying data patterns. Opti-
mal hyperparameter settings enhance the model’s performance and improve the results
obtained. One of the key roles of hyperparameter optimization is to mitigate the risks of
overfitting and underfitting, striking a balance where the model is sufficiently complex
to elucidate essential data patterns without being excessively tailored to the training data.
This balance is crucial in ensuring the model’s ability to generalize effectively from training
data to new, unseen data. There are different approaches to address this issue, as mentioned
by Feurer and Hutter [19]. In this research, we decided to use GridSearchCV, which has
some significant advantages in its implementation but also presents some disadvantages
that we need to address. The operational scheme of GridsearchCV is based on the wrapper
method proposed by Kohavi and Jonh [20] and is shown in Figure 2.

Selecta combination
——> Hyperparameter space

Train model with
the selected
combination
Training and evaluation process

Train Test Score

Train_score Iteration 1y
(TR | [ e \

Train_score
Test_score

The model
based on the
average of the
test folds
results is
stored.

Training set

1 2 (3| 4]5

i I e
Test_score

Figure 2. Hyperparameter optimization process: this figure shows the process of the fine-tuning of
hyperparameters using the GridSearchCV tool.

GridSearchCV is a systematic approach employed in the field of machine learning for
the optimization of model hyperparameters. This method is instrumental in enhancing the
performance of a machine learning model by exhaustively searching through a predefined
space of hyperparameter values. The fundamental premise of Grid Search is to evaluate
and compare the model’s performance across different combinations of hyperparameters,
thereby identifying the most effective set of parameters. This process of GridSearch involves
the following key steps:

1. Definition of Hyperparameter Space: The first step involves delineating the range or
set of values for each hyperparameter under consideration. This set forms a grid of hy-
perparameter combinations, where each node represents a unique combination. The
generation of this grid of options and evaluating all solutions is a task that demands
too many resources and is impossible to carry out because many hyperparameters
take continuous values. Therefore, it is chosen to define recommended or well-known
ranges of values for these hyperparameters, creating a finite space of combinations.

2. Cross-Validation Mechanism: GridSearch is typically coupled with cross-validation to
assess the performance of the model for each hyperparameter combination.
Cross-validation involves dividing the training dataset into multiple smaller sets
or folds. The model is trained on all but one fold (the training set) and validated on
the remaining fold (the test set). This process is repeated so that each fold serves as
the validation set once, ensuring comprehensive evaluation.
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The utilization of cross-validation helps to improve the model’s performance by
reducing variance through averaging performance estimates from multiple iterations
of training and testing on different data subsets. It presents a better generalization
by evaluating the model on multiple subsets of the data, aiding in assessing its
generalization capabilities. This is especially important for detecting overfitting, as
the model’s performance is evaluated on various data partitions, resulting in a more
robust estimate of its accuracy on unseen data, as is mentioned in the study guided
by Kohavi [21].

3. Selection of Optimal Hyperparameters: Post evaluation, the combination of hyperpa-
rameters that produces the best performance is selected based on the minimal average
error of the test folds.

As mentioned before, GridSearchCV presents the advantages of increasing the model’s
precision and improving the generalization and potentially reduced bias in the estimation
of model performance. Another advantage is that it facilitates the comparison between
various model families because, although each model has its own sets of hyperparameters,
the evaluation is performed based on the same metric to measure the error. On the other
hand, its main disadvantage is the computational complexity that can arise for very large
datasets or complex models.

The optimization process in this research was conducted utilizing the GridSearchCV
tool from the Scikit-learn library [22]. The models subjected to testing included Ran-
domPForest [23], GradientBoosting [24], and Support Vector Regression (SVR) [25]. In the
case of SVR, a pipeline was established to assess the impact of data scaling, involving
MinMax normalization and Z-score standardization, alongside hyperparameter tuning.
The comprehensive list of hyperparameters is presented in Table 3.

Table 3. Evaluated models.

Model Hyperparameters
RandomForest Max depth : 40-50

Max features: 10-25
SVR (kernel RBF) Scaling: [StandardScaler, MinMaxScaler]

Gamma: [0.001, 0.01, 0.1, 1, 10, 100]
C:[0.001, 0.01, 0.1, 1, 10, 100]

SVR (kernel poly) Scaling: [StandardScaler, MinMaxScaler]
Degree: [2,3,4,5,6,7,8,9]
C:[0.001, 0.01, 0.1, 1, 10, 100]

GradientBoosting n estimators: [1, 2, 5, 10, 20, 50, 100, 200, 300]
Max depth: [5,6,7,8,9, 10, 11, 12, 13, 14, 15, 16, 17, 18, 19]
Learning rate: [0.001, 0.01, 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7, 0.8, 0.9]

GridSearchCV is a process that can be time-consuming because it must test every com-
bination of hyperparameters on the training sets. For this reason, Cochran’s formula [26]
was used for sample size selection for quantitative variables when the population size is
known to train the models with a smaller sample size and reduce execution time. The
formula used is shown in Equation (4).

NZ2g2
n= 4)
(N —1)E2 4 7242

where:

n = sample size.

N = population size.

Z = critical Z value; for a confidence level of 99%, z equals 2.58.

0? = population variance.

E = absolute precision level; 1% of the population’s standard deviation.
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The dataset, containing data from 2015 to 2022, comprises 577,031 records. The sample
size selection formula determined that a sample size of 59,680 records would provide a 99%
confidence level, representing 10.34% of the total records. For the validation sample, 10%
of the complete dataset was chosen, resulting in 57,704 records. It is important to note that
the training and validation sets are entirely exclusive.

3.4. Model Evaluation

As shown in the hourly profile in Figure 3, ozone concentration exhibits a clear trend
with the time of day, and there is significant variation compared to the study period’s mean.
To effectively measure the performance of the evaluated models, their performance will be
evaluated using two approaches. The first approach will involve comparing the MAE of
the models with the MAE calculated for predictions based on Mean and Median strategies
throughout the entire period from 2015 to 2022. The second approach will compare the
MAE based on Mean and Median strategies, grouping by hour to evaluate which of the
models performs better throughout the hours of the day. The reference MAE values are
presented in Table 4.
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Figure 3. Hourly ozone concentration profile; the dashed line represents the daily average for the
study period 2015-2022, and the solid line represents the hourly average, while the shaded area is the
standard deviation.

Table 4. Baseline Mean Absolute Error.

Timeframe MAE from MAE from Timeframe MAE from MAE from
Mean Median Mean Median

2015-2022 21.53 20.77
00:00 9.03 8.95 12:00 15.83 15.82
01:00 8.85 8.77 13:00 17.82 17.81
02:00 8.50 8.39 14:00 19.10 19.09
03:00 8.01 7.84 15:00 19.38 19.34
04:00 6.87 6.54 16:00 18.69 18.63
05:00 5.08 4.45 17:00 16.53 16.43
06:00 3.42 2.85 18:00 14.01 13.91
07:00 4.01 3.67 19:00 12.54 12.43
08:00 6.66 6.52 20:00 11.24 11.13
09:00 9.38 9.31 21:00 10.37 10.26
10:00 12.03 11.94 22:00 9.70 9.60
11:00 13.92 13.88 23:00 9.33 9.26

The MAE was calculated using predictions based on both the mean and median strategies applied to the

complete dataset.

3.5. Setup for the Experiment

The programs were executed on a Beowulf cluster with Torque 3.0.3, using four
computing nodes running Ubuntu 20.04.4. Each node was equipped with 2 Intel(R) Xeon(R)
CPU E5-2640 v4 processors @ 2.40 GHz, featuring 20 processing cores and 128 GB of RAM.
The software versions used were Anaconda 22.9.0, Python 3.9.12, and Scikit-learn 1.0.2.
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4. Results.
4.1. GridSearch

The results presented in Table 5 were selected using the following criteria: the top five
results were chosen for each of the models, from which the one with the lowest MAE in
the test results and the one with the slightest difference between the training and test score
(gap) were selected. In the case of the RandomForest model, the result with the lowest
MAE in the test set also had the slightest difference between the training and test sets.

Table 5. Gridsearch results.

Model Hyperparameters Test Score Train Score Gap
RandomForest maxdepth =45 - o000 2023992 4901028
Execution time: 2600 max features = 25.
StandardScaler — SVR (RBF) C =100, 7.845238 3350762  4.494476
Execution time: 29,672 gamma = 0.01.
c=10, 8.757496 8.652644  0.104852
gamma=0.001.
StandardScaler — SVR (poly) C =100, 9.062664 5.348223  3.714441
Execution time: 104,571 degree = 3.
c=10,
11562271 10979601  0.582670
degree=2.
MinMaxScaler — SVR (RBF) € =100, 7.785040 6.806308  0.978732
Execution time: 22,465 gamma = 0.1.
C =100, 8700342 8617988  0.082355
gamma = 0.01.
MinMaxScaler — SVR (poly) C =100, 7925763 6892926 1.032837
Execution time: 1,705,128 degree = 3.
C=10, 8.060671 7198237  0.862434
degree=4.
learning rate = 0.1,
GradientBoosting maxdepth =10, 7 14159y 1.735895  5.408419
Execution time: 42,584 max features = 12,

n estimators = 300.

learning rate = 0.1,
max depth =9,
max features = 11,
nestimators = 300.

7.187491 2.818148 4.369343

The grid search was executed using n_jobs = 20 option; the execution time unit is in seconds.

4.2. Optimal Model Selection

Each model listed in Table 5 underwent a comprehensive evaluation utilizing a dataset
comprising 57,704 records. The derived results, systematically arranged in descending
order based on their respective evaluation scores, are detailed in Table 6. Notably, every
model demonstrated superior performance compared to the median of the Mean Absolute
Error (MAE) observed during 2015-2022. However, selecting the optimal model requires
an in-depth assessment beyond mere evaluation scores. This includes a detailed analysis
of the models” hourly MAE fluctuations, as depicted in Figure 4. Additionally, a critical
review of each model’s computational efficiency, particularly their execution times during
both the GridSearch process and subsequent training phases, is essential. This aspect of
model performance is thoroughly explicated in Figure 5.
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Table 6. Model results.

Model Fit Time Evaluation Score !
GradientBoosting[0] 2 522 7.015008
GradientBoosting[1] 423 7.126916
StandardScaler — SVR (RBF)[0] 54,058 7.689650
RandomForest 392 7.808124
MinMaxScaler — SVR (poly)[0] 8172 7.901960
MinMaxScaler — SVR (poly)[1] 3250 8.037673
MinMaxScaler — SVR (RBF)[0] 1968 8.717526
StandardScaler — SVR (RBF)[1] 4191 8.758239
StandardScaler — SVR (poly)[0] 73,851 9.468176
MinMaxScaler — SVR (RBF)[1] 1959 10.733147
StandardScaler — SVR (poly)[1] 4242 11.405547

! The results are organized in descending order based on their evaluation scores. 2 The number inside the brackets
represents the position within the hyperparameters column in Table 5 for each of the models.
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Figure 4. Hourly MAE Profile. This graph illustrates the variations in Mean Absolute Error (MAE)
throughout the day for the top five models, as referenced in Table 6. Each model demonstrates
satisfactory performance, with GradientBoosting[0] consistently exhibiting the lowest error across
most periods.
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Figure 5. Performance Profiling. The graph on the left depicts the execution time for the GridSearch
process as outlined in Table 5. Meanwhile, the graph on the right shows the specific training times
of the top five models, as listed in Table 6. Notably, in both graphs, the time axis is presented on a
logarithmic scale.

5. Discussion

This section is bifurcated into two distinct segments for a comprehensive analysis.
The first segment delves into a generalized discussion centered around the performance
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outcomes discerned from the hyperparameter optimization processes and an evaluation of
the models selected thereafter. The second segment, on the other hand, is dedicated to an
in-depth analysis of the best-performing model identified through these processes.

5.1. General Discussion

In the GridSearch results, RandomForest showed the shortest execution time and
acceptable training times with results in the Training and Testing. However, it is one of
the models with the greatest difference between the Training and Test sets, indicating a
slight overfitting. The SVR models that use the RBF kernel outperformed their counterparts
with the polynomial kernel in terms of execution times, and they did not show significant
differences in their Test scores. In general, the SVR-based models had the lowest level of
overfitting, as they exhibited the smallest differences in the Training—Test gap. However, it
is essential to consider the computational complexity of this model because it will consume
much time when the number of records exceeds 10,000, especially when using Sklearn’s
SVR implementation based on libsvm. This implementation has complexities greater than
quadratic n?, as mentioned by Abdiansah and Wardoyo [27]. GradientBoosting achieved
the best results for Train and Test scores with quite acceptable times, although it did show
a higher level of overfitting due to differences in the Train-Test gap.

Concerning the evaluation results, as can be seen in Figure 4, the top five selected
models show acceptable performance in terms of the MAE calculated by the time of day
range, exhibiting a similar behavior. It is worth noting that the models reflect the ozone
hourly profile quite well, as they capture the periods with the highest MAE during the
hours when ozone concentration varies the most, from 12:00 to 18:00, as shown in Figure 3.
GradientBoosting[0] exhibited lower MAE from 00:00 to 11:00, 13:00-14:00, and 17:00-22:00,
while GradientBoosting[1] performed better at 12:00, 15:00-16:00, and 23:00. Therefore, the
first model was selected as the one with the best performance.

An additional critical factor to consider in model selection is the execution time associ-
ated with different models, especially when dealing with a substantial volume of records.
This aspect becomes increasingly significant, as large datasets can entail considerable
processing durations. Consequently, the ability to conduct preliminary phases of hyperpa-
rameter optimization and model evaluation efficiently, utilizing a smaller yet adequately
representative subset of the data, is imperative for effectively identifying and selecting the
most suitable model.

5.2. Analysis of the Optimal Performing Model

Figure 6 presents an analysis of the performance exhibited by the GradientBoosting[0]
model, designated as GB_99, which was trained on a subset comprising 59,680 records. This
subset accounts for 10.34% of the training dataset and is statistically significant, offering
a 99% confidence level, as delineated in Equation (4). In contrast, the model labeled
GB_full refers to the GradientBoosting[0] variant trained on the entirety of the training
dataset, encompassing 519,327 records. Additionally, the graph includes MEAN and
MEDIAN, which indicate the MAE values when predictions are based on these respective
statistical measures. This comparison offers insight into the efficacy and scalability of the
GradientBoosting[0] model under varying training data volumes and their performance
against the MEAN and MEDIAN prediction approaches.
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Figure 6. Optimal performing model hourly MAE profile. The GB_99 represents the GradientBoosting

model trained on a sample size corresponding to 10.34%; GB_full denotes the GradientBoosting
model trained with the entire training dataset. MEAN and MEDIAN indicate the MAE values when

predi

ctions are based on these respective statistical measures.

Table 7 compares the hourly MAE performance for the GradientBoosting[0] model.

Here are some observations and opinions on these data:

Data Size Impact: The GB_full model, trained on a significantly larger dataset
(519,327 records) compared to GB_99 (57,704 records), consistently shows lower MAE
across all timeframes. This indicates the potential benefits of training on more exten-
sive data, likely capturing more nuances and patterns, leading to better predictive
performance.

Performance Consistency: Both models exhibit a similar pattern in MAE fluctuations
over the 24 h, suggesting that the underlying data characteristics influencing error
rates are similar for both datasets. However, the magnitude of the error is consistently
lower in the GB_full model, reinforcing the value of a more extensive training set.
Timeframe Sensitivity: There are periods (like early morning hours) where the MAE
is relatively lower for both models and periods (like afternoon to early evening) where
MAE peaks. This pattern could indicate varying model performance based on time-
specific factors, suggesting that certain hours have characteristics that are either more
predictable or more challenging for the model.

Table 7. Optimal Model’s Hourly MAE Performance.

Timeframe GB_99 GB_full Timeframe GB_99 GB_full
00:00 6.772 5.754 12:00 9.444 6.893
01:00 6.172 5.223 13:00 10.905 7.919
02:00 5.709 4.718 14:00 11.932 8.639
03:00 5.595 4.645 15:00 12.345 8.546
04:00 49 3.941 16:00 11.413 8.22
05:00 3.76 2.958 17:00 9.582 7.125
06:00 3.054 2.39 18:00 7.443 5.932
07:00 3.088 2.369 19:00 6.824 5.493
08:00 4.239 3.441 20:00 6.6 5.428
09:00 5.44 4.377 21:00 6.521 5.217
10:00 6.628 5.218 22:00 5.924 4.885
11:00 7.789 6.05 23:00 5.565 4.567

In total, 57,704 records were used to calculate the MAE for the GB_99 model, while in the case of GB_full,

519,327 records were used.
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The comparison between the “Optimal Model’s Hourly MAE Performance” (Table 7)
and the “Baseline Mean Absolute Error” (Table 4) is quite revealing in terms of under-
standing the effectiveness of the Gradient Boosting (GB) models relative to basic baseline
methods. Here are some observations and opinions on these data:

e  Significant Improvement Over Baseline: Both Gradient Boosting models (GB_99 and
GB_full) consistently outperform the baseline models across almost all timeframes.
The MAE:s for the baseline methods are significantly higher than those for the Gradient
Boosting models, indicating the superior predictive capability of the latter.

e  Effectiveness of Machine Learning Models: The considerable reduction in MAE when
using the Gradient Boosting models compared to the baseline methods illustrates the
value of machine learning in capturing complex patterns and relationships in the data
that simple statistical measures cannot.

6. Conclusions

Based on the results obtained in the present research, the following conclusions have
been reached:

®  Machine learning models are a significant alternative for ozone concentration forecast-
ing. However, it is paramount to identify the variables influencing the phenomenon
in constructing the feature vector. This enables the models to discern patterns and
relationships among the variables correctly.

e Computational complexity can significantly impact the best model selection, as the
computational resources required for hyperparameter optimization can be time-
consuming and may not be feasible.

* A substantial volume of historical records to train models can enhance their preci-
sion. However, certain models do not efficiently handle large datasets, leading to
disproportionately increased evaluation times. Therefore, employing a technique that
allows for selecting a sufficiently representative sample to achieve results with an
acceptable level of reliability without adversely affecting the outcomes of the models is
of paramount importance. This approach ensures both the effectiveness and efficiency
of the model training and evaluation process.

e  Establishing a baseline is a critical step in model evaluation. It helps set realistic
expectations and understand the value added by complex models.

®  The GB models’ lower MAE scores, especially compared to the relatively high baseline
MAES, suggest that these models have successfully captured significant underlying
trends and patterns in the hourly ozone concentration profile.

e  Elevated errors observed during specific time intervals warrant further investigation
as potential focal points for future enhancements in model performance. Delving
into the underlying reasons for these heightened error rates during particular hours
and exploring what additional data or modifications in feature engineering might
mitigate these discrepancies could yield significant advancements in model accuracy
and reliability.

®  Tree-based models like Random Forests or Gradient Boosting demonstrated better
generalization to unseen data, but they tend to be more prone to overfitting than
SVR models. This might necessitate more frequent retraining of tree-based models
compared to SVR. However, given their shorter training times, they still present a
better option in terms of model maintainability.
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Abbreviations

The following abbreviations are used in this manuscript:

ANN Artificial Neural Network
AQI Air Quality Index
CcO Carbon Monoxide
CONAGUA Comisién Nacional del Agua
GB Gradient Boosting
I0A Index of Agreement
MAE Mean Absolute Error
ML Machine Learning
NO Nitric Oxide
NO, Nitrogen Dioxide
NO, Nitrogen oxides
O3 Ozone
OH Hydroxyl radicals
PMjp Particulate matter 10 um or less in diameter
PMy 5 Particulate matter 2.5 um or less in diameter
R? Coefficient of determination
RAMA Automatic Atmospheric Monitoring Network
REDMET Meteorological Network
RF Random Forest
RH Relative humidity
RMSE Root Mean Square Error
SIMAT Atmospheric Monitoring System of Mexico City
SO, Sulfur dioxide
SVR Support Vector Regression
tmp Temperature
vOC Volatile Organic Compound
wdr Wind direction
wsp Wind speed
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Abstract: A neighborhood’s walkability is associated with public health, economic and environmental
benefits. The state of the walking surface on sidewalks is a key factor in assessing walkability, as it
promotes pedestrian movement and exercise. Yet, conventional practices for assessing sidewalks
are labor-intensive and rely on subject-matter experts, rendering them subjective, inefficient and
ineffective. Wearable sensors can be utilized to address these limitations. This study proposes a novel
classification method that employs a long short-term memory (LSTM) network to analyze gait data
gathered from a single wearable accelerometer to automatically identify irregular walking surfaces.
Three different input modalities—raw acceleration data, single-stride and multi-stride hand-crafted
accelerometer-based gait features—were explored and their effects on the classification performance
of the proposed method were compared and analyzed. To verify the effectiveness of the proposed
approach, we compared the performance of the LSTM models to the traditional baseline support
vector machine (SVM) machine learning method presented in our previous study. The results from
the experiment demonstrated the effectiveness of the proposed framework, thereby validating its
feasibility. Both LSTM networks trained with single-stride and multi-stride gait feature modalities
outperformed the baseline SVM model. The LSTM network trained with multi-stride gait features
achieved the highest average AUC of 83%. The classification performance of the LSTM model trained
with single-stride gait features further improved to an AUC of 88% with post-processing, making it
the most effective model. The proposed classification framework serves as an unbiased, user-oriented
tool for conducting sidewalk surface condition assessments.

Keywords: deep learning; gait analysis; sidewalk surface assessment; walkability; wearable sensor

1. Introduction

Walking is one of the most common forms of physical activity that promotes individ-
ual mental and physical well-being. There are many health, environmental and economic
benefits associated with high walking levels in communities [1-4], which has led to in-
creased interest in maintaining walkable neighborhoods through walkability assessments.
Walkability can be defined as the way individuals perceive the quality of the walking envi-
ronment by measuring the friendliness of the built environment to walking [1,4]. Although
many built environment features are used to define walkability, the presence and quality
of sidewalks serve as substantial indicators influencing the perceived safety and overall
satisfaction within the pedestrian environment [5,6]. Therefore, sidewalk assessments are
an essential component of walkability assessment tools [7].

Pedestrian interviews or surveys are examples of commonly practiced sidewalk as-
sessment methods that consider pedestrians’ perceptions [8]. Nevertheless, these responses
can be biased and lack expert insight. Government agencies also rely on trained experts to
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perform on-site inspections to identify violations of pre-defined regulations [9]. These con-
ventional practices are ineffective and inefficient because they require significant financial
expenditure, time and intensive labor.

Hitherto, the limitations mentioned above can be addressed with the advancement
of sensing technology. The methods for automated sidewalk assessments can be divided
into two categories: approaches based on infrastructure-based data collected from the
surroundings and approaches based on wearable sensor data.

For approaches based on infrastructure-based data, various advanced methods have
been presented for applying deep learning techniques on infrastructure-based data to auto-
mate sidewalk assessments. Some examples of these urban data include street-view images,
videos or geographic information system (GIS) data. Several works have also explored
using deep learning approaches on vehicle responses measured with smartphone inertial
sensors mounted on vehicles to identify sidewalk and roadway anomalies. However, these
approaches do not consider the involvement of pedestrians in their evaluations.

On the other hand, utilizing wearable sensors for automated sidewalk assessments
considers individuals’ behaviors. Wearable sensors can be placed on pedestrians to measure
human physiological reactions and the signals captured can in turn be used to examine how
human physiological reactions are influenced as a result of their surrounding environments.
Earlier studies demonstrated that various sidewalk features or defects led to changes in
human response. Yet, these studies focused on investigating the association of signal
magnitude or specific gait parameters with surface conditions or built environments with
statistical modeling.

Thus far, there have been limited studies involving pedestrians in sidewalk surface
condition assessments using machine learning or deep learning techniques. Nevertheless,
existing works were either not generalizable to individual differences due to the absence
of gait features, thereby lacking the ability to capture biomechanical characteristics, or the
focus was not on assessing sidewalk surface conditions for the purpose of a walkability
assessment. To the best of our knowledge, none of the existing works explored incorpo-
rating gait analysis techniques with machine learning or deep learning approaches for
sidewalk surface assessments. To bridge this gap, in our previous study [10], we identified
the ideal body location for placing a sensor, which is at the right ankle. Then, we developed
a traditional machine-learning-based classification framework for identifying irregular
walking surfaces using gait features extracted from the right-ankle sensor to train machine
learning models and demonstrated the effectiveness of the approach [10]. Nonetheless,
the traditional machine-learning-based method requires manual feature extraction and
selection, which can be time-consuming and labor-intensive. Considering one of the main
advantages of deep learning is its automated feature learning capability on raw data [11],
adopting a deep-learning-based approach could circumvent manual feature extraction and
selection. Furthermore, when a deep-learning-based approach is fed with handcrafted
features, knowledge can be distilled from those features to improve performance [12].
Therefore, in this paper, we introduced a novel deep-learning-based classification frame-
work that analyzed the acceleration data from a single right-ankle sensor for the automated
detection of irregular walking surfaces. The acceleration data collected from the right-ankle
sensors of 12 subjects from our previous experiment were labelled and applied to our pro-
posed approach. Concretely, because the acceleration data were collected in a time series
manner, we proposed using a deep LSTM network. Three different input modalities—raw
accelerometer data, single-stride and multi-stride hand-crafted accelerometer-based gait
features—were explored, and their effects on the classification performance of the proposed
framework were compared and analyzed. To verify the effectiveness and feasibility of our
approach, the classification performance of our proposed approach was compared to the
traditional machine-learning-based method from our previous study.
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This paper provided the following contributions:

1. We presented a novel classification framework using a deep LSTM network to distin-
guish good and irregular walking surfaces with a single wearable sensor placed on
the right ankle. To the best of our knowledge, no existing studies in the walkability
assessment domain have proposed a framework that combines deep learning and gait
analysis techniques to analyze wearable sensor data for the purpose of conducting
sidewalk surface assessments.

2. We compared the performance of three different input modalities for the LSTM-
based framework and identified the most suitable modality. It was shown that the
LSTM networks that took gait feature modalities as the input were able to achieve
convergence and robust performance with limited samples compared to the LSTM
networks fed with raw data modalities.

3. We demonstrated that the LSTM networks with gait feature modalities could outper-
form conventional machine-learning-based methods in the problem domain.

4. We showed that post-processing on several consecutive per-stride predictions of LSTM
networks fed with single-stride gait feature modalities to generate final predictions
on a larger segment could improve classification performance.

The rest of the paper is organized in the following manner: We first discuss a review of
related works. Next, we present the research methodology utilized in this work, followed
by the experiments section where the experimental setup and results are presented. Lastly,
a discussion on the findings and implications of this study is provided.

This paper was based on Chapter 4 of the first author’s master’s thesis [13].

2. Related Works
2.1. Conventional Methods for Sidewalk Assessments

Some of the prevalent methods employed to maintain sidewalk facilities have relied
on conducting pedestrian surveys, interviews and self-reporting [8]. However, these
methods are subjective, rely on pedestrians’ voluntary participation, lack reliability and are
inadequate in providing a comprehensive analysis of sidewalk defects [8]. Governmental
agencies also often conduct field inspections carried out by trained inspectors to identify
regulatory violations [9]. Studies have also explored new ways to enhance conventional
sidewalk assessment practices. Sousa et al. presented a multi-criteria sorting methodology
to evaluate sidewalk performance [14]. Meanwhile, Corazza et al. proposed an evaluation
index for sidewalk conditions that was derived from the standardized pavement condition
index (PCI) used for roads and airports [15]. Nonetheless, these methods require significant
labor and financial resources [9]. Additionally, scaling these methods for larger cities poses
considerable challenges.

2.2. Machine Learning Methods with Hand-Crafted Features for Automated Sidewalk Assessments

With the rapid progress in sensing technologies, multiple research studies have shown
the feasibility of detecting various sidewalk features or defects by utilizing wearable sen-
sors to measure pedestrians’ physiological responses [8,16,17]. Studies have also examined
the impacts of irregular and uneven surfaces on human walking patterns [18-22]. How-
ever, these studies were inference-based, aiming to uncover relationships between signal
magnitude or specific gait parameters and surface conditions or the built environments.

Consequently, to stimulate advancements in automated sidewalk assessments, few
studies have explored the automated assessment of road or surface conditions that integrate
human bodily responses utilizing robust machine learning or deep learning techniques.
One study [23] utilized features extracted from raw acceleration data gathered from pedes-
trians’” smartphones to train a conventional machine learning model to detect barriers and
obstacles in a large area. Takahashi et al. [24] proposed a step-classifying algorithm to detect
steps based on features extracted from x-axis accelerations gathered from smartphones
affixed onto cyclists. Kobayashi et al. predicted different sidewalk surface types using
random forest and acceleration data from smartphones stored in pedestrians’ front pock-
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ets [25]. In our previous study [10], we proposed a traditional machine learning approach
that analyzes hand-crafted accelerometer-based gait features extracted from a right-ankle
Sensor.

2.3. Deep Learning Methods for Automated Sidewalk Assessments

Numerous advanced deep-learning-based approaches have been developed for the
automated evaluation of roadways or sidewalks utilizing infrastructure-based data such
as images, videos or GIS technologies [26-32]. In one study [33], acceleration data from
smartphones mounted on vehicles were used to train deep learning models for road surface
monitoring and pothole detection. However, determining the presence of poor sidewalk
conditions relies on how individuals interact with sidewalks [34], and such interactions can
vary in different contexts [35]. Infrastructure-based data and data collected from moving
vehicles, nonetheless, fail to address how the human body reacts to external walking
environments [36]. Individuals respond differently to the same surroundings based on
their characteristics; therefore, their variability must be analyzed [8].

Limited studies have applied deep neural networks to analyze human responses for
walking surface condition detection. Kim et al. verified the effectiveness of a cascaded
LSTM-based deep recurrent neural network method to classify abnormal and normal
gaits, and demonstrated that the ratio of abnormal gaits could indicate the existence of an
environmental barrier to walkability, as they were highly correlated [37]. The confirmed
relationship between the ratio of abnormal gaits and the presence of an environmental
barrier is in line with our observation of a higher rate of disrupted gaits on irregular
walking surface segments. However, the focus of their study on the environmental barrier
was on surrounding facilities instead of sidewalk conditions. Hu et al. demonstrated the
effectiveness of using deep learning approaches to analyze data from six wearable sensors
placed on different body locations to identify irregular walking surfaces [38]. However, the
surfaces that were tested in the study did not accurately reflect the usual uneven surfaces
found on sidewalks in neighborhoods. Furthermore, deploying sensors at various locations
for continuous monitoring in real-time is impractical due to the computational demands of
processing data from multiple locations [39], as well as the discomfort caused by wearing
multiple sensors. Kobayashi et al. also expanded their study to propose a deep learning
approach by training a convolutional neural network (CNN) with acceleration data and
window-based features extracted from smartphones [40]. The limitation of this approach
is that the models trained with features extracted from smartphone data using a sliding
window were unable to be generalized to individual differences.

To address the gaps in existing works and to improve the prediction performance of the
traditional machine-learning-based classification framework from our previous study [10],
we introduced a novel deep-LSTM-based classification framework to automatically detect
irregular walking surfaces with a single wearable sensor in this paper. In our previous
study [10], we identified the right ankle as the ideal location for sensor placement for
detecting irregular walking surfaces. Hence, in this paper, we used the acceleration data
collected from a right-ankle sensor from our previous experiment and the traditional
machine learning approach as the benchmark to validate the feasibility of our proposed
deep LSTM framework.

3. Materials and Methods
3.1. Proposed Framework

Figure 1 illustrates the overview of the proposed framework. The data collection and
labelling process is described in Section 3.2. The measured raw acceleration data from
the previous study were pre-processed in three different ways to generate three different
modalities to feed distinct LSTM networks, because the workflow for implementing a
recurrent deep learning method differs based on the input modality, which is discussed in
Section 3.3. Next, hyper-parameters for each LSTM network had to be tuned to determine
the optimal network structure for each input modality. The setup is discussed in Section 4.1.
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Wearable
Sensor

Finally, all LSTM networks were then evaluated with the leave-one-subject-out test set
procedure. All five scenarios of irregular walking surfaces were consolidated into a single
class labeled as “Irregular”, framing the problem as a binary classification task.
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Figure 1. Overview of the proposed framework.

3.2. Data Collection

We used the data collected from the accelerometer positioned at the right ankle of
12 subjects from our previous experiment [10] for this study, since the right ankle was
determined to be the most suitable location to identify irregular walking surfaces. To
collect the acceleration data, we conducted the experiment at The Peter Kiewit Institute
of the University of Nebraska at Omaha. We selected a segment of a well-paved, smooth
and leveled walking route in that area and denoted the starting and ending points. Then,
four irregular walking surface segments were set up within that path: a segment covered
in grass, an object-obstructed segment, an uneven segment and a segment covered with
debris. These segments represented irregular sidewalk walking surfaces that are highly
probable in less walkable neighborhoods in the real-world. The good and irregular walking
segments are shown in Figure 2.

We recruited twelve healthy participants, comprising eight males and four females, for
this study. A tri-axial accelerometer was affixed at the right ankle on each subject, as shown
in Figure 3. It was affixed to the outer side of the shoe of each participant. We measured
the linear acceleration along the X, Y and Z axes of the subject’s body with Mbient sensors
(MetaMotionR, Mbient Lab, San Francisco, CA, USA) that were configured to capture data
at a rate of 100 Hz. The subjects were directed to walk at their usual pace along the path,
starting from the initial point, proceeding towards the endpoint and then returning to
the starting point along the reverse path. Video recordings were taken throughout the
experiment for each subject to help facilitate data labeling.
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Figure 2. Good and irregular walking surfaces; (a) well-paved (good), even; (b) grassed surface
(irregular); (c) surface obstructed with objects (irregular); (d) uneven (irregular); and (e) surface
covered with debris (irregular).

Figure 3. Placement of sensor at the right ankle of a subject.

Figure 4 displays the raw acceleration measurements captured with the right-ankle
sensor of a subject. The figure visualizes an individual’s gait for five seconds, which
is equivalent to 500 data points. The raw acceleration data points were categorized by
cross-referencing with the experiment videos.
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Figure 4. Five seconds of raw walking acceleration signal of a subject captured with a sensor
positioned at the right ankle.

3.3. Data Pre-Processing

The acceleration data from the accelerometer positioned at the right ankle of subjects
were analyzed to discriminate between good and irregular walking surfaces. As shown in
Figure 5, the X, Y and Z axes of the right ankle accelerometer captured acceleration data
corresponding to motion in the vertical (V), antero-posterior (AP) and medio-lateral (ML)
directions, respectively.

.|.
+I\/ILV

AP
+

Figure 5. Accelerometers’ directions for right ankle.

To compare how the three different modalities affected the classification performance
of the proposed network, three distinct LSTM models had to be trained and fed with differ-
ent data dimensions. The raw acceleration data needed to be pre-processed as described in
the following section.
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3.3.1. Raw Data Modality

We collected a total of 646,500 samples of right-ankle raw acceleration data, with
426,500 samples falling on good walking surfaces and 220,000 samples on irregular walking
surfaces, as shown in Table 1. Since taking large values directly to train a LSTM network
could lead to large gradient updates that would result in a slower convergence or even
divergence of the training process, we normalized our input data to have a standard
deviation of 1 and a mean of 0. The input to be fed into the network had to be fixed-size
sequential data, which was a short time series segmented from the raw acceleration signal.
Therefore, the acceleration data were sampled into each segment with a 1.10 s fixed-width
sliding window, which is equivalent to 110 data points, with a 90% overlap between them.
Since the acceleration data had X, Y and Z dimensions, the sliding window would sample
data points from all three dimensions into each segment, resulting in a three-dimensional
input segment vector.

Table 1. Distribution of class labels of raw acceleration data.

Label Count Percentage

Good 426,500 66%
Irregular 220,000 34%

Total 646,500 100%

This window size was chosen because each window should have included at least
one complete period [41], which was one stride. The average stride time for all subjects
was 1.10 s. The 90% overlap rate was chosen because it would result in more segmented
data samples due to the limitation of our sample size. Additionally, an overlap between
windows would carry information from the previous window.

3.3.2. Single-Stride and Multi-Stride Gait Feature Modalities

For the training of the proposed network using gait features, we adopted the same
gait features employed in our previous study [10]. The extracted features were shown to
be useful and robust in training predictive models in previous mobility studies [42,43],
since these features captured the biomechanical gait characteristics of various phases of
a person’s gait cycle. To extract the gait features from raw acceleration data, the first
step involved segmenting the raw acceleration data into strides using the AP directional
acceleration of the accelerometer [42]. Next, we computed 20 base gait features from the
segmented strides before computing the variability of those gait features between strides,
thereby resulting in a total of 40 gait features [10]. A complete description of the base gait
features can be found in Table 2, while the distribution of stride samples for each label is
shown in Table 3.

Table 2. Description of extracted base features.

Gait Feature Gait Feature Description Gait Feature Formula

VML? + V2 + AP? computed from the acceleration

VM Magnitude of the vector for the entire stride
& of the three axes for the entire stride

VM5 Magnitude of the vector for the first 5% portion of ~ \/ML? + V2 + AP? computed from the acceleration

the stride of the three axes for the first 5% portion of the stride
VM Magnitude of the vector of the ML axis for the ML? computed from the acceleration of the ML axis
entire stride for the entire stride
VVM Magnitude of the vector of the V axis for the entire  /V2 computed from the acceleration of the V axis for

stride the entire stride
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Table 2. Cont.

Gait Feature

Gait Feature Description

Gait Feature Formula

Magnitude of the vector of the AP axis for the

V AP? computed from the acceleration of the AP axis

AVM . .
entire stride for the entire stride
VML? 4+ V2 4+ AP? computed from the acceleration
VMD Magnitude of the vector for the double stance of the three axes for the £10% portion surrounding
the heel strike event
Magnitude of the vector of the ML axis at the time ' ML? computed from the acceleration of the ML axis
LVMD . . .
of a double stance for the +10% portion surrounding the heel strike event
Magnitude of the vector of the V axis at the time of ~ /V2 computed from the acceleration of the V axis for
VVMD . . .
a double stance the +10% portion surrounding the heel strike event
Magnitude of the vector of the AP axis at the time v/ AP? computed from the acceleration of the AP axis
AVMD . . .
of a double stance for £10% portion surrounding the heel strike event
/AAT 2 2 2 :
VM30 Magnitude of the vector for the mid-stance ML” + V= 4+ AP® computed fr(.)m the accele.zratlon
of the three axes for the 30% portion of the gait cycle
Magnitude of the vector of the ML axis at the time ML? computed from the acceleration of the ML axis
LVM30 . . .
of the mid-stance for the 30% portion of the gait cycle
VVM30 Magnitude of the vector of the V axis at the time of ~ /V2 computed from the acceleration of the V axis for
a mid-stance the 30% portion of the gait cycle
Magnitude of the vector of the AP axis at the time v/ AP? computed from the acceleration of the AP axis
AVM30 . . .
of a mid-stance for the 30% portion of the gait cycle
LHM Magnitude of heel strike of the ML axis Max (ML) at the heel strike
LHSD Standard deviation of the acceleration of the ML Std (ML) computed from the acceleration of the ML
axis for the first 10% portion of the stride axis for the first 10% portion of the stride
VHM Magnitude of heel strike of the V axis Max (V) at the heel strike event
VHSD Standard deviation of the acceleration of the V axis ~ Std (V) computed from the acceleration of the V axis
for the first 10% portion of the stride for the first 10% portion of the stride
AHM Magnitude of heel strike of the AP axis Max (AP) at the heel strike event
AHSD Standard deviation of the acceleration of the AP Std (AP) computed from the acceleration of the AP
axis for the first 10% portion of the stride axis for the first 10% portion of the stride
ST Stride time Duration of two consecutive heel strike events

Table 3. Distribution of class labels of stride samples.

Label Count Percentage

Good 3774 65%
Irregular 1995 35%

Total 5769 100%

The stride samples were also normalized to have a standard deviation of 1 and a mean
of 0. Subsequently, the stride samples were also segmented into a fixed-size data sequence.
To prepare the stride samples for the training of the single-stride gait feature modality,
since one sample was equivalent to one stride, a sliding window with the width of one
sample with no overlap was used to segment the data, as shown in Figure 6. Since there
were 40 features, the input segment vector would contain 40 dimensions.

In our previous study [10], we observed that gaits were not always disrupted when
subjects traversed irregular walking surfaces. Abnormal gaits would intermittently occur
alongside normal gaits. Therefore, compared to walking on a good walking surface,
there was a higher rate of interrupted gaits. Based on this observation, we hypothesized
that aggregating multiple consecutive strides to train an LSTM network would improve

72



Appl. Sci. 2023, 13, 13053

classification performance. This led to the experimentation of the multi-stride gait feature
modality. For this modality, a larger sliding window width of five samples was used to
segment the data, which was equivalent to five strides, with an 80% overlap, as illustrated
in Figure 7. The input segment vector had the shape of 40 dimensions as well.

Feature 1 ... Feature 40

Stride 1

Stride 3
Stride 4

Stride n
Figure 6. Segmentation of gait feature data into fixed-size segments of one sample with a sliding
window.
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Figure 7. Segmentation of gait feature data into fixed-size segments of five samples with a sliding
window with 80% overlap.

3.4. Proposed Architecture

Since the architecture of a LSTM model is input-dependent, the number of layers
and the optimal network structure for each of the three modalities differed. For ease of
reference, the LSTM networks trained with raw data, single-stride gait features and multi-
stride gait features were referred to as LSTM-Raw, LSTM-Features-1 and LSTM-Features-5,
respectively. The tuning methodology is delineated in Section 4.1.1.

The resulting optimal architectures turned out to be identical for all three networks, as
illustrated in Figure 8. It consisted of four layers of a LSTM layer with dropout layers in
between each LSTM layer. At the end of the architecture was a dense layer, followed by a
Sigmoid activation function that yielded the probability of the pre-processed sample being
an irregular class.

However, the optimal number of neurons per LSTM layer for LSTM-Raw was 224,
while the optimal number of neurons for both LSTM-Features networks was 100. This
meant that the dimensionality of the input vector per time-step fed into a LSTM layer in
LSTM-Raw was three and the output vector, which was also the hidden state vector, of
the layer had a dimensionality of 224. On the other hand, the dimensionality of the input
vector per time-step fed into a LSTM layer in the LSTM-Features networks was 40 and
would output a hidden state vector with a dimensionality of 100.

Stacking multiple LSTM layers could transform the raw acceleration and gait feature
inputs into a more abstract representation that enabled the network to learn the complex
relationships between the inputs and walking surface conditions [44]. We kept the number
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of neurons the same for each layer when tuning, because using the same number of neurons
for all layers performed generally better than increasing or decreasing the neurons down the
network [45]. As shown in Figure 8, the pre-processed data were fed into the stacked LSTM
layers to extract temporal features. The temporal features were then processed with the
dense layer, followed by a sigmoid function to obtain the probability of the pre-processed
sample being an irregular class.

Raw data/Gait Features

11 1

Pre-processing

1 1 1

LSTM = —_— — —

Dropout 50%

LSTM = — e -

Dropout 50%

LSTM = -_— - -

Dropout 50%
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Dropout 50%
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Figure 8. Stacked LSTM architecture.

3.4.1. LSTM Layer

LSTM is a specialized variant of the recurrent neural network (RNN), and it was
introduced by Hochreiter et al. [46]. Unlike a traditional neural network, which is incapable
of capturing temporal information as the nodes in each layer are disconnected, the RNN
compensates for that limitation by mapping input sequences to output sequences. However,
the RNN has the disadvantage of recognizing data for only short periods of time due to
the vanishing/exploding gradient [47]. The LSTM solves the problem of the RNN with
special memory cells that can solve complex, artificial, long-time-lag tasks, which resulted
in it being an appropriate solution for our problem, since acceleration data are time series
data [46]. The LSTM network introduced a new mechanism called a memory cell.

A memory cell is regulated with three main gates: an output gate, an input gate and a
forget gate. The output gate protects other neurons from being perturbed by a currently
irrelevant memory cell state, while the input gate determines what input can alter the
memory cell state [46]. Lastly, the forget gate is responsible for gathering prior data and
what past information to forget from the cell’s previous state [46].

A LSTM memory cell would take in an input x; at time t, the hidden state /1;_; and
the cell state ¢;_; from the previous LSTM memory cell, and would output the current
hidden state /; plus the memory cell state ¢;. U, W and V denote the weight matrices,
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while b represents the bias vector. The forward pass of the LSTM unit could be expressed

as follows:
fr = o(Wgx + Ughy 1 + by) M
ir = o(Wixe + Uihi—1 + b;) 2)
¢ = tanh(Wexy + Uchy 1 + be) 3)
ct =108+ frociq 4)
o = 0c(Woxt + Uphy—1 + Vo + by) (5)
hy = o o tanh(cy) (6)

where o represents the element-wise multiplication, while f;, i;, ¢; and o represent the
forget, input, cell, output gates’ outputs, respectively. ¢; and h; are passed on to the next
time step.

As mentioned above, the LSTM-Raw network had 224 memory cells for each LSTM
layer and would take in a three-dimensional input vector x; per time-step. Each of the
LSTM layers would produce a hidden state output vector h; with 224 dimensions. As for
the LSTM-Features networks, it would take in an input vector x; with 40 dimensions per
time step. As each LSTM layer had 100 memory cells, each layer would generate a hidden
state output vector /1; with 100 dimensions.

3.4.2. Dropout Layer

Dropout is a technique commonly used to prevent overfitting in a deep neural network
with a vast number of parameters [44]. Limited training data in our study would lead to
overfitting, since we were using multiple LSTM layers. The main idea is to randomly drop
input units into the next layer during training, which prevents the units from co-adapting
too much [44]. We set the dropout rate to be 50%. This meant that when the hidden state
vector output by the previous LSTM layer was fed to the dropout layer, the dropout layer
would randomly set 50% of the hidden state vector dimensions to 0, which would be the
input vector into the next layer.

3.4.3. Dense Layer

The dense layer and a Sigmoid function were necessary to process feature representa-
tions extracted with the LSTM layers to complete our classification task. The dense layer
was also a fully connected layer, which meant that hidden state vectors generated by each
LSTM neuron after being randomly dropped out were being fed to every node in the
dense layer.

Since the output of the dense layer was not interpretable, it was fed into a Sigmoid
function so that it could be converted into a probability of the given sample being an
irregular class. The formula for Sigmoid is as follows:

1

S =y

@)
where x is the one-dimensional output vector of the densely connected layer.

4. Experiments Section
4.1. Experimental Setup
4.1.1. Hyper-Parameter Tuning

To determine the optimal network structure for each of the three modalities, the
number of neurons and layer hyper-parameters had to be tuned independently for each
modality. We first split the samples for each modality into training and test data subsets
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using an 80:20 split. The training data subset was further split into 80% for training and
20% for validation during the model fitting, so that the model learning behavior could
be monitored through training and validation learning curves to avoid underfitting or
overfitting. The test set was used to evaluate the structure.

We tuned the number of layer and number of neuron hyper-parameters with the
automated tuning package in Keras Tuner [48]. The hyper-parameters were optimized
using random searches to minimize validation loss in 30 maximum trials.

Neural networks are commonly trained using mini-batch processing. According to
Keskar et al. [49], using a larger batch size would lead to a less generalizable model. Hence,
upon determining the network structure, we also examined the effect of the batch size on
the classification performance to determine the most effective batch size.

4.1.2. Model Implementation

The proposed LSTM structure was implemented with Keras libraries [48], written in
Python and utilizing Tensorflow [50] as the backend. All the LSTM models with different
modalities were trained in a supervised manner. Each layer’s weights and biases were
initialized with randomly selected values. The LSTM parameters were optimized through
minimizing the binary cross-entropy loss function. The binary cross-entropy loss function
measures the distance between the predicted probability and the actual class. The binary
cross-entropy loss for a batch of N samples was defined as:

L= —Zil yilog(9:) + (1 —yi)log(1 — i) ®)

where y; denotes the truth value, taking the value 1 or 0, and 7; is the predicted Sigmoid
probability.

An optimizer used to update the network parameters to minimize the loss function
needed to be selected as well. We chose the Adam optimizer, since it was shown that it had
the best fitting effect for the purpose of human activity recognition [41]. A learning rate of
0.0001 was used to control the extent of the parameter updates.

4.1.3. Evaluation Metrics

We had a disproportionate sample of irregular classes in our dataset, as shown in
Tables 1 and 3. Hence, we used the area under the receiver operating characteristic (ROC)
curve (AUC), which described the relationship between the false positive rate and true
positive rate, as our performance metric because it is unaffected by skewed data [51,52].

Furthermore, once we determined the optimal network structure for all three modali-
ties, to verify the generalizability of the models to subject differences, we employed the
leave-one-subject-out test set procedure for the evaluation of each modality. During each
iteration of the protocol, to avoid overfitting for each model, the best epoch to halt training
was determined by utilizing the early-stopping strategy [45]. We initially set the training
epoch to an arbitrary large number of 200 in Keras and configured the early-stopping
criterion to halt training when there was no improvement in the validation AUC after
15 epochs. The optimal number of epochs for each respective model was then used to
retrain the models, and the models were evaluated with the test set.

4.1.4. Traditional Machine Learning Baseline Method

We verified the effectiveness of the proposed approach by benchmarking the approach
against the shallow machine learning method that was presented in our previous study [10].
We used an SVM model as our baseline shallow machine learning model for this experiment.
The workflow of training an SVM model is shown in Figure 9.
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Figure 9. Workflow of training an SVM model with gait features.

We pre-processed the raw data and performed stride segmentation prior to extracting
the 40-dimensional gait features described in Table 2, which was identical to the pre-
processing steps performed for the gait feature modalities delineated in Section 3.3.2.
The optimal feature subset was, subsequently, identified from the extracted gait feature
set to train the SVM model. The trained SVM model would generate predictions on a
stride-by-stride basis to discern whether a stride occurred on an irregular surface or not.

Our preliminary study also demonstrated that the classification performance of the
SVM model could be improved with post-processing on the per-stride predictions of the
SVM, since there were more frequent gait interruptions on irregular walking surfaces
compared to the good walking surfaces. We segmented the per-stride predictions by
sampling them into five consecutive strides for each segment using a sliding window
with the step size of one stride and averaging the predicted probability to obtain the final
prediction of that segment. The ground truth of the segment was based on the majority of
stride labels in the segment. Furthermore, for a complete comparison, we also conducted
the same pre-processing steps on LSTM-Features-1's per-stride predictions and compared
the classification performance of the per-stride and post-processing predictions between
our proposed approach and the shallow SVM approach.

4.2. Experimental Results
4.2.1. Selected Architectures

After hyper-parameter tuning, the resulting optimal structure for LSTM-Raw was four
hidden layers with 224 neurons at each layer. For both the LSTM-Features-1 and LSTM-
Features-5 modalities, the optimal architecture was identical, consisting of a configuration
with four hidden layers and 100 neurons at each layer. Tables 4-6 summarize the list of
the selected hyper-parameters for all three models, as well as the total number of trainable
parameters for each network.

Table 4. List of selected hyper-parameters for LSTM-Raw.

Selected Values

Window Size 110
Step Size 11

Stage Hyper-Parameters

Data Pre-Processing

LSTM_1 Neurons 224
LSTM_2 Neurons 224
Architecture LSTM_3 Neurons 224
LSTM_4 Neurons 224
Dropout Rate 0.5
Optimizer Adam
Training Batch Size 32
Learning Rate 0.0001
Total Trainable Parameters 1,411,425

Table 5. List of selected hyper-parameters for LSTM-Features-1.

Stage Hyper-Parameters Selected Values
Data Pre-Processing Wmdow. Size !
Step Size 1
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Table 5. Cont.

Stage Hyper-Parameters Selected Values
LSTM_1 Neurons 100
LSTM_2 Neurons 100
Architecture LSTM_3 Neurons 100
LSTM_4 Neurons 100
Dropout Rate 0.5
Optimizer Adam
Training Batch Size 32
Learning Rate 0.0001
Total Trainable Parameters 297,701

Table 6. List of selected hyper-parameters for LSTM-Features-5.

Stage Hyper-Parameters Selected Values
. Window Size 5
Data Pre-Processing Step Size 1
LSTM_1 Neurons 100
LSTM_2 Neurons 100
Architecture LSTM_3 Neurons 100
LSTM_4 Neurons 100
Dropout Rate 0.5
Optimizer Adam
Training Batch Size 32
Learning Rate 0.0001
Total Trainable Parameters 297,701

4.2.2. Effect of Batch Size

We tuned our hyper-parameters using the default batch size of 32, which is widely
considered as a practical and effective value [45]. Here, we examined the effect of batch sizes
of 16, 32, 64, 128 and 256 on the classification performance for all three architectures. Table 7
shows the classification results of different batch sizes for LSTM-Raw, LSTM-Features-1
and LSTM-Features-5. It was noticeable that boosting the batch size resulted in a reduction
in the prediction accuracy of each LSTM, which was in line with the conclusions drawn
by Keskar et al. [49]. At a batch size of 16, the classification results were similar to those
attained at the batch size of 32. Since a larger batch size yielded faster computation [45],
we picked 32 as the best batch size and used it for the training of our LSTM models.

Table 7. Classification results of different batch sizes across all LSTM models.

Batch Size LSTM-Raw (AUC) LSTM-Features-1 (AUC) LSTM-Features-5 (AUC)

16 0.92 0.86 0.93
32 0.92 0.86 0.93
64 091 0.85 0.92
128 0.91 0.85 0.91
256 0.90 0.85 0.90

4.2.3. Leave-One-Subject-Out Assessment

The classification outcomes for every test subject of the leave-one-subject-out assess-
ment for each LSTM model and the SVM baseline model are summarized in Table 8.
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Table 8. Classification results for each test subject for all LSTM models and SVM.

Test Subject LS("{;I\I/IJ-CR)aw LSTN([erjztrres-l LSTN(I:’IeJaCtrres-S SVM (AUC)
A 0.62 0.82 0.86 0.74
B 0.60 0.84 0.80 0.81
C 0.78 0.87 0.87 0.83
D 0.77 0.78 0.79 0.70
E 0.85 0.84 0.85 0.85
F 0.55 0.82 0.83 0.70
G 0.85 0.91 0.94 0.84
H 0.70 0.77 0.84 0.87
I 0.70 0.79 0.82 0.82
J 0.65 0.76 0.76 0.72
K 0.51 0.71 0.72 0.75
L 0.70 0.85 0.87 0.92
Average 0.69 0.81 0.83 0.80

LSTM-Raw was the least efficient, as it exhibited an inferior classification performance
compared to the SVM baseline, and had the lowest average AUC. Both the LSTM-Features
models slightly outperformed the SVM model, with LSTM-Features-5 achieving the highest
average AUC of 83%. These results validated the feasibility of utilizing hand-crafted
features to guide the learning of a LSTM network into convergence with the limited
sample size and subject count. When comparing the individual subject outcomes between
LSTM-Features-1 and LSTM-Features-5, we observed that introducing multiple strides
during training in LSTM-Features-5 resulted in an AUC improvement ranging from 1%
to 7%, leading to a 2% increase in the average AUC performance. This finding confirmed
the hypothesis that incorporating multiple strides during training could enhance the
performance of the LSTM-Features model. The LSTM-Features-5 model demonstrated
the highest level of robustness, as it was able to consistently attain an AUC of over 71%
regardless of the selection of subject data excluded from training. Compared to the LSTM
model trained with raw acceleration data, the impact of individual differences on the
performance of both the LSTM and SVM models was less noticeable when trained with
gait features. For completeness, Figure 10 shows the ROC curve of LSTM-Features-5 with
one of the test subject iterations that was closest to the average AUC. The area under the
ROC curve was 83%.

ROC

10 - o

True Positive Rate
\

00- =7 AUC = 0.83

0.0 0.2 04 0.6 0.8 10

False Positive Rate

Figure 10. The ROC curve of one of the test subject iterations for LSTM-Features-5.

Figures 11 and 12 depict the training process of one of the leave-one-subject-out it-
erations for LSTM-Features-5. During the network training, the training loss decreased
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gradually, while the validation AUC stabilized, indicating that the model achieved con-
vergence. With the early-stopping strategy, the training stopped at epoch 78 when the
validation AUC stopped improving after 15 epochs to prevent overfitting. As shown in
Figure 11, the gaps between the training and validation curves in the binary cross-entropy
loss were small. Figure 12 shows that the gaps between the training and validation curves
in terms of the AUC were exceedingly small. These results indicated that the dropout
technique was effective in preventing overfitting. After the learning curves stabilized and
the model achieved a good fit, training beyond that point could lead to overfitting. To
prevent this, the early-stopping strategy was employed.

Training and validation loss
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Figure 11. Training progress of one of the leave-one-subject-out iterations.

AUC

- Training AUC
=== Validation AUC

0.85 -

' ' ' ' | ' ' )
10 20 30 40 ) 60 70 80

Epoch

n
v

Figure 12. Training and validation AUC at each epoch for one of the leave-one-subject-out iterations.

4.2.4. Post-Training Stride Aggregation Post-Processing

The five-stride post-processing classification results for the SVM and LSTM-Features-1
for each test subject are shown in Table 9. The subject-wise classification results of the
SVM and LSTM-Features-1 improved across the board with post-processing compared
to the per-stride predictions in Table 8. The SVM’s average classification performance
was approximately 5% higher after post-processing, while LSTM-Features-1's average
AUC improved by 7%. Post-processing on the SVM’s per-stride predictions resulted in
an AUC improvement for all subjects in the range of 1% to 10%, while post-processing
on LSTM-Features-1's per-stride predictions led to an AUC improvement in the range of
3% to 9%. Comparing the post-processing results of the SVM and LSTM-Features-1, we
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could see that LSTM-Features-1 outperformed the SVM by an average of 2%. This meant
that LSTM-Features-1 with post-processing was the most effective model, as it exceeded
LSTM-Features-5’s classification performance by 5%. This finding suggested that post-
training stride aggregations could lead to better classification results, and they could be
more effective than incorporating multiple strides during the training stage.

Table 9. Five-stride post-processing classification results for each test subject for SVM and LSTM-

Features-1.
Test Subject SVM (AUCQ) LSTM-Features-1 (AUC)
A 0.77 091
B 0.91 0.90
C 0.88 0.92
D 0.79 0.83
E 0.91 0.87
F 0.73 0.89
G 0.94 0.96
H 0.94 0.86
I 0.89 0.87
J 0.77 0.79
K 0.76 0.80
L 0.95 091
Average 0.85 0.88

5. Discussion

In this study, we endeavored to improve upon the traditional baseline support vector
machine (SVM) machine learning method from our previous study [10] by leveraging the
LSTM network’s automated feature learning and knowledge distillation abilities. We first
examined how three input modalities impacted the performance of the LSTM network
and verified their effectiveness by using the baseline model as the benchmark. The results
showed that the LSTM trained with single-stride and multi-stride gait features improved the
overall performance compared to the baseline model, as the model’s ability was enhanced
to capture relevant patterns. This also confirmed the feasibility of the proposed approach.

The leave-one-subject-out test set assessment evaluated the robustness of the models
to individual differences. Our results, displayed in Section 4, showed that the LSTM
models trained with gait features outperformed the LSTM model with raw data and were
more generalizable to individual walking pattern differences. As presented in Table 8, the
prediction results of LSTM-Raw were considerably low, with only 51% AUC for subject K
and 55% AUC for subject F, which were deemed unacceptable. The LSTM-Feature models,
on the other hand, could produce satisfactory outcomes for both subjects. The analysis
presented here examined the causes of the inadequate performance of LSTM-Raw for
Subjects F and K. Figures 13 and 14 illustrate the boxplots of two top gait features identified
in our previous study, VM and VMD, and the distribution of values of each subject for those
gait features. Subjects F and K were distributed towards the lower fence of the boxplots.

Figure 15 illustrates the walking patterns of all subjects by combining those two
features on a scatterplot to examine if clusters were formed. Three distinct clusters could
be observed in the plot. Subjects F and K’s walking patterns were distinctively different
from the general pattern of the other two clusters. The plausible explanation for the less
than satisfactory performance of the LSTM network trained with raw data was that deep
learning models are negatively affected by noise effects in a raw signal, limited sample size
and subject variety [53,54]. The limited subject sample size and variety of walking patterns
led to the less comprehensive learning of feature representation from raw signals. This
constraint was mitigated by using hand-crafted gait features to train the LSTM network so
that the LSTM model could focus on identifying discriminative features [53]. Furthermore,
raw signals measured with the accelerometer were noisy, therefore, producing large intra-
class variances. Acceleration data that varied significantly for the same walking surface
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condition led to overfitting. Utilizing gait features would reduce noise and overfitting,
hence, making the model more generalizable. Additionally, the LSTM networks trained
with gait features also required less training time and computational cost, as the optimal
models had fewer parameters to train. This is highly desirable for the development of a
real-time irregular walking surface detection application.

—1®- Subject A
Subject B
Subject C
Subject D
Subject E
Subject F
2.0- Subject G
Subject H
(o) ® Subject |
1.9 - Subject |
Subject K
Subject L

2.1-

teee

t ¢4

1.8 -

1.7 -

VM

Figure 13. Distribution of mean vector magnitude (VM) of each subject on boxplot.
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Figure 14. Distribution of mean vector magnitude for double-stance phase (VMD) of each subject
on boxplot.
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Figure 15. Subject distribution based on VM and VMD features in scatterplot.

The experimental results also indicated that post-processing on several consecutive
per-stride predictions and incorporating multiple strides per window in the training stage
to generate a final prediction for a larger segment could improve the classification perfor-
mance. This observation was consistent with Kobayashi et al.’s research, which showed
that accuracy improved when segmenting smartphone acceleration into a larger window
size for convolutional neural network training for a sidewalk type estimation [40]. If the
recommended LSTM technique was to be applied in a real-world scenario, it would be
essential to capture at least five seconds of data, since a typical stride time for pedestrians
is approximately 1.10 s.

Conventional practices for sidewalk condition assessments, which depend on trained
experts from governmental agencies or the voluntary participation of residents or pedes-
trians, are subject to staffing and budget constraints. As a result, the time span between
assessments becomes extended [8]. Besides being user-oriented, the practicality of the
proposed deep learning approach was also evident, as it achieved a high classification
performance in detecting irregular walking surfaces using just a single wearable sensor. In
contrast to the shallow machine learning approach, the proposed deep learning approach
had an inherent ability to automatically distill knowledge from a high dimensional feature
set to extract a good representation, which is analogous to automated feature selection,
while simultaneously enhancing the classification performance. This scalable deep learning
method could be deployed as a tool to continuously analyze pedestrians” acceleration data
to monitor the surface conditions of sidewalks. The system, by removing human biases
during the evaluation, could introduce new perspectives to walkability assessments and
minimize the time and expense needed for on-site inspections.

Nonetheless, this study had its limitations. One of them was that the experiment was
conducted in an experimental setting instead of real-world neighborhoods that vary in
walkability. The subjects could have demonstrated distinct walking patterns in a real-world
environment as opposed to the experimental setting. Another limitation was the small
sample size of subjects. Therefore, we evaluated the approach by iterating through each
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subject to draw conclusions repeatedly. Another drawback of the proposed framework was
its inability to track the subjects’ locations due to the lack of global positioning system (GPS)
data. Finally, the LSTM is inherently a sequential model that relies on recurrence. This
sequential nature impeded parallelization during training [55] and could present challenges
in capturing long-term dependencies for longer data sequences in future experiments.

In the future, we plan to include more subjects to increase the number of subject sam-
ples and conduct our experiment in real-world walkable and less walkable neighborhoods.
Furthermore, GPS data could be integrated in future works to locate participants and
pinpoint the source of problematic sidewalk walking surfaces. To address the limitations
of the LSTM and to further enhance the classification performance, we also plan to con-
sider the use of a state-of-the-art deep network called the Transformer, which relies on a
self-attention mechanism instead of recurrence.

6. Conclusions

In this study, we presented a novel classification approach for the automated detection
of irregular walking surfaces based on a LSTM network using a single wearable accelerom-
eter placed at the right ankle. Three input modalities for the training of the LSTM network
were explored and their effectiveness was evaluated by comparing their classification
performance to the traditional baseline support vector machine (SVM) machine learning
method [10]. Based on the experimental results, it was found that the LSTM network
trained with single-stride hand-crafted gait features with post-processing achieved the
best performance. This affirmed the feasibility and effectiveness of the proposed approach.
The results indicated that the proposed method could be used as an unbiased tool for
detecting potentially problematic walking surfaces. Furthermore, this study unveiled new
avenues for the development of real-time sidewalk assessment systems. Considering the
sensitivity of our method to subtle variations in gait patterns, which is critical in clinical and
therapeutic settings, the proposed method could potentially be extended to the healthcare
domain as well. The application of the proposed method in monitoring gait patterns in
individuals with neurological disorders or assessing the effectiveness of gait-improving
interventions presents a promising direction for future research.
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Abstract: Determining the classification of motor competence is an essential aspect of physical
activity that must be carried out during school years. The objective is to evaluate motor competence
in schoolchildren using smart bands, generate percentiles of the evaluation metrics, and classify
motor performance through machine learning with hyperparameter optimization. A cross-sectional
descriptive study was carried out on 764 schoolchildren (451 males and 313 females) aged 6 to
17 years. Five state schools in the city of Arequipa, Peru were evaluated. Weight, height, and waist
circumference were assessed, and body mass index (BMI) was calculated. The tests evaluated in the
schoolchildren measured walking and running for 6 minutes. These tests were carried out using
smart bands, capturing cadence, number of steps, calories consumed, speed, stride, and heart rate.
As a result, the percentiles were created through the LMS method [L (asymmetry: lambda), M
(median: mu), and S (coefficient of variation: sigma)]. The cut-off points considered were <P25 (below
average), p25 to p75 (average), and >p75 (above average). For classification, the machine-learning
algorithms random forest, decision tree, support vector machine, naive Bayes, logistic regression,
k-nearest neighbor, neural network, gradient boosting, XGBboost, LightGBM, and CatBoost were
used, and the hyperparameters of the models were optimized using the RandomizedSearchCV
technique. In conclusion, it was possible to classify motor competence with the tests carried out on
schoolchildren, significantly improving the accuracy of the machine-learning algorithms through the
selected hyperparameters, with the gradient boosting classifier being the best result at 0.95 accuracy
and in the ROC-AUC curves with a 0.98. The reference values proposed in this study can be used
to classify the walking motor competence of schoolchildren. Finally, the mobile software product
built based on the proposed model was validated using the prototype of the Software Quality
Systemic Model (SQSM) based on three specific categories: functionality, reliability, and usability,
obtaining 77.09%. The results obtained can be used in educational centers to achieve the suggested
recommendations for physical activity in schoolchildren.

Keywords: machine learning; classification; motor competence; schoolchildren; wearable; hyperparameters

1. Introduction
1.1. Background

Machine-learning classification is training a computer model to recognize and catego-
rize data based on specific characteristics. It is typically classified as supervised, unsuper-
vised, semi-supervised, or reinforced [1]. In supervised classification, the model is trained
using labeled data to identify patterns and predict new data [2]. This technique has many
applications, including healthcare, education, and technology. One such application is
using smart bands in schoolchildren to monitor their physical activity and health status [3].

Physical activity, such as motor competence, is crucial for developing children and ado-
lescents, as it promotes overall health and well-being. Unfortunately, sedentary lifestyles
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and lack of physical activity have become increasingly common among school students.
Smart bands have emerged as a tool to combat this problem and measure physical activity
levels in students [4].

Smart bands are wearable devices that can monitor a person’s vital health statistics,
including heart rate, using a combination of sensors and machine-learning algorithms [3].
In the context of schoolchildren, smart bands can be used to track their physical activity
levels, sleep patterns, and overall health status. Machine-learning classification can be used
to analyze the data collected with smart bands and identify patterns that can help improve
the health and well-being of schoolchildren [1].

The importance of machine-learning classification for schoolchildren lies in its ability
to provide personalized and adaptive learning experiences. By analyzing data collected
from smart bands, machine-learning algorithms can create profiles for individual students
and design learning paths tailored to their specific needs and abilities [5,6]. Additionally,
machine-learning classification can identify students at risk for health issues and provide
early interventions to prevent or mitigate these issues [7]. Overall, the use of machine-
learning classification with smart bands in school children has the potential to improve
their physical and mental health and academic performance significantly. Machine-learning
algorithms can be optimized by tuning with hyperparameters, obtaining better results [8].

This research aims to explore the use of smart bands and the application of machine
learning to promote physical activity and motor competence in educational centers and
analyze the potential benefits of this approach. We will examine how smart bands measure
levels of motor competence, how machine learning with hyperparameter optimization is
used, and the benefits of using them in educational centers. In doing so, we hope to shed
light on the potential of these technologies to improve levels of motor competence among
students and ultimately contribute to improved health and academic outcomes.

1.2. Related Work

Smart bands are wearable devices that have become increasingly popular for tracking
and monitoring various physical and health activities, including motor competence. The
main works in this regard are presented.

The work of Kounoudes, Kapitsaki, and Katakis [1] indicates that smart bands and
wearable fitness devices can measure physical activity levels through various sensors and
tracking mechanisms. One of the most common ways smart bands can measure physical
activity levels is by monitoring the number of steps the user takes throughout the day.
Pedometer readings are commonly used to describe physical activity levels in adults, and
fitness trackers like Fitbit record the number of steps the user takes each day. Additionally,
VO2max measurements are often used to determine whether the user has increased or
decreased fitness level, and variations in VO2max are used as an indicator of overall health.
Garmin activity data include VO2max measurements, which can help determine fitness
levels. Daily step counts can show people’s habits and lifestyle as well as their risk of
mortality that may occur to them.

Amor and James [2] suggest that activity monitoring (AM) is a well-established
method for assessing an individual’s physical activity. The swift emergence of smartwatch
technology provides the capability to monitor activity and seamlessly engage with other
healthcare systems. Al-Janabi and Hamza [3] propose an intelligent data analysis model
to find optimal patterns in human activities based on biometric characteristics obtained
from smartwatches and smartphones. The forward and backward rule-based pattern finder
generates the optimal patterns that help humans organize their activities. The results show
that good patterns are generated for human activities. In addition, Weiss, Yoneda, and
Hayajneh [5] suggest that wearable devices include sensors that provide a platform to
implement and deploy motion-based mobile behavioral biometrics using the smartwatch
accelerometer by basically investigating the physical activity of walking. Therefore, they
used different sensors to evaluate physical activity better. The results show that motion-
based biometrics using smartwatches yield good results for the activities assessed.
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Ali et al. [7] concentrated on introducing innovative techniques for identifying and
recording physical activities using machine-learning methods and wearable sensors. Ev-
eryday physical activities tend to be unstructured or unplanned, with specific activities or
actions (such as sitting or standing) occurring more frequently than others (such as walking
or going up and down stairs). Existing activity classification systems have not explored
the impact of such class imbalances on the effectiveness of machine-learning classifiers.
Therefore, the study’s primary aim was to examine the influence of class imbalance on
the performance of machine-learning classifiers and to identify which classifiers are more
sensitive to class imbalance than others. The research utilized motion sensor data from
30 participants recorded during the performance of various activities of daily living.

Wang, Lizardo, and Hachen [9] demonstrate that social, psychological, and envi-
ronmental characteristics are related to physical activity among students by using Fitbit
devices to collect data on daily movement activities, number of calories, and heart rate,
among other measurements from a sample of 692 students, taking four indicators; they
showed that there is a strong relationship between the growth of group and individual
physical activity.

According to Sabry et al. [10], the application of machine learning to promote physical
activity includes fall detection, seizure detection, vital sign monitoring and prediction, and
activity recognition. Machine-learning techniques are also being explored for health moni-
toring, elder care, and fitness tracking. Additionally, machine-learning techniques have
been used to link physical activity to obesity by examining the relationship between physi-
cal activity and weight status in a large-scale dataset. The study found that the weighted
SVM algorithm with a penalized approach offered the best classification performance,
followed by ADA(REF).

Zhou et al. [11] indicate that machine learning can also automate and personalize
physical activity promotion programs by tracking people’s activity patterns and developing
therapy and exercise plans to reduce obesity. Additionally, machine-learning methods
predict exercise relapse and improve physical activity interventions by identifying unlikely
individuals to adhere to a physical exercise regimen.

Creaser et al. [12] note that smart bands and machine learning can promote the health,
well-being, or understanding of children or adolescents in schools. However, more research
is needed to explore their full impact. Wearables can also be used beyond encouraging
physical activity, such as studying and teaching health concepts. However, research
indicates when and how wearable devices with the most frequently used functions can be
used in schools. It suggests that they are acceptable instruments in the school environment
to monitor students” physical activity levels or educate them about the importance of
physical activity.

Site, Nurmi, and Lohan [13] reviewed machine-learning algorithms to analyze eHealth
data collected from wearable devices, emphasizing the significant potential for enhancing
healthcare quality and customer satisfaction through machine learning (ML). The ML
algorithms were applied to both time and frequency domain healthcare data derived from
wearable devices and sensors. The authors explored how ML techniques can effectively
process and analyze health sensor data, noting that accelerometers, gyroscopes, ECG
(electrocardiogram), EEG (electroencephalogram) monitors, and blood glucose sensors are
the primary sources of eHealth data. The study delved into various aspects, including
types of features and methods for feature extraction and ML algorithms commonly used
in eHealth data analysis. Notably, the authors concluded that, among the ML algorithms
studied in the literature, neural network (NN) algorithms and support vector machines
(SVMs) had demonstrated the most promising performance for analyzing healthcare data.

Himi et al. [14] introduce a predictive system named “MedAi”, which is based on a
smartwatch and employs machine-learning algorithms to predict multiple diseases. The
system consists of three main components: a “Sense O’Clock” smartwatch prototype
equipped with eleven sensors to gather body statistics, a machine-learning model for
analyzing the collected data and making predictions, and a mobile application to display
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the prediction results. The researchers obtained a dataset of body statistics from patients at
a local hospital. Several machine-learning algorithms were utilized in the study, including
support vector machine (SVM), support vector regression (SVR), k-nearest neighbor (KNN),
extreme gradient boost (XGBoost), long short-term memory (LSTM), and random forest
(RF). The goal was to identify the most effective algorithm. The experimental results
on the dataset revealed that the random forest (RF) algorithm outperformed the other
machine-learning algorithms tested.

Machine-learning algorithms commonly rely on a set of hyperparameters, the values
of which need to be chosen thoughtfully, and these choices often have a substantial impact
on the algorithm’s performance [15]. Hyperparameters are settings that are not directly
learned from the dataset but especially impact model performance. The most used search
strategies are grid search, manual search, and random search [14]. Several works are related
to optimization with hyperparameters, such as the one developed by Yagin et al. [16],
who used neural networks with hyperparameter optimization to predict obesity based
on physical activity. Rivera, Avilés, and Castillo-Castaneda [17] classified the physical
activity indicator using machine learning, and after feature, importance selection, and
hyperparameter were tuned. There are also works regarding health in general with the
optimization of hyperparameters [18].

2. Materials and Methods
2.1. Methodology

Machine-learning classification with smart bands in schoolchildren involves several
steps, including data collection and analysis. Smart bands are equipped with sensors that
collect data on physiological parameters, such as heart rate and physical activity levels.
The data are then analyzed to identify patterns and trends that can be used to develop
machine-learning models for classification.

Feature selection and preprocessing are crucial steps in the machine-learning classi-
fication process. Feature selection involves identifying the most relevant features from
the data that will be used to train the model. Preprocessing involves cleaning and trans-
forming the data to ensure they are suitable for analysis. These steps aim to provide the
machine-learning model access to high-quality data that will enable accurate classification.

The machine-learning model is trained and tested once the data have been collected,
analyzed, and preprocessed. Supervised machine-learning techniques are commonly
used for classification tasks, where the model is trained on labeled data. The model’s
performance is evaluated using accuracy, precision, f1-score, and recall metrics. The goal is
to develop a model that can accurately classify schoolchildren based on their physiological
parameters, which can be used to monitor their health and well-being.

The methodology used was CRISP-DM [19]. It comprises six phases: business under-
standing, data understanding, data preparation, modeling, evaluation, and deployment.

2.1.1. Business Understanding

This initial phase will identify the problem caused by traditional methods of evaluating
motor competence in educational centers, and a solution will be projected to resolve the
present issue. In this phase, there are different activities for understanding the business,
each of which will be described below.

1. Determination of objectives: The main goal focuses on exploring the use of smart
bands and the application of machine learning optimized to promote physical activity
and motor competence in schoolchildren and analyzing the potential benefits of
this approach.

2. Evaluation of the situation: A descriptive cross-sectional study was conducted on
764 schoolchildren (451 males and 313 females) aged 6 to 17. The sample selection
was non-probabilistic by convenience. Five state schools in the city of Arequipa, Peru,
were evaluated. The schoolchildren attended physical education classes twice a week.
Permission was requested from each school’s administration to conduct the study in
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both schools. Then, parents were informed about the objective of the project. Parents
who agreed to participate in the study signed the informed consent form to authorize
their children’s participation.

3. Determination of the goal of machine learning: At this stage, the determination will
be made to apply a correct supervised machine-learning technique to determine the
best algorithm that finds the best accuracy, precision, fl-score, and recall in students’
motor competence classification. A classifier is a function f that takes as input a set of
features x € X, where X is the feature space, and outputs a class label y € {1, ..., C},
where C is the class space.

2.1.2. Data Understanding

Anthropometric measurements and the utilization of the smart band followed the
recommendations outlined by the local ethics committee (UCSM-096-2022) and adhered
to the principles of the Declaration of Helsinki (World Medical Association) concerning
ethical standards for human research.

1.  Collection of initial data: Anthropometric measurements were conducted on-site
at each school. The evaluation team comprised professional physical education
teachers and research assistants. Weight and height were measured using Ross
and Marfell Jones’s standardized method. To determine body weight (kg), a BC
730 (Tanita Corporation) electronic scale was used, with a scale from 0 to 150 kg.
Standing height was measured using a portable stadiometer (Seca 216, Seca Gmbh
and Co., Hamburg, Germany), accurate within 0.1 mm. Waist circumference (WC)
was measured using a tape measure (Seca) to the nearest 1 mm. The body mass index
(BMI) was calculated by dividing the kilograms of weight by the square of the height
in meters: BMI = weight (kg) /height? (m).

According to the BMI Z-score, patients were classified as underweight/normal weight
with Z-scores between —2 and +0.99, overweight from 1 to 1.99, obese from 2 to 2.99,
and very obese >3 [20]. To categorize abdominal adiposity (WC) by age and sex, the
suggestions described by Fernandez et al. [21] were used. It was categorized into two
groups (without risk < p75 and with risk > p75).

The motor competence tests that were evaluated were the quantification of the number
of steps during school recess, and the 6-minute walk test was performed using a smart
band (Huawei band 7) with an AMOLED screen of 194 x 368 and with 1.47 inches.
This smart band has been used in other similar research [22]. The smart band was
placed on the wrist of each student’s hand, and its use was explained.

2. Describe and explore the data: The Kolmogorov-Smirnov test verified the dataset’s
normality. Descriptive statistics (mean, standard deviation, min, and max) were
calculated. Table 1 shows the description of the data of the schoolchildren.

Table 1. Description of schoolchildren’s data.

Age Weight Height Waist BMI Cadence Steps Speed Stride
mean 12.48 47.57 1.49 71.93 20.74 59.58 910.64 2.99 79.73
std 2.75 16.18 0.16 11.37 427 34.46 504.13 1.93 10.35
min 6 18.00 1.140 50.00 11.71 10.00 126.00 0.310 53.00
25% 10 34.00 1.370 63.00 17.66 30.00 499.00 1.315 72.50
50% 13 48.00 1.520 70.50 20.30 53.00 833.00 2.570 78.00
75% 15 58.10 1.630 78.50 23.35 82.50 1241.50 4.365 86.00
max 17 107.70 1.810 114.60 39.95 163.00 2189.00 9.760 111.00

t-test was used to calculate differences between both sexes in independent samples. Differences between BMI
and waist values were determined via one-way ANOVA and Tukey’s specificity test. In all cases, p < 0.05
was significant.
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2.1.3. Data Preparation

In this phase, the data are selected according to the most critical attributes to train and

test the algorithms that will be chosen for the study.

1.

Steps

2000

1500
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500 -

Data selection: Through data selection, it became feasible to identify and emphasize

those fields that would provide valuable contributions to the analysis of physical

activity for motor skill tests. Each data record has the following attributes within the

database:

a. Anthropometric data: age (years), weight (kg), height (m), sitting height (cm),
and waist circumference (cm).

b.  Average pace: the time the person can walk a kilometer; they are a number in
minutes and seconds format.

c. Average cadence: these are the steps per minute you can do; they are raw
numbers.

d.  Steps: these are all the steps the person has taken during the activity; they are
raw numbers.

e. Calories: the calories the person has burned during the activity; they are num-
bers without formats.

f. Average speed: the average speed at which the person has moved during
the activity in kilometers/hour; it is in number format with decimals without
arrangements.

g.  Average stride: it is the average distance taken by each step; they are numbers
without formats.

h.  Heartrate: these are the beats per minute the heart has given during the activity;
they are numbers without formats.

i Maximum heart rate: this is the maximum number of beats per minute the

individual has given in the activity; they are numbers without formats.

Data cleaning: Data cleaning tasks allowed us to discover correct and sometimes elim-
inate erroneous data records or outliers and convert and standardize the data types
necessary for processing in machine-learning algorithms. The Jupyter dashboard [23]
was used with the Python 3 programming language, with its Pandas library; it is a
rapid, robust, adaptable, and user-friendly open-source tool for data analysis and
manipulation. The Seaborn library was used with its boxplot function to visualize the
classes, as shown in Figure 1, where the high class has the highest proportion for both
sexes. Points outside a boxplot are visual indicators of values that may be unusual or
outliers compared to the rest of the data in the set.
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Figure 1. Types of motor competence according to the tests the male and female schoolchildren

carried out.
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2.1.4. Modeling

When conducting a detailed analysis of the data source, it was determined that the
classification output resulting from the motor competence tests is labeled as high, normal,
and low. For this reason, the decision was made that the most appropriate type of prediction
would be classification.

To do this, a comparison of popular supervised machine-learning techniques for a clas-
sification model will be conducted. According to the literature, the most used algorithms
and optimizers are:

1. Decision tree: A non-parametric supervised technique that constructs a classification
model as a tree structure, applicable for classification and regression tasks [24].

2. Random forest: It generates a set of decision trees by employing random resampling
on the training set [25].

3. Support vector machine: Creates effective boundaries to separate datasets by solving
a constrained quadratic optimization problem [26].

4. Naive Bayes: It is a probabilistic classifier based on Bayes’ theorem, assuming strong
independence within attributes of an instance [27].

5. Logistic regression: This type of regression analysis is used to predict the outcome
of a categorical variable based on the independent or predictor variables [28]. While
commonly recognized as a classifier, logistic regression can also be employed as a
regressor to predict numeric values. Its adaptability allows it to address classification
and regression problems, depending on the nature of the data and the analysis
objectives [28].

6.  Neuronal network: Most current neural network applications are concerned with
pattern recognition problems. Artificial neural networks consist of assemblies of
perceptrons designed for multi-layer feedforward networks [29].

7. K-nearest neighbors: It seeks to predict outputs by computing the distance between
the test data and training points, subsequently selecting the K number of points closest
to the test data [30].

8. Gradient boosted: This ensemble learning technique builds and combines several
weak learning models to form a more robust model. The main idea is to correct the
errors of the previous model by iteratively adding soft models. It focuses on fitting
the residuals of the previous model using a gradient-based approach [31].

9. XGBoost: short for “eXtreme Gradient Boosting”, is a specific implementation of
gradient boosting. It was developed to be fast and efficient in terms of resource usage.
It includes regularization, missing value handling, and a custom cost function [32].

10. LightGBM: Gradient boosting machines build sequential decision trees, with each
tree constructed based on the errors of the preceding tree. In the end, predictions are
made by summing the contributions of all these trees.

11.  CatBoost: CatBoost stands for “Category” and “Boost”; it handles categorical, numeric,
and text features. The CatBoost algorithm employs a symmetric tree or an oblivious
tree structure [33].

Anaconda Navigator Software 2.5.1 was used with its Jupyter Notebook 6.5.2 with
the Python 3 programming language and its Scikit-learn optimization library to compare
supervised machine-learning techniques for classification.

With careful preparation of the input data, it will be imported in a specific CSV format,
representing it as a table with the attributes selected in the “Data selection” section. Figure 2
shows the modeling developed to classify motor competence data, using information
generated by smart bands. This encompasses data processing, modeling, comparisons
with machine-learning algorithms, and achieving classification with optimization using
hyperparameters in the study.
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Figure 2. Modeling of data from the proposed study.

The percentiles were constructed using the LMS method [34]. The curves L represent
skewness (lambda), M represents the median (mu), and S represents the coefficient of
variation (sigma). The LMS method uses the Box-Cox transformation to fit the data
distribution to a normal distribution by minimizing the effects of skewness.

For this purpose, the P25, P50, and P75 percentiles of males (Table 2) and females
(Table 3) were created about the motor competence metrics: cadence (Figure 3), steps
(Figure 4), speed (Figure 5), and stride (Figure 6) for schoolchildren males and females.

Table 2. Percentiles of motor competence metrics of schoolchildren males.

Metrics Age

Cadence 67 89 10-11 12-13 14-15 16-17
L 0.94 —0.22 0.22 0.33 0.85 1.52
M 28 96 60 63 49 29
S 0.72 0.42 0.46 0.50 0.55 0.53
P25 20 55 44 38.5 29 21
P50 28 96 60 63 49 29
P75 65.5 120 88 86.8 68 44

Steps

L 1.33 —0.16 0.42 0.30 0.67 1.09
M 455 1437 884 1000 732 496
S 0.70 0.42 0.48 0.45 0.54 0.55
P25 299 772 628 690 470 309
P50 455 1437 884 1000 732 496
P75 796 1747 1179 1299 1097 726

Velocity
L 0.85 0.19 0.80 0.33 0.93 1.85
M 1.62 4.69 3.08 3.15 2.28 1.16
S 0.70 0.47 0.53 0.52 0.63 0.61
P25 1.11 2.73 2.10 1.84 1.17 0.90
P50 1.62 4.69 3.08 3.15 2.28 1.16
P75 3.48 6.00 4.30 4.51 3.69 1.92

Stride

L —0.02 0.65 0.91 0.41 0.27 0.66
M 88 82 80 82 76 71
S 0.14 0.12 0.12 0.12 0.106 0.12
P25 74.5 76 74 76 71 66
P50 88 82 80 82 76 71
P75 97.5 90 86 87 83 78

Legend: P: percentile, L: (skewness, lambda), M: (median, mu), S: (coefficient of variation, sigma).
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Table 3. Percentiles of motor competence metrics of schoolchildren females.

Metrics Age

Cadence 67 8-9 10-11 12-13 14-15 16-17
L —0.06 —041 0.25 0.41 1.04 1.48
M 75 94 69 60 36 29
S 0.52 0.34 0.47 0.49 0.67 0.53
P25 40 68.75 33 35 20 20
P50 75 94 69 60 36 29
P75 108 111.3 89 84 60.5 44

Steps

L 0.21 —0.24 0.58 0.54 0.99 1.29
M 941 1391 802 784 613 529
S 0.52 0.37 0.57 0.49 0.61 0.52
P25 615 989 462 578 426 359
P50 941 1391 802 784 613 529
P75 1584 1608 1233 1226 937 762

Velocity
L —0.06 —0.29 0.79 7.97 1.11 1.84
M 391 4.75 291 3.04 1.58 1.27
S 0.52 0.36 0.62 5.50 0.74 0.62
P25 2.15 3.33 1.52 1.77 0.94 0.92
P50 391 4.75 291 3.04 1.58 1.27
P75 5.41 5.69 4.16 4.26 3.09 1.78

Stride

L —-2.97 1.47 1.11 0.79 0.27 0.57
M 84 82 78 77 76 71
S 0.24 0.10 0.11 0.11 0.09 0.12
P25 81 79 75 73 72 65.5
P50 84 82 78 77 76 71
P75 89.5 86.3 86.5 86 81.5 77.5

Legend: P: percentile, L: (skewness, lambda), M: (median, mu), S: (coefficient of variation, sigma).
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Figure 3. Distribution of percentiles for the cadence in schoolchildren in both sexes.
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Figure 4. Distribution of percentiles for the number of steps in schoolchildren in both sexes.
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Figure 5. Distribution of percentiles for the velocity in schoolchildren in both sexes.
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Figure 6. Distribution of percentiles for the stride in schoolchildren in both sexes.

3. Evaluation and Results

For the Anaconda Navigator platform with Jupyter Notebook, different machine-
learning techniques used in further research were modeled [35], which were decision
tree, support vector machine, random forest, naive Bayes, logistic regression, k-nearest
neighbors, neuronal network, gradient boosted, and smart bands. Of the data to model,
80% was used for training and 20% for testing.

Jupyter Notebook is a widely used tool in the machine-learning community, where
you can import a set of libraries, train a dataset classification classifier, and evaluate the
model by just using a few lines of code in Python with its library Scikit-learn.

Likewise, the optimization of hyperparameters with the Scikit-learn optimization
library was used. Hyperparameters are parameters that are not directly learned by the
learning algorithm. The basic hyperparameter tuning models are manual search, grid
search, and random search. Random search was used for training since it allows us to find
equal or better models in computing time.

The configuration used for the hyperparameters in the case of gradient boosted was
the loss function to optimize with the “log_loss” option, the criterion with the process to
measure the quality of a division with the “friedman_mse” option, the “learning_rate” with
0.1, “max_depth”: 3, “min_samples_leaf”: 1, “min_samples_split”: 2, “n_estimators”: 100,
“random_state”: none, “subsample”: 1.0, “tol”: 0.0001, “validation_fraction”: 0.1, and with
the other default parameters.

Next, the tests were carried out, and the results of the modeling that was executed for
the different techniques that were previously chosen were obtained using the CSV file as
input data and made up of the motor competence variables.

To evaluate the model [36], accuracy in Equation (1), recall in Equation (2), precision in
Equation (3), and the f1-score in Equation (4) were used. For many classes C;, fp; represents
false positive, tp; true positive, fi; false negative, and tn; true negative.

tp; + tn;

Accuracy = 1
Y tp; + tni+fp; + fn, W

Yy e
Recall = % ?)
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Yo e

lpl fpl (3)
(Precision) x (Recall)
(Precision) + (Recall)

Precision =

F1 — score =2 x

(4)

Tables 4 and 5 compare the classical and optimized machine-learning techniques
results with selected hyperparameters and the accuracy, fl-score, recall, and precision
metrics for both schoolchildren males and females.

Table 4. Comparison of results of supervised machine-learning techniques in males.

Algorithm DT SVM  RF NB LR KNN MLP GB XGB LGBM CB
Accuracy 088 069 092 074 078 081 068 093 092 094 093
Accuracy optimized 087 08 092 075 079 08 070 095 091 094 093
hyperparameter
f1-score 087 074 093 077 08 08 072 092 091 093 092
Recall 08 067 094 073 084 088 067 092 090 094 092
Precision 088 082 092 08 08 08 077 092 092 092 092

Legend: DT: decision tree, SVM: support vector machine, RF: random forest, NB: naive Bayes, LR: Logistic
Regression; KNN: k-nearest neighbors, MLP: multilayer perceptron, GB: gradientboosted, XGB: extreme gradient
boosting, LGBM: light gradient boosting machine, CB: CatBoost.

Table 5. Comparison of results of supervised machine-learning techniques in females.

Algorithm DT SVM  RF NB LR KNN MLP GB XGB LGBM CB
Accuracy 086 068 088 071 078 072 072 08 087 08 090
Accuracy optimized 086 080 087 072 08 08 074 08 084 08 088
hyperparameter

f1-score 091 068 092 076 089 08 08 093 092 090 093
Recall 097 061 094 069 094 092 08 092 08 091 094
Precision 086 076 089 083 08 08 078 094 094 08 092

Legend: DT: decision tree, SVM: support vector machine, RF: random forest, NB: naive Bayes, LR: Logistic
Regression; KNN: k-nearest neighbors, MLP: multilayer perceptron, GB: gradient boosted, XGB: extreme gradient
boosting, LGBM: light gradient boosting machine, CB: CatBoost.

In the results of the previous tables, it can be identified that, for the classification
techniques, those that gave the best results concerning accuracy for the case of males
and females were gradient boosting, whose values were the highest, indicating a better
adjustment to the estimated prediction with a value of 0.95. For the f1-score metrics, the
algorithms gave similar values of 0.92 between males and females. In the case of recall, it
was 0.92. The confusion matrix of the gradient boosting machine-learning algorithm with
the highest score found is shown in Figure 7.

Confusion matrix

High

Normal -

True label

T
Normal Low
predicted label

High

Figure 7. The confusion matrix of the gradient boosting machine-learning algorithm.
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Figures 8 and 9 show a graph of the ROC-AUC curves of gradient boosting for males
and females.
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Figure 8. ROC-AUC curves of gradient boosting in males.
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Figure 9. ROC-AUC curves of gradient boosting in females.

7

Observing the results of the ROC curves, in the case of male schoolchildren, the “Low”
class shows an intense elevation towards the upper left corner of the graph and has a high
area under the curve (AUC) of 0.98; this indicates that the model has a high sensitivity
to detect the “Low” classification of motor competence. The false positive rate is low,
suggesting the model does not misidentify many schoolchildren with the “Low” motor
competence classification.

In the case of the female schoolchildren, the “High” class shows an intense elevation
towards the upper left corner of the graph and has a high area under the curve (AUC) of
0.98; this indicates that the model has a high sensitivity to detect the classification “High”
motor competence. The false positive rate is low, suggesting the model does not misidentify
many schoolchildren with the “High” motor competence classification. On the other hand,
the dark blue dotted line refers to the fact that the test has been bad, which is not the case
of the study.

Deployment

A mobile app was developed in Android Studio using the Flutter framework. The
code structure was organized by the best mobile application development practices and
following the design pattern recommended by Flutter, which is the model-view—controller
(MVC) design pattern. Firebase real-time database was used for storage.
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The primary interfaces are shown in Figure 10, where you have the login screen and
the options menu.

View/Add Student
List
BMI Calculator
Enter your Emalil

alexander@hotmail.com

E Information
Enter your password

Log Out

Do not you have an account?

Figure 10. Initial interfaces of the mobile app.

Figure 11 shows the interface that allows entering the data corresponding to the
student; the body mass index (BMI) will be able to be calculated automatically. Additionally,
table is provided to identify the student’s BMI classification. Likewise, the interface that
allows entering the data captured with the smart band, such as speed, cadence, stride,
and steps of the schoolchildren, is shown. It contains an Artificial Intelligence function
that allows you to locate your position within the percentiles generated from the sample
of schoolchildren.

The process was evaluated through the prototype of the Software Quality Systemic
Model (SQSM). This model is planned based on six standardized international quality
characteristics through a set of characteristic categories and metrics, which measure and
evaluate the software quality of a product; this model is made into an instrument for
measuring great value covering essential aspects of software quality.

It was carried out in the selected educational centers to evaluate the application’s func-
tionalities. The information collected meets expectations as it explains the population’s needs.

Once the various interviewees were integrated, we proceeded with the evaluation
method based on the Systemic Quality Model, which includes 11 categories. We have
selected three specific classes related to the software: functionality, reliability, and usability
because these apply to the case study. Table 6 shows a detailed description of each category
with the interviews.

Considering the levels of satisfaction achieved in the categories of functionality, re-
liability, and usability, by calculating the arithmetic mean, it is observed that the degree
of satisfaction of the application for the specialists of the educational centers is 77.09%.
By contrasting this result with the quality level, it is evident that the application meets
significant standards.
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Figure 11. Calculation interfaces and use of Al to generate the value of your motor competence

within the percentiles.

Table 6. Categories and characteristics according to the prototype of Software Quality Systemic

Model (SQSM).
Characteristics Subcharacteristics Metrics Percente'lge of Quality Level
Compliance
Functionality (FUN) FUN. 1 Fit for purpose 20 84.00% Satisfied
FUN. 2 Accuracy 6 86.67% Satisfied
FUN. 3 Interoperability 4 86.67% Satisfied
FUN. 4 Security 3 53.33% Does not satisfy
Subtotal 33 81.88% Satisfied
Usability (USA) USA.1 Ease of Compression 5 90.00% Satisfied
USA. 2 Learning Capacity 8 92.00% Satisfied
USA. 3 Graphical Interface 4 95.00% Satisfied
USA. 4 Operability 3 52.00% Does not satisfy
Subtotal 20 82.73% Satisfied
Reliability (RIA) RIA. 1 Maturity 5 60.00% Does not satisfy
RIA. 2 Fault tolerance 4 90.00% Satisfied
RIA. 3 Recovery 2 50.00% Does not satisfy
Subtotal 11 69.09% Does not satisfy
Total 64 77.09% Satisfied

4. Discussion

The study’s objective was to classify the motor competence of schoolchildren per-
formed in a school using smart bands according to age range and sex, using machine-
learning techniques optimized with hyperparameters acceptably for the classification
indicated through the passing results in the tests carried out.

The results of the study have shown that according to the motor competence tests
carried out, step cadence values obtained range from 96 to 29 steps in both sexes and the
number of steps ranges from 1437 to 455, with speed from 4.75 to 1.16 and the stride from
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88 to 71. Furthermore, it was verified that the measurements obtained decreased rapidly
with age, being more pronounced in females than in males.

In this context, the cut-off points suggested in other recent research [37] were taken as a
basis, where the study proposed percentiles of the number of steps in a day. The percentiles
indicate <p25 below average, p25 to p75 average, and >p75 above average. In essence,
percentiles, regardless of the method used, can be applied to establish improvement goals,
especially for schoolchildren below the 25th percentile [38]. For example, the schoolchildren
in this study classified below the p25th percentile in the tests performed showed higher
BMI values.

Precisely, these results coincide with those found in [4], when it states that the measure-
ments obtained decrease rapidly with age. This information could help promote strategies
for developing physical activity in schoolchildren in educational centers to improve their
performance. However, a limitation found in the study was the need for a broader set of
tests to be performed.

Furthermore, the results of the study have shown that using machine-learning tech-
niques such as those evaluated by Himi et al. [14,39], then optimized with hyperparameters
like work carried out by Yadav et al. [38] and Yang et al. [40], they achieve reasonable
classifications for schoolchildren according to their motor competence. It can also be seen
that the naive Bayes algorithm obtains the lowest results [41,42].

It was determined that the most suitable supervised machine-learning technique
would be the gradient-boosted model, which has obtained the best accuracy of 0.95 with an
f-score of 0.93, recall of 0.92, and precision of 0.94, which was used in works such as [43,44].
This has been corroborated by the ROC-AUC curves, where the “Low” classes for males
and “High” for females show a substantial elevation towards the upper left corner of the
graph and have a high area under the curve of 0.98; this indicates that the model has a high
sensitivity to detect motor competence classification.

This study represents a significant contribution with the use of wearable devices for
data capture and classification using machine-learning algorithms optimized with hyper-
parameters for motor competence in schoolchildren that can support people interested in
finding more precise ways to evaluate motor competence with the support of technology.

5. Conclusions

In conclusion, smart bands have shown great potential to improve the motor com-
petence of schoolchildren through machine learning and hyperparameters. The gradient-
boosted algorithm is a good model for classifying schoolchildren. Motor competence is
a crucial aspect of the development of children and adolescents, and smart bands can
facilitate this process by providing personalized feedback. By harnessing the power of
technology, smart bands can help children develop essential motor skills, leading to bet-
ter physical health and overall well-being. As more research is conducted in this field,
we expect to see more advancements in smart band technology, which will undoubtedly
positively impact child development.

Finally, the mobile software product built based on the proposed model was validated
using the prototype of the Software Quality Systemic Model (SQSM) based on three specific
categories: functionality, reliability, and usability, obtaining 77.09%

Expanding the determining attributes for classifying motor competence in schoolchil-
dren is recommended in future work. Additionally, constructing the application of other
classification algorithms is essential to compare results and assess efficiency, as well as deep
learning. Different approaches, such as transfer learning, can be used to adapt domain data
to train at high fidelity.
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Abstract: Background: Hemodialysis (HD) patients have significantly higher mortality
rates compared to the general population, primarily due to complex comorbidities. This
systematic review and meta-analysis aimed to evaluate and compare the performance
of various machine learning (ML) models in predicting mortality among HD patients.
Methods: The analysis followed PRISMA guidelines, including studies that assessed
the predictive capabilities of ML models for mortality in HD patients. Review Manager
software version 5.4.1. was used for meta-analysis, and the performance of ML models was
compared, including logistic regression, XGBoost, and Random Forest models. Results:
The meta-analysis indicated that the logistic regression model predicted a true positive
mortality rate of 8.23%, close to the actual rate of 10.53%. In contrast, the XGBoost and
Random Forest models predicted rates of 9.93% and 8.94%, respectively, compared to the
actual mortality rate of 13.73%. The highest area under the curve (AUC) was reported for
the Random Forest model at a 3-year follow-up (AUC = 0.89). No significant difference
was found between the performance of logistic regression and Random Forest models
(p = 0.82). Conclusions: ML models, particularly Random Forest and logistic regression,
demonstrated effective predictive capabilities for mortality in HD patients. These models
can help identify high-risk patients early, facilitating personalized treatment strategies and
potentially improving long-term outcomes. However, the observed heterogeneity among
studies indicates a need for further research to refine model performance and standardize
predictive features.

Keywords: machine learning; Random Forest; logistic regression; ESKD; mortality
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1. Introduction

Hemodialysis (HD) remains a critical and life-sustaining treatment for patients with
End-Stage Renal Disease (ESRD), a severe condition characterized by the irreversible loss of
kidney function. Patients with ESRD represent approximately 89% of individuals requiring
dialysis therapy, underscoring the high prevalence of this population within the dialysis
setting [1,2]. Despite advances in treatment, hemodialysis patients experience significantly
higher mortality rates than the general population, with cardiovascular diseases being a
major contributing factor [3,4].

The elevated risk of mortality in HD patients results from a complex interplay of
factors. Advanced age, high estimated glomerular filtration rate (eGFR) at dialysis initiation,
the use of vascular catheters, low serum albumin, and reduced hemoglobin levels have all
been identified as critical predictors of poor outcomes [5-9]. Early risk stratification using
these clinical indicators is essential for improving patient management and enhancing
survival rates [10].

Traditional risk prediction models, such as Cox proportional hazards regression and
logistic regression, have been widely used to identify mortality risk factors in HD pa-
tients [8,11-19]. While they possess the flexibility to incorporate non-linear relationships
and interaction effects through explicit inclusion of transformed variables (e.g., polynomial
terms, splines) or interaction terms, identifying and specifying all relevant complex rela-
tionships in advance can be challenging. In practice, simpler model structures are often
initially employed, which may not fully capture and predict unknown patterns inherent in
complex biological data. This may potentially limit predictive performance compared to
methods designed to automatically detect such patterns, especially when applied to large,
heterogeneous patient populations [20].

The rise of big data and advanced computational techniques has paved the way for
machine learning (ML) approaches, which have shown promise in addressing the limita-
tions of traditional statistical models. Unlike conventional methods, ML algorithms such
as Random Forest and XGBoost can handle complex, non-linear relationships between
variables and can adapt to evolving clinical datasets [21]. These models excel in identifying
novel predictive features and have demonstrated superior accuracy in mortality risk predic-
tion compared to traditional models [22-25]. Additionally, ML models offer the capability
to estimate individualized treatment effects, providing a more personalized approach to
patient care.

Since traditional risk prediction models often struggle with the complex, non-linear
interactions present in hemodialysis patient data, ML may offer additional advantages
in addressing these complexities. Therefore, the primary objectives of this systematic
review and meta-analysis are to systematically identify and summarize studies that have
developed and evaluated ML models for predicting all-cause mortality in hemodialysis
patients. In addition, we aim to compare the reported predictive performance of various
ML models, focusing on metrics such as Area Under the Receiver Operating Characteristic
curve (AUC), sensitivity, and specificity, with particular attention to commonly employed
algorithms like Random Forest and Logistic Regression. These findings will help to evaluate
the current state of ML application in this area and assess the potential clinical utility of these
models for enhancing risk stratification and informing personalized patient management
strategies in the hemodialysis setting.

2. Materials and Methods
2.1. Study Design and Protocol Registration

This meta-analysis was performed in accordance with the Preferred Reporting Items
for Systematic Reviews and Meta-Analyses (PRISMA) guidelines and the Cochrane Hand-
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book for Systematic Reviews of Interventions [26,27]. The study protocol has been regis-
tered in the PROSPERO database under the registration number CRD42024517408.

2.2. Literature Review

Four databases were searched: PubMed, Web of Science, Scopus, and Cochrane, with-
out restrictions. The Mesh database was used to construct the search strategy. The search
consisted of a combination of the following keywords: (“Mortality” [Mesh] OR “Mortality”
OR “Mortalities” OR “Death Rate” OR “Case Fatality Rate” OR “Case Fatality Rates” OR
“Case Fatality Rate”) AND (“Kidney Failure, Chronic” [Mesh] OR “Chronic Renal Failure”
OR “End Stage Kidney Disease” OR “End Stage Renal Disease” OR “End-Stage Renal
Failure” OR “Chronic Kidney Failure” OR “Renal Dialysis” [Mesh] OR “Renal Dialyses”
OR Hemodialysis OR Hemodialysis) AND (prediction OR predictors OR prognostic) AND
(Machine learning OR model OR validation).

2.3. Eligibility Requirements and Study Selection

The inclusion criteria encompassed studies addressing the ability of ML models to
predict mortality among HD patients. Articles of any study design, written in English, and
with full text available were included. No limitations concerning the publication date were
applied. We omitted studies with inadequate data for extraction. Reviews, book chapters,
theses, editorials, letters, conference papers, non-English studies, and animal or in vitro
research were excluded.

Two independent reviewers evaluated the articles obtained from the four electronic
databases for eligibility by reviewing the title, abstract, and full text in an Excel spreadsheet.
A third impartial reviewer resolved any disagreements.

2.4. Assessment of Study Quality

The Cochrane risk-of-bias instrument, the QUADAS-2 tool, assesses the risk of bias
in each study across four domains: participant selection, index test, reference standard,
flow and timing, as well as an overall assessment of bias risk [28]. This tool is specifically
designed for systematic reviews of diagnostic or prognostic accuracy studies and evaluates
potential bias across four key domains: (1) Participant Selection: Assessing whether the
patient sample was representative of the target population and whether selection could
introduce bias. (2) Index Test: Evaluating the conduct and interpretation of the ML model
development and validation (the “index test” in this context), including whether thresh-
olds were pre-specified. (3) Reference Standard: Assessing the method used to establish
the true outcome (mortality) and whether it was likely to classify the outcome correctly.
(4) Flow and Timing: Evaluating patient flow, dropouts, and the appropriateness of the
time interval between the index test and reference standard ascertainment.

2.5. Data Extraction

Data extraction was conducted independently by two reviewers and recorded in
a pre-defined Excel spreadsheet. Extracted data included study characteristics such as
design, country, period, and sample size; patient demographics and clinical parameters;
and the outcomes of machine learning model performance. The variables included in
the datasets were demographic (age, gender, body mass index), clinical (vascular access
type, comorbidities, duration of hemodialysis), and laboratory parameters (e.g., levels of
hemoglobin, albumin, calcium, phosphorus, potassium, sodium, and creatinine). Mortality
status during the follow-up period was the primary outcome variable. Any disagreements
were resolved through discussion among the reviewers.
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2.6. Statistical Analysis

We performed the statistical analysis using the Review Manager (Revman) software
version 5.4.1. To pool the results of the meta-analysis, we used mean difference (MD)
with a 95% confidence interval (CI). Significance was detected at a p value less than 0.05.
A random-effects model was chosen due to the anticipated clinical and methodological
diversity across studies, including variations in patient populations, ML models used,
features included, and study designs. Statistical heterogeneity was assessed using the
Chi-square test at p < 0.1. Subgroup analysis based on the machine learning model tested,
along with leave-one-out sensitivity analysis, was planned to explore potential sources
of heterogeneity.

2.7. Outcomes Measures

Mortality prediction was the primary outcome of this meta-analysis. It was reported in
the studies as an Area Under the Curve (AUC) and 95% CI. The sensitivity and specificity
of the models were qualitatively compared. In addition, the number of true positive, true
negative, false positive, and false negative cases were also qualitatively compared among
the included studies.

3. Results
3.1. Study Selection

The study selection process is illustrated in Figure 1. The initial search across relevant
databases yielded 6276 studies. After removing duplicates, 6114 studies were screened
based on title and abstract. Subsequently, 6089 studies were excluded due to irrelevance to
the research question. A full-text assessment was conducted for the remaining 84 reports.
A further 64 reports were excluded for various reasons: unavailability of full text (n = 6),
duplicate publication (1 = 7), mismatched intervention (n = 11), irrelevant outcome (n = 14),
or inappropriate population (1 = 15). Ultimately, 11 studies met the inclusion criteria
and were included in the systematic review and meta-analysis. All included studies were

retrospective cohorts (Table 1).

Table 1. Summary of the included studies.

Study Design Country Period Sample Size ML Models Summary
Random Forest showed superior
Garcia-Montemayor Retrospective . - Random Forest, performance over logistic regression
(2020) [10] Cohort Spain 1995-2015 1571 Logistic Regression for mortality prediction in
hemodialysis (HD) patients.
Developed ML and traditional
. - models for 3-year mortality risk
Chaudhuri (2023) [29] Retrospective Multicenter ~ Not Specified 95,142 XGBoost, Logistic classification in prevalent HD
Cohort Regression : ;
patients, demonstrating good
accuracy.
Retrospect Variows ML Models e motaliy ik in
Sheng (2020) [30] crospective China 2007-2019 5828 (e.g., Adaptive o stratify first-year mortality ris
Cohort Boosti HD patients, aiding early risk
oosting, XGBoost) A AP
identification.
R . Accurately predicted short-term
Akbilgic (2019) [31] etrospective us 2007-2014 27,615 Random Forest tality in incident ESRD patient
gic Cohort g andom Fores mortality in inciden patients,
supporting clinical decision-making.
- . Provided insights for nephrologists
Retrospective Logistic Regression, on short-term mortality risks
Lee (2023) [32] Taiwan 2006-2012 800 Decision Tree, . . 4
Cohort enhancing patient-centered
XGBoost decisi .
ecision-making.
Developed a prognostic model for
. Retrospective . - . 1-year mortality, highlighting
Mauri (2008) [33] Cohort Spain 1997-2003 946 Logistic Regression modifiable risk factors for targeted

interventions.
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Table 1. Cont.

Study Design Country Period Sample Size ML Models Summary

Suggested potential for prediction

" Retrospective - . models to evolve into alert systems
Thijssen (2012) [34] Cohort us 2000-2009 2326 Logistic Regression for timely intervention in high-risk

patients.
Developed an XGBoost model with
. Retrospective excellent calibration for early
Rankin (2022) [35] Cohort us 2008-2017 345,305 XGBoost mortality prediction post-dialysis
initiation.
Employed anomaly detection with
Retrospective . Multiple ML Models LSTM autoencoder, effectively
Wang (2021) [36] Cohort China 20072016 1200 (e.g., SVM, LSTM) identifying high-risk patients using
longitudinal HD data.
Logistic Regression outperformed
. Retrospective Decision Tree, SVM, other models; key predictors
Khazaei (2021) [37] Cohort fran 20072017 758 Logistic Regression included gender, age, iron levels,
CRP status, and URR.
Identified key predictors (e.g., LDH,
Retrospective RDW) in pediatric HD patients,
Gotta (2020) [38] Cohort us 2004-2016 363 Random Forest emphasizing the need for tailored

management strategies.

Identification :]

@

Soreening

Identification of studies via databases and registers

Records identified from
datsbases (n = 6276):

A 4

Records screened
(n=6114)

Y

Full texts assessed for eligibility
(n=64)

v

Elnoluded J [

Studies included in systematic
review and network mets-
analysis

(n=11)

Records removed before the
screening.
Duplicate records removed (n
=162)

Records excluded®*
(n =6089)

Reports excluded (n = 53):
No full text avsilable (n = 6)
Duplicates (n=7)

Not our populstion (n = 15)
Not our outcome (n = 14)
Not our intervention (n = 11)

Figure 1. Flowchart of the study selection process. ** Records excluded** (n = 6089) due to irrelevance

at title and abstract screening.

The included studies were conducted over a broad period, from 2012 to 2023, with data

collection spanning from 1995 to 2019. A variety of ML models were investigated across
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these studies, including Logistic Regression, Adaptive Boosting, Decision Tree, Gradient
Boosting, K-Nearest Neighbor, Random Forest, XGBoost, and Support Vector Machine.

3.2. Baseline Characteristics of the Included Patients

The age range of the included patients varied between 50.29 & 15.73 and 68.7 4= 11.2
(Table 2). The majority of patients were male. Body mass index (BMI) ranged from
21.73 4+ 21.83 to 30 £ 68. Albumin levels ranged from 3.2 & 0.6 to 4 & 0.45 g/dL. Sodium
levels ranged from 138.5 £ 2.6 to 139.28 £ 3.7 mEq/L, while potassium levels ranged
from 4.7 + 0.69 to 4.91 & 0.89 mEq/L. Calcium levels fluctuated between 8.86 & 0.64 and
9.04 £ 3.88 mg/dL, while phosphorus levels ranged from 4.27 £ 1.59 to 5.2 + 1.48 mg/dL.
Creatinine levels varied widely across studies, ranging from 6.46 + 3.52 t0 12.9 - 6.1 mg/dL.
Similarly, hemoglobin levels ranged from 9.66 + 1.64 to 11.7 + 1.1 g/dL.
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3.3. Quality Assessment Results

The risk of bias graph and summary are illustrated in Figures 2 and 3. Regarding
participant selection, all studies exhibit a low risk of bias, except for five studies, which
showed an unclear risk of bias: Garcia-Montemayor 2020, Gotta 2020, Khazaei 2021,
Chaudhuri 2023, and Wang 2021 [10,29,36-38].

Risk of Bias Applicability Concerns

Fatient Selection
Fatient Selection

Index Test
Index Test

[A]
[N ]
- . . . Reference Standard

Akbilgic 2019

Chaudhuri 2023

v | @
...-.

[N ]
= . [N ]
- . . . Reference Standard

® 000 e e e ® e fiowandTiming

Garcia-Monternayor 2020

e

e

Gotta 2020 | 2 ® o0
khazaei 2021 | 2 | 2 | @ ® e o
Lee2022 | @ | @ | ® ® 00
mawri 2008 | @ | @ | @ ® 0o
Rrankin 2022 | @ | @ | 2 ® 2|7
sheng 2020 | @) | @ | @ 00
Thijzsen 2012 | @ | @ | 2 ® e o
wiang 2021 | 2 | @ | @ 7|12 |@®

.High ? Unclear .an

Figure 2. Risk of bias summary of the included studies [10,29-38].

Patient Selection | I [ ——

ndexTest L I [

Reference Standard |:_ _
Flow and Timing _

b 285% 5% 8% 100% 0% 25, 0% 759%  100%
Risk of Bias Applicability Concerns

.High |:|Unclear .an

Figure 3. Risk of bias graph of the included studies.
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Regarding the index test, all studies exhibited a low risk of bias, except for Akbilgic
2019, Chaudhuri 2023, Gotta 2020, and Khazaei 2021 [29,31,37,38], which showed unclear
risk of bias; Garcia-Montemayor 2020 showed high risk of bias [10].

Concerning reference standard, all studies exhibited a low risk of bias except for Gotta
2020, Rankin 2022, and Thijssen 2012 which show unclear risk of bias [34,35,38]. Regarding
flow and timing, all studies exhibit a low risk of bias.

Three studies—Sheng 2020, Mauri 2008, and Lee 2023 [30,32,33]—scored a low risk of
bias across all assessed domains (Figure 2).

3.4. Outcomes Measure Results
Performance Characteristics of ML Models

Table 3 presents a summary of the performance characteristics of ML models for pre-
dicting mortality among HD patients in the included studies. Performance characteristics
were reported in five studies [30,32,34,35,37] at various follow-up times. For instance, at
one-year follow-up Sheng et al., 2020 [30], Lee et al., 2023 [32], and Thijssen et al., 2012 [34]
reported the performance of logistic regression, where they found a predicted true positive
mortality rate of 8.23% as compared to an actual mortality rate of 10.53%. In addition,
Sheng et al., 2020 [30] and Lee et al., 2023 [32] reported the performance of XGBoost and
Random Forest, where they found a predicted true positive mortality rate of 9.93% and
8.94%, respectively, as compared to an actual rate of 13.73%. This might reflect a better
accuracy for the logistic regression models; however, further examination is required,
particularly by comparing the models after training with the same datasets.

Since Logistic Regression, XGBoost, and Forest Plot were the most frequently assessed
models within the included studies, we generated a Forest Plot for the sensitivity and
specificity of the models, as shown in Figure 4. In addition, an SROC plot was generated
for the three models, along with their 95% CI, as shown in Figure 5.

Logistic regression

Study P FP FN TN Sensitivity (95% Cl) Specificity (95% CI) Sensitivity (95% CI) Specificity (95% CI)
Khazaei 2021 283 128 128 37 0.69 [0.64, 0.73] 0.71 [0.67, 0.75] = =
Lee 2023 33 7 113 473 0.23 [0.16, 0.30] 0.91 [0.88, 0.93] = u
Sheng 2020 41 3147 117 1923 0.85 [0.82, 0.87] 0.38 [0.37, 0.39] u u

Thijssen 2012 46 335 1113 a0 0.04 [0.03, 0.05] 0.08 [0.08, 0,13 - u

0020406081 0020406081
Random forest

Study TP FP FN TN Sensitivity (95% Cl) Specificity (95% CI) Sensitivity (95% Cl)  Specificity (95% CI)
Lee 2023 13 7 133 513 004005 015  0.89[097,0.99] - "
Sheng 2020 525 233 233 4837  0G4[066 073]  0.85[0.95 0.96] ., 9= . .
D02 040608 10020406081
XGhoost
Study TP FP  FN TN Sensitivity (95% CI) Specificity (95% Cl)  Sensitivity (95% Cl)  Specificity (95% CI)
Lee 2023 27 13 120 506 048[012,0.26  007[0.96 089 = "
Rankin 2022 6024 22134 2541 84124  070[0.69,0.71]  0.78[0.79, 0.79] " "

Sheng 2020 aa3 176 175 43495 0.77[0.74,0.80] 0.97 [0.96, 0.97] P L I |

D02 0406081 0020406081

Figure 4. Summary Receiver Operating Characteristic (SROC) curve for logistic regression [30,32,34,37],
XGBoost [30,32] and Random Forest [30,32,34] in predicting mortality at 1-year follow-up. Each data point
corresponds to an individual study’s sensitivity and specificity. The curve represents the trade-off between
sensitivity and specificity across various decision thresholds. A curve closer to the top-left corner indicates
better overall diagnostic performance.
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Figure 5. Summary Receiver Operating Characteristic (SROC) curves for logistic regression
(black), Random Forest (red), and XGBoost (green) in predicting mortality among hemodialysis
patients. Each symbol (circle, square, or diamond) represents the sensitivity and specificity
reported by an individual study, with horizontal and vertical bars indicating 95% confidence
intervals. The diagonal line from the lower-left to the upper-right corner marks chance-level
performance (AUC = 0.5). Curves that track closer to the top-left corner reflect higher overall
discriminative power (i.e., better sensitivity and specificity). In this analysis, Random Forest
shows the highest AUC, followed by XGBoost, while Logistic Regression demonstrates slightly
lower—but still clinically meaningful—performance.

3.5. Sensitivity and Specificity of ML Models

The sensitivity and specificity of different ML models were reported in four
studies [30,32,34,35] and are summarized in Table 4. The highest sensitivity was
reported for the linear discriminant analysis model at one-year follow-up. It achieved
a sensitivity of 82.81%. However, it demonstrated a very low specificity (37.76%).
The lowest sensitivity was reported for the Random Forest model (0%) at one-year
follow-up despite its high specificity (100%). The sensitivity of the Random Forest
model was improved at two-year follow-up, reaching 9.6% with a specificity of 99.2%.
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Table 4. Sensitivity and specificity of ML models.

Study Follow Up ML Model Sensitivity Specificity
Adaptive Boosting 72.33 93.45
Decision Tree 63.52 97.45
Gradient Boosting 67.92 97.97
k-Nearest Neighbor 52.2 98.89
Sheng 2020 [30] 1year Linear Discriminant Analysis 82.81 37.76
Light Gradient Boosting 75.68 96.86
Logistic Regression 81.76 37.58
Random Forest 70.02 94.86
XGBoost 78.62 96.92
Logistic Regression 44 96.7
Decision Tree 15.6 98.3
1 year Random Forest 0 100
Gradient Boosting 2.2 99.9
Lee 2023 [32] XGBoost 44 96.7
Logistic Regression 243 91.6
Decision Tree 28.6 86.5
3 years Random Forest 9.6 99.2
Gradient Boosting 17.1 97
XGBoost 17.5 97
7-12 months Logistic Regression 65 75
Thijssen 2012 [34] 13-18 months Logistic Regression 69 74
19-24 months Logistic Regression 58 77
Rankin 2022 [35] 3 months XGBoost 70.3 79.1
Support Vector Machine 66 70
Logistic Regression 69 72

3.6. Predictive Performance of the Models Based on Area Under the Curve (AUC)

The AUC represents the predictive performance of ML models, which are summarized in
Table 5. The highest AUC was reported for the Random Forest model at three-years follow-up
(0.89). The lowest AUC was reported for the Decision Tree model at one-year follow-up (0.59).

Table 5. Summary of the predictive performance of ML levels based on the AUC and 95% CI.

95% CI
Study Follow Up ML Model AUC
LL UL
6 months 0.7 0.68 0.72
1 year Random Forest 0.73 0.72 0.75
Garcia-Montemayor 2 years 073 071 074
2020 [10] 6 months 0.69 0.67 0.71
1 year Logistic Regression 0.71 0.7 0.73
2 years 0.69 0.67 0.7
3 years XGBoost 0.8 NR NR
Chaudhuri 2023 [29]
3 years Logistic Regression 0.75 NR NR
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Table 5. Cont.

Study Follow Up ML Model AUC 95% C1
LL UL
Adaptive Boosting 0.83 0.8 0.84
Gradient Boosting 0.84 0.82 0.85
K-Nearest Neighbor 0.82 0.81 0.86
Sheng 2020 [30] 1 year Light Gradient Boosting 0.85 0.8 0.85
Logistic Regression 0.73 0.73 0.86
Random Forest 0.82 0.8 0.85
XGBoost 0.85 0.81 0.86
1 month 0.719 0.699 0.738
Akbilgic 2019 [31] 3 months Random Forest 0.745 0.735 0.755
6 months 0.750 0.743 0.758
1 year 0.749 0.742 0.755
Logistic Regression 0.734 NR NR
Decision Tree 0.59 NR NR
1 year Random Forest 0.806 NR NR
Gradient Boosting 0.793 NR NR
Lee 2023 [32] XGBoost 0.734 NR NR
Logistic Regression 0.756 NR NR
Decision Tree 0.66 NR NR
3 years Random Forest 0.763 NR NR
Gradient Boosting 0.773 NR NR
XGBoost 0.788 NR NR
Mauri 2008 [33] 1 year Logistic Regression 0.78 NR NR
7-12 months Logistic Regression 0.698 0.679 0.717
Thijssen 2012 [34] 13-18 months Logistic Regression 0.717 0.696 0.737
19-24 months Logistic Regression 0.67 0.646 0.694
3 months 0.8 0.797 0.802
6 months Logistic Regression 0.77 0.768 0.772
1 year 0.86 0.8577 0.8623
3 months 0.77 0.7667 0.7733
Wang 2021 [36] 6 months Support Vector Machine 0.75 0.7484 0.7516
1 year 0.8 0.7982 0.8018
3 months 0.84 0.8365 0.8435
6 months Random Forest 0.81 0.8084 0.8116
1 year 0.81 0.8034 0.8166
3 years 0.89 NR NR
Gotta 2020 [38] 5 years Random Forest 0.82 NR NR
8 years 0.77 NR NR

NR: not reported.

3.7. Meta-Analysis

The meta-analysis was conducted to evaluate the predictive performance of ML

models, represented by the Area Under the Curve (AUC), for Random Forest and Logistic

Regression models at a one-year follow-up. Four studies assessed the Random Forest

model, demonstrating significant results, with a pooled mean difference (MD) of 0.78 (95%
CI: 0.74-0.82, p < 0.00001) (Figure 6). Similarly, the Logistic Regression model was evaluated

in four studies, yielding a pooled MD of 0.77 (95% CI: 0.66-0.87, p < 0.00001).
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Figure 6. Forest plot of mortality prediction at 1-year follow-up. Random forrest [10,30,31,36] and

Logistic regression [10,30,34,36].

No significant difference was found between the subgroups of the two models
(p = 0.82). However, considerable heterogeneity was observed among the pooled studies
(p < 0.0001), which was not resolved through the leave-one-out sensitivity analysis or

subgroup analysis.

Detailed estimates for each study assessing Random Forest and Logistic Regression,
along with their 95% CI, are presented in Figure 7.
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Figure 7. Detailed estimates and 95% confidence intervals for each study investigating the Random
Forest [10,30,31,36] and Logistic Regression [10,30,31,36] models at 1 year of follow-up.
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Clinical Significance of the Present Study

This study provides valuable insights into the application of machine learning (ML)
models for predicting mortality in hemodialysis (HD) patients, a population with high
morbidity and mortality rates. By systematically reviewing and analyzing the predictive
performance of various ML models, this study highlights their potential to supplement
traditional risk prediction tools, particularly in identifying high-risk patients. Accurate
early mortality prediction in HD patients is crucial for several reasons, including optimizing
resource allocation, tailoring individualized treatment strategies, and potentially improving
patient outcomes.

The findings of this study underscore the capability of models such as Random Forest
and Logistic Regression to achieve clinically relevant predictive accuracy. For instance,
the Random Forest model demonstrated superior performance in long-term follow-up
scenarios, achieving an area under the curve (AUC) as high as 0.89. This level of accuracy
suggests that ML models can serve as reliable tools in stratifying risk, enabling clinicians
to intervene earlier in high-risk cases. Logistic Regression, a more traditional approach,
remains a robust and interpretable model for clinicians, reinforcing its utility in settings
where simplicity and ease of implementation are prioritized.

Moreover, this review highlights the potential of ML models to incorporate diverse
variables, including non-linear relationships, that may not be fully accounted for in tra-
ditional models. By doing so, these models can identify previously underappreciated
risk factors, offering novel insights into the pathophysiology of mortality in HD patients.
For example, factors such as albumin, hemoglobin, and body mass index, which were
recurrently identified as key predictors, can inform clinical decision-making and enhance
patient monitoring protocols.

This study also emphasizes the importance of advancing personalized medicine in
nephrology. ML models can provide individualized risk assessments, tailoring interven-
tions to the specific needs of each patient. This aligns with the broader shift toward precision
medicine, where treatments are customized based on unique patient characteristics rather
than generalized protocols.

4. Discussion

Artificial intelligence (AI) has expanded across many industries, including healthcare.
Advanced algorithms have emerged to address intricate medical scenarios where traditional
approaches have encountered limitations [39]. Notably, ML, a subfield of Al, has been
integrated into medical registries to enhance the prediction of clinical events, demonstrating
superior accuracy compared to human judgment [40]. This underscores the growing
potential of Al-driven solutions to revolutionize healthcare by augmenting decision-making
and improving patient outcomes.

In this study, we reviewed the predictive performance and characteristics of the ML
models investigated in the literature for predicting mortality risk in HD patients at various
follow-up points.

Logistic regression showed a predicted true positive mortality rate of 8.23% com-
pared to an actual mortality rate of 10.53%, whereas XGBoost and Random Forest showed
predicted true positive mortality rates of 9.93% and 8.94%, respectively, compared to an
actual rate of 13.73%. Logistic Regression appears to demonstrate potential for accurately
predicting mortality. Nevertheless, it is essential to compare this model with other models
trained on the same dataset to ascertain its superiority.

Regarding model sensitivity and specificity, the highest sensitivity was reported for
the linear discriminant analysis model at one-year follow-up despite having a very low
specificity, while the lowest sensitivity was reported for the Random Forest model at one-
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year follow-up, despite its high specificity. The sensitivity of the Random Forest model was
improved at two-year follow-up.

The highest AUC was reported for the Random Forest model at three-year follow-up
(0.89) and the lowest AUC was reported for the Decision Tree model at one-year follow-up
(0.59), despite the fact that meta-analysis at one-year follow-up showed no significant
sub-group difference between Random Forest and Logistic Regression models.

Khazaei et al., 2021 demonstrated that Logistic Regression achieved the best predic-
tive performance over Decision Tree, Neural Network, and Support Vector Machine [37].
Conversely, other reports contradicted these findings [10,29,32]. For instance, Garcia-
Montemayor et al., 2020 reported that mortality prediction models developed using Ran-
dom Forest demonstrated promising levels of accuracy, with reported area under the curve
(AUC) values ranging from 0.68 to 0.73. Furthermore, these models exhibited superior per-
formance as compared to traditional Logistic Regression models at two-year follow-up [10].
Moreover, Lee et al., 2023 and Chaudhuri et al., 2023 reported that Decision Tree, Random
Forest, Gradient Boosting, and XGBoost models showed better predictive capabilities in
comparison to Logistic Regression [29,32].

The predictive performance of different models depends on various clinical, laboratory,
and demographic factors. In particular, Logistic Regression predictions depend primarily
on age, type of vascular access, and albumin levels [36,41,42], whereas Random Forest
models detected variables as levels of albumin, urea, and hemoglobin, as well as age and
BMI as the major predictors of mortality [10]. Therefore, the predictive ability of the models
differs according to the variables supplied. In addition, a small sample size may reduce the
predictive ability of the model; thus, studies that trained their models with a large dataset
may reflect greater accuracy.

The primary strength of this study is that it is the first to review the ML predictors
of mortality in HD patients by comparing the AUC, sensitivity, and specificity of the
models. In addition, our findings underscore the potential of ML models as valuable tools
in the clinical management of hemodialysis patients, a population facing exceedingly high
mortality risk. Models like Random Forest, which demonstrated high AUC values (up to
0.89) in certain long-term follow-up scenarios, and Logistic Regression, which remains a
robust and interpretable option, show promise for enhancing risk stratification beyond
traditional methods. Clinically, the higher AUC of ML models suggests that these models
can offer good discriminatory power, potentially aiding clinicians in identifying patients at
heightened risk who might benefit from more intensive monitoring, tailored counseling
regarding prognosis, or earlier consideration of advanced care planning or specialized
interventions.

The ability of ML models to integrate diverse variables and capture non-linear relation-
ships, as highlighted by the recurrent importance of predictors like albumin, hemoglobin,
age, and BMI across different studies, can provide clinicians with a more holistic patient
assessment. Identifying these key predictors reinforces their clinical relevance and can
guide monitoring protocols.

5. Limitations

A major limitation of this study is the significant heterogeneity among the included
studies, arising from several sources. First, the studies utilized different machine learning
(ML) models, each trained on varying sets of clinical, demographic, and laboratory vari-
ables. This variability in feature selection and model design complicates direct comparisons
and limits the generalizability of findings. Additionally, the datasets span a wide timeframe,
from 1995 to recent years, during which significant advancements in laboratory techniques,
data collection practices, and clinical management protocols have occurred. These tem-
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poral variations introduce inconsistencies that may affect the predictive performance of
the models.

Another limitation is the scarcity of studies evaluating the same ML model at specific
follow-up intervals. This scarcity hindered the ability to perform comprehensive subgroup
analyses or meta-analyses for all the included models, which could have provided a more
robust assessment of their comparative effectiveness. Furthermore, variations in study
design, sample sizes, and regional differences in patient populations further contribute to
the heterogeneity, making it challenging to draw definitive conclusions.

To address these challenges, we recommend future research prioritize standardizing
datasets through collaborative multicenter studies. This involves establishing common data
elements and uniform variable definitions, specifying consistent data collection timepoints
relative to dialysis initiation, harmonizing laboratory techniques (e.g., using central labora-
tories or standardized assay protocols and units), employing prospective data collection
with standardized electronic tools, and ensuring uniform outcome ascertainment. Such
efforts, particularly leveraging prospective designs with modern, standardized laboratory
techniques, could mitigate the temporal and methodological biases observed in this review
and provide a stronger foundation for evaluating and refining the predictive capabilities of
ML models in hemodialysis populations.

Furthermore, our review primarily identified studies using “classic” machine learning
algorithms. The absence of studies employing deep learning methods meeting our inclusion
criteria suggests this may be an emerging area within hemodialysis mortality prediction
that warrants future investigation as more relevant studies become available.

6. Conclusions

This systematic review and meta-analysis indicate that machine learning models, par-
ticularly Random Forest and Logistic Regression, hold considerable potential for predicting
mortality risk in hemodialysis patients. While some studies reported high discriminatory
power, notably Random Forest achieving AUCs up to 0.89 in long-term follow-up, our
meta-analysis focused on one-year mortality found no statistically significant difference in
pooled AUC between Random Forest and Logistic Regression.

Clinically, these findings suggest that ML tools can supplement existing methods for
risk stratification, potentially enabling earlier identification of high-risk individuals who
may benefit from tailored interventions and enhanced monitoring. However, the significant
heterogeneity observed across studies—stemming from diverse populations, time periods,
included features, ML methodologies, and reporting standards—currently limits definitive
conclusions about the superiority of any single model and hinders the generalizability
of findings.

To advance the field and facilitate reliable clinical implementation, future research
should prioritize conducting large-scale, multi-center prospective studies using standard-
ized data collection protocols, including common data elements, harmonized laboratory
techniques, and consistent follow-up schedules, to minimize temporal and methodological
biases. In addition, performing rigorous head-to-head comparisons of different ML models
trained and validated on these shared, standardized datasets.
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Abstract: In real-world applications, feature selection is crucial for enhancing the performance of
data science and machine learning models. Typically, feature selection is a complex combinatorial
optimization problem and a multi-objective optimization problem. Its primary goals are to reduce
the dimensionality of the dataset and enhance the performance of machine learning algorithms. The
selection of features in high-dimensional datasets is challenging due to the intricate relationships
between features, which pose significant challenges to the performance and computational efficiency
of algorithms. This paper introduces a Knowledge-Guided Competitive Co-Evolutionary Algorithm
(KCCEA) for feature selection, especially for high-dimensional features. In the proposed algorithm,
we make improvements to the foundational dominance-based multi-objective evolutionary algorithm
in two aspects. First, the use of feature correlation as knowledge to guide evolution enhances the
search speed and quality of traditional multi-objective evolutionary algorithm solutions. Second,
a dynamically allocated competitive-cooperative evolutionary mechanism is proposed, integrat-
ing the improved knowledge-guided evolution with traditional evolutionary algorithms, further
enhancing the search efficiency and diversity of solutions. Through rigorous empirical testing on
various datasets, the KCCEA demonstrates superior performance compared to basic multi-objective
evolutionary algorithms, providing effective solutions to multi-objective feature selection problems
while enhancing the interpretability and effectiveness of prediction models.

Keywords: evolutionary algorithm; feature selection; multi-objective optimization; co-evolution;
competitive; classification

1. Introduction

In today’s machine learning landscape, the widespread presence of high-dimensional
data in real-world scenarios presents substantial challenges [1,2]. As datasets burgeon with
features, from image characteristics in computer vision to genetic markers in bioinformatics,
the demand for robust feature selection has become more pressing than ever [3,4]. These
complex datasets frequently include irrelevant, noisy, or redundant features that not only
hinder the learning process but also impair the effectiveness of algorithms [5,6]. Effective
feature selection techniques boost model accuracy by isolating and preserving only the
most impactful features for predictive modeling [7]. Additionally, by reducing the number
of features, these techniques cut down on storage needs and computational expenses, thus
enhancing the interpretability and efficiency of models [8].
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Feature selection is inherently a challenging combinatorial optimization problem
aimed at reducing the feature space while simultaneously enhancing the classifier’s perfor-
mance [9]. These objectives typically conflict; a minimal set of features might omit critical
information, adversely impacting the model’s performance. This problem’s complexity
escalates with the exponential growth in the number of potential feature subsets as the
initial feature count increases, making a robust search strategy essential for effective feature
selection [10].

In response to these challenges, the past few decades have seen the emergence of many
effective algorithms, including filter-based methods, embedded methods, and wrapper
methods. Filter-based methods, such as chi-square tests [11] and mutual information, eval-
uate the relevance of features independent of any learning algorithm. Embedded methods,
like LASSO regression [12], perform feature selection during the model training process.
Wrapper methods, such as Recursive Feature Elimination (RFE) [13], use a predictive model
to evaluate feature subsets. Among all methods, metaheuristic algorithms stand out, partic-
ularly multi-objective evolutionary algorithms (MOEAs) [14,15], which excel in balancing
conflicting objectives without requiring gradient information. These algorithms, such
as the NSGA-II [16], utilize principles of natural evolution—such as selection, crossover,
and mutation—to explore and exploit the search space effectively. By mimicking natural
selection processes, MOEAs can efficiently navigate the large and complex search spaces
found in high-dimensional feature selection tasks.

Despite their advantages, the computational complexity of MOEAs scales significantly
with the increase in the number of features [17]. This complexity can be attributed to the
need to evaluate a vast number of potential solutions, each representing a different subset
of features. The performance of these algorithms often deteriorates as the dimensionality of
the data increases, necessitating innovative approaches to reduce computational overhead
and enhance the search process’s efficiency [18].

The evolving landscape of feature selection has prompted the development of more
sophisticated approaches. Using a single algorithm to balance convergence and diversity
in multi-objective optimization problems (MOPs) [19] is challenging. Thus, the current
trend is to combine multiple algorithms [20,21]. This approach can be categorized into
two main types: multi-algorithm methods (using various algorithms within the same
population) [22,23] and multi-population methods (using multiple populations, each tar-
geting a specific objective) [24,25]. In multi-algorithm methods, by integrating various
algorithmic strategies, it is possible to effectively balance the exploration speed and the
diversity of population development. It can synergize different evolutionary strategies to
optimize performance across various feature selection scenarios. This method not only
leverages the strengths of individual algorithms but also fosters a more dynamic and
adaptive search process.

Evolutionary algorithms (EAs) are known for their high computational complex-
ity, which often limits their practical application despite their potential for performance
improvement [26]. In this study, we propose a Knowledge-Guided Competitive Co-
Evolutionary Algorithm (KCCEA) to address this issue. By leveraging feature correlation
knowledge and a dynamically allocated competitive—cooperative mechanism, the KCCEA
significantly reduces computational complexity while enhancing performance. This ap-
proach balances the trade-off between computational efficiency and performance gain,
making it a valuable contribution to real-world applications where high-dimensional data
and limited computational resources are common. The main contributions of this work can
be summarized as follows:

e We propose a feature grouping method based on correlation and, based on this, intro-
duce a Knowledge-Guided Evolutionary Algorithm (KGEA). Initially, the correlations
between features are assessed using Spearman’s correlation coefficient. Then, using a
predefined optimal threshold, features are grouped based on their correlations. Finally,
the obtained grouping information serves as knowledge to guide the evolutionary
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process. In this way, the speed and quality of evolutionary feature selection can be
significantly enhanced.

e We design a Knowledge-Guided Competitive-Cooperative Evolutionary Algorithm
(KCCEA) framework. Initially, a method based on allocation ratios allows the two
algorithms to cooperate. Then, during the evolutionary process, the algorithms
continually update the allocation ratio dynamically by assessing the success rates of
producing superior offspring, allowing the two algorithms to compete. This method
achieves an improvement in search speed and solution quality;

e To verify the performance of the proposed methods, we conduct a series of experi-
ments. The experimental results demonstrate that the proposed methods effectively
enhance the performance of evolutionary algorithms in feature selection tasks.

The structure of this paper is as follows: Section 2 introduces the background. Section 3
describes the Knowledge-Guided Evolutionary Algorithm (KGEA). Section 4 presents the
competitive—cooperative evolutionary mechanism (KCCEA). Sections 5 and 6 describe the
experimental setup and results, respectively. Section 7 concludes the paper and outlines
several themes for future research.

2. Background
2.1. Related Work
2.1.1. Multi-Objective Optimization Problem

An MOP involves finding the minimum or maximum values of multiple objective
functions under certain constraints [27,28]. It is generally formulated as follows:

min / maxf(X) = (f1(X), f2(X), ..., fr(X))
(i=1,2,...k )
(i=12...,1)

In the above equation, the decision vector X = (x1,x2,...,x,) and the objective
vector f(X) have multiple optimization combinations, which can be summarized into the
following three scenarios:

° Maximize all sub-objective functions;
*  Minimize all sub-objective functions;
e  Maximize some sub-objective functions while minimizing others.

It is possible to transform all optimization objectives into a unified form, either all
maximizing or all minimizing, to facilitate the algorithm finding the optimal solution
X* = (xj,x%,...,x};) such that f(X*) is optimally achieved while satisfying constraints.

In this work, for the feature selection problem, we need to optimize two objectives:
(1) the number of selected features and (2) the performance of the machine learning tasks
using the selected features. Assuming a solution selects k features, then f1(x) is equal
to k/D, representing the ratio of selected features, while f2(x) represents classification
performance. To achieve the minimization of all sub-objective functions, we consider the
classification performance as 1 — f1_score, where, for a multi-class problem, f1_score is
the weighted average.

2.1.2. Non-Dominated Sorting Genetic Algorithm II

The Non-Dominated Sorting Genetic Algorithm II (NSGA-II) is a refined version of the
original NSGA [29] and is prominently used within the field of Pareto-Based Evolutionary
Multi-Objective Optimization (EMO) algorithms [30]. Specifically crafted to address multi-
objective optimization challenges, the NSGA-II excels in efficiently identifying a broad
spectrum of Pareto optimal solutions. The core mechanism of the NSGA-II hinges on a
swift non-dominated sorting procedure which organizes solutions into several tiers or
“fronts’. These fronts are formed based on how solutions dominate or are dominated by
one another.
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e Solutions on a lower-numbered front have no dominators from other fronts;
e Each subsequent front is progressively dominated by those in prior fronts.

In terms of operational dynamics, the NSGA-II follows a structured process:

1. Population Generation: The NSGA-II begins with the generation of a random initial
population;

2. Evaluation and Sorting: Each solution is evaluated and ranked based on objective
function performance and then sorted into fronts;

3. Selection: Selection favors solutions on better-ranked fronts. Within these fronts, a fur-
ther selection criterion based on crowding distance determines choice, emphasizing
less crowded areas to enhance diversity among the chosen solutions;

4. Genetic Operations: Following selection, genetic mechanisms like crossover and
mutation are employed to generate new solutions, aiding in the exploration and
expansion of the solution space;

5. Elitism and Generational Transition: To ensure robustness across generations, the
NSGA-II integrates elitism, preserving top-performing solutions and carrying them
forward. The blended population of parents and offspring undergoes another round
of sorting and selection, emphasizing the superior solutions for the next generation.

Through this structured approach and emphasis on maintaining a diverse set of high-
quality solutions, the NSGA-II not only adeptly explores the Pareto front but also ensures
rapid convergence to optimal solutions, effectively addressing the complexities associated
with multiple objectives.

2.2. Major Motivations

Evolutionary algorithms (EAs) have been widely applied to multi-objective feature
selection [18,31,32], but most studies merely apply EAs without considering the relation-
ships among features. We recognize that, with the increasing complexity of real-world data,
especially the rise of big data, features in high-dimensional datasets are likely to encompass
various complex relationships [33] which might not be merely linearly positive or negative
correlations. These potential high-dimensional relationships could significantly impact
the exploration process of feature selection. We can attempt to capture such relationships
and examine their contributions to evolutionary optimization. The motivation to integrate
knowledge-guided strategies stems from the observation that not all features contribute
equally to the outcomes of predictive models. Some features are more interdependent than
others and can be utilized to enhance the search process. By incorporating knowledge of
feature correlations directly into the evolutionary process, this method can more effectively
guide the search, reduce computational overhead, accelerate the search speed, and improve
the quality of the selected feature subsets.

Furthermore, in multi-objective optimization, particularly when applied to feature
selection, balancing exploration of the search space and exploitation of promising areas are
crucial. This balance is difficult to achieve with a single algorithm because of the high risk
of convergence to local optima [34,35]. Traditional static cooperative algorithms cannot
adapt to changes in the problem landscape that might occur during the search process.
A dynamic, adaptive approach can better respond to such changes, optimizing resource
allocation based on the performance of competing methods, thereby ensuring that the
most effective strategies are employed as conditions evolve. These motivations guide the
development of the KCCEA, focusing on creating a versatile, efficient, and effective tool for
feature selection that addresses the unique challenges posed by modern, high-dimensional
datasets in various domains. The ultimate goal is to provide a method that not only
performs well in academic benchmarks but also offers practical, real-world applicability
and scalability.

3. Knowledge-Guided Evolutionary Algorithm

In the evolutionary optimization problem for feature selection, high-dimensional
features often lead to a large number of decision variables. With the increase in decision
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variables, the search space for the problem expands dramatically. To effectively enhance the
efficiency of solving the problem, this paper designs and improves a knowledge-guided
evolutionary method, the KGEA, based on the NSGA-II [16]. Firstly, a method of grouping
features based on correlation is proposed. In this method, we fully utilize the correlation
among different features to achieve balanced grouping results (considered as knowledge
in subsequent evolution). Then, during the evolutionary process, the algorithm uses the
acquired knowledge to guide crossover and mutation, reduce the search space, and enhance
the efficiency of the search while maximizing the diversity of the population.

3.1. Feature Grouping Based on Correlation

Datasets in real applications include various features. The correlation among different
features is diverse. Some are related, and some are not. Some have positive correlation,
while others have negative. Additionally, there might be numerous high-dimensional
relationships between features that are difficult to identify, which could significantly im-
pact the outcome. For instance, in finance, stock prices and market indices might show
positive correlations, but interest rates and stock prices might have a negative correlation.
Therefore, we aim to use correlation to group features. This strategy aims to improve
the efficiency of subsequent evolutionary searches while maximizing the diversity of the
population. Ideally, our expected feature grouping outcome should achieve balance among
feature groups, i.e., avoid overly large feature groups and a multitude of isolated features.
Through experimentation, we propose a significantly effective and simple threshold-based
grouping method.

The pseudo-code of the described algorithm is shown in Algorithm 1. Initially, the al-
gorithm conducts a detailed analysis of the correlation among features. By calculating
the Pearson correlation coefficient between features, we obtain a correlation matrix where
each element of the matrix represents the correlation strength between a pair of features.
After obtaining the correlation matrix, we traverse each feature and check its correlation
with the features in the existing groups based on a preset threshold determined through ex-
perimentation. If a feature’s absolute correlation with all features in a certain group exceeds
the threshold, then the feature is added to the corresponding group. If a feature cannot
be placed into any existing group, a new feature group is created. This grouping mech-
anism ensures high correlation within groups while maintaining relative independence
between groups.

Algorithm 1 Feature _Grouping(correlation_matrix, threshold)

Input: correlation_matrix of size n x n, threshold
Output: List of feature groups
1: Initialize feature_groups to an empty list
2: num_features <— number of columns in correlation_matrix
3: fori = 0tonum_features — 1 do
4:  added < False

5. foreach group in feature_groups do

6 if all |correlation_matrix|[i, j]| > threshold for j in group then
7: Append i to group

8 added <+ True

9 Break
10: end if

11:  end for

12 if not added then

13: Append [i] to feature_groups

14:  end if

15: end for

16: return [list(group) for group in feature_groups]
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This feature grouping mechanism based on correlation analysis acts as knowledge and
provides guidance for the subsequent knowledge-guided evolutionary process. Its main
objective is to reduce the dimensions of the search space by focusing on combinations of
features with high correlation, capturing possible higher-dimensional feature relationships
and thereby improving the search efficiency of the evolutionary algorithm. In this manner,
the KGEA can effectively balance exploration and exploitation in evolutionary searches,
promoting the diversity and quality of solutions.

3.2. Knowledge-Guided Crossover and Mutation

The unique aspect of the KGEA lies in its utilization of predetermined groupings
of features to direct the genetic operators of crossover and mutation. This approach
contrasts sharply with traditional methods where each gene (or feature) is considered
independently. In the realm of evolutionary optimization, particularly for feature selection
in high-dimensional datasets, the techniques of knowledge-guided crossover and mutation
play a pivotal role. By intelligently grouping features based on their correlations—as
delineated in prior sections—this method not only simplifies the search space but also
ensures a focused exploration that significantly enhances efficiency.

In the KGEA, features are encoded using a binary system. As shown in Figure 1, when
the encoding position x; for Featurel is 1, it indicates that we have selected this feature.
This encoding is crucial as it directly influences the genetic operations that follow.

Binary encoding:

F, F, F F Fs Fe

Selected feature = {F|,F';,F,}

Figure 1. Binary encoding for feature selection.

Figure 2 provides an example of knowledge-guided crossover and mutation assum-
ing we have six features {F1, F», F3, F4, F5, F¢ } with corresponding chromosome encoding
{x1,x2,x3,x4,x5,x¢}. Also, assume that we have obtained feature grouping informa-
tion {[x1], [x2, x3], [x4], [x5, x6]} through the method mentioned in the previous subsection.
In this setup, when performing mutations or crossovers, the algorithm does not randomly
pick single genes but rather entire groups, thereby preserving the intrinsic correlation
structure within the data.

During a mutation event, instead of a single gene mutation, entire groups such as
{x1} and {x5, x4} are mutated. This enhances the mutation’s effectiveness by ensuring that
changes are made to related features together, thus maintaining the logical structure of the
data. Similarly, during crossover events, entire groups like {x2, x3} and {x5, x4} might be
swapped between two chromosomes. This group-based approach not only maintains the
integrity of feature relationships but also introduces a new dimension of diversity to the
gene pool.

This enhanced method of guiding the genetic operators using prior knowledge ef-
fectively reduces the dimensionality of the problem space. By focusing mutations and
crossovers on groups of features that are likely to interact, the KGEA significantly boosts the
algorithm’s efficiency. It balances the exploration of the search space with the exploitation
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of known, valuable regions, thereby improving both the speed and quality of the search for
optimal feature sets.

Crossover

Mutation
FL F, F5 F, F5 Fs

@ Mutation Points: [1], [5, 6] @ Crossover Points: [2, 3], [5, 6]

K F, F F F5 Fs
| | | Parents | | |

Parents | | |

Offspring [ ] ] I 1] Offspring L[ |

Figure 2. An example of knowledge-guided crossover and mutation.

4. Competition—-Cooperation Evolution

In the KGEA, by introducing data parsing techniques and utilizing knowledge to guide
the evolutionary process, the quality and search efficiency of the solutions are significantly
enhanced. However, during the evolutionary process, due to the combinatorial features
leading to a reduction in the solution space, the solutions obtained by the algorithm
may fall into local optima. To further improve the quality of solutions and increase their
convergence and diversity, we propose a competition—cooperation evolutionary mechanism
called the KCCEA that combines the KGEA with the traditional NSGA-II. This method
initializes an allocation ratio, allowing both models to evolve simultaneously, and, by
mixing the offspring generated by the two models and randomly assigning them as parents
for the next generation, it facilitates the exchange and cooperation of information between
the two models. Furthermore, the allocation ratio of resources is adjusted generation
by generation based on the success rates of the two evolutionary approaches, achieving
dynamic allocation of computational resources and thus enabling the two algorithms to
compete effectively. The overall framework of the algorithm is shown in Figure 3.

4.1. Competition—Cooperation Evolutionary Mechanism

The dynamic interaction between the KGEA and NSGA-II within our proposed KC-
CEA model is fundamentally rooted in the principles of competition and cooperation. This
interaction not only enhances the diversity of the solutions but also improves their quality
by preventing premature convergence to suboptimal solutions.

Initial Setup and Population Division: At the beginning of the evolutionary process,
we assume the total number of individuals in the parent population P; is denoted by Nj,,4,
and the initial allocation ratio n is predetermined based on prior experimental tuning.
The parent population is then randomly divided into two sub-populations, S; and S».
The size of each sub-population, n; for S; and n; for S, is determined by the allocation
ratio as follows:

ny = allocation_ratio X Nj,4 (2)
ny = (1 — allocation_ratio) X Nj,qg (3)

Evolutionary Operations: Each sub-population undergoes evolutionary operations
independently. Sub-population S; is processed using the KGEA, which emphasizes
knowledge-guided mutations and selections, whereas S, undergoes a more traditional
evolutionary path via the NSGA-II, focusing on Pareto optimality. This dual approach
ensures that, while one algorithm might explore more deeply into a certain region of
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the solution space, the other may explore more broadly, thereby enhancing the overall
explorative capabilities of the combined algorithm.

Crossover and Mutation: After the initial evolutionary operations, both sub-populations
undergo crossover and mutation processes. Mutation and crossover are applied differently
in the two sub-populations to maintain their distinctive characteristics. For S;, mutation is
knowledge guided, whereas for S; it is more random and exploratory.

Start

|

Randomly initialize the new population and initialize the allocation ratio

I

The solutions were randomly assigned to two
subpopulations according to the allocation ratio

Cooperation
/ through random \
allocation of n
71 Subpopulation 1 solutions 2 Subpopulation 2
Traditional cross- Knowledge-guided
mutation cross-mutation
2ny | Offspring 1 I Offspring 2

Next generation of populations

v

Update the allocation ratio
Y N
Output  +—— End

Figure 3. Framework of competition—cooperation evolutionary mechanism.

Integration and Selection: The offspring from both S; and S, denoted as Q; and Q»,
respectively, are then integrated to form a unified offspring population. This integration
is crucial as it brings together the diverse traits developed independently in each sub-
population. The unified population undergoes a non-dominated sorting followed by
crowding distance selection to ensure that the next generation, Q;, maintains a balanced
representation of both exploration and exploitation traits. The size of Q; is set to be equal
to Nj,4, maintaining a consistent population size through the generations.

Feedback and Adjustment: The performance of each sub-population in producing
high-quality offspring is monitored. Based on their performance, the allocation ratio is
dynamically adjusted for the next generation, ensuring that more resources are allocated to
the more successful approach in the current generation. This adaptive mechanism allows
the KCCEA model to respond to the evolving landscape of the problem space effectively.

By fostering a balance between competition and cooperation, the KCCEA not only mit-
igates the risk of converging prematurely to local optima but also leverages the strengths of
both evolutionary algorithms, leading to a robust mechanism for finding optimal solutions.
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4.2. Dynamic Resource Allocation Based on Success Rate

Assuming the population size N4 is 100, initially, the allocation ratio is set to 0.5,
meaning that, during the allocation, individuals are equally distributed between the two
algorithms, forming their respective parent populations with 50 individuals each. Indi-
viduals generated by the KGEA are marked as 0, and those generated by the traditional
NSGA-II are marked as 1.

By merging the parent and offspring populations of the two algorithms, and selecting
100 individuals to form a new generation, the elite retention mechanism ensures that
excellent parent individuals will also appear in the new generation. We count the number
of individuals marked as 0 and 1 to calculate the success rates of the two search methods.

Suppose that, in the new generation, there are 40 individuals marked as 0 and 30 in-
dividuals marked as 1. Then, the success rate of the KGEA is 0.8, and the success rate of
the NSGA-II is 0.6. Normalize 0.8 and 0.6 so their sum equals 1, yielding new search ratios
of 0.57 and 0.43. Update the allocation ratio to 0.57, and set the mark of all individuals
to 2. According to the new search ratio, randomly select the corresponding number of
individuals from the solutions generated by the two search methods to form the offspring.
The dynamic resource allocation mechanism based on success rate is shown in Figure 4.

0.5 05

Normalization
Max 0.9

100 43 | 57

1043 0.57 0.42 0.84

Normalization
Max 0.9

100 43 | 57 18| 48

Prhf

e

100 33| 67 —

1
Pf+3 : Qr+2 PF+3
1

[ |Parental Generation [ [NSGA-II [ ]KGEA

Figure 4. Resource allocation mechanism based on success rate.

In the process of population evolution, it may occur that, due to the strong optimization
capability, one method’s success rate is extremely high. Without restriction, this could lead
to one model monopolizing all evolutionary resources, causing the loss of the other search
method. In the later stages of iterative evolution, when the quality of individuals in the
population is high, it may occur that the success rate of a certain search method is 0, which
also requires manual intervention in the search ratio. The treatment for special cases is as
shown in Table 1.
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Table 1. Special case handling.

Special Cases Allocation _Rate
allocation_rate > 0.9 0.9
allocation_rate < 0.1 0.1
success_ratel = 0 AND success_rate2 # 0 0.1
success_ratel # 0 AND success_rate2 =0 0.9
success_ratel = 0 AND success_rate2 =0 0.5

An additional simple method is to adopt a nonlinear approach for resource allocation
instead of directly distributing resources based on performance proportions. For instance,
a sigmoid function based on success rates can be used for resource allocation, ensuring
that, even with significant performance differences, resource distribution does not become
too extreme. The general form of the function used is as follows:

1

11 e P @

sigmoid(x) =

Here, « and B are adjustable parameters controlling the center point and the slope of

the function, respectively. We set « to 0.5 (assuming an ideal state where both populations
equally share resources), and B can be adjusted based on actual needs to control the
smoothness of resource distribution. A higher B value makes the resource allocation more
sensitive to performance differences, while a lower value results in more even distribution.

5. Experimental Setup
5.1. Classification Datasets

This study utilizes five diverse datasets for classification tasks, all sourced from online
website like the UCI Machine Learning Repository [36]. Each dataset is meticulously
selected to encapsulate a wide spectrum of challenges commonly encountered in the
machine learning domain. These challenges range from managing datasets with low to
high dimensionality to addressing problems with varying numbers of classes, from simple
binary classifications to more complex multi-class scenarios. This variety is crucial for
testing the robustness and adaptability of proposed algorithms under varied conditions.
Moreover, the datasets are not only diverse in their characteristics but also relevant to
real-world applications. They include data from health, chemistry, voice recognition,
and consumer preferences, which are critical areas where machine learning models are
extensively applied.

Table 2 provides a concise overview of these datasets, detailing the number of instances,
features, and classes for each. This diverse collection not only tests the adaptability and
efficiency of the algorithms but also enhances the robustness of our experimental findings
by covering a broad spectrum of data characteristics.

Table 2. Classification datasets.

No. Dataset Name Instance Feature Class
1 Wine 178 13 3
2 MUSK1 476 166 2
3 LSVT_Voice 126 310 2
4 ISOLET5 1559 617 26
5 Toxic 171 1203 2

5.2. Performance Metrics

This article utilizes two principal performance indicators to assess the quality of
solutions obtained by multi-objective evolutionary algorithms (MOEAs): Hypervolume
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(HV) [37] and Inverted Generational Distance (IGD) [38]. These indicators are critical for
evaluating an algorithm’s efficacy in terms of both convergence to the Pareto front and
distribution of the solutions across it.

For HV, normalization of all objective values obtained by each algorithm is performed
initially against the ideal and nadir points, scaling them to the [0, 1] range in each objective
direction. The ideal and nadir points are set at (0, 0) and (1.1, 1.1), respectively, with the
HV’s reference point subsequently established at (1, 1) [32]. This process ensures a stan-
dardized basis for comparing the extent of the objective space covered by the solutions
from different algorithms.

In contrast, the calculation of IGD faces unique challenges in feature selection prob-
lems, which are discrete and complex, rendering the exact Pareto front nearly impossible to
ascertain. Unlike in traditional benchmark test problems such as DTLZ [39] or WFG [40],
this study adopts a novel approach for fairness. We aggregate the Pareto fronts collected
from multiple runs of different algorithms into a unified population. This collective set is
then subjected to non-dominated sorting, retaining only the foremost non-dominated front
as the reference point set for IGD. The IGD metric, therefore, provides a comprehensive
assessment by reflecting both the proximity of solutions to the Pareto front and their distri-
bution. Lower IGD values signify superior algorithm performance, an inverse relationship
compared to HV values.

5.2.1. Hypervolume

The Hypervolume indicator measures the volume covered by the members of a
solution set in the objective space [37]. It quantifies both the convergence and diversity of
the solutions by calculating the volume enclosed between the solutions and a reference
point. Formally, the HV of a solution set S with respect to a reference point r = (r1, 17, ..., 7m)
in an m-dimensional objective space is defined as the volume of the union of the hypercubes
formed by each solution in S and r. The reference point is typically chosen to be worse than
the nadir point of the Pareto front. For normalization purposes, all objective values are
scaled to the interval [0, 1], with ideal and nadir points set to (0, 0) and (1.1, 1.1), respectively.
The HV calculation can be represented as follows:

HV(S) = A(U [fi(x),ra] > x [fm(x),rm}>
xX€S

xeSk=1

:)\<U ﬁ[fk(x)/rk]> ®)

where A denotes the Lebesgue measure, and f;(x) is the i-th objective function value of
solution x. The larger the HV, the better, indicating that the solution set covers a larger
portion of the objective space up to the reference point.

5.2.2. Inverted Generational Distance

The Inverted Generational Distance (IGD) measures both the convergence and the
diversity of the solutions [38]. For each point on the true Pareto front, the IGD finds the
minimum distance to a point on the Pareto front obtained by the algorithm and then
averages these minimum distances. A lower IGD value indicates that the algorithm’s
solutions are both closer to the true Pareto front and more evenly distributed. The specific
formula for calculating IGD is as follows:
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|P¥| *
Z‘:l dmin(x'/P)
IGD = — a -, (6)

(], P) = min{ \/ k}f (filx) — fk<x;f>>2},
=1
i=12,...,|P

where P is the set of Pareto optimal solutions obtained by the multi-objective evolutionary
algorithm, P* is the set of true Pareto optimal solutions, |P| is the number of obtained
optimal solutions, |P*| is the number of true optimal solutions, x; represents the i-th
solution in P, x}‘ is the j-th solution in P*, m is the number of objectives, and f;(x) is the
function value of individual x on the k-th objective. For instance, in a two-dimensional
objective space, as shown in Figure 5, the algorithm obtains three Pareto optimal solutions,
H, I, and J, while the true Pareto front is formed by solutions A, B, C, D, E, F, and G.
The minimum distances from the points on the true Pareto front to the points H, I, and | are
d(A,H),d(B,H),d(C,1),d(D,I),d(E,J),d(F,J]),and d(G, ), respectively. Hence, the IGD
value is calculated as follows:

IGD = ;(d(A, H) +d(B, H) +d(C, T)
+d(D,I)+---+4d(G,])) 7)

S

A 4

Ji

Figure 5. The calculation method of IGD.

When solving problems using multi-objective evolutionary algorithms, the diversity
of the solutions is also an important consideration. Compared to GD, the IGD can identify
uneven distribution of solutions, making the evaluation more objective. Therefore, the IGD
is chosen as the final evaluation metric.
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5.3. Parameter Settings

In this study, each algorithm undergoes 30 distinct trials on every dataset to ensure
robust statistical analysis. Consistency across these trials is maintained by using a fixed
initial random seed for all algorithms. As outlined in [32], we adapt the population size
based on the number of features present in each dataset. Specifically, the population
size N is dynamically adjusted to match the number of features up to a maximum of
200. This cap is imposed to strike an optimal balance between algorithmic diversity and
computational efficiency. Consequently, even for datasets with more than 200 features,
the population size remains limited to 200. For the sigmoid function that equilibrates the
resource allocation, « is set to 0.5 (assuming that, ideally, the two populations distribute
the resources equally), and f is set to 2 to control the degree of smoothing of the resource
allocation. The algorithms are set to run for 100 generations, providing a deep exploration
of the solution space. For the purpose of evaluating classification performance, we partition
each dataset into training and testing subsets. The training set comprises roughly 70% of the
data, with the remaining 30% allocated to the testing set. This split is consistently applied
across all 30 executions of each algorithm on a given dataset, ensuring comparability of
results. However, the specific partition varies from one dataset to another, maintaining
rigorous evaluation standards across different data contexts.

6. Experimental Results and Analysis
6.1. Grouping Threshold Sensitivity Analysis

This work conducted an analysis on the sensitivity to grouping thresholds. We
varied the threshold from 0.5 to 0.95 and observed how the number of groups and the
balance within the groups (standard deviation of group sizes) changed. As illustrated in
Figure 6, we found that, as the threshold increased, the number of groups decreased while
the balance improved. By normalizing the number of groups and balance to the same
scale, and identifying the threshold where the difference between them was minimal, we
determined the optimal grouping threshold, as shown in Table 3. This threshold provides
the best compromise between the number of groups and balance during the grouping
process. Subsequently, we applied the optimal threshold for each dataset within the
KCCEA and compared it with a default threshold of 0.5. The results of these comparative
experiments are presented in Table 4.

Grouping Performance by Threshold
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Figure 6. Groupingperformance by threshold.
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Table 3. The optimal threshold for datasets.

Dataset Optimal Threshold Feature Groups
1 0.65 13 11
2 0.76 166 71
3 0.77 310 96
4 0.72 617 260
5 0.75 1203 350

Table 4. Mean IGD performance on test data. The best performance is highlighted in gray.

D KCCEA (Optimal) KCCEA (0.5)
ataset
Mean Variance Mean Variance

1 2.55 x 102 2.63x10°¢ — 291 x 10°*
2 1.11 x 107> 2.01 x 10~ 1.93 x 10>
3 3.55 x 107° 223 x 1072 139 x 1075
4 412 x 104 1.87 x 1072 513 x 1074
5 1.05 x 10~* 3.29 x 102 2.70 x 1074

As can be seen from the results, the algorithm performs best when using the optimal
thresholds we obtained, outperforming other takes on several test problems, especially on
problems with high feature dimensions.

6.2. Effectiveness of Knowledge-Guided Evolution

The improved algorithm KGEA is compared with the traditional multi-objective
evolutionary algorithm to verify the effectiveness of the knowledge-guided evolution
method. The experimental method is the same as above; the NSGA-II is set according to the
parameters in the paper [16], the KGEA mutation and crossover probability are both set to
0.5, and the grouping threshold is the optimal threshold calculated in the previous section.

The empirical results shown in Tables 5 and 6 indicate that the Knowledge-Guided
Evolutionary Algorithm (KGEA) outperforms the traditional NSGA-II in four out of five
experiments within a set number of evolutionary generations. The effectiveness of the
KGEA is demonstrated through comparison with the baseline NSGA-II, which does not
utilize knowledge-based feature grouping. The key differentiator is the use of correlation-
based feature grouping in the KGEA, which guides the crossover and mutation processes
and significantly narrows the search space. This strategy leads to more informed genetic
operations and enhances the efficiency of the algorithm.

These comparisons underline the benefits of integrating domain knowledge into the
evolutionary process, particularly in scenarios where the relationships among decision vari-
ables significantly impact the outcome. It supports the premise that a knowledge-guided
approach in evolutionary algorithms can significantly enhance performance, especially in
complex problem domains such as feature selection in high-dimensional datasets.

Table 5. Mean IGD performance on test data. The best performance is highlighted in gray.

NSGA-II KGEA KCCEA

Mean Variance Mean Variance Mean Variance

Dataset

j 143 x10% 2.85x 1072 271 x 10~F 255 x 102 2,63 x 10~*
2 1.66 x 1071 1.09 x 107% 5.60 x 1072 1.93 x 104 1.11 x 107>
3 255x 1071 1.19x107° 6.73x 1072 8.62 x 10> 3.55 x 107°
4 1.03x 107! 270 x 107> 3.08 x 1072 3.20 x 104 412 x 1074
5 8.63x 1072 1.05x 107> 4.60x 1072 494 x 10~* 1.05 x 10~*
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Table 6. Mean HV performance on test data. The best performance is highlighted in gray.

NSGA-II KGEA KCCEA
Dataset
Mean Variance Mean Variance Mean Variance
1 336 x107° 895x 101 1.80x10"% 894 x 10! 277 x10~*
2 1.66 x 1071 1.09 x 10% 4.67 x 1073 1.93 x 104 132 x107*
3 624 x 1071 571 x107° 834x10"! 1.29 x 10~* 3.55 x 107
4 241 x 1071 670 x107* 5.16 x 10~! 320 x 10~* 3.77 x 1074
5 336 x 1071 157 x107* 384 x10°! 1.13x10°* 223 x 1074

6.3. Effectiveness of Dynamic Resource Allocation

The dynamic resource allocation mechanism in the KCCEA significantly improves
performance over the KGEA by adjusting the allocation ratio based on the success rates
of the two algorithms. This adaptive approach enhances the exploration and exploitation
balance, leading to better overall results. As shown in Tables 5 and 6, the KCCEA achieves
lower IGD values and higher HV values across multiple datasets, particularly in high-
dimensional feature spaces. For instance, in the ISOLETS5 dataset, the KCCEA achieves an
IGD of 0.021 and an HV of 0.544, outperforming the KGEA.

This mechanism ensures that computational resources are allocated optimally, lever-
aging the strengths of both the KGEA and NSGA-II. By maintaining a balance between
competition and cooperation, the KCCEA prevents the dominance of a single algorithm,
resulting in a more robust and efficient evolutionary process. The dynamic resource alloca-
tion effectively adapts the search strategy based on real-time performance, improving the
quality of solutions and providing a competitive edge in tackling complex feature selection
tasks in high-dimensional datasets.

6.4. Knowledge-Guided Competitive—Cooperative Evolutionary Algorithm against
Baseline Algorithm

The Knowledge-Guided Competitive-Cooperative Evolutionary Algorithm (KCCEA)
effectively integrates the Knowledge-Guided Evolutionary Algorithm (KGEA) with the
traditional NSGA-II, showcasing significant performance enhancements in complex feature
selection tasks across high-dimensional datasets. This integration facilitates a robust com-
parative analysis that highlights the benefits of incorporating domain-specific knowledge
into evolutionary strategies. As evidenced by the results presented in Tables 5 and 6, the
KCCEA surpasses the NSGA-II in four out of five experiments. The advantage is partic-
ularly notable in datasets with complex feature interactions, such as ISOLET5 and Toxic,
where the knowledge-guided approach of the KCCEA significantly improves solution
quality by effectively navigating the expansive search space.

This performance enhancement stems from the structured crossover and mutation
processes of the KCCEA, which utilize feature correlations to maintain relevant interac-
tions and reduce computational overhead, enabling faster convergence towards optimal
solutions. Additionally, the KCCEA framework adjusts allocation ratios dynamically based
on real-time performance metrics, which helps the algorithm adapt to the most promising
solution paths and prevents premature convergence to suboptimal solutions. This strategic
integration of knowledge within evolutionary cycles substantiates the effectiveness of the
KCCEA approach, marking it as a substantial improvement over traditional methods in
tackling the complexities of advanced feature selection.

6.5. Analysis of Pareto Front Distributions

To gain a deeper and more intuitive understanding of the algorithmic performance
across various setups, Figures 7 and 8 illustrate the distribution of Pareto fronts for algo-
rithms exhibiting median IGD performance. We focus on two datasets, MUSK1 and Toxic,
due to their distinct differences in the spread and quality of non-dominated solutions as
produced by different algorithms. It is observed that the KCCEA consistently achieves
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a broader and more diverse set of Pareto optimal solutions compared to other methods.
This indicates not only a wider exploration of the solution space but also superior conver-
gence properties, managing to maintain lower classification errors with a reduced set of
selected features.

Pareto Fronts of MUSK1
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Figure 7. Pareto fronts obtained by each algorithm in the objective space: MUSK1.
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Figure 8. Pareto fronts obtained by each algorithm in the objective space: Toxic.
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6.6. Discussion

The experimental results demonstrate the efficacy of the proposed KCCEA for high-
dimensional feature selection. The KCCEA's superior performance, indicated by lower
IGD values and higher HV values across various datasets, underscores the advantages of
integrating domain knowledge and competitive-cooperative mechanisms into evolutionary
algorithms. Furthermore, the design of the KCCEA considers the scalability to handle
large-scale datasets. Our proposed feature correlation knowledge grouping only requires
a one-time calculation using the given algorithm before the evolution starts to acquire
the knowledge. This grouping method demonstrates excellent efficiency and scalability,
making it easily applicable to large-scale datasets.

While the KCCEA shows significant improvements in search efficiency and solution
quality, there are still some limitations in this work. For instance, noisy and imbalanced data
can significantly impact the effectiveness of feature selection [41]. It would be valuable to
analyze the robustness of the algorithm under different conditions, such as in the presence
of noise or data imbalance. Additionally, exploring the applicability of the KCCEA to
other domains, such as regression and unsupervised learning tasks, could be interesting
future work. Considering the scope of this work, data complexity and imbalance will be
addressed in future studies. Furthermore, traditional machine learning methods often
require prior feature selection, whereas neural networks [42] might perform better with
selected features. Therefore, it is valuable to evaluate the proposed method’s performance
before and after feature selection using neural networks. Exploring the performance of
various classifiers with the KCCEA could also be considered in future work. Despite
these challenges, the KCCEA represents a significant advancement in the field of high-
dimensional feature selection.

7. Conclusions

This article proposes and examines the Knowledge-Guided Competitive-Cooperative
Evolutionary Algorithm (KCCEA), demonstrating its significant advancements in the field
of complex feature selection within high-dimensional datasets. Our paper not only pro-
vides an analysis but also proposes the integration of the Knowledge-Guided Evolutionary
Algorithm (KGEA) with the traditional NSGA-II under a competitive-cooperative frame-
work, which enhances the evolutionary strategy and efficiently navigates the expanded
search space. The theoretical contribution of this research is the novel method of embed-
ding domain-specific knowledge within the evolutionary processes, optimizing genetic
operations and significantly boosting the algorithm’s performance.

On a practical level, the KCCEA’s dynamic resource allocation strategy, which adjusts
based on real-time performance metrics, ensures the algorithm continuously adapts to the
most promising solution paths, thus preventing premature convergence to suboptimal
solutions. This adaptability underscores the practical utility of the KCCEA in real-world
applications where decision variables are complexly interrelated. Nevertheless, the ap-
proach is heavily reliant on the initial accuracy of the domain knowledge used to guide the
feature grouping, which is a limitation. Future work could address this by exploring au-
tonomous methods for knowledge acquisition and integration. Further research might also
consider applying the competitive—cooperative framework to other optimization domains,
potentially broadening the scope and impact of this advanced evolutionary approach.
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Abstract: Futures commodity prices are affected by many factors, and traditional forecasting methods
require close attention from professionals and suffer from high subjectivity, slowness, and low forecasting
accuracy. In this paper, we propose a new method for predicting the fluctuation in futures commodity
prices accurately. We solve the problem of the slow convergence of ordinary artificial bee colony
algorithms by introducing a population chaotic mapping initialization operator and use the resulting
chaotic mapping artificial bee colony algorithm as a trainer to learn long short-term memory neural
network hyperparameters. With the combination of gate structures learned by the algorithm, the long
short-term memory network can accurately characterize the basic rules of futures market prices. Finally,
we conduct a series of backtesting experiments on gold and natural gas futures commodity prices to
demonstrate the effectiveness of the proposed model. The experimental results show that, compared
with various existing optimization models, our proposed model is able to obtain the lowest mean
absolute error, mean square error, and root mean square error in the least number of iterations. In
summary, the model can be used to predict the prices of a wide range of futures commodities.

Keywords: chaotic mapping; artificial bee colony algorithm; long short-term memory; futures
price prediction

1. Introduction

Predicting commodities prices in the futures market has always been a classic and
challenging problem that has an impact on many countries and even the whole world [1].
Economists and computer scientists are interested in predicting futures commodity prices
in economic market research [2,3]. Known for its extensive hedging capabilities and
stable value, gold holds a prominent place in the investment and financial markets. The
development and export of the natural gas industry play a key role in the economic growth
of many countries, and natural gas exports can generate significant foreign exchange
earnings for the country. Forecasts suggest that natural gas is poised to supersede coal and
oil as the predominant fossil fuel post-2030 in terms of its share of the world’s primary
energy consumption [4,5]. The world economy, geopolitics, inflation, and other factors all
have an impact on commodities futures. Therefore, when predicting the value of these
futures commodities, traditional methods require careful attention to market dynamics
and relevant macroeconomic data. At the same time, researchers also face the challenge
of improving the accuracy of futures commodity price volatility prediction models, as
improving predictive performance is crucial for related companies and stakeholders [6].
For the investor to grasp futures commodity prices in advance of the day before the opening
of the market so that they can decide whether to continue to buy or sell, thereby affecting
the return on the capital, it is crucial to design an accurate forecasting model to predict
commodity price trends.
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During exploration and exploitation, the ABC optimization algorithm can easily slip
into local optima due to its poor convergence speed [7,8]. Simultaneously, optimizing
neural network hyperparameters for the faster training of high-precision prediction models
is another complicated issue. Hyperparameter adjustments take a large amount of time in
traditional methods, and even minor alterations can exert a huge impact on the outcome of
the prediction [9,10]. In this paper, we propose a novel approach for enhancing the ABC
technique by introducing a chaotic bee colony initialization operator. This operator can
speed up the optimization process and be used as a hyperparameter selection for LSTM
neural networks. The overarching objective is to automatically adjust the LSTM neural
network’s numerous combinations of hyperparameters when forecasting various futures
commodities, allowing the model to withstand market fluctuations better and adjust to
changing market trends. The significance of hyperparameters in neural network training
is emphasized in much research. For instance, Chen et al. [11] claim that choosing the
right hyperparameters is primarily responsible for the LSTM’s performance. Similarly,
Qi et al. [12] contend that hyperparameters wield substantial influence over machine
learning algorithms, and that optimizing them can be computationally costly. They sug-
gest using a Q-learning approach to find optimal neural network hyperparameter setups.
Moreover, the hyperparameter exploration LSTM predictor (HELP), a superior stochastic
exploration technique introduced by Li et al. [13], further corroborates the profound impact
of LSTM hyperparameters on neural network performance. Furthermore, Albahli et al. [14]
employ advanced techniques for hyperparameter adjustment to evaluate model efficacy,
demonstrating how neural network hyperparameters affect the recognition of handwritten
digits.

The originality of this study lies in its innovative use of a tent chaotic mapping
artificial bee colony (TCM-ABC) technique to optimize the hyperparameters of LSTM
neural networks, including critical parameters such as window size and neuron count.
By harnessing the capabilities of the ABC algorithm, this study endeavors to find robust
LSTM hyperparameters within vast decision spaces, thus enabling the effective training of
neural networks for the precise prediction of futures commodity prices. Overall, the salient
characteristics of this pioneering approach can be summarized as follows:

¢ Employing the globally optimized chaotic mapping artificial bee colony algorithm,
this study endeavors to tune essential LSTM layer hyperparameters such as window
size and neuron count.

e TCM-ABC-LSTM is a new combination of meta-heuristic algorithm and neural net-
work, deployed for the precise prediction of daily closing prices in gold and natural
gas futures commodities markets.

* By contrasting the anticipated closing price with actual values and forecasts based
on statistical error measurements (such as MSE, MAE, and RMSE), the proposed
TCM-ABC-LSTM model is assessed.

e To our best knowledge, this is the first time that machine learning technology has been
used to predict commodity price fluctuations in the futures market.

This paper is organized as follows: Section 2 reviews past research related to our work.
Section 3 describes the deep learning algorithms used in our study and our proposed TCM-
ABC-LSTM architecture. Section 4 describes the experiment and discussion, including an
introduction to the equipment used, data description and preprocessing, model parameter
settings, results, and discussion. Section 5 concludes.

2. Related Works

Financial forecasting involves a diverse array of methodologies because the futures
market, and indeed the entire financial market, are dynamic systems rife with noise and
non-parameters [15]. A variety of models have been used by researchers to forecast price
volatility. Four key types of price prediction methods currently in use include statistical
methods, artificial intelligence methods, hybrid models, and Bayesian methods. As a
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result, the applications of numerous methods in the field of financial forecasting are briefly
reviewed in this section.

2.1. Using Statistical Methods to Predict

Over the preceding decades, the autoregressive integrated moving average (ARIMA)
model has emerged as a cornerstone within the domain of time series forecasting, garnering
widespread acclaim across diverse disciplines. Predicting issues in the fields of medicine,
engineering, social sciences, stocks, and futures are among its uses [16-20]. One of the
most popular classical econometric methods for time series prediction is multiple linear
regression. Multiple linear regression was employed by Jyothi Manoj et al. [21] to forecast
gold prices. Ruslan et al. [22] used a series of univariate GARCH models to examine
oil prices and shipping stock prices in 2021, and the study provides a realistic view for
regulators and investors to predict market sentiment in the shipping market in response
to global oil prices. Wahyuny et al. [23] analyzed the comparison of the accuracy of the
asset pricing model (CAPM) and the arbitrage pricing theory (APT) in predicting the stock
returns of manufacturing companies listed on the Indonesian stock exchange, where the
outcomes of the data analysis demonstrated that the CAPM model outperforms the APT
model in predicting stock returns.

2.2. Using Artificial Intelligence Methods to Predict

Artificial intelligence methods, including machine learning and deep learning meth-
ods, have been introduced and used to predict time series [24]. In 2020, Wang and Zhao [25]
developed, tested, and validated suitable support vector regression (SVR) models for ship
price prediction based on the advantages of support vector machine frameworks. They
pointed out that this model provides satisfactory, robust, and promising results. Yu and
Yan [26] used a deep neural network for predicting stock prices, which uses the time series
phase space reconstruction (PSR) method to reconstruct the price series, and they claimed
that the proposed prediction model has high prediction accuracy. In order to predict the
opening price, the minimum price, and the maximum price of a stock at the same time,
Guangyu Ding and Liangxi Qin designed a multiple-input-output model based on LSTM
and experimentally demonstrated that the model outperforms other models in predicting
multiple values at the same time [27]. To extract and forecast future properties of these mar-
kets, Ehsan et al. [28] suggested a CNN-based framework that can be applied to datasets
from many sources (including different marketplaces). Wang et al. [29] used the most recent
deep learning framework, the Transformer model, in 2022 to predict stock market indices.
They showed that the Transformer model outperforms other neural network methods in
multiple stock indices and better characterizes the fundamental rules of the stock market
thanks to its encoder-decoder architecture and multi-head attention mechanism.

2.3. Using Hybrid Models to Predict

To predict the Bitcoin price, Kazeminia et al. proposed a hybrid model that mixes a
2D-CNN and LSTM in 2023, using a 2D-CNN for feature extraction and giving it to LSTM
for prediction [30]. The results show that the hybrid model can outperform any single deep
learning model. Lu et al. [31] suggested a convolutional neural network (CNN)- and LSTM-
based stock price prediction technique in 2020. Effective information was extracted from
the data using the CNN, and the extracted features were predicted using LSTM. According
to the results, the model has the best prediction accuracy on the Shanghai Stock Exchange
composite index. In 2021, Farah et al. [32] proposed a new genetic long short-term memory
framework consisting of long short-term memory and a genetic algorithm to predict short-
term wind power generation. The LSTM layer’s window size and neuron count were
optimized using the genetic algorithm’s global optimization technique. The model is 30%
more accurate than the current technology. In 2022, Gourav et al. [33] proposed a hybrid
deep learning model based on an LSTM network and adaptive particle swarm optimization
(PSO), which uses PSO to evolve the weights and biases of LSTM and a fully connected
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layer (FCL) for predicting the short-term and long-term stock prices of Sensex, S&P 500,
and Nifty 50 stock indices. Compared with the Elman neural network and standard LSTM
neural network, it achieved better prediction accuracy.

2.4. Using Bayesian Methods to Predict

In 2020, Massari [34] examined the impact of the market choice hypothesis on the
accuracy of the probabilities implied by equilibrium prices and on the market’s “learning”
mechanism, using the standard machinery of dynamic general equilibrium models to
generate a rich class of price probabilities, and showed that Bayes’ rule is the only rational
way to learn. A major limitation of traditional deep learning is the quantification of
uncertainty in predictions, which can affect investor confidence. To this end, Chandra
et al. [35] used a new Bayesian neural network to forecast multi-stage stock prices before
and during the New Crown Pneumonia in 2021. The results show that the Bayesian neural
network can provide reasonable forecasts with uncertainty quantification, despite the high
market volatility during the first peak of the new crown pneumonia pandemic. Chuang
and Lee [36] empirically analyzed historical block data using a Gaussian process model
and compare its performance with GasStation-Express and the Geth gas price oracles. The
results show that the Gaussian process model provides better estimates when trading
volumes are volatile.

3. Methodology

In our study, we enhance the conventional artificial swarm meta-heuristic algorithm by
introducing a novel swarm initialization operator, which uses a chaotic mapping algorithm
to generate the initial population, and by applying this algorithm to generate optimal
hyperparameters for long short-term memory neural networks. Our primary objective is to
employ this optimized model to forecast the prices of gold and natural gas futures. This sec-
tion provides a comprehensive exposition of our model architecture and the methodological
approaches employed therein. Figure 1 shows the created TCM-ABC-LSTM model.
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Figure 1. TCM-ABC-LSTM model structure. The data are first preprocessed and divided into training
and testing sets. The training set is input into TCM-ABC for training. TCM-ABC continuously
generates LSTM hyperparameter vectors to train the LSTM model, and the prediction accuracy of the
LSTM model is returned as fitness to TCM-ABC. Finally, the LSTM model is trained using the optimal
hyperparameter vector obtained after meeting the termination conditions, and predictions are made.
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3.1. Tent Chaotic Mapping Artificial Bee Colony Algorithm

The artificial bee colony (ABC) algorithm is an effective optimization algorithm that is
a natural heuristic algorithm proposed by Karaboga D et al. in 2005 [37]. Functioning akin
to the organic processes observed within bee colonies, the ABC categorizes bees into three
distinct groups: worker bees, onlooker bees, and scout bees.

However, despite its efficacy, the algorithm for the ABC remains subject to continual
refinement. The conventional approach for the ABC is to create worker bee placements in
the solution space at random to start the bee population. We found that the traditional ABC
algorithm’s randomly initialized bee colonies may be too concentrated, leading to poor
performance. Therefore, in our research, we use tent chaotic mapping as the bee colony
initialization operator, which effectively solves the inherent inefficiency problem of this
traditional method [38].

Our proposed initialization operator markedly reduces exploration time by systemat-
ically distributing worker bees across the solution space. This strategy results in shorter
distances for worker bee exploration, consequently enhancing search speed and efficiency.
Equation (1) provides the representation of tent chaotic mapping, where y is typically
2. We iteratively generate a series of chaotic numbers through Equation (2) and map the
generated chaotic sequence xy, x1, . .., X, to the search space of the problem in Equation (3),
where x;; represents the jth component of the current solution vector for worker bee i and
[a,b] is the solution space. The symbol | | denotes downward rounding.

fpx 0<x<yu
T(x)—{#(l_x) <<l )
Xnt1 = T(xn) 2
Xjj = aj+ [ x; * (bj — ﬂ])J 3)

We use the mapping results obtained from the above steps as the initial population
for the artificial bee colony algorithm. The fitness value of the objective function fit is
calculated by Equation (4), where f; is the objective function value and fit; is the fitness of

bee i.
1

it; =
fit 1+ fi

We use the roulette method to calculate the probability p; that a worker bee is selected
by an onlooker bee, which is obtained from Equation (5):

fi
— : 5
Onlooker bees searching for new solutions are calculated using Equation (6), where
xj is the solution vector of a randomly selected other worker bee k.

(4)

x;j = xjj + rand[—1, 1](xij - xkj) ©)

Scouter bees use Equation (7) to randomly generate new solutions to avoid falling into
local optima, where x:; is the position of the scouter bee and x}”’” and x}"”x represent the
minimum and maximum of the jth component, respectively.

x;; = x;-"i” + rand[—1,1] (x;-"‘”‘ - x;-”i”) (7)

3.2. Long Short-Term Memory

The long short-term memory network stands as a seminal and highly effective model
for time series prediction [39]. The memory cell of the LSTM model is shown in Figure 2.
The LSTM model incorporates a sophisticated gate structure to mitigate the challenges
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of gradient vanishing and explosion. This gate structure comprises forget gates, input
gates, and output gates, and each structure has its unique role. Three gate structures are
represented mathematically by Equations (8)—(11):

ft = c(Wexy + Wighi—1 + by) ®)

it = o(Wixt + Wyihi—1 + b;) )

or = o (Woxt + Wiohi—1 + by) (10)

ht = tanh(Ct,1)®ot (11)

C = Ct_1 ®ft + tanh(cht + thht_1 + bc)@it (12)

In Equations (8)-(12), matrices w, , wy;, Wxo, Wxc denote the appropriate input weight
matrices, Wy, ¢, Wy, Wpo, W are the recursive weight matrices, and bf, b;, by, b, denote the
corresponding bias vectors. The hidden state, denoted by the /; in Equation (11), passes
through the activation function tanh to produce a new hidden state after combining the
input and the previous hidden state into a vector. Long-term memory is represented by C;,
which is the outcome of the input gate, forget gate, and memory C;_; from the previous
moment combined. The symbol & represents the multiplication of elements by elements
between units. The tanh and sigmoid kernel functions are represented as tanh and o,
respectively, and are defined mathematically as follows:

eX — X

tﬂnh(x) - m (13)
1

o) = 1 (14)

The output y; of the LSTM is computed using Equation (15), where wy,, is the recursive
weight matrix and by, is the corresponding bias vector:

Y= a(whyht + by) (15)
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Figure 2. LSTM memory cell structure.

3.3. TCM-ABC-LSTM

To better address the difficulties associated with hyperparameter tuning in LSTM net-
works, this section describes an improved artificial bee colony optimization algorithm as a
hyperparameter selector for LSTM networks, which is called TCM-ABC-LSTM. Leveraging
the inherent strengths of the ABC algorithm as a hyperparameter selector, our proposed
methodology ensures expedited convergence, heightened prediction accuracy, and en-
hanced robustness of the resultant LSTM network models. Notably, the ABC algorithm’s
aptitude for tackling NP-hard problems and swiftly identifying global optimal solutions
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or approximate global optima highlights its effectiveness in the complex environment of
hyperparametric optimization. Tent chaotic mapping group initialization further improves
the efficiency of the algorithm, allowing it to quickly traverse the solution space and find the
global optimal or near-global-optimal solution faster than other meta-heuristic algorithms.
The pseudo-code of the TCM-ABC algorithm is shown in Algorithm 1.

Algorithm 1 Pseudocode of TCM-ABC-LSTM

Initialize population using Tent chaotic mapping
Evaluate the fitness of the population
Set Iteration =1
while Iteration < Maximum number of Iteration do
Employee Bee Phase
Probability Calculation Phase
Onlooker Bee Phase
Scout Bee Phase
Enroll the best solution obtained so far
Iteration = Iteration + 1
: end while
Training LSTM with Optimal Population

RS R AN L

_
N 22

First, the ABC initializes the worker bee population by tent chaotic mapping (TCM),
which serves to distribute the population uniformly in the solution space, to accelerate the
bee’s search process and to avoid falling into local optima. The pseudo-code of the TCM
initialization operator is shown in Algorithm 2.

Algorithm 2 Pseudocode of TCM initialization operator

1: whilei=1,2,... ndo

2: whilej=1,2,... mdo

3: Initialize population of worker bees W by Equations (1)-(3)
4: end while

5. end while

In the worker bee phase following the initialization process, the worker bee evaluates
the fitness value of the newly generated nectar source. Under the support of the TCM
initialization operator, the searchability of the solution is enhanced. The described bee
phase is demonstrated in Algorithm 3.

Algorithm 3 Worker Bee Phase

1: for all worker bee w in W do
2: Evaluate the fitness of w
3: end for

In the onlooker bee phase, worker bees share information about the location of the
nectar source with onlooker bees in the beehive. The onlooker bee selects the worker bee to
continue exploring the new solution based on the roulette probability. The pseudo-code for
this process is represented in Algorithm 4:
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Algorithm 4 Onlooker Bee Phase

1: for all worker bee w in W do
2 Execute roulette selection based on Equation (5)
3 if w selected then
4: Add w to O
5 end if
6: end for
7: for all onlooker bee 0 in O do
8: Generate 0y, by fine-tuning the value of o
0: Evaluate the fitness of 0e
10:  if f(0) < f(0pew) then
11: Replace o with 0,¢
12: end if
13: end for

Finally, the ABC enters the Scout Bee Phase if the adaptation does not improve after n
iterations, replacing the current solution with a randomly generated one to avoid falling
into a local optimum. We argue that the behavior of bees in the ABC algorithm has
some similarities with LSTM neural network parameter tuning and that the behavior
of worker bees exploiting a nectar source corresponds to finding a solution within the
hyperparametric feasible solution space of the neural network. Onlooker bees can decide
whether to exploit or not and are capable of small-scale fine-tuning. The scout bees
randomly search for nectar sources and are able to prevent falling into a local optimum.
Therefore, we choose to combine the ABC algorithm with LSTM in an attempt to achieve
excellent prediction results.

TCM-ABC is used to train LSTM networks to solve nonlinear regression (predicting
price fluctuations). The main difficulty in developing accurate neural network models
lies in finding the most appropriate hyperparameters to train the neural network. The
main drawbacks of traditional training algorithms include local optimum stagnation, slow
convergence, and poor accuracy, thus motivating researchers to look for reliable alternatives
to address these drawbacks. From this point of view, TCM-ABC intelligently chooses the
hyperparameters of LSTM. The proposed model uses LSTM as the objective function of
TCM-ABC and evaluates its solution in the training phase. This evaluation uses the current
solution as hyperparameters, passes it to the LSTM, and subsequently calculates the fitness
based on the predictive performance of the LSTM. This scenario is repeated until the
maximum number of iterations is reached. The best solution is finally passed to the LSTM
as a hyperparameter vector for the testing phase.

Using an improved artificial bee colony technique, we were able to determine the
hidden layer size, number of hidden layers, time step, batch size, and epoch of LSTM in
our work. Determining these ideal settings is crucial since, for instance, if the time step size
is set to 1, hardly any information is transmitted. If we consider a large time step, then this
means that early-sequence terms will act as noise. Thus, the appropriate optimization of
these hyperparameters is indispensable for ensuring the efficacy and reliability of LSTM
network models. Figure 3 displays the TCM-ABC-LSTM model’s concrete flowchart.
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Figure 3. The flow chart of TCM-ABC-LSTM.

4. Experiment and Discussion

Gold and natural gas stand as pivotal commodities that command significant attention
within the global futures market landscape. Often regarded as barometers of the world
economy, fluctuations in the prices of gold and natural gas are closely scrutinized by
investors and analysts alike. Changes in monetary policy, geopolitical threats, and inflation
predictions are typically reflected in the direction of gold prices. Weather variations,
geopolitical events, and supply—demand relationships all have an impact on natural gas
prices. Recognizing the importance of comprehending market trends and making informed
investment decisions, investors and stakeholders seek predictive models that can effectively
anticipate price movements in these key commodities. To this end, our study opted to
evaluate the predictive performance of the TCM-ABC-LSTM algorithm by focusing on
futures prices for gold and natural gas commodities. By conducting a series of rigorous back-
testing experiments on the next-day closing price indices of gold and natural gas futures,
we aimed to elucidate the algorithm’s efficacy in forecasting commodity prices within the
futures market domain. Table 1 provides a comprehensive overview of the hardware and
software configurations utilized in our experimental setup, ensuring transparency and
reproducibility in our methodology.

Table 1. The main hardware and software configurations.

Pytorch version

Hardware/Software Configuration
CPU Kaggle CPU
GPU NVIDIA Tesla P100
DISK Max 73.1 GB
RAM Max 29 GB
GPU memory Max 16 GB
Python version Python 3.7

Pytorch 1.7.0
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4.1. Data Description and Preprocessing

The opening, closing, highest, and lowest trade prices for natural gas from 4 April
1990-26 October 2023, and for gold from 2 January 1990-26 October 2023, are among the
data analyzed in this study. Investing Financial Information provides the data instance for
each index. Renowned as one of the premier financial websites globally, Investing Financial
Information offers real-time updates and comprehensive market data on a diverse array
of financial instruments, including stocks, funds, foreign currencies, futures, bonds, and
digital currencies. One can download all of the experiment’s data at https:/ /www.investing.
com/commodities/real-time-futures, accessed on 11 June 2024. To facilitate effective model
training and evaluation, the closing price data were partitioned into training and test sets.
Specifically, the training set comprises the initial 80% of the data, employed to train the
LSTM model parameters. Then, the remaining 20% of the data are reserved as a test set,
serving as a robust validation mechanism for assessing the performance and accuracy of the
proposed predictive model. It is worth noting that, in order to reduce the volatility of the
dataset and enhance the predictive performance and stability of the proposed model, we
normalize the raw data (both training and test sets) using Equation (16). This normalization
process ensures that the raw data, both in the training and test sets, are standardized to a
common scale, thereby facilitating more robust and reliable model training and evaluation,
where x,,;;, and X4 are the minimum and maximum values of the original sequence,

respectively.
Xi = Xmin

(16)

X; _ R
i(norm
( ) Xmax — Xmin

To facilitate this predictive process, we adopt the moving window method, a widely
employed technique for feature extraction from observed time series data. The closing
prices of the previous t trading days are used in each prediction to forecast the closing
price of the following trading day t + 1. This method systematically constructs features and
labels by sliding a window over the time series data, as depicted in Figure 4.

X4 X2 | X3 [Xq | X5 [ Xea | Xt Xts1 | X2 | Xtsz | Xtwa | ™ Xna | Xn ‘
| X4 | X3 | X3 ’ Xy ‘ X5 | | Xt-1 | X¢ | Xieq | Xes2 | Xtss | Xess ‘ Xna | Xn ‘
| X4 | X3 | X3 ’ Xy ‘ X5 | | Xt-1 | Xt | Xtz | Xes2 | X3 | Xtsa ‘ Xna | Xn ‘

Figure 4. Moving window method.

4.2. Model Parameter Settings

We carried out a great deal of testing on the training set, and the pertinent parameters
of the improved artificial bee colony algorithm were established as follows in light of many
tests and related studies [40—42]: 50 honey sources, 500 iterations, 25 worker bees, and
15 onlooker bees. The number of LSTM's hidden layer cells is given in [30, 200], the number
of hidden layers is given in [1, 8], the time step is given in [20, 80], the batch size is given in
[30, 80], and the epoch is given in [10, 500].

We use the root mean square error to evaluate the prediction accuracy. Taking the pre-
diction of gold prices as an example, each algorithm’s loss function over time is displayed in
Figure 5. The graph shows that our suggested algorithm has the fastest convergence speed
and can reach the final result within approximately 10 iterations; second, the ABC-LSTM
model can reach the final result after about 50 iterations, showing that the effect of our
proposed swarm initialization operator on the speed of model training is effectual; and,
finally, the Transformer model has the worst prediction performance, suggesting that it has
limitations in capturing the intricate volatility patterns inherent in commodities traded on
futures markets.
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Figure 5. RMSE changes over time.

4.3. Evaluating Indicator

In this study, the model performance is evaluated by prediction accuracy, and we
compare the predicted values to the real data in the test set and calculate the prediction
error. The three prediction error evaluation metrics used in this study are as follows:

Mean Absolute Error (MAE):

1 n
MAE = ) [p = 7l (17)
i=1
Mean Square Error (MSE):
1 n
MSE = -} (p— p)? (18)

i=1

Root Mean Square Error (RMSE):

1¢ )
RMSE = [~} (p = p)? (19)

where p is the true value, p is the predicted value, and n is the sample size. MAE is the
mean absolute deviation between the predicted value and the true value, which ignores
the direction of the error and focuses only on the magnitude of the error [43]. MSE is a
common measure of time series forecasting performance. Similar to MAE, it also measures
the absolute error in the forecast, which is squared, making MSE more sensitive to outliers
but also more expressive of the distribution of the error [44]. RMSE is identical to the raw
data in terms of magnitude and is therefore easier to visualize and understand. Similar
to MSE, RMSE gives higher weight to large errors [45]. This study uses RMSE as the loss
function for model training.

4.4. Results and Discussion

The empirical results of this study confirm the utility and effectiveness of the TCM-
ABC-LSTM model. The same dataset is used to evaluate the prediction performance of the
designed models relative to traditional neural networks and various meta-heuristic trainers,
including ARIMA, LSTM, and GA-LSTM. Many researchers have demonstrated the high
accuracy of the compared models before and used these models to improve many problems.
Moreover, these models are among the most widely used and effective techniques in the
field of prediction [29,46—49]. The performance and precision of our proposed model are
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evaluated in comparison to other prediction models, employing well-established metrics
such as MAE, MSE, and RMSE. Among the diverse array of models compared in this study,
our proposed model stands out, gaining the lowest mean absolute error, mean square error,
and root mean square error, as shown in Tables 2 and 3, bold indicates the best result for
each indicator. Slight differences in these evaluation indicators have a big influence on
forecast accuracy because of data standardization. To provide a comprehensive insight
into the performance gains facilitated by our proposed model, using the MAE prediction
results as an example, Table 4 elucidates the marked enhancements in prediction accuracy
following inverse normalization. From the table, it can be seen that our model has a
significantly improved prediction accuracy, with improvements ranging from 26.79% to
82.16% compared to other models. This indicates that the data volatility has been well
captured in the fitted model, thereby affirming its robustness and efficacy as a futures
prediction model.

Figures 6 and 7 illustrate how well the ARIMA, FNN, LSTM, Transformer, GA-LSTM,
and TCM-ABC-LSTM models predict the prices of gold and natural gas, respectively. It
is evident from the graph that the TCM-ABC-LSTM-predicted futures commodity prices
closely match the actual data.
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Figure 6. Prediction results of gold prices for various models.
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Figure 7. Prediction results of natural gas prices for various models.

Table 2. Performance comparison of gold price prediction models.

MAE MSE RMSE
ARIMA 0.01188 30x1074 0.0174
FNN 0.01902 40x 104 0.0216
LSTM 0.00906 1.2 x 107* 0.0110
Transformer 0.03253 42 x 1073 0.6531
GA-LSTM 0.00755 92 x107° 0.0095
TCM-ABC-LSTM 0.00619 6.7 x 1075 0.0077
Table 3. Performance comparison of natural gas price prediction models.
MAE MSE RMSE
ARIMA 0.01148 22x1074 0.0149
FNN 0.00621 1.1x107% 0.0109
LSTM 0.00630 1.2 x 1074 0.0110
Transformer 0.02451 1.3 x 1073 0.0368
GA-LSTM 0.00620 7.8 x 107> 0.0088
TCM-ABC-LSTM 0.00250 1.2x10°5 0.0035
Table 4. Model MAE performance improvement.
ARIMA FNN LSTM Transformer GA-LSTM
MAE (decline) 57.18% 81.24% 56.59% 82.16% 26.79%
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5. Conclusions

In this paper, we present a new model for predicting price fluctuations of futures
commodities using an improved meta-heuristic algorithm TCM-ABC to train LSTM neural
networks and apply it to predict the daily closing prices of gold and natural gas, comparing
the obtained prediction results with those of classical neural networks and other meta-
heuristic trainers such as ARIMA, Transformer, GA- LSTM, etc. The results show that the
TCM-ABC-LSTM model outperforms the other models. The evaluation metrics reveal that
the TCM-ABC-LSTM network model achieved the lowest MAE, MSE, and RMSE errors of
6.19 x 1073, 6.7 x 107, and 7.7 x 1073, respectively. So far, the TCM-ABC-LSTM model is
considered as a promising technique for high-precision commodity price prediction. We
will explore more theoretical results in the future and expect that, in practice, investors can
obtain higher excess returns through predictions of TCM-ABC-LSTM.

The gold and natural gas data used in this study are classical data from futures markets,
and our proposed model performs very well on these datasets; we believe that the superior
performance of TCM-ABC-LSTM is mainly attributed to the innovative improvement of the
artificial bee colony algorithm and its application to LSTM networks. Compared with the
traditional LSTM model, the proposed TCM-ABC-LSTM model has better generalization
ability because it can adaptively find the optimal hyperparameters. However, there are
some limitations in this study, such as that this paper only predicts the closing price of
the commodity on the following day alone, but, in fact, the longer the prediction time, the
more insight into the future trend of the commodity for further analysis. These will be
discussed in our future research. In the future, additional research will be carried out on
the following points:

1.  Extending the application of the TCM-ABC-LSTM model to diverse time series pre-
diction tasks encompassing domains such as electricity consumption, wind power
generation, and stock market dynamics.

2. Exploring alternative optimization algorithms to serve as hyperparameter selectors
for LSTM models in the quest for better hybrid models.

3.  Applying long-term sequence prediction using the proposed model.
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Abbreviations

The following abbreviations are used in this manuscript:

ABC Artificial bee colony

ARIMA Autoregressive integrated moving average
FNN Feed-forward neural network

GA-LSTM Genetic algorithm long short-term memory
LSTM Long short-term memory
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MAE Mean absolute error
MSE Mean square error
TCM-ABC-LSTM  Tent chaotic mapping artificial bee colony long short-term memory
RMSE Root mean square error
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Abstract: In contemporary business environments, manufacturing companies must contin-
uously enhance their performance to ensure competitiveness. Material feeding systems are
of pivotal importance in the optimization of productivity, with attendant improvements in
quality, reduction of costs, and minimization of delivery times. This study investigates the
selection of material feeding methods, including Kanban, line-storage, call-out, and kitting
systems, within a manufacturing company. The research employs six machine learning
(ML) algorithms—Tlogistic regression (LR), decision trees (DT), random forest (RF), sup-
port vector machines (SVM), K-nearest neighbors (K-NN), and artificial neural networks
(ANN)—to develop a multi-class classification model for material feeding system selection.
Utilizing a dataset comprising 2221 materials and an 8-fold cross-validation technique, the
ANN model exhibits superior performance across all evaluation metrics. Shapley values
analysis is employed to elucidate the influence of pivotal input parameters within the
selection process for material feeding systems. This research provides a comprehensive
framework for material feeding system selection, integrating advanced ML models with
practical manufacturing insights. This study makes a significant contribution to the field
by enhancing decision-making processes, optimizing resource utilization, and establishing
the foundation for future studies on adaptive and scalable material feeding strategies in
dynamic industrial environments.

Keywords: material feeding systems; machine learning; multi-class classification;
manufacturing systems

1. Introduction

In the context of the contemporary era, manufacturing companies are engaged in
efforts to enhance their competitiveness in the global market. This is pursued through the
pursuit of two key objectives: the maximization of quality and the minimization of costs
and delivery times. Material feeding systems represent a significant factor influencing
productivity. Manufacturing companies must select the optimal material feeding method
by considering variables such as material variety, size and weight, product demand volume,
space requirements, and labor force. Material feeding systems can be classified into three
categories: stocking of materials, transportation of materials, and material feeding policy.
In the literature, material feeding policies are analyzed under four distinct categorizations,
as follows: continuous feeding (line storage), material feeding with Kanban, kitting, and
hybrid approaches.

The objective of the line-storage strategy is to ensure the storage and distribution
of materials in a separate container or on a dedicated shelf located in close proximity

Appl. Sci. 2025, 15, 980 https://doi.org/10.3390/app15020980
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to the assembly line. The quantity of materials stored in the container is determined by
the specific product type and is replenished when the container is empty. The operator
responsible for assembly or material preparation retrieves the requisite materials from
the designated storage location and prepares them in accordance with the specifications
outlined in the production plan. In the event of a material shortage on the assembly
line, production can continue uninterrupted by procuring new products directly from the
adjacent container, as a consistent supply of materials is maintained in close proximity
to the line. In manufacturing companies with a high degree of product variety, the time
spent searching for the requisite parts and the space required for their placement next to
the assembly line are considerable [1].

Kanban is a tool that facilitates the communication of information in accordance
with the principles of lean production pull. Kanban facilitates the transfer of materials
by enabling the circulation of information from the final production stage to the initial
production stage. Upon withdrawal of the product from the designated area, a signal is
generated to indicate the transition to the preceding stage of the process. The Kanban
method is a material feeding technique that is employed to prevent overproduction and
to reduce the number and cost of components in the production process that are not yet
complete. The subsequent process stage transmits a signal to the preceding process stage,
indicating whether production should continue or cease, utilizing a Kanban card. As
the production decision is based on information from the subsequent process, there is no
requirement for external planning, and the process is straightforward to manage.

The term “kit” is used generically to describe a box containing parts used in one or
more assembly steps [2]. A kit is defined as a specialized collection of parts [3] and a
collection of materials that are required to produce a product or complete a production
step [4]. The term ‘kitting’ is defined as the process of supplying the requisite components
by placing predetermined quantities of parts together in specially designed containers
and the process of handling only those parts that have been defined as necessary for a
specific period and dispatching them to designated stations [5]. The use of kits represents
an advantageous material feeding method in manufacturing companies characterized by
high product variety, low product demand, and a low number of standard components [6].
Limere et al. [7] identified several advantages associated with kitting. These include a
reduction in stock levels, a reduction in the time operators spend locating and retrieving
materials, a reduction in the time required to search for materials, an improvement in
ergonomic conditions, and easier access for operators to ergonomically designed kits.

Hybrid approaches are those in which two or more material feeding methods are used
together. A hybrid approach may be defined as one in which two or more material feeding
methods are employed in conjunction with one another. Moreover, this approach may
entail the feeding of a defined subset of materials from line storage or the utilization of
Kanban management while another subset is fed from the warehouse or kitting.

This study considers the problem of material feeding method decision-making to
assembly lines in a hydraulic motor manufacturing company in Turkey. This study presents
a number of issues encountered by a manufacturing company engaged in the production
of hydraulic motors, as follows:

e  The system exhibits a high order of volume yet displays a low production capacity;

e  The assembly lines are subject to lengthy lead times;

e A substantial number of tasks are performed by the assembly operator that does not
enhance the value of their work;

o The space requirements for the purchase of new machinery with the objective of
increasing production capacity;
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e A review of customer complaints revealed a recurring issue with incorrect material
assembly on the assembly line;

e Given the extensive range of available materials, identifying the most appropriate
ones is a time-consuming task;

e  The operational procedures of the assembly line and the activities of the operators are
not optimally efficient;

o The lack of sufficient space for materials next to the line has been identified as a
potential issue;

e  The demand for each material varies considerably depending on customer requirements.

To address the issues that have been identified, it was decided that a standardized
and systematic material feeding method should be selected for use on assembly lines. The
objective of this study is to identify the most efficient material feeding method for existing
materials in assembly lines with varying value streams in the factory and to determine
an effective material feeding method for new materials. The remainder of this paper is
organized as follows. Section 2 presents a literature review. Section 3 explains the proposed
approaches. Developed models and results are provided in Section 4. Finally, conclusions
are presented in Section 5.

2. Literature Review

This study investigates assembly line feeding methods and material feeding method
selection problems in the literature. In many studies in the literature, material feeding
methods are compared with each other, and various methods are used to solve the material
selection problem. In this section, different material feeding methods in the literature
are explained. Just-in-time production, line-side stocking, kitting, Kanban, sequencing,
and hybrid material feeding methods are mentioned in the literature. In the articles, line-
side storage, kitting, and just-in-time production material feeding methods are mostly
mentioned [8].

There is an urgent demand to improve the material feeding performance in automobile
mixed-model assembly lines [9]. For automotive mixed-model assembly lines, the excessive
work-in-process inventory will cause confusion in the assembly line, which will damage the
product quality and reduce the enterprise’s reputation [9]. Zhou and Zhao [9] proposed a
fuzzy-neural model-based model for the material feeding problem for the Kanban strategy.
The fundamental principle of the material feeding strategy is the determination of whether
the supply of materials is continuous or discontinuous [10]. As an alternative to kitting, the
Kanban method is a continuous supply strategy that allows a stock of each needed part type
to be continuously held at the workstation with small-sized containers. Conversely, when
substantial quantities of parts are stored in larger containers along the production line, and
these containers are replenished at regular intervals, this is referred to as line storage [10].
Kitting is the feeding of multiple specific parts required at a specific workstation for the
production of a specific product [11].

Tardif and Maaseidvaag [12] established the definition of “Kanban” as a material flow-
control mechanism. This mechanism is employed to regulate the appropriate quantity and
temporal allocation of products, ensuring that only the necessary quantity is produced. In a
Kanban material feeding system, each bin is associated with a card containing information
about the product. Kanban cards always move through the processes together with the
products. The Kanban card refills stations with relevant parts based on consumption [13,14].
The Kanban material feeding method reduces inventory costs, increases flexibility as
production occurs in line with customer demand, and does not require an additional
management system [15]. The Kanban system has been demonstrated to exhibit a high
degree of adaptability in responding rapidly to fluctuations in demand [9].
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Line-storage feeding is considered to be the process of moving parts from a central
warehouse to an area in which they will be utilized. Parts are stocked in the relevant area,
and when the operator on the assembly line requires material, it is obtained from the stock
areas adjacent to the line. Conversely, when a specific component is no longer required,
or the designated parts bin is depleted, it is returned to the central warehouse, thereby
freeing up space in the line-side stock area [16]. This systematic approach ensures the
continuous availability of materials in the stock area adjacent to the assembly line. In the
automotive industry, line-storage feeding is the most common parts feeding strategy due to
its simplicity and the low material handling efforts it entails [17]. However, this approach is
associated with higher space utilization and no time savings during the assembly worker’s
picking process [18]. Kitting is collecting the parts required to produce a specific product
in the required quantity and bringing them to the assembly line in a designated box [16].
The time needed to prepare the kit is non-value added time; additional space is needed to
prepare the kit, the list of materials needed must be shared with the kitting operators in
advance, and additional planning is required. Handling is high and risky for parts that may
suffer quality damage or be stolen. It can be challenging to place extensive and heavy or
tiny parts into the kit [2]. It has been demonstrated that each material feeding strategy has
its own advantages and disadvantages. This poses a significant challenge to the effective
allocation of each part to a feeding strategy [7,19].

The assembly line feeding problem was first formulated and investigated by Bozer
and McGinnis [2]. This pioneering research paper explores the impact of various feeding
policies through cost-based comparisons. A notable constraint of the study is its utiliza-
tion of a binary approach, presupposing that a single feeding policy is implemented for
the feeding of all components. Descriptive models and optimization-based models are
widely used for material feeding strategy selection in the literature. In the existing lit-
erature, there is a wide prevalence of both descriptive [5,20,21] and optimization-based
models [11,22-25] in the context of the material feeding strategy selection problem. Bozer
and McGinnis [2] presented the differences between line-storage feeding and kitting and
developed a decision-making model to determine the material feeding strategy by using
a linear programming model. Bozer and McGinnis [2] compared two material feeding
systems based on the amount of inventory between processes, the space requirements for
a central warehouse and a line-storage warehouse, and the material handling quantity
criterion. Caputo and Pelagagge [20] evaluated kitting and line-storage feeding with an
optimization model that aims to minimize the cost of labor, space requirement, and in-
process stock quantity parameters. Wanstrom and Medbo [26] compared line-storage and
sequential feeding systems by examining how they affect labor, production flexibility, mate-
rial planning parameters, and assembly process performance. Battini et al. [27] conducted
a study for a pallet to workstation, trolley to workstation, and locking as a part of the
feeding methods. They evaluated the most important factors affecting the material feeding
strategy as follows: the distance between the line and the warehouse, the average number
of components of each finished product, the average lot size, and the number of stations
on the line. Hua and Johnson [28] explained the factors for choosing the right line feeding
method as follows: the effect of the product and components on production volume, the
effect of the variety and size, the effect of component stocking and material handling, the
effect of production control, and the effect of system selection on operational performance.
Caputo and Pelagagge [21] demonstrated a model to support decision-making for kit-
ting, just-in-time Kanban-based continuous feeding, and line-storage feeding methods.
Hanson et al. [29] compared the time taken to bring materials from kitting and line-storage
stocking to the assembly line in the automobile industry. It was interpreted that kitting
increases material picking and counting, line-side stocking increases in-process material
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stock and increases the holding cost, and if the same component is to be used in different
assembly stations, it will require multiple space requirements in the line. Limere et al. [30]
developed a labor-based mathematical cost method to select a material feeding strategy
comparing kitting and line-storage methods. Hanson and Brolin [31] defined line stor-
age and kitting regarding product quality, assembly support, flexibility, finished product
inventory level, and required stock space. Caputo et al. [22] developed a mathematical
model to select the optimal material feeding method for parts fed to the assembly line
to minimize the total cost. Labor costs, investment costs, in-process inventory holding
costs, and factory floor space costs were considered as parameters. Limere et al. [7] devel-
oped a mixed-integer programming model to minimize logistics costs to choose between
line-storage feeding and kitting. Sali et al. [23] examined the kit, line-side, and sequencing
methods with a total cost formulation that evaluates material preparation costs before
assembly, picking, transportation from the central warehouse to the assembly line, and
stocking. Caputo et al. [10] developed a cost model for supplying materials to assembly
lines according to the kit, line-storage, and just-in-time production methods that depend
on the part characteristics and performed sensitivity and parametric analyses to determine
the best method for each material. Baller et al. [18] extended the mixed-integer program-
ming formulations in the literature by allowing flexible line-edge spacing by modeling
different line feeding methods per material family for different material feeding meth-
ods. Zennaro et al. [32] developed a mathematical model that aims to reduce the cost of
a material feeding system. Kang et al. [33], Bertolini et al. [34], Moretti et al. [35], and
Zangaro et al. [36] investigated the potential of machine learning (ML) methodologies in
addressing the material feeding problem. Moretti et al. [35] presented a DT model for
the material feeding problem. Faccio et al. [37] presented a simulation-based model and
statistical analysis for the material feeding strategy problem. As asserted by Kang et al. [33],
artificial neural network (ANN), decision tree (DT), random forest (RF), support vector ma-
chine (SVM), and K-nearest neighbor (K-NN) are the most frequently applied ML models,
and binary classification is the major dependent variable for production line problems.

A literature review reveals significant advancements in understanding and modeling
the problems associated with feeding materials during the assembly process. Many extant
studies, beginning with Bozer and McGinnis [2], adopt a binary or uniform approach,
presuming a uniform feeding policy for all components. This simplification does not reflect
the complexity of real-world assembly lines, where different components may require
different material feeding strategies. In practice, many assembly lines are characterized
by the deployment of multiple material feeding systems, which are utilized concurrently
to accommodate various product types, production volumes, part characteristics, and
supply chain constraints. This necessitates exploring hybrid material feeding systems
capable of integrating and dynamically adjusting between different feeding methods. The
implementation of such systems would enable manufacturers to optimize material handling
processes in a flexible and adaptive manner, allowing for real-time adjustments based on
shifting production needs and environmental conditions. Research on hybrid feeding
systems, where multiple feeding strategies coexist and incorporate dynamic decision-
making frameworks, ensuring that material feeding systems can be switched or combined
in response to specific operational requirements, remains limited. Integrating traditional
material feeding strategies with data, predictive analytics, and ML models can potentially
optimize manufacturing systems’ performance and cost efficiency. Recent research (e.g.,
Kang et al. [33]; Moretti et al. [35]) introduces ML-based methodologies for material feeding
problems, but applications remain exploratory and limited to specific ML models. Most
models primarily aim to minimize costs, neglecting other crucial performance metrics that
influence assembly lines” overall performance and effectiveness. In environments with
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high variability or frequent product changes, a system optimized only for the cost may lack
flexibility and efficiency. Material feeding strategies prioritizing cost minimization can lead
to quality issues or delays. The rapid pace of technological advancements in manufacturing,
driven by Industry 4.0, increases the importance of system adaptability. Therefore, there
is a need for multi-criteria decision-making models that address broader operational
and strategic objectives beyond cost reduction. The lack of empirical evidence and case
studies on the implementation and effectiveness of proposed models in diverse industrial
settings also needs to be addressed. ML models have demonstrated considerable potential
in predicting the optimal material feeding strategy. Nevertheless, a pivotal element of
their implementation, namely the interpretability of the models, is frequently disregarded.
For manufacturing companies to confidently adopt ML-based decision-making systems,
providing clear insights into how various input features influence the model’s predictions
is essential. One promising method to enhance interpretability is the application of Shapley
values, a concept from cooperative game theory that can quantify the contribution of each
input feature to the final prediction of a model. Despite the potential of combining Shapley
values with ML models, this approach remains underexplored in the material feeding
strategy literature. The incorporation of Shapley values into ML models has the potential
to generate actionable insights that elucidate the rationale behind the selection of a specific
feeding strategy in a given context. However, there is a lack of research exploring the
potential of Shapley values to enhance the interpretability of ML models, particularly in the
context of multi-class classification problems such as material feeding strategy selection.

3. Materials and Methods

ML algorithms can be classified into four subclasses as follows: (1) supervised learning,
where the algorithm uses a set of labeled training data to derive a function between the
input(s) and the output(s); (2) unsupervised learning, where the algorithm does not require
labeled data; (3) semi-supervised learning, where the training dataset includes both labeled
and unlabeled data, and (4) reinforcement learning, where the algorithm rewards positive
actions and penalizes negative actions using a feedback mechanism [33]. Although the
availability and quality of data are critical to the performance of ML algorithms, supervised
learning usually achieves better results than semi-supervised and unsupervised learning
approaches [33].

A DT is a supervised ML model that supports decision-making processes. It is
represented as a logical tree, with a range of conditions and conclusions as nodes and
branches [38,39]. At each stage of the decision-making process, a decision tree takes a deci-
sion and considers alternative choices of action, selecting the most relevant alternatives [40].
It employs estimates and probabilities to calculate probable outcomes and assist in de-
termining the net gain from a decision. Various techniques are employed to accomplish
classification, including information gain, chi-square, Gini, entropy, and others [41]. The
DT method is characterized by its simplicity, ease of understanding and visualization, rapid
execution, minimal data preprocessing requirements, and capacity to effectively handle
both categorical and numerical data; however, it should be noted that this algorithm can
occasionally result in a complex tree structure that lacks sufficient generalization, and it is
a relatively unstable model [42].

The RF model can be considered an ensemble learning method for regression and clas-
sification [43]. The RF model builds an ensemble of DTs using a training sample, which, in
turn, results in the appropriate classification of data or the provision of suitable predictors
for one or more characteristics of the individual trees. The RF method is employed in the
construction of a bagging ensemble, with the process being informed by DTs and introduc-
ing random attribute selection during the training process [44]. The RF algorithm divides
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the training set into multiple subsets, and each subset is then assigned an independent
DT [45]. The model’s output is determined by a voting system that integrates the outputs
from all the DTs [46]. In contradistinction to alternative conventional methods, which
necessitate a substantial computational load, the RF model entails a reduced computational
demand for the DT and enhances prediction accuracy [47]. Zhai et al. [48] demonstrated
that a single DT is sensitive to the noise present within the training dataset. However, the
RF classifier has been shown to be capable of reducing the correlation between the trained
multiple DTs, thereby effectively reducing the overfitting problem.

The logistic regression (LR) model aims to construct a linear model of the output,
which can be interpreted as an estimate of the posteriori probability of class member-
ship [49]. LR is a widely used classification algorithm in industry and because of its
simplicity and efficiency, LR still attracts wide attention from researchers [50]. LR is a
statistical model with an assumption that the variables are independently and identically
distributed. LR is one of the wrapper methods known for its decent predictability per-
formance but is computationally expensive [51]. LR does not require the optimization of
any hyperparameter and is thus easier to implement [52]. Based on the observation of
input variables, LR describes the probability of realization of the output variable(s). LR
applies the Newton—-Raphson algorithm to determine the coefficients of the regression
equation [53].

The SVM is an algorithm that is capable of handling both regression and classification
tasks, although they are more effective for classification [42]. The SVM involves the
separation of objects in an n-dimensional space using a hyperplane. The closest vectors
between these categories are referred to as support vectors [54]. The initial n-dimensional
spatial domain is thus transformed into a space of a higher degree of complexity, known
as a Hilbert space, wherein the dot product is determined by a function designated as the
‘kernel’. The SVM is equipped with a variety of kernels, encompassing linear, polynomial,
Gaussian, and sigmoidal types [55]. The performance of the SVM model is dependent
upon the construction of the hyperplane; if this is executed competently, the model will
demonstrate high performance [42]. SVMs are characterized by their strong capacity for
generalization, which renders them particularly useful when dealing with many attributes
and limited data points [56].

In K-NN classification, all available data are stored and the class of a new instance is
predicted based on the similarity measurements from the nearest neighbors in terms of
likelihood. K-NN reduces the computational cost of checking and applying the appropriate
distance function between the new observation and all k numbers of different data points
stored. It then determines the label of the new data point without constructing a mapping
function or internal model, in contrast to other classification algorithms [40]. The K-NN
classifier is employed to allocate the query into the class that is most prevalent among its
K-nearest neighbors in the training set, in accordance with the majority voting rule [54,57].
The K-NN’s primary shortcoming lies in the requirement for recalculation of the distance
from all k neighbors for each new instance, which results in a significant computational
expenditure [42].

The ANN can be defined as a powerful data modeling tool that simulates the cognitive
learning process of the human brain system. The key strength of the ANN lies in its capacity
to represent both linear and nonlinear relationships and to learn such relationships directly
from the data being modeled. The structural composition of an ANN entails interconnected
neuron clusters, with the fundamental configuration comprising three layers: the input
layer and the output layer, which are employed for the training of the model, and the
hidden layer(s), which facilitate the establishment of a connection between the input
and output [58]. The structural design of the artificial neural network (ANN) model is
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determined by the specific characteristics of the problem and the data, and consequently,
there is no single standard structure that can be universally applied to all problems [59].
The training of the network can be defined as a process of changing the weights of neurons,
where the initial weights of the neurons are randomly determined [60]. The objective of
a training algorithm is to identify a decision function that facilitates the modification of
the network’s weights. A multitude of training algorithms have been documented in the
extant literature; however, identifying the most appropriate algorithm is a challenging
task. The backpropagation (BP) ANN is extensively utilized in the modeling of nonlinear
and complex problem types [61,62]. The BP training algorithm employs a methodology
(first-order steepest descent techniques) to adjust the weights of the neurons based on
the estimation of the gradient of the sum squared error for each layer. This process is
intended to increase the training speed and to avoid local minimum solutions. The error
term is defined as the difference between the network response and the expected output.
The rectified linear unit (ReLU), as proposed by Nair and Hinton [63], has been shown
to exhibit excellent nonlinear properties and is considered to be one of the most widely
utilized activation functions in ANNSs [64]. For each input element, the ReLU activation
function performs a threshold operation. If the argument is negative, the value is zero; if
the argument is non-negative, the value is the variable itself. The ReLU activation function
(0) can be represented by the following Equation (1):

o(x) = max (x,0), )

where x represents the input.

The classification tasks in ML models can also be broadly categorized based on the
number of outputs and the range of possible values for each output. Binary classification
is the process of assigning instances to one of two possible classes for a single output
variable. In this context, the functional class requirements are characterized by the presence
of distinguishing features that serve to differentiate them from non-functional class require-
ments [65]. In contrast, multi-class classification extends this by allowing the single output
variable to belong to one of several distinct classes, thus offering a more nuanced approach
to categorization [66]. In multi-class classification, individual classes of requirements often
have few distinguishable features, which can result in challenges in terms of predictor
performance [65].

Shapley values, as initially defined by Shapley [67], represent a classical concept in
cooperative game theory. These values have recently been applied to the interpretation of
ML models’ predictions [68]. Shapley values can also be interpreted as representing an
equitable or reasonable distribution of feature importance, given a specific model output.
Features contribute to the output or prediction of the model to a different degree, both
quantitatively and qualitatively. This phenomenon is accommodated by the use of Shapley
values. In this manner, the Shapley values can be considered as estimates of feature import,
i.e., the magnitude of a feature’s contribution to the prediction, as well as the direction of
this contribution, i.e., its sign. Features with a positive sign contribute positively to the
prediction of activity, whereas features with a negative sign contribute negatively to the
prediction of inactivity [69]. The importance of an input i is defined by the Shapley value
as in Equation (2):

1 .
TN Y, ISIMINT =S| =Uf(SU{i}) = £(S)], ¢

SeN{i}

where f(S) corresponds to the output of the ML model to be explained using a set S
of inputs, and N is the complete set of all inputs. The Shapley value of input i (¢;) is
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determined as the average of its contributions across all possible permutations of an
input set. The performance of ML algorithms is evaluated using a number of different
metrics, including accuracy, precision, recall, F1-score, and kappa statistic. Accuracy is the
proportion of instances that are correctly classified, precision is the proportion of instances
classified as positive that are truly positive, recall is the proportion of positive instances that
are correctly classified as positive, and the F1-score combines the precision and recall [55].
The following equations (Equations (3)—(6)) are used for the accuracy, precision, recall, and
F1-score metrics:

Accuracy = TP+ 1N 3)
Y= TPTYFP+ TN+ FN
.. TP
Precision = TP+ P (4)
TP
Recall = TPLEN (5)
F1 — score — 2 x Precision x Recall ©)

Precision + Recall

where true positive (TP) and true negative (T N) represent the correctly classified instances,
and false positive (FP) and false negative (FN) represent the incorrectly classified instances.

4. Results

The company where this study was conducted is a manufacturer of hydraulic and
pneumatic motors and pumps for agricultural and industrial vehicles. The company
employs cellular manufacturing techniques and has five different product groups, with
the selected product group comprising three different assembly lines. It is necessary to
pre-assemble certain subcomponents that are employed in three assembly lines. Two pre-
assembly stages are identified. One of the three assembly lines is a manual assembly line,
which has the longest production lead time. This line was selected as the pilot assembly
line for the implementation of the proposed methodology. Prior to the introduction of all
components into the pilot assembly line, a number of components are transformed into
intermediate products in two pre-assembly lines. This requires the implementation of an
appropriate material feeding method.

A total of 2221 unique materials are assembled on the pilot line. Of the total number of
materials, 1150 are produced internally, while 1071 are purchased from external suppliers.
While 1047 materials are stored next to the assembly line (in Figure 1a), 103 different types
of materials are managed in accordance with the Kanban principle with a two-box system
(Figure 1b), and 1071 materials are supplied from the central warehouse via a call-out
system (Figure 1c) when the relevant material is required on the assembly line.

(b)

Figure 1. Material feeding systems in the company (a) for line storage, (b) for Kanban system, and

(c) for call-out system.
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Different types of materials have different sizes and weights, and product groups have
different demand values. The handling of materials should not result in any deterioration
in quality. In the current situation, the assembly operator is responsible for preparing the
requisite materials for the assembly line in accordance with the production plan received
from the logistics unit. The logistics unit disseminates the production plan to the pre-
assembly and other assembly lines. The high number of similar types located next to the
assembly line results in a considerable investment of time in searching for the requisite
materials. This consequently results in an increase in the assembly lead time. In accordance
with the established protocol, the assembly operator is obliged to notify the warehouse at
least four hours in advance of the materials that are to be supplied from the warehouse. The
materials supplied from the warehouse are used as often as required, and the warehouse is
informed of the impending delivery, given the lack of available space next to the assembly
line. The team leaders, who are responsible for the assembly line, make the decision
regarding the material feeding method based on their experience. The organization of
material feeding methods is subject to change for a number of reasons, including the
performance of non-value-added work by assembly operators, the lack of sufficient space
within the company for the introduction of new machines and assembly lines, the objective
of increasing the number of assembly line outputs, and the receipt of complaints from
customers due to material mix-ups on the assembly line. Given the considerable time
required for the team leaders to make decisions regarding materials across the entire
company, it was decided that a method should be developed that could be applied to all
product groups within the company. Kitting, which is not currently employed as a material
feeding method, is proposed as a potential solution given the company’s diverse product
range and low demand volume. It is anticipated that this approach could address the space
constraints next to the line, enhance the assembly line output by reducing the workload
of the assembly operator, and improve quality by minimizing the risk of incomplete or
incorrect assembly.

Six different classification-based ML algorithms, LR, DT, RF, SVM, K-NN, and ANN,
are used for the material feeding method selection problem. LR is a suitable choice for
the multi-class material feeding strategy problem due to its simplicity, interpretability,
and ability to handle multiple classes [40]. DT models” decision processes are similar to
human reasoning and can identify the key features affecting material feeding strategies [70].
RF is attributed to its ensemble nature, leading to enhanced prediction accuracy and
reduced overfitting for multi-class problems [71,72]. SVMs are effective for cases with small
datasets and valuable for distinguishing between closely related classes, such as when
differentiating between similar material feeding strategies [73]. The non-parametric nature
of the K-NN model allows it to adapt to complex material feeding patterns [74]. ANNs can
learn complex patterns in data with multiple variables and possess practical generalizing
ability for multi-class problems [61,62]. A review of the literature revealed a variety of
inputs that could be employed in the selection of a material feeding method. These were
evaluated in the context of the inputs currently in use within the company, and five input
parameters were determined as follows:

e  Mode of supply: The supply method employed for the pilot assembly line is a com-
bination of in-house production and external sourcing. Some of the materials used
are manufactured on-site in the company’s machining facilities, while others are
purchased from external suppliers.

e  Annual demand: It is crucial to ascertain the extent of demand that the materials will
have in a year. In order to reduce the in-plant logistics costs, products with high annual
demand volumes may be situated next to the assembly line. Conversely, products
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with low annual demand may be supplied from the warehouse when required, thus
optimizing the utilization of space in close proximity to the assembly line.

e  Finished product reference number (Reference No): The final product produced on the
assembly line is composed of between 100 and 150 sub-materials, the precise number
depending on the specific type of product. It is possible for each material to be a
sub-material of one or more finished products.

e  Use case in pre-assembly (Use case): It is possible that the final products may consist of
sub-assembled or semi-assembled materials. It is recommended that the pre-assembly
step should commence at a specific point in time before the assembly step. It should
be noted that feeding material at the same time as the pilot line may cause problems
in compliance with the production plan on the line.

e  Compatibility of the material size with the kitting vehicle (Compatibility with KV): It
should be noted that each material may have disparate dimensional characteristics.
Products with dimensions spanning the range from 0.01 mm to 1000 mm are assembled
in the pilot line. Given that the volume of the kitting vehicle is designed for a limited
range of products, it is crucial to assess the suitability of the products for transportation
with the kitting vehicle.

The description of the inputs determined for the material feeding method is given in
Table 1.

Table 1. Description of input parameters.

No Input Value Description

1: In-house production

! Mode of supply 0-1 0: External sourcing
2 Annual demand 1-100 The demand quantity (<1000 units)
3 Finished product 145 The number of finished products(s)
reference number that the material belongs to
. 1: Used only on the relevant
Use case in

4 re-assembl 0-1 assembly line
P y 0: Used in pre-assembly line

1: Compatible with the

Compatlk?lllty .Of the kitting vehicle

5 material size with the 0-1 . .
Kitting vehicle 0: Not compatible with the

& kitting vehicle

The output parameter comprises four different material feeding systems, including
line storage, Kanban, kitting, and a call-out system. The framework of the proposed study
can be seen in Figure 2.

Mode of Supply

Annual Demand

Reference No
Use-case

[ Compatibility with

ML - BASED MODELS

o o)

Figure 2. The framework of the proposed study.
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The dataset contains the material details obtained from the company’s enterprise
resource planning (ERP) system, production logs, and warehouse inventory records. The
data preprocessing applied in the study includes removing duplicate records for the
materials listed under more than one product category, correcting missing values for
the demand rates by interpolation based on historical production data, and correcting
inconsistencies in the material feeding strategy classification labels. Categorical inputs are
encoded using binary and one-hot encoding methods to facilitate model interpretation. It
was established that annual demand values significantly deviating from production trends
were to be identified as outliers and then validated against production schedules to confirm
the validity of the data and correct data entry errors. It is imperative to acknowledge the
potential for bias inherent in the observed data, which may have originated from historical
preferences concerning feeding methods or long-standing practices in the company.

The MRMR algorithm is used to observe the material feeding method for different
values of input parameters. The MRMR algorithm, first proposed by Peng et al. [75],
measures the redundancies among input parameters and the relevance between input
parameters and output class labels for a given set of inputs. The primary function of
the MRMR algorithm is to minimize the redundancy of an input set and maximize the
relevance of an input set to the output variable [76,77]. The inputs that were ranked
highest by MRMR are considered to exhibit an optimal balance between relevance to the
output and minimal redundancy. The MRMR method is characterized by its high level
of computational efficiency and its capacity for generalization concerning different ML
models [78]. In the MRMR algorithm, each input is assigned a weight that signifies its
importance or relevance to the output variable, with higher weights deemed more relevant.
The MRMR weights for the input parameters have been calculated and are presented in
Table 2. The MRMR algorithm results indicated that all selected inputs were relevant to the
material feeding method.

Table 2. Results of the MRMR algorithm.

Mode of Annual Finished Product Use Case in Com}.)atlb-lhty (.)f the
Suppl Demand Reference Number Pre-Assembl Material Size with the
PPYY y Kitting Vehicle
MI.{MR 0.1390 0.6009 0.0982 0.2930 0.0886
weights

The training dataset, which consists of 2221 rows, is split into two sets (training and
testing) before running the ML algorithms. Cross-validation (CV) is a popular strategy to
split the data (one or more times), in which the split part of the data is used to train the
algorithm, and the remaining part is used to estimate the risk of the algorithm [59]. CV also
helps to prevent overfitting to biased subsets of data and increase generalizability [79].

The ML algorithms are run with the following hyperparameters: a maximal depth
of 7, a maximum number of splits of 100, the “Gini index” as a split criterion for the DT
algorithm; ridge regularization with the regularization strength (lambda) of 0.00046 and
One-vs-One multi-class coding for LR; a kernel scale of 1; a box constraint level of 1 with
One-vs-One multi-class coding for SVM; a number of learners (30), number of trees (20),
and maximum number of splits (2173) for RF; a number of neighbors (10) and Euclidean
distance metric for K-NN; 10 and 12 neurons in two hidden layers; and the ReLU activation
function for a bi-layered ANN.

To improve the performance of the ML models, the parameters are optimized using
Bayesian optimization (BO). Fundamental principles of BO involve utilizing a surrogate
model of a Gaussian process and an acquisition function to determine the subsequent
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point to be evaluated [80]. BO is an effective search algorithm capable of generating
performance results for all values within the user-defined parameter range [81]. Table 3
demonstrates the hyperparameters of the ML models used in the BO hyperparameter
optimization procedure.

Table 3. The hyperparameters of the ML models used in BO.

Optimized
ML Models Hyperparameter Range Hyperparameters
Maximum number of splits [1-2173] 16
DT Split criterion Gini’s (fllver51ty 1r.1dex, Twomg rule, Twoing rule
maximum deviance reduction
Maximal Depth [2-16] 10
Regularization Ridge, Lasso Ridge
LR Lambda [107°-102] 0.0034389
Multi-class coding One-vs.-All, One-vs.-One One-vs.-One
Kernel scale [0.001-1000] 1.1685
SVM Box constraint level [0.001-1000] 551.7341
Multi-class coding One-vs.-All, One-vs.-One One-vs.-One
K-NN Number of neighbors [1-1087] 12
i Distance metric Chebyshev, Euclidean, Minkowski Euclidean
RE Number of learners [10-500] 89
Maximum number of splits [1-2173] 170
Number of fully connected layers [1-3] 2
Activation function ReLU, tanh, sigmoid RelLU
ANN First layer size [1-300] 19
Second layer size [1-300] 24
Third layer size [1-300] -

The performance metrics of the models for the training set can be seen in Table 4. In the
context of the training set, the RF model consistently demonstrates optimal performance,
both with and without parameter optimization, attaining near-perfect scores of 99.6%. The
ANN model also exhibits high performance, exhibiting only a slight decline in performance
relative to the RF model. The DT model exhibits lower accuracy than the other ML models.
The LR and SVM models demonstrate competitive results, particularly after parameter
optimization. The optimization of parameters has been demonstrated to enhance the
accuracy of both DT and SVM. The accuracy for DT has increased from 89.8% to 91.27%,
and for SVM, from 93.6% to 94.38%. Minimal enhancements in performance metrics are
observed for the ANN with parameter optimization; however, a substantial increase in
CPU time is evident, rising from 4.47 s to over 528 s.

Heatmaps of the confusion matrices of ML models for the training set can be seen in
Figure 3.

Trained ML models are validated with the validation set (including 47 rows), which
have not been used during training. The performance metrics of the ML models for the
validation set can be seen in Table 5.
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Table 4. Performance metrics of ML models for the training set.

Training Set

Accuracy Precision Recall F1-Score CPU Time
Without Parameter Optimization

LR 93.6 93.5 93.6 93.5 4.7772

DT 89.8 92.4 89.8 89.9 8.2123

RFE 99.6 99.6 99.6 99.6 6.1206
SVM 93.6 93.6 93.6 93.6 3.5284
K-NN 97.6 97.6 97.6 97.6 4.3682
ANN 99 99 99 99 4.4732

With Parameter Optimization

LR 93.79 93.28 93.66 93.47 30.253

DT 91.27 90.88 91.7 91.29 16.8544

RF 99.62 99.62 99.62 99.62 49.557
SVM 94.38 94.27 94.44 94.36 190.29
K-NN 97.65 97.49 97.69 97.69 11.118
ANN 99.17 99.11 99.06 99.08 528.01
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Table 5. Performance metrics of ML models for the validation set.

Validation Set

Accuracy Precision Recall F1-Score

Without Parameter Optimization

LR 85.1 82.6 84.3 83.5
DT 82.4 83.7 82.4 82.1
RF 94.3 94.3 94.3 94.3
SVM 81.9 82.2 81.9 81.6
K-NN 87.2 88.4 85.8 87.1
ANN 95.6 95.1 96.6 95.8
With Parameter Optimization

LR 85.11 82.61 84.36 83.5
DT 82.97 82.36 81.97 82.14
RF 93.61 93.37 93.82 93.59
SVM 82.97 84.52 80.63 82.97
K-NN 89.36 90.33 88.79 89.56
ANN 97.82 98.61 98.07 98.34

As illustrated in Table 5, the ANN model demonstrates superior performance across
all metrics when identifying the correct material feeding method for the validation dataset.
The RF model demonstrates strong performance with consistent metrics, while the K-NN
model performs well but falls short of the RF and ANN models. The LR model is a simple,
interpretable model, but it might not capture complex patterns in the validation data
compared to the RF or ANN models. The DTs are prone to overfitting and might not
generalize well without pruning or ensemble techniques, and the SVM model has the
lowest performance metrics compared to the other ML models. In the validation dataset
context, the ANN achieves the highest accuracy (95.6%) and superior performance in all
performance metrics. The RF model exhibits a noteworthy accuracy of 94.3%. LR and K-NN
demonstrate commendable performance, achieving 85.1% and 87.2% accuracy, respectively.
In contrast, the performance of the SVM and DT is comparatively lower, with the SVM
demonstrating the least optimal results (81.9% accuracy). Notably, the performance of the
ANN notably improves to 97.82% accuracy after parameter optimization. K-NN enhances
performance (87.2% to 89.36% accuracy), signifying its sensitivity to parameter optimization.
On the other hand, the SVM exhibited modest gains in precision but encountered difficulties
in maintaining recall, underscoring challenges in classifying certain classes even after
parameter optimization. The performance of RF, which reached 94.3% accuracy without
parameter optimization, slightly declined to 93.61% accuracy with parameter optimization.
Despite the RF model demonstrating optimal performance for the training set, the ANN
model exhibits superior performance for the validation set compared to other ML models.
The performance of the RF model on the validation set is observed to decrease, and this
decline, occurring on the validation data despite robust outcomes on the training set, may
suggest the occurrence of overfitting for the RF model.

In order to identify the impact of input parameters on the decision-making process
concerning the selection of material feeding methods, a Shapley value analysis of the input
parameters was conducted.

Table 6 presents the Shapley values of the input parameters with respect to the material
feeding method. Figure 4 illustrates the graphical summary of the Shapley values for the
ANN model.
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Table 6. Shapley values for ANN model.

Line Storage Kanban Kitting Call-Out
Demand —0.1142 0.6479 —0.122 —0.4117
Compatibility
with KV 0 0.0029 —0.122 0.1192
Use case —0.1142 0.0481 0.0644 0.0017
Reference No —0.0025 —0.0871 0.008 0.0817
Supply mode 0.0008 —0.0017 0.0017 —0.0008
Demand | 1
Comupatibility with KV | 1
Use case -
Reference No .
I - out
[ kitting
Supply mode | I Kanban
I L ine-storage
06 0.4 0.2 0 02 04 0.6 08

Figure 4. Graphical summary of Shapley values for ANN model.

As demonstrated in Table 6 and Figure 4, the application of demand has a substantial
positive influence on Kanban (Shapley value = 0.6479), highlighting Kanban’s adaptability
to varying demand levels and a negative effect on line storage possibly due to inefficiencies
or space constraints when handling large quantities, kitting likely due to inefficiencies
in preparing kits for high-volume production, and call-out indicating that is not well-
suited for high-demand scenarios (most significant negative effect of —0.4117 on call-
out). The compatibility with KV has a minor effect on Kanban, with a value of 0.0029,
indicating compatibility considerations may favor Kanban, and on call-out, with a value of
0.1192, suggesting compatibility considerations favor call-out. However, it demonstrates
a negative impact on kitting, with a value of —0.122, possibly due to the difficulty of
integrating kits into existing systems and no significant effect on line storage. Use case
has a positive effect on Kanban with a value of 0.0481, showing Kanban's versatility in
different production contexts, and kitting with a value of 0.0644, showing kitting works
well in specific specialized production scenarios. A negative effect on line storage, with a
value of —0.1142, indicates that the specific use-case scenarios do not favor line-storage
feeding and have a minimal effect on call-out, with a value of 0.0017 showing minimal
impact from specific use-case scenarios. The reference number exhibits a negative effect
on Kanban with a value of —0.0871, suggesting reference numbers are less compatible
with Kanban strategies; a positive effect on call-out with a value of 0.0817, indicating
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call-out benefits from specific reference number configurations; a lesser degree of effect
on kitting with a value of 0.008, suggesting a minor role in determining kitting suitability;
and a minimal effect on line storage with a negative value of —0.0025, indicating that the
reference number plays a negligible role. The supply mode has a minimal contribution
across all input parameters and has a positive influence on line storage with a value of
0.0008, suggesting that the supply mode plays a minor role in the material feeding method
selection process and on kitting, with a value of 0.0017, indicating that it favors kitting to a
mild degree. However, it has minor negative impacts on Kanban and call-out systems.

It is imperative to acknowledge that the demand value has the most significant
impact on the ANN model, both positively and negatively. Consequently, fluctuations in
demand may result in a change to the material feeding method. Due to its continuous
supply model and adaptability, the Kanban method is the most influenced by demand,
making it suitable for environments with fluctuating or high demand. The implementation
of a Kanban material feeding strategy in automotive assembly lines, characterized by
frequent demand changes, contributes to the assurance of uninterrupted production flow
and the mitigation of overstocking risks. Conversely, line-storage, kitting, and call-out
systems are adversely affected by demand due to space constraints, increased preparation
times, and inefficiency in handling large quantities, rendering them less optimal for high-
volume operations. The compatibility with KV and supply mode parameters exhibits
low contributions across material feeding methods. The call-out method demonstrates
sensitivity to demand and suggests that compatibility considerations favor call-out. The
results indicate that if the company is required to develop a demand-driven material feeding
strategy, the implementation of a Kanban system can be advantageous, while the kitting and
line-storage processes are streamlined for stable, low-demand operations. This approach is
expected to enhance operational efficiency and effective cost management. If the company
places emphasis on customization and precision in its material feeding strategy, the call-out
system has the potential to be effective in high-variability, high-precision manufacturing
environments.

Table 7 presents a comparison of the current application for the material feeding
system in the company and the application suggested by the proposed ANN model.

Table 7. Comparison of number of materials for current application and suggested application.

Current Application Suggested Application
Line storage 1047 513
Kanban 103 751
Kitting 0 461
Call-out 1071 496

As illustrated in Table 7, the implementation of the proposed ANN-based solution
will result in a 48.9% reduction in the number of materials located adjacent to the line, from
1047 to 513 types. This reduction in material types will lead to significant space savings
next to the line.

The application indicates a substantial reduction, suggesting that resources are being
allocated unnecessarily to line storage and that they could be redirected elsewhere for
greater efficiency. Considering the size of the products and the containers in which they
are stored, it is expected to result in a 48.9% reduction in the number of material types that
need to be placed next to the production line, resulting in the availability of approximately
100 m? of space in the production area. However, as these materials will be stored in the
central warehouse, it was determined that an additional 50 m? of space would need to
be allocated within the central warehouse. The company’s inadequate capacity to meet
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customer demand was a key issue. Consequently, it was imperative to allocate space to
introduce new manufacturing equipment. The warehouse space cost was less than the profit
from the new machines, thus making the decision appropriate in the context of a feasibility
analysis. Prior to the execution of the proposed study, the kitting method had not been
employed in the pilot assembly line. However, the kitting application has been proposed for
461 materials within the proposed system. Implementing the kitting application involves
assigning a logistics operator to prepare the kit and allocating a designated area within
the warehouse for kit preparation. During the preliminary commissioning phase of the
application, an emergency material feeding vehicle was allocated to the designated area
to ensure the production line’s uninterrupted operation, thereby mitigating the risk of
material feeding issues. To ensure the system’s adaptability, the identification of emerging
problems was facilitated by implementing the daily continuous improvement process
(CIP) board, action plans were devised, and the transition and adaptation process was
successfully completed. Logistics operators were trained in kitting to facilitate employees’
adaptation to the kitting system.

Due to the company’s production capacity constraints, the utilization of fast pro-
duction changeover was imperative. In the event of a changeover in production on the
assembly line, it was the responsibility of the assembly operators to locate and deliver the
necessary materials to the line. The configuration of the production system was charac-
terized by a high number of material types and a low number of units in each type. This
resulted in a lack of clearly designated locations for the materials, which led to assembly
operators seeking materials in a designated common area. Moreover, material containers
were occasionally positioned in a stacked configuration due to limited available space
within the production area. It is posited that the implementation of the proposed system
will result in a 49.8% reduction in the number of materials located in the assembly line.
It is estimated that the relocation of non-essential materials away from the assembly line
will result in a reduction of time spent searching for materials. This, in turn, is expected
to reduce the amount of production-related stress experienced by the operator. It is also
expected that implementing this system will reduce non-ergonomic activities, such as
repeatedly moving materials around the production area and taking material containers
over each other. As most materials are currently fed to the assembly line in standard
material boxes, the remaining materials after production are repackaged and directed to the
warehouse. The study proposes increasing the number of materials fed using the Kanban
and kitting methods. This will enable the operator to receive the required number of parts
from the warehouse with the kit and Kanban system. The elimination of repackaging and
subsequent re-dispatch of materials to the warehouse is a key benefit of this system, as is
the reduction in warehouse waste. The advantages inherent to this system comprise the
elimination of repackaging and the subsequent reshipment of materials to the warehouse,
which consequently results in a reduction in warehouse waste and in-company logistics
traffic. A reduction in in-house logistics traffic and the consequent reduction in forklift
energy consumption will increase energy efficiency.

The increased use of Kanban systems is indicative of a reallocation of resources and
tasks to this category, suggesting that the Kanban approach may be a more efficient or
effective method for the current operations. The utilization of kitting is not currently
employed; however, its implementation is recommended, with the allocation of substantial
resources. This suggests a missed opportunity to optimize operations through kitting,
which could potentially improve process flow or efficiency. It is evident that the call-out
function is currently being used excessively in a manner comparable to line storage. The
recommended reduction signifies the over-allocation of resources, which could be stream-
lined or redirected to underutilized areas such as Kanban or kitting. The presented model
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posits that there should be a reduction in reliance on line-storage and call-out systems.
A substantial augmentation in the utilization of Kanban is imperative, accompanied by
the integration of kitting. The implementation of these changes is expected to achieve a
balanced utilization of resources, thereby enhancing efficiency and productivity.

The proposed ANN-based system has many advantages, but integrating the model
into existing manufacturing systems will be challenging. The model’s accuracy depends
on the data’s accuracy and real-world data quality (which can compromise the model’s
accuracy due to noise, missing values, inconsistencies, and errors). The ANN is a supervised
learning algorithm that requires labeled data. This data may not be readily available or
can be costly and time-consuming to generate. Integrating data from multiple sources is
challenging due to data formats and protocol heterogeneity. Integration of ANN models
requires robust computing resources, which may require hardware or cloud upgrades.
Maintaining consistency and integrating multiple production lines or sites is challenging
because operators and management often resist new technology. The company should
consider a strategic approach to implementation. This could mean introducing ANN-based
models to minimize operational disruptions, automating and securing data collection and
preprocessing, monitoring the performance of the ANN-based model, encouraging teams
to include data scientists, engineers, and operators, and scheduling training to explain
the benefits and procedures of the system. This will ensure that the ANN-based model
is integrated and used effectively. These solutions will help manufacturers overcome the
challenges of integrating ML models and open up new opportunities for efficiency, quality,
and innovation.

5. Discussion

In the contemporary business environment, manufacturing companies are compelled
to enhance their performance in order to maintain their competitive advantage. In order
to compete, it is imperative that they enhance their productivity by improving the quality
and reducing costs and delivery times. Material feeding systems represent a pivotal
dimension that exerts a significant influence on productivity. The selection of appropriate
materials feeding systems in manufacturing companies has been shown to result in a
decrease in non-value-added work and quality problems, an increase in product output,
an improvement in ergonomic conditions, and an enhancement in the ability to respond
promptly to customer demands.

A wide range of material feeding methods have been listed in the extant literature,
including line-storage, Kanban, kitting, demand-based, just-in-time, and hybrid approaches.
Kanban is a material feeding system based on drawing the minimum and maximum stock
defined. A notable advantage of this method is that it does not necessitate any additional
planning. It is predicated on the assumption that the requisite stock quantity is available
at the stipulated location. The line-side feeding method is advantageous in that materials
are available next to the assembly line and can be easily accessed in case of any problem;
however, it is disadvantageous in that it takes up space next to the line, and the time spent
searching for materials is not value added. In contrast, the on-call demand-based feeding
method involves the request of materials from a central warehouse when they are to be used
in the assembly line. The requested materials are delivered in a box, the required amount
of material is consumed, and the remaining material is delivered back to the assembly
line. Despite the lack of spatial proximity to the assembly line, this method results in
inefficiency due to the movement of materials. Kitting is a material feeding method that
ensures that the materials required for the assembly line are placed in a defined quantity in
a defined container and delivered to the specified place at the specified time. This method
is considered advantageous in enterprises where product variety is high and product
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demand volume is low. The reduction in material intermediate stocks has been shown to
decrease the time spent searching for components. It has been demonstrated that kitting
can increase productivity by reducing non-value-added activities. It also helps to prevent
incomplete or incorrect assembly by providing a defined and visual management system.
However, it is important to note that this method does come with certain disadvantages,
including the requirement for dedicated kitting preparation time and labor. Inadequate
implementation or a less developed kitting system within the supply chain can result in
assembly line downtime.

This study was conducted at a manufacturing company specializing in the production
of hydraulic and pneumatic motors and agricultural and industrial vehicles. The company
deploys cellular manufacturing techniques and has five distinct product groups, with
the selected product group encompassing three separate assembly lines. The company is
engaged in the production of motors, characterized by a high degree of product variety
and a comparatively low-demand volume. A comprehensive investigation was conducted
into hybrid approaches that may be suitable for the company, with a focus on Kanban,
line-storage feeding, call-out, and kitting systems. While the requirement for additional
space for new machines and assembly lines is acknowledged, there is also a demand to
increase the number of outputs through enhanced productivity of assembly operators.
Additionally, there is a requirement for a material feeding system that is straightforward to
implement, capable of expeditious decision-making, and conducive to assembly lines with
diverse value streams within the factory environment.

The material feeding method selection problem is structured based on a multi-class
classification problem, with four output parameters and five input parameters being
determined. Six different classification-based ML algorithms, LR, DT, RF, SVM, K-NN,
and ANN, are used for the material feeding method selection problem. The training
dataset, which consists of 2221 materials, is split into two sets (training and testing) before
running ML algorithms. In this study, the 8-fold CV technique is applied to the dataset,
and random sampling is used to determine the folds. The ANN model demonstrates
superior performance across all metrics when identifying the correct material feeding
method. The Shapley values of the input parameters are analyzed for the developed
ANN model. While the ANN method is commonly referred to as a ‘black box” method,
the analysis of Shapley values provides actionable insights into the influence of input
parameters on material feeding system selection. According to the Shapley value results,
fluctuations in demand may result in a change to the material feeding method. The Kanban
method is the most influenced by demand and use-case parameters. The compatibility with
KV and supply mode parameters exhibits low contributions across the material feeding
methods. The call-out method demonstrates sensitivity to demand and compatibility with
the KV parameters.

In traditional manufacturing companies, material feeding method selection frequently
depends on human decision-making, leading to hidden costs associated with inefficiencies
in operational activities, excess inventory, and disruptions in material feeding. In contrast,
the proposed ANN-based approach enhances the accuracy of the material feeding method
selection, reducing downtime and enhancing productivity. The analysis encompasses
implementation costs, including hardware upgrades for data collection, software licenses
for ML platforms, and personnel training. These are then weighed against the long-
term savings from decreased waste, reduced stock levels, and faster response times to
production changeovers. For example, a reduction in incorrect assembly line feeding
has been estimated to reduce re-work costs by a significant margin. These comparisons
underscore the economic feasibility and strategic value of transitioning to a data-driven,
ANN-based material feeding system. It is acknowledged that the ANN model incurs higher
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initial costs than traditional human-based models; however, it has been demonstrated that
the operational savings resulting from reduced labor, inventory, and storage requirements
result in favorable long-term cost efficiency. The ANN-driven solution can accommodate
additional product lines, different material types, and varying demand levels in contrast
to traditional methods. The transition to an ANN-driven material feeding strategy has
been shown to deliver significant productivity, efficiency, and cost savings benefits. Despite
the substantial initial investment and training costs, the long-term return on investment
(RQI) is significant due to the enhanced operational efficiencies, improved decision-making
processes, and increased operator productivity.

This study makes a significant contribution to the advancement of knowledge con-
cerning material feeding systems in manufacturing environments, thereby facilitating an
improved understanding and enhanced application of such systems. The present study
addresses the unique challenges faced by manufacturers operating in high-variety, low-
volume production environments. This study was conducted within the context of a
manufacturing company specializing in the production of hydraulic and pneumatic motors,
along with agricultural and industrial vehicles. The findings of this research endeavor to of-
fer significant real-world relevance, providing practical insights that can be directly applied
in industry. The framework of the proposed study is predicated on a range of production-
related factors, including, but not limited to, demand fluctuations, product variety, and
physical space limitations. The integration of ML models provides a robust and innovative
approach to address the complexities of this decision-making process. The integration of
six classification-based ML algorithms, including LR, DT, RF, SVM, K-NN, and ANN, by
incorporating a multi-class classification system, represents a pioneering advancement
in the field, demonstrating the application of advanced computational techniques within
the material feeding system selection process. This methodological innovation has been
demonstrated to enhance the accuracy, efficiency, and scalability of the decision-making
process within dynamic manufacturing environments. The present study establishes a
foundation for future investigations into the intersection of advanced analytics and engi-
neering applications by combining ML models with manufacturing operations research.
It opens avenues for refining and expanding material feeding systems to meet evolving
industry needs. The study’s comprehensive and interdisciplinary approach offers both
theoretical advancements and practical benefits, thereby establishing itself as a valuable
resource for researchers and practitioners in the fields of manufacturing and supply chain
management. Overall, this study bridges the gap between theoretical research and practical
application, providing a comprehensive and adaptable framework for material feeding
system selection in manufacturing. The findings are not only relevant to the specific case
study but also serve as a foundation for broader applications and future innovations in
engineering and operations management.

This study adopts a comprehensive approach; however, the practical challenges of
integrating advanced ML models into existing manufacturing workflows, such as data
preparation and system integration, require further exploration. This study utilizes a static
dataset for the training and testing of ML models, which does not account for real-time
changes in demand, production schedules, or supply chain disruptions. The incorporation
of dynamic, real-time data could provide a more adaptive and responsive framework for
material feeding system selection. Despite the study’s mention of ergonomic conditions,
a more detailed analysis is required to ascertain the impact of the proposed material
feeding systems on workers’ physical demands and environmental considerations, such
as waste reduction and energy efficiency. By acknowledging these limitations, future
research can build on the study’s findings, addressing these gaps and broadening the
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scope to create more versatile and widely applicable solutions for material feeding in
manufacturing systems.
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