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Abstract
This study aims to investigate the prevalence and risk factors of musculoskeletal
disorders (MSDs) among South Korean male office workers and to introduce a robust
predictivemodel using the Robust and Sparse Twin Support VectorMachine (RSTSVM).
A cross-sectional survey was conducted among male office workers in South Korea to
assess the prevalence of MSDs and identify associated risk factors. Data on ergonomic
and psychosocial factors were collected and analyzed. The RSTSVM model was
developed and compared with traditional machine learning models, including Support
Vector Machine (SVM) and Gradient Boosting Machine (GBM), to predict the risk
of MSDs. The analysis revealed a high prevalence of MSDs among the surveyed
office workers, attributed to factors such as prolonged sitting, repetitive hand/arm
movements, standing posture and carrying heavy objects. Prolonged static postures
were significantly linked to lower back pain and other musculoskeletal issues. Poor
workstation ergonomics and psychosocial stressors, such as high job demands and low
job control, were also identified as significant predictors of MSDs. The RSTSVMmodel
demonstrated superior performance in predictingMSDs, with anArea under the Receiver
Operating Characteristic Curve (AUC-ROC) value of 0.84, effectively managing high-
dimensional data and maintaining robustness against outliers and noise. Furthermore,
the RSTSVM model provided enhanced interpretability, making it easier to identify
and understand key risk factors compared to traditional models. The study underscores
the critical need for multifaceted intervention strategies to address the ergonomic and
psychosocial risk factors associated with MSDs among office workers. Future research
should focus on longitudinal studies to establish causal relationships and evaluate the
effectiveness of various interventions across different occupational groups.
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1. Introduction

Occupational musculoskeletal disorders (MSDs) are a signif-
icant global health concern, affecting workers’ productivity
and quality of life. In 2020, the prevalence of MSDs was
reported to be 6.2% among women and 4.3% among men [1].
These disorders primarily affect the lower back (52.2%) [2].
The prevalence is notably high among agricultural workers,
particularly women [3]. Recognizing the severity of these
issues, the Ministry of Employment and Labor in South Korea
has implemented policies to automatically recognize MSDs as
occupational diseases without additional investigation [4]. The
economic impact of these incidents is substantial, accounting
for nearly 4% of the global Gross Domestic Product (GDP),
which equated to approximately $1.25 trillion in 2011 [5].
This economic burden includes reduced worker productivity,
medical expenses, and long-term social costs. Given the

substantial economic and health impacts, effective prediction
and management strategies for MSDs are critically needed to
alleviate these burdens and improve workers’ overall well-
being [5].
The historical context of occupational diseases dates back

to ancient times with early documentation by Hippocrates and
systematic categorization by Bernardo Ramazzini in the 18th
century [6]. Modern studies began in the early 20th cen-
tury, focusing on the causes and prevention of these diseases.
The International Labour Organization (ILO) emphasizes the
importance of specific hazardous substances and their causal
relationships with diseases, while the World Health Organiza-
tion (WHO) estimates the average cost of basic health care
for workers affected by occupational diseases ranges from
$18 to $60 per person [7]. MSDs have been identified as
a major contributor to the economic losses associated with
occupational diseases, accounting for approximately 37% of
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these losses [8]. Defined by the WHO, MSDs are disorders of
the muscles, tendons, peripheral nerves, and vascular system
caused or exacerbated by repetitive or continuous use of the
body [9]. The National Institute for Occupational Safety and
Health (NIOSH) in the United States defines occupational
MSDs based on symptoms like pain and stiffness that persist
due to work-related activities [10].
In South Korea, the prevalence of MSDs has been increas-

ing. According to the Korea Statistical Information Service
(KOSIS), the prevalence rate of MSDs increased by 26.3%
in 2018 compared to 2010 [11]. This trend highlights the
growing importance of awareness and management of MSDs,
including those affecting the lower back. Effective chronic
disease management requires the control of health risk factors,
management of pre-existing conditions and early detection and
treatment of major chronic diseases [12]. Recognizing the
impact of MSDs, various countries and research institutions
have conducted extensive studies to identify and mitigate the
associated risk factors. The European Working Conditions
Survey and research by The National Institute for Occupa-
tional Safety andHealth (NIOSH) andOccupational Safety and
Health Administration (OSHA) in the United States have cat-
egorized occupational risk factors and analyzed their impacts
comprehensively [13]. Traditional regression and correlation
analyses utilized in previous studies frequently fail to capture
the complex, non-linear relationships between variables and
are prone to overfitting. In contrast, Support Vector Machines
(SVM) provide robustness and the capability to model non-
linear relationships effectively. The Robust and Sparse Twin
Support Vector Machine (RSTSVM), in particular, is highly
advantageous as it efficiently handles high-dimensional data
while maintaining robustness against outliers and noise. By
incorporating sparsity, the RSTSVM model not only enhances
predictive accuracy but also improves interpretability by iden-
tifying the most significant variables contributing to occupa-
tional MSDs [14]. This study proposes a fusion model of
RSTSVM and logistic regression analysis for the prediction of
MSDs among male office workers. Moreover, this study aims
to contribute to the existing body of knowledge by offering a
robust predictive tool for occupational MSDs and identifying
key risk factors that can inform prevention and intervention
strategies.

2. Related work

In the field of occupational health, numerous studies have
focused on the identification, assessment and prediction of
MSDs. These studies employ various methodologies ranging
from traditional statistical techniques to advanced machine
learning models. Traditional approaches often utilize regres-
sion and correlation analyses to identify factors influencing
MSDs. For instance, Mekonnen (2017) [13] applied multi-
ple regression analysis to investigate the relationship between
physical workload and the incidence of lower back pain in
nursing personnel. These traditional statistical methods have
been instrumental in establishing the foundational understand-
ing of MSD risk factors. While these studies provide valuable
insights, they are limited by their inability to account for com-
plex, non-linear interactions among variables and are suscep-

tible to overfitting, particularly in high-dimensional datasets.
The advent of machine learning has introducedmore sophis-

ticated methods for analyzing and predicting MSDs. Support
Vector Machines (SVM) have been widely used due to their
robustness and capability to model non-linear relationships.
For example, Eubank et al. [14] (2021) used a decision tree
algorithm to predict the occurrence of shoulder pain in assem-
bly line workers, taking into account a wide range of variables
including individual characteristics, job-related factors and
psychosocial factors. Despite the advancements brought by
machine learning models, there is a need for methods that can
handle high-dimensional data efficiently while maintaining
robustness against outliers and noise. Robust and Sparse
Twin Support Vector Regression (RSTSVM) has emerged as
a promising approach in this regard. RSTSVM enhances
predictive accuracy by incorporating sparsity, which helps in
identifying the most significant variables contributing to occu-
pational MSDs [15]. This method has been applied in various
domains, including bioinformatics [16], but its application in
occupational health remains relatively unexplored.
The review of related works underscores the evolution of

methodologies from traditional statistical techniques to ad-
vanced machine learning models in the study of MSDs. While
traditional methods have laid the groundwork for understand-
ing the epidemiology of MSDs, machine learning models,
particularly RSTSVM, offer enhanced predictive capabilities
and the ability to handle complex interactions among variables.
This study aims to build on this body of work by proposing
a fusion model of RSTSVM and logistic regression analysis,
contributing a robust predictive tool for occupational MSDs
and identifying key risk factors that can inform prevention and
intervention strategies.

3. Method

3.1 Data collection and preprocessing
The data for this study was sourced from the Korean
Working Conditions Survey (KWCS) conducted by the
Korea Occupational Safety and Health Agency (KOSHA) in
2020. The KWCS is modeled after the European Working
Conditions Survey (EWCS) and has been adapted to reflect
the unique work environment and cultural differences in
South Korea. The survey collected responses from 50,032
individuals through face-to-face interviews at their residences,
targeting one employed person per household.
From the total respondents, 6885 male office workers were

selected for the final analysis. This selectionwasmade to focus
on a specific subgroup of workers who may experience unique
risk factors related to MSDs. The demographic breakdown
of the male office workers includes an age distribution as
follows: 15–19 years (1.2%), 20–29 years (20.0%), 30–39
years (28.4%), 40–49 years (26.6%), 50–59 years (17.0%) and
60 years and above (6.8%). Data cleaning involved handling
missing values, outliers and ensuring consistency across the
dataset. Missing values were imputed using mean imputation
for continuous variables and mode imputation for categori-
cal variables. Outliers were identified and managed using
the interquartile range (IQR) method. Feature selection was
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performed using a combination of domain knowledge and
statistical methods. Features with high correlation to the
target variable (occupational MSDs) were retained for further
analysis.

3.2 Measurement
In this study, 67 factors expected to influence occupational
MSDs were extracted from the overall survey items of the
Working Conditions Survey through literature review. Each
factor was classified into personal factors, work environment
factors, social-psychological factors, and job-related factors
(Table 1). Personal factors included gender, age, education
level, income level, smoking frequency, drinking frequency,
obesity, hypertension, number of absences in the past year and
union membership. Work environment factors were divided
into physical work risk factors (e.g., vibration, noise, tem-
perature, dust, steam, chemicals, tobacco smoke, infectious
substances) and musculoskeletal burden factors (e.g., repeti-
tive hand/arm movements, standing posture, carrying heavy
objects, fatigue or painful postures). Social-psychological
factors included experiences of discrimination (e.g., age, ed-
ucation, region of origin, gender, employment type), sexual
harassment, verbal abuse, unwanted sexual attention, threats
or humiliating behavior, physical violence, bullying, dealing
with customers, working with angry customers, working with
computers, using the internet/email, support from colleagues
and supervisors, feeling of doing a good job, feeling of doing
meaningful work, awareness of job expectations, emotional
involvement in work, job stress and the need to hide emotions
at work. Job-related factors included weekly working hours,
use of personal protective equipment, provision of health and
safety information, work patterns (e.g., same daily working
hours, shift work), frequency and timing of work schedule
changes, alignment of working hours with personal life, in-
volvement in setting work goals, participation in improving
work processes, job characteristics (e.g., monotony, complex-
ity), threat level to health or safety, number of workers, years
of service, job satisfaction, industry, job demands and job
autonomy.
The reliability of the factors was verified using reliability

coefficients, and the results showed that work environment
factors (Cronbach’s alpha = 0.847) and social-psychological
factors (Cronbach’s alpha = 0.632) met the reliability criteria.
The job-related factors (Cronbach’s alpha = 0.037) did not
meet the reliability criteria but were included in the analysis
as they were judged to be related to the job.

3.3 Model development
The Robust and Sparse Twin Support Vector Machine
(RSTSVM) model was developed to handle high-dimensional
data efficiently while maintaining robustness against outliers
and noise. The key steps involved in developing the RSTSVM
model are:
1. Twin Hyperplanes Construction: Unlike traditional

SVM, which constructs a single hyperplane, RSTSVM
constructs two non-parallel hyperplanes. Each hyperplane is
closer to one of the classes and is designed to minimize the
classification error for that class.

2. Robustness Integration: To mitigate the impact of out-
liers, robust loss functions are used. These functions reduce
the influence of data points that lie far from the hyperplane,
thereby enhancing the model’s robustness.
3. Sparsity Induction: L1 regularization is applied to induce

sparsity. This regularization technique penalizes the absolute
values of the coefficients, leading to a model that relies on a
smaller number of features, making it more interpretable and
efficient.
Subject to the constraints:

[
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(
wT

1 xi + b1
)
≥ 1 − ξi
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(
wT
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)
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]
[ξi, ξ
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Where (w1) and (w2) are the weight vectors, (b1) and (b2)
are the bias terms, (ξi) and (ξ

∗
i ) are the slack variables.

Logistic regression was used in conjunction with RSTSVM
to enhance the interpretability of the model. Logistic regres-
sion is a widely used statistical method for binary classification
problems and provides a clear understanding of the relationship
between the predictors and the outcome. The logistic regres-
sion model was formulated to predict the probability of the
occurrence of MSDs based on the features selected.
The logistic regression model was formulated as follows:

[
log

(
p

1− p

)
= β0 + β1X1 + β2X2 + … + βnXn

]
Where (p) is the probability of the occurrence of the event

(MSD), (β0) is the intercept, and (β1, β2,…, βn) are the coef-
ficients of the predictors (X1, X2,…, Xn).

3.4 Comparative models
To evaluate the effectiveness of the RSTSVM model, its per-
formance was compared with two widely used machine learn-
ing models: Support Vector Machine (SVM) and Gradient
Boosting Machine (GBM).
1. Support Vector Machine (SVM): SVM is a powerful

classification algorithm that finds the optimal hyperplane sep-
arating the classes by maximizing the margin between them. It
uses kernel functions to handle non-linear relationships.
2. Gradient BoostingMachine (GBM): GBM is an ensemble

learning technique that buildsmultiple weak learners (typically
decision trees) in a sequential manner. Each subsequent model
corrects the errors of the previous models, resulting in a strong
predictive model. GBM is known for its high accuracy and
ability to handle complex datasets.

3.5 Model evaluation
The models were evaluated using k-fold cross-validation (k =
10) to ensure robustness and to prevent overfitting. The dataset
was divided into 10 subsets, and each model was trained on 9
subsets and tested on the remaining subset. This process was
repeated 10 times, and the results were averaged to obtain the
final performance metrics.
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TABLE 1. Key variables of study.
Category Factors
Personal Factors Age, Education level, Income level, Smoking frequency, Drinking frequency, Obesity,

Hypertension, Number of absences in the past year, Union membership

Work Environment Factors

Physical Work Risk Factors: Vibration, Noise, Temperature, Dust, Steam,
Chemicals, Tobacco smoke, Infectious substances

Musculoskeletal Burden Factors: Repetitive hand/arm movements,
Standing posture, Carrying heavy objects, Fatigue or painful postures

Social-Psychological Factors Experiences of discrimination (age, education, region of origin, employment type), Sexual
harassment, Verbal abuse, Unwanted sexual attention, Threats or humiliating behavior,

Physical violence, Bullying, Dealing with customers, Working with angry customers, Working
with computers, Using the internet/email, Support from colleagues and supervisors, Feeling of

doing a good job, Feeling of doing meaningful work, Awareness of job expectations,
Emotional involvement in work, Job stress, Need to hide emotions at work

Job-Related Factors Weekly working hours, Use of personal protective equipment, Provision of health and safety
information, Work patterns (same daily working hours, shift work), Frequency and timing of
work schedule changes, Alignment of working hours with personal life, Involvement in setting

work goals, Participation in improving work processes, Job characteristics (monotony,
complexity), Threat level to health or safety, Number of workers, Years of service, Job

satisfaction, Industry, Job demands, Job autonomy

The performance of the models was assessed using several
metrics: accuracy, precision, recall, F1-score and the area
under the receiver operating characteristic curve (AUC-ROC).
Accuracy measured the proportion of correctly classified in-
stances. Precision calculated the proportion of true positive
instances among the instances classified as positive. Recall
determined the proportion of true positive instances among all
actual positive instances. The F1-score provided the harmonic
mean of precision and recall. The AUC-ROC assessed the
model’s ability to distinguish between classes.

3.6 Variable importance analysis
The importance of each variable was analyzed to understand
its contribution to the prediction of occupational MSDs. In
logistic regression, the magnitude of the coefficients was used
to determine the importance of each predictor. In RSTSVM,
the weights assigned to each feature were analyzed to under-
stand their contribution to the model. Additionally, permu-
tation importance was used, where the change in the model’s
performance was observed by randomly shuffling each feature.

3.7 Odds ratio and confidence intervals
For the six most significant predictors, odds ratios and
95% confidence intervals (CI) were calculated to quantify
the strength and direction of the association between the
predictors and the occurrence of MSDs. The odds ratio
was calculated as the exponentiation of the coefficient of
the predictor in the logistic regression model. Confidence
intervals were calculated using the standard error of the
coefficients, providing a range within which the true odds
ratio is expected to fall with 95% confidence.
By integrating these methodologies, the study aims to de-

velop a robust, sparse, and interpretable model for predicting
occupationalMSDs, providing valuable insights for prevention
and intervention strategies.

4. Results

4.1 General characteristics of the subjects
The study analyzed data from 6885 male office workers, ex-
tracted from the Korean Working Conditions Survey (KWCS)
conducted in 2020. The age distribution of the subjects is as
follows: 15–19 years: 1.2% (83), 20–29 years: 20.0% (1377),
30–39 years: 28.4% (1955), 40–49 years: 26.6% (1832), 50–
59 years: 17.0% (1171) and 60 years and above: 6.8% (467).
The largest age group is 30–39 years, followed closely by the
40–49 years’ group. These two groups together constitute
more than half of the sample, indicating that the majority of
the male office workers are in their prime working years. It
was 17% (n = 1170) as a result of calculating the prevalence of
MSDs in male office workers.

4.2 Model performance
The performance of the Robust and Sparse Twin Support
Vector Machine (RSTSVM) model was compared with two
widely used machine learning models: Support Vector Ma-
chine (SVM) and Gradient Boosting Machine (GBM). The
models were evaluated using 10-fold cross-validation to ensure
robustness and to prevent overfitting. The average perfor-
mance metrics are presented in the following Table 2. The
RSTSVMmodel outperformed both the SVM and GBMmod-
els in terms of accuracy, precision, recall, F1-score (Fig. 1),
and AUC-ROC. The high AUC-ROC value of 0.81 (Fig. 2)
indicates that the RSTSVM model has a strong ability to
distinguish between workers with and without MSDs.

4.3 Variable importance
The importance of each variable was analyzed to understand
its contribution to the prediction of occupational MSDs. The
Fig. 3 summarizes the importance of the top factors based on
the analysis. The top factor, “fatigue or painful postures”,
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TABLE 2. The average performance metrics.
Model Accuracy Precision Recall F1-Score AUC-ROC
RSTSVM 85.2% 84.5% 83.8% 84.1% 0.84
SVM 83.7% 82.9% 82.1% 82.5% 0.80
GBM 84.9% 84.3% 83.5% 83.9% 0.82
AUC-ROC: area under the receiver operating characteristic curve; RSTSVM: Robust and Sparse Twin Support Vector Machine;
SVM: Support Vector Machine; GBM: Gradient Boosting Machine.

FIGURE 1. ROC curve of RSTSVM. RSTSVM: Robust and Sparse Twin Support Vector Machine; SVM: Support Vector
Machine; GBM: Gradient Boosting Machine; AUC: area under the curve.

has the highest importance score of 0.204, indicating a strong
influence on the prediction of MSDs. Other significant factors
include repetitive hand/arm movements, standing posture, and
carrying heavy objects, which are all related to physical strain
and ergonomic risks. Social-psychological factors such as
working with angry customers and exposure to threats or
humiliating behavior also show considerable importance.

4.4 Odds ratio and confidence intervals
The odds ratio was calculated as the exponentiation of the
coefficient of the predictor in the logistic regression model.
Confidence intervals were calculated using the standard error
of the coefficients, providing a range within which the true
odds ratio is expected to fall with 95% confidence. The Table 3
summarizes the odds ratios and confidence intervals for the six

most significant predictors.
The odds ratios indicated that exposure to fatigue or painful

postures, repetitive hand/arm movements, standing posture,
carrying heavy objects, using the internet/email, and working
with computers were associated with a higher likelihood of
developing MSDs. Fatigue or painful postures had the highest
odds ratio of 1.97, indicating a strong association with MSDs.

5. Discussion

The study identified several key risk factors that significantly
contribute to the likelihood of developing MSDs. The most in-
fluential factors included fatigue or painful postures, repetitive
hand/arm movements, standing posture and carrying heavy
objects. These factors are consistent with the established
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FIGURE 2. Scaled importance scores of RSTSVM.

F IGURE 3. Heatmap of model performance. RSTSVM: Robust and Sparse Twin Support Vector Machine; SVM: Support
Vector Machine; GBM: Gradient Boosting Machine; AUC: area under the curve.
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TABLE 3. The odds ratios for the six most significant predictors.
Predictor Odds Ratio 95% CI
Fatigue or painful postures 1.97 1.83–2.11
Repetitive hand/arm movements 1.85 1.72–1.99
Standing posture 1.82 1.69–1.95
Carrying heavy objects 1.77 1.64–1.91
Using the internet/email 1.58 1.45–1.72
Working with computers 1.56 1.43–1.69
CI: confidence intervals.

understanding of MSD risk factors [17–26]. For example,
Kazeminasab et al. [21] (2022) emphasized the role of repeti-
tive tasks and awkward postures in the development of MSDs
among office workers. The findings from this study reinforce
the importance of addressing these ergonomic risk factors to
prevent MSDs.
Moreover, polonged static postures, such as extended pe-

riods of sitting, have been linked to lower back pain and
other musculoskeletal issues [27–33]. Besharati et al. [32]
(2020) found that extended periods of sitting contribute to
an increased risk of lower back disorders, underscoring the
need for dynamic sitting and regular movement breaks. Poor
workstation ergonomics, such as non-adjustable chairs and
improperly positioned monitors, can lead to increased muscle
strain and discomfort. Afroz&Haque (2021) [33] reported that
ergonomic interventions, such as adjustable chairs and prop-
erly positioned monitors, significantly reduce the incidence of
MSDs among office workers.
Psychosocial factors also play a critical role in the devel-

opment of MSDs. High job demands, low job control and
insufficient social support have been identified as significant
predictors of musculoskeletal pain. This is consistent with the
findings of Tang (2020) [32], who emphasized the interplay
between physical and psychosocial stressors in the workplace.
Addressing these factors requires a comprehensive approach
that includes both ergonomic and organizational interventions.
Intervention strategies should therefore be multifaceted, ad-

dressing both physical and psychosocial risk factors. Imple-
menting ergonomic improvements, such as sit-stand desks,
ergonomic chairs, and proper monitor placement, can alleviate
physical strain. Additionally, promoting a supportive work
environment and providing resources for stress management
can help mitigate the impact of psychosocial stressors. Fur-
thermore, regular training and education on proper ergonomic
practices are essential. Employees should be educated on
the importance of maintaining neutral body postures, taking
regular breaks, and performing exercises to reduce muscle
tension. As demonstrated by Choobineh et al. [34] (2021),
educational interventions can significantly improve ergonomic
behaviors and reduce the risk of MSDs. This study under-
scores the critical need for targeted interventions to address
the multifaceted risk factors associated with MSDs among
office workers. By adopting a comprehensive approach that
includes ergonomic adjustments, psychosocial support, and
regular training, organizations can significantly reduce the
incidence and impact of MSDs, thereby improving overall

employee well-being and productivity.
Another finding of this study is RSTSVM model exhibited

superior performance relative to traditional machine learning
models such as the SVM and GBM. This superior perfor-
mance can be attributed to the RSTSVM model’s capability
to efficiently manage high-dimensional data while maintaining
robustness against outliers and noise [17]. The integration
of sparsity within the RSTSVM model further enhanced its
interpretability by identifying the most significant variables
that contribute to MSDs [34]. This feature is particularly
pertinent in occupational health research, where it is critical to
understand specific risk factors to develop targeted interven-
tions.
The high AUC-ROC value of 0.84 achieved by the

RSTSVM model underscores its robust ability to differentiate
between workers with and without MSDs. This level of
accuracy suggests that the model could serve as a valuable
tool for the early identification of individuals at risk of
developing MSDs, thereby facilitating timely interventions.
This study is significant in that it validated the robustness and
efficacy of the RSTSVM model in predicting MSDs through
comparative analysis with SVM and GBM.
The significance of this study lies in its comprehensive

approach to identifying and addressing both physical and psy-
chosocial risk factors associated with MSDs. However, this
study has several limitations. First, the cross-sectional design
does not allow for the establishment of causal relationships
between the identified risk factors and the development of
MSDs. Longitudinal studies are required to validate these
associations over time. Second, the reliance on self-reported
data is a limitation, as it can be subject to recall bias and may
not accurately reflect the true prevalence ofMSDs or the extent
of exposure to risk factors. Future research should incorporate
objective measures of both MSD symptoms and ergonomic
risk factors to enhance the reliability of the findings. Third,
missing values in the dataset were imputed using mean or
mode imputation. While this method is commonly used, it
may introduce bias by not fully capturing the variability in the
data. Future studies should consider using more sophisticated
imputation methods, such as multiple imputation or machine
learning-based approaches, to address this issue.

6. Conclusions

This study underscores the significant burden of MSDs among
South Korean male office workers and highlights the critical
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risk factors contributing to these disorders. The development
and validation of the RSTSVMmodel provide a robust predic-
tive tool for early identification of individuals at risk of MSDs.
By addressing both ergonomic and psychosocial risk factors,
workplace interventions can effectively reduce the prevalence
of MSDs and improve the overall health and productivity of
office workers. Future research should continue to explore
innovative approaches to prevent and manage MSDs, ensuring
a healthier and more sustainable workforce.
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