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Abstract

Occupational Health and Safety (OHS), which holds substantial importance due to its profound human implica-
tions and far-reaching economic consequences, requires effective management to minimize workplace accidents
and occupational diseases through data-driven risk assessment and proactive safety strategies. Achieving this
necessitates the availability of historical data and its examination through appropriate analytical methodologies,
which is critically important for determining evidence-based preventive measures. Thus, this study analyses
Turkey’s national OHS records from 2010 to 2022 using statistical analysis and machine learning approaches
to evaluate sectoral risks, predict accident trends, and identify key determinants of workplace hazards. Results
indicate substantial sector differences, with coal mining and heavy industry showing the highest accident and
fatality rates. Machine learning models demonstrate strong predictive capability, with gradient boosting pro-
viding the best work accident prediction performance and random forests achieving the best performance for
occupational disease prediction. Clustering analysis identifies three distinct industrial risk groups, while Prin-
cipal Component Analysis (PCA) reveals regional disparities, particularly in highly industrialized provinces
such as Istanbul, Kocaeli, and Izmir. Classification models further achieve over 98% accuracy in identifying
high-risk groups, highlighting the potential of machine learning for proactive OHS management. The findings
of this paper provide actionable insights for policymakers and industry leaders to optimize safety regulations
and develop targeted interventions and strategies to reduce workplace risks and identify which sectors and
worker groups should be prioritized.

Keywords Occupational Health and Safety - Statistical Analysis -+ Machine Learning - OHS Management -
Predictive Modeling - Workplace Accidents

1 Introduction

Occupational Health and Safety (OHS) can be broadly defined as a management approach encompassing the
measures taken to ensure employees’ safety, allowing them to remain healthy and productive in the workplace
[1, 2]. More specifically, all activities undertaken at both the employee and organizational levels to prevent occu-
pational accidents or diseases can be seen, in a sense, as the definition of OHS. Thousands of workers lose their
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lives or become incapacitated due to workplace accidents and occupational diseases that occur every year world-
wide [3]. In addition to the human and psychological impacts, such as the loss of human resources and reduced
productivity and motivation in the workplace, this situation also leads to significant economic losses, including
healthcare costs and compensation payments [4—7]. One of the most fundamental indicators for measuring the
performance of OHS activities, which are the primary means of preventing serious occupational accidents and
diseases, is the number of workplace accidents resulting in death or injury, as well as the number of individuals
at risk of contracting an occupational disease [8].

From this perspective, according to the published statistics for 2023, the number of work accidents in Turkey
has been reported as 681,401 [9]. This number represents the overall total of reported work accidents (fatal + non-
fatal) aggregated at the national level. When interpreting the changes in this ratio over the years, the impact of
industrialization, the influence of technology on industrialization, and the resulting reduction in the use of blue-
collar workers as active labor should be considered. Even when considering the reducing effect of these factors
on workplace accidents, it is still quite high.

When a work accident occurs or an occupational disease is diagnosed in workplaces operating in Turkey,
whether in the public or private sector, employers are required to report all relevant information to the official
institutions and create an official record [9]. Based on these mandatory notifications, official institutions have
compiled a comprehensive database containing detailed information on OHS activities over the years and have
made this data available to the public.

Building on this rich and systematically collected dataset, the main objective of this study is to analyse long-
term OHS data from multiple perspectives. The goal is to present the results holistically, assess how OHS is
perceived, implemented, and prioritized in Turkey based on sectoral, regional, and economic patterns observed
in workplace accident and occupational disease data, and map Turkey’s position on this issue. To achieve these
objectives and support future-oriented insights, classical statistical techniques are combined with Machine Learn-
ing (ML) methods, enabling both descriptive analyses of historical trends and data-driven projections.

Although the use of ML for OHS analysis is not new [10—12], the novelty of this study lies not only in its
nationwide scope, longitudinal structure, and multidimensional analytical design, but also in its use of rigor-
ously collected real-world data spanning multiple years in Turkey. The findings derived from this comprehensive
dataset provide policy-relevant insights with strong potential to guide policymakers and support evidence-based
improvements in the national OHS system, while also contributing to the safety science literature through a large-
scale, context-specific empirical analysis.

This research provides a comprehensive examination of Turkey’s OHS landscape over a 13-year period (2010—
2022) by integrating statistical techniques and multiple ML algorithms. The analysis incorporates several innova-
tive elements, including examining the frequency and severity of workplace accidents and occupational diseases
across economic sectors; identifying key factors contributing to incident occurrence; grouping sectors into dis-
tinct risk categories based on accident characteristics; reducing the dimensionality of provincial data to uncover
regional safety patterns; classifying worker groups into high- and low-risk categories based on incident severity;
analysing demographic differences across age and gender; and investigating temporal trends, including monthly
and seasonal variations in both workplace accidents and occupational diseases.

2 Literature Review

The literature review section was organized by classifying the techniques used to analyze OHS data. The stud-
ies cited in this section were selected to illustrate the main methodological approaches used in the analysis of
OHS data. Rather than presenting a general literature review, the literature was structured by classifying studies
according to the analytical techniques employed, namely classical statistical methods and ML—based approaches.
The selected studies cover different countries, sectors, time periods, and data characteristics, thereby reflecting
the diversity of applications and methodological trends in the OHS literature. In addition, particular emphasis was
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placed on studies that involve data structures similar to those considered in this research and that employ analyti-
cal techniques closely aligned with the methods used in this paper.

Several studies have employed classical statistical techniques to explore patterns, trends, and risk factors in
OHS data. A summary of studies using statistical analysis is presented in Table 1. Zhou et al. [13] conducted a
statistical analysis of hazardous chemical accidents in China from 2008 to 2021. Their analysis focused on spe-
cific business categories, industry distribution, business scales, provincial location distribution, time variability
characteristics, and causes of accidents. Soykan [14] conducted statistical analyses and revealed trends in occu-
pational accidents in the Turkish fisheries and aquaculture sectors between 2006 and 2020. Costa da Silva et al.
[15] analyzed data with a statistical approach for the Brazilian mining sector, using occupational accident and
disease notification data from 2017 to 2021. Gil and Pelon [16] analyzed data on occupational accidents in the
Polish mining industry from 2007 to 2018 using statistical techniques and estimated the number of occupational
accidents in the short term. Bilim and Bilim [17] analyzed accidents in Turkish coal mines from 2014 to 2019
using Logistic Regression (LogReg). Based on this analysis, they developed an equation to estimate workday
loss based on the relationship between workers’ demographic characteristics and the accidents that caused this
loss. Similarly, Eravct and Yilmaz [18] conducted a statistical analysis on the economic impact of permanently
disabled workers resulting from occupational accidents in Turkey.

Matysa and Gajdzik [19] analyzed work accidents in the Polish steel industry, and based on these analyses,
worked on modeling the number of work accident victims. They used various prediction models, such as the
Winter and Holt models. They reported a decreasing trend in the number of people injured in work accidents in
the steel industry. Tanaya et al. [20] conducted statistical tests to determine whether a relationship exists between
occupational accidents in the South Borneo coal industry and the age, length of service, and education level of
those involved in the accidents. Their findings indicated no significant relationship between these variables. Jafari
et al. [21] collected data from a company to identify risk factors associated with workplace accidents and aimed
to determine the groups requiring precautions through statistical analyses. Data were gathered on variables such
as body mass index, education level, work experience, smoking habits, use of sedative drugs, and sleep disorders
from employees in an Iranian company. They inferred that employees with a high body mass index, low educa-
tion level, and limited work experience were more prone to workplace accidents.

Table 1 Studies using statistical techniques for OHS data analysis

Study Country Sector Data Period ~ Methods Purpose

Machfudiyanto et al. Indonesia Construction - PLS-SEM Analysis of factors affecting safety

[11] design

Zhou et al. [13] China Chemical 2008-2021 Categorization of OHS Analysis of accident characteristics

industry characteristics using and causes
histograms
Soykan [14] Turkey Fisheries and 2006-2020 Kruskal-Wallis and Mann— Trend analysis and subsectors com-
aquaculture Whitney U tests parison of occupational accidents

Costa da Silva et al. Brazil Mining 2017-2021 Retrospective observa- Analysis of occupational accident

[15] tional time-series and disease notifications

Gil and Pelon [16] Poland Mining 2007-2018 Econometric models Short-term estimation of occupa-
tional accidents

Bilim and Bilim [17] Turkey Coal mining 2014-2019 LogReg Estimation of workday loss

Eravcr and Yilmaz [18] Turkey Multiple sectors ~ 2013-2022 Descriptive statistics Economic impact analysis of perma-
nently disabled workers

Matysa and Gajdzik Poland Steel industry 2009-2018 Holt and Winter models Modeling the number of work acci-

[19] dent victims

Tanaya et al. [20] Indonesia Coal industry 2017-2019 Descriptive statistics Analysis of relationships between
accidents and demographic variables

Jafari et al. [21] Iran Manufacturing 2016 LogReg and chi-square Identification of workplace accident

risk factors
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In recent years, ML techniques have been increasingly adopted in OHS research to enhance predictive accu-
racy, automate risk assessment, and support data-driven decision-making. These studies mainly focus on accident
cause prediction, severity classification, risk forecasting, and pattern recognition using supervised and hybrid
learning models. An overview of representative ML-based studies is presented in Table 2. Ozkan and Ulas [10]
predicted the causes of accidents in the Turkish metal industry using data from 2013 to 2018, employing Random
Forest (RF), k-Nearest Neighbor (KNN), Gradient Boosting (GB), and Recursive Partitioning and Regression
Trees (RPART) methods, and emphasized that the RF algorithm performed the best in this framework. da Silva
et al. [22] examined neural and non-neural methods for classifying the severity of occupational accidents in the
shoe manufacturing industry and stated that RF and Extreme Gradient Boosting (XGBoost) are the two most
effective non-neural methods. They concluded that these methods could classify new accidents and simulate sce-
narios. Santurian et al. [23] explored the relationship between occupational accidents and heat waves in Madrid,
Barcelona, and Valencia. Heat waves were defined using daily occupational accident data collected between 2012
and 2021, and the Generalized Additive Model (GAM) and Distributed Lag Nonlinear Model (DLNM) were
applied to determine the relationship between occupational accidents and heat waves. Machfudiyanto et al. [11]
analyzed the factors affecting the implementation of safety design using Partial Least Squares - Structural Equa-
tion Modeling (PLS-SEM) and Artificial Neural Network (ANN). They applied the proposed approach in the
Indonesian construction industry. Mammadov et al. [24] proposed an artificial intelligence-based model to pre-
dict the consequences of occupational accidents by analyzing a dataset containing injuries, near misses, and asset-
product damage from a pipeline construction project using ML algorithms. Kog et al. [25] focused on identifying
the vulnerable body parts of construction workers. For the Turkish construction sector, they used a multi-stage
ensemble model with ML algorithms to determine which factors influence the vulnerability of specific body parts
and suggested precautions accordingly. Kog et al. [12] analyzed occupational accidents recorded in the Turkish
construction sector to predict construction workers who may face a risk of fatality. In this analysis, they used a
combination of the RF algorithm and particle swarm optimization for prediction. Kog and Gurgun [26] developed
a scenario-based automatic preprocessing model that determines the best scenario for predicting the severity of

Table 2 Studies using ML—based approaches for OHS data analysis

Study Country Sector Data Period  Methods Purpose
Ozkan and Ulas [10]  Turkey Metal industry ~ 2013-2018  RF, KNN, GB, RPART Prediction of accident
causes
da Silva et al. [22] Brazil Shoe 2016-2022  RF, XGBoost, ANN Classification of accident
manufacturing severity
Santurian et al. [23]  Spain Multiple sectors 2012-2021 GAM, DLNM Analysis of relationship

between heat waves and
occupational accidents

Machfudiyanto et al.  Indonesia Construction - ANN Analysis of factors affect-
[11] ing safety design
Mammadov et al. - Pipeline - ANN, Deep Learning, Functional Linear Prediction of accident
[24] construction Model, Decision Tree (DT), GB, RF, consequences
Support Vector Machines (SVM)
Kog et al. [25] Turkey Construction 2012-2020  RF, KNN, Naive Bayes (NB), ANN Identification of vulnerable
body parts
Kog et al. [12] Turkey Construction 2007-2020  REF, Particle Swarm Optimization Prediction of fatality risk
Kog and Gurgun [26] Turkey Construction 2012-2020  XGBoost Prediction of accident
severity
Kog et al. [27] Turkey Construction 2012-2020  Wavelet transform, ANN, SVM, Multi-  Accident number
variate Adaptive Regression Splines estimation
Goldberg [28] USA Metal and 2015-2020  Text mining, DT, RF, NB, SVM, ANN Classification of occupa-
mining tional accident records
Koklonis et al. [29] Greece Health services  2014-2019  NB, Bayesian Network, KNN, Multi- Prediction and classifica-
layer Perceptron tion of workplace accidents
Sadeghi et al. [30] Malaysia Construction - ANN and fuzzy inference systems OHS risk assessment
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construction accidents. XGBoost analysis shows that year, cause of material, age, past accidents, experience, and
salary are the most effective variables. Kog et al. [27] estimated the number of accidents for short, medium, and
long-term periods based on occupational accidents recorded in Turkey between 2012 and 2020, using time series
data. They combined the discrete wavelet transform and ML methods to estimate the number of occupational
accidents and applied these methods to data in the field of construction safety. Goldberg [28] applied text min-
ing to analyze occupational accident data in textual form. He used ML models to classify accident records from
different perspectives, such as the injured body part, source of injury, type of event causing the injury, whether
hospitalization occurred, and whether limb loss occurred. He applied his proposed algorithms to accident data
from the metal and mining sectors and stated that the performance was satisfactory. Koklonis et al. [29] aimed
to develop a decision support system to predict and classify workplace accidents using ML algorithms. The data
used consisted of 476 incident reports from Metaxa Cancer Hospital in Greece, collected between 2014 and 2019.
Sadeghi et al. [30] developed a model based on the integration of neural networks with fuzzy inference systems to
assess OHS risks for workers in the Malaysian construction industry and applied it to several Malaysian construc-
tion projects to demonstrate its effectiveness.

A review of recent studies shows that although statistical and ML methods are increasingly used in the OHS
domain, existing research remains fragmented in terms of scope, methodology, and analytical depth. First, a large
portion of the literature is sector-specific rather than national in scope, focusing primarily on construction [12,
25-27], metal manufacturing [10, 28], mining [17], or health services [29]. While these studies provide valu-
able insights at the micro level, they do not allow cross-sectoral benchmarking or broader policy implications.
Second, many research efforts employ single-method analytical designs, either using only descriptive statistics
or regression-based models [14, 17, 18], or applying isolated supervised ML methods such as RF, GB, ANN, or
XGBoost solely for prediction or classification [10, 11, 22, 24]. Third, most existing ML studies examine only
one analytical dimension of OHS data, such as accident causes [10, 25], severity prediction [12, 22], or short-term
forecasting [27], without extending the analysis to occupational diseases, demographic trends, or regional and
sectoral risk patterns.

This study makes several original and significant contributions to the OHS literature:

e Methodological Contribution: This study proposes a comprehensive multi-method analytical framework that
integrates descriptive statistics, ML—based prediction and classification, time-series forecasting, dimensional-
ity reduction, and clustering analyses. To the best of our knowledge, such an integrated and holistic analytical
approach has not previously been applied to OHS data.

e Data Scope and Coverage: Unlike prior studies that rely on limited samples or focus on single industries, this
research utilizes nationwide longitudinal OHS records covering the period 2010-2022 and encompassing all
economic activities classified under NACE Rev. 2.1. This extensive coverage enhances the robustness, gener-
alizability, and representativeness of the findings.

e Cross-Sectoral and Regional Insights: The study enables systematic cross-sector comparisons and regional
profiling of OHS risks, providing insights that are largely absent in the existing literature. This allows for the
identification of sector-specific and region-specific risk patterns at a national scale.

e Demographic Risk Assessment: By incorporating demographic dimensions into the analysis, the study offers a
detailed assessment of OHS risks across different worker groups, contributing to a more nuanced understand-
ing of occupational safety dynamics.

e Practical and Policy Relevance: The findings derived from real-world data and advanced analytical techniques
provide evidence-based insights that can support policymakers, regulators, and practitioners in designing tar-
geted and data-driven OHS interventions.
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3 Methodology

This section describes the dataset, the variables used in the study, and the methods applied for risk assessment,
including descriptive analysis, predictive modeling, forecasting techniques, clustering, and dimensionality reduc-
tion techniques.

3.1 Dataset Description

The raw data on work accidents and occupational diseases in Turkey was obtained from the Social Security Insti-
tution and covers the years 2010 to 2022 [9]. The analysis period was limited to 2010-2022 for methodological
and data consistency reasons. First, systematic and standardized nationwide reporting of occupational accidents
and occupational diseases in Turkey became fully operational after 2010, following regulatory and institutional
improvements in the Social Security Institution’s data collection framework. Earlier records are either incom-
plete or not fully comparable in terms of variable definitions and reporting practices. Second, 2022 represents the
most recent year for which finalized and publicly available national OHS statistics were accessible at the time
of analysis. Restricting the study to this period therefore ensures longitudinal consistency, data reliability, and
comparability across years.

The primary goal of this study is to predict sector-level accident risks and assess the impact of economic activi-
ties on workplace safety using statistical and ML approaches. To achieve this, we extracted specific variables
from the dataset, including workplace incident attributes such as the number of work accidents, the number of
occupational diseases, total incapacity days, permanent incapacity cases, fatal accidents, fatal occupational dis-
eases, work accident duration, working period of insurance, and type of injury. Additionally, demographic attri-
butes like age and gender, along with sector-based classifications following the NACE Rev. 2.1 economic activity
codes, were included. These variables and their explanations are provided in Table 3. Since the data originate
from mandatory formal reporting systems, the dataset contains no missing values, and therefore no missing data
completion procedures were required. Duplicate records were removed before analysis to ensure data integrity.

3.2 Data Analysis Framework

Our research employed a comprehensive, multi-method analytical framework to assess OHS risks. The analysis
proceeded in multiple stages as shown in Fig. 1.

Descriptive analysis. Descriptive statistical analysis was first conducted to examine patterns, trends, and dis-
tributions in workplace incidents. This assessment provided an initial understanding of how work accidents and
occupational diseases vary across sectors, regions, and demographic groups.

ML-based Prediction. For predictive modeling, we focused on forecasting two key occupational safety indica-
tors: the number of work accidents and the number of occupational diseases. We constructed a robust dataset with
carefully selected predictor variables, including occupational incidents, incapacity days, worker demographics,
economic activities, and fatality records. These variables were specifically chosen to capture meaningful correla-
tions and patterns in workplace safety trends. We implemented multiple ML algorithms to develop our predictive
models. Decision Tree (DT) [31] provided interpretable hierarchical structures that revealed influential variables
affecting accident outcomes. RF [32] enhanced prediction accuracy by aggregating multiple DT while delivering
critical feature importance metrics. GB [33] further improved our predictive capability by sequentially building
models that systematically corrected previous errors, effectively capturing complex relationships within safety
data. Linear Regression (LR) [34] served as our baseline statistical approach, establishing a comparative bench-
mark against more sophisticated techniques. As the ML models were formulated as regression problems with
continuous target variables (i.e., the number of work accidents and occupational diseases), model performance
was evaluated using standard regression metrics, including Mean Absolute Error (MAE), Mean Squared Error
(MSE), and the coefficient of determination (R?), which are more appropriate for assessing predictive accuracy
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Tab.le 3 Description of Variable Description
variables Year Year in which the work accident or occupational disease occurred
(2010-2022).
Month The month in which the work accident or occupational disease

Number of Work Accidents
Number of Occupational Diseases

Total Incapacity Days (Work
Accidents)

Total Incapacity Days (Occupa-
tional Diseases)

Number of Permanent Incapacities
(Work Accidents)

Number of Permanent Incapacities
(Occupational Diseases)

Number of Fatal Work Accidents

Number of Fatal Occupational
Diseases

Work Accident Duration
Working Period of Insured

Type of Injury

Economic Activity (NACE

occurred.

Total number of recorded work accidents in a given sector or region.
Total number of recorded occupational diseases in a given sector or
region.

The sum of incapacity days resulting from work accidents.

The sum of incapacity days due to occupational diseases.

The number of cases where work accidents resulted in permanent
disabilities.

The number of cases where occupational diseases resulted in perma-
nent disabilities.

Total number of work-related fatalities.

Total number of fatalities resulting from occupational diseases.

The number of lost workdays due to temporary incapacity.

The total period the insured worker has been working before the
accident.

Type of injury sustained (fracture, sprain, burn, etc.) based on
ESAW classification.

Sector-based classification of workplaces using NACE Rev.2.1

Rev.2.1) codes.

Gender Gender distribution of workers affected by work accidents and
occupational diseases.

Age Age of workers affected by work accidents and occupational
diseases.

Province The geographical province where the incident occurred.

in continuous outcome settings. For the ML-based prediction, the dataset was randomly split into training and
testing subsets using a 70/30 ratio, where 70% of the observations were used for model training and 30% were
held out for testing.

Because occupational disease cases constitute a very small proportion of the dataset, the prediction target is
highly sparse and rare. To examine whether this imbalance could be mitigated through resampling, both SMOTE-
based oversampling and random undersampling of the majority class were applied during the model training
process. SMOTE was used to synthetically increase the representation of minority cases, while random under-
sampling was applied to reduce the dominance of the majority class. However, neither approach resulted in a
substantial improvement in predictive performance. In particular, random undersampling led to information loss
by discarding a large number of majority-class observations, which likely weakened the models’ ability to learn
stable patterns. Overall, these findings indicate that the limited predictive performance primarily stems from a
weak predictive signal in the available features rather than class imbalance alone.

Workplace Risk Classification. In this study, we aimed to classify aggregated workplace incident data into
high-risk and low-risk categories using a two-stage analytical approach. Each observation in this classification
task represents a unique combination of year, age group, and gender, with incident counts (e.g., work accidents,
fatal accidents, occupational diseases) aggregated across all workers within that demographic stratum. In the first
stage, a weighted risk scoring framework was applied to derive risk labels for each stratum, followed by a ML—
based classification stage to automatically distinguish between high-risk and low-risk groups.

The risk scoring process was based on three primary metrics: the number of fatal work accidents, the number
of work accidents, and the number of occupational diseases. Each metric threshold was determined as follows:
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Data Source: Social Security Institution of Turkey (2010-2022)

Variables: Year, Month, Number of Work Accidents, Number of Occupational Diseases, Total Incapacity Days
(Work Accidents), Total Incapacity Days (Occupational Diseases), Number of Permanent Incapacities (Work
Accidents), Number of Permanent Incapacities (Occupational Diseases), Number of Fatal Work
Accidents, Number of Fatal Occupational Diseases, Work Accident Duration, Working Period of Insured, Type of
injury, Economic Activity, Gender, Age, Province

v

Stage 1: Descriptive Analysis

Examination of patterns, trends, and distributions across sectors,
regions, and demographic groups

v

Stage 2: Multi-Method Analytical Approaches

Workplace Risk Classification: Risk scoring— ML-Based Prediction:Predict work accident
based labeling, ML-based risk class prediction and occupational disease counts. Examine

feature importance patterns
ML Models: SVM, KNN, CART, RF,
XGBoost, LightGBM, CatBoost, LogReg, LDA ML Models: DT, RF, GB, LR

Evaluation: Accuracy, Precision, Recall, F1-score Evaluation: MAE, MSE, R2

Time Series—Based Forecasting: Analyze temporal trends in workplace incidents
Univariate time series forecasting models: MA(3), ARIMA(0,1,1)

Evaluation: MAE, MSE

Clustering Similar Economic Activities: Group Principal Component Analysis (PCA) for
sectors by safety profiles Identifying Regional Safety Factors: Identify

regional safety factors, Dimensionality reduction
ML Models: k-means (k = 2-5)

Evaluation: SC, DB, CH + expert review Evaluation: Variance explained

v

Stage 3: Integrated Analysis Outcomes

Integrate multi-method results and
Inform preventive and policy interventions

Fig. 1 Multi-method analytical framework
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e Number of fatal work accidents: The mean value was chosen as the threshold, reflecting a standard baseline
for identifying higher-risk cases.

e Number of work accidents: The 75th percentile (upper quartile) was selected, capturing the top 25% of data
as high-risk.

e Number of occupational diseases: The 75th percentile was used to focus on cases with a higher prevalence.

Each metric was assigned an importance value: 0.5, 0.3, and 0.2, respectively. When a metric exceeded its thresh-

old, it contributed to the overall weighted risk score. Observations corresponding to a specific year, age group,

and gender combination with a total risk score above 0.5 were labelled as High-Risk, while the remaining obser-

vations were labelled as Low-Risk. This labelling strategy enabled a comprehensive evaluation of both accident

severity and frequency.

These risk labels were subsequently used as the target variable for the supervised ML models, while demo-
graphic attributes (age group, gender, and year) and workplace incident indicators (number of work accidents,
number of occupational diseases, number of fatal work accidents, number of fatal occupational diseases and
permanent incapacity outcomes) served as input features to train the classification models. To perform the clas-
sification, we employed a variety of algorithms, including classical ML models such as SVM [35], KNN [36],
Classification and Regression Trees (CART) [31], and RF [32]. In addition, ensemble methods like RF [32],
XGBoost [37], LightGBM [38], and CatBoost [39] were used to capture complex interactions and improve
classification accuracy. We also utilized traditional classification methods such as LogReg [40] and Linear Dis-
criminant Analysis (LDA) [41] to establish performance benchmarks. These models were chosen to ensure that
both linear and non-linear relationships in the data were adequately addressed. These classification models were
systematically evaluated using accuracy, precision, recall, and F1-score metrics to identify the most effective
approaches. To prevent overfitting and underfitting and reduce evaluation bias associated with a single data split,
a 10-fold cross-validation strategy was implemented across all supervised models, as recommended in empirical
ML research [42, 43].

Time Series-based Forecasting. To complement the ML approaches, two univariate time series forecasting
techniques were applied to analyse the temporal dynamics of workplace incidents. Unlike the ML models, which
rely on multiple predictors, these time series models use only historical values of the target variables, offering
an alternative analytical perspective. Combining both feature-based ML and temporal modelling enhanced the
robustness of the analysis and contributed to a more comprehensive risk assessment framework. In this study,
Moving Average (MA) [44] was selected for its simplicity and interpretability, smoothing short-term fluctua-
tions to reveal broader patterns. In addition, Auto Regressive Integrated Moving Average (ARIMA) [44] was
employed to capture more complex temporal dependencies. Specifically, we implemented the MA (3) and the
ARIMA (0,1,1) models for each target variable. The ARIMA (0,1,1) configuration was selected based on its low-
est Akaike Information Criterion (AIC) among candidate models, indicating the best fit for capturing the underly-
ing structure of the time series after differencing. This model is particularly effective for non-stationary data with
a consistent trend, as observed in the work accident data. On the other hand, the 3-year moving average (MA
(3)) was chosen for its simplicity and interpretability, providing a smoothed representation of short-term trends
without requiring model fitting, making it a practical baseline for comparison. Performance of these time series
models was evaluated using MAE and MSE.

Clustering Similar Economic Activities. For economic activities categorization, the k-means clustering algo-
rithm [45] was applied to identify distinct risk groups based on safety profiles, enabling targeted policy interven-
tions. As an unsupervised learning method, k-means requires the number of clusters (k) to be specified a priori.
Since no ground-truth labels are available in this context, the optimal value of &k cannot be determined directly
and must be inferred using internal performance metrics. Accordingly, we evaluated multiple candidate solutions
(k= 2, 3, 4, and 5) using complementary data-driven metrics that capture different aspects of clustering quality.
Clustering performance was assessed using the Silhouette Coefficient (SC) [46], Davies—Bouldin Index (DB)
[47], and Calinski—Harabasz Index (CH) [48]. These performance metrics emphasize distinct properties of cluster
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structure: SC reflects cohesion and separation, with higher values indicating more cohesive and well-separated
clusters; DB measures average cluster compactness relative to separation, where lower values indicate better
clustering quality; and CH evaluates between-cluster dispersion relative to within-cluster variance, with higher
values favoring solutions that exhibit greater separation between clusters relative to their internal variability.

In addition to quantitative performance evaluation, an expert-based interpretability assessment was incor-
porated as part of the clustering analysis. Three academic experts with domain knowledge in OHS and indus-
trial engineering participated in this process. The experts examined the clustering solutions highlighted by each
performance metric and were asked to assess them independently with respect to interpretability, conceptual
coherence, and practical relevance. This was followed by a structured discussion to reconcile perspectives and
establish a shared qualitative assessment.

Principal Component Analysis (PCA) for Identifying Regional Safety Factors. PCA [49] was employed to
identify key regional safety factors by reducing dimensionality and revealing underlying geographical patterns in
workplace safety data. The dataset includes quantitative variables such as the number of work accidents, occupa-
tional diseases, incapacity days, and fatalities for each province. PCA was applied after standardizing the data to
ensure all variables contribute equally to the analysis.

4 Results

This section presents descriptive analysis, predictions, sectoral risk categorization, regional safety assessments,
and workplace risk classification.

4.1 Descriptive Analysis

Table 4 summarizes the descriptive statistics of work accidents and occupational diseases across different eco-
nomic activities and provinces in Turkey, computed at the year—economic activities—gender and year—province—
gender observation levels, respectively. The findings show that work accidents are considerably more frequent
and severe than occupational diseases across both dimensions. The high standard deviations indicate substantial
variability, particularly in accident frequency, incapacity days, and fatal incidents, suggesting uneven distribution
of occupational risks across sectors and geographic regions. To identify distributional patterns in the occurrence
of work accidents and occupational diseases, sector- and province-level visual analyses were conducted (see
Appendix A, Figs. 11, 12, 13 and 14). The results indicate that work accidents are largely concentrated in con-
struction- and manufacturing-related activities, whereas occupational diseases are more prevalent in mining and
heavy industry sectors. At the regional level, work accidents are primarily clustered in industrial provinces such
as Istanbul, Izmir, and Ankara, while occupational diseases are disproportionately observed in provinces with
intensive mining activities, particularly Zonguldak.

Table 4 Descriptive statis- Economic Activities Provinces

tics of work accidents and Mean Standard ~ Mean Standard

occupational diseases across Deviation Deviation

economic activities and Number of Work Accidents 1675.95 388325 182556  6203.34

provinces (2010-2022) Number of Occupational Diseases 3.29 14.27 1.92 12.67
Total Incapacity Days (Work Accident) 16931.56  42,167.41  19,160.34  56,128.90
Total Incapacity Days (Occupational Disease) 15.07 194.88 16.50 234.76
Number of Fatal Work Accidents 8.55 29.53 5.86 20.31
Number of Fatal Occupational Diseases 0.03 0.59 - -
Number of Permanent Incapacity (Work Accident) 18.65 60.36 5.76 22.92
Number of Permanent Incapacity (Occupational 0.98 4.17 16.05 48.83
Disease)
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Table 5 Work accidents and Female Male
occupational diseases by age Ages # of Work Accidents  # of Occupational # of Work Accidents  # of Occu-
and gender (2010-2022) Diseases pational
Diseases
-14 307 1 2104 23
15-17 15,111 0 40,436 0
18-24 214,580 9 709,299 64
25-29 136,101 15 587,510 188
30-34 120,283 23 533,775 336
35-39 125,492 28 468,526 560
40-44 110,497 49 370,625 709
45-49 74,012 54 264,341 573
50-54 34,296 47 133,693 310
55-59 11,715 23 60,813 149
60-64 2738 16 18,772 114
65+ 705 17 5065 269
Total 845,837 282 3,194,959 3295
Fig. 2 Monthly distribu- Work Accidents Distribution by Month
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Table 5 presents the distribution of work accidents and occupational diseases by age and gender. The results
show that both incidents are considerably more frequent among male workers across all age groups. Work acci-
dents peak in younger and middle-aged groups (particularly ages 18-39), whereas occupational diseases are more
common in older age groups, especially after age 40. This pattern suggests that work accidents tend to occur
earlier in working life, while occupational diseases accumulate over prolonged exposure to hazardous working
conditions.

Figure 2 presents the monthly distribution of work accidents. Work accidents show a clear seasonal pattern,
with lower counts in the early months of the year and a peak during summer (June—August), followed by a
gradual decline toward the end of the year.

Figure 3 illustrates the monthly distribution of occupational diseases from January to December. Unlike work
accidents, which display a clear seasonal pattern, occupational diseases do not follow a distinct seasonal trend
and instead fluctuate throughout the year, likely reflecting delayed diagnosis and cumulative exposure rather than
immediate incidents.
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Fig. 3 Monthly distribution
of occupational diseases
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Table 6 Performance of ML Target Variable Model MAE MSE R
models for predicting work  Number of Work Accidents DT 471.42 2549695.44 0.8605
accidents and occupational RF 35337 1215936.88 0.9334
diseases GB 391.02 1014090.74 0.9445
LR 722.91 2091387.69 0.8856
Number of Occupational Diseases DT 2.808 153.406 0.0047
RF 2.226 109.48 0.2897
GB 2.329 113.43 0.2641
LR 2.909 113.86 0.2613

4.2 ML-based Prediction of Work Accidents and Occupational Diseases

The predictive performance of the ML models differed substantially between the two target variables. As pre-
sented in Table 6, models trained to predict the number of work accidents achieved notably strong results, with
ensemble methods outperforming the other approaches across all evaluation metrics. GB and RF exhibited the
lowest error values (MAE and MSE) and the highest explanatory power (R?), indicating their effectiveness in
capturing meaningful and complex relationships within the dataset. Although the LR achieved reasonably good
predictive performance (R? = 0.8856), it did not match the capabilities of ensemble-based models. In contrast, the
DT showed higher errors and lower predictive capability, reflecting limited generalization.

In comparison, the prediction of occupational diseases resulted in considerably lower performance across all
models. RF achieved the highest explanatory strength (R? = 0.2897), followed by GB (R?> = 0.2641), while DT
and LR models demonstrated minimal predictive capability. To assess whether class imbalance contributed to
this decline, SMOTE and random undersampling techniques were applied during model development. However,
neither method improved predictive outcomes meaningfully, suggesting that the primary limitation originates
from a weak predictive signal in the available features rather than class imbalance effects alone.

The feature importance analysis shown in Figs. 4 and 5 demonstrates how the relevance of predictors shifts
depending on the target variable. For the prediction of the number of work accidents, the most influential vari-
able was total incapacity days (work accident), indicating a strong association between accident frequency and
total incapacity days. Additional contributors, such as year and economic activity, also played a role, although
their relative importance was substantially lower. These results reinforce the critical need for preventive safety
strategies, as reducing accidents may directly decrease incapacity time and associated economic and human costs.

Figure 5 shows that the most influential predictors for occupational diseases were the number of permanent
incapacities and total incapacity days (occupational disease). Variables related to work accidents, such as the
number of work accidents and total incapacity days (work accident), also contributed moderately, while the
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Total Incapacity Days (Work Accident)
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Number of Occupational Diseases

Number of Permanent Incapacity (Work Accident)
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Fig. 4 Feature importance for the number of work accidents

remaining predictors had limited influence. Overall, the feature pattern suggests that occupational disease report-
ing in the dataset is more strongly associated with recorded incapacity measures than with demographic or tem-
poral factors.

4.3 Workplace Risk Classification

Based on the weighted risk scoring framework described in Sect. 3.2, the predefined thresholds and weights
resulted in a clear separation of observations into distinct risk groups. The resulting risk distribution was imbal-
anced: 90 group-level observations were classified as High-Risk, while 222 were classified as Low-Risk. These
risk categories were subsequently used as the target labels for ML-based workplace risk classification.

Table 7 summarizes the model performance for workplace risk classification. Among all tested models, Light-
GBM achieved the best performance, with an accuracy of 98.4%, followed closely by CatBoost and RF. These
results demonstrate the effectiveness of ensemble methods in handling the complexities of the dataset.

When traditional statistical methods are considered, LogReg and LDA achieved relatively high accuracy
scores (95.19% and 93.6%, respectively); however, both were outperformed by the advanced ML models. This
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Fig. 5 Feature importance for the number of occupational diseases

Table 7 Performance of Model Accuracy Recall Precision F1-score

classification models for SVM 0.9423 0.9423 0.9492 0.9424

workplace risk classification N 0.8527 0.8527 0.8773 0.8342
CART 0.9679 0.9679 0.9697 0.9683
RF 0.9711 0.9711 0.9732 0.9710
XGBoost 0.9646 0.9646 0.9686 0.9653
LightGBM 0.9840 0.9840 0.9854 0.9842
CatBoost 0.9807 0.9807 0.9822 0.9809
LogReg 0.9519 0.9519 0.9550 0.9521
LDA 0.9360 0.9360 0.9420 0.9365
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Table 8 Performance of Target Variable Model MAE MSE

forecasting models for pre-  Number of Work Accidents MA (3) 50,219 3,398,272,934

dicting work accidents and ARIMA (0,1,1) 43,714 3,283,588,372

occupational diseases Number of Occupational Diseases MA (3) 116.18 22,657
ARIMA (0,1,1) 210.43 82,481

Fig‘ 6 Comparison Of actual Work Accidents: Actual, MA(3), and ARIMA(0,1,1)
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comparison demonstrates that while LogReg and LDA offer ease of use, their classification performance is rela-
tively limited when dealing with high-dimensional and non-linear workplace safety data.

4.4 Time Series-based Forecasting of Work Accidents and Occupational Diseases

Table 8 presents the forecasting results obtained from the time series models. For the number of work accidents,
ARIMA (0,1,1) achieved slightly lower MAE and MSE values compared with the MA (3) model, indicating a
marginally better fit to the temporal structure of the data. For occupational diseases, the MA (3) model outper-
formed ARIMA (0,1,1), yielding lower error values. The weaker performance of ARIMA (0,1,1) suggests that
the occupational disease time series may exhibit irregular patterns and limited autocorrelation, which reduces
the benefit of more complex time series structures. Therefore, simpler smoothing-based approaches appear to be
more appropriate for forecasting this variable.

Figures 6 and 7 illustrate the comparison between the actual values and the predictions obtained by the MA (3)
and ARIMA (0,1,1) for work accidents and occupational diseases, respectively. These visualizations reinforce the
quantitative results by highlighting the relatively better alignment of ARIMA (0,1,1) with the temporal structure
of work accident data, while MA (3) provides a more stable fit for the less structured occupational disease trends.

These findings highlight a critical distinction between the two target variables: while work accidents follow
more stable and predictable temporal patterns, occupational diseases demonstrate more erratic behavior, poten-
tially due to their long latency periods and complex etiology. Thus, the integration of both ML and time series
models provides a comprehensive understanding of the predictability landscape, where ML models benefit from
external features and ARIMA-based models offer insights into intrinsic temporal dynamics.

4.5 Clustering Similar Economic Activities Based on Accident Characteristics
To cluster similar economic activities based on work accident and occupational disease characteristics and better

understand risk profiles, we employed k-means clustering algorithms. Determining the optimal number of clus-
ters (k) is crucial in k-means clustering, requiring the user to specify the number of clusters to generate. While
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the optimal number is somewhat subjective, it depends on the dataset’s distribution, scale, and the user’s desired
resolution. Common methods for determining % include data-driven techniques and leveraging domain knowl-
edge [50]. In our analysis, we applied the elbow method, adjusted inertia, silhouette analysis, and gap statistics as
data-driven techniques to identify the optimal £.

Figure 8 shows an example elbow method derived from the k-means algorithm. The chart shows how the dis-
tortion score (within-cluster sum of squares), represented by the blue line, decreases as k increases, signifying
improved clustering. The “elbow point” at k£ = 5, marked by the black dashed line, indicates where the rate of
decrease slows significantly. The green dashed line represents the computation time for each &, which remains
minimal across all £ values.

Analyses suggested that two, three, four, or five clusters could be suitable options for grouping the data.
Table 9 compares the outcomes of the k-means clustering algorithm for these cluster numbers, evaluated using
three performance metrics: SC, DB, and CH. Higher values indicate better performance for SC and CH, whereas
lower values indicate better performance for DB. Among the four scenarios, the highest SC (0.6736) is achieved
with k& = 3, indicating that this configuration provides the most cohesive and well-separated clusters. The lowest
DB value (0.7689) occurs at k=3, suggesting more compact and well-separated clusters. CH indicates that k=2 is
the best option, as it has the highest CH value among the four scenarios.

Scenarios with two and three clusters yielded the highest performance outcomes based on data-driven methods.
To refine the results, experts with field experience reviewed the clusters generated in these scenarios. Their evalu-
ation concluded that the three-cluster scenario produced more meaningful and interpretable groupings. Based on
this analysis, economic activities were categorized into three distinct clusters, which are depicted in Fig. 9.

e Cluster 1 Low-Risk Sectors: This cluster includes industries such as agriculture, forestry, and fishing, as well
as other sectors that exhibit low-risk characteristics. These sectors are notable for their minimal accident rates,
very few occurrences of occupational diseases, and an almost negligible number of fatal incidents. As a result,
they are considered the least hazardous group within the overall classification.

e Cluster 2 Medium-Risk Sectors: Industries in this cluster include manufacturing, transportation, and certain
resource extraction activities. These economic activities are characterized by moderate accident rates and a
noticeable frequency of permanent incapacities among workers. The risks in these industries often stem from
the use of machinery and logistical operations, which necessitate careful monitoring and the implementation
of effective hazard reduction measures to ensure worker safety.

e Cluster 3 High-Risk Sectors: This cluster is primarily composed of high-risk industries such as coal mining and
heavy industrial processes. These economic activities stand out due to their high accident rates, frequent fatali-
ties, and significant occurrences of occupational diseases. Given the inherently dangerous working conditions
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Fig. 8 Distortion score elbow for k-means clustering

Table 9 A comparison of the k-means

performance of k-means for k=2 k=3 k=4 k=5

k=2,k=3,k=4, and k=5 sC 0.6701 0.6736 0.6482 0.5447
DB 1.0660 0.7689 1.0545 1.0693
CH 59.367 47.945 53.243 50.207

in these industries, rigorous safety measures and comprehensive risk management strategies are essential to
protect workers and reduce the likelihood of adverse outcomes.

4.6 PCA for Identifying Regional Safety Factors

The PCA results reveal clear regional variation in workplace safety indicators, allowing provinces to be grouped
based on shared patterns rather than individual metrics. The first two principal components, which account for
93.06% of the total variance, were used to visualize the provinces in a two-dimensional space.

Figure 10 presents the PCA results, which visually reveal relationships between variables as well as similarities
and differences among provinces. Principal Component 1 (PC1) explains the majority of the variance (82.27%)
and is positively correlated with almost all variables, particularly: the number of work accidents, total incapac-
ity days (work accident), number of permanent incapacity (work accident), and number of permanent incapacity
(occupational disease). These variables have high positive loadings, suggesting that PC1 primarily represents the
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overall severity of work-related accidents and their consequences in terms of incapacity. Principal Component 2
(PC2) captures additional variance (10.79%) and is mainly influenced by: the number of occupational diseases
and total incapacity days (occupational disease). These variables have strong positive loadings on PC2, while
most other variables have negative or weak contributions.

Provinces like Bilecik, Burdur, Erzurum, and Cankir1 cluster near the origin. This indicates that these provinces
have similar and relatively low levels of work accidents, occupational diseases, and incapacity days. Their pro-
files are comparable in terms of overall workplace safety. Positioned far to the right along PC1, Istanbul has sig-
nificantly higher values across most variables, particularly in work accidents and related incapacity days. Its large
population and industrial activity likely contribute to these elevated values. Provinces like Manisa and Bursa are
positioned between the origin and Istanbul on PC1, indicating moderately elevated levels of work-related inci-
dents compared to the majority of provinces, but not as extreme as Istanbul. Located further along PC2, Ankara
shows a higher relative incidence of occupational diseases and related incapacity days, distinguishing it from
other provinces. Izmir and Kocaeli are also moderately separated from the main cluster, reflecting higher values
for work accidents and incapacity days, albeit to a lesser extent than Istanbul. Kiitahya and Zonguldak are posi-
tioned distinctly high on the PC2, reflecting a notable prevalence of occupational diseases and incapacity days
associated with these diseases. Both provinces are known for industrial and mining activities, which inherently
carry higher risks for such outcomes. Their similar profiles, influenced by the nature of their dominant industries,
explain their proximity in PCA space, yet distinct separation from the main cluster of provinces.

5 Discussion
5.1 Interpretation of Key Findings

This study provides a multi-perspective analysis of Turkey’s OHS landscape using nationwide records from
2010 to 2022. The descriptive results show strong heterogeneity across sectors, demographics, and regions.
The findings highlight significant demographic disparities, with younger workers disproportionately affected
by workplace accidents and older workers more vulnerable to occupational diseases, while male workers face
substantially higher incident rates overall. Work accidents are concentrated in construction- and manufacturing-
related activities, whereas occupational diseases are more prominent in mining and other heavy-industry con-
texts. This contrast aligns with the differing nature of acute incidents versus long-latency health outcomes and
highlights why sector-specific prevention strategies are necessary rather than uniform policies.

A key finding is the clear performance gap between predicting work accidents and predicting occupational
diseases. Ensemble-based ML models achieved strong predictive performance for the number of work accidents
(with GB reaching the highest explanatory power, R? = 0.9445), indicating that accident counts exhibit stable
relationships with the available predictors. However, the relatively lower predictive power for occupational dis-
eases (with RF reaching the highest explanatory power, R? = 0.2897) suggests that these incidents are influenced
by more complex and long-term factors.

Beyond prediction, the unsupervised analyses support a structured understanding of risk profiles. The k-means
clustering results indicate that economic activities can be grouped into three interpretable clusters representing
low-, medium-, and high-risk sector profiles based on shared patterns in incident frequency, severity, and health
consequences. These groupings provide a practical basis for tailoring inspections, enforcement intensity, and
sector-focused training and prevention programs.

The PCA results further emphasize regional differentiation. Provinces separate along a dominant component
associated with overall accident burden and its consequences (e.g., accidents and incapacity days), with Istanbul
standing out as an extreme case consistent with its scale of industrial and workforce activity. A second compo-
nent is driven more by occupational disease indicators, distinguishing provinces such as Zonguldak and Kiitahya,
which is consistent with mining and heavy-industry exposure patterns. Together, these findings indicate that
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regional OHS profiles are multi-dimensional and that interventions should consider whether a province’s risk
profile is driven primarily by accident burden, occupational disease burden, or both.

Temporal analyses indicate clear monthly and seasonal variation in incident rates, with workplace accidents
peaking during summer months, whereas occupational diseases show no clear seasonal pattern and fluctuate
across the year. Complementary to these findings, time series models (ARIMA and MA) applied to yearly data
suggest that workplace accidents follow a more predictable temporal trend, while occupational diseases demon-
strate more irregular yearly variation. These results underscore the existence of both monthly and annual dynam-
ics in occupational risk patterns, with implications for the timing of inspections, training, and monitoring efforts.

5.2 Practical and Policy Implications

The study’s statistical and ML findings have produced concrete evidence to guide decision-makers in critical
areas such as resource allocation, risk classification, audit prioritization, and training planning in OHS manage-
ment. One of the key takeaways is the importance of sector-specific safety strategies. Since the study identified
significant variations in workplace accident rates across different industries, policymakers should avoid a one-
size-fits-all approach to OHS regulations. High-risk industries, such as coal mining and heavy manufacturing,
require stricter enforcement of safety protocols, increased inspections, and mandatory adoption of advanced
protective equipment. Meanwhile, industries with lower accident rates, such as agriculture and fisheries, could
benefit more from awareness campaigns and targeted training programs rather than overly strict regulatory mea-
sures that may not align with their unique work conditions.

Another key implication relates to the role of ML in proactive risk management. The high predictive accu-
racy of GB and RF models for workplace accidents demonstrates that organizations can use Al-driven insights
to anticipate and prevent future accidents. Managers can integrate these predictive models into their decision-
making processes, allowing them to allocate safety resources more efficiently. For example, if the ML model indi-
cates an elevated expected accident burden in a specific region or industry, regulatory bodies can conduct more
frequent safety audits or mandate additional safety training in those locations. This kind of data-driven decision-
making would not only improve workplace safety but also reduce the financial burden of workplace injuries on
businesses and the healthcare system.

Monthly and seasonal risk cycles identified in temporal analyses enable public authorities and business manag-
ers to schedule inspections, occupational safety training, and protective equipment procurement more effectively.
These temporal patterns in workplace incidents also indicate that safety policies should be time-sensitive—for
example, accident prevention efforts and inspections can be intensified during summer months when incidents
peak, while occupational disease monitoring may require greater attention throughout the year.

From a regional perspective, the study’s findings indicate that provinces such as Istanbul, Kocaeli, and Izmir
have higher risks of workplace accidents due to their industrial density. This suggests that regional authorities and
local governments should take a more active role in occupational safety policies. Investing in regional safety edu-
cation programs, developing industry-specific safety guidelines, and offering financial incentives to companies
that implement effective risk-reduction measures could significantly lower accident rates. Moreover, collabora-
tion between government agencies, industry associations, and academic institutions can create a more structured
and standardized approach to workplace safety management, ensuring that preventive measures are continuously
updated based on emerging trends.

Demographic differences—namely, the higher accident risk among younger workers and the greater preva-
lence of occupational diseases among older employees—underscore the need for age-sensitive safety policies.
Accordingly, organizations and human resources departments should offer targeted training for younger staff and
implement long-term health monitoring and preventive programs for aging employees.

A major takeaway for human resource and safety managers is the importance of workplace risk classification.
In this study, the best-performing ML-based classification models (LightGBM and CatBoost) achieved accuracy
levels above 98% in distinguishing high-risk and low-risk groups derived from aggregated workplace data. This
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means that organizations can leverage Al-driven tools to identify worker groups that may need additional train-
ing, protective measures, or job modifications to ensure their safety. However, it is crucial that such classifica-
tions are not used in a discriminatory manner but rather as a tool to enhance safety practices. Employers should
be transparent about how these models are used and ensure that workplace interventions remain fair and ethical.

Finally, the study underscores the need for continuous improvement in occupational safety policies. While
regulations are essential, companies must foster a culture of safety that goes beyond compliance. Organizations
should invest in technology-driven safety solutions, such as IoT-based hazard monitoring systems, wearable
safety devices, and Al-driven risk assessment tools. Moreover, safety training should be made more engaging
and accessible, using interactive digital platforms and virtual reality simulations to prepare workers for real-life
scenarios.

5.3 Strengths and Limitations

One of the main strengths of this study is the use of long-term nationwide OHS data covering Turkey for the
period 2010-2022, analyzed through the combined application of statistical analysis and ML techniques (SVM,
KNN, CART, RF, XGBoost, LightGBM, CatBoost, LogReg, LDA, DT, GB). Moreover, the analyses incorporate
time series—based forecasting to examine trends in workplace incidents, k-means clustering to group similar
economic activities, and PCA to identify regional safety-related factors. This integrated approach enables the
examination of workplace accidents and occupational diseases not only from a descriptive perspective but also
through a predictive lens. In addition, the simultaneous consideration of sectoral, regional, temporal, and demo-
graphic dimensions broadens the scope of the study and provides multidimensional and actionable insights for
policymakers and practitioners.

Much of the existing OHS research in Turkey has examined specific sectors, most notably construction, with
ML methods employed to explore targeted research questions. For example, Kog et al. [25] examined the vulner-
ability of specific body parts among construction workers using ensemble-based ML models, while Kog et al.
[12] focused on predicting fatality risk in construction accidents through RF-based approaches. Similarly, Kog
and Gurgun [26] proposed a scenario-based preprocessing framework to predict accident severity, and Kog et al.
[27] employed time series and wavelet-based ML methods to forecast accident frequencies within the construc-
tion sector. In contrast, the present study adopts a broader, nationwide perspective by analyzing long-term OHS
data across multiple economic sectors and regions in Turkey. Rather than concentrating on a single industry or
outcome, this study integrates descriptive statistics, time series analysis, clustering techniques, and multiple ML
models to simultaneously examine accident occurrences, occupational diseases, and risk patterns across demo-
graphic, sectoral, regional, and temporal dimensions. As such, the contribution of this study lies not in direct
methodological or performance-based comparison with sector-specific research, but in providing a comprehen-
sive, multi-dimensional framework that complements and extends existing OHS studies in Turkey.

Despite these strengths and the comprehensive nature of the analyses, this study also has several limitations.
First, the study is based on secondary data obtained from official records; therefore, potential underreporting—
especially for workplace accidents and occupational diseases—cannot be ruled out. In addition, the long-latency
nature of occupational diseases may result in cases that have already occurred but have not yet been recorded
or reflected in the available data. Moreover, although the ML models employed in this study exhibit strong pre-
dictive performance, they primarily identify patterns rather than explaining causal relationships. The analyses
are conducted mainly at the sectoral and regional levels and do not include detailed information on firm- or
workplace-level safety practices.

5.4 Future Studies

Future studies should focus on integrating additional contextual factors, such as workplace culture, safety train-
ing effectiveness, and regulatory enforcement, to further refine predictive models and improve OHS outcomes.
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The findings provide a strong foundation for data-driven decision-making, contributing to the long-term goal of
reducing workplace hazards and promoting a safer working environment across all industries. Future research on
OHS should expand datasets to include workplace safety policies, employee training programs, and compliance
levels to refine predictive models. In addition, future studies should investigate the extent to which workplace
accidents and occupational diseases are influenced by contextual variables such as working hours, the frequency
and quality of safety training, and the use of personal protective equipment (PPE). Integrating these operational
and behavioral factors into risk assessment frameworks could significantly enhance predictive accuracy and sup-
port the development of more targeted and effective intervention strategies. The integration of real-time monitor-
ing through IoT and wearable devices could enhance accident prevention by providing early hazard detection.
More advanced clustering techniques and anomaly detection algorithms could further refine industry risk clas-
sifications. Geographical differences in accident rates should be analyzed alongside socioeconomic and policy
factors to identify regional trends and best practices. Long-term studies on post-accident recovery, economic
impacts, and rehabilitation programs could improve worker support policies. Additionally, ensuring ethical Al
implementation in workplace safety is crucial, requiring research on explainable Al (XAI) to make predictive
models more transparent and fairer.

6 Conclusion

This study presents a comprehensive data-driven analysis of OHS in Turkey, integrating statistical and ML tech-
niques to assess workplace risks, predict accident occurrences, and identify key determinants of workplace safety.
Using nationwide OHS data from 2010 to 2022 and analyzing them, the research provides substantial disparities
in the distribution of workplace accidents and occupational diseases across demographic groups, economic sec-
tors, and geographic regions. Overall, this study provides strong evidence that integrating statistical analysis with
ML can transform workplace safety management. The high accuracy of the ML models enables the classification
of aggregated worker groups into high- and low-risk categories, thereby allowing employers to design proac-
tive risk management practices, targeted training programs, and preventive intervention strategies. In addition,
regional and sectoral clustering results offer practical value for policymakers and government agencies by facili-
tating risk-based audits and targeted regulatory actions. Accordingly, this study not only contributes to the aca-
demic literature but also provides a robust, data-driven framework to support policy design, operational planning,
and managerial decision-making in the field of OHS. The practical implications suggest that decision-makers
must shift from reactive to proactive safety strategies, using data-driven insights to anticipate and mitigate risks
before accidents occur. By leveraging these insights effectively, businesses and policymakers can take meaning-
ful steps toward creating safer, more sustainable workplaces in Turkey and beyond.
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Top 10 Sectors with the Highest Work Accidents in Turkey
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Fig. 11 Top 10 sectors with the highest work accidents in Turkey

Top 10 Sectors with the Highest Occupational Diseases in Turkey
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Fig. 12 Top 10 sectors with the highest occupational diseases in Turkey
Fig. 13 Top 10 Provinces Top 10 Provinces with the Highest Work Accidents in Turkey
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Fig. 14 Top 10 Provinces Top 10 Provinces with the Highest Occupational Diseases in Turkey
with the highest occupa-
tional diseases in Turkey
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Appendix A. Sectoral and Regional Distributions

This appendix provides supplementary descriptive visualizations that support the sectoral and regional analy-
ses presented in Sect. 4.1 (Descriptive Analysis). Figures 11 and 12 display the top 10 economic sectors with
the highest numbers of work accidents and occupational diseases, respectively, illustrating the concentration of
occupational risks across industries. Figures 13 and 14 present the top 10 provinces with the highest numbers of
work accidents and occupational diseases, highlighting regional disparities associated with industrial activity and
sectoral composition.
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