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A B S T R A C T   

Objective: Analysis of occupational injuries is essential for developing preventive strategies. 
However, few studies have evaluated severe occupational injuries in migrant workers from the 
perspective of gender. Therefore, using a new analytical method, this study was performed to 
identify gender-specific characteristics associated with fatal occupational injuries among migrant 
workers; the interactions between these factors, were also analyzed. In addition, we compared the 
utility of explainable artificial intelligence (XAI) using SHapley Additive exPlanations (SHAP) 
with logistic regression (LR) and discuss caveats regarding its use. 
Materials and methods: We analyzed national statistics for occupational injuries among migrant 
workers (n = 67,576) in South Korea between January 1, 2007, and September 30, 2018. We 
applied an extreme gradient boosting model and developed SHAP and LR models for comparison. 
Results: We found clear gender differences in fatal occupational injuries among migrant workers, 
with males in the same occupation having a higher risk of death than females. These gender 
differences suggest the need for gender-specific occupational injury prevention interventions for 
migrant workers to reduce the mortality rate. Occupation was a significant predictor of death 
among female migrant workers only, with care jobs having the highest fatality risk. The occu
pational fatality risk of female workers would not have been identified without the performance 
of detailed job-specific analyses stratified by gender. The major advantages of SHAP identified in 
the present study were the automatic identification and analysis of interactions, ability to 
determine the relative contributions of each feature, and high overall performance. The major 
caveat when using SHAP is that causality cannot be established. 
Conclusion: Detailed job-specific analyses stratified by gender, and interventions considering the 
gender of migrant workers, are necessary to reduce occupational fatality rates. The XAI approach 
should be considered as a complementary analytical method for epidemiological studies, as it 
overcomes the limitations of traditional statistical analyses.   

1. Introduction 

Occupational injuries in migrant workers have received increasing attention, where the goal is to improve occupational safety and 
health. Occupational injuries have significant negative economic, physical, and emotional impacts on workers and their families. 
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Furthermore, they may lead to disruptions and low morale among workers. The incidence of fatal occupational injuries has declined in 
many countries [1,2], except among migrant workers [1]. International migrant workers account for 4.7% of the total labor force 
worldwide [3]. International migrant workers are defined as “a person who is to be engaged, is engaged or has been engaged in a 
remunerated activity in a state of which he or she is not a national” under the United Nations Convention [4]. The number of migrant 
workers is steadily increasing, and they are highly important for certain regions and industries [5]. Accurate identification of in
dividuals at high risk of occupational injuries, such as migrant workers, and determination of their risk of fatal accidents are essential 
for the prevention of occupational injuries. 

Research on the health of migrant workers should consider interactions among factors [6–8]. One study [9] reported a U-shaped 
trend in the injury odds ratio according to the number of years of employment among migrant workers. The interaction between 
migration status and length of employment suggests unknown effects or undetected risk factors. Most previous quantitative studies 
analyzed migrant workers without stratification by gender [1,10–12]; gender was treated merely as a demographic variable. More
over, while most previous studies on migrant workers have reported a higher risk of occupational injury among males compared to 
females [1,13,14], these studies did not specifically compare men and women within the same occupation, and they did not consider 
the intersectionality of gender differences in risk factors. The intersectionality approach looks for interactions among risk factors to 
determine how they influence health across groups and geographical regions [15]. 

New approaches are necessary for analyzing occupational injury risk factors among migrant workers, as traditional statistical 
methods have limitations in capturing complex interactions. Some studies on migrant workers have recognized the inadequate analysis 
of potentially interacting occupational risk factors using traditional methods [16,17]. For instance, in a study of migrant workers [18], 
limitations arose in the regression model due to multicollinearity between years of residing in the host country and language 
proficiency. 

Machine learning (ML) is increasingly being employed for predicting and analyzing occupational injuries [19]. Many studies have 
demonstrated the superiority of ML-based methods over other statistical approaches in this context [19–23]. As of now, ML-based 
research on occupational injuries among non-migrant workers has primarily concentrated on predicting outcomes, assessing injury 
risk/severity [24–26], and extracting patterns [27,28]. However, ML-based analysis has low explanatory power [29], which has led to 
increasing interest in explainable artificial intelligence (XAI). 

SHapley Additive exPlanations (SHAP) is a representative XAI method that provides a solid theoretical foundation based on 
Shapley values; it is commonly used as a basis for ML studies [30]. The Shapley value is a well-established measure of the contribution 
of a particular factor in analyses involving combinations of multiple factors [31]. The SHAP value is obtained by summing the Shapley 
values for a specific individual exposed to a set of these factors [30]. SHAP values can be used in both classification and regression 
problems, and the results can be interpreted at the global and local scales [32]. We used the SHAP method because its advantages were 
expected to improve our understanding of occupational injuries. 

Empirical analysis of occupational injuries is essential because such injuries do not occur randomly [24,25,33–35]. Here, we 
analyzed nationwide occupational injury data for migrant workers in South Korea. Migrant workers have accounted for more than 4% 
of all workers in South Korea since 2007, and their numbers continue to increase. South Korea is a major destination for migrant 
workers from China and several other East Asian countries. Asia accounts for 65% of all occupational deaths worldwide [36]. Detailed 
analysis of fatal occupational injuries in Korea will improve our understanding of the factors related to such injuries. 

This study used a new analytical method, SHAP, to identify risk factors for fatal occupational injuries among migrant workers and 
considered the interactions between these factors. This study had two major objectives: to assess gender differences in the contri
butions of various factors to occupational mortality risk; and to examine the interactions among those factors. In addition, we compare 
the utility of SHAP and traditional logistic regression (LR) analyses, and discuss a number of caveats. 

2. Materials and Methods 

2.1. Data source and acquisition 

The data used in this cross-sectional study were obtained from the Korea Workers Compensation and Welfare Services (KCOM
WEL), which deals with insurance claims by workers for occupational injuries and disease according to the “Industrial Accident 
Compensation Insurance Act” of South Korea [37]. The claims were filed by or on behalf of workers who died or required medical 
treatment for >4 days due to occupational accidents. In accordance with the “Labor Standards Act” of South Korea, workers are 
defined as individuals who perform paid mental and physical work for businesses or workplaces, regardless of nationality or legal 
status. 

The study included incidents of migrant workers reported from January 1, 2007, to September 30, 2018. In 2007, the “Employment 
Permit System” (EPS) [38] emerged as a comprehensive management system for migrant workers, including those of Korean descent. 
In the present study, workers with migrant backgrounds, including EPS workers, were defined as migrant workers. Farmers, fishermen, 
and other specialized employment were partially included as they have alternative insurance. All other occupations are required to 
have current workers’ compensation insurance, so all their compensation reports are included. 

2.2. Study participants 

In total, 71,884 migrant workers with occupational injuries or diseases were identified from 2007 to September 2018 among the 
KCOMWEL data, 67,576 of whom were included in the study; we excluded those with unclear nationality or age >100 years due to 
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input errors in the raw data. We only analyzed occupational injuries because of the very low compensation claim (3%; 2265 cases) and 
approval (42%) rates for occupational diseases. According to the “Industrial Accident Compensation Insurance Act”, occupational 
diseases are diseases caused by handling or being exposed to factors that can damage workers’ health, such as physical factors, 
chemicals, dust, pathogens, and work that burdens the body. Therefore, infectious diseases caused by pathogens such as tuberculosis or 
typhus fever are classified as occupational diseases and excluded from the scope of this study. Since 2018, commuting accidents have 
been recognized as occupational injuries. Individuals with missing values were excluded (<3% of all data). The flowchart of the 
participant selection process is presented in Supplementary Material Fig. S1. 

2.3. Data preprocessing 

The study outcome was a binary variable (death or survival) and we aimed to identify risk factors for severe occupational injuries. 
Eight potential risk factors were identified, i.e., gender, age, nationality, industry, occupation, year of claim, injured body part, and 
injury type. The factors were all categorical, except year of claim. Detailed descriptions of these factors are presented in Supplementary 
Material Table S1. 

2.4. Model evaluation and selection 

We used LR, random forest (RF) [39], and eXtreme Gradient Boosting (XGB) [40] models, as they are the most common injury 
analysis models [19]. RF and XGB algorithms are often used because they are non-parametric [39–41], and can automatically identify 
interactions [42,43]. 

The area under receiver operating characteristic curve (AUROC) values [44] of the models were compared to identify the best 
model. When models had similar AUROC values, the model with higher sensitivity was selected because sensitive ML algorithms can 
predict injury accurately and be used to analyze interactions [22,45] among predictors of fatal occupational injuries. 

LR models were developed for comparison with the other models. Using a stepwise algorithm, the LR model with the smallest 
Akaike information criterion was selected; ‘year of claim’ and ‘industry’ were excluded from the stepwise algorithm. 

The XGB model was selected because of its high AUROC value (0.992), sensitivity (0.961), and specificity (0.967) according to an 
independent holdout test. The hyperparameters of the final model were as follows: eta = 0.3; gamma = 1; maximum depth = 6; 
number of estimators = 500; colsample_bytree = 1; nfold = 10; and evaluation metric = error and area under the curve. The results of 
the model performance and sensitivity tests are presented in Supplementary Material Table S2. 

XGB is an ensemble learning algorithm, specifically one of the boosting algorithms, known for preventing overfitting and having 
high predictive power compared to individual decision trees and LR [40,43]. Other advantages of XGB include parallel computing, 
enabling cross-validation, and regularization. However, a disadvantage is that it has a built-in algorithm for extracting important 
features and measuring feature importance, but the degree of influence (positive/negative, size) of the feature is unknown and 
inconsistent. To address these disadvantages, SHAP was used as a compensation measure. 

2.5. Statistical analysis using SHAP 

TreeSHAP analysis was used to investigate the consistent associations and the degree of influence of demographic, occupational, 
and injury characteristics with fatal occupational injury based on the final XGB model. TreeSHAP is a variant of SHAP for tree-based 
ML models [46]. The shap.TreeExplainer function was used to interpret the predictions of the XGB classifier. 

The Shapley value, rooted in cooperative game theory, signifies the relative contribution of a specific feature. It is computed using 
the Shapley formula [31], which equitably allocates the gains of a cooperative game among its participants. Several studies [47–49], 
have evaluated methods for determining the attributable risk of individual features for health outcomes among multiple interacting 
features. Shapley values are suitable for epidemiological investigations [47]. 

SHAP shares three important mathematical properties with Shapley values: local accuracy (completeness and additivity), miss
ingness, and consistency (monotonicity) [30]. SHAP values represent the contributions of features to tree-based models [46]. The 
equations(Equation (1), (2)) for calculating SHAP and Shapley values are as follows (a more detailed explanation was provided 
previously [30]): 

SHAP value : f (x)≈ g(z′)=φ0 +
∑M

i=1
φiz′

i(when x≈ z′) (1)  

Shapley value : φi =
∑

S⊆N\{i}

|S|!(M − |S| − 1)!
M!

[fx(S ∪ {i}) − fx(S)] (2)  

where g is the explanatory model, f is the original model, φ0 is the model output with all features toggled to “off,” φi is the Shapley 
value used for feature attribution (weighted average of all possible differences), z′ refers to interpretable features, M is the number of 
features considered, N is the set of all features, S is a subset of features excluding the feature of interest, and fx is the effect of a 
particular feature. 

Python (version 3.8.10) and R software (version 3.6.3) were used for the data analyses. The “scikit-learn,” [50] “xgboost,” [40] 
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“DALEX,” [51] and “shap” [30] libraries were applied for model training and validation, and SHAP values were obtained using 
TreeSHAP. The “EIX” [52] and “ggplot2” R packages were used to analyze interactions and plot graphs. 

3. Results 

3.1. Demographic and occupational characteristics of the deceased and surviving migrant workers 

We analyzed 67,576 cases of occupational injury of migrant workers reported in South Korea between January 1, 2007 and 
September 30, 2018. The chi-squared test revealed significant differences in characteristics between the deceased and surviving 
migrant workers who sustained occupational injuries. The most important characteristics of the deceased workers are summarized in 
Table 1. 

Injuries and deaths were more common in male migrants (84.9%; 57,372 cases) than female migrants. Female migrants were older 
than male migrants (mean age = 45.6 and 40.9 years, respectively). Deceased migrants were older than surviving ones (mean age =
46.2 and 41.7 years, respectively, standard deviation = 12.1) regardless of gender. 

The most commonly injured body parts were the hands and fingers (48.3%; 32,623 cases), followed by the lower limbs (11.4%; 
7677 cases) and feet and toes (9.8%, 6596 cases). The most commonly injured body parts differed according to gender. In females, 
although the most commonly injured body parts were the hands and fingers, injuries to the upper limbs (12.6%; 1282 cases) and lower 
limbs (11.4%; 1161 cases) were more common than those to the feet and toes (9.4%; 963 cases). Fatal occupational injuries most 

Table 1 
Baseline characteristics of migrant workers sustaining occupational injuries by gender.   

All Females Males  

N Fatal FROI N Fatal FROI N Fatal FROI 

Total 67,576 979 1.5 10,204 46 0.5 57,372 933 1.6 
Age (years)          
14–28 11,795 98 0.8 1063(10.4) 2 0.2 10,732 (18.7) 96 0.9 
29–36 14,750 177 1.2 1351(13.2) 6 0.4 13,399 (23.4) 171 1.3 
37–45 13,988 205 1.5 1980 (19.4) 12 0.6 12,008 (20.9) 193 1.6 
46–53 13,330 233 1.7 3062 (30.0) 14 0.5 10,268 (17.9) 219 2.1 
≥54 13,713 266 1.9 2748 (26.9) 12 0.4 10,965 (19.1) 254 2.3 
Body part          
Head 2639 416 15.8 258 (2.5) 17 6.6 2381 (4.2) 399 16.8 
Upper limb 5952 7 0.1 1282 (12.6) 0 0.0 4670 (8.1) 7 0.1 
Hand/finger 32,623 22 0.1 4859 (47.6) 5 0.1 27,764 (48.4) 17 0.1 
Lower limb 7677 13 0.2 1161 (11.4) 0 0.0 6516 (11.4) 13 0.2 
Multiple body regions 841 99 11.8 134 (1.3) 4 3.0 707 (1.2) 95 13.4 
Whole body 374 166 44.4 26 (0.3) 9 34.6 348 (0.6) 157 45.1 
Other 17,470 256 1.5 2484 (24.3) 11 0.4 14,986 (26.1) 245 1.6 
Type of injury          
Fracture 27,569 234 0.8 3700 (36.3) 12 0.3 23,869 (41.6) 222 0.9 
Amputation 9409 25 0.3 1256 (12.3) 0 0.0 8153 (14.2) 25 0.3 
Crush 6915 60 0.9 935 (9.2) 4 0.4 5980 (10.4) 56 0.9 
Open wound 5239 22 0.4 950 (9.3) 1 0.1 4289 (7.5) 21 0.5 
Burn 3341 72 2.2 1215 (11.9) 9 0.7 2126 (3.7) 63 3.0 
Other 15,103 566 3.7 2148 (21.1) 20 0.9 12,955 (22.6) 546 4.2 
Occupation          
Service 4567 16 0.4 3037 (29.8) 10 0.3 1530 (2.7) 6 0.4 
Elementary 35,283 449 1.3 4688 (45.9) 15 0.3 30,595 (53.3) 434 1.4 
Office 8993 119 1.3 1191 (11.7) 6 0.5 7802 (13.6) 113 1.4 
Machine operation 7079 118 1.7 730 (7.2) 6 0.8 6349 (11.1) 112 1.8 
Technical 11,654 277 2.4 558 (5.5) 9 1.6 11,096 (19.3) 268 2.4 
Industry          
Construction 15,486 427 2.8 434 (4.3) 9 2.1 15,052 (26.3) 418 2.8 
Service 10,111 91 0.9 5278 (51.7) 17 0.3 4833 (8.4) 74 1.5 
Manufacturing 40,302 424 1.1 4341 (42.6) 20 0.5 35,961 (62.8) 404 1.1 
Other 1521 34 2.2 148 (1.5) 0 0.0 1373 (2.4) 34 2.5 
Nationality          
Chinese 9173 148 1.6 1801 (17.6) 12 0.7 7372 (12.8) 136 1.8 
Korean-Chinese 33,326 526 1.6 6281 (61.6) 26 0.4 27,045 (47.1) 500 1.8 
Vietnamese 4730 57 1.2 670 (6.6) 3 0.4 4060 (7.1) 54 1.3 
Sri Lankan 2584 22 0.9 42 (0.4) 1 2.4 2542 (4.4) 21 0.8 
Uzbekistani 2498 36 1.4 239 (2.3) 0 0.0 2259 (3.9) 36 1.6 
Other 15,265 190 1.2 1171 (11.5) 4 0.3 14,094 (24.6) 186 1.3 

Office workers encompass managers, professionals, and clerks. Technical workers comprise skilled agricultural, forestry, and fishery workers, as well 
as craft and related trade workers. Other industries encompass water and air transportation, agriculture, fishing, aquaculture, research and devel
opment, and broadcasting.FROI, fatality rate of occupational injury. FROI (%) = number of fatally injured workers / total number of injured workers 
× 100. 
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commonly involved the whole body (44.4%), followed by the head (15.8%) and multiple body regions (11.8%). The most common 
injury type was fracture (40.8%; 27,569 cases) followed by amputation (13.9%; 9409 cases) and crush (10.2%; 6915 cases). In female 
migrants, the third common injury type was burn (11.9%; 1215 cases), followed by crush (9.2%; 935 cases). 

Elementary workers were the most commonly injured (52.2%; 35,283 cases), whereas technical workers had the highest fatality 
rate (2.4%; 277 out of 11,654 cases) regardless of gender. The industries with the highest numbers of injured workers were 
manufacturing (59.8%; 40,302 cases), construction (23.0%; 15,486 cases), and service (15.0%; 10,111 cases), although the fatality 
rate was highest in the construction industry (2.8%; 427 out of 15,486 cases). The injury rate for female migrant workers in the service 
industry (51.7%; 5278 cases) was higher than that of female migrant workers in the manufacturing industry (42.6%; 4341 cases). 

Chinese (including Korean-Chinese) workers accounted for the largest proportion of all migrant workers (62.9%; 42,499 cases), 
followed by Vietnamese workers (7.0%; 4730 cases). The fatality rate was highest for Chinese workers (68.8%; 674 cases), followed by 
Vietnamese workers (5.8%; 57 cases). On average, there were 82 occupational fatalities per year, and the non-fatal claims rate has 
increased slightly since 2010. The fatality rate varied between 1.0% and 2.1% during the study period. 

3.2. Global SHAP results by gender 

Subgroup analysis confirmed clear gender differences in the characteristics of fatal and non-fatal injuries. Gender made an 
important contribution to the risk of fatal injuries (Fig. 1 (a)). In addition, gender was identified as an effect modifier on the directed 
acyclic graph. In descending order of importance, injured body part, occupation, type of injury, and industry were risk factors for fatal 
occupational injuries in female migrant workers. Caregiving/health/personal service occupations, including geriatric, child, and 
postpartum care, skincare/bathing services (hereafter “care jobs”), and pharmaceutical/medicinal chemical/botanical product 
manufacturing, were associated with an increased risk of fatal occupational injuries (Fig. 1 (c)). Occupation and industry did not have 
significant effects on the risk of fatal occupational injuries in male migrant workers (Fig. 1 (b)). Nationality was a minor risk factor, but 
only in male migrant workers (Fig. 1 (b)). Table 2 shows the relative importance of each factor according to gender and the gender 
differences in occupational injuries. 

Summary plot of SHAP values for the final XGB model showed the relative effects of each factor on the likelihood of occupational 
injury or death (Fig. 1). The absolute mean SHAP values of the features were aligned vertically based on their overall impact. Then, 
horizontal lines were drawn from the points representing the SHAP values. Overlapping points on the y-axis with the same SHAP value 
appear thicker. Hand and finger injuries were associated with a lower risk of death and higher survival rate for all migrant workers 
(Fig. 1 (a)). In the bar in the bottom right of the figure, purple corresponds to “Yes” for the feature value (i.e., 1). Positive and negative 

Fig. 1. SHAP summary plots for occupational injuries of all (a), male (b), and female migrant workers (c) in South Korea. The top 20 factors are 
shown (in descending order of mean SHAP value, where higher SHAP value indicates higher probability of death). Plots (b) and (c) indicate gender 
differences in risk factors for fatal occupational injuries. 
Abbreviations: Dislocation type, dislocation sprain, vitreous prolapse; Rubber manufacturing, manufacture of rubber and plastic products; Other 
type, other and unspecified injuries; Cooking service job, cooking and food service occupations; Soft tissue injury type, soft tissue disorders; Pro
duction r/t elementary job, production-related elementary occupations; Service industry, creative, arts, and recreation-related service industries; 
Caregiving job, caregiving and personal service workers; Cir. system injury, circulatory system injury; Pharm. manufacturing, pharmaceutical, 
medicinal chemical, and botanical product manufacturing industries. 
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SHAP values indicate increased and decreased risk of death, respectively. 
Injured body part was the most important predictor of fatal occupational injuries, but there were gender differences. For example, 

trunk injuries significantly increased the risk of fatal occupational injury in female, but not male migrant workers, while amputation 
increased the risk of death in male, but not female migrant workers. Local explanations further confirm that the gender difference in 
amputation can be explained by gender-specific interactions across occupations and industries (for more details, refer to Fig. S2 in the 
Supplementary Material). Age and nationality were not significant predictors of fatality. As shown in Fig. 1 (a), there were interactions 
among certain features (e.g., amputation and trunk injury). After reviewing the summary plot, interactions were confirmed using the 
“DALEX” or “EIX” package. 

3.3. Comparison with LR analysis 

We compared ML and LR models developed using the same data. LR models were constructed without interaction terms because it 
was not possible to incorporate all of the interaction terms into them, and it was not clear which interaction terms should be entered 
first. 

The LR model has the advantage of being able to easily identify subgroups and derive odds ratios, but also has several limitations 
compared to SHAP. First, it is difficult to determine the importance of global features based on the results of LR models. Moreover, the 
LR results exhibited inconsistencies regarding feature importance. While the LR results showed that, relative to fracture type injuries, 
amputation and soft tissue injuries were greater risk factors for fatality (6.7- and 6.2-fold increased risk, respectively) than burns and 
dislocation injuries (0.4- and 0.2-fold increased risk, respectively), the LR results did not show that fracture and dislocation injuries 
were more important than other injury types for predicting non-fatal occupational injury risk. When not considering the injured body 
parts, the LR results exhibited varying feature importance across different models, with amputations and burns showing a 0.4- and 4.1- 
fold increased risk of death, respectively, relative to the fracture type. Second, the LR models had difficulty accounting for interaction 
terms when the number of features increased. This is an important limitation because multiple features contribute to the risk of 
occupational death in many cases. Moreover, developing LR models is time-consuming because they require >20 dummy variables and 
interactions with occupational groups must also be considered; such models are also prone to error. On the other hand, ML-based 
ensemble models rapidly and automatically detect interactions between features and can also estimate the contribution of each in
dividual feature. Third, LR models often show inferior performance to ML models. The predictive performance of the XGB model 
(specificity and AUROC values of 0.967 and 0.992, respectively) was generally higher than the LR model for fatal occupational injuries 
(see Supplementary Material Table S2). 

4. Discussion 

We identified characteristics risk factors for fatal occupational injuries among migrant workers, and considered the interactions 
among the factors, using the SHAP framework. This study yielded two main findings. First, we identified clear gender differences in the 
contributions of various factors and their interactions to occupational injuries among migrant workers. In terms of occupational in
juries, migrant workers have only been analyzed previously as a homogeneous group. Our results suggest that gender-specific in
terventions for occupational injury prevention are required to reduce the mortality rate among migrant workers. Second, we found that 
the occupation of female migrant workers is a significant predictor of fatal occupational injuries; care jobs were associated with a 
higher risk of fatal occupational injuries among females. To date, studies have only reported on the risk of musculoskeletal disorders in 
care workers [53,54]; the high risk of fatal occupational injuries in female migrant workers with care jobs is a new finding. 

We identified clear gender differences in fatal occupational injuries among migrant workers, with males in the same occupation 
having a higher risk of death compared to females. This result is consistent with previous studies of non-migrant workers [55], 
although it has not been previously revealed in studies targeting migrant workers. 

Table 2 
Top 20 features associated with fatal and non-fatal occupational injuries among migrant workers in South Korea according to gender.   

Female migrant workers Male migrant workers 

↑ Injured body part: head, whole body, trunk, circulatory system, or multiple body 
regions 
Occupation: caregiving/health/personal service 
Age: 37–45 years 
Injury type: blood vessel injury, other/unspecified injury 
Industry: manufacture of pharmaceuticals/medicinal chemicals/botanical 
products 

Injured body part: head, whole body, or multiple body regions 
Injury type: amputation, other/unspecified injury, and soft tissue 
injury 
Nationality: Vietnamese 

↓ Injured body part: hand/finger, upper limb, lower limb, and foot/toe 
Industry: creative, arts and recreation- services 
Type of injury: amputation and open wound 
Occupation: cooking and food service, and production-related occupations 

Injured body part: hand/finger, foot/toe, lower limb, upper limb, eye, 
and face 
Type of injury: fracture, dislocation sprain or strain, burns, and open 
wound 
Industry: manufacture of rubber and plastic products 
Occupation: production-related occupations 

Note: Features are listed in descending order of absolute Shapley values. Features with gender-related differences are shown in bold. 
The upward-pointing arrow signifies an increase in the risk of fatal occupational injuries, while a downward-pointing arrow indicates the opposite. 
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The gender differences seen in this study are assumed to be due to unmeasured factors, such as differences in tasks, injury severity, 
and treatment or compensation. For example, cleaners who work in the same workplace may be assigned different tasks based on their 
gender, so male workers who lift heavy objects can be expected to have a higher risk of fatal injuries than female workers who perform 
repetitive tasks [56]. It also suggests that there may be differences in the severity of bleeding or associated infections that occur in the 
context of injuries among male migrant workers. Many female migrant workers may also be ineligible for compensation in South Korea 
if they work in unlicensed workplaces, or in informal roles such as domestic work [57,58]. Female migrant workers who do not qualify 
for claims are highly unlikely to receive sufficient medical treatment due to high medical costs. These results suggest that further 
research is needed to understand the causes of gender differences in occupational fatalities within the same occupation. 

The second major finding of this study was that occupation is a significant predictive factor for deaths among female migrant 
workers only; moreover, care jobs have a relatively high fatality risk. This may be surprising, as traditionally, men’s work has been 
associated with a higher risk of death from occupational injuries [59]. The deceased migrant female caregivers suffered injuries such as 
hemorrhages and burns, and it is assumed that timely or sufficient response and treatment were not provided. Our findings were 
similar to those of a previous study of non-migrant workers showing that occupation was a more important determinant of occupa
tional injury rates than gender [55]. 

Stratification based on job title is essential to ascertain the occupations carrying the highest risk. The relatively elevated fatality risk 
among female workers, as revealed in this study, would not have been evident without conducting a job title-specific stratified 
analysis. The categories mentioned in previous studies, such as mining and rural jobs [60], day laborers, or temporary positions in 
construction or fishing [61], fall short in identifying occupations with substantial injury risk. This leaves us with lingering questions 
about the labor circumstances of migrant workers. 

Furthermore, classifying migrant workers according to industries in this study did not help predict the risk of fatality. This can be 
attributed to the increase in migrant employment in industries with relatively higher mortality rates (such as construction [14,62] and 
agriculture, forestry, and fisheries [61]), and also due to the limited number of industries in which migrant workers can work in Korea 
[35,61]. 

The male-centered analyses [11,12] were another limitation of the previous studies on occupational injuries among migrant 
workers. It has been repeatedly emphasized that migrant status and the female gender should be evaluated in the context of relatively 
low-paying jobs, institutionalized prejudice, sexism, and racism [4–6]. Moreover, job segregation by gender is common among migrant 
workers [63], emphasizing the need for analyses that fully consider the interaction between gender and occupation. 

Age was not a significant predictive factor for fatal occupational injuries in this study. Previous studies reported that the average 
age of injured migrant workers was 4 years older than that of non-injured migrant workers [10], which aligns with our findings; 69% of 
injured migrant workers are 25–44 years old [11]. Unlike non-migrant workers, most migrant workers are young and their job options 
do not increase with age [10,42,64–66]. Consequently, the age of migrant workers is not a significant predictor of fatal occupational 
injuries, given these factors. 

There were several limitations to LR models compared to XGB ones, especially in relation to interaction terms and prediction 
performance. Complex nonlinear interactions between features may be difficult to analyze using parametric methods but can be 
analyzed using ML models [43]. In addition, although there are some equivocal findings regarding model prediction performance [67, 
68], the performance of our LR model was lower than that of the ML model in most cases. Consistent with our results, previous studies 
reported several advantages of ML-based approaches compared to traditional statistical analyses [22,45]. 

In this study, we used XAI to predict occupational fatality risk for migrant workers and interpret the results. Several previous 
studies used XAI for disease detection [45] and prediction [48], and to interpret results [69]. The findings validated that the XAI 
method aids in the interpretation of contextual factors related to occupational injuries among migrant workers. 

SHAP is model-agnostic, and the solid theoretical background of SHAP enhances the interpretability of the results, even though it is 
a “black box” model. SHAP can determine the relative contributions of different features to the outcome of interest and, unlike the LR 
model, consistently demonstrates feature importance. TreeSHAP is recommended when using a tree-based model, such as XGB. 
KernelSHAP, which was not used in this study, also has the advantage of being model-agnostic [30], but its processing speed is slow 
and there are issues related to feature dependence. In addition, as XGB is a stochastic algorithm and SHAP requires additional random 
sampling, randomness can be an issue for KernelSHAP. TreeSHAP is much faster than KernelSHAP [46], and has no feature dependence 
issues [32] and good consistency [46]. 

The major limitation of SHAP is the inability to make causal inferences [70]. We also recommend checking the results for a few 
cases before large-scale interpretation because TreeSHAP can produce non-zero Shapley values for non-contributing features. Despite 
its limitations, we can confirm that SHAP has significant advantages for exploratory studies based on domain knowledge. 

This study had some limitations. First, the fatality rate and risks of non-fatal injuries may have been underestimated because 
underreporting of occupational injuries and diseases is a major problem in Korea. Based on Heinrich’s Law, an estimated 76.9% of 
occupational injuries sustained by migrant workers in South Korea by the end of 2020 were not reported. Therefore, we used the most 
reliable fatal injury data [71–73] given the possibility of underreporting. Furthermore, it is important to note that farmers and fish
ermen may have been underrepresented in our study due to the specific nature of their insurance coverage. 

The second limitation of this study was the lack of identification of the size of each migrant worker’s company. It is well-established 
that small-size companies are at a higher risk of serious and fatal occupational injuries due to their limited resources compared to 
larger companies, making it more challenging for them to comply with work safety and health regulations prevalent in high-income 
countries [35]. A survey conducted by Statistics Korea in 2022 revealed that approximately 70% of migrant workers are employed in 
small companies with fewer than 30 employees. Consequently, the risk of occupational injuries among migrant workers in our study 
may have been underestimated. 
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Another limitation of this study was that it did not determine the legal status of migrant workers, or their reasons for migration, 
which are important factors in terms of health behaviors and status [74]. Access to healthcare and risk of fatal occupational injuries 
likely differ between undocumented and documented migrant workers. Migration can hinder accident reporting and needs to be 
evaluated in related qualitative studies. 

Despite its limitations, this study constitutes a significant contribution to the literature on occupational health among migrant 
workers, as it leveraged the most reliable national data and introduced ML-based analysis for the first time. 

5. Conclusions 

We confirmed the advantages of ML and the utility of ML-based methods for analyzing occupational injuries among migrant 
workers, which requires the exploration of various contextual factors. The XAI approach can be considered a complementary analytical 
method to epidemiological analyses because it addresses the limitations of traditional statistical analyses. The gender differences 
detected in this study indicate that policies need to take gender into consideration; moreover, preventive interventions should be 
tailored to each group. Misunderstanding of the occupational health of migrant workers can lead to failure to prevent fatal injuries 
among female workers. Our results demonstrate the need to focus on the jobs done by female migrant workers, who have largely been 
overlooked by safety regulations and interventions aimed at preventing occupational injuries. 
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