
Volume 5 No. 11 August 2026 

P-ISSN: 2808-5957 E-ISSN: 2808-6724 

 

782 

Development of a Scoring Method as Predictive Analytics for the Risk of 

Sudden Death in the Workplace Using Employees’ Fit-to-Work Status, 

Workload, and Extreme Work Environments: A Case Study of PT XYZ 

 

Christiandi Agus Fagihari Ardianto*, Suhari Pranyoto, Nanda R Nurdianto  

Universitas Pertamina, Indonesia  

Email: christiandi.afa@gmail.com*, suhari.pranyoto@universitaspertamina.ac.id, 

nanda.nurdianto@universitaspertamina.ac.id 

 
Keywords: ABSTRACT  

sudden death, predictive analytics, 

fit to work, workload, operational 

risk. 

Sudden death due to illness in the workplace remains a critical 

occupational health challenge, particularly in high-risk industries where 

workers are exposed to complex operational conditions. The increasing 

occurrence of illness-related fatality incidents highlights the need for 

predictive approaches that integrate occupational health and operational 

risk management. This study aimed to develop a predictive analytics 

model for assessing sudden death risk among workers at PT XYZ by 

examining the effects of Fit-to-Work (FTW) status, workload, and 

extreme work environments, as well as developing an early warning 

scoring system. The study employed a quantitative approach using a 

case-control design based on secondary data from Medical Check-Up 

(MCU) records and workplace sudden death investigation reports. A 

total of 581 worker records were analyzed, consisting of 65 illness-

related fatality cases and 516 control samples, using chi-square analysis 

and binary logistic regression. The results showed that shift work 

significantly increased sudden death risk (adjusted odds ratio [AOR] = 

18.06; p < 0.001), while outdoor work environments also contributed 

significantly (AOR = 2.60; p = 0.004). FTW status showed a protective 

tendency but was not statistically significant. The developed Illness 

Fatality Risk Score (SRIF) demonstrated good predictive performance, 

with an area under the curve (AUC) value of 0.840. In conclusion, 

workload characteristics and environmental exposure were important 

predictors of workplace sudden death risk, and SRIF could serve as a 

practical early warning tool to support proactive occupational health risk 

management. 

 

INTRODUCTION 

PT XYZ is the largest State-Owned Enterprise (SOE) in Indonesia operating in the 

integrated energy sector. Its operational scope covers the entire energy industry value chain, 

including the upstream sector (oil and gas exploration and production, as well as geothermal 

exploration), the downstream sector (refining, marketing, logistics, and distribution), and the 

development of new and renewable energy (NRE). With operational areas spanning the 

Indonesian archipelago and several international assets, PT XYZ plays an important role in 

supporting national energy security. 

As a large-scale business entity, PT XYZ manages tens of thousands of workers, 

including company employees and outsourced personnel (contractors). The operational 

characteristics of PT XYZ classify it as a high-risk industry. Its operational areas include 

offshore platforms, processing facilities (refineries), drilling areas, and maritime and land 

distribution terminals. These demanding work environments require high levels of physical 

and mental readiness among workers. In line with its high operational risk profile, Health, 

Safety, Security, and Environment (HSSE) management is a priority and a key pillar within PT 

XYZ’s governance, risk, and compliance (GRC) framework. The company implements 

integrated risk management to prevent fatal incidents and occupational diseases. As part of 
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occupational health risk mitigation, PT XYZ applies a strict Fit-to-Work (FTW) policy to 

ensure that workers possess adequate health capacity to perform assigned duties safely without 

affecting operational continuity. 

Sudden worker deaths in the workplace represent not only medical concerns but also 

managerial and strategic challenges for organizations. In the context of PT XYZ, such incidents 

may indicate potential weaknesses in occupational health control systems, the Fit-to-Work 

process, health risk monitoring, workload management, work rotation systems, environmental 

exposure management, and emergency medical response readiness. Therefore, sudden worker 

deaths should not be viewed solely as individual clinical cases but also as organizational risk 

events requiring systematic management. 

From an operational risk management perspective, sudden worker deaths may be 

categorized as risk events associated with failures or inadequacies in internal processes, human 

factors, systems, or organizational controls. Although the immediate cause of sudden death 

may originate from individual medical conditions, recurring incidents within the workplace 

may indicate that prevention, early detection, mitigation, and response mechanisms require 

improvement. Therefore, this phenomenon is relevant for analysis as an operational risk event 

that may affect organizational sustainability. 

Sudden workplace deaths at PT XYZ represent a critical operational risk requiring 

strategic intervention supported by data. Based on historical data from PT XYZ between 2020 

and January 2026, there were 103 illness fatality (IF) cases, with the highest number of cases 

occurring in 2022 (28 cases). 

Approximately 71% of work activities were conducted in outdoor areas, 70% were 

located in remote areas, and 82% of workers experienced moderate to heavy physical 

workloads. In addition, the shift system applied to 71% of workers increased complexity in 

maintaining consistent health monitoring and occupational health supervision. 

The level of Medical Check-Up (MCU) compliance at PT XYZ was relatively high, 

with 80% of workers undergoing routine examinations. However, most fatality cases (61%) 

were identified among workers categorized under the Fit-to-Work health degree within the Fit 

for Duty category. 

The impact of sudden worker deaths extends beyond the loss of human resources and 

disruption of operational activities and may develop into reputational risks. A persistent high 

rate of sudden deaths may lead stakeholders, including workers, regulators, business partners, 

investors, and the public, to question the effectiveness of the company’s occupational health 

protection system. Such conditions may reduce organizational trust, increase regulatory 

scrutiny, generate negative media attention, create litigation exposure, and influence 

assessments of corporate sustainability and environmental, social, and governance (ESG) 

performance. 

Corporate reputation represents an important intangible asset, particularly for large 

organizations operating in strategic and high-risk sectors. A high incidence of sudden worker 

deaths may create perceptions that the organization has not effectively managed workforce 

health risks. Therefore, occupational health and safety should not be considered solely a 

medical or compliance function but also as an integral component of organizational risk 

management and value protection strategies. 

Based on this context, research on sudden worker deaths at PT XYZ is important for 

understanding how health factors, work characteristics, work systems, environmental 

conditions, and emergency response readiness contribute to operational risks. This research is 

also expected to support the development of risk indicators, scoring systems, early warning 

systems, and targeted mitigation strategies. Therefore, this study does not only examine the 

medical aspects of sudden deaths but also investigates how such incidents may indicate 

weaknesses in occupational health risk control and potentially affect organizational reputation. 
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Based on incident patterns and risk management requirements, this study proposed a 

transition from predominantly descriptive health monitoring toward a predictive analytical 

approach. This approach did not replace medical examinations but complemented existing 

systems by providing risk stratification capabilities, enabling health information and 

occupational characteristics to be translated into preventive priorities. 

Sudden death due to illness in the workplace should be understood as an event that may 

influence operational risk because it challenges internal processes, emergency response 

readiness, occupational health systems, and operational continuity. The Basel Committee on 

Banking Supervision (2003) defined operational risk as the risk of loss resulting from 

inadequate or failed internal processes, people, systems, or external events. In the context of 

occupational health, Karimova et al. (2020) demonstrated that sudden workplace deaths caused 

by non-occupational diseases require preventive strategies and surveillance mechanisms. The 

integration of these perspectives provides a conceptual basis for linking illness fatality with 

operational risk mitigation. 

From a sustainability perspective, occupational health and safety represent social 

dimensions that require systematic management and reporting. The Global Reporting Initiative 

(2018), through GRI 403, includes disclosures related to work-related ill health, fatalities, 

health hazards, and control measures. In this study, GRI 403 was used as a governance and 

reporting reference and not as a basis for classifying all illness fatalities at PT XYZ as work-

related ill health cases, as causal classification requires investigation according to 

organizational procedures. 

Occupational safety incidents may generate economic consequences beyond direct 

medical costs. Cohn and Wardlaw (2016) found that increased injury rates were associated with 

declining company value and that financial limitations could reduce safety investments. These 

findings indicate that effective workforce health and safety management contributes to risk 

management quality and organizational value. 

In emerging market contexts, Dai et al. (2022) identified negative market reactions 

following occupational safety accidents among public companies in China and showed that 

better worker protection could reduce market penalties. Koo and Ki (2020) also found that 

stronger corporate social responsibility (CSR) performance was associated with fewer injury-

related lost workdays and could reduce the negative effects of workplace injuries on company 

value. These studies were used as comparative references for managerial mechanisms and did 

not imply that PT XYZ’s illness fatalities would produce identical market consequences. 

Reputational impacts and stakeholder perceptions may emerge when safety incidents 

are interpreted as indicators of organizational control weaknesses. Ouyang et al. (2017), 

through an event study on occupational safety accident disclosures in China, identified negative 

market reactions. Dai et al. (2022) similarly reported declines in company value following 

workplace safety accidents. Because these studies focused on public companies and capital 

market outcomes, their findings cannot be directly generalized to PT XYZ but provide 

comparative evidence that safety incidents may generate consequences beyond clinical 

impacts. 

Therefore, sudden deaths due to illness in the workplace should not only be treated as 

individual medical events but also as indicators that require integration into HSSE governance 

and risk management systems. The Global Reporting Initiative (2018) identifies occupational 

health and safety as an area requiring organizations to identify hazards, manage health impacts, 

and report relevant outcomes systematically. 

In Indonesia, sustainability reporting is also relevant through Financial Services 

Authority of the Republic of Indonesia Regulation Number 51/POJK.03/2017 concerning the 

implementation of sustainable finance for financial services institutions, issuers, and public 

companies (Financial Services Authority of the Republic of Indonesia, 2017). The application 
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of this regulation to PT XYZ depends on the company’s legal status and reporting obligations. 

Therefore, this study used the regulation as a governance reference rather than as evidence of 

PT XYZ’s compliance or non-compliance. 

Epidemiological evidence indicates that prolonged workload exposure may contribute 

to cardiovascular health risks. Pega et al. (2021) estimated the global burden of ischemic heart 

disease and stroke attributable to long working hours, while Li et al. (2020) found that 

prolonged working hours were associated with increased ischemic heart disease risk compared 

with standard working hours. These findings reinforce the importance of considering work 

system characteristics as components of occupational health risks, although the shift variables 

examined in this study were not identical to weekly working hours. 

Beyond identifying risk factors, operational decision-making requires instruments that 

can translate complex risk factors into practical categories. Sullivan et al. (2004) demonstrated 

an approach for converting multivariate risk functions into coefficient-based scoring systems 

to improve practical usability. This approach provided a methodological basis for developing 

SRIF, while recognizing that score weights must be derived from research model coefficients 

and validated before application to broader populations. 

Based on the research formulation, this study focused on examining factors associated 

with the incidence of sudden illness-related deaths (illness fatalities) among workers at PT 

XYZ. The study investigated the roles of Fit-to-Work status, workload, and extreme 

environmental exposure in contributing to workplace fatalities. Specifically, it examined 

whether FTW status had a significant negative relationship with sudden death incidence, 

whether workload and extreme environmental exposure had significant positive relationships 

with sudden death incidence, and whether extreme environmental exposure moderated the 

relationship between workload and sudden death. Furthermore, the study examined whether 

FTW status moderated the relationships between workload and sudden death and between 

extreme environmental exposure and sudden death due to illness. 

In addition to examining these relationships, this study aimed to develop a predictive 

analytics model integrating FTW status, workload characteristics, and extreme environmental 

exposure data to generate an early warning score for PT XYZ workers. The first six research 

questions were empirically tested through hypotheses H1–H6, while the seventh research 

question was addressed through the development, validation, and evaluation of the SRIF 

(Sudden Risk Identification Framework) model. 

In accordance with the research questions, this study aimed to analyze the effect of 

FTW status on sudden illness-related deaths among PT XYZ workers, evaluate the influence 

of workload and extreme environmental exposure on workplace fatalities, and examine the 

moderating roles of extreme environmental exposure and FTW status in the relationships 

among workload, environmental exposure, and sudden death incidents. 

Furthermore, this study aimed to design a predictive analytics model integrating FTW 

status, workload, and extreme environmental exposure data to generate an accurate early 

warning score for PT XYZ workers. The developed model was expected to support proactive 

occupational health and safety management by enabling early identification of workers with 

elevated risks of sudden illness-related fatalities and providing a data-driven foundation for 

preventive workplace interventions. 

 

METHOD 

Research Approach and Design 

This study employed a quantitative approach to measure the relationships among Fit-

to-Work status, workload, and occupational environmental exposure with the incidence of 

sudden death due to illness in the workplace through scoring system development and logistic 

regression analysis. The study also applied a predictive analytics approach to develop a risk 
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prediction model based on historical data. Predictive analytics was implemented through the 

development of the Illness Fatality Risk Score (SRIF). The score was constructed based on 

three main variables: Fit-to-Work status, shift and non-shift work systems, and indoor and 

outdoor environmental exposure. The resulting score was then tested for its association with 

workplace sudden death due to illness using logistic regression analysis. 

The predictive analytics model developed in this study was not intended to serve as an 

individual medical diagnostic tool but rather as an operational risk management instrument for 

identifying workers or work groups requiring additional preventive controls. Therefore, the 

findings were expected to support workplace sudden death prevention efforts through more 

targeted risk management strategies. 

The research was conducted at PT XYZ using secondary company data. The research 

objects consisted of employee Medical Check-Up (MCU) records from 2022 to 2025 and 

workplace sudden death investigation records due to illness from 2020 to 2025. MCU data 

were used to identify Fit-to-Work status and occupational characteristics among the control 

group, while sudden death investigation records were used to identify cases in the case group. 

PT XYZ was selected as the research site because it has high-risk industrial characteristics, an 

established occupational health examination system, and relevant sudden death investigation 

records that aligned with the research objectives. 

The research was conducted during the data collection and processing period 

determined by the researcher based on the availability of company data and the requirements 

of the research process. 

Research Subjects, Populations, and Samples 

1. Subjects and Objects of Research 

The subjects of this study are PT XYZ employees who are recorded in the MCU results 

data and/or sudden death investigation data due to illness at work. The object of the study is 

secondary data that contains information on Fit To Work status, work system, work area, and 

the status of sudden death due to illness at work. 

The unit of analysis in this study is individual workers. Each row of data represents one 

worker as an observation unit, either as a case group or a control group. For the case group, the 

observation unit is a worker who has a sudden death due to illness at work. For the control 

group, the observation unit was a worker who had MCU data and did not experience a sudden 

death due to illness at work during the observation period. 

2. Research Population 

The study population consisted of two groups, namely: 

1. Case population, which is all data from the investigation of sudden death cases due to 

illness at work at PT XYZ during the study period. 

2. Control population, namely all data on the results of MCU of PT XYZ employees in the 

research period that met the inclusion criteria and were not included in the case group. 

The data from the case investigation was used to identify workers who experienced outcomes, 

while MCU data was used as a control source to compare the characteristics of workers who 

did not experience outcomes. 

3. Research Sample 

The research sample consisted of a case group and a control group. The case group is 

data on workers who have died suddenly due to illness at work based on the results of the 

company's internal investigation. The control group is data on workers who did not experience 

sudden death due to illness at work and was selected from the employee's MCU data. 

In this study, a case-control ratio close to 1:8 was used, namely 65 cases  of sudden 

death due to illness at work and 516 control data derived from MCU data of PT XYZ 

employees. Thus, the total research sample was 581 worker data. 
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A ratio of 1:8 was chosen to increase the strength of the analysis by increasing the 

number of controls on each case. Adding a number of controls to a case-control study can 

improve the efficiency of the analysis, especially when the number of cases is limited. 

However, the addition of too large a control generally provides an additional amount of 

analytical power that gets smaller after a certain ratio. Therefore, a ratio of about 1:8 is 

considered adequate and realistic for this study. 

4. Data Analysis Techniques 

The main analysis uses binary logistic regression because outcomes are dichotomous. 

No random-test or modeling data were separated from the analyses reported in this thesis. 

Data pre-processing includes deduplication, missing data checking, encoding 

verification, and reference category assignment. The distribution of cases and controls is 

summarized by frequency and percentage. 

1. Bivariate analysis uses a chi-square test or an exact test if the expected frequency 

assumption is not met, accompanied by a crude odds ratio and a 95% confidence interval. 

2. Multivariate logistic regression estimated adjusted odds ratio, 95% confidence interval, 

and p-value. Collinearity, model feasibility, calibration, discrimination, and classification 

are evaluated. The interaction model was compared with the main effect model using a 

likelihood ratio test. 

3. Because the model and score are evaluated on the same development dataset, AUC and 

classification metrics are apparent performance and can be optimistic. Bootstrap  or cross-

validation is recommended when raw data is available. 

Test Method (Model Evaluation) 

Model evaluation includes:  

1. Omnibus test for improved compatibility compared to constant models;  

2. Hosmer-Lemeshow as an additional calibration check;  

3. AUC with a 95% confidence interval for discrimination; and  

4. Sensitivity, specificity, PPV, NPV, accuracy, and F1-score at the set cut-off point. 

The PPV and NPV values depend on the proportion of cases in the case-control sample and 

cannot be directly transferred to the prevalence of the working population. Therefore, the 

implementation must be recalibrated using the target population data. 

Research Stages 

The stages of the research are arranged as follows: 

1. Identify available problems, objectives, outcomes, and predictors; 

2. Obtaining consent to use the relevant data and ethical consent; 

3. Extraction and harmonization of case data for 2020-2025 and control MCU data for 2022-

2025; 

4. Deduplication, completeness checking, index dating, and variable coding; 

5. Descriptive and bivariate analysis; 

6. Logistic regression of key effects and tribe testing interactions; 

7. SRIF development and evaluation, calibration, discrimination, and classification;  

8. Interpretation of results, preparation of limitations, and managerial recommendations. 

 

RESULTS AND DISCUSSION 

Descriptive Analysis 

The descriptive analysis aims to describe the frequency distribution of each variable 

and the proportion of events in each category. Table 1 presents the distribution of the three 

independent variables. 
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Table 1. Frequency Distribution of Research Variables 
Variable Categories n % 

Workload Non-shift (0) 488 84,0 

 Shift (1) 93 16,0 

Extreme Work Environment Indoor (0) 327 56,3 

 Outdoor (1) 254 43,7 

Fit To Work Fit For Duty (3) 228 39,2 

 Fit with Restriction (2) 353 60,8 

Source: Data processing results, 2026 

 

Table 1 shows the cross-tabulation between each independent variable and the incidence 

of sudden death, along with the proportion of events in each category. These numbers provide 

an initial idea of the direction and magnitude of the association before being formally tested on 

bivariate analysis. 

 

Table 2. Proportion of Sudden Death Events by Variable Category 
Variable Categories No (0) Occurs (1) % Occurs 

Workload Non-shift 468 20 4,1 

 Shift 48 45 48,4 

Extreme Work 

Environment 

Indoor 310 17 5,2 

 Outdoor 206 48 18,9 

Fit To Work Fit For Duty 206 22 9,6 

 Fit w/ Restriction 310 43 12,2 

Source: Data processing results, 2026 

 

Descriptively, a sharp gradient in Workload is seen: the proportion of occurrence jumps from 

4.1% in non-shift workers to 48.4% in shift workers. Extreme Work Environment also shows 

a consistent pattern, with the proportion of occurrences in outdoor workers (18.9%) almost 

four times that of indoor workers (5.2%). FTW shows a pattern that is in line with the 

hypothesis: workers with Fit For Duty status (most feasible) have a lower proportion of 

incidents (9.6%) than Fit with Restriction workers (12.2%). This gradient direction is consistent 

with the alleged protective effects of workworthiness, although the difference is relatively 

small so its significance needs to be confirmed in bivariate and multivariate analyses. 

Bivariate Analysis 

Bivariate analysis tested the relationship of each independent variable to the dependent 

variable using the Chi-Square (χ²) test on the 2×2 contingency table, and calculated the crude 

odds ratio (crude OR) along with a 95% confidence interval. The significance level is set at α 

= 0.05. A summary of the results is presented in Table 3. 

 

Table 3. Bivariate Analysis Results (Chi-Square and Crude Odds Ratio) 
Variable χ² p-

value 

Crude GOLD (95% 

CI) 

Ket. 

Workload 154,21 < 0.001 21,94 (11,98–40,16) Significant 

Extreme Work Environment 27,00 < 0.001 4,25 (2,38–7,59) Significant 

Fit To Work 0,89 0,344 0,77 (0,45–1,33) No sig. 

Source: Data processing results, 2026. The value χ² without continuity correction. OR FTW 

is calculated for the Fit For Duty category relative to Fit with Restriction. 

 

Bivariate results confirm the descriptive pattern. Shift workload had the strongest association 

with the incidence of sudden death (OR = 21.94; p < 0.001), followed by Outdoor Extreme 
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Work Environment (OR = 4.25; p < 0.001). These two relationships are statistically significant 

and in the same direction as the H2 and H3 Hypotheses. For FTW status, the OR value = 0.77 

(< 1) indicates a protective direction — Fit for Duty workers tend   to have about 23% lower 

odds of occurrence than Fit with Restriction — which is in the direction of H1. However, this 

relationship has not reached statistical significance (p = 0.344; confidence interval includes 1), 

so at the bivariate stage support for H1 is limited. 

Linear Regression Analysis as a Preliminary Analysis 

Before entering the core model, multiple linear regression analysis (Ordinary Least 

Squares) was performed on the three variables independent of the outcome. Because dependent 

variables are binary, this specification is equivalent to the Linear Probability Model (LPM) 

and is used solely as a preliminary analysis for two purposes: (1) examining the direction and 

magnitude of influence of each predictor simultaneously, and (2) detecting potential 

multicollinearity between predictors through the value of the Variance Inflation Factor (VIF). 

LPM is not used as a final model because it violates the assumption of homogeneity and can 

produce probability predictions outside the range [0,1]; This limitation is the basis for the use 

of logistic regression in Sub-chapter 4. 

 

Table 4. Linear Probability Model Results 
Predictors Koef. B Beta* t Sig. 

Constant 0,048 — 0,84 0,400 

Workload 0,422 0,491 13,53 < 0.001 

Extreme Work 

Environment 

0,067 0,106 2,91 0,004 

Fit To Work −0.014 −0.022 −0.61 0,541 

Source: Data processing results, 2026. R² = 0.277; Adjusted R² = 0.273; 

F (3.577) = 73.60; p < 0.001. *Beta = standardized coefficient. 

 

A significant simultaneous linear regression model (F = 73.60; p < 0.001) with a determination 

coefficient of R² = 0.277 showed that Fit To Work status, workload, and extreme work 

environment were able to explain 27.7% of sudden death incidence variations in workers. This 

value has substantive benefits because sudden death is a complex and multifactorial event that 

is also influenced by clinical factors, lifestyle, age, comorbidities, psychosocial factors, and 

access to emergency response that are not entirely covered in the research model. Moreover, 

the model was proven to be significant simultaneously (F = 73.60; p < 0.001) and did not show 

a multicollinearity problem, so that the three research variables had valid information 

contributions to be continued to logistic regression modeling 

Partially, Workload was the strongest predictor (standardized Beta = 0.491), followed by 

Extreme Work Environment (Beta = 0.106), while FTW was insignificant (p = 0.541). The 

multicollinearity test showed that the entire VIF value was close to 1 (Workload = 1.05; 

Extreme Work Environment = 1.05; FTW = 1.00), well below the threshold of 10, so there is 

no indication of multicollinearity between predictors. These results are consistent with 

bivariate analysis and reinforce the belief that the data structure is feasible to proceed to 

logistics modeling. 

Multivariate Logistic Regression Analysis 

Binary logistic regression is the core model of this study because it is able to model the 

probability of dichotomous occurrences while producing interpretive odds ratios. Estimation is 

carried out using the maximum likelihood method. Two models were tested in stages: the 

primary effect model (the three independent variables) and the interaction model (adding the 

interaction rate to test H4–H6). 
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Main Effects Model 
 

Table 5. Multivariate Logistic Regression Results — Main Effects Model 
Predictors Koef. B Wald Sig. Adjusted OR (95% CI) 

Constant −3,307 15,09 < 

0.001 

0,04 

Workload 2,894 84,38 < 

0.001 

18,06 (9,74–33,49) 

Extreme Work 

Environment 

0,955 8,16 0,004 2,60 (1,35–5,01) 

Fit To Work −0.135 0,17 0,680 0,87 (0,46–1,66) 

Source: Data processing results, 2026. −2 Log Likelihood = 286.71; Omnibus LR χ²(3) = 

120.48; p < 0.001; Cox & Snell R² = 0.187; Nagelkerke R² = 0.372. 

 

Simultaneous tests (Omnibus) yielded an LR χ² = 120.48 (p < 0.001), indicating the overall 

model was significant. The Nagelkerke value R² = 0.372 indicates that the model is able to 

explain about 37.2% of the variation in incidence — which is adequate for occupational 

behavioral/health data. Partially: 

1. Workload (shift): AOR = 18.06 (p < 0.001). Workers have an odds of sudden death about 

18 times greater than non-shifters, with other variables controlled. H2 is strongly supported. 

2. Extreme Work Environment (outdoor): AOR = 2.60 (p = 0.004). Workers have 2.6 times 

greater odds than. H3 is supported. 

3. Fit To Work: AOR = 0.87 (p = 0.680). Any increase in one level of workworthiness 

(towards Fit For Duty) is associated with a decrease in the odds of occurrence by about 

13%. The direction of this protective effect is consistent with H1, but not statistically 

significant so H1 is only directionally supported, not inferentially. 

Interaction Model and Moderation Effect Testing (H4–H6) 

To test the moderation hypothesis, three interaction tribes were added: Extreme Work 

Environment × Workload (H4), FTW × Workload (H5), and FTW × Extreme Work 

Environment (H6). The significance of the addition was tested with the Likelihood Ratio Test 

between the interaction model and the main effect model. 

 

Table 6. Testing the Interaction Tribe (Moderation Effect) 
Interaction Tribes Koef. B Sig. Hypothesis 

Workload × Extreme Work Environment 0,598 0,392 H4 — 

rejected 

FTW × Workload 1,038 0,145 H5 — 

rejected 

Extreme Working Environment × FTW 0,558 0,450 H6 — 

rejected 

Source: Data processing results, 2026. LR Test model interaction vs main effect: χ²(3) = 3.90; 

p = 0.272. 

 

The addition of the three interaction tribes did not significantly improve the model (LR χ² = 

3.90; p = 0.272), and there was not a single partially significant interaction tribe. Thus H4, H5, 

and H6 are not supported. Following the principle of parsimony, the main effect model (Table 

4.6) is selected as the final model. The final model equation is: 

Logit(p) = −3,307 + 2,894· + 0,955· − 0.135· FTW 

Model Performance Evaluation 

According to the evaluation framework in Sub-chapter 3.7, the performance of the final 

model is assessed from three aspects: calibration (conformity of predictions with observations), 
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discrimination (ability to distinguish cases from non-cases), and classification (accuracy, 

sensitivity, specificity). Emphasis is placed on sensitivity (Recall) given the fatal consequences 

of False Negative misclassification in the context of life safety. 

Calibration — Hosmer-Lemeshow Test 

The Hosmer-Lemeshow test yields χ² = 3.95 (df = 6; p = 0.684). A p-value well above 0.05 

indicates no significant difference between the predicted and observed frequency of events, so 

the model is said to be well calibrated. The probability prediction of the model is trustworthy 

across all covariate patterns. 

Discrimination — ROC and AUC Curve 

Discriminating ability is measured by the Area Under the ROC Curve (AUC). The model 

obtained AUC = 0.840 (SE = 0.031; 95% CI: 0.779–0.902), which according to the Hosmer-

Lemeshow classification is classified as good discrimination. This means that if one 

caseworker and one control worker were randomly taken, the model gave a higher probability 

of risk to the caseworker in 84% of the cases. 

 

 
Figure 1. Final Logistic Regression Model ROC Curve 

Source: Data processing results, 2026 

 

Classification — Confusion Matrix 

The classification was evaluated at two cut-off points:  the conventional cut-off of 0.50 and the 

optimal cut-off using the Youden index (0.306) which maximized the amount of sensitivity and 

specificity. The selection of a cut-off lower than 0.50 is justified in this context because it 

prioritizes the reduction of False Negative as mandated by Sub-chapter 7)  

 

Table 7. Classification Metrics at Two Cut-Off Points 

Metrics Cut-off 0.50 Cut-off 0.31 (Youden) 

Accuracy 90,5% 88,3% 

Sensitivity (Recall) 56,9% 69,2% 

Specificity 94,8% 90,7% 

Precision (PPV) 57,8% 48,4% 

Negative Predictive Value 

(NPV) 

94,6% 95,9% 

F1 Score 0,574 0,570 

Source: Data processing results, 2026 
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At the Youden cut-off, sensitivity increased from 56.9% to 69.2% at the expense of moderate 

specificity (94.8% → 90.7%). A high NPV (95.9%) indicates that workers classified as low-

risk by the model are indeed very unlikely to have an incident, a property that is of high value 

for population screening. Low PPV is a natural consequence of low incidence (imbalanced 

data), and in the context of safety is more acceptable than low sensitivity. 

Development of Predictive Scoring System (SRIF) 

The Illness Fatality Risk Score (SRIF) was developed as a practical Predictive Analytics 

tool in the field, translating a logistics model into a simple point system that HSSE teams can 

implement without statistical tools. Weighting follows the regression coefficient-based scoring 

approach as formulated in Sub-chapter 3.3.3, which normalizes the absolute value of each 

predictor's coefficient to the total absolute value of the coefficient. 

 

Table 8. SRIF Weighting using Regression Coefficients 
Predictors |Koef. B| Relative Weight SRIF Points 

Workload (shift) 2,894 72,6% 3 

Extreme Work Environment 

(outdoor) 

0,955 24,0% 1 

Fit To Work 0,135 3,4% 0* 

Source: Data processing results, 2026.  

 

*FTW was weighted 0 on the operational score because the contribution was insignificant (p = 

0.680) and the variation was limited to the data; Points are rounded from relative weights to 

simple integer scales. Consistent with Sub-chapter 3.3.3, the direction of FTW risk is 

complementary, i.e. lower eligibility status (away from Fit for Duty) indicates higher risk. 

 

With such weighting, each worker's SRIF is calculated as SRIF = (3 × Shift) + (1 × Outdoor), 

resulting in a score range of 0 to 4. Risk gradient validation showed a strong monotonic 

relationship between scores and incidence proportions, as presented in Table 9 and Figure 2. 

 

Table 9. Risk Stratification and SRIF Gradient Validation 
Score Risk 

Categories 

n Case % 

Occurrence 

0 Low 298 9 3,0% 

1 Medium 190 11 5,8% 

3 Height 29 8 27,6% 

4 Very High 64 37 57,8% 

Source: Data processing results, 2026. Cochran-Armitage trend test: z = 12.46; p < 0.001. 
  



793 

 
Figure 2. Incidence Proportion Gradient by SRIF Category 

Source: Data processing results, 2026 

 

The risk gradient is very sharp and monotonic: from 3.0% at the lowest score to 57.8% at the 

highest score. The Cochran-Armitage trend test was very significant (z = 12.46; p < 0.001), 

confirming that the increase in SRIF score is in line with the systematic increase in risk. Tested 

as a single predictor, each one-point increase in SRIF increased the odds of occurrence by 2.63 

times (95% CI: 2.17–3.17; p < 0.001), with AUC = 0.831 — almost the equivalent of a full 

logistics model (AUC = 0.840). This proves that the simple scoring system loses very little 

discriminating power compared to the full model, while being much easier to implement in the 

field. 

Discussion and Implications for Company Operational Risk 

Interpretation of Key Findings 

The main effects model showed that shift work systems were the strongest predictors 

(AOR = 18.06; 95% CI 9.74-33.49; p < 0.001), followed by outdoor work locations (AOR = 

2.60; 95% CI 1.35-5.01; p = 0.004). FTW status showed a protective direction (AOR = 0.87; 

95% CI 0.46-1.66), but not significant (p = 0.680). This pattern places the occupational 

extrinsic factor as the main differentiator between the case group and the control in PT XYZ 

data. The interpretation of the magnitude of AOR should be limited to the design, definition of 

outcomes, and categorization of the exposure of this study; The AOR could not be directly 

compared with RR or HR from cohort/meta-analysis studies that used different outcomes and 

duration of exposure. 

The direction of influence of shift is consistent with the literature, but the magnitude of 

the effect on this thesis is much greater than that of most population studies. Vyas et al. (2012), 

Torquati et al. (2018), Cheng et al. (2019), and Wang et al. (2018) showed an increased 

cardiovascular risk in shift workers as well as dose-response patterns according to duration of 

exposure. Vetter et al. (2016) reported a long-term association of rotational night work with 

coronary heart disease in women, while Gu et al. (2015) found an increase in cardiovascular 

mortality in nurses with a long history of rotational night work. More recent evidence from Ho 

et al. (2022) and Vestergaard et al. (2023) also suggests an increased cardiovascular/coronary 

risk in shift or night workers. Mechanistic, Kecklund and Axelsson (2016) and Kervezee et al. 

(2020) emphasize the role of sleep disorders, circadian misalignment, and cardiometabolic 

changes; Xi et al. (2025) confirmed the association of night work with cardiovascular incidence 

and mortality. Thus, PT XYZ's results support the reported direction of the relationship, but 

AOR 18.06 should not be interpreted as a general causal estimate for all shift workers. 
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Mechanistic explanations should not be limited to circadian rhythms. Gamboa Madeira 

et al. (2021) showed that certain types of shifts, especially permanent night work, are associated 

with increased blood pressure, while Li et al. (2020), Fadel et al. (2020), Pega et al. (2021), 

and Saiki et al. (2026) showed that long working hours and cumulative exposure are associated 

with ischemic heart disease or cardiovascular load. The occupational physical activity literature 

also presents a complex picture: Coenen et al. (2018) reported higher mortality in men with 

high occupational physical activity, Cillekens et al. (2020) found mixed evidence across 

various health outcomes, and Cillekens et al. (2022) found no consistent cardiovascular 

benefits from occupational physical activity. The findings reinforce the argument that load 

characteristics and working time may be components of health risk. However, the shift 

variables in this thesis do not record actual working hours, rotations, night work, duration of 

exposure, physical activity, or sleep quality; therefore the results are best interpreted as 

associations with the shift work system. 

The finding of outdoor locations that increase the chance of illness fatality is also in 

line with the heat exposure literature, but the thesis variables are rougher than objective 

environmental measurements. Flouris et al. (2018), Ioannou et al. (2022), and Lee et al. (2022) 

show that occupational heat strain increases the physiological load of workers and decreases 

work capacity. Xiang et al. (2014a, 2014b) and Fatima et al. (2021) showed an increased risk 

of work injury at high temperatures or heatwaves, while Liu et al. (2022) confirmed the 

association between heat exposure and cardiovascular outcomes at the population level. A field 

study by Vega-Arroyo et al. (2019) showed that WBGT and work rate are related to an increase 

in the core temperature of agricultural workers; Morris et al. (2019), McCarthy et al. (2019), 

and Tustin et al. (2021) emphasize the importance of heat indicators and heat-related illness 

prevention programs. Culp and Tonelli (2019) describe hydration problems and heat-related 

symptoms in agricultural workers, while Nowrouzi-Kia et al. (2026) show the burden of heat-

related illness in construction workers. The consistency of this direction supports the 

plausibility of PT XYZ's findings. However, the outdoor classification in this thesis does not 

measure WBGT, temperature, humidity, solar radiation, metabolic load, hydration, or duration 

of exposure, so AOR 2.60 should not be interpreted as a quantitative effect of heat stress. 

The insignificance of FTW needs to be distinguished from the conclusion that fitness 

for work is not beneficial. Palladino et al. (2016) found that Framingham-based cardiovascular 

risk predicts job ineligibility, and Affinito et al. (2021) showed that occupational surveillance 

data can be synthesized into a job ineligibility risk score. Ketels et al. (2025) also showed that 

cardiorespiratory fitness may modify the relationship between occupational physical activity 

and cardiovascular mortality. The differences with the results of this thesis may stem from 

different outcomes—ineligibility or long-term mortality versus illness fatality—as well as 

limited variation in FTW and the possibility of a healthy-worker/selection effect because all 

subjects have been in the active worker population. Thus, the H1 result is more accurately 

stated as the absence of statistical evidence that the available FTW categories differentiate the 

risk of illness fatality after adjustment, rather than as evidence of FTW irrelevance. 

The entire FTW x shift, FTW x outdoor, and shift x outdoor interaction tribes were not 

significant. These results mean that the study has not obtained evidence of multiple interactions 

at the logit scale in this dataset. Such interpretations need to be limited because the 

insignificance of interactions can be influenced by sample size, category imbalances, and the 

use of simple exposure proxies. Ketels et al. (2025), for example, found patterns that are 

compatible with the role of fitness in the relationship between occupational physical activity 

and cardiovascular mortality. Therefore, the H4-H6 results should not be formulated as a 

definite factor working independently, but as an undetectable statistical moderation effect on 

the model specifications and data used. 
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The discriminatory performance of SRIF was classified as good in the study data: the 

AUC of a modest score of 0.831, very close to the AUC of the full logistics model of 0.840. 

Methodologically, the transformation of the model into a point system to improve applicability 

has a precedent in the development of a coefficient-based risk score function (Sullivan et al., 

2004). For comparison, Deo et al. (2016), Weng et al. (2017), Perry et al. (2024), and Youssfi 

et al. (2026) show that multivariate or machine learning models can achieve good 

discrimination in predicting cardiovascular risk, cardiac arrest, or sudden cardiac death. Chugh 

et al. (2022) developed VFRisk with internal and external validation, Holmstrom et al. (2024) 

showed increased discrimination using ECG-based deep learning, Zhou et al. (2022) explored 

SCD biomarkers with machine learning, and Kolk et al. (2025) reviewed the opportunities as 

well as limitations of artificial intelligence for SCD prediction. Inter-study performance scores 

cannot be used to declare SRIF superior because populations, outcomes, predictors, and 

validation strategies are different. This comparison confirms that SRIF internal discrimination 

holds promise for operational triage, but temporal and external validation of new data remains 

necessary prior to cross-unit or cross-company use. 

Hypothesis Testing Summary 
 

Table 10. Recapitulation of Hypothesis Testing Results 
Hypothesis Statement Verdict 

H1 FTW has a negative effect on sudden death Directions 

supported, 

insignificant 

H2 Workload (shift) has a positive effect on sudden 

death 

Supported 

H3 Exposure to extreme environments (outdoor) has a 

positive effect 

Supported 

H4 The environment moderates the workload–sudden 

death relationship 

Not supported 

H5 FTW moderates the workload–sudden death 

relationship 

Not supported 

H6 FTW moderates environmental–sudden death links Not supported 

Source: Data processing results, 2026 

 

Inferentially tested hypothesis: H1-H6. Operational risk is discussed as a managerial 

implication because no quantitative variables are available to test the influence or mediation. 

Full quantitative mediation testing (e.g., with a structural equation modeling approach) is 

recommended as a follow-up research agenda when quantified operational risk data are 

available. 

Implications for Operational Risk Management 

Sudden deaths in the workplace can trigger operational consequences through work 

stoppages, emergency response, investigations, loss of productive time, and organizational 

follow-up needs. The management literature also shows that safety events can have economic 

consequences: Cohn and Wardlaw (2016) found a negative relationship between injury rates 

and company value; Ouyang et al. (2017) found negative market reactions to safety accident 

disclosures; and Dai et al. (2022) show the market value penalty after a work accident in a 

public company in China. The evidence does not prove the magnitude of the same impact at 

PT XYZ, but supports the managerial rationale for placing fatal event prevention as part of 

operational risk management. 

Practically, SRIF is more appropriately positioned as a data-driven triage or early warning 

tool, rather than a clinical diagnosis tool or a substitute for occupational physician decisions. 

The managerial implications that can be formulated are as follows: 
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1. Priority control of the work system. Because shifts have the largest SRIF weight, companies 

can prioritize rotation evaluation, night work, overtime, recovery time, and fatigue 

management. This direction is consistent with Torquati et al. (2018), Cheng et al. (2019), 

Wang et al. (2018), Ho et al. (2022), and Vestergaard et al. (2023). However, before 

establishing specific interventions, PT XYZ needs to add actual working hours and rotation 

patterns data so that exposure is not only represented by shift categories. 

2. Outdoor and heat exposure control. The results of the study support the priority of control 

in outdoor work through monitoring of WBGT or temperature, hydration, work-rest cycle, 

recovery area, and schedule adjustment when heat loads are high. This recommendation is 

in line with Flouris et al. (2018), Ioannou et al. (2022), Lee et al. (2022), and Tustin et al. 

(2021). Since this study only uses indoor/outdoor as a proxy, subsequent implementations 

need to include objective environmental exposure measurements. 

3. Targeted screening and surveillance using SRIF. In the study data, SRIF >= 3 identifies 

groups with higher risk and indicates sensitivity-specificity trade-offs that can be used to 

determine follow-up priorities. Workers in the high category should not be automatically 

declared unfit for work; The score needs to trigger a more in-depth medical and 

occupational review. This approach is in line with the principle of using cardiovascular 

scores in work fitness surveillance as shown by Palladino et al. (2016) and Affinito et al. 

(2021). 

4. Strengthening data quality and model validation. The insignificance of FTW and 

interactions indicates the need for more granular data, including MCU components, disease 

history, medication, ECG, shift duration, sleep or fatigue, WBGT, and exposure history. 

Subsequent development needs to carry out temporal and external validation. Evidence 

from Chugh et al. (2022), Holmstrom et al. (2024), Perry et al. (2024), and Youssfi et al. 

(2026) shows the importance of testing model performance when applied to different 

samples or locations. 

Thus, SRIF's managerial contribution lies in simplifying risk information into a transparent and 

auditable priority of action. Its implementation needs to be placed in HSSE governance and 

occupational health with a clinical review mechanism, model performance monitoring, and 

periodic updates. Koo and Ki (2020) show that organizational orientation on worker safety is 

related to safety outcomes and company values; therefore, the use of SRIF will be more 

meaningful if it is part of a broader prevention system, not just a score dashboard. 

 

CONCLUSION 

Based on the research findings, this study concluded that the incidence of sudden death 

due to illness (illness fatality) among workers at PT XYZ was strongly associated with 

occupational characteristics, particularly shift work systems and extreme work environments. 

Logistic regression analysis demonstrated that shift workers had a significantly higher risk of 

experiencing sudden death compared with non-shift workers (AOR = 18.06; p < 0.001), while 

outdoor work environments, as a proxy for extreme environmental exposure, also increased the 

risk (AOR = 2.60; p = 0.004). Meanwhile, Fit-to-Work (FTW) status showed a protective 

tendency, indicating that better work fitness may reduce risk; however, this relationship was 

not statistically significant in the current dataset. Furthermore, interaction analysis confirmed 

that FTW status and extreme environmental exposure did not significantly moderate the 

relationship between workload and sudden death risk. These findings indicate that the risk 

factors examined in this study contributed primarily through independent effects rather than 

interaction effects. The study successfully developed the Illness Fatality Risk Score (SRIF) as 

a predictive analytics instrument that integrates workload and environmental exposure 

indicators into a practical early warning system. The SRIF model demonstrated good predictive 

performance, with an area under the curve (AUC) value of 0.840, indicating its potential to 



797 

support HSSE teams in identifying high-risk worker groups and prioritizing preventive 

interventions. 

Future research should improve the predictive capability and applicability of the SRIF 

model by incorporating more comprehensive individual and occupational health variables, 

including detailed MCU parameters, medical history, medication records, electrocardiogram 

results, fatigue indicators, sleep quality, actual working hours, shift rotation patterns, and 

objective environmental measurements such as Wet Bulb Globe Temperature (WBGT), 

temperature, and humidity exposure. Future studies should also conduct temporal and external 

validation using new datasets from different operational units or organizations to evaluate 

model stability and generalizability. In addition, longitudinal research designs are 

recommended to provide deeper insights into the causal relationships between occupational 

exposures and sudden death risk. Integrating quantitative operational risk indicators may also 

enable further analysis of how illness fatality affects organizational performance, business 

continuity, and safety governance. These improvements will strengthen the role of predictive 

analytics as a proactive occupational health management tool rather than merely a retrospective 

risk assessment approach. 
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