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A B S T R A C T

Research on occupational accidents is a key factor in improving working conditions and sustainability. Fatal accidents incur significant human and 
economic costs. Therefore, it is essential to examine fatal accidents to identify the factors that contribute to their occurrence. This study presents an 
overview of fatal heart attack accidents at work in Spain over the period 2009–2021. Descriptive analysis was conducted considering 13 variables 
classified into five groups. These variables were selected as predictors to determine the occurrence of this type of accident using a machine learning 
technique. Thirteen Naïve Bayes prediction models were developed using an unbalanced dataset of 15,616 valid samples from the Spanish Del-
ta@database, employing a two-stage algorithm. The final model was retained using a General Performance Score index. The model selected for this 
study used a 70:30 distribution for the training and test datasets. A sample was classified as a fatal heart attack if its posterior probability exceeded 
0.25. This model is assumed to be a compromise between the confusion matrix values of each model. Sectors with the highest number of heart 
attacks are ‘Health and social work’, ‘Transport and storage’, ‘Manufacturing’, and ‘Construction’. The incidence of heart attacks and fatal heart 
attack accidents is higher in men than in women and higher in private sector employees. The findings and model development may assist in the 
formulation of surveillance strategies and preventive measures to reduce the incidence of heart attacks in the workplace.

1. Introduction

Occupational accidents result in significant loss of working hours and productivity for companies, and in the worst cases, the death 
of individuals during working hours [1,2]. These losses entail high economic and social costs for families, employers, enterprises, and 
society worldwide [3–6]. According to the International Labour Office, occupational safety accounts for 4 % of the global Gross 
Domestic Product (GDP) each year [7].

Research into occupational accidents helps identify their causes [8], thereby enabling the prevention of similar incidents in the 
future [9]. Such research has also facilitated the design and development of effective preventive measures [10–13].

Studies of occupational accidents can be conducted using two approaches. The first approach involves analysing accidents in 
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individual companies and extrapolating the results to the sectors in which they operate [14,15]. The second approach entails per-
forming statistical analyses on historical accident data collected by government agencies to identify the causes of accidents [16–18]. 
This approach allows for the design of preventive measures using a more general perspective [19].

The second approach encompasses several lines of research. The first line focuses on the historical analysis of accidents in specific 
production sectors, such as the manufacturing sector in South Africa [20], the metal sector in Spain [21], and the nuclear sector in 
India [22]. However, the construction sector is undoubtedly the most studied. Research in this sector includes studies by Camino López 
et al. in Spain [23], López-Arquillos et al. in Spain [24], Cheng et al. in China [25], Antoniou and Agrafioti in Greece [26], and Kang 
and Ryu in South Korea [27].

Other research lines focus on specific aspects of the accident rate, such as fatalities in particular areas. For instance, Khodabandeh 
et al. examined construction workers in Iran [28], Barlas and Izci investigated shipyard workers in Turkey [29], and Strand et al. 
studied male Norwegian military peacekeepers deployed to Lebanon [30].

The analysis of fatalities in a specific country or geographical area represents another research line, similar to the works of Hansen 
et al. [31], Asady et al. [32], Kang et al. [33], and Gómez-García et al. [34]. Additionally, some studies have not only analysed his-
torical accidents but have also developed fatal accident prediction models based on significant variables, as demonstrated by Santos 
et al. in Portugal [35] and Fuentes-Bargues et al. in Spain [36].

In the cited research, occupational accidents are associated with various factors such as personal variables (age, experience, and 
skills) [17,37,38], work condition variables (deviation, physical agents) [25,39], and the consequences of accidents (severity, type of 
injury, and part of the body affected) [23,40].

A line of research that has not been widely explored in the scientific literature on occupational accidents is the analysis from the 
perspective of the deviations that lead to accidents or injuries. For instance, Lafflamme et al. [41] studied overexertion injuries among 
Swedish nursing auxiliaries, and González-Fuentes et al. [42] focused on cleaning workers. Weisshaar et al. [43] examined dermatitis 
in professions such as healthcare workers, cleaners, and kitchen employees in Germany, while Violanti et al. [44] addressed law 
enforcement deaths, including those caused by heart attacks.

A heart attack, as a work-related accident, can result from an accumulation of adverse habits that ultimately lead to heart mal-
function and subsequent death or injury. An occupational accident is defined as an event occurring during working hours that results in 
either a non-fatal injury with loss of working time or a fatal injury [45]. Heart attacks are included in this definition as bodily injuries 
encompass anatomical, functional, moral, sensory, and psychological injuries. Legally and statistically, a heart attack is considered an 
occupational accident, distinguishing it from a common disease because it is attributed to work circumstances and/or occurs during 
working hours and at the workplace [46]. However, such cases often end up in court for legal characterisation [47,48]. Myocardial 
infarction can result from unusual physical exertion or mental stress [49,50]. When such strain or stress occurs within a work context, 
it is frequently compensated by the workers’ compensation system and regarded as an occupational accident [51].

The research conducted by Fuentes-Bargues et al. [36] revealed that 35 % of fatal work-related accidents in Spain between 2009 
and 2021 were caused by heart attacks. This underscores the need for further analysis to identify the specific sectors, age groups, and 
companies where these fatal accidents occur. To date, no study in Spain has addressed this question, and only limited research has been 
conducted in other countries. This study aims to address the limitations identified in the existing scientific literature on this topic.

The study has two main objectives. The first is to describe the characteristics of occupational accidents due to heart attacks in the 
workplace in Spain over the past 15 years. The second is to analyse the main variables influencing such accidents. To achieve these 
objectives, the following research questions were addressed: When do heart attacks occur at work? Who is at the highest risk of 
experiencing a heart attack at work? How do the characteristics of the company and labour contracts affect the occurrence of heart 
attacks at work? Does the climate influence the number of heart attacks at work? Are there differences in the number of heart attacks at 
work across different regions of Spain? Which sectors in Spain have the highest number of heart attacks at work? What combination of 
variables could have the greatest influence on the occurrence of heart attacks at work?

The results could be utilised by stakeholders involved in health and safety management to design specific preventive measures 
aimed at reducing the risk of heart attacks in the workplace, thereby mitigating the social and economic impact of such accidents.

The remainder of this paper is organised as follows: Section 2 reviews the literature on accidents caused by heart attacks, while 
Section 3 describes the methodology. The results are presented in Section 4, and a discussion of previous research is provided in Section 
5. Finally, Section 6 presents the conclusions of the study.

2. Literature review

In the limited scientific literature on heart attacks that is not medical in nature, there is no explicit distinction between occupational 
accidents and diseases. Instead, the focus is on identifying risk factors that may lead to injuries among work population-based samples 
or through specific investigations of at-risk occupations [44,52–54].

Kivimäki et al. [52] reviewed work stress as a risk factor for coronary heart disease and myocardial infarction. Stress was defined by 
Gray et al. [55] as “something that occurs when an individual confronts a situation in which his/her usual modes of coping or behaving 
are insufficient.” In their review, Kivimäki et al. [52] compiled results from studies showing that stressful work situations led to an 
increased incidence of cardiovascular diseases. These situations include a high pace of work [56], long working hours (typically 
referring to over 48 or 55 h per week) [57], particularly among low socioeconomic status workers [58], unmet expectations between 
effort and reward [59], and job insecurity, especially during economic recessions [60,61]. The authors also concluded that differences 
in the impact of work stress on heart disease between men and women, as well as between younger and older workers, were negligible.

Other authors have observed differences in heart problems based on social class, similar to the study by Marmot et al. among British 
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civil servants [62]. Additionally, personal variables such as sex, race, and age have been found to influence heart attack rates. For 
example, Leigh [53] found a positive linear relationship between heart attack accidents and white male workers, with age being a 
significant factor, in the USA between 1979 and 1982. Kagamimori et al. [63] conducted a comparative study between Great Britain 
and Japan, noting a higher frequency of cases around the age of 45, with smoking and other bad habits in the 1980s as possible 
explanations.

A specific study by Moser and Goldblatt [64] on occupational mortality in women aged 45–59 years in England and Wales found 
that mortality from coronary heart disease, including heart attacks, was not significant in the main occupations of women in this age 
group, such as charwomen, office cleaners, maids, canteen assistants, sales managers, and proprietors. However, higher mortality rates 
were observed among cooks and other less common professions for women in this age group, such as machine tool operators and 
workers in metal making, jewellery, and electrical production.

Contrary to what might be expected, lower-paid jobs (operators and labourers) had higher rates of heart attacks compared to 
higher-paid jobs (executives and managers) [54]. Additionally, workers exposed to high concentrations of environmental pollutants, 
such as professional drivers [65,66], welders [67], miners [68], and metal workers [69], have a higher prevalence and incidence of 
cardiovascular accidents. Leigh [53] found that the sectors with the highest number of heart attacks and strokes in the USA between 
1978 and 1982 were wholesale and retail trade, followed by construction and manufacturing.

Among studies on occupational accidents and diseases within certain professions, heart attacks are identified as one of the leading 
causes of death for high-risk professionals, such as police officers and firefighters, as well as those under high stress, such as medical 
staff [70]. In addition to the inherent risks associated with these professions, factors such as poor diet, fatigue, and sleep disorders due 
to shift work also contribute to the risk [71,72].

Violanti [44], in his 2019 study on a sample of 646 police officer deaths in the USA, found that circulatory diseases were the leading 
cause of death, with approximately 82 % being heart attacks and an average age of 46.5 years. These findings align with the results 
obtained by Garbarino and Magnavita [73], who reported an average age range between 40 and 50 years. Several studies have also 
concluded that male police officers are at higher risk [72,74].

Another high-risk profession is that of seafarers. After deaths due to maritime disasters, occupational deaths due to disease, with 
heart-related deaths being predominant, are significant. Similar findings have been reported across various countries, including 
Singapore [75], Denmark, Germany [76], and Hong Kong [77]. Studies that analyse results by gender, such as Hansen et al.’s study on 
female seafarers [78], have also shown comparable results.

The temporal variables associated with heart attack accidents have not been extensively analysed in the research literature. For 
instance, Leigh and Miller [54] conducted a study using two national databases in the USA and concluded that heart attacks occurred 
more frequently on Mondays than on any other day of the week.

The consequences of heart attack accidents are significant, even in sectors with low overall accident rates. For example, Baraza and 
Cuguero-Escofer [79] conducted a study in the agricultural sector in Spain between 2013 and 2018. Although heart attacks accounted 
for only 0.17 % of the total number of accidents, they represented 47.42 % of the deaths.

The social and familial impact of a heart attack, especially when it occurs in the workplace, underscores the need for a 

Fig. 1. Methodological framework: phases, tools and analysis approach. Source: Own elaboration.
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comprehensive analysis of such accidents. Developing tools to identify profiles of occupational variables associated with heart attacks 
can lead to better health policies and ultimately save lives.

3. Methodology

The phases, steps, and analyses performed in this study are illustrated in Fig. 1. All statistical analyses were conducted using IBM 
SPSS® Statistics (version 29.0) [80]. The study covers the period from 2009 to 2021, beginning with the date of other accident studies 
conducted in Spain and ending with the latest published consolidated data available at the time of the research.

Phase 1 involved the selection of data and study variables. Data were sourced from the Delta@database, which is structured in 
accordance with Act TAS/2926, November 21, 2002 [81]. An electronic procedure was used to collect data from work accident no-
tifications, which were provided upon request by the Ministry of Labour and Social Affairs of Spain and were fully anonymised. Be-
tween 2009 and 2021, there were 7,739,169 accidents in Spain, of which 15,984 resulted in heart attacks.

The variables related to heart attack accidents selected for this study and their groupings are listed in Table 1. Previous studies 
across various industrial sectors have used these variables effectively [36,82,83]. Additionally, during this phase, all reported heart 
attack accidents in Spain were classified as either fatal or nonfatal.

In Phase 2, an initial statistical analysis of the data was conducted to provide an overview of the occurrence of work-related heart 
attack accidents and to select study variables for developing a predictive model for such accidents. Spearman’s rank correlation co-
efficient was employed to detect dependencies between variables at a 95 % confidence level, with a significance threshold of <0.05.

This statistical analysis of heart attack accidents was performed across various variables, including the study period, occupational 
status, Spanish region where the accident occurred, and the National Classification of Economic Activities (CNAE) [84] (CNAE 2009), 
which aligns with the European Classification of Economic Activities (NACE). Since data on the number of workers for each variable 
studied were not available, the analysis focused on the number of accidents rather than incidence rates.

A predictive model for heart attack accidents at work was developed in Phase 3 using the Naïve Bayes Classifier (NBC) [85,86] with 
the variables selected in Phase 1 (Table 1). The model was implemented using a Visual Basic for Applications (VBA) tool developed in 
Excel. Naïve Bayes is an effective probabilistic machine learning algorithm used in predictive modelling and classification tasks 
[87–91]. It is a type of supervised learning that constructs a model for the distribution of class labels with a clear definition of the target 
attribute. Naïve Bayes relies on Bayes’ theorem, which assumes independence between each pair of predictor variables. To develop the 
model, the samples were sorted by class according to the selected variables (predictors) and then divided into training and validation 
samples for cross-validation. The objective was to obtain the most efficient and robust model. Once the training and validation samples 
were defined, the conditional and prior probabilities were used to calculate the posterior probability using Equation (1): 

Table 1 
Classification and description of variables and categories.

Id Variable 
group

Id Variable Variable Description Number 
categories

Category Values

T Temporal T1 Year Year of the accident 13 2009 to 2021
T5 Time of the working 

day
Time of the working day when 
the accident occurs.

2 1–7:00 to 15:00 2- Rest of hours

P Personal P1 Gender Worker’s sex 2 1- Male; 2- Female
P2 Age Worker’s age (years old) 3 1- ≤35; 2–36 to 50; 3- >50
P3 Personal Status Workers in the public or private 

sector distribution
3 1- Civil servant; 2- Salaried; 3- Self-employed

B Business B1 CNAE Spanish National Classification of 
all Economic Activities (CNAE), 
grouped under headings

8 1- Agriculture; 2- Manufacturing; 3- Construction; 4- 
Commercial; 5- Transport; 6- Health & Social; 7- 
Administrative, Scientific …; 8- Other Activities

B2 Company staff Company size, in terms of the 
number of workers.

3 1- ≤ 5; 2- >5 to 25; 3- >25

B3 Length of Service Length of service of the worker, 
in terms of months and/or years 
of experience

2 1- ≤12 month; 2- > 12 months

B4 Health and Safety 
preventive 
organization

Type of preventive organization 
regarding health and safety at 
work

6 1- Entrepreneurial assumption; 2- Own prevention 
service; 3- External prevention service; 4- 
Designated workers; 5- Joint prevention service; 6- 
No preventive organization

B5 Employment status Worker’s type of employment 
status.

2 1- Permanent contracts; 2- Temporary contracts

B6 Risk assessment Risk assessment available at the 
company

2 1- Yes; 2- No

C Circumstances C1 Accident location Location of accident 4 1- Usual workplace; 2- Moving between work areas; 
3- Going to or coming from worksite; 4- Different 
workplace

C2 Usual work The accident occurs when the 
worker is carrying out his/her 
usual work.

2 1- Yes; 2- No
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P(Ck|x1, ...xn)=

p(Ck) ×
∏n

i=1
p(xi|Ck)

∑k

1
p(Ck) ×

∏n

i
p(xn|Ck)

(1) 

where P(Ck∣x1, …n) is the posterior probability of class Ck given predictor x1, …xn; P(xi∣Ck) (conditional probability) is the likelihood of 
the predictor xi given the class Ck; P(Ck) (class probability) is the prior probability of the class Ck, and P(x) is the prior probability of 
predictor.

Assuming independence between each pair of predictor variables, the denominator in Equation (1) is a scaling factor. The NBC 
algorithm assigns a class label y = Ck to each sample using Equation (2) (sample Naïve Bayes classifier). 

y= argmaxk p(Ck) ×
∏n

i=1
p(xi|Ck) (2) 

After training, the accuracy of the model was evaluated in terms of the performance of the test dataset, considering the class 
distribution of the samples from the training and validation phases.

The NBC algorithm was selected due to its advantages [85]: High Speed: NBC operates quickly and efficiently. Accurate Classi-
fication: It can predict the classification of a test dataset with high accuracy. Multiclass Prediction: It addresses multiclass prediction 
problems effectively. Categorical Variables: When the input variables are categorical, NBC shows superior performance compared to 
numerical variables. Binary and Multiclass Classifications: It is suitable for both binary and multiclass classifications. NBC has 
demonstrated favourable results compared to other algorithms such as Support Vector Machine (SVM), Random Forest, Logistic 

Fig. 2. Flowchart of the suggested NBC algorithm. Source: Own elaboration.
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Regression, K-Nearest Neighbour, and decision trees [92–95].
The proposed NBC algorithm (Step 3.1) comprises two stages with eight steps (Fig. 2). The initial stages (Steps 1–6) correspond to 

the steps of the simple NBC algorithm. Each sample was classified as a fatal heart attack accident only if the predicted probability of 
belonging to the fatal heart attack accident class was higher than that of belonging to the non-fatal heart attack accident class.

However, the samples used in the study were unbalanced. There were a large number of non-fatal heart attack accidents (negative 
class), which made it difficult to assess how well the initial model performs for fatal heart attacks (positive class). This study focuses on 
identifying the highest number of true positives (high sensitivity) based on the values of the confusion matrix. Stage 2 aims to detect 
fatal heart attack accident samples. One strategy for achieving this is to classify as fatal heart attack accidents those samples that have a 
post hoc probability of belonging to the fatal heart attack accident class of less than 50 % (Step 7). Consequently, more fatal heart 
attack accident samples were detected at the expense of fewer correctly classified non-fatal heart attack accident samples. Since 
identifying fatal heart attack accidents is more crucial than identifying non-fatal heart attack accidents, a reduction in the overall 
classification rate can be accepted, provided that the increase in fatal heart attack accident detection does not lead to a significant 
reduction in the correct identification of non-fatal heart attack accidents. Therefore, all four values of the confusion matrix should be 
considered to assess this compromise and the quality of the model (Step 8).

In the scientific literature, several metrics are used to measure the performance of classifier models [96–101]. These metrics include 
the area under the Receiver Operating Characteristic (ROC AUC) analysis, Precision-Recall Curve (PRC) analysis, Error Rate (ERR), 
Kappa Score, Accuracy score (ACC), Fβ Score, Unified Performance Measure (UPM), Sensitivity, Youden’s J Index, Precision, Likeli-
hood Ratios (LR), Specificity, Geometric Mean (G-Mean), Class Weighted Accuracy (CWA), Matthews Correlation Coefficient (MCC), 
Adjusted Rand Index (ARI), Brier Score Loss, and Log Loss. These metrics can be classified into three different groups [102,103]: 
threshold, ranking, and probabilistic. Some of these metrics, such as F-measure curves [104], MCC [105–107], PRC curve analysis 
[108,109], UPM [110], and ARI [111], provide better results than the widely used accuracy, error rate, or area under the receiver 
operating characteristic (AUC ROC) when dealing with unbalanced classification samples. Several authors have pointed out the need to 
account for data imbalance in each class to identify the most appropriate metric [112,113]. In this context, De Diego et al. [113] 
recommended using a global index that incorporates multiple metrics and their harmonic mean to define the General Performance 
Score (GPS). The GPS index ranges from [0, 1], with a value of 1 indicating that all the indices considered in its definition are 1, and a 
value of 0 indicating that any of them is zero. It is important to note that, while the number of false positives may increase, the model 
should not significantly compromise its specificity and accuracy. Therefore, all four values of the confusion matrix should be 
considered when assessing the model [114]. In this line of research, a global index was used, considering the harmonic mean of the 
metrics MCC (equation (3)), UPM (equation (4)), and ARI (equation (5)). These metrics were calculated using all four values of the 
confusion matrix. Since the UPM provides values between 0 and 1, the ARI and MCC are normalized to the interval [0, 1]. Equation (6)
shows the proposed global index (): 

MMC=
1
2
×

[
TP × TN − TP × FN

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
(TP + FP) × (TP + FN) × (TN + FP) × (TN + FN)

√ +1
]

(3) 

UPM=
4 × TP × TN

4 × TP × TN + (TP + TN) × (FP + FN)
(4) 

ARI=
1
2
×

[
2 × (TP × TN − FP × FN)

(TP + FN) × (FN + TN) + (TP + FP) × (FP + TN)
+ 1

]

(5) 

GPS=
3

1
MMC +

1
UPM + 1

ARI
(6) 

True positives (TP) are positives that are correctly predicted as positives; false negatives (FN) are positives that are wrongly 
predicted as negatives; true negatives (TN) are negatives that are correctly predicted as negatives; and false positives (FP) are negatives 
that are incorrectly predicted as positives.

4. Results

4.1. Phase 1: Data and variables study: classification and selection

From the set of variables shown in Table 1, the following variables were selected for this study: Time of the Working Day (T5), 
CNAE (B1), Company Staff (B2), Length of Service (B3), Health and Safety Preventive Organization (HSPO) (B4), Employment Status 
(B5), Risk Assessment (B6), Accident Location (C1), Usual Work (C2), Gender (P1), Age (P2), and Professional Status (P3). Climate 
variables were also included. The climate variables have four levels: Continental, Mediterranean, Oceanic, and Tropical. Each level 
represents one of the climatic zones in Spain according to the classification performed by López-Arquillos et al. [24].

Analysis of the correlations between the variables showed a low or very low correlation between the selected variables. A moderate 
correlation was observed only for variables B3-B5 and C2-C1.
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4.2. Phase 2: Heart attack accidents rate study. Descriptive analysis

Between 2009 and 2021, a total of 7,739,169 accidents occurred in Spain, of which 15,984 caused a heart attack, representing a 
very low percentage (0.207 %). However, if the mortality of this injury (3,165 deaths) is compared to the total number of fatal ac-
cidents during the study period (8,974 deaths), it represents a significantly high value (35.3 %). Regarding heart attack accidents, 19.8 
% resulted in the death of workers.

Table 2 shows the evolution of accidents associated with heart attacks during the study period according to severity. The rates for 
total, fatal, very serious, serious, and light accidents were determined and expressed as percentages. The total accident rate (TAR) was 
obtained by dividing the total number of accidents in category j of variable i by the total number of accidents. The light accident rate 
(LAR) was obtained by dividing the number of light accidents in category j of variable i by the total number of light accidents. The 
serious accident rate (SAR) was obtained by dividing the number of serious accidents in category j of variable i by the total number of 
serious accidents. The very serious accident rate (VSAR) was obtained by dividing the number of very serious accidents in category j of 
variable i by the total number of very serious accidents. Finally, the fatal accident rate (FAR) was obtained by dividing the number of 
fatal accidents in category j of variable i by the total number of fatal accidents. The total number of accidents and the proportion of 
accidents among the different severity groups remained constant over the study period, with an average of approximately 240 fatalities 
per year.

With regard to sex, 13,454 accidents occurred in men (84.2 %) and 2,531 in women (15.8 %); this proportion was higher in the case 
of fatal accidents, 92.3 % in men (2,921 deaths), and 7.7 % in women (244 deaths).

When accidents leading to heart attacks were analysed according to the nationality of the workers, most of the workers were 
Spanish (94 %). The remaining nationalities showed residual values, with the main ones being Romania (1.4 %), and Portugal, 
Morocco, and Bulgaria (0.6 % each). Another point of view is the distribution of heart attack accidents according to professional status 
(Table 3). Notably, the number of fatal heart attack accidents was proportionally reduced (11.7 %) compared to the total number of 
heart attack accidents (22.2 %) in the case of public workers.

A description of heart attack accidents concerning time variables shows that there is an even distribution of accidents from Monday 
to Friday, with slightly higher values on Mondays in terms of both total accidents (3,161 accidents, 19.8 %) and fatalities (649 deaths, 
20.5 %). The hours of the day when the highest number of heart attacks occurred were between 8:00 and 13:00 (48.3 % of total 
accidents and 39.7 % of fatal accidents). The highest number of accidents tended to occur in the first 4 h of the working day (64.1 % of 
total accidents and 57.7 % of fatal accidents).

In the last two columns of Table 4, the percentage of Fatal Heart Attack Accidents (FHAA) relative to the Total Heart Attack Ac-
cidents (THAA) and Fatal Accidents (FA) during the study period for each autonomous community is calculated. These values were 
compared with the mean for Spain during the study period (19.8 % FHAA/THAA and 35.3 % FHAA/FA). The high mortality rates when 
a heart attack occurred in the communities of the Balearic Islands (27.94 %), Valencia (24.31 %), and Castilla-La Mancha (23.15 %) 
should be noted. It is also worth noting the importance of mortality due to heart attacks in occupational accidents in the Canary Islands 
(45.73 %), Madrid (45.70 %), Melilla (42.86 %), and the Basque Country (41.45 %).

The evolution of heart attack accidents over time according to the CNAE is presented in Table 5. The economic sectors with the 
highest number of heart attacks are, in the first place, the “Health and Social Work Activities” sector (2,311 accidents), followed by 
“Transport and Warehousing” (2,245 accidents), “Manufacturing Industry” (2,098 accidents), and “Construction” (1,624 accidents). It 
is also important to note the subcategories “Non-perennial Crops” (86 deaths) and “Perennial Crops” (71 deaths), both belonging to the 
agricultural sector, where 43.4 % and 36.0 % of heart attacks, respectively, were fatal.

Table 6 provides a more detailed analysis of the CNAE (with the three-digit classification), identifying the subcategories with more 
than 300 accidents in the left columns and with over 60 deaths in the right columns during the study period to identify more specific 
subcategories that might lose their importance if a more general classification is analysed.

Table 2 
Evolution of heart attack accidents by severity.

Year Total accidents Light Serious Very serious Fatal

N TAR(%) N LAR(%) N SAR(%) N VSAR(%) N FAR(%)

15,984 100 6,951 100 5,302 100 566 100 3,165 100

2009 1,209 7.6 437 6.3 435 8.2 73 12.9 264 8.3
2010 1,301 8.1 495 7.1 505 9.5 56 9.9 245 7.7
2011 1,198 7.5 479 6.9 427 8.1 51 9.0 241 7.6
2012 1,179 7.4 497 7.2 439 8.3 54 9.5 189 6.0
2013 1,312 8.2 564 8.1 472 8.9 53 9.4 223 7.0
2014 1,211 7.6 542 7.8 402 7.6 43 7.6 224 7.1
2015 1,163 7.3 511 7.4 374 7.1 44 7.8 234 7.4
2016 1,246 7.8 549 7.9 382 7.2 44 7.8 271 8.6
2017 1,214 7.6 552 7.9 381 7.2 25 4.4 256 8.1
2018 1,326 8.3 627 9.0 394 7.4 38 6.7 267 8.4
2019 1,358 8,5 652 9.4 440 8.3 26 4.6 240 7.6
2020 1,120 7.0 519 7.5 320 6.0 27 4.8 254 8.0
2021 1,147 7.2 527 7.6 331 6.2 32 5.7 257 8.1
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The subcategories with the most heart attack accidents were “Hospital Activities,” “Road Haulage and Removal Services,” and 
“Public Administration and Economic and Social Policy,” each with more than 1,000 accidents. Regarding fatal accidents, “Road 
Haulage and Removal Services” recorded 323 deaths, and “Public Administration and Economic and Social Policy” recorded 200 
deaths during the study period.

4.3. Phase 3: Predictor model of heart attack accidents classification. Navïe Bayes algorithm and class prediction tool development

Following the two-stage algorithm described in the previous section, the results obtained using the developed NBC model are 
presented. The study analysed 15,616 valid samples, of which 80.3 % were non-fatal heart attack accidents (HAA) and 19.7 % were 
fatal heart attack accidents (FHAA).

Five different NBC models were run to determine the optimal sizes of the training and test datasets, with varying training-test 
sample ratios of 80–20, 70–30, 50-50, 30–70, and 20–80 in the first stage. These five models classified a sample as positive for the 
FHAA only if the posterior probability for that sample was higher in the FHAA class than in the negative class (HAA). Fig. 4 presents the 
results. The dataset was ultimately split into a training sample of 70 % and a test sample of 30 % (Split 70_30 model) based on the 
values of the confusion matrix (see Fig. 4a), the GPS index value, and the lower bound of the confidence interval for the estimate of the 
area under the ROC curve (AUC ROC) for each model, with a 95 % confidence interval. The AUC ROC and GPS index values of the Split 
70-30 model were higher than 0.5 (Fig. 4b).

The final selection of the NBC model occurs in the second stage. Eight NBC models were developed to detect a high number of 
positive cases (FHAA). A sample was assigned to the FHAA class if the posterior probability of belonging to that class, derived from the 
selected model in stage 1 (split 70-30 %), met or exceeded thresholds of 0.45, 0.40, 0.35, 0.30, 0.25, 0.20, 0.15, and 0.10. The selection 
process involved analysing the confusion matrix values and the metrics outlined in the methodology section. The model with a 
threshold of 0.25 (Severity 25) was deemed the most appropriate. This decision was based on the confusion matrix values, the GPS 
index, and the lower bound of the confidence interval for the area under the ROC curve (AUC ROC), all evaluated with a 95 % 
confidence interval. The AUC ROC and GPS indices of the Severity 25 model were higher than 0.5. The results are shown in Figs. 5–7.

Table 3 
Heart attacks accidents (total and fatal) by professional status (2009–2021).

Professional status Total accidents Fatal accidents

N TAR(%) N FAR(%)

15,984 100 6,951 100

Private sector employees 12,040 75.3 3,165 85.6
Public sector employees 3,548 22.2 370 11.7
Self-employed with and without workers 396 2.5 85 2.7

Table 4 
Heart attacks accidents by autonomous communities (2009–2021).

Autonomous 
communities

Total Heart 
Attack 
Accidents 
(THAA)

Autonomous 
communities

Fatal 
Accidents 
(FA)

Autonomous 
communities

Fatal Heart 
Attack 
Accidents 
(FHAA)

FHAA/ 
THAA

FHAA/ 
FA

N % N % N % % %

15,984 100 8,974 100 3,165 100

Andalusia 3,034 19.0 Andalusia 1,415 15.8 Andalusia 524 16.6 17.27 37.03
Aragon 730 4.6 Aragon 369 4.1 Aragon 128 4.0 17.53 34.69
Asturias 712 4.5 Asturias 241 2.7 Asturias 81 2.6 11.38 33.61
Balearic Islands 136 0.9 Balearic Islands 123 1.4 Balearic Islands 38 1.2 27.94 30.89
Canary Islands 718 4.5 Canary Islands 293 3.3 Canary Islands 134 4.2 18.66 45.73
Cantabria 202 1.3 Cantabria 130 1.4 Cantabria 40 1.3 19.80 30.77
Catalonia 2,023 12.7 Catalonia 1,358 15.1 Catalonia 434 13.7 21.45 31.96
Castille Leon 1,003 6.3 Castille Leon 642 7.2 Castille Leon 208 6.6 20.74 32.40
Castille La Mancha 527 3.3 Castille La Mancha 462 5.1 Castille La Mancha 122 3.9 23.15 26.41
Valencia 1,296 8.1 Valencia 886 9.9 Valencia 315 10.0 24.31 35.55
Extremadura 436 2.7 Extremadura 220 2.5 Extremadura 86 2.7 19.72 39.09
Galicia 1,299 8.1 Galicia 818 9.1 Galicia 248 7.8 19.09 30.32
La Rioja 173 1.1 La Rioja 79 0.9 La Rioja 28 0.9 16.18 35.44
Madrid 2,010 12.6 Madrid 965 10.8 Madrid 441 13.9 21.94 45.70
Murcia 478 3.0 Murcia 328 3.7 Murcia 94 3.0 19.67 28.66
Navarre 245 1.5 Navarre 160 1.8 Navarre 44 1.4 17.96 27.50
Basque Country 872 5.5 Basque Country 468 5.2 Basque Country 194 6.1 22.25 41.45
Ceuta 47 0.3 Ceuta 10 0.1 Ceuta 3 0.1 6.38 30.00
Melilla 43 0.3 Melilla 7 0.1 Melilla 3 0.1 6.98 42.86
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Table 5 
Trend of the number of fatal accidents by CNAE with higher number of heart attack accidents (2009–2019).

CNAE 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021 TOTAL

Agriculture, livestock, forestry, and fisheries 46 48 51 62 56 66 67 70 65 67 72 68 59 797
Manufacturing Industry 180 168 174 149 184 165 132 133 156 172 174 169 142 2,098
Construction 150 154 133 100 99 86 112 117 113 133 149 134 144 1,624
Wholesale and retail trade; repair of motor vehicles and motorbikes 118 119 126 127 135 112 124 135 109 129 127 104 128 1,593
Transport and warehousing 151 147 146 148 185 149 152 205 172 205 218 171 196 2,245
Health and social work activities 181 207 157 212 217 192 161 181 161 186 178 132 146 2,311
Real estate, professional, scientific, technical, administrative, and support service activities 106 142 118 104 115 99 102 108 114 112 101 101 77 1,399
Rest of activities 277 316 293 277 321 342 313 297 324 322 339 241 255 3,917
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The NBC procedure does not elucidate how the predictors affect the probability of a predicted response. However, examining the 
cross-reference tables between the predictors and the predicted values can offer a meaningful understanding. Tables 7 and 8 present 
the results of the contingency table analysis for each predictor variable and the predicted class values for the Severity 25 NBC model, 
respectively. The highest values within each category of the predictor variables are highlighted in bold.

A VBA Excel application was developed based on the selected NBC model and its results. This application allows for the selection of 
predictor variable levels and classifies samples into the FHAA or HAA categories. Fig. 8 displays the results obtained from applying two 
different samples.

Using the VBA Excel application, the combination of Gender (female), Professional Status (Civil servant), HSPO (No prevention 
organisation), Accident Location (Usual workplace), Length of Service (>12 months), Risk Assessment (Yes), Employment Status 
(Permanent contracts), Company Staff (>25), Usual Work (Usual workplace), Time of Work Day (07:00 to 15:00 h), Age (>50), 
Climate (Tropical), and CNAE (Real estate, professional, scientific, technical, administrative, and support service activities) predicts a 
probability of 0.99 for the non-fatal heart attack accident (HAA) class. Conversely, the probability of the Fatal Heart Attack Accident 
(FHAA) class is 0.91 for Gender (male), Professional Status (Self-employed), HSPO (Own prevention service), Accident Location 
(Moving between areas), Length of Service (<12 months), Risk Assessment (No), Employment Status (Temporary contracts), Company 
Staff (5–25), Usual Work (Usual work), Time of Work Day (Rest of hours), Age (>50), Climate (Mediterranean), and CNAE (Transport).

5. Discussion

Regarding the impact of company characteristics and employment contracts on the incidence of workplace heart attacks, the results 

Table 6 
Total and fatal heart attack accidents by CNAE (three-digit classification).

CNAE Description Total accidents CNAE Description Fatal 
accidents

N TAR 
(%)

N FAR 
(%)

861 Hospital activities 1,639 10.3 494 Road haulage and removal services 323 10.2
494 Road haulage and removal services 1,287 8.1 841 Public administration and economic and social 

policy
200 6.3

841 Public administration and economic and social 
policy

1,148 7.2 432 Electrical, plumbing, and other installations on 
construction sites

98 3.1

493 Other land passenger transport 393 2.5 11 Non-perennial crops 86 2.7
412 Building Construction 622 3.9 12 Perennial crops 71 2.2
432 Electrical, plumbing, and other installations on 

construction sites
396 2.5 801 Private security activities 71 2.2

812 Cleaning activities 350 2.2 463 Wholesale trade in food, beverages, and tobacco 
products

67 2.1

801 Private security activities 298 1.9 493 Other land passenger transport 64 2.0
463 Wholesale trade of food, beverages, and tobacco 296 1.9 812 Cleaning activities 61 1.9

Fig. 3. Spearman’s correlation coefficients chart of the predictor variables used in the study. Source: Own elaboration.

A. Sánchez-Lite et al.                                                                                                                                                                                                 Heliyon 10 (2024) e37647 

10 



align with the distribution of workers across the public and private sectors. However, it is noteworthy that mortality rates do not follow 
the same proportionality, being higher among private sector employees (85.6 % fatal heart attacks and 75.3 % total heart attacks). 
Several studies have demonstrated a link between physical workload [115–117], working conditions [118–121], awareness of cardiac 
symptoms and appropriate responses [122,123], and the risk of heart attacks. This observation may be connected to how these factors 
interact with the work performed in different sectors.

In addressing which sectors in Spain have a higher incidence of myocardial infarctions at work, the study reveals that the sectors 
with the highest number of heart attacks are ‘Health and social work’, followed by ‘Transport and storage’, ‘Manufacturing’, and 
‘Construction’. This finding partially corroborates other studies linking risk factors for heart attacks to specific economic sectors [124,
125]. Conversely, when comparing the data on total and fatal heart attacks, it is notable that of the 1,639 accidents in the “861 Hospital 

Fig. 4. Initial NBC model selection. (a) Values of true positives (TP), false positives (FP), false negatives (FN), and true negatives (TN) for each 
model. (b) Values of the quality metrics used Source: Own elaboration.

Fig. 5. Final NBC model selection. Values of true positives (TP), false positives (FP), false negatives (FN), and true negatives (TN) for each model. 
Source: Own elaboration.
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activities” sub-category, only 55 were fatal (3.4 %). This may be expected, as hospital services are more likely to detect and respond to 
heart attacks promptly. In contrast, the agricultural sector shows a lower overall incidence of heart attack accidents but a higher 
percentage of fatal incidents, as previously reported by Cuguero-Escofer et al. in Spain [79].

Regarding the question of who is most at risk of a heart attack, this study found a lower incidence rate of heart attacks and fatal 
heart attack accidents among females compared to males, which is consistent with findings from other research [50,60,126,127]. The 
study also revealed that the age group with the highest number of workplace heart attacks was individuals over the age of 50. The 
World Health Organization (WHO) classifies Spain as having a low risk of cardiovascular mortality; however, it also notes an increased 
risk for individuals over 50 years old [128].

In addressing when myocardial infarctions occur at work, the results related to the time variable suggest that the number of early- 
morning and Monday myocardial infarctions reported could be associated with the “weekday effect” or “Monday effect,” as described 
by other researchers in Spain [129] and internationally [51,130].

In response to the research question regarding whether there are differences in the number of heart attacks at work across different 
regions of Spain, the geographical distribution of fatal accidents is a significant factor [131]. Spain is divided into 17 autonomous 
communities and two autonomous cities (Ceuta and Melilla). Although no direct correlation has been established between the number 
of employees and the number of accidents per year in each autonomous community, it can be generally stated that there is a rela-
tionship between the active population [132] and the incidence of heart attacks: the more active the population, the more heart attacks 
tend to occur.

Table 8 indicates that the number of FHAA is highest in the Mediterranean climate, but the distribution of heart attack accidents 
(HAA-FHAA) is relatively balanced across all climates. The available data suggest that further investigation may be necessary to fully 
address the research question concerning the climate variable. Additionally, scientific literature points to high daytime temperatures 
and the impact of climate change as potential risk factors for fatal heart attacks [133–135].

The VBA Excel application assists in determining which combinations of predictor variable levels forecast a higher probability for 
each class. It can be interpreted that a man over 50 years old, working in a small company with its own risk-prevention system but 
without a specific risk-prevention programme, being self-employed, with less than a year of experience in the same company, and 

Fig. 6. Final NBC model selection. Values of the quality metrics used. Source: Own elaboration.
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working in the transport sector within a Mediterranean climate could represent the profile with the highest risk of suffering a fatal 
heart attack accident (FHAA).

Additionally, it is noteworthy that the analysis of heart attack accidents at work during the study period, excluding the numerous 
fatal accidents, shows that the average duration of sick leave is 160.3 d, with a standard deviation of 114.5 (skewness coefficient of 
0.789 and kurtosis of 0.503). Consistent with other studies [136–140], this result highlights the dual social and economic incentives for 
companies to implement measures for detecting coronary heart disease in their workers.

Regarding the proposed Naive Bayes model, the class distribution of the dataset of valid samples (80 % HAA and 20 % FHAA) was 
consistent with that of the dataset available in the database, which recorded the total number of heart attack accidents for the period 
under consideration. The distribution of samples between the training and test datasets can influence the quality of the Naive Bayes 
model, and several studies recommend examining the extent of data imbalance [112,113,141,142] This is particularly crucial when 
dealing with imbalanced data [143]. In this study, the ratio between positive and negative cases (IR) was 4.05, which is considered 
slightly unbalanced (IR < 9) [126]. To assess the impact of the training-test ratio, five models were developed. The GPS index values 
and the area under the ROC curve did not reveal significant differences between the models (see Fig. 4b). It is important to note that 
lowering the threshold for positive results will increase the number of false positives and decrease the number of true negatives 
detected. Several studies have suggested that the 70–30 ratio is typically associated with favourable outcomes [144–146]. Taking all 
these factors into account, the Split 70-30 model was chosen as the output of the first stage of the proposed Naive Bayes classifier 
algorithm.

To detect the maximum number of positive cases (FHAA), the proposed two-stage NBC algorithm incorporates a second stage. 
Considering the imbalance of the dataset and adhering to the recommendations of several authors [103,113,147,148], a GPS index 
comprising three indicators that account for the four values of the Confusion Matrix (MMC, UPM, and ARI) was employed. The GPS 
index reached its highest value (0.56) in four of the eight proposed models: Severity_35, Severity_30, Severity_25, and Severity_20 (see 
Fig. 6). Severity_25 was chosen as the final model due to its superior values for the ARI and UPM indices. Additionally, this model 
exhibited the highest area under the ROC curve (0.61). However, the validity of using this metric with unbalanced data is contested by 
some researchers [107–109,149,150]. The model selected in stage 2 (Severity_25) correctly identified 39 % more true-positive cases 
compared to the model selected in stage 1 (Split 70-30 %). Conversely, it accurately identified 28 % fewer true-negative cases (see 
Fig. 7). This model represents a balance between various values of the confusion matrix.

However, the independence condition assumed by the Naive Bayes classifier (NBC) model, along with the low correlation between 

Fig. 7. Final NBC model selection. Comparison of initial (training and test samples) and final NBC models in terms of the percentage of true correct 
cases for each class. Source: Own elaboration.
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variables, mitigates issues of overfitting [151]. Fig. 3 illustrates the very low correlation among the variables in the model. The 
developed model showed a negligible difference between the total percentage of correct predictions for the training sample (73.30 %) 
and the test sample (73.2 %). The Brier Score Loss (BSL) index [152,153] is a probabilistic metric that penalises overfitting [154]. The 
BSL index value for the FHAA class (0.159) indicates that the model is acceptably calibrated, suggesting no significant overfitting 
problems.

Table 7 
Cross-reference tables between B3, P3, B4, C1, C2, B5, and B2 predictor variables and predicted class value for Severity 25 NBC model.

B3_LENGTH_OF_SERVICE Severity_25 Total

0 1

N % N % N %

<12 Months 1,375 13.40 % 2,461 45.90 % 3,836 24.60 %
>12 Months 8,881 86.60 % 2,899 54.10 % 11,780 75.40 %
Total 10,256 100 % 5,360 100 % 15,616 100 %

P3_PROFESSIONAL STATUS Severity_25 Total

0 1

N % N % N %

Salaried 6,858 66.90 % 5,182 96.70 % 12,040 77.10 %
Civil servant 3,385 33.00 % 163 3.00 % 3,548 22.70 %
Self-employed 13 0.10 % 15 0.30 % 28 0.20 %
Total 10,256 100 % 5,360 100 % 15,616 100 %

B4_HSPO Severity_25 Total

0 1

N % N % N %

External Prevention Service 10,183 99.30 % 5,026 93.80 % 15,209 97.40 %
Joint Prevention Service 13 0.10 % 14 0.30 % 27 0.20 %
Own Prevention Service 1 0.00 % 101 1.90 % 102 0.70 %
Designated Workers 28 0.30 % 219 4.10 % 247 1.60 %
No Preventive Organization 31 0.30 % 0 0.00 % 31 0.20 %
Total 10,256 100 % 5,360 100 % 15,616 100 %

C1_ACCIDENT_LOCATION Severity_25 Total

0 1

N % N % N %

Usual workplace 9,556 93.20 % 2,209 41.20 % 11,765 75.30 %
Moving between areas 290 2.80 % 2,140 39.90 % 2,430 15.60 %
Going to or coming from worksite 112 1.10 % 407 7.60 % 519 3.30 %
Different workplace 298 2.90 % 604 11.30 % 902 5.80 %
Total 10,256 100 % 5,360 100 % 15,616 100 %

C2_USUAL_WORK Severity_25 Total

0 1

N % N % N %

Usual Workplace 9,854 96.10 % 2,813 52.50 % 12,667 81.10 %
Not Usual Workplace 402 3.90 % 2,547 47.50 % 2,949 18.90 %
Total 10,256 100 % 5,360 100 % 15,616 100 %

B5_EMPLOYMENT_STATUS Severity_25 Total

0 1

N % N % N %

Permanent contracts 8,538 83.20 % 3,067 57.20 % 11,605 74.30 %
Temporary contracts 1,718 16.80 % 2,293 42.80 % 4,011 25.70 %
Total 10,256 100 % 5,360 100 % 15,616 100 %

B2_COMPANY_STAFF Severity_25 Total

0 1

N % N % N %

≤5 849 8.30 % 1,307 24.40 % 2,156 13.80 %
>5 to 25 1,514 14.80 % 1,932 36.00 % 3,446 22.10 %
> 25 7,893 77.00 % 2,121 39.60 % 10,014 64.10 %
Total 10,256 100 % 5,360 100 % 15,616 100 %
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Regarding the study’s limitations, it is important to acknowledge the absence of data on the personal habits or health status of the 
casualties. Additionally, there are limitations associated with the NBC algorithm itself [151,155,156]. Although most variables showed 
a low correlation (Fig. 3), the model retains variables such as Length of Service-Personal Status and Usual Work-Accident Location 
despite their moderate correlation to ensure comprehensive information retention. Data imbalance may also be a limitation of this 
study. In this case, the imbalance was considered minimal. Previous studies have addressed similar issues by developing NBC models 
with attribute-weighted methods [157,158] or dependency-oriented aggregation methods [159], and by employing under-sampling 
and over-sampling balancing class algorithms to enhance models with imbalanced datasets [143,160–164].

Table 8 
Cross-reference tables between P1, B6, T5, P2, B1, and Climate predictor variables and predicted class value for Severity 25 NBC model.

P1_GENDER Severity_25 Total

0 1

N % N % N %

Male 7,833 76.40 % 5,277 98.50 % 13,110 84.00 %
Female 2,423 23.60 % 83 1.50 % 2,506 16.00 %
Total 10,256 100 % 5,360 100 % 15,616 100 %

B6_RISK_ASSESSEMENT Severity_25 Total

0 1

N % N % N %

No 3,880 37.80 % 1,445 27.00 % 5,325 34.10 %
Yes 6,376 62.20 % 3,915 73.00 % 10,291 65.90 %
Total 10,256 100 % 5,360 100 % 15,616 100 %
T5_TIME_WORKING DAY Severity_25 Total

0 1

N % N % N %

7:00 to 15:00 Hours 7,562 73.70 % 3,136 58.50 % 10,698 68.50 %
Rest of Hours 2,694 26.30 % 2,224 41.50 % 4,918 31.50 %
Total 10,256 100 % 5,360 100 % 15,616 100 %

P2_AGE Severity_25 Total

0 1

N % N % N %

≤35 486 4.70 % 236 4.40 % 722 4.60 %
36–50 3,410 33.20 % 2,225 41.50 % 5,635 36.10 %
> 50 6,360 62.00 % 2,899 54.10 % 9,259 59.30 %
Total 10,256 100 % 5,360 100 % 15,616 100 %

B1_CNAE Severity_25 Total

0 1

N % N % N %

Agriculture, livestock, forestry, and fisheries 27 0.30 % 696 13.00 % 723 4.60 %
Manufacturing Industry 1,569 15.30 % 504 9.40 % 2,073 13.30 %
Construction 436 4.30 % 1,140 21.30 % 1,576 10.10 %
Commercial activities 988 9.60 % 543 10.10 % 1,531 9.80 %
Transport 861 8.40 % 1,320 24.60 % 2,181 14.00 %
Health and social work activities 2,300 22.40 % 7 0.10 % 2,307 14.80 %
Real estate, professional, scientific, technical, administrative, and support service activities 845 8.20 % 516 9.60 % 1,361 8.70 %
Rest of activities 3,230 31.50 % 634 11.80 % 3,864 24.70 %
Total 10,256 100 % 5,360 100 % 15,616 100 %
CLIMATE Severity_25 Total

0 1

N % N % N %

Continental 1,244 12.10 % 556 10.40 % 1,800 11.50 %
Mediterranean 6,332 61.70 % 3,427 63.90 % 9,759 62.50 %
Oceanic 2,368 23.10 % 1,219 22.70 % 3,587 23.00 %
Tropical 312 3.00 % 158 2.90 % 470 3.00 %
Total 10,256 100 % 5,360 100 % 15,616 100 %
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6. Conclusions

Heart attack accidents at work, particularly fatal ones, are significant issues with considerable social and economic implications. 
According to the Delta@ database, men in Spain are more affected. A higher number of cases were observed in the private sector, 
especially in small companies lacking a specific risk management plan, and among individuals with less seniority. The sectors with the 
highest number of cases, both non-fatal and fatal, included health and social work, transport, manufacturing, and construction.

These findings highlight the need for enhanced supervision of working conditions and the development of effective risk man-
agement plans specifically tailored to small private companies, which constitute a significant portion of businesses in Spain. Addi-
tionally, it is crucial to provide workers with thorough training on this risk from the outset of their employment. This is particularly 
pertinent to the construction, healthcare, social work, transport, and manufacturing sectors. In other sectors, such as agriculture, it is 
essential to focus not only on the number of reported heart attacks but also on the number of fatal incidents to mitigate their impact.

A model has been developed to assist companies in estimating the likelihood of a heart attack accident at work being fatal and to 
classify it accordingly as fatal or non-fatal. This model considers factors such as the company’s activity, sector, size, preventive 
organisation, as well as the age, sex, length of service, and type of contract of the employee. It allows a company to be assessed based on 
these variables to determine the probability of an employee experiencing a fatal or non-fatal heart attack at work. The model calculates 
this probability using historical data from the Delta@ database, which can be utilised in periodic health surveillance reviews by 
companies to monitor, prevent, and devise strategies for reducing heart attack incidents in the workplace.

In conclusion, the findings of this study can assist in the development of strategies for monitoring and preventing heart attacks at 
the workplace.

For future research, it would be valuable to investigate the personal habits or health status of the individuals involved in addition to 
the predictive factors considered in this study. Furthermore, employing Naive Bayes models with attribute-weighted methods could 
help relax the independence assumption, and applying under-sampling and over-sampling balancing class algorithms could improve 
models dealing with unbalanced datasets.
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[23] M.A. Camino-López, D.O. Ritzel, I. Fontaneda, O.J. González-Alcantara, Construction industry accidents in Spain, J. Saf. Res. 39 (2008) 497–507, https://doi. 

org/10.1016/j.jsr.2008.07.006.
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