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ABSTRACT: This study examines the relationship between occupational stress-related leaves, classified under International 
Classification of Diseases code F43, and socioeconomic factors such as unemployment, income inequality, and worker income in 
Brazil from 2012 to 2022. Work-related stress disorders, especially those involving severe stress reactions and adjustment disorders, 
are big problems for occupational health. Bad working conditions and differences in income can make these problems worse. This 
research utilized secondary data from official Brazilian databases to perform time-series analyses and structural equation modeling. 
Results revealed a decline in stress-related leaves during the COVID-19 pandemic, likely influenced by remote work adoption and 
reduced exposure to workplace hazards. Structural modeling identified key relationships: unemployment rates and occupational 
risk exposure were positively associated with stress-related leaves, while higher income levels were protective. Unexpectedly, 
income inequality influenced aggression-related leaves but had no significant direct impact on stress-related leaves. These findings 
underscore the multifaceted impact of socioeconomic and workplace factors on occupational health, highlighting the need for 
policies addressing mental health at work and fostering equitable labor conditions. The study also identifies limitations, including 
potential underreporting and the exclusion of demographic nuances. Future research should adopt a multidisciplinary approach and 
consider disaggregated data to enhance understanding and intervention strategies. 

Keywords: Occupational stress; Socioeconomic factors; Workplace mental health; Unemployment; Income inequality; Health and 
safety at work 
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1. Introduction 

Work-related mental disorders represent a growing challenge, particularly in contexts of intense work pressures, 
adverse conditions, and increasing social tension [1,2]. The impact of these conditions is exacerbated by the 
precarization of labor relations, including temporary contracts, exhausting working hours, and organizational practices 
prioritizing results over workers’ well-being [3–6], especially in countries where social and economic instability are 
prevalent, such as Brazil [7,8]. 

In Brazil, when recognized as a work-related illness, mental disorders can be equated to occupational accidents 
[9,10]. This equivalence serves as an important protective mechanism, ensuring workers access to occupational benefits 
and the possibility of leave with social security support [1]. In this context, “work leave” refers to the temporary absence 
from work due to a health condition that prevents the employee from performing their regular duties. When a mental 
disorder is recognized as work-related, it is classified as an occupational disease or deemed equivalent to a work-related 
accident [1]. This classification is essential because it enables the worker to access specific social security benefits, such 
as leave due to work-related illness and accident insurance. These benefits ensure financial support during the period 
of absence while the worker receives appropriate treatment. Additionally, including these cases in official databases 
facilitates the monitoring of their incidence and progression over time. 

Among work-related mental disorders, stress-centered conditions occupy a prominent position. The work 
environment can amplify risk factors such as overload, tight deadlines, job instability, and interpersonal conflicts [2,11]. 
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Consequently, stress-related disorders emerge as paradigmatic examples of the adverse consequences of dysfunctional 
work environments, linking broader social demands to the direct impact on workers’ mental health [4]. 

Stress-related disorders, particularly those classified under International Classification of Diseases (ICD F43), such as 
Severe Stress Reactions and Adjustment Disorders, exemplify the consequences of work-related pressure [4]. These 
diagnoses range from acute stress episodes to chronic difficulties in adapting to changes or adversities [4,12], often 
related to factors such as workplace bullying, work overload, and lack of professional recognition [2]. 

The ICD F43 category, which includes Post-Traumatic Stress Disorder (PTSD) and Adjustment Disorders, is 
particularly relevant in the context of work-related illnesses. PTSD, for instance, can arise in workers exposed to 
traumatic events, such as severe accidents, workplace violence, or disasters [13]. Symptoms include reliving the event, 
hypervigilance, and avoidance of trauma-associated situations [14]. Meanwhile, Adjustment Disorders reflect 
difficulties in coping with changes or adverse conditions, such as organizational restructuring, mass layoffs, or 
interpersonal conflicts [15,16]. 

Factors associated with ICD F43 include both organizational and individual elements. Excessive pressure for 
results, intense work rhythms, unhealthy or hazardous environments, poor interpersonal relationships, and exposure to 
bullying or violence are recurring factors [12]. In some cases, the interaction of these factors leads to chronic stress, 
affecting not only mental health but also workers’ quality of life and productivity [4,11,12]. These factors are also 
closely linked to conditions described in other ICD categories, such as exposure to violence and aggression (X85–Y09) 
and exposure to occupational risk factors (Z57). 

Contextually, unemployment and inequality are socioeconomic factors with a significant impact on workers’ 
mental health, affecting both those who directly face these conditions and those living under the threat or pressure they 
create [3,7,8]. These elements interact in complex ways with labor conditions, financial stability, and psychological 
well-being, contributing to increased vulnerability to mental disorders. 

Unemployment, often associated with insecurity, loss of professional identity, and financial difficulties, can trigger 
or exacerbate anxiety, depression, and stress, affecting psychological and social well-being [17,18]. Work, in addition 
to providing sustenance, offers purpose and belonging, and its absence can lead to feelings of uselessness, social 
isolation, and low self-esteem [17,19]. The pressure to compete for new opportunities in a challenging job market 
heightens these effects, especially in contexts of high unemployment rates. Simultaneously, inequality and disparities 
in wages and social status deepen tensions among workers, generating perceptions of injustice and devaluation that 
often result in psychological distress [6,20–22]. In this scenario, income levels play a protective role, as better economic 
conditions can mitigate negative impacts, providing greater stability and access to resources that promote mental health 
and well-being [23–26]. 

Given this scenario, it becomes essential to deepen the understanding of how labor, social, and economic factors 
interact to influence workers’ mental health. Thus, social security records of leave due to stress-related occupational 
conditions are fundamental tools for this analysis, as they provide objective and systematized data on the incidence of 
these conditions in the work context. Additionally, these records enable the analysis of relationships with socioeconomic 
indicators, such as unemployment rates, inequality, and income levels. 

In this context, this study aimed to analyze the relationships between leaves due to occupational stress, classified under 
ICD F43, and social factors such as unemployment rates, inequality, and workers’ income based on official indicators. 
Furthermore, it seeks to investigate the interaction between different occurrences of ICD categories, such as exposure. 

Hypotheses 

(1) H1—Leaves Due to Stress (LS):  

a. H1.1—Unemployment (U) increases LS, as a significant source of stress.  
b. H1.2—Inequality (I) increases LS, due to the psychological impact of inequality.  
c. H1.3—Income (I) reduces LS, as it protects mental health in prosperous scenarios.  
d. H1.4—Aggression (A) and Occupational Risks (OR) increase LS, due to the psychological impacts of 

violence and work insecurity. 
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(2) H2—Leaves Due to Aggression (A): 

a. H2.1—Unemployment (U) increases A, due to the psychological and social impact of unemployment.  
b. H2.2—Inequality (I) increases A, due to social tensions related to inequality.  
c. H2.3—Income (I) reduces A, due to better economic conditions.  

(3) H3—Leaves Due to Exposure to Occupational Risks (OR): 

a. H3.1—Unemployment (U) reduces OR, due to decreased activities in risk sectors during periods of high unemployment.  
b. H3.2—Inequality (I) increases OR, due to poorer working conditions in unequal contexts.  
c. H3.3—Income (I) reduces OR, due to increased investments in occupational safety. 

2. Materials and Methods 

The study employs an exploratory method, analyzing secondary data obtained from public databases.  

2.1. Databases 

2.1.1. AEPS InfoLogo 

A system that enables access and customization of tables based on data from the Statistical Yearbook of Social 
Security (AEPS), an official report by the Brazilian government that provides detailed information on social security, 
including welfare and occupational benefits [27]. The AEPS is produced by the Ministry of Social Security, offering a 
comprehensive and structured database on the dynamics of granting benefits related to illnesses, work accidents, and 
occupational leaves. 

2.1.2. SIDRA (Sistema IBGE de Recuperação Automática—IBGE Automatic Recovery System)  

A platform by the Brazilian Institute of Geography and Statistics (IBGE) used to access social indicators such as 
the Gini Index (income inequality) and the real monthly income of workers [28]. The Gini Index was selected as it is a 
measure of inequality that evaluates income distribution within a population [29]. It ranges from 0 to 1, where 0 
represents complete equality (everyone has the same income), and 1 represents maximum inequality (a single person 
holds all income) [30]. In this study, the Gini Index was used to represent income inequality in Brazil. 

2.1.3. PNAD (Pesquisa Nacional por Amostra de Domicílios—National Household Sample Survey)  

This source was used to obtain data on unemployment rates in Brazil between 2012 and 2022 [31]. The PNAD is 
a survey conducted by IBGE to collect detailed information on the socioeconomic characteristics of the Brazilian 
population. Conducted periodically, the PNAD includes data that allow analyses on topics such as employment, income, 
education, migration, housing, and access to public services. For this study, the PNAD provided data on unemployment 
rates, a key indicator for understanding the state of Brazil’s labor market. The unemployment rate reflects the proportion 
of economically active individuals who are unemployed, and its variation over time can indicate changes in labor market 
stability and worker vulnerability. 

The databases used for this study did not allow for the disaggregation of data by demographic characteristics such 
as gender, age, or profession. Table 1 summarizes the data sources utilized in this study and specifies the corresponding 
variables obtained from each database. 

Table 1. Data Sources and Variables. 

Database Data 
AEPS InfoLogo Work leave data by ICD, by year 

SIDRA 
Gini Index, by year 

Monthly and annual Income rates 
PNAD Monthly and annual unemployment rates 

2.2. Procedures 

The data were extracted from the aforementioned databases and organized into a single repository, integrating 
information on occupational stress-related leaves (AEPS InfoLogo), income inequality and wage mass (SIDRA), and 
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unemployment rates (PNAD). The systematization ensured temporal consistency and comparability of variables across 
the years 2012 to 2022. 

2.3. Data Analysis 

A non-parametric time series analysis was employed to identify trends in the data. Mann-Kendall and Sen’s Slope 
tests, implemented in R using the “trend” package, were applied to verify monotonic changes over the analyzed period. 
The Mann-Kendall test is a non-parametric method used to identify monotonic trends in time series, assessing whether 
the series’ values show consistent increases or decreases over time [32]. It is particularly suitable for short series and 
data that do not meet normality assumptions. Results include a coefficient (S), indicating the trend’s direction (positive for 
an increase, negative for a decrease), and a p-value to verify statistical significance (p < 0.05 indicates a significant trend). 

The Sen’s Slope estimator complements the Mann-Kendall test by providing an estimate of the trend’s slope, 
representing the rate of change over time [33]. It is robust to outliers and calculates the median of the slopes between 
all observation pairs. A positive value indicates an increasing trend, while a negative value indicates a decreasing trend 
in the analyzed variable. These methods were chosen for their robustness in time series analysis, as they are unaffected 
by strict normality assumptions, providing reliable results within this study’s context. 

To evaluate the relationship between socioeconomic factors (income inequality, wages, and unemployment rates) 
and occupational stress-related leaves, Structural Equation Modeling (SEM) was used. This approach allows for 
simultaneous analysis of multiple relationships between observed and latent variables, integrating different sources of 
variability into a single theoretical model. The Weighted Least Square Mean and Variance Adjusted (WLSMV) method 
was employed as the main estimator, considering potential deviations from multivariate normality in the data [34]. 

Model quality was assessed using fit indices such as chi-square (χ2), which measures the global fit of the model 
by comparing observed and expected data; ideally, it should not be statistically significant [35,36]. Additionally, the 
Comparative Fit Index (CFI) and Tucker-Lewis Index (TLI) were calculated, with values above 0.90 indicating 
satisfactory fit [37,38]. The Root Mean Square Error of Approximation (RMSEA) was used to assess the average 
discrepancy per degree of freedom [39], while the Standardized Root Mean Square Residual (SRMR) was employed to 
evaluate the average standardized difference between observed and predicted values [40], with values below 0.08 
indicating good fit. These cutoff points were interpreted considering confidence intervals and other psychometric 
indicators as proposed by McNeish et al. [41]. Estimated coefficients were accompanied by 95% confidence intervals, 
allowing for evaluation of the precision and statistical significance of modeled relationships. 

3. Results 

3.1. Descriptive Statistics 

Table 2 presents annual data spanning from 2012 to 2022, covering measures related to work leave and key 
socioeconomic indicators. The work leave figures are further divided into three distinct categories, while the economic 
indicators include a measure of unemployment, an index reflecting income inequality, and an estimate of the average 
annual income per worker in Brazilian Reais. 

Table 2. Descriptive data. 

Year 
Work Leave 

UR GI IR * 
SL AL OR 

2012 7892.00 1985.00 2436.00 7.40 0.54 10,661.33 
2013 9121.00 1943.00 2630.00 6.30 0.53 11,927.75 
2014 9217.00 1770.00 3082.00 4.80 0.53 13,218.67 
2015 11,118.00 1836.00 3409.00 6.90 0.52 13,909.67 
2016 11,031.00 1810.00 3039.00 9.60 0.54 14,982.00 
2017 10,020.00 1947.00 2823.00 12.70 0.54 15,519.67 
2018 8807.00 2366.00 2495.00 12.30 0.55 16,731.67 
2019 6893.00 2116.00 2370.00 12.20 0.54 17,727.08 
2020 3658.00 1408.00 1709.00 11.40 0.52 17,282.08 
2021 4084.00 1776.00 1635.00 14.50 0.54 18,120.92 
2022 3485.00 2180.00 1612.00 11.20 0.52 21,094.08 

Meam 7756.91 1921.55 2476.36 9.94 0.53 15,561.36 
SD 2855.50 251.98 612.71 3.14 0.01 3032.33 

Note: SL = stress-related leaves; Al = aggression-related leaves; OR = leaves due to occupational risk exposure (OR); UR = 
unemployment rate; GI = Gini Index; IR = income rate; * = annual income rate per worker, in Reais (BRL). 
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3.2. Time Series Analysis 

The Mann-Kendall test indicated a moderate negative trend in the time series of “Severe Stress Reactions” (τ = 
−0.491; p = 0.043), demonstrating a statistically significant decrease over time. The Sen’s Slope estimate pointed to an 
average annual reduction of approximately 629.63 cases per year. These results suggest a consistent decline in cases of 
severe stress reactions between 2012 and 2022 (Figure 1). 

 

Figure 1. Temporal series and trends. 

The trend analysis for the “Aggression” series did not yield significant results. The Mann-Kendall test revealed a 
slightly positive but insignificant trend (τ = 0.054; p = 0.876), while the Sen’s Slope estimated an average increase of 
just one case per year. These results indicate that aggression cases remained relatively stable during the analyzed period. 

Results for the “Occupational Exposure to Risk Factors” series showed a strong and statistically significant 
negative trend. The Mann-Kendall test presented a value of τ = −0.600; p = 0.013, and the Sen’s Slope estimated an 
average annual reduction of approximately 146.75 cases per year. This indicates a consistent decrease in occupational 
exposure cases over the period from 2012 to 2022. 

3.3. Structural Equation Modeling 

Structural Equation Modeling (SEM) was employed to investigate the relationships between stress-related leaves 
(SL), aggression-related leaves (AL), leaves due to occupational risk exposure (OR), and socioeconomic factors such 
as unemployment rate (UR), Gini Index (GI), and income rate (IR) (Figure 2). The fit indices demonstrated excellent 
model adequacy. The CFI, with a value of 1.000, and the TLI, of 1.221, indicated a perfect fit. The RMSEA presented 
a value of 0.000, suggesting no significant discrepancies between the model and observed data, while the SRMR of 
0.017 revealed minimal discrepancy. Additionally, the chi-square test was non-significant (p = 0.751), reinforcing the 
model’s adequacy to the data. 
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Figure 2. Structural Model. Red arrows indicate negative effects. 

The modeling of the backward relationships, where stress-related leave (SL) was used to predict the socioeconomic 
indicators, yielded coefficients that were essentially zero. These near-zero coefficients indicate that, according to our 
model and data, stress-related leave does not have a detectable impact on the unemployment rate (UR), the Gini Index 
(GI), or the income rate (IR). 

The regression results indicated significant relationships among the analyzed variables (Table 3). For aggression-
related leaves (AL), the unemployment rate (UR) showed a marginally significant negative impact, with a coefficient 
of −1.25 (p = 0.053), suggesting that increases in unemployment tend to reduce aggression-related leaves. The Gini 
Index (GI), on the other hand, had a significant positive impact, with a coefficient of 1.069 (p = 0.013), indicating that 
higher levels of social inequality are associated with increased aggression-related leaves. Income rate (IR) also showed 
a significant positive impact, with a coefficient of 1.237 (p = 0.033), suggesting that better income levels may be related 
to increased aggression records. 

Table 3. Regressions. 

Regression Estimate Std.Err. z-Value p-Value Std.lv Std.all 
AL ← UR −1.25 0.65 −1.931 0.053 −1.25 −1.25 
AL ← GI 1069.00 0.43 2.493 0.013 1069.00 1069.00 
AL ← IR 1237.00 0.58 2.128 0.033 1237.00 1237.00 
OR ← UR −0.69 0.59 −1.184 0.236 −0.69 −0.69 
OR ← GI 0.32 0.39 0.82 0.411 0.32 0.32 
OR ← IR −0.09 0.53 −0.18 0.860 −0.09 −0.09 
SL ← AL 0.14 0.06 2.309 0.021 0.14 0.14 
SL ← OR 0.96 0.07 14.527 0.000 0.96 0.97 
SL ← UR 0.35 0.16 2.247 0.025 0.35 0.35 
SL ← GI −0.08 0.11 −0.75 0.455 −0.08 −0.08 
SL ← IR −0.33 0.14 −2.405 0.016 −0.33 −0.33 

Note: Std.Err. = standard error of the estimate; Std.lv = standardized coefficient at the latent variable level; Std.all = fully 
standardized coefficient considering all observed variables. 
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For leaves due to occupational risk exposure (OR), none of the exogenous variables showed statistical significance. 
Although the unemployment rate (UR) exhibited a negative coefficient, the impact was not significant. 

In the case of stress-related leaves (SL), the results showed that aggression-related leaves (AL) had a significant 
positive impact, with a coefficient of 0.138 (p = 0.021). Leaves due to occupational risk exposure (OR) were the main 
predictor of stress-related leaves, presenting a coefficient of 0.962 (p < 0.001). Additionally, the unemployment rate 
(UR) had a significant positive impact on stress-related leaves, with a coefficient of 0.350 (p = 0.025), suggesting that 
unemployment contributes to an increase in this type of leave. Conversely, the income rate (IR) showed a significant 
negative impact, with a coefficient of −0.330 (p = 0.016), indicating that better economic conditions help reduce stress-
related leaves. The Gini Index (GI), however, did not show a significant impact on stress-related leaves. 

The model’s covariances indicated a significant positive correlation between the unemployment rate (UR) and the 
income rate (IR), with a coefficient of 0.685 (p = 0.046), suggesting that fluctuations in unemployment influence income 
levels. The relationship between the unemployment rate (UR) and the Gini Index (GI) was marginally significant, with 
a coefficient of 0.412 (p = 0.171). No significant relationship was observed between the Gini Index (GI) and the income 
rate (IR). The variances for aggression-related leaves (AL), occupational risk exposure leaves (OR), and stress-related 
leaves (SL) were all statistically significant (p = 0.019), indicating that these phenomena have relevant variability 
partially explained by the factors included in the model. 

4. Discussion 

4.1. Analysis of Historical Series 

The significant negative trend observed in the records of leaves related to severe stress reactions, with an average 
reduction of 629 cases per year, can be partially explained by changes in the work environment during the pandemic. 
The widespread adoption of remote work may have contributed to a decrease in stress associated with physical 
workplace factors, such as long commutes, direct exposure to supervisors, and interpersonal conflicts in corporate 
settings. However, it is important to consider that this reduction in records may also reflect practical difficulties in 
accessing health and social security systems during the pandemic, including the interruption of medical examinations 
at the National Institute of Social Security (INSS), which limited the formal diagnosis and official recognition of these 
conditions [9,10]. 

The absence of a significant trend in aggression cases, which remained relatively stable over time, can be explained 
by the fact that workplace violence dynamics may not have undergone relevant changes in terms of official records 
despite labor changes. Additionally, this category includes aggression committed by individuals external to the 
workplace, such as clients and service users, which may have remained stable even during the pandemic [19]. 

The significant reduction in cases of occupational exposure to risk factors, with an average annual decrease of 147 
cases, directly reflects the impact of changes in working conditions during the pandemic. The transition to remote work 
temporarily eliminated exposure for many workers to hazardous workplace conditions, such as noise, chemical, 
biological, or ergonomic agents. Moreover, the shutdown of economic sectors, especially industries and in-person 
services, may have contributed to the decline in the registration of these illnesses. However, the interruption of medical 
examinations also played an important role, limiting the formal recognition of conditions related to in-person work 
environments during this period. 

The COVID-19 pandemic period brought substantial challenges to monitoring and recording occupational illnesses 
in Brazil. The temporary suspension of medical examinations by Social Security created a bottleneck in the official 
recognition of work-related illnesses. Furthermore, the shift to remote work profoundly altered traditional occupational 
exposures, shifting health risks to new contexts, such as musculoskeletal disorders associated with inadequate remote 
work setups, emotional stress from isolation, and difficulty reconciling professional and family demands in the same 
physical space. 

It is important to note that while the absolute numbers of occupational illnesses decreased during the analyzed 
period, these data do not necessarily reflect an improvement in working conditions but rather changes in the dynamics 
of recording and exposure. The gradual return to in-person activities may reveal a subsequent increase in the registration 
of these illnesses, especially in categories where risk factors remain high [1]. 

4.2. Hypothesis Testing  

The Structural Equation Modeling (SEM) demonstrated the overall quality of fit, evidenced by the statistical 
indicators obtained. The CFI (1.00) and TLI (1.22) pointed to an ideal model fit, while the RMSEA (0.000) suggested 
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that the model fits the data. The SRMR (0.017), in turn, indicated a low discrepancy between the observed and estimated 
data. Additionally, the chi-square test presented a p-value of 0.751, which reinforces the model’s adequacy by not 
rejecting the null hypothesis of good fit. Together, these results indicate that the proposed model is robust and provides 
a reliable basis for analyzing the formulated hypotheses. 

In our study, the backward relationships, where stress-related leave was modeled as a predictor of the 
socioeconomic indicators, yielded coefficients that were essentially zero. This result suggests that, within our sample 
and model specification, there is no evidence that stress-related leave exerts an influence on the unemployment rate, the 
Gini index, or the income rate. Furthermore, the standard errors for these paths were not estimable (reported as NA), 
indicating potential issues with model identification, possibly due to low variability or redundancy with other 
components of the model. These findings imply that the causal flow may predominantly operate from socioeconomic 
conditions toward work-related outcomes, rather than in the reverse direction. Future research should consider alternative 
model specifications or additional data to further explore and clarify the nature of these bidirectional relationships. 

Overall, the hypothesis analysis indicated a combination of confirmations and refutations, reflecting the complexity 
of the relationships between macroeconomic variables and different types of work-related leaves (Table 4). Hypotheses 
related to stress-related leaves (SL) showed greater consistency with initial expectations, highlighting the significant 
impact of Unemployment Rate (UR), Income Rate (IR), and adverse work conditions such as Aggression (AL) and 
Occupational Risk Exposure (OR). On the other hand, hypotheses concerning aggression-related leaves (AL) and 
occupational risk exposure leaves (OR) showed more divergent results, with some expected relationships not being 
confirmed, such as the role of UR and IR in reducing these outcomes. Notably, the Gini Index (GI) showed significant 
impact in some situations, such as in the increase of AL, but was not relevant for SL or OR, suggesting that social 
inequality may affect work indirectly or be mediated by other variables. These results underscore the importance of a 
multifactorial perspective when analyzing the work context, considering not only economic variables but also 
organizational and cultural factors that influence work dynamics [6,7,24]. 

Table 4. Hypothesis Analysis. 

Hypothesis Result Justification 
H1.1—UR increases SL Confirmed UR had a significant positive impact on SL 
H1.2—GI increases SL Refuted GI had no significant impact on SL 
H1.3—IR reduces SL Confirmed IR had a significant negative impact on SL 

H1.4—AL and OR increase SL Confirmed AL and OR had a significant positive impact on SL 
H2.1—UR increases AL Refuted UR marginally reduced AL 
H2.2—GI increases AL Confirmed GI had a significant positive impact on AL 
H2.3—IR reduces AL Refuted IR had a significant positive impact on AL 
H3.1—UR reduces OR Refuted UR had no significant impact on OR 
H3.2—GI increases OR Refuted GI had no significant impact on OR 
H3.3—IR reduces OR Refuted IR had no significant impact on OR 

Regarding stress-related leaves (SL), the results indicate significant relationships that support part of the initial 
hypotheses. The hypothesis that the Unemployment Rate (UR) increases stress-related leaves was confirmed, 
demonstrating a significant positive impact. This corroborates the literature that identifies unemployment as one of the 
main sources of stress, not only due to financial instability but also because of the psychological impact of social 
vulnerability situations, such as isolation and loss of occupational identity [8,17–19]. Conversely, the Gini Index (GI), 
despite being an important indicator of social inequality, showed no significant impact on stress-related leaves, refuting 
the initial hypothesis. This result suggests that while social inequality is relevant in various dimensions of health, its 
effects may be mediated by contextual variables such as working conditions, social support, and access to mental health 
services, which dilute its direct impact on occupational stress [22].  

The Income Rate (IR), on the other hand, had a significant negative impact on stress-related leaves, confirming the 
hypothesis that better economic conditions can protect workers against stress by promoting greater stability and 
psychological security [6,24,26,42].  

Stress-related leaves (SL) were significantly predicted by aggression-related leaves (AL) and occupational risk 
exposure (OR). The findings underscore the critical psychological impact of unsafe working conditions and workplace 
violence on stress-related outcomes [4–6]. Aggression (AL) showed a positive and significant relationship with SL, 
suggesting that experiences of interpersonal violence in the workplace contribute directly to elevated stress levels 
[2,4,12]. Similarly, occupational risk exposure (OR) emerged as the strongest predictor of SL, highlighting the 
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importance of addressing unsafe environments to mitigate stress-related disorders. These results emphasize the 
interconnectedness of workplace conditions and stress-related outcomes, underlining the need for targeted interventions 
to promote safety and psychological well-being at work. These findings reinforce the need for targeted interventions to 
ensure safety and well-being in the workplace [2,4,5]. 

In terms of aggression-related leaves (AL), the results indicated interesting nuances. The hypothesis that the 
Unemployment Rate (UR) would increase aggression-related leaves was refuted, with UR showing a marginally 
negative impact. This finding can be explained by reduced exposure to work environments during periods of high 
unemployment, as interpersonal interactions decrease due to smaller teams or reduced activities in some organizations. 
Another possibility is that in unemployment contexts, workers who retain their jobs may adopt a more tolerant stance 
or avoid reporting aggression for fear of reprisals or losing their positions [19]. Conversely, the hypothesis that the Gini 
Index (GI) would increase aggression-related leaves was confirmed, showing that social inequality amplifies 
interpersonal tensions and conflicts, which can result in workplace aggression. Surprisingly, the Income Rate (IR) 
showed a significant positive impact on aggression-related leaves, refuting the initial hypothesis. This result may 
indicate that workers in higher-income positions have greater visibility and awareness of their rights, leading them to 
report aggression more frequently [21–23]. Alternatively, higher income levels may be associated with more competitive 
work environments, where interpersonal tensions and conflicts, including verbal aggression, are more common. 

In the context of occupational risk exposure leaves (OR), none of the hypotheses were confirmed. The 
Unemployment Rate (UR) had no significant impact, suggesting that high unemployment is not directly related to 
workplace safety conditions. This result may reflect the maintenance of activities in essential sectors such as 
construction and mining even in adverse economic scenarios [8]. The hypothesis that the Gini Index (GI) would increase 
risk exposure leaves was also refuted. This finding points to a more complex relationship between social inequality and 
unsafe working conditions, possibly mediated by legal regulations and public policies that mitigate the direct effects of 
inequality. Similarly, the Income Rate (IR) showed no significant impact, contrary to the expectation that better 
economic conditions would lead to greater investment in occupational safety. One possible explanation is that even in 
favorable economic contexts, some companies may prioritize profit over workplace safety, especially in sectors with 
high labor turnover [9].  

However, in another context (e.g., European countries), cohort studies conducted in pre-pandemic periods suggest 
that more subtle or mediated reciprocal relationships might exist between work conditions and occupational stress [43–
45]. Even though the present study did not detect significant effects of stress-related leaves on macroeconomic variables, 
previous findings indicate that deteriorating mental health among employees may, in some cases, prompt or intensify 
adverse psychosocial conditions at work. Furthermore, an analysis of cross-country differences showed that 
organizations with clearly defined risk-management policies, including designated roles for dealing with psychosocial 
stress, tend to have lower levels of psychosocial risk [46]. Such findings suggest that large increases in stress-related 
absences might encourage companies—particularly in well-regulated environments—to bolster preventive strategies, 
thereby creating a feedback loop where higher leave rates trigger improvements in health and safety measures. 

Thus, while the present results revealed minimal backward effects, other evidence implies that reciprocal 
influences could emerge more clearly under certain contexts, such as longer follow-up intervals, more detailed data on 
organizational practices, or when examining smaller units of analysis (e.g., at the company or sector level). When 
comparing the Brazilian and European contexts, it is important to note that structural and cultural differences may shape 
these potential feedback loops in distinct ways. In Brazil, where higher informality, underreporting, and economic 
inequality are prevalent, workers may be more hesitant to seek leaves due to fear of unemployment or job instability 
[7,17,21]. Additionally, insufficient oversight and limited access to formal occupational health services can mask the 
actual impact of psychosocial risks. Cultural and organizational factors—such as prioritizing productivity and short-
term economic outcomes over employee well-being—may further undermine the implementation of mental health 
initiatives [11,16,23,24]. These findings emphasize the need for a closer look at the specificities of the Brazilian labor 
market and the interaction between economic, social, and organizational variables in fostering a safer and healthier 
work environment. 

5. Conclusions 

This study provides an analysis of work-related stress disorders in Brazil from 2012 to 2022, highlighting the 
interplay between macroeconomic factors, occupational conditions, and health outcomes. The findings reveal 
significant trends, such as the reduction in stress-related leaves during the pandemic and the enduring influence of 
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socioeconomic inequality on workplace aggression. These insights underscore the complexity of labor dynamics in 
Brazil, particularly in contexts of economic and social instability. 

One major limitation of this research is the lack of disaggregated data by sex, ethnicity, and other demographic 
factors, which restricts the understanding of how these variables may intersect with occupational stress. Additionally, 
the reliance on official records might overlook underreported cases, particularly in informal or poorly monitored sectors. 
The disruption of medical evaluations during the COVID-19 pandemic further complicates the interpretation of trends, 
as it likely affected the accuracy of official statistics. 

Future research should prioritize collecting and analyzing disaggregated data to explore the differential impacts of 
occupational stress across diverse groups. Moreover, interdisciplinary approaches integrating organizational 
psychology, public health, and labor economics can offer a more comprehensive understanding of how structural 
inequalities influence workplace well-being. 

From a practical perspective, the findings emphasize the need for targeted policies to address workplace safety, 
mental health support, and the mitigation of socioeconomic inequalities. Employers and policymakers should consider 
proactive measures to reduce occupational stressors, foster equitable work environments, and enhance support systems 
for workers across all sectors. These actions are crucial for promoting healthier, more sustainable labor practices in 
Brazil and beyond. 
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