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ABSTRACT 
 

Job stress affects employee well-being, organisational performance and psychological and physical health, 
leading to significant organisational costs. Nevertheless, evaluating it remains a challenge because it differs 
according to employee characteristics and the complex and correlated nature of other workplace factors. 
Traditional methods for assessing occupational stress are typically based on the guidelines and opinions 
provided by specialists. Thus, they fail to capture differences in stress perceptions between specialists and 
employees and do not use accumulated data to foster learning and interpretability. This study presents a novel 
type-1 fuzzy logic-based system for predicting occupational stress by correlating the impact of five inputs—
workload, working hours, job satisfaction, managerial support and job security—on employees’ actual 
perceived stress levels. The proposed system incorporates self-learning capabilities from data, enabling it to 
predict employee stress levels. The interpretability of the extracted rules enhanced specialists’ understanding 
of the impact of workplace environmental characteristics within a lifelong learning framework. Various 
preliminary experiments were conducted on 31 employees at Tabuk University. Data on employee 
characteristics and corresponding stress levels were collected and used as primary inputs and outputs for 
developing transparent and interpretable type-1 fuzzy logic models. The results indicated that the proposed 
system could predict employee stress levels with high accuracy, exhibiting a low average error and standard 
deviation. Moreover, it could effectively address the uncertainty and complexity inherent to employee 
characteristics and work environment stress. The proposed system enabled specialists to understand and 
predict work-related stress and gain insights into its contributing factors and the relationships among them. 

Keywords: Type-1 Fuzzy Logic, Fuzzy Rule-Based System, Occupational Stress Prediction, Workplace 
Stress Assessment, Interpretable Machine Learning 

 
1. INTRODUCTION  

     Job stress is a significant concern in 
occupational health because exposure to 
psychological and social pressures in the workplace 
can affect employees’ mental and physical well-
being [1],[2]. This scenario may lead to serious 
health problems such as anxiety, burnout, depression 
and cardiovascular disease [2],[3],[4]. It can also 
decrease job satisfaction and increase the likelihood 
of resignation or job loss, which negatively impacts 
organisations due to high financial cost and 
operational burden [5],[6]. Therefore, developing 
preventive and effective methods for assessing and 
managing job stress is essential[2],[4]. However, 
considering the complex and uncertain interactions 
among these factors, measuring job stress using 
fixed or precise values is difficult. This challenge 
becomes increasingly difficult because stress factors 
differ across employee experiences, employers and 
working environments. 

     Machine learning (ML) approaches 
have been widely used in occupational stress 

research. They can be used to understand complex 
relationships between inputs and factors that 
influence work-related stress [7],[8]. Moreover, ML 
approaches can be used to analyse employee survey 
datasets to detect patterns and identify relationships 
between demographic, organisational, 
psychological, social and behavioural factors [9]. 
This ability allows them to learn from current 
employees’ historical data and predict levels of 
stress for future employees [10]. These models are 
flexible because they can be updated and improved 
overtime whenever new data become available. This 
feature makes them capable of adapting to the 
dynamic nature of working environments and 
employee needs [8],[11]. In addition, these methods 
can transform daily organisational data and survey 
results into clear and useful insights. Lastly, they 
support early intervention and enhance employee 
well-being by providing organisations with 
practical, evidence-based strategies for reducing the 
negative effects of occupational stress [12]. 



 Journal of Theoretical and Applied Information Technology 
30st June 2026. Vol.104. No.12 

©   Little Lion Scientific  
 

ISSN: 1992-8645                                                                    www.jatit.org                                                     E-ISSN: 1817-3195 

 
478 

 

     White box approaches such as fuzzy 
logic are effective tools for assessing the causes and 
effects of occupational stress. These models are easy 
to read, analyse and understand because they can 
explain the contribution of different factors to stress 
outcomes among employees [13]. Although black-
box models can achieve high predictive accuracy, 
they typically fail to provide clear explanations of 
relationships between input variables (e.g. workload, 
role conflict, organisational climate and 
psychosocial conditions) and outcomes (e.g. stress 
intensity and burnout risk) [14],[15]. For this reason, 
fuzzy logic is suitable for assessing occupational 
stress because stress-related factors are typically 
expressed using subjective and imprecise terms such 
as ‘high workload’, ‘moderate pressure’ or ‘low 
support’, which are difficult to represent using crisp 
values. In addition, fuzzy logic is easy to understand 
IF then rules, enabling it to capture the uncertainty 
and ambiguity inherent to related stress data while 
maintaining clarity and interpretability [16]. 
Therefore, explainable white-box approaches are 
beneficial for managers and psychologists, as they 
help identify major causes of stress and provide 
easy-to-interpret intervention strategies. 

      The current study proposes a type-1 
fuzzy logic-based system (T1FLS) framework for 
predicting occupational stress. The proposed system 
learned and correlated the relationships between five 
employee inputs—workload, working hours, job 
satisfaction, managerial support and job security—
according to employees’ actual stress levels. Data 
were collected via an anonymous survey. These data 
were combined with the membership functions used 
in the self-learning system to capture and learn 
employees’ stress behaviours through explainable 
white-box models. These learned models were then 
used to predict stress levels and provide 
organisations with support in proactively managing 
employee well-being through continuous stress 
monitoring and prediction within a lifelong learning 
environment. In addition, these models provide 
organisations with valuable insights into stress-
related behaviours and underlying workplace factors 
that contribute to occupational stress. This scheme 
will help manage healthier employers and reduce the 
hidden costs associated with poor performance and 
low levels of job satisfaction. 

This study predicts occupational stress and 
explores how workplace factors influence stress 
levels. Black-box approaches can predict stress 
outcomes, but they often make it difficult to 
understand the role of each factor in a readable way. 
The proposed T1FLS handles this issue using 
learned, interpretable membership functions and IF-

Then rules. The research contribution is a data-
driven white-box framework linking employee 
inputs to understandable stress predictions and 
support early organisational intervention. 

 
     The remainder of this paper is organized 

as follows. Section two reviews related work. The 
main factors affecting occupational stress is 
described in Section 2.1. An overview of the ML 
approaches for stress prediction in Section 2.2, and 
an overview of type-1 fuzzy logic systems is 
presented in Section 2.3. Section 3 describes the 
proposed interpretable T1FLS for data-driven 
occupational stress prediction, including the system 
methodology, input and output variables, 
membership functions, and rule generation 
mechanism. Section 4 describes the experiments 
conducted and analyses the results. Section 5 
concludes the study and outlines directions for future 
research 
 

2. RELATED WORK 

2.1 Factors Influencing Occupational Stress 
Various organisational and individual 

factors influence occupational stress[17]. Many 
studies have identified factors that could increase or 
decrease employees’ perceived stress levels [19]. 
Based on this review, the study used these factors as 
inputs for the system proposed in T1FLS. Workload 
is one of the most common factors of job stress. 
Excessive job demands, unrealistic deadlines and 
extremely complex tasks can place physical and 
psychological pressures on employees [18],[20]. 
Previous studies have demonstrated a strong 
relationship between increased workload and 
occupational stress across occupational groups [21]. 
Moreover, the literature has demonstrated that work-
related factors play a major role in occupational 
stress, accounting for approximately 23.1% of all 
contributing factors [19]. Therefore, workload is one 
of the major inputs that must be considered in the 
development of effective models for assessing and 
predicting occupational stress. 

Another important factor that contributes to 
job stress is working hours. Lengthy and 
unorganised work tasks lead to employee fatigue and 
emotional exhaustion [18],[22],[23]. Numerous 
studies have highlighted that long working hours and 
overtime might have serious health consequences 
such as depression, anxiety and cardiovascular 
disease [23]. This aspect includes the total number 
of hours worked per week, because excessive 
working hours can influence stress levels among 
employees [21]. Another important factor is job 
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satisfaction. Employees who report high levels of 
satisfaction with salary, career status and work 
environment, including the way they are treated by 
their managers, exhibit low levels of job stress [21], 
[24]. However, low levels of job satisfaction can 
lead to frustration and disengagement from the 
working environment. Therefore, job satisfaction is 
negatively associated with work-related stress [21], 
supporting its importance as an input factor in the 
proposed predictive model. 

Managerial support is a critical factor of job 
stress reduction. Managers who provide employers 
with guidance, recognition and open communication 
enable them to cope effectively with job demands, 
which decreases stress levels [25],[26]. By contrast, 
several studies have reported that limited managerial 
support could cause various job stress problems [26]. 
For example, nurses in hospitals who receive greater 
support from supervisors exhibit low levels of job 
stress [25]. Similarly, transformational leadership 
characterised by empathy, encouragement and 
supportive behaviour will lead to low stress levels 
among employees [27]. Job security is another 
valuable factor in stress reduction, because 
employees who perceive stability in their 
employment are less likely to experience anxiety 
about their future [28]. The current study employed 
five input variables (i.e. workload, working hours, 
job satisfaction, managerial support and job security) 
and one output variable (i.e. employees’ perceived 
job stress) to develop the proposed T1FLS. 

 
2.2 Machine Learning Approaches for 

Occupational Stress Prediction 
Many ML and AI techniques have been 

used to predict job stress levels given their ability to 
learn from data, model underlying causes and assess 
impacts on employees [7]. These techniques help 
organisations identify the factors that influence job 
stress, classify employees according to stress 
severity and provide preventive interventions that 
can improve productivity [29], [30]. The typical 
predicted model outcome is stress level, commonly 
represented using categories such as low, medium 
and high to support the classification process 
[7],[31]. In general, ML methods for stress 
prediction can be classified into two major models: 
black and white box models. The characteristics of 
these two models are critical for selecting the most 
appropriate approaches for predicting occupational 
stress in terms of required levels of accuracy and 
readability. 

Black-box models, such as artificial neural 
networks, deep learning and support vector 
machines, have shown strong predictive 

performance due to their ability to identify and 
capture complex nonlinear patterns within data 
[32],[33],[34]. For example, Li and Liu [32] 
proposed a deep convolutional neural network based 
on physiological signals and achieved an accuracy of 
more than 99% in binary stress classification. Zhang 
and Qi [33] developed deep learning-based 
classification and regression models to predict 
worker stress using employment-related data. 
Similarly, in [34] who proposed a deep neural 
network to classify employees as stressed and 
satisfied, achieving 88.40% accuracy. In addition, 
the researchers in [1],[29],[35] have applied random 
forest and XGBoost models and achieved high 
accuracy rates in stress detection using surveys and 
workplace data. However, the interpretability of 
these models are typically limited, thus leading to 
difficulty for managers and occupational stress 
specialists in understanding and analysing the 
factors that strongly influence stress outcomes. 

White box models, such as decision trees, 
rule-based systems, linear regression and FLSs, 
provide transparent, interpretable and easy-to-
understand decision making models [36],[37]. Study 
in [36], applied the C5.0 decision tree algorithm to 
classify perceived stress among healthcare 
professionals and achieved 94.1% accuracy. Fuzzy 
logic is a highly valuable method for predicting 
occupational stress, because it can address 
uncertainty and model subjective linguistic 
judgements such as low workload or high stress [16], 
[37],[38]. Neuro-fuzzy models developed in [16] 
and achieved accurate predictions while maintaining 
interpretability through if–then rules. In addition, in 
[38], proposed a hybrid fuzzy logic-deep learning 
framework and achieved 98.7% accuracy for stress 
classification. Because occupational stress is 
inherently subjective and difficult to measure 
precisely, white-box approaches, particularly fuzzy 
systems, are considered effective for predicting 
perceived stress levels while maintaining clarity and 
transparency in understanding occupational stress 
behavior. 

 
2.3 Overview of Fuzzy Logic Systems 

Fuzzy systems have been considered a 
major advancement in data processing and 
computational intelligence and gained widespread 
recognition in various commercial and technological 
domains such as digitalisation, knowledge 
engineering, image and signal processing and pattern 
recognition [39], [40]. In many of these domains, 
knowledge associated with environmental 
conditions and human factors is naturally uncertain 
and imprecise, limiting the effectiveness of 
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conventional mathematical frameworks in 
representing such information. FLS architecture 
addresses these challenges by supporting the design 
of robust inference mechanisms that are capable of 
operating within noisy and uncertain real-world 
environments. In addition, they allow the 
representation of imprecise information in a 
structured, flexible and interpretable manner. Type-
1 FLSs are commonly used in applications in which 
membership functions are defined through crisp and 
deterministic boundaries [39]. 

 

 
 

Figure 1: Overview of a Fuzzy Logic System 
 

             In 1965, Zadeh [41] proposed 
fuzzy logic as a mathematical framework designed 
to model human reasoning and decision-making 
processes. In contrast to classical binary logic, which 
limits truth values to true or false, fuzzy logic 
enables propositions to possess degrees of truth that 
continuously vary between these two values, 
extending the principles of conventional set theory 
[42]. An FLS consists of four fundamental 
components, namely, a fuzzifier, rule base, inference 
engine and defuzzifier (Figure 1) [42]. A rule base 
can be constructed using numerical data or 
knowledge of domain experts. After the rule base is 
established, the FLS operates as a nonlinear mapping 
that transforms crisp input values into crisp outputs, 
which can be mathematically represented as y = f(x) 
[42]. This capability makes FLSs appropriate for 
modelling complex and multi criteria conditions 
such as level of stress, in which underlying factors 
cannot be represented precisely through numerical 
values alone. Moreover, the transparency and 
interpretability of the FLS architecture enhances its 
usability for system developers and end users. 

 
2.4 Research Gap and Distinction from Prior 

Work 
Previous studies have employed black- and 

white-box models to predict occupational stress. 

However, most black-box models offer limited 
explanations, whereas various interpretable models 
focus little on practical use in the workplace. This 
study addresses this gap by incorporating survey-
based factors, fuzzy rule generation and stress-level 
interpretation in a T1FLS framework. This paper 
clarifies the novelty of the proposed work and its 
practical relevance to monitoring early workplace 
stress. 
 
3. THE PROPOSED INTERPRETABLE TYPE-

1 FUZZY SYSTEM FOR DATA-DRIVEN 
OCCUPATIONAL STRESS 
PREDICATION  

 
The proposed interpretable T1FLS is 

designed to predict job stress. It will be built using 
employee data that describe the effects of working 
environments on current stress levels. Data were 
collected using a designed survey completed by 
employees to capture five input variables—
workload, working hours, job satisfaction, 
managerial support and job security—along with 
their current perceived levels of job stress. Informed 
consent was obtained from all participants prior to 
their participation in the survey. After collecting the 
datasets, the T1FLS processes the accumulated data 
using fuzzy membership functions designed for each 
input and output variable. Thus, the model 
establishes relationships between inputs and outputs 
through fuzzy rules instead of relying on a fixed 
mathematical formulation. Following data 
collection, the input and output variables are 
fuzzified using membership functions that convert 
raw values into linguistic categories such as ‘low 
stress’, ‘medium stress’, ‘high stress’ and ‘very high 
stress’. This scheme enables the system to address 
imprecise information. The learning rule 
methodology is based on an unsupervised one-pass 
approach [43],[44], in which the model collects 
employee data, generates learned rules and enables 
the T1FLS to predict job stress levels, as 
demonstrated in [43],[44]. 
                                

                 𝑥(௧); 𝑦(௧)     (𝑡 =  1,2, . . . , 𝑁),                        (1) 

To build a rule base that captures 
behavioural patterns underlying employee stress, 
predefined membership functions are applied to the 
input and output data. In the current study, the rule 
extraction method adopted is based on an improved 
and extended version of the Mendel–Wang method 
[43],[44], which is commonly considered a one-pass 
approach for deriving fuzzy rules from datasets. The 
antecedent and consequent fuzzy rule sets partition 
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the input and output domains into separate fuzzy 
regions. Based on multiple input-output data 
instances, the system then generates rules that 
capture the underlying functional relationship 
between   𝑥 = (𝑥ଵ, .  .  . , 𝑥௡)் and 𝑦 = (𝑦ଵ ,
  .  .  . , 𝑦௞)். The representation is formulated as 
follows [43],[44]: 

𝐼𝑓 𝑥ଵ𝑖𝑠 𝐴ଵ
(௟)

𝑎𝑛𝑑. . 𝑥௡ 𝑖𝑠 𝐴௡
(௟)

 𝑇ℎ𝑒𝑛 
                    𝑦ଵ𝑖𝑠 𝐵ଵ

(௟)
𝑎𝑛𝑑. .  𝑦௞  𝑖𝑠 𝐵௞

(௟)                           (2) 

where 𝑙 = 1,2, … , 𝑀, where 𝑀  indicates 
the total number of rules, and 𝑙 represents the rule 
index. For each input variable 𝑥௦, 𝑉 fuzzy sets 𝐴௦

௤, 
𝑞 = 1, … , 𝑉, are defined. Similarly, 𝑊fuzzy sets 𝐵௖

௛, 
ℎ = 1, … , 𝑊, are defined for each output variable 𝑦௖. 
The single-output rule method is adopted to simplify 
the subsequent notation because the concept can be 
easily extended to rules with multiple outputs 
[43],[44]. The stages involved in the rule extraction 
process are outlined as follows: 

Step 1:  
For a fixed input-output pair 

൫𝑥(௧), 𝑦(௧)൯ from dataset (1), where 𝑡 = 1,2, … , 𝑁, 

the membership values 𝜇஺ೞ
೜൫𝑥௦

(௧)
൯ are evaluated for 

each membership function 𝑞 = 1, … , 𝑉and for every 
input variable 𝑠 = 1, … , 𝑛. The index 𝑞∗ ∈
{1, … , 𝑉}is then identified according to the following 
equation. 

                    𝜇 ∗  ( 𝑥௦
(௧)

 )
஺ೞ

೜
  ≥  𝜇  ( 𝑥௦

(௧)
 )

஺ೞ
೜
         (3)

                         

Based on the input–output pair ൫𝑥(௧), 𝑦(௧)൯, 
the following rule is derived [43],[44]:  

𝐼𝑓 𝑥ଵ
௧  𝑖𝑠 𝐴ଵ

௤∗

, … , 𝑎𝑛𝑑 𝑥௡
௧  𝑖𝑠 𝐴௡

௤∗  

,          

                𝑡ℎ𝑒𝑛 𝑦 𝑖𝑠 𝑐𝑒𝑛𝑡𝑒𝑟𝑒𝑑 𝑎𝑡 𝑦(௧)                  (4) 

Each input variable 𝑥௦is associated with a 
corresponding fuzzy set 𝐴௦

௤, 𝑞 = 1, … , 𝑉, which 
defines its linguistic characterization. In principle, 
this configuration allows the generation of up to 
𝑉௡ possible rules, where 𝑛represents the number of 
input variables. However, considering the dataset, 
only rules whose regions contain at least one data 
point are generated from the 𝑉௡possible 
combinations. Consequently, in Step 1, a single rule 
is derived from each input-output data pair. For 
every input variable, the fuzzy set with the highest 
membership value is selected in the IF part of the 
rule. This process is illustrated in Equations (3) and 
(4).  

However, this does not represent the final 
rule established in the next step.In addition, the rule 
weight is calculated using the following 
equation[43],[44]: 

   𝑤(௧) =  ∏   𝜇  ( 𝑥௦
(௧)

 )
஺ೞ

೜
   ௡

௦ୀଵ                     (5) 

The rule weight 𝑤(௧) represents the degree 
to which the data point 𝑥(௧) belongs to the fuzzy 
regions that define the rule. 
Step 2:  

To derive rules from the 𝑁data samples 
using Equation (3), Step 1 is repeatedly applied to 
each data point 𝑡 = 1, … , 𝑁. A large number of data 
points result in the generation of numerous rules 
through the execution of Step 1. Among these rules, 
some share identical IF sections and are therefore 
identified as conflicting rules; i.e., rules with the 
same antecedent membership functions but different 
consequent values. In this step, rules with identical 
IF components were combined to produce a single 
rule. 

Consequently, the 𝑁 rules were organized 
into groups, with each group containing rules with 
identical IF sections. If 𝑀 such groups are assumed 
to exist, group 𝑙 consists of 𝑁௟rules, as presented 
below [43],[44]: 

𝑖𝑓 𝑥ଵ 𝑖𝑠 𝐴ଵ

൫௤೗൯
, … , 𝑎𝑛𝑑 𝑥௡ 𝑖𝑠 𝐴௡

൫௤೗൯
, 

𝑡ℎ𝑒𝑛 𝑦 𝑖𝑠 𝑐𝑒𝑛𝑡𝑒𝑟𝑒𝑑 𝑎𝑡𝑦൫௧ೠ
೗ ൯



where 𝑁௟and 𝑡௨
௟ denote the index of data 

points associated with the group. The weighted 
average of the rules within the conflicting group is 
computed as follows [43],[44]: 

𝑎𝑣(௟) =
∑ ௬

ቀ೟ೠ
೗ ቁ

௪
ቀ೟ೠ

೗ ቁಿ೗
ೠసభ

∑ ௪
ቀ೟ೠ

೗ ቁಿ೗
ೠసభ

                         (7) 

In this context, the 𝑁௟  rules are combined 
into a single rule with the following formulation 
[43],[44]: 

                              

       𝐼𝑓 𝑥ଵ 𝑖𝑠 𝐴ଵ
(௟)

, … , 𝑎𝑛𝑑 𝑥௡ 𝑖𝑠 𝐴௡
(௟)

, 𝑡ℎ𝑒𝑛  𝑦 𝑖𝑠 𝐵(௟)            
(8) 

where the output fuzzy set 𝐵௟is selected 
based on the following criterion: among the 
𝑊possible output fuzzy sets 𝐵ଵ, … , 𝐵ௐ , the fuzzy set 
𝐵௛∗

is determined as follows  [43],[44]. 
      𝜇 ( 𝑎𝑣(௟))

஻೓∗    
  ≥  𝜇 ( 𝑎𝑣(௟))

஻೓    
           (9) 

                    
For ℎ = 1,2, … , 𝑊, fuzzy set 𝐵is selected 

as 𝐵௛∗
. As indicated above, the proposed system 

processes pairs of input-output variables and 
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produces multiple outputs. Step 1 is unique in terms 
of the number of outputs associated with each rule, 
whereas Step 2 provides a simple extension that 
enables rules to include multiple outputs. 
Accordingly, the computations described in 
Equations (7) and (9) were repeated for each output. 

The membership functions and fuzzy rules 
derived from the input and output data collectively 
enabled the system to identify behavioral patterns 
and predict employee stress levels. The system 
adopted singleton fuzzification, product inference, 
and center-of-set defuzzification [43],[44]. The 
mapping from a precise input vector 𝑥 to a precise 
output vector 𝑦 = 𝑓(𝑥)is obtained using the 
following equation: 

𝑦(𝑥) = 𝑓௦(𝑥) =
∑ ௬భ ∏ ఓி೔

೗  (௫೔)        ೙
೔సభ

ಾ
೗సభ     

∑ ∏ ఓி೔
೗  (௫೔)           ೙

೔సభ
ಾ
೗సభ

    (10) 

where M indicates the total number of rules 
in the rule base, and 𝑦−𝑙 corresponds to the centroid 
of the lth fuzzy output. 

 

4. EXPERIMENTS AND RESULTS  

A pilot evaluation was conducted to 
examine the performance of the proposed 
interpretable T1FLS predictive model using survey 
data collected from 31 employees working in Tabuk 
University. Data were obtained in advance using a 
questionnaire; the participants provided self-
reported assessments of workplace conditions and 
perceived current stress levels. Each input and 
output was rated using a 10-point Likert-type scale, 
where 1 and 10 represented the lowest and highest 
levels, respectively, of the measured variable. The 
five workplace factors were used as input variables, 
while employees’ current job stress levels were 
assessed using the same scale and used in the T1FLS 
as the output variable. All inputs and outputs were 
categorised as predefined linguistic variables 
generated from the designed membership functions. 
A type-1 FLS is implemented using the designed 
membership functions combined with the inputs and 
outputs to generate the learned rules described in 
Section 3 (Figure 2 shows an example of the 
designed membership functions).  These 
membership functions were designed to represent 
the uncertainty inherent to subjective self-reported 
assessments and variations in employee perceptions. 
As occupational stress is not directly measurable and 
is commonly inferred through multiple correlated 
workplace factors, fuzzy representation provides an 
appropriate modelling framework. 

 
 

 

Figure 2: The designed T1FLS membership functions for 

the working hours input. 
 
Following data collection, the dataset was 

processed according to the rule extraction 
methodology described in Section 3. Type-1 fuzzy 
sets and the corresponding rule bases were generated 
automatically using the one-pass learning algorithm 
reported in [43],[44], enabling the direct derivation 
of interpretable if–then rules from the data. An 
example of the extracted rules is as follows: 
R23: If the workload is medium, and the actual 
working hours are high, and the job satisfaction is 
high, and the managerial support is high, and the job 
security is high, then the level of stress is low. 

System performance was assessed using the 
average prediction error and standard deviation of 
the prediction errors. This proposed system achieved 
an average prediction error of 0.778 and a standard 
deviation of 0.646 (see Figure 3 for comparisons 
between actual versus predicted stress levels). The 
average prediction error of 0.778 shows that the 
predicted and reported stress scores differed by less 
than 1 point on a 10-point scale. Thus, the proposed 
T1FLS provides a close estimation of stress while 
maintaining interpretable prediction via the 
developed system. Importantly, the results 
demonstrate that the proposed T1FLS can serve as 
an interpretable decision support tool for monitoring 
occupational stress by converting workplace 
conditions into predicted stress scores using a 
transparent rule-based fuzzy logic methodology. 
These findings support the usefulness of fuzzy logic 
in occupational assessment compared with 
traditional numerical and black-box approaches. 
This result suggests that the proposed T1FLS system 
may help organisations predict possible workplace 
stress cases at early stages. 
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Figure 3: Actual vs. predicted stress levels using the 
proposed T1FLS 

 
 
4. CONCLUSIONS   

 
This paper proposed a T1FLS for 

predicting occupational stress using an interpretable, 
self-learning and white-box approach. This work 
supports the objective of converting subjective 
workplace factors into explainable stress-level 
predictions. The system modelled nonlinear 
relationships among five workplace inputs—
workload, working hours, job satisfaction, 
managerial support and job security—to predict 
employees’ job stress levels. The framework 
addressed the uncertainty and subjectivity inherent 
to occupational stress assessment while maintaining 
full transparency of its decision rules. Experimental 
validation using data from 31 employees 
demonstrated that the system achieved lower 
average prediction error and standard deviation, 
which indicates its ability to deliver accurate and 
interpretable predictions of stress levels. Therefore, 
this system can be a valuable decision support tool 
for organisations that intend to proactively monitor 
employee well-being and use data-driven 
approaches to address stress among employees. 

The small sample size and the data 
collected from participants’ responses from a single 
institution limit the study. In future work, the 
proposed system will be validated using larger and 
more diverse datasets, and considering additional 
inputs associated with job roles and culturally 
specific contexts. An interval type-2 fuzzy logic 
system will be implemented to capture the linguistic 
and numerical uncertainties and compared with the 
proposed T1FLS . 
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