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Abstract—Chronic stress is a long-term condition affecting psychological and physiological regulation through the prolonged activation of the hypothalamic-pituitary-adrenal axis. The study uses a 25-item Likert scale questionnaire to assess chronic stress. The questionnaire covers physical, emotional, cognitive, behavioral, and lifestyle aspects of stress. To improve the accuracy of the model, a new concept called the Weighted Chronic Stress Index (W-CSI) is proposed. The feature selection method used is correlation-based feature selection. This method reduces the 25-item questionnaire to 15 essential items while maintaining a high level of reliability (α = 0.989). To improve the model's accuracy in the presence of class imbalance, the Synthetic Minority Over-sampling Technique (SMOTE) is used. The study used stratified five-fold cross-validation. The proposed model used Multinomial Logistic Regression and Random Forest for the classification of stress levels. The Random Forest model recorded the highest accuracy (82.7%) compared to the Logistic Regression model (79.0%). Besides accuracy, the study applied causal inference methods including Directed Acyclic Graphs (DAG), Inverse Probability Weighting (IPW), Double Machine Learning (DML), and Causal Forest to evaluate the impact of various stress factors. The results show that physical strain, lifestyle, and cognitive strain have the greatest impact on stress severity. Overall, the findings suggest that chronic stress is the result of multiple factors and demonstrate the utility of combining machine learning and causal inference for stress intervention.
Keywords—Chronic Stress, Weighted Stress Index, SMOTE, Machine Learning, Random Forest, Causal Inference.
INTRODUCTION 
Chronic stress, is a type of stress that occurs over a long time, taking weeks or even months for the stressed individual to recover. This type of stress is not like acute stress, as chronic stress takes a toll on the mental and physical health of the individual over time. The physical and mental strain of chronic stress can cause the individual to feel fatigued, have difficulty concentrating, and even cause cardiovascular strain and metabolic imbalance over time.
At the biological level, chronic stress is associated with the overactivation of the hypothalamic-pituitary-adrenal axis. The overactivation of the hypothalamic-pituitary-adrenal axis increases the level of the hormone cortisol in the body, thus disrupting the balance of hormones in the body. The biological strain caused by chronic stress is referred to as allostatic load.
Chronic stress also has a great effect on the mental state of the individual. The mental effect of chronic stress is often observed as anxiety, irritability, emotional exhaustion, and behavioural withdrawal. Because of this, it cannot be attributed to a single factor or domain.
Machine Learning techniques, such as Logistic Regression and Random Forest, are also being utilized to determine stress severity levels based on questionnaires and physiological signals. These techniques exhibit promising results. However, these works often focus more on achieving higher accuracy without providing deeper understanding of the causes of increased stress. Most of these stress index techniques also do not weigh each question equally, as disruption of recovery, emotions, and cognition are more important in the long run [3].
Class imbalance, especially fewer moderate stress cases, also affects stability. Therefore, there is a need for a framework that not only predicts the severity of the stress but also explains the relative and causal contribution of the different domains of the stress.
For these purposes, the current research suggests a new Weighted Chronic Stress Index (W-CSI) that considers the unequal contribution of the different domains of the stress. The correlation-based feature selection method eliminates the redundant features without compromising the reliability of the questionnaire. The supervised machine learning models are trained using the SMOTE method within the folds of the cross-validation to deal with the class imbalance problem. The causal inference methods, such as the Directed Acyclic Graphs (DAG), Inverse Probability Weighting (IPW), Double Machine Learning (DML), and Causal Forest, are used for the estimation of the causal pathways of the stress.
LITERATURE REVIEW
Chronic stress has been extensively studied from a medical and psychological perspective, given its ability to influence the body and the brain simultaneously. Chrousos [1] described the concept of chronic stress through the prolonged activation of the HPA axis, illustrating the effects of prolonged cortisol imbalances on the body. McEwen [2] proposed the concept of allostatic load, where chronic stress is described as the ‘wear and tear’ effect of the prolonged stress response. These two papers have significantly influenced the current understanding of chronic stress. Recent research has increasingly shown that chronic stress has observable physical consequences. For example, Chettri et al. [3] found that chronic stress has more intense cardiovascular and metabolic responses compared to acute stress, and hence physiological parameters such as heart rate and blood pressure can be used. Dimsdale [6] found that chronic stress is responsible for hypertension and cardiovascular diseases, and Kivimäki et al. [7] found that psychosocial stress has long-term effects on metabolic disorders. Agorastos and Chrousos [8] found that chronic stress exposure gradually shifts the beneficial effects of stress into adverse long-term effects. Apart from physical health, chronic stress has long-term effects on cognition and emotional stability. James et al. [4] found that cortisol hormone imbalance affects memory and attention, and Lupien et al. [12] found that chronic stress exposure has long-term effects on cognition. Ovsiannikova et al. [5] found that stress responses vary from one individual to another, and Hinds and Sanchez [9] found that chronic stress exposure has long-term effects on anxiety hormone pathways. Sapolsky [14] provided an extensive review of how chronic stress affects both animal and human behaviour as well as brain functioning. Inflammation is another key factor. Rohleder [10] linked long psychosocial stress to systemic low-grade inflammation, while Cohen et al. [11] described the link between glucocorticoid resistance and the promotion of illness. This again emphasizes the fact that chronic stress is not just a psychological but a biological entity. Lifestyle is another factor. Mutambudzi and Henkens [13] have linked chronic stress to sleep deprivation, physical inactivity, and accelerated aging. The World Health Organization [15] has recognized chronic stress as a global health concern, caused by work pressure, academic pressure, digital stress, and social isolation. Early detection of the condition is required rather than detection at a later stage.
Significant gaps have been found in the literature despite extensive research. The literature shows prediction or correlation without a clear idea of the concept.
Investigating the specific stressors that are driving the escalation. The measurement of stress is often achieved by the use of unweighted indices, whereby all factors are considered equally, even though there are stronger implications for the disruption of recovery and emotional exhaustion. The interaction effect of stress domains is also not often considered, even though chronic stress is the result of the accumulation of multiple stressors. To address these issues, the current study introduces the Weighted Chronic Stress Index (W-CSI) and combines supervised machine learning and causal inference methods. The use of weights considers the unequal contribution of each stress, while the estimation of the causal effect considers the key pathways beyond association. Joint stressor analysis also examines the interaction effect of the stress domains.
METHODOLOGY
A. DATA SOURCE AND PARTICIPANTS
The study employed a structured 25-item questionnaire that measured different aspects of chronic stress, including physical, emotional, cognitive, behavioural, and lifestyle factors. All items were measured on a five-point Likert scale ranging from 1 (Never) to 5 (Always). The questionnaire was shared through academic and professional networks via Google Forms, resulting in 300 valid responses. Demographic variables such as gender, age group, workplace, years of experience, and type of organization were included for descriptive analysis as well as causal analysis for different subgroups, as presented in Table I.
TABLE 1. 
DEMOGRAPHIC SUMMARY OF PARTICIPANTS
	Demographic Variable
	Category
	Count (n=300)

	Gender
	Male
	140

	
	Female
	160

	Age Group
	18–25
	120

	
	26–35
	130

	
	36+
	50

	Work Location
	Urban
	180

	
	Semi-Urban
	90

	
	Rural
	30

	Years of Experience
	0–2 Years
	110

	
	3–5 Years
	120

	
	6+ Years
	70

	Organization Type
	Private
	210

	
	Public
	90


B. DATA CLEANING AND PREPROCESSING
Before model development, the dataset was cleaned to remove unreliable responses, including entries with less than 80% completion and straight-line answering patterns. Missing values were handled using item-level mean imputation to retain valid samples. All questionnaire responses were encoded on a numerical scale from 1 to 5 for reliability testing, feature selection, machine learning classification, and causal analysis. A Pearson correlation heatmap was used to identify and remove redundant questionnaire items. Since the stress severity classes were imbalanced, SMOTE was applied during training to improve model stability while avoiding data leakage.
C. FEATURE SELECTION AND RELIABILITY ANALYSIS 
Feature selection was performed to remove redundant questionnaire items using a correlation-based approach. Items exceeding the correlation threshold were eliminated to reduce multicollinearity. The questionnaire showed very high reliability before feature selection (Cronbach’s α = 0.993) and remained highly reliable after reducing to 15 items (Cronbach’s α = 0.989).
D. CHRONIC STRESS INDEX (CSI AND W-CSI) CONSTRUCTION
In order to measure the level of stress severity, a baseline Chronic Stress Index (CSI) for each individual is calculated by averaging the values of all the questionnaire items

where xi is the response score of the i-th questionnaire item using a five-point Likert scale ranging from 1 to 5, and k is the total number of items. The stress severity levels are classified into three types using equal-width binning of the CSI values:
· Low Stress: 1.00 – 2.33
· Moderate Stress: 2.33 – 3.66
· High Stress: 3.66 – 5.00
The levels of stress were used as the target for the machine learning model. Chronic stress, being a multidimensional construct, does not have equal contributions from all the domains of stress. Therefore, a Weighted Chronic Stress Index (W-CSI) was used. The questionnaire was divided into theoretical stress domains, and the mean of each domain was multiplied by the weight, which is based on previous studies on the mechanisms of chronic stress and the consequences of allostatic load [1, 2], as well as studies by the World Health Organization on workplace stress [15]. Let the mean score of the jth domain, Dj, and the weight of the jth domain, wj, respectively, denote the mean score and the weight of the jth domain. Then, the Weighted Chronic Stress Index (W-CSI) is given by:
)
The following domain weights were applied:
· Recovery-related: 0.30
· Emotional: 0.20
· Cognitive: 0.15
· Workload/Physical: 0.15
· Behavioural: 0.10
· Lifestyle: 0.10
W-CSI was applied for the joint stressor interaction analysis and for the purpose of drawing inferences, as it is more indicative of the accumulation of stress from multiple dimensions.
E. STRESSOR CONSTRUCTION AND CLASS BALANCING
Eight stressor variables were constructed as binary exposure variables (0: not exposed, 1: exposed) to represent the major chronic stress pathways. These variables are derived directly from the questionnaire data and reflect the major dimensions of stress contained within the data set:
· High Workload
· Avoidance
· Physical Strain
· Sleep Problems
· Cognitive Strain
· Emotional Reactivity
· Burnout
· Lifestyle Disruption
The composite stressors were calculated by using the domain-based averages. Participants were considered to have been exposed to the stressors if the mean score for the stressor was greater than or equal to 4.4, which is close to the ‘Always’ end of the scale.
The initial results indicated that the classes were not balanced, with fewer cases of moderate stress. To eliminate bias and ensure the stability of the models, SMOTE was used during the training process.
F. MACHINE LEARNING MODELS
Two supervised learning models were used for the classification of the stress severity:
· Multinomial Logistic Regression (MLR)
· Random Forest Classifier (RF)
Random Forest was selected for its strong performance in capturing nonlinear relationships and complex interactions among stressor variables. Multinomial Logistic Regression was used as a baseline model for comparison. Model performance was evaluated using a stratified five-fold cross-validation approach. Evaluation metrics included accuracy, precision, recall, F1-score, and the confusion matrix.
G. CAUSAL FRAMEWORK & ESTIMATION
In order to go beyond prediction and establish the causal effects, this study used a counterfactual causal inference approach.
The aim was to assess the effects of specific stress pathways on stress levels while controlling for potential confounders.
1) Confounders
The following variables were used as potential confounders:
· Age
· Gender
· Years of Experience
· Work Location
· Department/Role
· Organization Type
These variables may affect stress exposure, for example, stress or burnout, as well as stress severity. As a result, they were included as covariates for causal estimation.
2) Directed Acyclic Graph (DAG)
A Directed Acyclic Graph (DAG) was created to reflect assumed relationships between demographic variables, stressor exposure, and stress severity. The DAG indicates that demographic variables may affect stress exposure as well as stress severity. The causal structure for this analysis is represented in Fig. 1.
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Fig. 1. Directed Acyclic Graph (DAG) of the causal stress framework.
3) Average Treatment Effect (ATE) Estimation
The causal effect of each stressor was estimated using the Average Treatment Effect (ATE) measure:

where Y (1) is the stress severity when the individual is exposed to the stressor, and Y (0) is the stress severity when the individual is not exposed. The ATE measure was estimated using the Inverse Probability Weighting (IPW), Double Machine Learning (DML), and Causal Forest methods.
H. ETHICAL CONSIDERATIONS
The study participants’ participation in the study was voluntary, no personal identifiable information was collected, and the data was used for academic purposes.
RESULTS
This section includes the results of the reliability analysis, computation of the stress index, feature selection, machine learning classification, and estimation of the cause. The results are based on the final cleaned data set containing 300 responses.
A. RELIABILITY AND QUESTIONNAIRE CONSISTENCY
This section includes the results of the internal consistency of the 25-question chronic stress questionnaire using Cronbach’s Alpha method. The score before feature selection was as follows: Cronbach’s Alpha (Before Feature Selection) = 0.993
This indicates a very high level of internal consistency, but such a high score also indicates redundancy in the questions. Therefore, correlation-based feature reduction was performed to reduce the redundancy of the questions. After the redundancy reduction, the Cronbach’s Alpha score was: Cronbach’s Alpha (After Feature Selection) = 0.989
This shows that redundant values are eliminated without affecting the consistency of the questionnaires.
B. STRESS INDEX DISTRIBUTION AND SEVERITY LEVELS
The Chronic Stress Index (CSI) was calculated for all subjects. Equal bin widths are used to categorize stress levels into low, moderate, and high. The distribution of stress severity levels was as follows:
· Low Stress: 94 participants
· Moderate Stress: 41 participants
· High Stress: 165 participants
[image: ]The distribution of stress severity levels in the dataset can be seen in Fig. 2









Fig. 2. Distribution of stress levels across the dataset.
C. MACHINE LEARNING CLASSIFICATION PERFORMANCE (SMOTE-BASED)
To mitigate class imbalance bias, SMOTE was used only for the training folds during the cross-validation process. The classification models used were:
· Multinomial Logistic Regression
· Random Forest Classifier
The accuracy obtained from the classification models is as follows:
· Logistic Regression Accuracy = 79.0 %
· Random Forest Accuracy = 82.7 %
[image: ]Random Forest had the best accuracy and was selected as the final model.
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Fig. 3. Random Forest confusion matrix.
The confusion matrix for the Random Forest model is as follows: The model performed well in classifying the high stress cases with high consistency, whereas the moderate stress levels had a higher rate of misclassification. This is expected as the moderate stress level is a transitional state between the low and high stress levels.
2) Classification Report
For the Random Forest classifier, the accuracy is about 83% (82.7). Precision and recall are high for high stress, while moderate stress is comparatively low, as is common in self-reported stress studies.
D. CAUSAL FRAMEWORK SUMMARY
To make predictions and obtain an estimation of the causal influence, the process of causal inference is applied. This is achieved by employing the Directed Acyclic Graph (DAG) structure. The confounders are:
· Age
· Gender
· Years of Experience
· Work Location
· Department/Role
· Organization Type
These variables were selected for inclusion based on their potential to impact stressor exposure and stress severity.
E. ESTIMATION OF AVERAGE TREATMENT EFFECT (ATE)
The Average Treatment Effect (ATE) was calculated for all eight stressor variables to determine the causal impact. To increase the robustness of the results, three different causal estimators were employed to estimate the ATE:
· Inverse Probability Weighting (IPW)
· Double Machine Learning (DML)
· Causal Forest Estimation
The calculated values for the ATE for each of the stressors, based on the three different estimators, are shown in the following table.
TABLE II 
AVERAGE TREATMENT EFFECT (ATE) ESTIMATES FOR ALL STRESSORS
	Stressor
	ATE (IPW)
	ATE (DML)
	ATE (Causal Forest)

	High Workload
	1.413
	1.346
	1.411

	Avoidance
	1.695
	1.490
	1.677

	Physical Strain
	2.605
	2.530
	2.575

	Sleep Problems
	2.023
	1.807
	1.983

	Cognitive Strain
	2.383
	2.140
	2.290

	Emotional Reactivity
	2.206
	2.215
	2.157

	Burnout
	2.031
	1.972
	1.992

	Lifestyle Disruption
	2.476
	2.383
	2.436
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Fig. 4. Average Treatment Effect (ATE) 
ATE estimates for stressors, which indicate robustness of causal results. Among the eight stressors, physical strain, lifestyle disruption, cognitive strain, and emotional reactivity exhibited strongest causal effect on stress severity. These results support that chronic stress arises from multiple pathways, not from one single factor. 
F. CATE Results (Heterogeneous Treatment Effects)
To investigate whether stressor influence varies across different subgroups of the population, 
Conditional Average Treatment Effects (CATE) are computed for gender and age group subgroups. 
Results show that stressor influence indeed varies across demographic subgroups, supporting the need for targeted intervention strategies. 
Results for gender subgroup are presented in Table III, whereas results for age group are presented in Table IV. 
Age group was label encoded as: 0 = 18-25, 1 = 26-35, 2 = 36-45, and 3 = 46+ years. 
TABLE III. 
CATE ESTIMATES ACROSS GENDER SUBGROUPS USING IPW
	Stressor
	Gender = 0
	Gender = 1

	High Workload
	1.487
	1.352

	Avoidance
	1.709
	1.684

	Physical Strain
	2.633
	2.571

	Sleep Problems
	2.059
	1.982

	Cognitive Strain
	2.350
	2.393

	Emotional Reactivity
	2.318
	2.126

	Burnout
	2.206
	1.918

	Lifestyle Disruption
	2.452
	2.499


TABLE IV. 
CATE ESTIMATES ACROSS AGE SUBGROUPS USING IPW
	Stressor
	Age Group = 0
	Age Group = 1
	Age Group = 2
	Age Group = 3

	High Workload
	1.329
	1.240
	1.762
	1.671

	Avoidance
	1.611
	1.539
	2.004
	1.770

	Physical Strain
	2.548
	2.788
	2.628
	2.502

	Sleep Problems
	1.983
	2.012
	2.037
	2.174

	Cognitive Strain
	2.321
	2.673
	2.268
	2.271

	Emotional Reactivity
	2.122
	2.231
	2.507
	2.169

	Burnout
	1.970
	2.061
	2.437
	1.869

	Lifestyle Disruption
	2.313
	2.788
	2.628
	2.502


DISCUSSION
This indicates that chronic stress is not caused by a single isolated factor but is the result of the combined and reinforcing effect of the psychological and physiological pathways of stress. Although the machine learning models were successful in classifying the severity of the stress, the joint stressor and cause analysis was instrumental in identifying the domains that have the largest contribution to the escalation of the stress. The questionnaire was found to be highly reliable even after redundancy reduction. The value of Cronbach’s α reduced slightly from 0.993 to 0.989. This indicates that the redundancy reduction was efficient without compromising the internal reliability of the questionnaire. This further validates the results of the constructed stress indices.
For the predictive evaluation, Random Forest performed slightly better than Multinomial Logistic Regression. This indicates that the derived features for the stressors have a clear and understandable separation for the different levels of stress. The moderate level of stress had a lower value for recall, as expected due to the transitional nature and symptom overlap of the cases. The cases for moderate stress were fewer; therefore, the SMOTE method was applied during the training. In high stress cases, classification was more consistent, which may have been due to more distinct symptom patterns, such as burnout or sleep problems.
Joint stressor analysis was carried out with W-CSI, which revealed that stress severity is strongly increased when multiple stressors add up. In particular, recovery problems, including sleep problems, burnout, and lifestyle disruption, had the greatest impact. Cognitive strain and emotional reaction also contributed strongly to stress, although avoidance behaviours appeared to maintain stress. Workload stress and physical strain were also significant but did not account for severe stress without recovery disruption.
The results were also supported by causal estimation analysis. In particular, consistent results across different methods, including IPW, DML, and Causal Forest, revealed that physical strain, lifestyle disruption, and workload stress have causal impact on stress severity even when adjusting for confounders. The results support an understanding of chronic stress as a cumulative process that is multidimensional and depends on interactions between stress domains.
LIMITATIONS
The limitations of this study include the following. Firstly, the data is based on reported information from the questionnaires, which could be subject to recall bias and interpretation.
Secondly, the study has a cross-sectional design, which does not allow for progression. Although SMOTE helped to improve class balance during the training process, it is possible that the oversampling of the data does not accurately represent the real-world stress distribution.
The stress levels were determined based on the CSI and not clinical diagnosis, which makes them questionnaire-based.
Lastly, the study controlled for some confounding variables, but other variables such as socioeconomic status, coping style, personality, and mental health history could have an impact.
The study had a moderate sample size of 300 participants and relied on academic and professional networks.
 FUTURE WORK 
For future studies, the longitudinal approach could be employed to improve the understanding of the progression of stress. Physiological measures, such as heart rate variability, could also be added to improve the robustness of the study. Expanding the framework to include the effects of resilience, such as physical activity, mindfulness, and social support, could also improve the framework. Additionally, the use of standardized and validated scales of stress could improve the robustness of the framework. It is believed that the framework, with some improvements, could be used for monitoring stress in the classroom and the workplace.
  CONCLUSION 
In this study, an integrated machine learning and causal inference approach was developed for modeling chronic stress with a structured 25-item questionnaire. The quantification of stress severity was achieved by the CSI and W-CSI, which considered unequal domain contributions, while feature selection minimized redundancy with high reliability. The best classification results were achieved by Random Forest. The stress severity analysis revealed that when multiple domains accumulate, stress severity is increased for recovery-related domains and cognitive–emotional domains.
In summary, these results support the understanding of chronic stress as a cumulative process that is multidimensional, and this newly developed framework has predictive power and interpretability for identifying meaningful intervention targets.
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