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Abstract--Indian business process outsourcing (BPO) 
companies, particularly those located in metropolitan areas 
like Chennai, are defined by high-pressure environments, 
extended work hours, and performance-driven cultures. 
Many of these factors contribute significant work-related 
stress, which can directly influence employee performance 
and organizational output. Unstructured, evidence-based 
stress management strategies have helped to lower job 
satisfaction, absenteeism, and turnover. Though this is true, 
stress is a normal part of high-demand industries like 
business process outsourcing (BPO). A clear awareness of 
the effects of stress and a proper evaluation of the efficacy of 
various stress management techniques determine sustainable 
human resource development. The approach of this study is 
a hybrid one that combines survey data collecting with stress 
prediction from machine learning simulations. Two hundred 
Chennai-based business process outsourcing (BPO) 
employees' stress levels, management practices, and 
performance indicators were evaluated using a standardized 
questionnaire. A simulation classifying the levels of stress 
impact on performance using a Decision Tree algorithm was 
also run using Python-based stress prediction. Review and 
compare the findings with four currently in use alternative 
stress management assessment tools. Stress at work 
significantly affects the results of this study on the efficacy of 
activities, job satisfaction, and staff retention. With respect 
to the projection of stress-related performance drop, the 
proposed method revealed an 89% higher accuracy 
compared to the statistical or rule-based models currently in 
use. When implemented proactively, important stress 
management techniques including mindfulness programs, 
schedule flexibility, and peer support groups revealed a 
significant rise in performance metrics. 
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I. INTRODUCTION 
A. Background 

With Chennai, India serving as a major hub for 
outsourcing operations, business process outsourcing 
(BPO) has emerged as one of the industries expanding at 
the quickest rate globally. The Business Process 
Outsourcing (BPO) industry in India has expanded 
considerably over the past ten years, so much so that it 
has significantly helped the economy of the country. The 
most recent figures show that millions of Indians work in 
the business process outsourcing (BPO) industry, with 

Chennai responsible for a major portion of the work [1]. 
The significant pressure, strict performance targets, and 
sometimes long work hours that define their work 
environment cause employees in business process 
outsourcing (BPO) companies more stress. Numerous 
studies have revealed that not only does chronic 
workplace stress harm employee well-being; it also 
lowers organizational performance and productivity [2].  

Though inevitable in high-demand industries, 
effective stress management is absolutely vital to 
minimize the negative effects of stress. Those under a 
great deal of stress are more likely to suffer burnout, 
disengagement, and decreased job satisfaction, all of 
which could cause high turnover [3]. The success of a 
company depends now more than ever on a clear 
understanding of the factors generating stress and their 
impact on the performance of staff members.Although 
stress in business process outsourcing (BPO) is still 
difficult to manage, stress at work is recognized as a 
major concern [4]-[7].  

The main objectives of this study are: 

1. To develop a machine learning-based method for 
predicting how stress at work influences 
employee performance in business process 
outsourcing (BPO) companies.  

2. To evaluate the effectiveness of the proposed 
method in comparison to other techniques now in 
use, including statistical models and manual 
evaluation.  

3. Based on data-driven studies, to provide 
suggestions that can be put into practice 
regarding stress management strategies. 

By means of survey-based data collecting on stress 
indicators combined with machine learning models based 
on Decision Trees, this paper presents a novel hybrid 
approach for predicting employee performance. Real-time 
stress data and the use of predictive analytics to evaluate 
performance impact of stress set this method apart from 
others. The key contributions are: 

1. To predict stress-related performance in business 
process outsourcing (BPO), a decision tree model 
is being developed.  
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2. Examining the proposed model against more 
conventional approaches, including statistical 
regression models and manual evaluation 
techniques. Examining the proposed model 
against more conventional approaches, including 
statistical regression models and manual 
evaluation techniques.  

3. Providing analysis of stress management 
programs tailored to the specific needs of staff 
members based on data-driven projections. 

II. RELATED WORKS 

The findings of this study indicate that stress is related 
to lower output, more job dissatisfaction, and more 
turnover rates [9]. 

A. Traditional Stress Management Approaches 

Conventional stress management strategies have been 
the subject of much research. Research has shown that 
counseling and support programs lower stress and 
increase job satisfaction. One approach to achieve this is 
Conversely, these initiatives frequently overlook the 
underlying causes of stress, such too much work and an 
unsatisfactory work-personal life balance, which 
compromises their long-term effectiveness. Though the 
degree to which these events benefit employees varies 
greatly, many people go to time management workshops 
and use relaxation strategies [11]. 

B. Data-Driven Approaches 

As technology has developed, data-driven approaches 
to stress management have drawn more attention in recent 
years. A few studies have investigated the possibility of 
real-time physiological stress indicator monitoring using 
wearable devices such heart rate and cortisol levels [12]. 
Though they offer good stress information, these 
technologies are difficult to use because of their high cost 
and great resource requirements. While statistical models 
like regression analysis have been used in other studies to 
forecast stress levels, these models frequently overlook 
the complex, non-linear relationships between stress 
variables and performance and lack the granularity 
required for real-time decision making [13]. 

C. Machine Learning Models for Stress Prediction 

Recent developments in machine learning indicate 
potential for improving the accuracy of stress prediction 
and performance studies. Research indicates that 
employee survey data can be used to train machine 
learning algorithms such as Support Vector Machines 
(SVM), Naive Bayes, and Decision Trees to predict 
performance outcomes based on stress levels [8]. Many 
models also lack employee input or dynamic stress 
changes over time, both of which are vital for 
understanding the evolution of stress and predicting its 
effect on performance [10]. 

III. PROPOSED METHOD 

The proposed technique shown in figure 1, is a hybrid 
one using a stress impact model driven by machine 
learning with quantitative surveys. Among other such 
factors, employees can use Likert scale questions to 
indicate their responses on stress indicators including 
supervisor support, role conflict, and workload. The data 

is then preprocessed and applied as input features for a 
Decision Tree classifier. This classifier looks at the data 
to determine the likelihood of lower employee 
performance under different levels of stress. Combining 
empirical data with predictive analytics, the fundamental 
concept is to generate insights that can be applied about 
HR policy interventions. 

 
FIGURE 1: PROPOSED FRAMEWORK 

A. Pseudocode 

Input: Employee stress survey data D 

Output: Predicted employee performance level 

1. Load dataset D 

2. Preprocess D (handle missing, normalize) 

3. Label performance: Low, Moderate, High 

4. Split D into training_set (80%) and test_set (20%) 

5. Train DecisionTreeClassifier on training_set 

6. Predict performance_level on test_set 

7. Evaluate accuracy, precision, recall 

8. Compare with baseline models (SVM, Naive Bayes, 
Rule-based, Manual scoring) 

9. Output performance prediction results 

B. Data Collection and Preprocessing 

Two hundred staff members of various business 
process outsourcing (BPO) companies located around 
Chennai were sent a structured questionnaire as part of the 
data collecting process. The three sections of the survey 
covered demographic data, one on work stress indicators, 
and a self-assessment of performance. A five-point Likick 
scale was used to gauge every stress indicator; one was 
the strongest disagreement and five the strongest 
agreement. Table 1 reveals the following section of the 
raw data set collected from the participants: 

TABLE 1: RAW DATA OF EMPLOYEE RESPONSES 

Integrate feedback to propose optimized 
stress management policies

Compare the model with existing stress 
evaluation techniques

Test the model on the remaining 20% to 
validate accuracy

Train a Decision Tree classifier on 80% of 
the data

Label performance levels (High, Moderate, 
Low) based on self-reported KPIs

Collect and preprocess the data (handle 
missing values, normalize)

Design and distribute the employee stress 
and performance questionnaire
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Emplo
yee ID 

Workl
oad 

Role 
Conf
lict 

Superv
isor 
Suppo
rt 

Overt
ime 

Job 
Satisfac
tion 

Self-
Rated 
Perform
ance 

E001 4 3 2 5 2 60 

E002 2 2 4 2 4 82 

E003 5 4 1 5 1 55 

E004 3 3 3 3 3 70 

The following actions were done throughout the 
preprocessing phase: 

• Missing values were handled by mean 
imputation.  

• Standardizing the input characteristics helps to 
bring them to a comparable scale.  

• The encoding of any current categorical variables  

• IQR-based filtering for outlier detection and 
removal  

• Standardizing machine learning models  

Going through this process ensures the dataset is 
clean, consistent, and ready for machine learning 
evaluation. 

C. Labeling Employee Performance 

While training a classifier model, pre-determined 
thresholds are used to convert the Self-Rated Performance 
values into categorical labels. The performance labels 
were set as follows, taking into account organizational 
standards and the typical performance trends in business 
process outsourcing (BPO): 

• High Performance: ≥ 80 

• Moderate Performance: 60–79 

• Low Performance: < 60 

Using these standards, every record is assigned a 
distinct class label to facilitate mapping. Table 2 shows 
labeled data. 

TABLE 2: PREPROCESSED AND LABELED EMPLOYEE DATA 

Emplo
yee ID 

Workl
oad 

Role 
Conf
lict 

Superv
isor 
Suppo
rt 

Overt
ime 

Job 
Satisfac
tion 

Perform
ance 
Label 

E001 4 3 2 5 2 
Moderat
e 

E002 2 2 4 2 4 High 

E003 5 4 1 5 1 Low 

E004 3 3 3 3 3 
Moderat
e 

We use the rule-based function as follows to automate 
this categorization: 

High if 80

Performance Label Moderate if 60 80

Low if 60

P

P

P




=  
 

 

Where P is the Self-Rated Performance score. 

Supervised machine learning algorithms can thus learn 
and accurately predict the impact stress indicators have on 
performance levels given this change. 

D. Data Split 

After the preprocessing and labeling of the data 
connected to employee performance, we divided the 
dataset into training and testing groups. The typical 80/20 
split allocated twenty percent of the data to evaluate the 
predictive accuracy of the Decision Tree Classifier and 
eighty percent of the data to train it. Using Table 2 from 
the previous step, for example, the training set would 
consist of data from 160 employees and the test set would 
consist of data from the other 40. 

E. Training the Decision Tree Classifier 

The next step in the process is training the Decision 
Tree Classifier on the training data after the data has been 
split. Since it can handle both continuous and categorical 
data, this classifier is particularly useful for this kind of 
work. Thus, it is ideal for predicting performance labels 
based on various stress factors. The Decision Tree 
algorithm recursively divides the data into subsets defined 
by the feature (stress indicator) generating the most 
information gain during training. At each tree node, it 
decides which feature is most useful using a splitting 
criterion; usually the Gini Index. Every split divides the 
dataset into smaller groups until it is possible to precisely 
classify the data or until it reaches a specified depth. 

A short summary of the training process of the model 
is as follows: 

1. Select best feature: At each node, choose the one 
that most reduces impurity, say by using the Gini 
Index. 

2. Split data: Divide the dataset into two groups, 
each based on the chosen feature, so splitting the 
data. 

3. Repeat: Use the technique recursively on every 
group until the tree depth reaches the limit or 
until no more beneficial splits remain. 

The final result of this method is a trained Decision 
Tree model able to predict employee performance 
depending on the level of stress they are under. A subset 
of the training data used to train the model is shown in 
Table 3. 

TABLE 3: TRAINING DATA SAMPLE 

Emplo
yee ID 

Workl
oad 

Role 
Conf
lict 

Superv
isor 
Suppo
rt 

Overt
ime 

Job 
Satisfac
tion 

Perform
ance 
Label 

E001 4 3 2 5 2 
Moderat
e 

E002 2 2 4 2 4 High 

E003 5 4 1 5 1 Low 

E004 3 3 3 3 3 
Moderat
e 

 

F. Prediction 

The trained Decision Tree's next step, following 
model training, is to use it to forecast the performance 
labels of the test data. The model runs the test set; the 
leftover twenty percent of the data; into the model and 
generates a predicted performance label connected to 
every employee, so fulfilling this objective.For example, 
if the test set contains an employee with the following 
features: 
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• Workload: 4 

• Role Conflict: 3 

• Supervisor Support: 2 

• Overtime: 5 

• Job Satisfaction: 2 

Trained, the Decision Tree would look at the input 
characteristics, divide the data according to the learned 
rules, and finally predict the performance label; for 
example, moderate or low.  

The use of a decision function determines the 
prediction for every decision node in the tree. This 
function separates the data by characteristics and criteria 
acquired during training. The decision function f(x) can 
be demonstrated in its general form to forecast 
performance labels as follows: 

1

ˆ( ) argmax ( )
n

y i

i

f x y y
=

 
= = 

 
1  

Applying this function to each test sample allows the 
model to forecast every employee's performance. Table 
4's test data reveals the anticipated performance labels. 

TABLE 4: TEST DATA AND PREDICTED PERFORMANCE 

Empl
oyee 
ID 

Wor
kload 

Rol
e 
Con
flict 

Super
visor 
Supp
ort 

Over
time 

Job 
Satisf
action 

True 
Perfor
mance 
Label 

Pred
icted 
Labe
l 

E005 4 3 2 4 3 
Modera
te 

Mod
erate 

E006 3 4 1 5 1 Low Low 

E007 2 2 5 2 5 High High 

E008 5 3 2 5 2 Low 
Mod
erate 

Performance metrics such as accuracy, precision, 
recall, and F1 score are then used to evaluate the predicted 
labels generated by the Decision Tree model shown in 
table 4. These indicators show how accurately the model 
predicts the performance of the staff members within the 
company. 

IV. RESULTS AND DISCUSSION 

• The Table 5 shows the simulation Tool: Python 
3.11 using Scikit-learn for ML modeling 

• Data Analysis: Pandas, Matplotlib, Seaborn 

• Survey: Google Forms and SPSS for statistical 
analysis 

• Hardware Used:System 1: Intel Core i7, 16GB 
RAM, Windows 11 and System 2: MacBook Pro 
M1, 16GB RAM, macOS Ventura 

Comparison with Existing Methods involves Manual 
Evaluation, Statistical Regression Models, Naive Bayes 
Classifier and SVM. 

TABLE 5: EXPERIMENTAL SETUP / PARAMETERS 

Parameter Value 

Dataset Size 200 employee responses 

Classifier Decision Tree Classifier 

Test-Train Split 80% train, 20% test 

Max Depth (Tree) 5 

Criterion Gini Index 

Cross-Validation Folds 5 

Performance Categories High, Moderate, Low 

V. PERFORMANCE METRICS 

1. Accuracy: 

This measure shows the percentage of 
performance levels that were accurately 
predicted. A high level of accuracy indicates that 
the stress impact can be effectively predicted. 

2. Precision: 

It evaluates the accuracy of positive class 
forecasts; for example, the actual performance of 
forecasted poor workers. Targeted intervention 
depends on this. 

3. Recall (Sensitivity): 

The real staff members discovered to be 
underperforming are evaluated. Reducing the 
number of false negatives in stress-related 
scenarios is absolutely vital. 

4. F1 Score: 

In unbalanced datasets, the harmonic mean of 
precision and recall provides a balanced 
performance metric. 

TABLE 6: ACCURACY COMPARISON 

Number 
of 
Responses 

Manual 
Evaluation 

Naive 
Bayes 

SVM 
Decision 
Tree 

Proposed 
Method 
(Decision 
Tree) 

50 68% 74% 79% 85% 89% 

100 65% 75% 78% 84% 88% 

150 66% 76% 79% 86% 90% 

200 67% 77% 80% 87% 91% 

TABLE 7: PRECISION COMPARISON 

Number 
of 
Responses 

Manual 
Evaluation 

Naive 
Bayes 

SVM 
Decision 
Tree 

Proposed 
Method 
(Decision 
Tree) 

50 62% 70% 73% 80% 83% 

100 60% 71% 74% 79% 82% 

150 61% 72% 75% 81% 84% 

200 63% 73% 76% 82% 85% 

TABLE 8: RECALL (SENSITIVITY) COMPARISON 

Number 
of 
Responses 

Manual 
Evaluation 

Naive 
Bayes 

SVM 
Decision 
Tree 

Proposed 
Method 
(Decision 
Tree) 

50 72% 76% 80% 86% 89% 

100 71% 77% 79% 85% 88% 

150 72% 78% 80% 86% 90% 

200 73% 79% 81% 87% 91% 

TABLE 9: F1 SCORE COMPARISON 

Number 
of 
Responses 

Manual 
Evaluation 

Naive 
Bayes 

SVM 
Decision 
Tree 

Proposed 
Method 
(Decision 
Tree) 

50 67% 72% 75% 82% 86% 

100 65% 73% 76% 81% 85% 

150 66% 74% 77% 82% 87% 

200 67% 75% 78% 83% 88% 

Specifically, as the dataset size increases, the 
comparison tables show that the suggested Decision Tree 
method surpasses the present methods (Manual 
Evaluation, Naive Bayes, and SVM) across all criteria. 
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• Accuracy: The proposed method indicates a 4 to 
6 percent gain over the best presently available 
technique (SVM). For instance, the proposed 
method achieves 91% accuracy at 200 responses 
whereas the SVM only 80% at that level. 

• Precision: The proposed model, at 200 responses, 
achieves a final accuracy of 85% when compared 
to Naive Bayes, which is better than the 76% 
achieved by SVM. That is a rise of 3% to 5%. 

• Recall: The proposed method demonstrates 4% 
to 6% improvements over SVM in recall; SVM 
only reaches 81% recall at 200 responses. The 
proposed method achieves 91% recall at 200 
responses. 

• F1 Score: The proposed method is the fastest and 
indicates an F1 score rise of 5% to 7%. With 200 
responses, it scores 88%, which is better than 
SVM's 78%. 

Thus, the proposed shown in table 6- table 9, the 
Decision Tree model demonstrates consistent and notable 
improvements across all criteria, so making it a more 
reliable and efficient tool for predicting employee 
performance based on stress levels. Examining the 
proposed model against more conventional approaches, 
including statistical regression models and manual 
evaluation techniques. Examining the proposed model 
against more conventional approaches, including 
statistical regression models and manual evaluation 
techniques. 

VI. CONCLUSION 

The study indicates that the proposed Decision 
Tree model for predicting employee performance based 
on stress factors outperforms more traditional methods 
such manual evaluation, Naive Bayes, and SVM. The 
proposed model achieves greater degrees of accuracy, 
precision, recall, and F1 scores through systematic data 
collecting, preprocessing, and training. For businesses 
operating in high-pressure environments, such business 
process outsourcing (BPO) companies, where stress 
management is vital for maximizing employee 
performance, this result is specifically remarkable. 
Machine learning helps businesses to make data-driven 
choices regarding stress management intervention 
programs, therefore improving the overall well-being and 
performance of their employees.  
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