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Abstract. Healthcare and physiological specialists have the capability to ascertain if an
individual is undergoing a state of stress or not. Automatic detection of stress can minimize
the risk of health problems and improve people's well-being because by detecting stress
automatically allows for early intervention and prevention of more serious health
problems. It’s utilize physiological signals and machine learning algorithm to automate the
detection of stress levels in individuals. The current research is developing stress level
prediction using the XGBoost algorithm in mobile-based stress detection based on four
variables: blood pressure, heart rate per minute, body temperature, and Galvanic Skin
Resistance (GSR). The mobile application receives signals from these four variables
through data published using an MQTT broker from the stress detection device. Using
XGBoost algorithm, the data then automatically predicts the stress level and displays the
results on the mobile application interface. The model accuracy of XGBoost algorithm
used in the aplication is 98% with an f1-score of 97%. Futhermore the results of usability
testing of the application carried out on 35 people obtained 91% usability, 93.33% ease of
use, 91% user interface, and 91% satisfaction.
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1 Introduction

Accumulating an excess of stress can trigger the onset of persistent illnesses like hypertension,
cardiovascular disease, and even cancer. In extreme scenarios, it may even culminate in fatality.
Research employs diverse biological indicators, including electroencephalography,
electromyography, oxygen saturation, and pulse waves, to gauge stress levels. Nevertheless,
these assessments demand sophisticated, data-intensive systems, come with substantial
complexity and cost, and mandate expert analysis of the signals [1]. According to the World
Health Organization (WHO), stress management systems are pivotal in identifying stress levels
that can perturb one's socioeconomic well-being and way of life. Stress is a mental health
problem that affects an individual's life. Stress in humans causes mental and social-fiscal issues,
lack of clarity in work, poor work relationships, depression, and ultimately suicidal
tendencies[2], [3]. Moreover, Stress is a contributing factor to a wide range of physical and
mental health issues, including cardiovascular diseases, depression, and anxiety. ldentifying
stress early can lead to timely interventions to mitigate its effects. Factors Influencing Stress
Levels in Health Workers [4], Stress levels are categorized into multiple degrees, specifically
mild, moderate, and severe, and these are shaped by various factors unique to each person. The
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research employed a stress factor questionnaire, and stress levels were assessed through the
Depression Anxiety and Stress Scale (DASS) questionnaire.

Currently, The ability to ascertain if an individual is experiencing stress or not is exclusive to
medical and physiological specialists. One traditional method of stress detection is through the
use of questionnaires. Patients are required to respond to a set of inquiries regarding their state,
following which the psychologist or psychiatrist will conduct an evaluation of the patient's
condition utilizing psychological analysis methods, considering the responses provided. The
automation of stress detection reduces the likelihood of health issues and enhances the overall
welfare of the community. This underscores the necessity for scientific instruments that rely on
physiological signals to autonomously identify stress levels in individuals. [3].

Based on the research conducted by Firman Deza, Putri Madona, and Newal Rahmardy titled
"Human Stress Level Detector Based on Body Temperature, Skin Moisture, Blood Pressure,
and Heart Rate," a device was created to detect stress levels based on four variables: blood
pressure, heart rate per minute, body temperature, and Galvanic Skin Resistance (GSR)[5]. The
device can only detect these four variables using sensors and performs manual prediction based
on a predefined physical stress level table for young adults to determine an individual's stress
level. The goal of creating this device is to display stress levels according to variables obtained
from sensors attached to the patient's body.

Continuing previous research, the authors propose further development of their device for
automatic prediction through the title "Prediction of Stress Levels Using Stress Detector Tool
with Machine Learning and XGBoost Algorithm on Mobile Platform." The mobile app obtains
signals from these variables via data published using an MQTT broker from the stress detection
device in previous research. Subsequently, it‘s utilize the XGBoost algorithm to automatically
predict the stress level based on stress pattern from stress level dataset and presents the outcomes
on the mobile app interface so that stress detection can be done using a mobile device
automatically. The selection of the XGBoost algorithm for this research was made due to its
robustness in handling classification and regression tasks. It is versatile enough to make
predictions for both categorical and continuous target variables[6].

The aplication will classify stress levels into four categories: relaxed, anxious, calm, and tense.
"Tense" conveys a sense of heightened apprehension or stress, though not to an extreme level.
It also represents a state of mild unease or tension, where an individual perceives that nothing
significant is unfolding in their life, allowing them to relax to a certain extent. Furthermore, it
encompasses a state of tranquility and comfort, enabling individuals to experience happiness
and joy[7]. The application periodically presents the patient's health history on several graphs
so that the patient can easily understand it.

2 Research Methods

To perform stress level prediction using machine learning, the following steps were carried out
using the dataset[8][1], [9] Visible within the results derived from prior research is shows in
Figure 1.
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Fig.1. Research Stages
Data Acquisition

In this study, data was obtained through a stress detection device and recorded in PDF
format. The dataset consists of 546 rows and 6 columns, which are Galvanic Skin
Resistance (GSR), Heart Rate (HR), Blood Pressure (BP), Body Temperature, Air
Respiration, and the Result, which represents the stress level label[1], [5], [10]. Table
1 provides an explanation of each variable.

Table 1. Variables in classification of stress levels

No Variabel Data Type Value
. . . o 24
1 Galvanic Skin Categorical o 46
Resistance (GSR)  Data . <
o >0
c ical e 60-70,
2 Hearth Rate (HR) Daiego“ca o 70-90,
ala e 90-100,
e >100.
e 100/70-
110/75,
Blood Preasure Cat ical e 110-75-
3 (BP) Dategorlca 120/85,
ata e 120/90-
130/110,
e >130/110.
e 33-35,
Categorical o 35-36,
4 Temperature Data . 3637,
e <33
i e 16-18,
5 Air Respiration gg‘f[zgorlcal e 19-20,
o >20
. e Tenang,
6  Stress Levels ga‘f[egorlcal e Cemas,
ata e Rileks,
e Tegang

Data Exploration

The next step involves data exploration to better understand the data. Visualizations
were used to characterize each variable. The distribution of stress level is shown in



Figure 2.
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Fig.2. Distribution of stress level data

It was observed that the previous research data was quite balanced, with around 130
data points for each label, except for the "tense" label, which had around 110 data
points. In this study, data exploration shows the correlation between variable GSR and
Temperature to stress level in figure 3 and figure 4.
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Fig. 1. Correlation between GSR variables and stress levels
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Fig. 2. Correlation between TEMPERATURES and stress levels

c. Data Preprocessing



To achieve the goal of data transformation, each variable was converted into object
data types because the xgboost algorithm requires the target variable to be in numerical
form to perform calculations and train the model correctly. Label encoding was used
as one of the data transformation techniques, where labels were converted into
numerical form. By using label encoding on the target variable, it means replacing the
categorical values in the target variable with integers. This allows XGBoost to
understand and process those target variables in a machine learning context.

The transformation process in this study is shown in table 2.

Table 2. Transformation process with label encoder

No Variabel Label Label Encoder
2-4

Galvanic Skin Resistance 4-6

(GSR) <2
>6
60-70
70-90
90-100
>100
100/70 — 110/75
Blood Preasure (BP) 110/75 -120/85
120/90 -130/110
>130/110
33-35
35-36
36-37
<33
16-18
19-20
>20

2 Hearth Rate (HR)

4 Temperature

Air Respiration
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Data Modelling

The next step involves data modeling. To help solve the prediction problem, modeling
will be performed using the existing data. In this study data modelling using machine
learning algorithms extreme gradient boosting (XGBoost). The XGBoost technique is
an evolution of the GBDT (Gradient Boosting Decision Tree) algorithm, originally
introduced by Friedman. XGBoost is a Supervised Learning library utilized for making
predictions and conducting classifications.[11]-[13]. The decision to use the XGBoost
algorithm in this study was based on its strong performance in managing classification
and regression tasks. XGboost algorithm is equipped with various powerful
optimization techniques, such as tree pruning, loss reduction, and feature clustering,
which makes it very efficient in producing good models. Furthermore, this algorithm
also could overcome overfitting and underfitting problems and is able to handle large
data well.

Data Evaluation

To determine the data training and testing proportions, four common ratios were
compared: 80:20, 75:25, 70:30, and 67:33. Utilizing a balanced ratio can mitigate the



risk of the resulting model becoming excessively intricate and prone to overfitting the
training data, which could lead to suboptimal performance when applied to unseen
data. Evaluation model in this study using confusion matrix. The Confusion Matrix
provides a more intricate breakdown of accurate and inaccurate classifications for each
class. In this matrix, the rows correspond to the actual (ground truth) labels, while the
columns depict the predicted labels. [14].

Model Deployment

The next step involved model deployment. To use the machine learning model in
production, modifications were made to enable prediction with other tools, such as
mobile devices. For the XGBoost model used in this research, it was transformed into
JSON format. Architectural design used in this study is shown in figure 5.
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Fig. 5. Android-based stress detection application architecture design

The study began with published data obtained using an MQTT broker and a stress
detection tool. The data underwent stress level prediction using the XGBoost algorithm
based on the published data. After successful prediction, the data was automatically
subscribed and sent to a database through a web server. The research also focused on
developing a mobile application that serves as a bridge to display patient data. The
REST API was utilized to facilitate communication between the mobile application
and the data transmitted through the tool to the database.

3 Result and Discussion

3.1 Interface of the Aplication

The application was built using the Dart programming language with the Flutter framework.
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Fig.3. Stress level detector application

The users in this application are patients who can view their recorded data in the form of a
dashboard, history, and profile. Figure 8 is user interface in mobile application.
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Fig.8. Stress level detector application dashboard



The dashboard displays the latest information from the patient's checkups in card format,
making it easier for the patient to understand the data. Visualization of user’s information test
shown in figure 9.

The profile page shows patient information, a logout button to log out of the application, a reset
password button leading to the password reset page, and a tab bar displaying graphs of the
patient's checkups by day, month, and year. User interface for history pages shown in Figure
10.

Fig.9. Display menu profile page
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Fig.10. Display of history pages

The history page shows the patient's historical data in the form of a datatable, displaying all the
checkup results conducted by the patient while using the tool.



3.2. XGBoost Classification Model
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Fig.10. XGBoost Model
Tree model based on Xgboost shown in figure 10. From figure 10 known that temperature

attribute is a root. This is due to the fact that temperature is the primary factor that has the most
significant influence on stress. Followed by HR and GSR.

3.3. Testing
Testing algorithm accuracy in this study using proportioning comparation between training data
and testing data. The highest accuracy of 98.46% was achieved using the 67:33 proportion.

Detailed result is shown in table 3.

Table 3. Proportion of training data and testing data to accuracy results

Proportion of

training and testing  “9°Mtm
accuracy
data
67:33 98.46%
75:25 97.96%
70:30 97.96%
80:20 97.44%

Through testing 65 recorded data results, the Confusion Matrix table was obtained as follows:



Predicted Class
Rileks Cemas Tenang Tegang

Rileks 19 0 0 0
Actual Class Cemas 0 17 0 !

Tenang O 0 15 0

Tegang 1 0 0 13

Based on the results of the confusion matrix for stress level detection using the XGBoost
algorithm, the precision score reached 98%, and the recall score was also 98%. This indicates a
very good agreement between the actual values and the prediction results. The f1-score obtained
was 97%, indicating excellent performance in stress level prediction, considering Thera are 4
prediction labels and 5 determinant variables to determine the stress level.

4 Conclusion

In conclusion, the XGBoost algorithm can model data for stress level prediction in a mobile-
based stress level detection application. The accuracy of the XGBoost algorithm for stress level
modeling in this research was 98%, and the f1-score was 97% using 5 supporting variables
namely Galvanic Skin Resistance (GSR), Heart Rate (HR), Blood Pressure (BP), Temperature
and Respiration.
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