
 

 

1 
 

1. Introduction 

Student anxiety is one of the major concerns of universities and families in today's societies. Today, 
anxiety levels in society are higher than in the past (Piao et al, 2024). University students are no exception, 
and increased levels of anxiety among students can lead to issues like a decline in academic performance 
(Owens et al., 2012). As students’ academic performance declines, the overall standing of universities 
correspondingly deteriorates. This will also cause losses for countries: future generations who are going 
to enter the job market or make an impact on society will face problems that will affect their performance 
in the future. 

In addition to its negative effects on academic performance, high anxiety can also affect people's health. 
High anxiety can cause or exacerbate various diseases, such as digestive diseases (Mayer et al., 2021) and 
neurological diseases (Prisnie et al., 2018). Such cases cause various societies to suffer losses because the 
health of individuals in society, especially young people, is one of the important issues that any country 
seeking sustainability must pursue. 

These cases highlight the importance of examining the factors influencing students' anxiety. To explore 
these factors effectively, it is essential to assess the physiological effects of anxiety on students. For 
instance, researchers should investigate whether heightened anxiety contributes to physical health issues 
among students. Additionally, the impact of anxiety on students' academic performance must be 
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evaluated. Therefore, the primary questions to address in research on factors affecting students' anxiety 
are its effects on their physical well-being and academic outcomes. 

To address this question, the effects of two internal factors - self-esteem and depression - are first 
examined. Two approaches are employed for this purpose: regression analysis and clustering. These steps 
are carried out based on data visualization and analysis. For the clustering analysis, the K-means method 
is applied; initially, clustering is performed, and subsequently, the optimal value of K for describing the 
clusters is determined using the silhouette score and the elbow method. Finally, the identified clusters are 
analyzed in detail. 

In the next step, the Fuzzy Best–Worst Method is employed to assign weights to the importance of 
external factors, which are categorized into three groups: environmental, academic, and social. First, 
weights are assigned to each of these three categories, followed by weighting the factors within each 
category. By multiplying the category weights by the weights of the factors within them, the global 
weights of the factors are determined. It should be noted that the use of triangular fuzzy numbers allows 
for handling the ambiguity in experts’ opinions, which have been collected based on linguistic terms. 

In this paper, the literature review is first presented, followed by the introduction of the research 
methodologies. Next, the data are analyzed, and the weighting process is conducted. Finally, in the 
conclusion section, the results are discussed and summarized. 

2. Literature review 

With technological advancements, modern technologies such as machine learning have become more 
accessible to researchers, who in turn use these methods to improve their decision-making and analyses. 
One area where researchers apply these techniques to enhance their analyses in studies related to student 
anxiety and stress (Ovi et al., 2025). These approaches are used to detect and monitor anxiety and stress 
among students. One machine learning method, which falls under the category of unsupervised learning, 
is the K-means clustering method. Researchers have used this approach to predict stress, anxiety, and 
depression. 

In general, machine learning methods are used to analyze relationships within data, identify hidden 
patterns, and predict issues such as stress and anxiety. However, another aspect of analyzing the existing 
factors involves assessing the importance of external factors based on expert opinions. Various studies 
have examined student anxiety from different perspectives and approaches. One such approach used to 
investigate the factors influencing anxiety and stress is multi-criteria decision-making. For example, 
weighting methods are applied to assess the importance of various factors that affect students’ anxiety 
and stress. These approaches have also been used to examine factors influencing stress in other 
occupations (Rajabi et al., 2020) as well as during the COVID-19 pandemic (Gupta et al., 2024). 

Multi-criteria decision-making approaches are applied in various contexts, but one important issue is that 
these methods require inputs that are usually based on expert opinions. These opinions are often 
expressed in linguistic terms and then converted into usable numerical values, as the final weights are 
represented numerically. It is worth noting that expert opinions, when described in words, inherently 
contain ambiguity. To address this ambiguity, researchers employ fuzzy approaches. Fuzzy numbers—
such as triangular fuzzy numbers, trapezoidal fuzzy numbers, type-2 fuzzy numbers, and spherical fuzzy 
numbers—are used to capture and represent the uncertainty involved. 

Table 1 presents studies related to the use of machine learning approaches and multi-criteria decision-
making weighting methods, with applications in examining factors affecting stress and anxiety, as well as 
in predicting them and analyzing related data. 

 
Table 1: Reviewed papers related to analyzing influential factors on anxiety and stress, using Multi-

Criteria Decision-Making and Machine-learning methods. 

Authors Article Title Methodology 

(Middeldorp et al., 
2005) 

Familial Clustering of Major Depression and Anxiety 
Disorders in Australian and Dutch Twins and Siblings 

Bivariate analysis 
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Authors Article Title Methodology 

(Sau & Bhakta, 
2017) 

Predicting anxiety and depression in elderly patients 
using machine learning technology 

Bayesian Network, 
logistic, Multiple 
layer perceptron, 

Naïve Bayes, Random 
forest, Random tree, 

J48, Sequential 
minimal 

optimisation, 
Random sub-space, K 

Star 

(Pintelas et al., 
2018) 

A review of machine learning prediction methods for 
anxiety disorders 

Systematic Review 

(Rajabi et al., 2020) 
Occupational stressors among firefighters: application 
of multi-criteria decision making (MCDM)Techniques 

Fuzzy Delphi, Fuzzy 
AHP 

(Jarmoszewicz, 
2020) 

Factors Associated with High Preoperative Anxiety: 
Results from Cluster Analysis 

Cluster analysis 

(Priya et al., 2020) 
Predicting Anxiety, Depression and Stress in Modern 

Life using Machine Learning Algorithms 

Decision Tree, 
Random forrest, 
Support vector 
machine, Naïve 

Bayes, K nearest 
neighbour 

(Arif et al., 2020) 
Classification of Anxiety Disorders using Machine 

Learning Methods: A Literature Review 
Systematic Review 

(Kumar et al., 2020) 
Assessment of Anxiety, Depression and Stress using 

Machine Learning Models 

Bayes classification, 
K-Nearest Neighbor, 

Neural network, 
Tree-based 

classification,  

(Liu et al., 2022) 
Use of latent profle analysis and K-means clustering to 

identify student anxiety profles 
K-means clustering 

(Ahmed et al., 2022) 
Machine learning models to detect anxiety and 

depression through social media: A scoping review 
Systematic Review 

(Ancillon, 2022) 
Machine Learning for Anxiety Detection Using 

Biosignals: A Review 
Systematic Review 

(Taylor et al., 2023) 
Cluster-based psychological phenotyping and 

differences in anxiety treatment outcomes 
Cluster analysis 

(Garg & Bhardwaj, 
2024) 

Exploring the influence of factors causing stress among 
doctoral students by combining fuzzy DEMATEL-ANP 

with a triangular approach 
Fuzzy Dematel-ANP 

(Prabkaran, 2024) 
Ranking Psychological Risk Factors Among College 

Students Using Interval-Valued Picture Fuzzy Set with 
Various Operators and MCDM Techniques 

Interval-valued 
picture fuzzy sets, 

MCDM 
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Authors Article Title Methodology 

(Gupta et al., 2024) 
Fuzzy AHP Approach for Multi-Criteria Stress Analysis 

During COVID-19: A Case Study 
Fuzzy AHP 

(Olthuis et al., 2024) 
What Does ‘High Anxiety Sensitivity’ Look Like? Using 

Cluster Analysis to Identify Distinct Profiles of High 
Anxiety Sensitive Treatment-Seekers 

Cluster analysis 

(Maral & Özdemir, 
2025) 

A systematic review on multi-criteria decision-making 
methods in educational research 

Systematic Review 

(Ovi et al., 2025) 
Protecting Student Mental Health with a Context-Aware 

Machine Learning Framework for Stress Monitoring 

Support vector 
machine, Random 

forest, Gradient 
boosting, XGBoost, 
AdaBoost, Bagging, 
Ensemble models 

Evidently, clustering approaches such as K-means can be used to uncover hidden relationships within 
data. In this study, the existing data are first examined, and then clustering is applied to analyze the effects 
of personality factors on anxiety. In the next step, environmental, academic, and social factors that 
influence individuals’ anxiety are analyzed based on expert opinions. 

3. Methodology 

In this section of the article, we examine the methods used for the required analyses. First, the K-means 
clustering method, an unsupervised learning approach, along with the silhouette score and the elbow 
method, are discussed. Then, the Fuzzy Best–Worst Method (FBWM) using triangular fuzzy numbers is 
examined. 

3.1. K-means Method 

K-means is an iterative method used for clustering. This method uncovers hidden patterns that might not 

be found otherwise. The steps of this method are as follows (Hartigan & Wong, 1979): 

1. Choose the number K. 

2. The initial cluster centroids are selected randomly from the dataset  (Randomly select K points as the 

initial cluster centers.) 

3. Assign each data point to the nearest centroid, based on its Euclidean distance. 

4. Calculate the centroid of each cluster and set it as the new cluster center. 

5. Repeat steps 3 and 4 until the cluster centers no longer change, i.e., the change in their positions falls 

below a predefined threshold or the maximum number of iterations is reached. 

The number of points, K, must be provided as input to this method. Determining the optimal K for effective 

clustering is done through various approaches, with the elbow method and the silhouette score method 

being among the most commonly used in this field(Kodinariya & Makwana, 2013). 

In the elbow method, a graphical approach, inertia is first calculated. Inertia for each cluster is determined 

by computing the Euclidean distances between each point and the cluster center, then summing these 

distances for each cluster. The total inertia is calculated by combining the inertia of all clusters. Inertia can 

be computed using Equation (1). As the number of clusters (K) increases, inertia decreases, but the 

computational load increases. Therefore, the inertia for different values of K is plotted on a graph, and the 

point resembling an "elbow" is identified, where inertia decreases rapidly before this point but slows 

down afterward, while computational load increases. Choosing this point may also depend on the personal 

judgment of the person performing the calculations. In Equation (1), K represents the total number of 
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clusters, c denotes a single cluster from the set of clusters, xi represents point i (which is a member of 

cluster c), and µc indicates the centroid of cluster c. 

( )2
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= −                                                                                                                                              (1) 

As mentioned, the elbow method is a graphical approach, and selecting the appropriate number of K 

depends on the judgment of the person performing the calculations. Therefore, using non-graphical 

methods alongside this approach is recommended. The silhouette score method is one such approach, 

which indicates how close each point is to other points in its own cluster and how well it is distinguished 

from points in other clusters. Higher silhouette scores are better. To calculate this score, the Si for each 

data point must be computed, and the silhouette score is derived from the average Si of all data points. To 

calculate the Si, Equation (2) is used.  
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In Equation (2) (previous formula), ai represents the cohesion of each cluster, indicating how close data 

point i is to other data points within the same cluster. bi shows how far data point i is from data points in 

other clusters, effectively measuring the separation of each data point from points in other clusters. 

Equations (3-4) are used to calculate ai and bi. 

( )
    ,    

1
    ,
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i

j C i j

a dist i j
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=
−

                                                                                                                                               (3) 

As shown in Equation (3), ai represents the average distance between point i and all other points in cluster 

C (j points). Also,  indicates the number of members present in cluster C. 

( )
   

1
 m ,ini
W C

j W

b dist i j
W



=                                                                                                                                                   (4) 

Additionally, Equation (4) is used to calculate . bi represents the minimum of average distances from point 

i (Which is in cluster C) to j points in other clusters (W clusters). 

3.2. Fuzzy Best-Worst Method 

Fuzzy theory, introduced by Zadeh (Zadeh, 1966), is an effective approach for modeling uncertainties in 

decision-making environments. It can be integrated with various weighting methods proposed in multi-

criteria decision-making approaches to model uncertainty in the weighting process, which may arise from 

experts' verbal scales. One widely used approach is the triangular fuzzy numbers method. Equation (5) 

represents a triangular fuzzy number (TFN), and Equation (6) represents the membership function of a 

triangular fuzzy set. Also, it is possible to convert a crisp number C to a fuzzy number, using equation (7). 
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The four basic operations on two fuzzy numbers can also be calculated using Equations (Moslem et al., 

2020) (8-11). 

   , , l l m m u uf g f g f g f g+ = + + +                                                                                                                                (8) 

   , , l u m m u lf g f g f g f g− = − − −                                                                                                                                (9) 

   , , l l m m u uf g f g f g f g =                                                                                                                                   (10) 

   , , l u m m u lf g f g f g f g =                                                                                                                                 (11) 

Also, it is possible to defuzzify a fuzzy number using Equation (12), in which R(f) is the deffuzified value of 

fuzzy number . 
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Based on the provided equations, fuzzy theory can be applied to various weighting methods. One of the 

most popular weighting methods among researchers is the Best-Worst Method (BWM), introduced by 

Rezaei (Rezaei, 2015). It is possible to implement a fuzzy approach in this method as well. In this method, 

the expert first identifies the best criterion, the worst criterion, and performs pairwise comparisons of the 

best criterion with other criteria, and compares each criterion to the worst criterion. Then, using the 

mathematical model provided in Equations (13-18), the weighting is carried out (Amoozad Mahdiraji, 

2018).  
* min                                                                                                                                                                                        (13) 
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,  0,    1, 2,  , l jw j n    .                                                                                                                                                 (18) 

In this model, , ( l jw w= , , m jw , ,  )u jw  is the fuzzy weight of each criterion, bjA  is the fuzzy pairwise 

comparison between the best criteria and the criterion j, and jwA  is the fuzzy pairwise comparison 

between the criterion j and the worst criterion. Conversion of linguistic terms to fuzzy numbers is as 

follows in Table 2. 

Table 2: Converting linguistic terms to fuzzy numbers. 

Linguistic Term Triangular fuzzy number 

Equally Important (EI)  (1, 1, 1)  

Weakly Important (WI)  (2/3,1,1.5)  

Fairly Important (FI)  (1.5,2,2.5)  

Very Important (VI)  (2.5, 3,3.5)  

Absolutely Important (AI)  (3.5,4,4.5)  

 

Also, it is possible to calculate consistency ration as follows: 

*

   
 

Consistency Ratio
Consistency Index


=                                                                                                                (19) 

Consistency index should be obtained from Table 3. 

Table 3: Consistency indices in fuzzy BWM. 

𝑨̃𝑩𝒘 
 

Equally 
Important 

Weakly 
Important 

Fairly 
Important 

Very 
Important 

Absolutely 
Important 

Consistency index 3.00 3.80 5.29 6.69 8.04 

4. Case Study 

This paper utilizes a dataset extracted from a questionnaire. The dataset is published on Kaggle under the 
Apache 2.0 license (Ovi, 2025). It contains information on anxiety levels, depression and self-esteem, 
physical conditions such as the occurrence of headaches, as well as sleep quality and academic status. 
Additionally, it includes the effects of various factors such as living conditions, safety, peer pressure, and 
other related factors. In this study, this dataset is employed for data analysis purposes. 

At the beginning, Figures 1, 2, and 3 illustrate the relation between anxiety and experiencing headaches, 
sleep quality, and academic performance. In these figures, anxiety is represented by a numerical value, 
where higher numbers indicate higher levels of anxiety. 
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Figure 1: Impact of anxiety on the experiencing headaches  (1 to 5: slight to extreme, *: missing value) 

 

Figure 2: Anxiety VS. sleep quality  (1 to 5: Poor to Well, *: missing value) 

 

Figure 3: Relation between anxiety and academic performance  (1 to 5: Poor to Weel, *: missing value) 

As shown in Figure 1, higher levels of anxiety are associated with a greater likelihood of experiencing 

headaches, indicating a relationship between anxiety and headache occurrence. Figure 2 demonstrates an 

inverse relationship between sleep quality and anxiety levels. Similarly, Figure 3 illustrates an inverse 

relationship between anxiety and academic performance, meaning that as anxiety increases, academic 

performance decreases. These findings highlight the impact of increased stress levels on human life, 

particularly in terms of academic performance and health. 
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4.1. The Relationship Between Self Esteem, Depression, and Anxiety 

In this section, data analysis is conducted on three factors: anxiety, self-esteem, and depression. First, a 

regression analysis is performed, followed by a clustering analysis. According to the regression analysis, 

the results of which are presented in Table 4, self-esteem and depression have significant effects on the 

response variable, anxiety. Since the p-value is nearly equal to zero, the null hypothesis of no effect for 

these two factors is rejected. In general, as self-esteem increases, anxiety decreases, and as depression 

increases, anxiety increases. However, despite the significance of these two factors, the fitted regression 

equation shows a low R-squared value. This indicates that the model is not able to adequately explain the 

variability in the data. Moreover, applying linear regression to any data requires the presence of 

assumptions in the data that do not necessarily exist in data extracted from questionnaires. Therefore, the 

use of other techniques is also recommended for data analysis. Table 5 shows the summary of the fitted 

regression model. 

Table 4: Coefficients in fitted regression model 

 

 

 

 

 

Table 5: Regression model summary 

S R-sq R-sq(adj) R-sq(pred) 

5.44021 25.85% 25.70% 25.37% 

 

 

Figure 4: Contour plot of anxiety level (From low to high, with the green spectrum ranging from light to 

dark) VS. self-esteem )From low to high along the Y-axis( and depression (From low to high along the X-

axis) 

Term Coef SE Coef T-Value P-Value VIF 

Constant 8.764 0.539 16.26 0.000   

self-esteem -0.1405 0.0206 -6.81 0.000 1.23 

depression 0.3038 0.0238 12.78 0.000 1.23 
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Figure 4 also shows the contour plot of anxiety levels versus self-esteem and depression, which, like the 

regression equation, states that in general, with increasing depression, the level of anxiety increases, and 

with increasing the level of self-esteem, the level of anxiety decreases. 

Figure 5 presents a 3D scatter plot, where each point is positioned based on anxiety level, self-esteem 

level, and level of depression. As can be seen, there appear to be hidden patterns in these plots, which may 

be due to the presence of clusters within the data. 

 

Figure 5: 3D scatter plots, each point is positioned based on anxiety level (Low to high), self-esteem level 

(Low to high), and level of depression (Low to high) 

Based on these observations, K-means clustering was applied to the data. For the clustering process, rows 

containing missing values were first removed. Different clusterings with varying values of k were tested. 

Figure 6 shows the elbow plot, indicating that K values of 4 and 5 appear to be suitable for the number of 

clusters. Figure 7 presents the silhouette scores, which suggest that the highest score occurs at 3 clusters, 

although this number may not adequately capture all the existing clusters. Therefore, K = 5 is selected, as 

it has the second-highest silhouette score and performs well according to the elbow plot, being close to the 

elbow point. 

 

Figure 6: Finding optimal k using elbow method.  K = 4 and K = 5 are visually determined as “good” 

number of K 
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Figure 7: Silhouette scores for different numbers of K 

Based on these considerations, the K parameter is set to 5. The number of data points in each cluster is 

shown in Table 6. Also, the centroids of each cluster are specified in Table 7. 

Table 6: Number of datapoints within each cluster 

Cluster 
code 

n 

1 248 

2 260 

3 290 

4 76 

5 133 

 

Table 7: Centroid of each cluster 

Cluster 1 2 3 4 5 

Self esteem 19.9677 7.823077 25.4931 7.763158 4.729323 

Depression 11.75 21.46923 5.048276 19.25 4.639098 

Anxiety level 12.16532 17.62308 4.62069 2.776316 8.578947 

 

According to these results, Cluster 1 consists of individuals with relatively high self-esteem, relatively low 

depression, and relatively low anxiety, which is expected since low depression and high self-esteem are 

associated with lower anxiety levels. 

Cluster 3 comprises individuals with the highest self-esteem, low depression, and very low anxiety. 

Compared to Cluster 1, these individuals have higher self-esteem and lower depression, resulting in even 

lower anxiety levels. Cluster 2 includes individuals with low self-esteem, relatively high depression, and 

relatively high anxiety, essentially representing characteristics opposite to those in Cluster 3. 

Cluster 4 includes individuals with low self-esteem, relatively high depression, but low anxiety. This is the 

rarest cluster, containing the fewest individuals. External factors, such as the use of anti-anxiety 

medication, should also be examined for this cluster, as they may explain why anxiety is very low despite 
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low self-esteem and high depression. Considering issues such as the use of various medications that may 

even be prescribed for non-mental illnesses but have mental effects is needed to improve this paper in 

future works. 

Finally, Cluster 5 represents individuals with relatively low self-esteem but low depression. Despite their 

lower self-esteem, their anxiety remains low (Maybe due to their low depression levels). 

Overall, the first three clusters contain the majority of individuals (These three clusters are also 

recognizable in Figure 5), while Clusters 4 and 5 together have fewer members than any of the first three. 

Among the first three clusters, there is a clear ordering: Cluster 3 has the lowest depression, highest self-

esteem, and minimal anxiety; Cluster 1 has slightly lower self-esteem, somewhat higher depression, and 

moderately low anxiety; Cluster 2 has the lowest self-esteem, highest depression, and the highest anxiety 

among these three clusters. 

4.2. Weighting the External Factors 

First, three categories of factors are identified, each consisting of a number of factors. These categories 

include environmental, social, and academic factors. Table 8 shows the pairwise comparisons based on 

expert judgment, while Table 9 presents the optimal weights for these three categories. According to these 

results, environmental factors are the most important, followed by social factors. The consistency ratio of 

these comparisons is low, indicating good consistency in the evaluations. 

 

Table 8: Pairwise comparisons of main three categories 

Best to others 

Environmental to: 

Environmental EI 

Academic FI 

Social WI 

Others to worst 

Environmental to: 

Academic 

FI 

Academic to: EI 

Social to: WI 

 

Table 9: Weights of main three categories 

Factor Fuzzy Weight 
Defuzzified 

Weight (Out of 1): 

Environmental 0.415 0.415 0.415 0.415 

Academic 0.24 0.24 0.24 0.24 

Social 0.345 0.345 0.345 0.345 

Consistency Ratio: 0.061666667 

 

Next, the weighting of factors within each category is performed, starting with the environmental factors. 

In the dataset, the considered environmental factors include noise level, living conditions, safety, and basic 

needs. Figures 8, 9, 10, and 11 illustrate the effects of these environmental factors. 

As shown in Figure 8, higher noise levels are associated with increased anxiety. Interestingly, Figure 9 

shows that improving living conditions initially reduces anxiety, but at the highest level of living 

conditions, anxiety unexpectedly rises. According to Figure 10, higher safety levels correspond to lower 

anxiety, and Figure 11 shows that improving basic needs also leads to reduced anxiety. 
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Figure 8: Relation between anxiety and noise level  (1 to 5: Slight to Extreme, *: missing value) 

 

 

Figure 9: Relation between anxiety and living conditions  (1 to 5: Poor to Well, *: missing value) 

 

 

Figure 10: Relation between anxiety and safety  (1 to 5: Low to High, *: missing value) 
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Figure 11: Relation between anxiety and basic needs (1 to 5: Poor to Well, *: missing value) 

The expert comparisons for the environmental sub-criteria are presented in Table 10, and the resulting 

weights are shown in Table 11. The consistency ratio of these comparisons is low, indicating good 

consistency. Among these factors, basic needs are identified as the most important factor in this category. 

Table 10: Pairwise comparisons of environmental factors 

Best to others 

Basic Needs to: 

Noise Level AI 

Living Condition WI 

Safety WI 

Basic Needs EI 

Others to worst 

Noise Level to: 

Noise Level 

EI 

Living Condition to: VI 

Safety to: VI 

Basic Needs to: AI 

 

Table 11: Weights of environmental factors 

Factors Fuzzy Weights 
Defuzzified 

Weigths (Out of 1): 

Noise Level 0.097561 0.097561 0.097561 0.097560976 

Living Condition 0.292683 0.292683 0.292683 0.292682927 

Safety 0.292683 0.292683 0.292683 0.292682927 

Basic Needs 0.317073 0.317073 0.317073 0.317073171 

Consistency Ratio: 0.015168062 

 

The focus now shifts to academic factors.  Figures 12, 13, and 14 illustrate the relationship between 

anxiety levels and academic factors. These factors include study load, the student–teacher relationship, 

and future career concerns. As shown in Figure 12, higher study load is associated with increased anxiety. 

Figure 13 indicates that better student–teacher relationships correspond to lower anxiety levels. 

Additionally, Figure 14 shows that individuals with greater concerns about their future careers experience 

higher levels of anxiety. 
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Figure 12: Relation between anxiety and study load  (1 to 5: Low to High, *: missing value) 

 

 

Figure 13: Relation between anxiety and teacher-student relationship  (1 to 5: Very Bad to Very Good, *: 

missing value) 

 

Figure 14: Relation between anxiety and future career concerns  (1 to 5: Slight to Extreme, *: null) 

Based on these observations, pairwise comparisons of academic factors were conducted by experts, as 

shown in Table 12. The final weights are presented in Table 13, with the student–teacher relationship 
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identified as the most important factor. The consistency ratio of these comparisons indicates good 

consistency. 

Table 12: Pairwise comparisons of academic factors 

Best to others 

Teacher and Student Relationship to: 

Study Load WI 

Teacher and Student Relationship EI 

Future Career Concerns VI 

Others to worst 

Study Load to: 

Future Career Concerns 

FI 

Teacher and Student Relationship to: VI 

Future Career Concerns to: EI 

 

Table 13: Weights of academic factors 

Factors: Fuzzy Weights: 
Defuzzified 

Weights (Out of 1): 

Study Load 0.398104 0.398104 0.398104 0.398104265 

Teacher and Student 
Relationship 

0.43128 0.43128 0.43128 0.431279621 

Future Career Concerns 0.170616 0.170616 0.170616 0.170616114 

Consistency Ratio: 0.055292259 

 

Finally, in this section, the external factors within the social category are examined. This category includes 

social support, peer pressure, extracurricular activities, and bullying. As shown in Figure 15, higher social 

support is associated with lower anxiety levels. Figure 16 indicates that increased peer pressure leads to 

higher anxiety. Figure 17 shows that greater participation in extracurricular activities is linked to 

increased anxiety, and finally, Figure 18 illustrates that higher levels of bullying correspond to increased 

anxiety. 

 

 

Figure 15: Relation between anxiety and social support  (1 to 3: Low to High, *: missing value) 
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Figure 16: Relation between anxiety and peer pressure  (1 to 5: Slight to Extreme, *: missing value) 

 

 

Figure 17: Relation between anxiety and extracurricular activities (1 to 5: Slight to Extreme, *: missing 

value) 

 

 

Figure 18: Relation between anxiety and bullying  (1 to 5: Slight to Extreme, *: missing value) 

Based on these observations, the social factors were weighted. Table 14 presents the pairwise 

comparisons conducted by experts, while Table 15 shows the weights assigned by the fuzzy best–worst 

method, with social support receiving the highest weight. 
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Table 14: Pairwise comparisons of social factors 

Best to others 

Social Support to: 

Social Support EI 

Peer Pressure WI 

Extracurricular Activities AI 

Bullying FI 

Others to worst 

Social Support to: 

Extracurricular Activities 

AI 

Peer Pressure to: VI 

Extracurricular Activities to: EI 

Bullying to: FI 

 

Table 15: Weights of social factors 

Factors: Fuzzy Weights: 
Deffuzified Weights 

(Out of 1): 

Social Support 0.359116 0.359116 0.359116 0.359116022 

Peer Pressure 0.331492 0.331492 0.331492 0.331491713 

Extracurricular 
Activities 

0.110497 0.110497 0.110497 0.110497238 

Bullying 0.198895 0.198895 0.198895 0.198895028 

Consistency Ratio: 0.017179297 

 

Based on the weights of the main categories and the factors within each, the final weight of each factor is 

calculated, as presented in Table 16 and Figure 19. Moreover, Table 17 ranks the factors based on their 

global weights. 

Table 16: Global weights of the factors 

Category 
Category 

weight 
Factor 

Factor weight (In 
category) 

Factor weight 
(Global) 

Environmental 0.415 

Noise Level 0.097560976 0.040487805 

Living Condition 0.292682927 0.121463415 

Safety 0.292682927 0.121463415 

Basic Needs 0.317073171 0.131585366 

Academic 0.24 

Study Load 0.398104265 0.095545024 

Teacher and Student 
Relationship 

0.431279621 0.103507109 

Future Career Concerns 0.170616114 0.040947867 

Social 0.345 

Social Support 0.359116022 0.123895028 

Peer Pressure 0.331491713 0.114364641 

Extracurricular Activities 0.110497238 0.038121547 

Bullying 0.198895028 0.068618785 

Table 17: Factors ranked by their global weights 

Factor 
Factor weight 

(Global) 
Rank 

Basic Needs 0.131585366 1 

Social Support 0.123895028 2 

Living Condition 0.121463415 3 
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Factor 
Factor weight 

(Global) 
Rank 

Safety 0.121463415 3 

Peer Pressure 0.114364641 5 
Teacher and Student 

Relationship 
0.103507109 6 

Study Load 0.095545024 7 

Bullying 0.068618785 8 

Future Career Concerns 0.040947867 9 

Noise Level 0.040487805 10 

Extracurricular Activities 0.038121547 11 
 

 

Table 19: Global weights of the factors 

Based on these results, basic needs are identified as the most important factor overall, while 

extracurricular activities are considered the least important factor. 

5. Conclusion 

In this study, data available on Kaggle was used to evaluate and examine internal and external factors 

affecting anxiety levels. Initially, the effects of anxiety on academic performance, sleep quality, and 

headache experience were investigated. According to the review, there is generally a positive correlation 

between anxiety levels and the experience of headaches, meaning that as anxiety increases, the 

occurrence of headaches also rises. Additionally, a negative relationship exists between anxiety levels and 

both academic performance and sleep quality, indicating that increases in anxiety are associated with 

decreases in these two variables. Based on these observations and considering the impact of anxiety on 

individuals’ daily lives, the factors influencing stress were analyzed. 

First, internal factors - self-esteem and depression - were examined. A regression analysis indicated that 

self-esteem has a positive correlation with anxiety level (which means higher self-esteem leads to lower 
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anxiety level), while depression has a negative correlation with anxiety levels (higher depression leads to 

higher anxiety). However, since the regression model could not adequately capture the variability in the 

data, a clustering analysis was conducted using the K-means method. Based on the elbow method and 

silhouette scores, five clusters were selected for the K parameter. These clusters were then analyzed in 

terms of their locations and the number of data points contained within each cluster. The unsupervised K-

means technique revealed hidden patterns among self-esteem, depression, and anxiety. 

Next, the effects of external factors were examined. Given that fuzzy theory allows for handling ambiguity, 

the fuzzy best–worst weighting method was applied. First, three categories of factors - environmental, 

social, and academic - were weighted, with environmental factors found to be the most important. The 

weight of the environmental factor was assigned as 0.415, the academic factor as 0.24, and the social 

factor as 0.345. These weights are numerical values between 0 and 1, and the sum of all weights must 

equal 1. Subsequently, the factors within each category were weighted, and the global weight of each 

factor was calculated by multiplying the category weight by the weight of each factor within that category. 

Finally, basic needs received the highest global weight among all factors considered. The second rank is 

assigned to social support, followed by a shared third rank between safety and living conditions. The 

lowest weight is assigned to extracurricular activities. 

The work examines a real dataset and employs suitable statistical methods. The use of clustering to 

identify groups of students, along with the weighting of external factors related to anxiety, constitutes the 

main contributions of this study. One of the limitations of this study is related to the dataset; despite 

positive aspects such as good usability, it does not cover certain factors, such as medication usage. Also, 

the following are proposed as future directions: 

• Utilize different datasets to perform clustering analysis. 

• Apply alternative machine learning approaches, such as neural networks, decision trees, and 

random forests (supervised learning approaches). 

• Explore other weighting methods, including objective approaches. 

• Future studies should investigate additional factors that may influence the datasets, such as the 

potential effects of medications. 

• Conduct further analysis of individuals within different clusters to examine other potential 

contributing factors in more detail. 
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