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Abstract. The issue of student anxiety remains an essential area of concern in academia and several 
reasons, like employment and educational levels, fuel it. This study gives a fresh perspective on 
how these considerations contribute to increasing or decreasing the levels of anxiety and 
implementing machine learning models for making predictive decisions involving anxiety. 
Frequentist hypothesis-testing statistical procedures with ANOVA and correlation tests showed the 
means differed by employment status shoulder to shoulder to (F = 51.302, p = 5.83e-33) and level 
of education (F = 15.633 p = 3.82e-10) level. The existing literature outline in this research 
presented the diversity of machines learning models in use extending to Logistic Regression, 
Random Forest, Support Vector Machine (SVM), K-Nearest Neighbors (KNN) and Decision Tree 
for increasing both prediction accuracy and efficiency. Out of these statistical analysis tools used, 
logistic regression was found performing better at 82% prediction who forecasted psychotic 
symptoms accuracy among the sample while random forest was quite equal on all factors in where 
outcoming performance of all metrics were tested. Such findings support the hypothesis of machine 
learning integration into school intervention practices for students’ mental health, suggesting new 
opportunities for prevention and care. 
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1. Introduction 
Data and computational power, through Machine learning technique, find and help the 
activities faster and better, especially in information-embedded workplaces. However, 
there are issues in that there are usually opaque models with complex black-box making it 
quite hard to interpret as well as an issue in transparency [1]-[4]. Physically, the 
transformation is at the height of the importance of the rapid change that the relevance of 
technology possesses. Particularly, student well-being and mental health have become 
central issues. Increased student size becomes a problem of anxiety; it has become a 
significant worrying mode over the last few years [5]- [6]. It has been observed that 
students experience anxiety in different forms: for instance, test anxiety, social anxiety or 
performance anxiety, and this in turn leads to poor academic outcomes, lack of interest in 
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academic material and in general affects the education standards [7]- [8]. Tackling these 
issues entails an in-depth comprehension of the complex factors both inside and outside 
the classroom that students are under in relation to the academic demands. Every 
traditional methodology of measuring students’ anxiety has got its own relevant barriers, 
for example a questionnaire or even performance in digital media analysis. There has been 
an inclining tendency in more advanced and complete ways of predicting student anxiety, 
so-called as whole person concept. This may also incorporate biometrics such as HRV 
(heart rate variability), SC (skin conductance) or even eye tracking methods, which are 
usually absent in the regular ones. Therefore, these indicators need to be employed to 
enhance the predictive scope on the physical appearance of anxiety in college students. 
Specific reasons underlie this apparent focus on the study of students’ activities on online 
and face-to-face learning sites-lecturers and peers. This is why such research themes as 
peer dynamics, teacher’s influence, support networks will facilitate further compassion 
toward a student’s anxiety [9]. Educators obtain better results using this combination of 
machine learning techniques with active learning approaches: educational outcomes are 
achieved with minimal anxiety for the student. These methods allow to take preventive 
measures through early recognition of patterns and signs of Anxiety. Using machine 
learning tools where dispersion measures spanning different attributes such as academic 
performance level and participation rates, biological measures like heart and skin 
conductance are correlated with student performance, participation and other related 
measures. These also give opportunities for the analysts, who notice alarming signs for a 
‘nervous breakdown,’ to act well in advance before such states develop.  As a result, the 
incorporation of active learning principles will promote proper usage of response actions 
based on the indicator being targeted. It also brings more active participation from the 
learners which leads to better outcomes as well. For example, those who are at risk can 
benefit from additional measures and seem to benefit from real time interventions that 
could prevent or lessen stressful stimuli. As the focal point of our investigation, the data 
show that the use of machine learning techniques in conjunction with the biometric 
information and active pedagogical techniques helps to predict and control the anxiety of 
students. Among the data analysis techniques, we utilized such machine learning methods 
as Logistic Regression and Random Forest. This model has been found to have a decent 
performance, which is why it can be used for real life situations in levels health 
interventions. Our outcomes suggest that such intervention models used in these methods 
enhance students’ engagement and academic achievement. 

By incorporating machine learning with active learning, we will understand students' 
anxiety responses and have an individualized response to this condition, therefore creating 
a healthy and conducive academic environment for the healthy life of students and success 
at school. Emphasizing the wellbeing of learners amounts to addressing educational 
outcomes for the learners within contemporary schooling configurations. With a reduction 
in anxiety levels among learners, they become resilient and more engaging with equal 
opportunities in academics. This way, education transforms from a hostile space to a 
nurturing one where students are valued. On this matter, academic achievement and 
fulfilment of education becomes realistic when the levels of anxiety among students have 
been improved. 
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2. Literature Review 
Acknowledging student anxiety as a critical issue in educational environments has spurred 
the creation of predictive models. Integrating active learning methods with machine 
learning algorithms presents a hopeful avenue for pinpointing and assisting vulnerable 
students. This review delves into the progression of this interdisciplinary domain. Initially, 
research emphasized identifying the factors that contribute to student anxiety. Mental 
health issues related to college students have always been complex to diagnose and have 
needed a lot of time. However, recent research work has adopted five machine learning 
algorithms such as logistic regression, KNN classification, decision trees, random forest, 
and stacking to classify these fast with high accuracy. For instance, stacking successfully 
found a predicted accuracy of 82.20 in one of the conducted types of research. Stress is 
closely associated with the deterioration of teenagers’ and youth’s mental state around the 
world and is characteristic of the period of transition from adolescence to adulthood. 
Using a data visualization method and random forest regressor algorithm, a study done in 
India established fifteen factors that cause stress among students out of the twenty-five 
and has R Square of 0.8042. In addition, another study tried to identify factors that might 
help to predict suicidal ideation and behavior among college students using settings from 
the French i-Share project. They adopted a risk algorithm based on random forests model 
with 70 candidate predictors Direct comparison with the previous studies of the current 
study is not possible as those used different kits and age groups The predictive accuracy 
of the model had an AUC of 0.8 sensitivity of 79% for girls, 81% for boys, and positive 
predictive Value for girls was 40%, and for boys, 36%. Four key predictors were 
identified: 12-month suicidal ideation, trait anxiety, depressive symptoms and self-esteem. 
Taken together, these papers underscore the need for sound diagnostic approaches of 
mental health among college students and the reliability of machine learning approaches 
to predicting multiple facets of mental health problems. Student performance prediction 
by applying data mining techniques to facilitate academic achievements. It seeks to 
provide useful insights on how these tools can best be implemented by educators in 
institutions of higher learning. It takes a systematic approach discussing such important 
issues as how to define student attainment, what are appropriate variables for selecting 
learners, and what machine learning models will be suitable. This is intended to make data 
mining more friendly to teachers so that they can use it in their teaching maximally [15]. 
Recently an e-learning system model was proposed for personalizing learning content 
based on students’ emotions. Portable EEG headsets were employed to record brain 
electrical signals and KNN was utilized for real-time emotion recognition of the learner’s 
state of mind. Additionally, through reinforcement learning it tests for emotions and 
recommends specific contents that ensure positive emotional states remain intact. The 
effectiveness of an e-learning system is usually measured in two aspects: more on the side 
of the system and other more on the side of the students’ performance, their level of 
engagement and satisfaction, their learning outcomes. A study conducted on a sample of 
undergraduate computer science students learning at the University of Nottingham Ningbo 
China, in the academic year 2020-21 showed that the KNN algorithm was able to 
correctly identify the different emotional states to 74.3%, precision coming in at 70.8%, 
while recall stood at 69.3%. In addition, the analyses of t-Test clearly indicated that the 
proposed e-learning system generated higher level of satisfaction among students 
compared with the earlier traditional e-learning systems with statistical significance of p < 
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0.05. But then again within the context if learning and involvement the system made no 
difference. A study conducted in Peru to know the level of anxiety among the university 
students at the Universidad Nacional Mayor de San Marcos where machine learning based 
classification was used. In this paper, the model based on using RF, Naive Bayes, and 
SVM for the algorithms achieved 85% accuracy and F1=0.78 with average prediction 
time = 0.00100159s. Accomplishments to the methodology including data augmentation 
by Adversarial Generative Network and hyperparameters tuning using Grid Search and 
Random Search contributed to the improved performance of the developed model. Also, 
continued research is being conducted to find factors related to social processes belong to 
traditional and computer supported classrooms such as students’ interaction each other, 
their interactions with studied subject and instructors, ways of getting help and assistances 
all these aspects are considered to define the term of anxiety. Current works use mobile 
data for identifying mental disorders such as depression, anxiety, and stress, but the 
relations between symptoms are not considered, nor are the time dependencies in the data. 
This paper therefore enriches a real-world parameter-sharing model for the detection of 
these disorders using ‘sequential features’ from mobile devices, leveraging on multi-task 
learning. The model yields an average accuracy of 0.78 and AUC of 0.78, which 
outperforms single-task models and traditional machine learning approaches, indicating 
the appropriateness of the multi-task learning approach in modelling severity of mental 
disorder symptoms. 

Machine Learning is the approach to find a solution for complex datasets. Anxiety 
disorder is challenging to diagnose due to its various symptoms, leading to delayed 
treatment. Researchers use non-invasive bio signals like EEG, ECG, EDA, and RSP with 
machine learning to detect anxiety patterns. Studies show promising accuracies 
(55%-98%) using different bio signals, with EEG performing well, and EDA, RSP, and 
heart rate providing the most accurate results [18].  Mental health disorders like anxiety 
and depression have increased during COVID-19, observed through social media. 
Machine learning models were used to detect these disorders by analyzing users' online 
behavior and language patterns. Studies utilized data from various social media platforms 
to develop predictive models for identifying anxiety and depression, especially during 
pandemics [19]-[21]. 

3. Methodology 
The methodology for analyzing anxiety levels in students using the given dataset 

involved a comprehensive approach encompassing data preprocessing, exploratory data 
analysis, statistical tests, and machine learning model implementation. Systematic 
research has been carried out to find the anxiety level in students. This dataset involved 
required information for finding the anxiety from the students. Our main goal is to find 
and understand the factors of the anxiety level among the students. The critical work in is 
to clean the data, eliminate the unnecessary columns or features, removing outliers, 
addressing missing information and feature scaling to make everything in an appropriate 
format or scale. Let’s see step by step process which we have conducted in our research. 

3.1. Data Description
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Student Anxiety data collected from the Kaggle website, where the data size is 13464 
rows and 55 features. This dataset indeed serves as a rich source of information for 
understanding student anxiety in depth. Overall, this dataset serves as a valuable resource 
for stakeholders invested in addressing student anxiety, offering insights that can inform 
research, practice, and policy initiatives aimed at promoting student well-being and 
success in educational settings [22]. 

3.2. Exploratory Data Analysis 

EDA helps in understanding the basic structure and nature of the data, including the 
types of variables (e.g., numerical, categorical), their distributions, and summary statistics. 
This foundational understanding is essential before performing any further analysis or 
making inferences. This dataset contains summary statistics of various psychological and 
behavioral measures. The key variables include Generalized Anxiety Disorder (GAD) 
items, Satisfaction with Life (SWL) items, Social Phobia Inventory (SPIN) items, hours 
spent on activities, streams, narcissism scores, and age [23]. 

From Figure 1, we can observe that the students’ anxiety levels vary significantly 
with their employment status. Specifically, the anxiety level is much higher during periods 
of unemployment, particularly between jobs and at the university level. In contrast, the 
anxiety levels at the school level and university level are similar. When students are 
employed, their anxiety levels are notably lower compared to when they are unemployed. 

Fig 1. GAD_T Scores Across Different Employment Status 

Figure 2 shows that young adults (ages 18-25) exhibit a wide range of GAD_T scores 
with numerous outliers, suggesting significant variability in anxiety levels. In contrast, 
individuals in their mid-twenties to early thirties (ages 26-33) show a narrower IQR, 
indicating less variability but still a presence of outliers. As we move to mid-thirties and 
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late thirties (ages 34-39), the range of scores becomes more consistent, though outliers 
remain. 

Fig 2. GAD_T Scores by Age 

Notably, the forties age group (ages 40-42) displays increased variability again, 
with a broad range of scores and several outliers. Beyond this, ages 44-49 show smaller 
IQRs and fewer outliers, suggesting more consistent and lower anxiety levels. Individuals 
aged 50 and above exhibit very low variability, indicating very consistent and generally 
lower anxiety levels. This data highlights the shifting patterns of anxiety levels across 
different age groups, with younger adults experiencing more fluctuation and older adults 
generally showing steadier and lower anxiety levels. 

The overall levels of generalized anxiety disorder and satisfaction with life are 
moderate, suggesting that while respondents do experience anxiety, it is not extremely 
severe, and their life satisfaction is reasonably high. The dataset predominantly consists of 
young adults aged 18-22, which could influence the interpretation of anxiety, life 
satisfaction, and social phobia levels due to the developmental stage and life 
circumstances typical of this age group. Variables such as 'Hours' and 'streams' show high 
variability and extreme values, indicating that there may be outliers or a wide range of 
engagement levels among respondents. As shown in table 1, certain items in the GAD and 
SPIN scales (e.g., GAD1, GAD3, SPIN11) have higher mean scores, indicating specific 
areas where respondents might be experiencing more significant symptoms. 

Table 1. Summary Statistics of Psychological and Behavioral Measures of Anxiety 
 count mean std min 25% 50% 75% max 
S. No. 13464. 7096.83 4114.47 1.000 3532.75 7087.50 10654.2 14250. 
Timestamp 13464. 42054.8 0.27294 42052. 42054.7 42054.8 42054.9 42058. 
GAD1 13464. 0.86096 0.92654 0.0000 0.00000 1.00000 1.00000 3.000 
GAD2 13464. 0.67335 0.91572 0.0000 0.00000 0.00000 1.00000 3.000 
GAD3 13464. 0.96576 0.98277 0.0000 0.00000 1.00000 2.00000 3.000 
GAD4 13464. 0.72407 0.92197 0.0000 0.00000 0.00000 1.00000 3.000 
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GAD5 13464. 0.48804 0.83701 0.0000 0.00000 0.00000 1.00000 3.000 
GAD6 13464. 0.91102 0.93116 0.0000 0.00000 1.00000 1.00000 3.000 
GAD7 13464. 0.58875 0.89440 0.0000 0.00000 0.00000 1.00000 3.000 
SWL1 13464. 3.72044 1.73626 1.0000 2.00000 4.0000 5.00000 7.000 
SWL2 13464. 4.60205 1.69627 1.0000 3.00000 5.00000 6.00000 7.000 
SW3 13464. 4.34544 1.80943 1.0000 3.00000 5.00000 6.00000 7.000 
SWL4 13464. 3.76203 1.81813 1.0000 2.00000 4.00000 5.00000 7.000 
SWL5 13464. 3.35888 1.91631 1.0000 2.00000 3.00000 5.00000 7.000 
Hours 13434. 22.2473 70.2845 0.0000 12.0000 20.0000 28.0000 8.000 
Narcissism 13441. 2.02767 1.06184 1.0000 1.00000 2.00000 3.00000 5.000 
Age 13464. 20.9304 3.30089 18.000 18.0000 20.0000 22.0000 63.00 
GAD_T 13464. 5.21197 4.71326 0.0000 2.00000 4.00000 8.00000 21.00 
SWL_T 13464. 19.7888 7.22924 5.0000 14.0000 20.0000 26.0000 35.00 
SPIN_T 12814. 19.8485 13.4674 0.0000 9.00000 17.000 28.0000 68.00 

Initially, we loaded the dataset and inspected its structure to understand the 
variables and data types. We performed data cleaning by handling missing values and 
encoding categorical variables where necessary. 
To explore the relationship between various factors and anxiety levels, we conducted a 
series of statistical tests. We began with the Shapiro-Wilk test to check the normality of 
the anxiety score distributions. Given the non-normality of the data, we applied the 
Kruskal-Walli’s test and Mann-Whitney U test for non-parametric comparisons across 
different demographic groups, such as gender and age categories. These tests helped 
identify significant differences in anxiety levels between groups. 

Insights into how different factors relate to anxiety levels were obtained from the 
results of these analyses as shown in table 2. ANOVA conducted on anxiety levels by 
work status shows dramatic difference in mean scores which means that whether a person 
is employed or not has significant impact on their level of anxiety. As a result, different 
job security for instance could be one reason that people in different employment statuses 
may experience varying amounts of anxiety. 

Analysis Statistic Value Degrees of 
Freedom 

Significance 
(p-value) 

Interpretation 

ANOVA: 
Anxiety by 
work Status 

F 51.302 3.134 5.83e-33 Significant difference
in anxiety by work
status 

Correlation: 
Narcissism 
& GAD 

Correlation 
® 

0.08 - - Weak Positive
correlation 

Correlation: 
Streaming 
& GAD 

Correlation 
® 

0.00 - - No correlation 

ANOVA: 
Anxiety by 
Degree 

F 15.633 3.1183 3.82e-10 Significant difference
in anxiety by
educational degree 
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t-Test t-Statistics -14.148 - 4.06e-45 Significant difference
between two groups 

Normality 
Test: 
Group1 

Shapiro-Wi
lk 

- - 0.0 Distribution is not
normal 

Leven’s 
Test: 
Equality of 
Var 

- - - 1022e-17 Variances are not equal

Among correlations between GAD and narcissism, a weak positive correlation was found 
indicating that those with high narcissism have slightly increased symptoms of GAD. 
However, because the strength of this relationship was not strong enough, it means that 
narcissism alone cannot predict the symptoms of GAD well enough. In contrast, no 
significant relationship is found between streaming hours and GAD symptoms, indicating 
that the amount of time spent streaming content does not impact levels of anxiety. This 
suggests that leisure activities such as streaming may not directly influence mental health 
outcomes related to anxiety. 

ANOVA: The F-statistic value of 51.302, calculated using the ratio of the mean 
square between groups (MSB) to the mean square within groups (MSW), indicates a 
substantial variance between the work status groups relative to the variance within the 
groups. The degrees of freedom for the between-groups variation (df
betweendf_{between}df between ) is 3, which corresponds to the number of work status 
groups minus one. The degrees of freedom for the within-groups variation (df within 
df_{within}df within ) is 134, reflecting the total number of observations minus the 
number of groups. The significance level (p-value) obtained from the F-distribution is 
5.83e-33, which is exceptionally small. This p-value signifies that the likelihood of 
observing such a large F-statistic under the null hypothesis is virtually zero. 

T-test: The t-test conducted shows a significant difference between two groups 
being compared, with the negative t-statistic indicating that the first group has a lower 
mean anxiety level than the second group. This suggests that there are distinct differences 
in anxiety levels between these two groups, which could have implications for 
understanding and addressing anxiety-related issues. The null hypothesis that the two 
groups have equal average anxiety levels is rejected because of the extremely low p-value. 
The t-test showed that there were statistically significant differences between the anxiety 
levels of the two groups. Normality and variance tests provide valuable information 
regarding distribution of data. Furthermore, Group 1’s data fails to become normally 
distributed even after log transformation which means it should be cautious when 
interpreting statistical results. Logarithmic conversions also help reduce initial disparities 
in variances hence bringing into picture the possibility that extent of measurement could 
affect variance. U test affirms significant distinctions between these two groups as 
evidenced by t-test comparisons thereby reinforcing anxiety differences among them. It is 
apparent that such analysis can offer extensive understanding of the many 
interdependencies between distinct factors and anxiety, which might contribute to the 
formulation of remedies as well as support measures for diverse populations affected by 
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this state. To begin with, we rescaled our data by taking logarithms of the same to meet up 
with ANOVA and t-test assumptions in order to compare anxiety levels across multiple 
demographic groups. Logarithm transformations were done on all variables except for 
one. Conversely, homogeneity of variance as a condition to ANOVA and t tests was 
indicated by Levene’s test after an initial check on a normality assumption using 
Shapiro-Wilk test. Besides statistical analysis, some machine learning models were 
employed to predict anxiety levels by data set features.  

Data splitting was done by using 80% of the data for the model construction and 
20% for model evaluation. We used a range of techniques to predict the anxiety levels 
starting from basic logistic regression and using SVM, decision trees, random forest and 
other models. The performance of these models was measured using measures such as 
precision, recall, F-measure and accuracy. For example, the first logistic regression model 
we tested yielded 82% accuracy, though it reported different O/P for various classes in 
terms of precision and recall. 

Consequently, this varied approach has offered a thorough exploration of 
students’ stress levels identifying major demographic determinants of anxiety critically 
appraising various prediction techniques. This methodology therefore aims at gaining a 
better understanding of what data represents and how it could be useful for interventions 
that aim to reduce students’ anxiety. Anxiety disorders can be detected through statistics 
or application of machine learning algorithms. Figure 3 describes an anxiety architecture 
using machine learning model that have the student anxiety data. Starting with collection 
of student data followed by exploratory data analysis (EDA) where we can observe and 
detect the patterns and find the errors if any. Any missing values are handled by level 
modelling using label encoding that will enhance the quality of data. As such, an updated 
dataset will now move into machine learning model selection stage where given problem 
requirements and nature of data determines what framework would be appropriate for use. 

Fig 3. Student Anxiety Architecture 
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The chosen model is then trained on training data and tested on test data after
this. Then an appropriate metric should determine which models work best and those
which do not. A close analysis of evaluation results is carried out to interpret the outcome
of a model that has been used herein including any potential issues that might arise
because of this implementation. This can be rectified by going back to some previous
steps like preprocessing or selecting another model, if necessary, since this process may
become iterative until an optimal solution is reached through robust analysis on student
anxiety. The flowchart as shown in figure 3, is for the process of identifying anxiety
disorders via student anxiety dataset. Firstly, there was data collection stage where
information on students’ anxieties was gathered for future use in building models. It then
proceeds to preprocessing which is also referred to as cleaning the data and it deals with
issues like inconsistent records as well as missing values. After preprocessing, feature
selection is carried out where only useful features are selected so that the performance of
the model can be enhanced. For this process, t-test and ANOVA test among others
statistical techniques have been applied to these selected attributes to determine whether
they make sense or not for modeling purposes. In the case of statistics, machine learning
model building comes next after statistical analysis where it has been built using selected
features. Finally, this model will be evaluated in terms of its performance and accuracy
with respect to identification of anxiety disorders. In summary, this evaluation helps us to
know how effective the model is and identify areas that might need improvement. So
basically, it can be noted that this flowchart gives an insight into various steps involved in
constructing and evaluating a model aimed at recognition of anxiety disorders using
students’ information.

4. Result

ults o
Sc
ults o
cMachine

Learning
Model

Precisio
n (Class
0)

Recal
l
(Class
0)

F1-
ore
(Clas
s 0)

Precisio
n (Class
1)

Recal
l
(Class
1)

F1-Sc
ore
(Clas
s 1)

Accurac
yy

Comments

Logistic
Regressio
n

0.83 0.98 0.90 0.51 0.08 0.14 0.820 82 High
Precision
for Class 0

Random
Forest

0.84 0.91 0.88 0.36 0.23 0.28 0.79 Moderate
performanc
e for class 1

The aanalysisnalysis ofof sstudttudddententt ananxxietyiety uusinsingg stastatisttistiiccalal mmeetthhooddss aanndd mmaacchihinene lleearnarningr ing mmoodedelsls
yieldeedd sseveraleveral ssignifignifffficaicanntnt ffffiinnddiinngs.gs. TThehe primprimaryaryrr goalgoal waswas toto iidedentifyntifyff ffffaacctotorsrs ininfffflluencinguencing
anxixietyetttyty aaandndndd evaluateevaluateevaluatel tee difdifdifdiffffffffffffffferentfeerentrentt mmmodeodeoded ls'lls'ls'' eeefffffffffffffectivenessfffeectivenessctivenessti iiiinnn preprepredictingdictingdidictingti anxianxianxiietyetyetyt llllevels.evelsevels.l ClassClassClClass 0000
indicatesates nono oror lowlow anxianxietyanxiiety lelevelsvels. ClassClass 11 indicatesindicates highhigh anxietyanxiety levelslevels. OverallOverall, mmostost
models perform well inin iidentifying Class 0 but struggle with Class 1. Logistic Regression,
Random Forest, and KK-NearestN Neigghborhbo s provide better balanced performance compared
to SVMs and Decision Tree. Table 33 pprovides a comparative analysis of the precision,
recall, F1-score, and accuracy metrricsics for each model, highlighting their strengths and
weaknesses in predicting anxiety leveelsls aamong students.



 
 

 

 

 
 

Fig 4. Models Accuracy 
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Support 
Vector 
Machine 
(Linear) 

0.82 1.00 0.90 0.33 0.01 0.02 0.82 Very low
recall for
class 1 

SVM 
(RBF 
kernel, 
tuned) 

0.82 1.00 0.90 0.33 0.01 0.02 0.82 Same as
Linear 
SVM 

K-Nearest 
Neighbors 

0.84 0.93 0.88 0.36 0.18 0.24 0.80 Moderate 
recall for
class 1 

Decision 
Tree 

0.84 0.88 0.86 0.32 0.25 0.28 0.77 Moderate 
performanc
e 

The below 5,6 &7 figures provided represent different performance metrics of several 
machine learning models used to predict anxiety levels in students. Here's an explanation 
of each graph: 

 

Accuracy measures the overall correctness of the model's predictions. It is the ratio of 
correctly predicted instances (both true positives and true negatives) to the total number of 
instances. In shown in the figure 4 logistic regression method having the highest accuracy 
0.82 as compared to other methods. 



 

 

 

 
Fig 5. Model F1-score 

The F1-score for Class 1 (students with anxiety) is the harmonic means of precision and 
recall, providing a balance between the two metrics. As shown in figure 5, random forest 
has the better F1 score as compared to other methods. Random Forest has the highest 
F1-score for Class 1, indicating it balances precision and recall effectively for predicting 
anxiety. Decision Tree and K-Nearest Neighbors also perform relatively well. Logistic 
Regression has a lower F1-score, while SVM (both linear and RBF) have the lowest 
F1-scores for Class 1, indicating these models struggle more with predicting the minority 
class (students with anxiety). 

Fig 6. Precision (Class 1) 
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Precision for Class 1 measures the accuracy of the model's positive predictions; it is the 
ratio of true positives to the sum of true and false positives. As shown in figure 6, logistic 
Regression has the highest precision for Class 1, meaning when it predicts a student has 
anxiety, it is correct about half of the time. Random Forest, SVM (Linear), SVM (RBF), 
K-Nearest Neighbors, and Decision Tree all have lower precision scores, indicating a 
higher number of false positives in their predictions. 

5. Conclusion  

In our analysis of various machine learning models to predict anxiety levels among 
students, we evaluated Logistic Regression, Random Forest, Support Vector Machine 
(SVM), K-Nearest Neighbors (KNN), and Decision Tree based on their precision, recall, 
F1-score, and overall accuracy. The Logistic Regression and Random Forest turned out to 
be the best with the Logistic Regression recording 82% overall accuracy in predicting low 
and high anxiety levels. However, Random Forest showed a balance between predicting 
low and high anxiety levels than other models and therefore it was better overall model. 
SVM models, while excelling at predicting low anxiety, struggled significantly with high 
anxiety predictions. KNN provided a reasonable balance but had moderate recall for high 
anxiety, while Decision Tree showed the lowest overall accuracy. Based on these results, 
we recommend using the Random Forest model for its balanced and robust performance 
in identifying students with varying levels of anxiety, making it well-suited for practical 
applications in addressing student mental health. 
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