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ABSTRACT 

University students globally face higher mental health issues as compared to the general 

population. Evidence underscores a spectrum of depression, with prevalence oscillating from 10% 

to a staggering 85%, culminating in a weighted mean prevalence of 30.6%. This alarming reality 

not only jeopardizes the academic performance of students but also casts a pervasive shadow on 

their holistic well-being.. While the discourse on the global stage is fervent, a persistent lacuna 

exists, demanding targeted studies, interventions, and a call for stakeholder engagement at the 

university level.  . This study aims to assess the prevalence of anxiety, depression, and stress among 

students at the National University of Sciences & Technology (NUST) and to identify key factors 

contributing to these conditions. A second aim of this study is to develop an accessible information 

system for stakeholders to pinpoint and address key concerns for comprehensive mental health 

assessments and strategic interventions that resonate among the students in general. A cross-

sectional study design was employed, utilizing the Depression, Anxiety, and Stress Scale-21 Items 

(DASS-21) to measure mental health conditions among 530 students. Binary logistic regression 

analysis was used to identify significant predictors of mental health issues. Machine learning 

techniques were used to reduce the number of items in DASS-21. Additionally, a Dash-based web 

application was developed for data visualization. 

Descriptive statistics indicated that the majority participants (75.28%) were of age 18 to 25 

whereas 56.23% were male. Findings indicate a high prevalence of extremely severe depression 

and anxiety, affecting 27.54% and 31.69% of students, respectively. Conversely, (36.41%) 

exhibited normal stress levels. Logistic regression analysis revealed that female students are more 



 

 

xiv 

likely to report all three conditions stress, anxiety, and depression. Depression was also associated 

with age, financial concerns, and perceived social support. Anxiety correlated with the type of 

accommodation and social support. Stress was related to gender, educational level, and social 

support.  

The Dash-based web application proved effective in visualizing complex data, facilitating better 

understanding and decision-making. This study fills the research gap by collection and assessment 

of university level data. The findings highlight an urgent need for university authorities to focus 

on the mental health of students to improve overall quality of life. The significant impact of 

depression and anxiety on academic performance warrants the inclusion of management strategies 

for these conditions in university orientations. 

Keywords: DASS-21, mental health, binary logistic regression, Dash web application, 

sociodemographic factors, depression, anxiety, stress. 
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CHAPTER 1: INTRODUCTION 

For a student transition to university life brings a plethora of changes. Where student gets to 

explore the world of academia but at the same time there are a lot of expectations from the student, 

sometimes this transition comes at the cost of mental health of the student. Mental health 

challenges among university students have become an increasingly pressing concern in recent 

years. The transition to university life can present a myriad of stressors, from adjusting to a new 

social environment to academic pressures, which can exacerbate or trigger existing mental health 

issues such as depression, stress, and anxiety [1] [2]. The World Health Organization (WHO) 

identifies mental health as an integral component of human health, stating that "there is no health 

without mental health" [3]. 

1.1. Background on mental health and prevalence among university students 

The population of university students has a notable prevalence of mental health issues. Ibrahim et 

al.'s systematic review [4] highlights that psychological distress is highly prevalent among 

university students across the globe, with rates of diagnosed mental health conditions being higher 

within this demographic than in the general population. This is corroborated by the American 

College Health Association, which has reported that over 40% of college students felt depressed 

to the level where it was difficult to function, and over 60% felt overwhelming anxiety in the last 

year[5] . 

Depression, anxiety, and stress are distinct yet interrelated psychological conditions that are 

particularly prevalent among university students due to the unique pressures of this life stage. 
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1.1.1. Depression 

Depression in is often characterized by a persistent feeling of sadness, a lack of interest in 

previously enjoyed activities, and a pronounced reduction in energy and motivation. These 

symptoms can detrimentally affect academic performance, social interactions, and overall quality 

of life. The American Psychiatric Association (APA) [6] describes depression as despair or 

extreme sadness. It can interfere day-to-day activities and may cause physical symptoms such as 

weight loss or gain, pain, lack of energy, or sleeping pattern disruptions. Depression can lead to 

feeling of guilt or worthlessness. Extreme cases may have suicidal or death related thoughts. 

1.1.2. Anxiety 

Anxiety as defined by the APA an emotional state marked by tense sensations, anxious thoughts, 

and bodily changes like elevated blood pressure. Anxiety disorder sufferers typically experience 

intrusive thoughts or worries on a regular basis. They might steer clear of particular circumstances 

out of fear. Unlike fear, which is typically associated with spikes in autonomic arousal for fight-

or-flight, anxiety is associated with tension and caution in anticipation of potential danger [6]. For 

students, this may manifest as test anxiety, social anxiety, or generalized anxiety about their future 

prospects, and problem is that it can lead to avoidance behaviors that interfere with effective coping 

strategies [7]. 

1.1.3. Stress 

As per APA Stress is a normal reaction to everyday pressure situations, but it becomes unhealthy 

if it affects day-to-day functioning of the individual [6]. Stress among university students may be 

a response to pressures such as academic workload, financial burdens, and constant personal and 
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professional life changes. In the academic environment, this can result in an overwhelming state, 

leading to burnout and other mental health challenges[8]. 

For university students, these conditions may not only be academic or clinical concerns; they are 

lived experiences that tangibly impact their capacity to learn, engage, and progress through their 

formative university years. The relationship between these mental health issues and the academic 

environment is complex, requiring a nuanced understanding to effectively address them[9]. 

1.2. Overview of the NUST 

The National University of Sciences & Technology (NUST) in Pakistan represent broader trends 

observed among university students. As a leading institution in the region, NUST is home to a 

diverse student body of both national and international students facing unique challenges. NUST 

with its 7 campuses in 5 different cities and presence in all major provinces of Pakistan represents 

university students across the country. Multiple need-based scholarship and industry collaboration 

ensures an inclusive community of university students in Pakistan as shown in Figure 1.  

Sociodemographic factors such as gender, age, socioeconomic status, and living arrangements for 

university students have been shown to influence mental health. Women have been found to be at 

a higher risk for anxiety and depression during their university years, whereas male undergraduate 

students are at a higher risk of suicide [9]. Additionally, the type of accommodation, whether on-

campus or off-campus, can affect a student's mental health particularly depression due to varying 

degrees of social support and environmental stressors [10], [11]. 
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Figure 1.1: NUST at a glance. 
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1.3.  Problem Statement 

This research focuses on two core problem: firstly, to assess the prevalence mental health issues 

among university students, particularly in terms of depression, stress, and anxiety. This involves 

the use of the DASS-21 questionnaire to gauge the prevalence and intensity of these conditions 

among the student body. Secondly, there is no user-friendly dashboard as an information system 

for stakeholders to understand the extent of the mental health issues. This system will aid in the 

visualization and interpretation of the collected data, making it more accessible for stakeholders 

such as university administrators and mental health professionals [1]. 

Another problem statement developed through literature review and data collection process is that 

that length of the DASS-21 questionnaire can be a barrier to frequent and widespread use. This is 

backed by reduced attention span of modern-day university students with frequent internet usage 

[12].  

1.4. Objectives of the Study 

1.4.1. Assessing Prevalence of Depression, Anxiety, and Stress 

The first goal is to determine how common anxiety, stress, and depression are among students of 

NUST. In order to obtain insight into the mental health status at the university, data collection is 

done by administrating the DASS-21 questionnaire to a representative sample of students. The 

goal is to understand the extent and severity of these conditions, providing a foundational basis for 

targeted interventions and support programs[10], [13], [14]. 

1.4.2. Development of a Dashboard 
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The second objective focuses on developing a dashboard as an information system for 

stakeholders. The purpose of this digital platform is to display and analyze the information 

gathered from the DASS-21 tests. It aims to provide university administrators, mental health 

professionals, and other stakeholders with actionable insights, facilitating informed decision-

making. [15], [16]. 

1.4.3. Use of Machine Learning for Reduction in DASS-21 Questionnaire 

The final objective involves the application of machine learning techniques to optimize the DASS-

21 questionnaire to reduce the number of questions. The study seeks to streamline the assessment 

process, making it more efficient and less time-consuming for students. This is to be achieved 

while maintaining the questionnaire's diagnostic integrity while enhancing its practicality for 

regular use in the university settings. This innovation aims to facilitate more frequent mental health 

screenings, contributing to practical mental health care at NUST [17], [18].  
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CHAPTER 2: LITERATURE REVIEW 

This chapter delves into the existing body of literature surrounding the key themes of our research: 

the prevalence of mental health issues among university students, the use of assessment tools other 

than the DASS-21, the development of information systems (dashboards) in public healthcare with 

a focus on mental health data, and the application of machine learning in psychological 

assessments. By examining these areas, we aim to establish a foundation for our study, highlighting 

its relevance and necessity. 

2.1 Scope of the Review 

Review will span several critical areas. Initially, we will explore studies focusing on the prevalence 

of depression, anxiety, and stress among university students, with a particular emphasis on 

research conducted in similar academic environments to NUST. This will include a discussion on 

the methodologies employed and the key findings. 

Next, we will examine the literature on the mental health assessment questionnaires, their 

effectiveness, and use in various settings. The goal is to understand different tool's strengths and 

limitations in assessing mental health conditions. 

Following this, we will review existing studies on information systems, specifically dashboards, 

used for visualizing mental health data. This part will focus on the impact of such systems on 

stakeholders' decision-making processes and their effectiveness in a university context. 

Finally, we will explore the burgeoning field of machine learning in mental health assessments. 

This will include a review of studies that have successfully employed machine learning techniques 
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to optimize assessment tools, drawing parallels and insights relevant to our objective of refining 

the DASS-21 questionnaire. 

2.2 Prevalence of Mental Health Issues among Students 

The prevalence of mental health issues in higher education settings has emerged as a significant 

concern worldwide. University students are uniquely vulnerable to psychological distress due to 

factors like academic pressures, life transitions, and social challenges. This section reviews various 

studies to understand the extent and nature of mental health problems, particularly depression, 

stress, and anxiety, among university students. 

2.2.1 Global Perspective 

Mental health issues have been highlighted by researcher across different geographical and cultural 

contexts. Consistently reporting high rates of mental health issues among university students. A 

multinational study involving 14 countries revealed that one in three university students reported 

experiencing at least one mental health disorder, with depression and anxiety being the most 

common. This underscores the global nature of this issue, indicating that mental health concerns 

among students are not confined to specific regions or cultures [19]. 

2.2.2 Pakistan-Specific Perspective 

In Pakistan, the situation reflects the global trends but with some local distinctions. A systematic 

review and meta-analysis study that focused on depressive symptoms among Pakistani university 

students highlighted the significant prevalence of depressive condition. This comprehensive 

review, utilized a systematic search strategy across multiple databases, including PubMed and 

Google Scholar, to compile data on depressive symptoms among university students in Pakistan. 
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The study found a considerable prevalence rate of depressive symptoms, emphasizing the need for 

attention to mental health awareness in Pakistani educational settings [20]. 

2.3 Factors Contributing to Mental Health Issues 

Whereas there can be various and unique factors affecting mental health of student across world. 

Several studies have attempted to identify common factors contributing to mental health issues in 

university students. A research form 2007 found that academic stress, financial concerns, and 

personal relationships were significant predictors of mental health problems [2].  

A systematic review focusing on the mental health of college and university students in the UK, 

identified several critical factors related to metal health problems. The study found that 

experiences of childhood trauma, unique sexual orientation, and having autism are significantly 

associated with poor mental health in this demographic. Conversely, strong social networks and 

adaptability to the changes which inherent in higher education can serve as protective factors for 

students [21].  

A study from 2008 found a negative correlation between mental health issues and academic 

satisfaction, suggesting that students suffering from mental health problems are more likely to 

experience difficulties in their academic work. This linkage further highlights the need for 

effective mental health interventions in university surroundings [22]. 

2.4 Comparison of Mental Health Assessment Tools:  

The DASS-21 is among the widely recognized tools for assessing mental health issues. To 

understand its strengths and weaknesses, it's important to compare it with other similar tools such 
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as: the General Health Questionnaire (GHQ), the Kessler Psychological Distress Scales (K6 and 

K10), the General Anxiety Disorder Questionnaire (GAD-7), and the WHO-5 Wellbeing Index. 

2.4.1 General Health Questionnaire (GHQ): 

GHQ was developed in the 1970s, the GHQ is a screening tool primarily used in non-psychiatric 

settings focusing on two domains, (difficulties in carrying out normal functioning and the 

emergence of any new or distressing circumstances). The GHQ is available is multiple versions. 

GHQ-12, a 12-item version focusing on emotional and social functioning is widely used and is 

available in multiple translations including Urdu. While it has shown good sensitivity and 

specificity, the GHQ-12 does not provide information about any particular disorders [23]. 

2.4.2 Kessler Psychological Distress Scales  

The Kessler Psychological Distress Scales, K6 and K10, are screening tools developed to identify 

individuals at high risk for mental health problems. Both tools can be self-administered as well 

interviewer administered. As the name suggests K6 consists of six questions, while the K10 has 

ten. Both scales measure symptoms of nonspecific psychological distress. They were designed 

based on Item Response Theory models and have been validated in large-scale surveys. The K6 

and K10 are particularly effective in detecting individuals in the higher percentile ranges of 

psychological distress in the population[24] [25]. 

2.4.3 Generalized Anxiety Disorder-7 (GAD-7) 

GAD-7 is a self-report scale developed to identify probable cases of Generalized Anxiety Disorder 

(GAD) and evaluate its severity. It consists of seven items that assess the frequency of GAD 

symptoms over the past two weeks. Additionally, it can be used as a screening tool for PTSD, 
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social anxiety, and panic attacks. The GAD-7 scale scores range from 0 to 21, with higher scores 

indicating greater anxiety severity. It has been validated for its reliability and effectiveness in both 

clinical practice and research. The tool is particularly useful for screening GAD and assessing its 

severity, making it a valuable resource in various healthcare settings [26]. 

2.4.4 WHO-5 Wellbeing Index 

The WHO-5 Wellbeing Index is a self-report questionnaire designed to assess positive mental 

health and well-being. It consists of five items and has been found to be a valid and reliable 

measure of well-being across diverse populations. But because of its emphasis on wellbeing and 

good mental health, it might not be as good at spotting those who are struggling with mental health 

issues. This scale is validated for use across diverse populations and has been found to be a valid 

and reliable measure of well-being [27]. 

2.4.5 Depression, Anxiety, and Stress Scale (DASS) 

The DASS-21 and DASS-42 are unique in their assessment of three dimensions of negative affect: 

depression, anxiety, and stress. The DASS-21 has been widely utilized in research settings and has 

shown good psychometric qualities. This makes it possible to evaluate mental health problems in 

a more thorough manner. The DASS-21 has demonstrated good psychometric properties and has 

been used extensively in research settings. However, its focus on negative affect may limit its 

usefulness in assessing positive mental health and well-being [28], [29]. 

Table 1 below summarize the differences between these five assessment tools. The DASS-21 was 

chosen for its unique ability to assess three different dimensions of mental health for university 

student population. This is particularly relevant for university students who often face a range of 
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emotional challenges. Additionally, its shortness (as compared to the full DASS-42) makes it more 

feasible for use in a setting where time and resources may be limited. The tool's validation across 

diverse populations, including young adults in educational settings, further supports its 

applicability. Last but not least its free usage policy, requiring only proper citation, makes it 

accessible for academic research without the constraints of copyright issues [13], [30]. 

Table 2.1: Comparison of Mental Health Assessment Tools. 

 

2.5 Information Systems for Mental Health:  

2.5.1 Introduction to Dashboards in Healthcare:  

Tool Name Delivered Copyrighted Population Measure 

GHQ (General 

Health 

Questionnaire) 

Self-report 

questionnaire 

Yes Not validated in children psychological 

distress 

(K10 & 6) 

(Kessler 

Psychological 

Distress Scale) 

Self-report 

questionnaire & 

Interviewer-

administered 

No Validated in several ethnic 

minority groups, and in 21 

languages. 

Nonspecific 

GAD-7 

General anxiety 

disorder 

questionnaire 

Self- report 

questionnaire 

Copyright by 

Pfizer 

Validated in populations only 

in populations of a few major 

countries. 

Anxiety 

The WHO-5 

Wellbeing 

Index 

Self- report 

questionnaire 

No Multiple translations do exist 

for over 30 languages. 

Validated for age over 9 years. 

General Mental 

Wellbeing 

(DASS-42 and 

21) 

Depression, 

Anxiety, Stress 

Scales 

Self- report 

questionnaire 

No Validated for people over the 

age of 17. 

Has been translated into 50+ 

languages including Urdu. 

Depression 

Anxiety 

Stress 
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Dashboards are important tools in visualizing and interpreting data within various sectors, 

including healthcare. Studies suggest that application of dashboards in managing mental health 

and demographic data, has shown potential in improving mental health services. Literature also 

suggests that the dashboards have played a key role in enabling timely and targeted adjustments to 

mental health service delivery[31]. 

The need for interactive tools like performance dashboards in healthcare improves decision-

making and performance management. Dashboards are particularly useful with established Key 

Performance Indicators (KPIs), data sources and quality, integration with source systems[32]. 

2.5.2 Role of Dashboards in Mental Health Data  

Dashboards play a major role in decision-making. Dashboards in mental health information 

systems allow users to understand key data in a simple yet actionable manner. Dashboard allow to 

switch between presentation formats and to adapt to different user characteristics and tasks. 

Dashboards effectively display complex datasets, aiding in the interpretation and decision making 

related mental health trends among university students[33]. Dashboards are proven to enable the 

monitoring of mental health indicators in real-time, allowing for prompt responses to emerging 

mental health issues [34]. Dashboards can facilitate individualized approaches in mental health 

care by presenting tailored data for each student, this approach help stakeholders to make decision 

for minority communities to individuals affected [35] 

Dashboards in mental health interventions facilitate evidence-based decision-making by 

encouraging reliance on empirical evidence. They also play a pivotal role in policy formulation, 

as the insights garnered from these dashboards ensure that mental health strategies are data-driven. 

Moreover, dashboards significantly contribute to stakeholder engagement, promoting the 
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involvement of various parties and fostering a collaborative approach to mental health care. This 

multidimensional utility underscores the impact of dashboards in the mental health sector [16], 

[36] 

Despite the benefits, dashboards in mental health raise concerns about data privacy and accurate 

interpretation of mental health data. It is essential to maintain confidentiality and ensure accurate 

data representation to prevent misinterpretations [37]. 

2.6 Streamlining DASS-21: Approaches to Item Reduction in Mental Health Assessment 

The need for efficient mental health assessment tools is reflected in several assessment tools 

discussed so far with 5 or 7 items. Original DASS is a tool with 42 items. The DASS, with 42 

items, was later compressed into DASS-21, a shorter version maintaining the tripartite structure of 

depression, anxiety, and stress. Despite its briefness, DASS-21 still is a long questionnaire 

requiring undivided attention of participant filling the questionnaire and there is definite need for 

a shorter yet effective questionnaire. 

There have been studies which investigated into reducing DASS-21's length while retaining its 

diagnostic integrity. Using techniques like Item Response Theory (IRT) and Confirmatory Factor 

Analysis (CFA), researchers have identified the most informative and discriminative items. The 

goal is to distill the essence of the DASS-21 into an even more concise form without compromising 

its psychometric properties[17], [39]. 

Studies show the possibility of a 12-item version, termed Mini-DASS, which retains high 

reliability and validity. This condensed version not only ensures faster administration but also 

reduces respondent fatigue, enhancing the potential for accurate self-reporting. Such reductions 
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are particularly significant in large-scale surveys or populations with limited time or concentration 

resources. The Mini-DASS demonstrates psychometric robustness equivalent to DASS-21, 

affirmed by its invariant structure across different demographics and cultural contexts. This 

universal applicability is crucial, considering the diverse settings in which mental health 

assessments are conducted [39], [40]. 

While the abbreviated versions like Mini-DASS is a significant step forward, ongoing research is 

needed to explore their applicability in varied clinical and non-clinical contexts. Future studies 

should also examine the impact of further item reduction on the diagnostic accuracy of the scale. 
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CHAPTER 3: METHODS 

3.1 Sample Size and Inclusion criterion:  

The target population for our study comprised students currently enrolled at the NUST. We used 

a confidence level of 95%, a margin of error of 5%, and an estimated population size of 18,500 

students. To calculate the sample size necessary for our study, we applied Cochran's sample size 

formula, which is designed for categorical data[41] : 

𝑛 =  (𝑍^2 ∗  𝑝 ∗  (1 − 𝑝)) / 𝑒^2 

Where: 

- n is the sample size 

- Z is the Z-score corresponding to the desired confidence level (1.96 for 95% confidence) 

- p is the estimated proportion of the attribute present in the population (0.5 for maximum 

variability) 

- e is the desired level of precision or margin of error (0.05 for a 5% margin) 

Note: Formula assumes infinite population. 

Inserting the values into the formula, we get: 

𝑛 =  (1.96^2 ∗  0.5 ∗  (1 − 0.5)) / 0.05^2 

By calculating the above, we determined that the minimum sample size required for our study 

would be approximately 384 respondents. 

A total of 651 respondents participated in the study which exceeds the calculated minimum sample 

size, thus ensuring the reliability of the survey results. However, after a thorough review of the 
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respondent criteria, only 530 participants were included in the final analysis. Only those 

participants who were currently enrolled as students at NUST were included in the analysis.  

Exclusions were made based on the status of the respondents: those who did not consent (no further 

data was collected), those who were not currently enrolled students, as well as faculty and alumni, 

were omitted from the study. Researchers who designed the survey were excluded from the study. 

Additionally, participants of pilot study or students from School where pilot study was conducted 

were excluded from the final analysis. 

3.2 Ethical Considerations: 

The online questionnaire commenced with an introductory statement outlining the purpose of the 

research, the voluntary nature of participation, the anonymity of the responses. It was informed to 

the participants that they have right to withdraw from the study at any point without any negative 

consequences. 

Participants were informed that the DASS-21 is a self-report tool and should not be used a 

substitute for a clinical diagnosis. They were advised to seek professional help or contact their 

general physician for a referral if they were experiencing significant problems. This safety measure 

was implemented to guarantee that respondents were cognizant of the survey's constraints and the 

significance of seeking expert mental health services. 

Individuals were required to actively consent by responding to the initial survey question: "I 

consent to participate in this research." This approach ensured that all participants were willing to 

be a part of the study. For any participant who did not consent, Google form ended there. The 

participants' confidentiality was maintained throughout the analysis and reporting stages. Data 

were stored securely and only accessible to the research team members. 
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3.3 Survey Development:  

The survey consisted of two parts a. Generalized demographic questionnaire and b. DASS-21 

questionnaire [42] [43]. The survey aimed to provide insights into the prevalence and severity of 

anxiety, depression, and stress among the target demographic. This strategy was based on the 

earlier research's identification of the need to comprehend these mental health issues along with 

several demographic factors in a university context [14]. 

The DASS-21 was the main component of the questionnaire. The DASS-21 is a well-established 

instrument in psychological assessment which offers a concise yet comprehensive measure of the 

three constructs that are depression, anxiety, stress [42]. Its inclusion was based on its proven 

reliability and validity in academic settings especially similar to target population and its validity 

for Urdu translation [43], [44]. DASS-21 part of the survey was designed in both Urdu & English 

languages.  

The survey also included demographic questions to ascertain correlations between mental health 

status and factors such as age, gender, educational level, and living arrangements, aligning with 

methodologies used in similar studies [45][46]. 

3.4 Data Collection: 

Prior to full deployment at the university level, the survey underwent a pilot testing at the School 

of Interdisciplinary Engineering & Sciences (SINES), NUST from 7th to 13th December 2022. This 

preliminary phase was conducted for assessing the clarity and relevance of the survey items within 

the intended population. The feedback obtained from initial phase informed necessary 

modifications, enhancing the survey's effectiveness for the subsequent deployment [47], [48].  
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Following the initial pilot testing phase, data collection at the university level was conducted using 

a self-administered questionnaire disseminated through online Google Forms from 21st to 28th 

December 2022. To ensure broader reach and minimize the potential for selection bias, the 

questionnaire was distributed employing a multifaceted approach: electronically via the 

university's official email system; physically through strategically placed posters with QR codes 

on the notice boards within principal buildings, including academic schools, the cafeteria, and 

libraries; and digitally via the social media platforms. This heterogeneous distribution 

methodology was purposefully employed to mitigate any bias that might arise from a singular 

mode of data dissemination[49] . 

3.5 Statistical Analysis 

Survey data collected via Google Forms was systematically stored in Microsoft Excel and 

subjected to analysis through the Python programming language. A data cleansing procedure was 

undertaken, addressing missing values, anomalies, and confirming data types, to ensure the data's 

suitability for analysis. Descriptive statistics were computed to explain the fundamental 

characteristics of the dataset. Additionally, the distribution of respondents' scores across the 

subscales of the DASS-21 spanning normal to extremely severe was examined. 

In exploring the determinants of psychological distress—specifically depression, anxiety, and 

stress—binary logistic regression was employed. The DASS-21 subscale scores were 

dichotomized into 'non-symptomatic' for those within the normal range and 'symptomatic' for 

scores within mild to extremely severe ranges. Consequently, three distinct binary logistic 

regression models were constructed, corresponding to each DASS-21 subscale. The Wald test was 
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utilized to deduce the significance of predictors, with the Odds Ratio (OR) quantifying the strength 

of association. A threshold of p < 0.05 was established for statistical significance. 

The potential issue of multicollinearity amongst predictors was evaluated via the Variance 

Inflation Factor (VIF), ensuring the independence of variables. The goodness of fit of logistic 

regression models was evaluated by computing Cox-Snell and Nagelkerke pseudo-R-squared 

values alongside log-likelihood ratios, providing a composite view of the models' capabilities and 

their compatibility with the empirical data. 

3.6 Machine Learning Approach for Reduction in DASS-21 items 

To optimize mental health assessments, we further explored a novel approach of utilizing machine 

learning techniques to reduce the number of items in DASS-21 questionnaire. The rationale behind 

this approach is to reduce the time required to complete the assessment while maintaining its 

diagnostic integrity, thereby making it more accessible and less burdensome for participants. 

Techniques such as Feature Importance and correlation analysis were used to identify the most 

important questions among 21 items. 

Dataset was pre-processed before the statistical analysis and later data was divided into three major 

sections: 

• Demographic question 

• DASS-21 questions  

• Target feature (Depression, Anxiety, and Stress Scores)  

Next step was the selection of most important features from the DASS-21 questionnaire. This 

selection was guided by a combination of two techniques feature importance and correlation 
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analysis, where the relationship between individual DASS-21 items and the overall scores for 

Depression, Anxiety, and Stress was examined. The correlation analysis was visualized through 

heatmaps, providing an intuitive understanding of the interrelationships among variables. 

1. Feature Importance:  

Feature importance is a metric to calculate the relative significance of each input feature in the 

prediction outcomes of a machine learning model. This concept is instrumental in enhancing the 

interpretability of complex models, guiding feature engineering. The scores in this case represents 

the “importance” of each item in DASS-21. Higher score represents higher impact of an item on 

model in predicting the depression, anxiety, and stress scores. 

2. Correlation analysis 

Correlation analysis is a statistical method that is used to determine the strength (value) and 

direction (positive or negative) of the relationship between two variables. In our case, correlation 

analysis was employed to examine the relationships between items of the DASS-21 questionnaire 

and the respective scores for depression, anxiety, and stress. A fourth feature was created to 

measure average correlation of each item with respect to each depression, anxiety, and stress 

scores. 

After feature importance and average correlation calculation, a new feature was created namely 

average metric that reflects the overall importance of each item included in DASS-21. Top 12 

items were selected with highest average metric value to be used in further prediction and 

evaluation.  



 22 

Later, we employed five different regression models, to predict depression, anxiety, and stress 

score based on 12-item. The models included: 

• Linear Regression  

• Decision Tree 

• Gradient Boosting 

• Random Forest 

• Support Vector Regression 

The training process involved feeding these models with a subset of the dataset with a 80/20 split 

for train and test respectively to learn the patterns and relationships between the questionnaire 

responses and the mental health scores. 

After model training in our machine learning pipeline, we employed GridSearchCV, a method for 

hyperparameter tuning, to optimize several regression models. Using GridSearchCV, we 

systematically explored a hyperparameter values for models including Decision Tree, Random 

Forest, Gradient Boosting, and Support Vector Regression. Parameters like max_depth, 

min_samples_split, and n_estimators were varied. Linear Regression was also included, though it 

required no hyperparameter tuning. 

Lastly, each model was trained and hyper tuned on a designated training dataset and then made 

predictions on a separate testing dataset. This approach ensures that the evaluation reflects the 

model's performance on previously unseen data, a key indicator of its ability to generalize. For 

model evaluation we used following metrics: 
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Mean Absolute Error (MAE): This metric claculate the average magnitude (absolute) of errors 

between the predicted and actual values, providing a straightforward interpretation of prediction 

accuracy. 

Mean Squared Error (MSE): MSE measures the squared difference between actual and predicted 

value, heavily penalizing larger errors. This metric is sensitive to the scale of the data and outliers. 

Root Mean Squared Error (RMSE): As the name suggest square root of MSE, RMSE is particularly 

useful as it brings the error metric back to the scale of the target variable. 

R-squared (R2): R-squared, also known as the coefficient of determination, quantifies the 

proportion of the variance in the dependent variable (y) that can be explained by the independent 

variables (X) in a regression model. It is a measure of how well the model captures the variability 

of the data. 

These metrics provided insights into various aspects of the models' performance, such as accuracy, 

error magnitude, and the proportion of variance in the dependent variable that is predictable from 

the independent variables. 

3.7 Dashboard Development  

The dashboard was developed using Python, with an emphasis on the Dash framework, a decision 

informed by its integration with Plotly for creating interactive data visualizations. Low code nature 

of Dash allows for quick prototyping.  Dashboard was intended to display most important 

information with an interactive yet simple design for ease of understanding. This approach was 

observed as trends in healthcare technology where dashboards are increasingly utilized to 
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synthesize and visualize large quantities of data, aiding in clinical and strategic decision-making 

[50]. 

The interactive dashboard created using Plotly enable a multilayered exploration of the data, 

consistent with the role of dashboards in providing awareness, trend analysis, and comparative 

insights in a simplified interface [51]. Data from student surveys was categorized using a custom 

Python function to assess mental health status. This method of data representation and 

categorization allows for effective communication of mental health status relevant to 

sociodemographic variables[15].  

The dashboard's interactivity is designed to facilitate analysis and stakeholder engagement [52]. 

This allows for a dynamic exploration of the mental health landscape, offering stakeholders the 

ability to filter and dissect data across various variables. 
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CHAPTER 4: RESULTS 

4.1 Participant’s characteristics  

Table 4.1 explains the demographic, socioeconomic attributes of the students. An examination of 

the demographic data illustrates that a majority of the participants were male (56.22%), resided in 

university campus hostels (49.81%), and were predominantly aged between 18-24 years (75.28%). 

The respondents reported having completed intermediate level of education (12 years) (42.26%), 

identified with a middle-class socioeconomic status (57.54%), and a substantial proportion 

perceived educational expenses as a financial burden on their families (35.28%). The 

representation from the province of Punjab was significant (58.11%), with most participants 

having a Normal Body Mass Index (BMI) (61.32%) and considering their social network to be 

highly supportive (39.05%). 

Table 4.1:Descriptive statistics of the study population 

Variable 
 

N % 

Gender 
   

 
Male 298 56.22 

 
Female 232 43.77 

Where do you live? 
  

 
Hostel (inside the campus) 264 49.81 

 
Home 188 35.47 

 
Hostel (Outside the campus) 64 12.07 

 
Other 14 2.64 

Highest Education Level Completed? 
 

 
Intermediate 224 42.26 

 
Undergraduate 223 42.07 

 
Postgraduate 83 15.66 

Socioeconomic status 
  

 
Middle class 305 57.54 
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Upper middle class 144 27.16 

 
Lower middle class 63 11.88 

 
Lower class 10 1.88 

 
Upper class 8 1.50 

Your educational expenses are a financial burden on your family? 
 

Yes 187 35.28 
 

No 163 30.75 
 

Partially 137 25.84 
 

Not sure 43 8.11 

Marital Status 
  

 
Single 495 93.39 

 
Married 30 5.66 

 
Other 5 0.94 

How supportive do you think is your social circle (family and close friends): 
 

Very supportive 207 39.05 
 

Somewhat supportive 158 29.81 
 

Extremely supportive 95 17.92 
 

A little bit supportive 57 10.75 
 

Not at all supportive 13 2.45 

How would you rate your Body Mass Index (BMI): 
 

Normal 325 61.32 
 

Overweight 109 20.56 
 

Underweight 87 16.41 
 

Obese 9 1.69 

Your province: 
  

 
Punjab 308 58.11 

 
Islamabad Capital Territory 77 14.52 

 
Khyber Pakhtunkhwa 66 12.45 

 
Sindh 52 9.81 

 
Other 27 5.09 

Age 
 

18-24 399 75.28 
 

25-30 117 22.07 
 

31-36 14 2.64 

 

 



 27 

4.2 Prevalence of Mental Health Conditions 

Table 4.2 displays the classification of respondents across the five designated categories (normal, 

mild, moderate, severe, and extremely severe) of mental health concerns, as quantified by the 21-

item DASS scale. Of the 530 students surveyed, 139 (26.22%), 146 (27.54%), and 193 (36.41%) 

were categorized as asymptomatic/Normal for depression, anxiety, and stress, respectively. 

Conversely, the incidence of extremely severe levels of depression, anxiety, and stress was noted 

in 146 (27.54%), 168 (31.69%), and 65 (12.26%) participants, respectively. 

The table 4.2 reveals the distribution across various mental health states, offering a critical insight 

into the psychological well-being of the university student population. These findings provide a 

foundation for subsequent analyses and discussions regarding the mental health interventions 

required at the institutional level. 

Table 4.2 Prevalence and severity of depression, anxiety, and stress among the study participants 

 

4.3 Logistic Regression 

The logistic regression analysis identified several significant predictors of depression. Table 4.3 

shows that being female significantly increased the likelihood of depression (OR = 2.12) compared 

 
N % N % N % 

 Depression Anxiety Stress 

Normal 139 26.22 146 27.54 193 36.41 

Mild 63 11.88 45 8.49 75 14.15 

Moderate 122 23.01 110 20.75 120 22.64 

Severe 60 11.32 61 11.50 77 14.52 

Extremely Severe 146 27.54 168 31.69 65 12.26 
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to males. Age groups 18-24 (OR = 4.99) were at a higher risk compared to the reference group of 

31-36 years. Students living inside campus hostels had a non-significant increase in the odds of 

depression compared to those living at home. Educational background and socioeconomic status, 

while varied, did not show significant effects when compared to postgraduate education and 

middle-class status, respectively. Perception of educational expenses as a financial burden (Yes) 

significantly increased the odds of depression (OR = 1.87). The level of social support was found 

to be a robust predictor, with ‘a little bit supportive' (OR = 5.88) and 'somewhat supportive' (OR 

= 2.89) environments increasing the odds of depression compared to very supportive 

environments. 

Table 4.3: Determinants of depression as identified with binary logistic regression. 

 
Odds Ratio Wald P-value CI lower CI upper 

Depression 

Female 2.123 10.230 0.001 1.338 3.367 

Reference: Gender (Male) 

18-24 4.994 4.522 0.033 1.134 21.985 

25-30 3.318 2.779 0.095 0.810 13.596 

Reference: Age (31-36) 

Hostel inside campus 1.312 1.033 0.309 0.777 2.2157 

Hostel outside campus 1.230 0.280 0.596 0.571 2.650 

Reference: Accommodation (Home) 

Intermediate 1.263 0.377 0.539 0.599 2.662 

Undergraduate 1.170 0.229 0.631 0.614 2.228 

Reference: Education (Postgraduate) 

Lower class 0.464 0.999 0.317 0.103 2.086 

Lower middle class 1.099 0.069 0.791 0.542 2.232 

Upper class 1.173 0.033 0.854 0.213 6.454 

Upper middle class 1.150 0.277 0.598 0.682 1.941 

Reference: Socioeconomic Status (Middle class) 

Not sure 1.039 0.009 0.924 0.467 2.312 

Partially 0.947 0.037 0.847 0.548 1.636 

Yes 1.869 4.554 0.032 1.052 3.322 
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Reference: Education as financial burden (No) 

Married 1.399 0.401 0.526 0.494 3.959 

Other 0.623 0.228 0.632 0.089 4.337 

Reference: Marital Status (Single) 

A little bit supportive 5.875 13.296 <0.001 2.268 15.219 

Extremely supportive 1.078 0.0743 0.785 0.626 1.856 

Not at all supportive 6.967 3.127 0.076 0.810 59.915 

Somewhat supportive 2.886 14.736 <0.001 1.679 4.958 

Reference: Social Circle Support (Very supportive) 

Obese 0.948 0.003 0.953 0.161 5.554 

Overweight 1.256 0.632 0.426 0.716 2.202 

Underweight 1.433 1.236 0.266 0.759 2.703 

Reference: Body Mass Index (Normal) 

Islamabad Capital 

Territory 

1.431 0.641 0.423 0.595 3.441 

Punjab 1.280 0.592 0.441 0.682 2.400 

Sindh 1.173 0.135 0.713 0.499 2.756 

Other 1.584 0.543 0.460 0.465 5.392 

Reference: Province (Khyber Pakhtunkhwa) 

 

Table 4.4 suggests that gender remained a significant determinant for anxiety, with females having 

higher odds than males (OR = 3.38). Age did not significantly influence anxiety levels. Living in 

hostels outside the campus was associated with increased odds of anxiety (OR = 3.28). Financial 

perceptions and socioeconomic status did not present as significant determinants. Students from 

Sindh showed significantly lower odds of anxiety (OR = 0.41) compared to the reference province 

Khyber Pakhtunkhwa. However, a ‘little bit supportive’ social environment was associated with a 

significant increase in the odds of anxiety (OR = 5.31) as compared to reference category ‘Very 

supportive’.  

Table 4.4: Determinants of anxiety as identified with binary logistic regression. 

 
Odds Ratio Wald P-value CI lower CI upper 
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Anxiety 

Female 3.378 24.524 <0.001 2.086 5.469 

Reference: Male 

18-24 1.087 0.011 0.916 0.229 5.161 

25-30 0.486 0.910 0.339 0.110 2.137 

Reference: Age (31-36) 

Hostel inside campus 1.474 2.133 0.144 0.875 2.484 

Hostel outside campus 3.278 7.140 0.007 1.372 7.833 

Reference: Accommodation Home 

Intermediate 1.048 0.015 0.901 0.491 2.238 

Undergraduate 1.177 0.237 0.625 0.609 2.275 

Reference: Education (Postgraduate) 

Lower class 1.312 0.093 0.760 0.228 7.528 

Lower middle class 1.061 0.029 0.863 0.535 2.104 

Upper class 0.749 0.128 0.719 0.155 3.606 

Upper middle class 0.981 0.004 0.945 0.579 1.664 

Reference: Socioeconomic Status (Middle class) 

Not sure 1.209 0.195 0.658 0.521 2.804 

Partially 0.989 0.001 0.971 0.568 1.722 

Yes 1.485 1.842 0.174 0.839 2.628 

Reference: Education as Financial burden (No) 

Married 1.254 0.195 0.658 0.459 3.420 

other 0.114 3.170 0.074 0.010 1.243 

Reference: Marital Status (Single) 

A little bit supportive 5.309 11.336 <0.001 2.009 14.032 

Extremely supportive 0.858 0.278 0.597 0.487 1.512 

Not at all supportive 4.456 1.863 0.172 0.521 38.105 

Somewhat supportive 1.494 2.375 0.123 0.896 2.490 

Reference: Social Circle Support (Very supportive) 

Obese 0.384 1.222 0.268 0.070 2.092 

Overweight 1.518 1.976 0.159 0.848 2.717 

Underweight 1.171 0.253 0.614 0.632 2.169 

Reference: Body Mass Index (Normal) 

Islamabad Capital 

Territory 

0.695 0.638 0.424 0.285 1.694 

Punjab 0.953 0.019 0.888 0.489 1.857 

Sindh 0.410 4.128 0.042 0.174 0.968 

Other 0.807 0.128 0.719 0.252 2.588 

Reference: Province (Khyber Pakhtunkhwa) 
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Table 4.5 suggests that being gender is significant determinant for stress as well with female having 

higher odds (OR = 2.48) of having stress as compared to reference male. Age and living 

arrangements did not show a significant impact. Education is a strong determinant of stress with 

students who have completed intermediate education and undergraduate level having odds as 2.16 

and 1.89 respectively, compared to students who have completed postgraduate education. 'A little 

bit supportive' social environments significantly increased the odds of stress (OR = 5.58), and 

those with 'not at all supportive' environments faced the highest odds (OR = 8.28) as compared to 

those with very supportive social circle. 

 

Table 4.5: Determinants of stress as identified with binary logistic regression. 

 
Odds Ratio Wald P-value CI lower CI upper 

Stress 

Female 2.484 18.065 <0.001 1.633 3.780 

Reference : Male 

18-24 0.743 0.158 0.690 0.172 3.200 

25-30 1.131 0.029 0.863 0.277 4.607 

Reference : Age (31-36) 

Hostel inside campus 1.203 0.574 0.448 0.745 1.944 

Hostel outside campus 1.443 1.055 0.304 0.716 2.910 

Reference : Accommodation Home 

Intermediate 2.163 4.818 0.028 1.086 4.310 

Undergraduate 1.886 4.225 0.039 1.029 3.456 

Reference: Education (Postgraduate) 

Lower class 1.762 0.434 0.509 0.326 9.506 

Lower middle class 1.240 0.444 0.505 0.658 2.334 

Upper class 1.167 0.039 0.842 0.251 5.424 

Upper middle class 0.843 0.496 0.481 0.526 1.353 

Reference: Socioeconomic Status (Middle class) 

Not sure 0.859 0.164 0.684 0.413 1.785 

Partially 0.868 0.292 0.588 0.521 1.447 

Yes 1.360 1.359 0.243 0.810 2.284 
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Reference: Education as Financial burden (No) 

Married 1.633 0.910 0.339 0.596 4.476 

Other 0.557 0.352 0.552 0.081 3.827 

Reference: Marital Status (Single) 

A little bit supportive 5.576 16.640 <0.001 2.441 12.733 

Extremely supportive 1.234 0.619 0.431 0.730 2.088 

Not at all supportive 8.282 3.863 0.049 1.006 68.178 

Somewhat supportive 1.832 6.754 0.009 1.160 2.892 

Reference: Social Circle Support (Very supportive) 

Obese 0.510 0.746 0.387 0.111 2.345 

Overweight 1.079 0.092 0.761 0.658 1.770 

Underweight 1.139 0.214 0.643 0.656 1.979 

Reference: Body Mass Index (Normal) 

Islamabad Capital 

Territory 

0.735 0.531 0.466 0.321 1.681 

Punjab 0.729 0.996 0.318 0.393 1.354 

Sindh 0.514 2.547 0.110 0.227 1.163 

Other 0.562 1.193 0.274 0.200 1.578 

Reference: Province (Khyber Pakhtunkhwa) 

The results from these analyses underscore the importance of gender, perceived financial burden 

of education, and social support as determinants of mental health issues among students, with 

social support emerging as a consistent predictor across all three conditions. It is noteworthy that 

while certain predictors such as living arrangements and socioeconomic status did not always show 

a significant direct effect, their interaction with other variables like social support may still 

contribute to the overall risk profile for mental health issues. These findings can inform the 

development of targeted interventions aimed at mitigating these risks among the student 

population. 

4.4 Machine Learning Approach for Reduction in DASS-21 items 

First, through correlation analysis we found the 12 items that had most correlation with scores of 

mental health issues (depression, anxiety, and stress). Figure 4.1 shows the values of correlation 
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of each item with mental health issues and average correlation. This was followed by feature 

importance for each item in DASS-21. Figure 4.2 shows the results feature importance section. 

Table 4.6 shows the combination of feature importance and average correlation to identify top 12 

items. 

 

Figure 4.1: Correlation between DASS-21 items and DAS scores. 

After that average of both techniques was used to create average importance for each item in 

DASS-21. This is represented by table below. Where QA, QD, and QS represent Question related 

to Anxiety, Depression, and Stress respectively. Top 12 questions were selected to train machine 

learning model. Models were evaluated using metric Mean Absolute Error (MAE), Mean Squared 

Error (MSE), Root Mean Squared Error (RMSE), R-squared (R2). Results for model evaluation 

before and after hyperparameter tunning are presented in table 4.7. 
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Figure 4.2: Feature importance of DASS-21 items to predict DAS scores. 

Table 4.6: Combination of feature importance and correlation. 

 
Average Correlation Feature Importance Average Importance 

QD4 0.709626 0.174346 0.441986 

QA5 0.713903 0.145599 0.429751 

QS5 0.698307 0.083771 0.391039 

QS3 0.670119 0.078404 0.374262 

QD5 0.648949 0.072582 0.360766 

QD6 0.642540 0.065487 0.354013 

QD3 0.646835 0.060389 0.353612 

QA7 0.656754 0.037203 0.346979 

QA4 0.656608 0.021207 0.338908 

QA3 0.623210 0.030508 0.326859 

QD7 0.631637 0.020186 0.325911 

QD1 0.631893 0.018887 0.325390 
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Table 4.7: Model Evaluation before Hyperparameter Tunning 

 
MAE MSE RMSE R2 MAE MSE RMSE R2 

 Before Hyperparameter tuning After Hyperparameter tuning 

Linear Regression 2.51 11.57 3.12 0.88 2.51 11.57 3.12 0.88 

Decision Tree 4.69 38.53 6.17 0.65 4.48 32.38 5.66 0.71 

Random Forest 3.14 16.58 3.94 0.84 3.15 16.46 3.93 0.84 

Gradient Boosting 2.72 13.30 3.43 0.87 2.74 13.32 3.43 0.87 

Support Vector Regression 3.06 15.27 3.76 0.85 2.49 11.54 3.11 0.88 

4.5 Dashboard Interpretation 

In order to effectively communicate the findings of our study on mental health prevalence among 

NUST students, a comprehensive dashboard was developed. The dashboard serves as a dynamic 

tool for stakeholders to visualize and understand the mental health data in a user-friendly interface.  

Figure 4.3 presents a screenshot of the University Students Survey Dashboard. This visualization 

includes pie charts depicting the distribution of depression, stress, and anxiety scores among the 

surveyed participants. Each chart categorizes the severity of the mental health condition DASS-

21subclasses (normal, mild, moderate, severe, and extremely severe). For instance, the Depression 

Score Distribution pie chart illustrates a substantial proportion of respondents with moderate to 

severe symptoms, indicating a pressing need for mental health interventions. 

The interactive nature of the dashboard allows for a detailed breakdown by demographic factors, 

such as age, support system, academic institution, and BMI, to pinpoint specific areas requiring 

attention. Sample counts are dynamically updated to reflect the filtering criteria applied, ensuring 

that stakeholders can access tailored insights into the student population's mental health status. 
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The data represented in the dashboard underscores the nuanced nature of mental health challenges 

faced by the students. The dashboard not only enhances the stakeholders' understanding but also 

guides the strategic allocation of resources and the development of targeted support mechanisms. 

 

Figure 4.3 Overview of the Dashboard deployed on a local system. 
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CHAPTER 5: DISCUSSION, FUTURE RECOMMENDATIONS AND 

CONCLUSION 

5.1 Discussion 

The findings of our study at the NUST reveal a significant prevalence of depression, anxiety, and 

stress among students, aligning with the broader trends observed in university settings worldwide. 

High rates for Extreme severe levels of depression (27.54%), anxiety (31.69%) among university 

students is alarming but this prevalence echoes the concerns raised by previous studies [4] 

 [13], who reported a similar trend in university environments. Whereas contradicting literature 

also exists where researchers did not observe high rates of extreme severe depression or anxiety 

[44], [53]. This contradiction necessitates the need for further longitudinal and long-term studies. 

A notable aspect of findings is the higher odds of female students observing depression, anxiety, 

and stress, which resonates with the research titled “Brave men and timid women?”[53], [54], 

who found female university students to be more susceptible to these conditions. This gender 

disparity in mental health vulnerability necessitates a gender-sensitive approach in developing 

mental health interventions and support systems. 

According to table 3A students with younger age (18-24) have higher odds of depression as 

compared to students of older age (31-36) which could be a factor of maturity level and being new 

to university life, this is in agreement with previous studies [20]. Additionally, our findings suggest 

that students who perceive their education as a financial burden to their families are at a heightened 

risk for depression compared to those who do not share this concern. This observation is consistent 
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with a scoping review conducted on financial strain and depression, which found that a significant 

positive association exists between financial strain and depression [55]. Interventions to alleviate 

such strains included coping mechanisms to improve financial situations, cognitive behaviour 

modifications, and engaging social support. 

Table 3B shows students who are living in hostels outside the university campus (private 

accommodation) have higher odds of observing anxiety which could be linked to uncertainty of 

conditions as compared to that of home or hostel inside the campus. This has been discussed in 

detail in literature [56].   

Table 3C shows that the students who have at least completed intermediate, or undergraduate have 

higher odds of observing stress as compared to those who have completed any form of post 

graduate studies.  

Interestingly, results suggest that stress levels were comparatively lower, with a majority 

exhibiting normal stress levels. This contrasts with findings in literature that reports high stress 

levels among college students, often linked to academic pressures [57]. This discrepancy might be 

attributed to varying cultural or institutional factors and warrants further investigation. 

Thesis work also explored the option of item reduction in DASS-21. This has been previously 

explored but our thesis provides a unique approach as it uses feature engineering technique for 

item reduction & uses machine learning techniques to evaluate the accuracy of updated 

questionnaire [17], [38]. 

Our study also makes a pioneering effort by employing a Dash-based web application for data 

visualization in mental health assessment. This approach aligns with the technological 
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advancements in mental health monitoring suggested by Torous and Roberts [58], advocating for 

the integration of digital tools in mental health assessments and interventions. 

The implications of our findings extend to various stakeholders, including university authorities, 

healthcare providers, and policymakers. The need for university authorities to implement 

comprehensive mental health policies is underscored, echoing Stallman's emphasis on the crucial 

role of educational institutions in providing a supportive environment for mental health [1]. 

Additionally, our data offer valuable insights for healthcare providers and policymakers, as 

literature highlight the need for collaboration between healthcare systems and educational 

institutions in addressing student mental health concerns [59]. 

5.2 Future Recommendations 

Based on our findings, we recommend the further long-term studies to explore mental health status 

of university student and development of custom intervention programs that focus on the specific 

needs of university students. This approach is supported by Conley et al. who evaluated the 

effectiveness of mental health promotion and prevention programs in higher education [60].  

Mental health education should be integrated in the curriculum and the accessibility of mental 

health resources, including counselling services, safe disclosures, and online support systems, 

should be made easier and user friendly. Hunt and Eisenberg emphasize the importance of 

accessibility in mental health interventions, suggesting that improved access can significantly 

impact student well-being [9].Incorporating mental health education into the university curriculum 

could contribute to destigmatizing mental health issues and promoting overall well-being of 

student. The integration of mental health education as a preventative measure in higher education 

settings has been previously proposed as well [61]. 
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Conducting longitudinal or long-term studies for ongoing assessment of mental health challenges 

among university students is recommended. This approach will enable us in future to use time 

series analysis on the data and to help us build better understanding of dynamic nature of the mental 

health issues.  Zivin et al. support this approach, highlighting its importance in understanding the 

evolving nature of mental health challenges in academic environments [62]. 

In future, if using artificial intelligence (AI) for mental health monitoring and prediction it would 

be of essence to use techniques as explainable AI (XAI). XAI focuses on transparency and 

interpretability, ensuring that AI outputs in mental health applications can be understood by human 

operators. As for the any health related data, it is of utmost importance to have logical explanation 

and reasoning for how a conclusion was drawn [63]. 

Implementation of digital monitoring tools/ solutions, such as the Dash-based system used in 

study, for continuous monitoring and personalized interventions in mental health is recommended 

for ease of the stakeholders to understand the data related to mental health status of students. 

Luxton et al. discuss the potential of mHealth for mental health, emphasizing its role in enhancing 

behavioural healthcare [64]. 

5.3 Conclusion:  

In conclusion, study conducted at the NUST provides insights into the prevalence and severity of 

depression, anxiety, and stress among university students. These results should be interpreted with 

a caution as results represent data in one point of time and may not be represent completely the 

dynamic nature of university students. The application of the DASS-21 scale and binary logistic 

regression analysis has enabled a comprehensive understanding of how factors such as gender, 
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age, financial stability, type of accommodation, and social support networks influence students' 

mental health. 

Our findings indicate a concerning level of mental health issues within the student population, with 

depression and anxiety being particularly prevalent. This emphasizes a need for university 

authorities and mental health professionals to prioritize and address these challenges. Proactive 

measures, such as development of custom targeted intervention programs, increased accessibility 

to mental health resources, use of digital tools to monitor mental health status and incorporating 

mental health education into the university curriculum, are imperative. 

Furthermore, the use of a Dash-based web application for data visualization in our study 

exemplifies the potential of digital tools in enhancing the effectiveness of mental health 

assessments and interventions. This approach not only aids in the clear communication of complex 

data to stakeholders but also opens new avenues for ongoing monitoring and support for students’ 

mental health. 
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APPENDIX  

1. DASS-21 Questionnaire  

The rating scale is as follows 

0 Did not apply to me at all 

1 Applied to me to some degree or some of the time 

2 Applied to me to a considerable degree or a good part of the time 

3 Applied to me very much or most of the time 

 

 

1 (s) I found it hard to wind down 0 1 2 3 

2 (a) I was aware of dryness of my mouth 0 1 2 3 

3 (d) I couldn’t seem to experience any positive feeling at all 0 1 2 3 

4 (a) I experienced breathing difficulty (e.g. excessively rapid breathing, 

breathlessness in the absence of physical exertion) 

0 1 2 3 

5 (d) I found it difficult to work up the initiative to do things 0 1 2 3 
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6 (s) I tended to over-react to situations 0 1 2 3 

7 (a) I experienced trembling (e.g. in the hands) 0 1 2 3 

8 (s) I felt that I was using a lot of nervous energy 0 1 2 3 

9 (a) I was worried about situations in which I might panic and make a fool 

of myself 

0 1 2 3 

10 (d) I felt that I had nothing to look forward to 0 1 2 3 

11 (s) I found myself getting agitated 0 1 2 3 

12 (s) I found it difficult to relax 0 1 2 3 

13 (d) I felt downhearted and blue 0 1 2 3 

14 (s) I was intolerant of anything that kept me from getting on with what I 

was doing 

0 1 2 3 

15 (a) I felt I was close to panic 0 1 2 3 
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16 (d) I was unable to become enthusiastic about anything 0 1 2 3 

17 (d) I felt I wasn’t worth much as a person 0 1 2 3 

18 (s) I felt that I was rather touchy 0 1 2 3 

19 (a) I was aware of the action of my heart in the absence of physical exertion 

(e.g. sense of heart rate increase, heart missing a beat) 

0 1 2 3 

20 (a) I felt scared without any good reason 0 1 2 3 

21 (d) I felt that life was meaningless 0 1 2 3 
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