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Introduction: The COVID-19 pandemic has had profound impacts on multiple aspects of human life, including public health, economic stability, and education systems worldwide. During the Omicron variant-led wave, Bangladeshi university students faced significant disruptions, such as delays in graduation and limited opportunities for income-generating activities. This study offers a new attempt to investigate the psychological stress experienced by Bangladeshi university students and the sources of that stress.

Methods: A cross-sectional study was conducted using multiple linear regression analysis and Partial Least Squares Structural Equation Modeling (PLS-SEM). Socioeconomic and psychological characteristics were included as independent variables to assess their relationship with psychological stress.

Results: The findings reveal that relationship issues, scholastic delays, lack of recreation, and poor internet connectivity are significant contributors to psychological stress among university students. Relationship complications emerged as the strongest predictor (β= 0.413, p < 0.001), followed by scholastic delays (β= 0.286, p = 0.010), lack of recreation (β= 0.118, p = 0.032), and poor family harmony (β= 0.114, p = 0.024).

Discussion: This study represents one of the first systematic efforts to examine the psychological stressors of university students in Bangladesh. The results highlight the multidimensional nature of student stress and emphasize the urgent need for targeted interventions from both governmental and non-governmental organizations. The insights also have broader implications for understanding student mental health in other developing countries facing similar socioeconomic and infrastructural constraints.
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1 Introduction

While the COVID-19 infection rate has dropped and the world has entered the “new normal”, the far-reaching consequences of the pandemic are here to stay. The unprecedented COVID-19 pandemic wreaked havoc on every aspect of human life, killing millions and crippling the economy, healthcare system, and education, among other sectors (Snooks, 2020). The world has experienced several waves of COVID-19 since the World Health Organization declared it a pandemic (Cucinotta and Vanelli, 2020). Although we have escaped from the worst of COVID-19-related misery, the latest wave, driven by the Omicron variant wave, has caused widespread disruption globally. Many scientists believe the Omicron variant is more infectious (Arora et al., 2022), raising global concern. Despite efforts to contain the Omicron variant's spread, including mass vaccination programs, people from all walks of life faced terrible suffering. The toll of the Omicron variant was particularly severe on the global economy, healthcare, education, and more. Tragically, people in developing countries endured intolerable suffering as they struggled to meet their basic needs.

Indeed, educational institutions suffered one of the most severe setbacks worldwide, particularly in developing countries like Bangladesh (Alam, 2021). This is due to a lack of logistics and technical support, which made it difficult to maintain the educational sector. On average, the COVID-19 pandemic forced educational institutions to defer at least one academic year, leaving students behind in their academic progress. The Omicron variant outbreak resulted in the closure of educational institutions once more. Notably, the Bangladeshi government decided to reopen institutions after a 465-day closure. However, the rise in Omicron cases led to another prolonged closure. Millions of students' dreams of a smooth and uninterrupted education were shattered as they struggled to adapt. University students, in particular, were subjected to the most severe disruption, as concerns about completing their studies and entering the workforce grew.

University students faced significant challenges as their graduation process was delayed and potential job opportunities shrunk due to the economic downturn, both domestically and internationally (Rasul et al., 2021). Prolonged university closures could also lead to severe mental stress, as many students struggle to make productive use of their valuable time. Furthermore, female students have been disproportionately affected, as many face family pressure to marry (Iqbal et al., 2021). The pandemic‘s impact has been felt across all demographics- people of every age and class have acknowledged its disruptive effects. What makes university students unique in the crisis is that they are caught in a situation where their graduation is delayed, and many cannot engage in income-earning activities as the economy of Bangladesh faces significant losses, leading to fewer employment opportunities (Shahriar et al., 2021). Many students also experienced severe psychological distress amid growing financial hardships within their families due to the pandemic-induced economic downturn. University students are the future of a nation, and delays in their graduation could leave them mentally devastated. It is reported that class closures and psychological stress are inextricably linked. Although the situation got worsened, the exact extent in Bangladesh is not fully understood. Therefore, this study is a novel effort to explore the psychological stress experienced by university students in Bangladesh and identify the factors that contribute to that stress.

A range of social, financial, political, mental, academic, and livelihood-related factors affect the psychological wellbeing of university students. Although universities provide some support services, many students continue to face heavy academic workloads, depression, and stress—problems that intensified globally during the COVID-19 pandemic (Islam et al., 2020; Laar et al., 2021; Lu et al., 2022; Schwartz et al., 2021; Yang et al., 2021). This growing concern has attracted substantial scholarly attention, with diverse frameworks used to examine student wellbeing. Burns et al. (2020) highlighted a conceptual shift prior to the pandemic, emphasizing dynamic interactions in wellbeing that extend beyond health alone. Among these approaches the PERMA model (Positive Emotion, Engagement, Relationships, Meaning, and Accomplishment); (Seligman, 2012), rooted in positive psychology (Burns et al., 2020; Seligman, 2018), remains one of the most widely applied. Building on these concepts, the present study develops a framework incorporating six latent factors to examine the psychological stress of university students in Bangladesh during the third wave of the COVID-19 pandemic, driven by the Omicron variant.

Financial hardship was a major challenge, particularly in low- and middle-income countries where the pandemic disrupted both academic and social activities. In India, 26.5% of undergraduate and graduate students living away from home reported financial difficulties (Kapasia et al., 2020), with similar evidence from the Philippines (Barrot et al., 2021) and Pakistan (Ali et al., 2020). In Bangladesh, 79% of tertiary students faced pandemic-induced financial crises (Hosen et al., 2022), with public university students particularly vulnerable (Shafiq et al., 2021), often due to the loss of part-time jobs and other income sources. Financial instability not only affected students' ability to pay tuition and access learning tools but also heightened uncertainty about their future prospects. Academic delay emerged as another significant stressor. With in-person classes suspended, universities shifted to online learning, however, many institutions in developing countries lacked the necessary resources, infrastructure, and efficiency (Tadesse and Muluye, 2020). Prolonged closures, delayed or canceled examinations, limited access to online platforms, and health-related disruptions further hindered student performance (Dutta and Smita, 2020; Yang et al., 2021). In Bangladesh, many students were unable to participate in assessments or advance academically, while several departments failed to conduct semester-end examinations online (Hosen et al., 2022). This prolonged uncertainty created frustration, lowered motivation, and worsened psychological distress. Poor internet access compounded these difficulties, restricting students' ability to engage in online learning. Internet services in Bangladesh have long been criticized for high costs, slow speeds, and unequal distribution (Islam and Inan, 2021). Many students also struggled with inadequate devices, limited access, and insufficient digital skills (Dutta and Smita, 2020), which hindered participation and deepened feelings of exclusion and helplessness. Relationship complications constituted another critical factor. Relationships with peers, family, and the wider community are essential for student wellbeing, particularly during crises. Elmer et al. (2020) found that COVID-19-related concerns, isolation, reduced interaction, and limited support increased mental health problems among Swiss undergraduates. Although underexplored in Bangladesh, experiential evidence suggests similar challenges, with students reported loneliness, weakened social bonds, and loss of emotional support networks, which intensified stress and vulnerability. Fear of joblessness further exacerbated student stress, especially in Bangladesh, where graduate unemployment was already a pressing issue before the pandemic. Economic disruptions and hiring freezes heightened anxieties about delayed graduation and limited employment opportunities, particularly for financially insecure students, contributed to persistent psychological strain. Finally, lack of recreation contributed significantly to student‘s stress. Recreational activities are essential for maintaining wellbeing, yet closure of campuses, hostels, and facilities removed key outlets for relaxation and socialization. Many students turned to social media for engagement, but problematic use was associated with higher anxiety and depression among Bangladeshi university students (Islam et al., 2021). Similarly, limited recreational opportunities was linked to stress, depression, and post-traumatic symptoms among quarantined students. The absence of healthy leisure avenues, therefore, represents an important yet often overlooked factor in declining student mental health.

Although a growing body of literature has examined student mental health during the COVID-19 pandemic across different countries, research focusing specifically on Bangladeshi university students remains limited, despite their heightened vulnerability. These students faced unique challenges, including prolonged university closures, limited online infrastructure, financial hardship, and an intensely competitive job market, that collectively placed them at greater risk than many of their global peers. The pandemic disrupted academic progress, delayed graduation, and, postponed entry into professional careers, with long-term consequences for both individual livelihoods and the broader labor market. Yet, despite these pressing concerns, comprehensive frameworks that systematically examine the multifaceted drivers of psychological stress among Bangladeshi students are still lacking.

Existing studies provide important insights but remain fragmented. For example, Dutta and Smita (2020) highlighted how inadequate learning materials and unfavorable home environments reduced study motivation, alongside rising health problems and employment uncertainty. Faisal et al. (2022) reported that nearly three-quarters of students showed depressive symptoms and more than half suffered from poor psychological health, while Dhar et al. (2020) revealed that 97% experienced anxiety linked to financial hardship and academic delays. Similarly, Al Mamun et al. (2021) documented pandemic-induced psychological disorders across different groups, and Islam et al. (2020) identified widespread sleep disturbances among students. While these findings are valuable, they largely addressed isolated aspects of stress rather than integrating the broader social, economic, and academic dimensions into a cohesive explanatory framework.

Against this backdrop, the present study makes two important contributions. First, it develops a conceptual framework built around six latent factors to systematically explain the drivers of psychological stress among university students in Bangladesh. This framework advances beyond fragmented analyses by linking these factors to Seligman's PERMA model of wellbeing, thereby offering a more comprehensive understanding of student stress in crisis contexts. Second, by focusing on Bangladeshi university students during the third wave of the pandemic, the study provides context-specific insights that enrich academic discourse while offering practical value for policy and institutional interventions. The findings have direct implications for designing targeted mental health support programs, improving resource allocation for digital learning, and formulating employment-oriented policies to safeguard both the wellbeing and future prospects of students in Bangladesh.


1.1 Conceptual framework

Drawing on the literature and contextual evidence from Bangladesh, this study identifies six interrelated factors that significantly influenced the psychological wellbeing of university students during the COVID-19 pandemic: financial hardship, academic delay, poor internet access, relationship complications, fear of joblessness, and lack of recreation (Figure 1). These factors corresponding to the five components of Seligman's PERMA model, as each reflects disruptions to positive emotions, engagement, relationships, meaning, and accomplishment. The cumulative impact of these stressors created sustained pressures, manifested as heightened anxiety, depression, and uncertainty among students, particularly those in public universities. While research has examined some of these dimensions individually, a comprehensive framework linking all six factors to student wellbeing in the Bangladeshi context remains limited. By positioning these concerns within a conceptual model, this study aims to deepen understanding of pandemic-induced psychological stress and generate insights with practical implications for both research and policy. In developing the conceptual path model (Figure 2), direct links were specified only where prior studies indicated strong theoretical or empirical associations with psychological stress. We acknowledge that additional relationships, such as financial hardship affecting recreation or internet access, are also plausible (Luong et al., 2018). However, these paths were not included in the current model to maintain parsimony and focus on the most central hypothesized drivers of stress. Future research could expand the framework to incorporate such pathways and evaluate their relevance in broader contexts.
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FIGURE 1
 Conceptual framework.
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FIGURE 2
 Estimated path coefficient for the proposed model.


Based on this framework, the study tested the following hypotheses:

Hypothesis 1: Financial Hardship (FH) is positively correlated with Psychological Stress (PS) (FH → PS).

Hypothesis 2: Lagging Academically (LA) is positively related to PS.

Hypothesis 3: Lack of Recreation (LoR) positively affects PS.

Hypothesis 4: Relationship Complications (RC) positively impact PS.

Hypothesis 5: Poor Internet Connectivity (PIC) is positively correlated with PS.

Hypothesis 6: Fear of Joblessness (FoJ) positively affects PS.




2 Materials and methods


2.1 Study design and setting

This research adopted a cross-sectional design and was conducted using a web-based questionnaire disseminated via Google Forms. The survey was distributed through official university channels, including email and social media study groups. Data collection took place during the third wave of the COVID-19 pandemic in Bangladesh, when the Omicron variant was spreading rapidly nationwide (Rahman, 2022).



2.2 Study sample and sampling

The target population consisted of undergraduate students from two major agricultural universities in Bangladesh:

• Bangladesh Agricultural University (BAU) and

• Bangabandhu Sheikh Mujibur Rahman Agricultural University (BSMRAU).

A total of 513 students initially participated. After excluding 19 respondents due to missing or illogical data, 494 valid responses were retained for analysis. Of these, 52% were female and 48% male, with an average age of approximately 24 years. To encourage participation, one randomly selected respondent received a token gift.



2.3 Measurement tools

A compact and structured questionnaire was designed to guide data collection. The survey instrument comprised ten sections covering:

• Socio-economic characteristics (age, sex, education, household size, monthly income).

• COVID-19 vaccination status.

• Impacts of COVID-19 on mental health, including anxiety about job prospects, academic lag, and lack of recreation.

The questionnaire was developed through a literature review, followed by informal discussions with experts, teachers, and researchers. Responses were measured using a five-point Likert scale (1 = strongly disagree, 5 = strongly agree), following Rezaei et al. (2020).



2.4 Data collection

Data were collected entirely online due to pandemic restrictions via Google Forms through various official channels of the university, including email and social media-based online study groups. Data collection took place during the third wave of the coronavirus pandemic in Bangladesh when the Omicron variant was spreading rapidly and COVID-19 infections were rising nationwide (Rahman, 2022). The online survey was conducted from February 8 to February 24, 2022. This period coincided with the final evaluation phase of university courses, making it an appropriate time to conduct the study. During this time, students were able to reflect on the unusual academic year and evaluate their courses in-depth as well as assess the potential effects of the third wave. Due to the disruptions and uncertainty caused by the pandemic, university students worldwide experienced increased anxiety about their future job placements (Campoverde and Tornero, 2021). Before participation, students provided informed consent through the survey platform. The online mode ensured safety, accessibility, and broad reach among the student population.



2.5 Pathway design

The conceptual pathway of this study was designed to examine the psychological stress of students and its associated factors. Drawing on prior research, we hypothesized that financial hardship, academic lag, lack of recreation, relationship complications, poor internet connectivity, and fear of joblessness contribute significantly to psychological stress. This pathway was structured based on the combined evidence from ElTohamy et al. (2022), Islam and Inan (2021), Khan et al. (2020), van der Heide et al. (2020), Azlan et al. (2020), and Liu et al. (2021).



2.6 Statistical analysis

Structural equation modeling (SEM) is a powerful multivariate analytical technique that helps identify underlying constructs and their relationships from observational data. This approach is used to test the hypotheses of the study. There are two main types of SEM techniques—variance-based and covariance-based (CB). The Partial Least Squares (PLS) component-based algorithm is a widely used software application employed in several multi-disciplinary studies. While CB-SEM is more confirmatory, variance-based SEM (PLS-SEM) is more flexible, accommodating assumptions related to sample size, data normality, and the number of indicators. The study follows the two-step approach proposed by Anderson and Gerbing (1988). First, the measurement model is evaluated through reliability and validity analysis. Next, the structural model is analyzed by estimating path coefficients and assessing the significance of the path relationships. SmartPLS version 3.2.4 was used to evaluate the significance of factor loadings and path coefficients. To ensure robustness, we first conducted multiple linear regression as a preliminary step before applying for PLS-SEM. This provided an initial assessment of the relative influence of psychological and socio-demographic factors on psychological stress and confirmed that all selected predictors had substantial effects on the dependent variable, justifying their inclusion in the structural model.

Findings from both approaches were largely consistent: financial hardship, academic lagging, lack of recreation, and relationship complications significantly influenced psychological stress. The only divergence concerned poor internet activity, which was significant in the regression analysis but not modeled as a direct predictor in PLS-SEM due to a lack of theoretical justification. Instead, PLS-SEM revealed its indirect influence through academic lagging and lack of recreation. The consistency across methods strengthens the robustness and validity of our findings.



2.7 Robustness checks in PLS-SEM

The dataset for this study was initially examined using the observational method (mean ± 3 standard deviations) to identify any extreme observations or outliers. No such outliers were detected.

The robustness check in PLS-SEM is outlined below.


2.7.1 Non-linear effects

To determine whether significant nonlinear relationships exist between constructs, this study employed a two-stage approach to measure quadratic effects. This two-stage approach was initially suggested by Chin et al. (2003).

In the first stage, the main effect PLS path model was run to obtain estimates for the latent variable scores. These scores were then calculated and saved for further analysis.

In the second stage, a quadratic term was created as the element-wise product of the latent variable scores of the exogenous variable. The latent variable scores, along with the quadratic terms, were used as independent variables in a multiple linear regression model to explain the latent variable scores of the endogenous variable.

As shown in Table 1, all the quadratic effects were found to be insignificant, indicating that there is no significant non-linear relationship between the constructs. The effect size of the quadratic effect (f2) also yielded similar results.

TABLE 1 Assessment of non-linear effects.


	Path
	Coefficient
	P-value
	f2





	QE_FHonPS
	0.061
	0.105
	0.005



	QE_LAonPS
	−0.024
	0.379
	0.002



	QE_LoRonPS
	0.023
	0.455
	0.001



	QE_PIConLA
	0.0001
	0.994
	0.000



	QE_PIConLoR
	0.041
	0.276
	0.003



	QE_RConFH
	−0.05
	0.254
	0.004



	QE_RConPS
	−0.063
	0.107
	0.005



The quadratic effects were assessed using a two-tailed percentile bootstrapping test at a 5% confidence level; QE, the quadratic effect.





2.7.2 Unobserved heterogeneity

To assess the unobserved heterogeneity, the FIMIX-PLS procedure was applied to the data. The minimum sample size required to estimate each segment was first calculated to determine the maximum number of segments to extract. For this study, the minimum sample size for PLS-SEM was found to be 70.

Thus, the data were divided into four segments. Both AIC3 and CAIC indicated the same number of segments. According to Sarstedt et al. (2011), when AIC3 and CAIC suggest the same number of segments, the results are likely to reflect the appropriate number of segments. In this study, both AIC3 and CAIC pointed to a two-segment solution (Table 2). AIC4 and Bayesian information criteria (BIC) generally perform well in determining the number of segments in FIMIX-PLS. Both criteria also suggested a two-segment solution, which was found to be densely clustered according to the EN criterion. The two-segment solution also met the minimum sample size requirements for each segment. Furthermore, the minimum description length with factor 5 (MDL5) also pointed to a two-segment solution (Table 3). Therefore, it was concluded that unobserved heterogeneity is not at a critical level.

TABLE 2 Fit indices to assess heterogeneity.


	Criteria
	Segment 1
	Segment 2
	Segment 3
	Segment 4
	Segment 5





	AIC (Akaike's Information Criterion)
	4,801.928
	4,772.349
	4,761.312
	4,757.672
	4,752.74



	AIC3 (Modified AIC with Factor 3)
	4,812.928
	4,795.349
	4,796.312
	4,804.672
	4,811.74



	AIC4 (Modified AIC with Factor 4)
	4,823.928
	4,818.349
	4,831.312
	4,851.672
	4,870.74



	BIC (Bayesian Information Criteria)
	4,867.467
	4,847.419
	4,906.057
	4,952.044
	4,996.738



	CAIC (Consistent AIC)
	4,890.467
	4,858.419
	4,941.057
	4,999.044
	5,055.738



	HQ (Hannan Quinn Criterion)
	4,819.838
	4,809.798
	4,818.299
	4,834.198
	4,848.804



	MDL5 (Minimum Description Length with Factor 5)
	5,431.939
	5,117.384
	5,765.036
	6,105.53
	6,444.731



	LnL (LogLikelihood)
	−2,389.96
	−2,363.18
	−2,345.66
	−2,331.84
	–2,317.37



	EN (Entropy Statistic (Normed))
	N/A
	0.568
	0.454
	0.491
	0.542



	NFI (Non-Fuzzy Index)
	N/A
	0.581
	0.449
	0.458
	0.502



	NEC (Normalized Entropy Criterion)
	N/A
	211.726
	252.078
	235.079
	199.407



N/A, not available; the numbers in bold indicate the best outcome for each segment retention criterion.



TABLE 3 Relative segment sizes.


	No. of segments
	1
	2
	3
	4
	5





	1
	1.000
	
	
	
	



	2
	0.784
	0.216
	
	
	



	3
	0.686
	0.171
	0.143
	
	



	4
	0.545
	0.228
	0.129
	0.097
	



	5
	0.337
	0.225
	0.210
	0.123
	0.105









3 Result and discussion


3.1 Socio-demographic profile of the respondents

Table 4 presents data on various demographic variables of the respondents, including age, gender, average household size, level of study, marital status, number of earning members, salary status, and income. The mean age of the group is 23.9, with 46.11% male and 53.89% female. The average household size is 5.06.

TABLE 4 Socio-economic profile of the respondents.


	Variables
	Description
	Frequency/mean
	Percent





	Age (years)
	
	23.90
	-



	Gender
	Male
	213
	46.11

 
	Female
	249
	53.89



	Average household size
	
	5.060
	-



	Level of study
	Level 1 (First year)
	179
	38.74

 
	Level 2 (Second year)
	121
	26.19

 
	Level 3 (Third year)
	70
	15.15

 
	Level 4 & 5 (Final year)
	92
	19.92



	Marital status
	Unmarried
	429
	92.88

 
	Married
	33
	7.12



	Earning member
	
	1.25
	-



	Salary status
	Regular
	251
	54.33

 
	Irregular
	211
	45.67



	Income
	Household's monthly income
	34,144
	-





The respondents' level of study is categorized into four groups: 38.74% are in their first year, 26.19% are in their second year, 15.15% are in their third year, and 19.92% are in their final year. The majority of the group (92.88%) are unmarried, while 7.12% are married. On average, there are 1.25 earning members per household. In terms of salary status, 54.33% of the respondents have a regular salary, while 45.67% have an irregular salary. The average monthly household income is 34,144 BDT.



3.2 Factors influencing the psychological stress of the students

A multiple linear regression analysis was conducted with psychological stress as the dependent variable and socio-economic and psychological factors as independent variables. The results, shown in Table 5, reveal that psychological stress factors have a greater influence on psychological stress than socio-economic factors. Except for fear of joblessness, all psychological factors- such as lagging academically, financial hardship, lack of recreation, and relationship complications—are significant at the 1% level of significance. Poor internet connectivity, which is significant at the 5% level, was also found to contribute significantly to psychological stress.

TABLE 5 Result of multiple linear regression.


	Explanatory variables
	Estimated coefficients
	t-value
	p-value





	Age
	0.013
	0.356
	0.722



	Gender
	−0.064
	−0.868
	0.386



	Marital status
	−0.047
	−0.309
	0.758



	Level of study
	0.038
	0.999
	0.318



	Household size
	0.006
	0.319
	0.749



	Earning member
	−0.039
	−0.669
	0.504



	Irregular salary
	0.067
	0.831
	0.406



	Monthly income
	0.047
	0.922
	0.347



	Lagging academically
	0.238***
	4.671
	0.000



	Financial hardship
	0.172***
	4.093
	0.000



	Lack of recreation
	0.187***
	3.965
	0.000



	Relationship complication
	0.207***
	5.362
	0.000



	Poor internet connectivity
	0.126***
	2.581
	0.010



	Fear of joblessness
	0.023
	0.523
	0.601



	R2
	0.473
	
	



	Adjusted R2
	0.452
	
	



	Observation
	462
	
	



*** indicates the significance at the 5% level.



The assessment guidelines are summarized in Table 6, based on several relevant studies (Henseler et al., 2015; Ting et al., 2015). For the reflective measurement model, the outer loadings should be greater than 0.6 and the constructs should be correlated with each other (as shown in Supplementary Table 1). In this study, the constructs for the reflective measurement model were tested for both reliability and validity.

TABLE 6 Construct internal consistency, reliability and validity.


	Factor
	Notation
	Items
	Factor loading
	Composite reliability (CR)
	Cronbach's alpha
	AVE





	Psychological Stress
	PS1
	I suffer from a lack of mindfulness.
	0.732
	0.817
	0.812
	0.506

 
	PS2
	I have become disinterested in activities which I used to be highly interested in.
	0.711

 
	PS3
	Most times, I remain in a depressed mood.
	0.712

 
	PS4
	I feel I am less worthy.
	0.693

 
	PS5
	I suffer from inadequate sleep (less than 7 h).
	0.664

 
	PS6
	Recently I have eaten more or less than the previous
	0.696



	Lagging academically
	LA1
	I am afraid that completion of my undergraduate may take more time and I may lag behind
	0.674
	0.706
	0.809
	0.489

 
	LA2
	I may not be able to enroll in post-graduation since I will invest my time in preparing for a job.
	0.686

 
	LA3
	I may not be able to get any scholarship to pursue higher studies abroad.
	0.611

 
	LA4
	I am worried that I may not be able to perform in online exams as well as in-person ones.
	0.625



	Financial hardship
	FH1
	During the pandemic, my parents struggled to provide me with monthly financial support.
	0.696
	0.827
	0.828
	0.517

 
	FH2
	Due to the recent price hike, I struggle to run my regular expenses.
	0.821

 
	FH3
	The household income of my family has reduced during the COVID-19 pandemic.
	0.694

 
	FH4
	I lost my job (tuition/part-time) during this time
	0.610

 
	FH5
	I am worried about losing my job (tuition/part-time) because of Omicron.
	0.669



	Lack of recreation
	LoR1
	I feel contained due to the social distancing and COVID-related restrictions.
	0.666
	0.697
	0.758
	0.492

 
	LoR2
	I miss meeting my friends in person.
	0.597

 
	LoR3
	I do not attend any social gatherings and celebrations.
	0.613



	Relationship complication
	RC1
	My parents want to marry me off after I complete my undergrad.
	0.611
	0.755
	0.769
	0.501

 
	RC2
	Due to the current pandemic-related restrictions and financial hardship, I struggle to maintain personal relationships
	0.674

 
	RC3
	The attitude of my family members toward me is less positive these days.
	0.706



	Poor internet connectivity
	PIC1
	I suffer from a poor internet connection in my living room
	0.613
	0.783
	0.832
	0.485

 
	PIC2
	I cannot afford a high-speed internet connection.
	0.674

 
	PIC3
	I do not have a well-equipped smartphone to take part in online sessions.
	0.706

 
	PIC4
	I feel attending online sessions is more complicated compared to in-person learning
	0.775





Following the approaches of Hair et al. (2017) and Henseler et al. (2015), all reflective constructs (Intention, Attitude, and Relative Advantage) were analyzed to assess their reliability and validity. Internal consistency was evaluated using composite reliability and Cronbach's alpha. Convergent validity was measured by assessing the Average Variance Extracted (AVE) and outer factor loadings of the indicators. Table 6 presents the constructs with acceptable values for factor loadings, composite reliability (CR), Cronbach's alpha, and AVE. The results in Table 6 show that the composite reliability and Cronbach's alpha for all constructs exceed the minimum acceptable level of 0.70, indicating the reliability of the constructs.

The Fornell-Larcker Criterion, Henseler's heterotrait-monotrait (HTMT) criterion were used to evaluate discriminant validity and the results are presented in Tables 7, 8. The results for cross-loadings and the multicollinearity test are presented in Supplementary Tables 2, 3. In the measurement model, all constructs are distinctively different, as indicated by the Fornell-Lacker criterion (Table 7, in bold), where the square root of the AVE is higher than the correlation values. According to Henseler's HTMT criterion (Table 8), all constructs are different from each other, with a threshold value of 0.90 (Henseler et al., 2015). Therefore, there are no discriminant validity issues in the measurement model. Another assessment of discriminant validity involves the cross-loading values of reflective constructs' items. The constructs for the reflective measurement model were assessed for both reliability and validity in this study.

TABLE 7 Discriminant validity (Fornell-Larcker criterion).


	Construct
	FH
	LA
	LoR
	PIC
	PS
	RC





	FH
	0.701
	
	
	
	
	



	LA
	0.365
	0.631
	
	
	
	



	LoR
	0.434
	0.447
	0.609
	
	
	



	PIC
	0.535
	0.422
	0.552
	0.567
	
	



	PS
	0.439
	0.442
	0.595
	0.397
	0.670
	



	RC
	0.582
	0.407
	0.558
	0.447
	0.656
	0.761





TABLE 8 Heterotrait-Monotrait ratio (HTMT).


	Construct
	FH
	LA
	LoR
	PIC
	PS





	LA
	0.348
	
	
	
	



	LoR
	0.426
	0.653
	
	
	



	PIC
	0.673
	0.542
	0.559
	
	



	PS
	0.446
	0.522
	0.619
	0.391
	



	RC
	0.552
	0.516
	0.607
	0.444
	0.667







3.3 Assessment of structural model

Before evaluating the structural model, multicollinearity within the inner model was checked, and the results are presented in Supplementary Table 3. The findings indicated that there is no multicollinearity issue as VIF values are below the threshold of 3.3 (Kock, 2012).

The assessment of the structural model was carried out to examine the relationships between the latent variables using four key criteria: coefficient of determination (R2), effect size (f2), predictive relevance (Q2) and path coefficients (Table 9). Once the reliability and validity of the latent variables were confirmed, hypothesis testing was conducted. To evaluate the significance of the path coefficients, a bootstrapping procedure with 5,000 sub-samples was performed, providing a robust test of the model's relationship. The guidelines used for evaluating the structural model are summarized in Supplementary Table 4.

TABLE 9 Summary of effect size (f2), and coefficient of determination (R2).


	Constructs
	FH (f2)
	LA (f2)
	LoR (f2)
	(f2)
	Effect size
	Predictive relevance (Q2)
	R Square (R2)





	FH → PS
	
	
	
	0.051
	Small
	0.105
	0.339



	LA → PS
	
	
	
	0.145
	Medium
	0.064
	0.386



	LoR → PS
	
	
	
	0.103
	Small
	0.070
	0.356



	PIC → LA
 PIC → LoR
	
	0.579 (Large effect)
	0.498 (Large effect)
	
	
	
	



	PS
	
	
	
	
	
	0.188
	0.575



	RC → FH
	0.481 (Large effect)
	
	
	0.311
	Medium
	
	





The coefficient of determination (R2) explains the predictive accuracy and overall quality of a PLS model. It indicates how well the model‘s independent variables (latest constructs) explain the variance in the dependent variable (endogenous constructs). Table 9 shows that the value of R2 was 0.339 for FH, 0.386 for LA and 0.356 for LoR. These R2 values suggest that the model has moderate explanatory power, as an R2 value of 0.575 for PS indicates that a significant portion of the variance in PS can be explained by the independent variables in the model. Hair et al. (2017) indicated that R2 alone is not a sufficient measure of model quality.

Therefore, to evaluate the predictive relevance of the structural model, Stone (1974) introduced Q2. Latent exogenous constructs in the structural model have predictive relevance if the value of Q2 is greater than zero (Chin, 2010). The Q2 values are greater than zero (Q2 = 0.105, Q2 = 0.064, Q2 = 0.70 and Q2 = 0.188, respectively), indicating that the endogenous constructs possess adequate predictive relevance.

The effect size (f2) indicates how much an exogenous variable contributes to R2 value of an endogenous variable (Wong, 2013). The results reveal that relationship complications are the strongest predictor of psychological stress, as it has the largest effect size.

The results of the path coefficients, using a bootstrapping procedure with sub-samples of 5,000 cases for the hypothesized relationships, are presented in Table 10. The results show that RC (β = 0.413; t = 3.732; p = 0.000) has the most significant positive impact on psychological stress. Additionally, the relationship between FH and PS (β = 0.114; t = 2.101; p = 0.024); LA and PS (β = 0.286; t = 2.568; p = 0.010); LoR and PS (β = 0.114; t = 2.101; p = 0.024) being positive and significant. On the other hand, PIC has a significant effect on LA (β = 0.622; t = 10.157; p = 0.000), PIC and LoR are also significantly correlated (β = 0.596; t = 9.010; p = 0.000). The relationship between RC and FH is positive and significant (β = 0.582; t = 10.083; p = 0.000).

TABLE 10 Estimated path coefficient of the proposed model.


	Relationship
	Std. β
	Std. error
	t-value
	p-value





	FH → PS
	0.114*
	0.054
	2.101
	0.024



	LA → PS
	0.286*
	0.111
	2.568
	0.010



	LoR → PS
	0.118*
	0.063
	1.875
	0.032



	PIC → LA
	0.622**
	0.061
	10.157
	0.000



	PIC → LoR
	0.596**
	0.066
	9.014
	0.000



	RC → FH
	0.582**
	0.058
	10.083
	0.000



	RC → PS
	0.413**
	0.111
	3.732
	0.000



*5% significance level.

**1% significance level.



The finding regarding relationship problems and psychological stress can be attributed to the fact that, during the peak of the pandemic, lockdown restrictions limited movement, which reduced personal intimacy and triggered psychological distress (ElTohamy et al., 2022). Furthermore, financial stress was shown to exacerbate psychological stress. It should be noted that in Bangladesh, university students have fewer opportunities to work part-time, and their educational expenses are primarily borne by their parents. As COVID-19 hit, many parents either lost their jobs or had their salaries reduced. As a result, this created uncertainty regarding both their earnings and educational enrollment, further contributing to mental stress. Our findings are consistent with those of Alzwain et al. (2021), who reported that US medical students experiencing financial hardship were more psychologically stressed. Next, academic lag was identified as a significant psychological stressor. Although the world has adjusted to the new normal, educational institutions in Bangladesh are still 1 to 1.5 years behind regular schedules. As a result of this significant educational gap, university students face additional stress due to delays in their graduation process. Cielo et al. (2021) claimed that academic delays have worsened mental health outcomes among youth globally. Moreover, our findings suggest that a lack of recreational activities plays a role in causing psychological stress. COVID-19 has reduced recreational facilities due to movement restrictions, and people's earnings have also dropped significantly, making recreational activities a luxury for many. Siani and Marley (2021) showed that promoting virtual and physical recreational activities could help restore wellbeing during the pandemic. Additionally, our study presents a novel finding that poor internet connectivity directly impacts psychological stress. In today's world, the internet is essential, especially for youth. During the lockdown, the internet was the primary means for youth to utilize their time and engage in recreation. As such, a weak internet connection could disrupt their recreation and important tasks, leading to mental stress. Semo and Frissa (2020) asserted that limited internet connectivity and low digital literacy hinder access to online mental health services. Therefore, poor internet connections reduce access to services that are crucial for leading a normal life, and a lack of these services can contribute to mental distress.

Although we assumed that fear of joblessness would be a significant driver of psychological stress, our findings contradicted this notion. This could be because our study focused only on undergraduate students, most of whom have not yet entered the workforce. As they are not professionals yet, they are less likely to experience a fear of joblessness, which, in turn, has no direct relation to their mental stress. In addition, students may anticipate future employment but are often more immediately focused with academic performance, examinations, or skill development, which can overshadow job-related stress during their studies. Strong cultural and familial support networks in Bangladesh may also provide a safety net, reducing immediate anxiety about unemployment. Furthermore, students in agricultural universities may perceive their career prospects as relatively stable due to consistent demand for agricultural expertise. Taken together, these factors may help explain why job insecurity was not a significant source of stress in our sample.

However, this study has some limitations. First the sample was drawn from only two leading agricultural universities in Bangladesh, which may limit the generalizability of the findings to students in other disciplines or institutions. Future research should include a more diverse range of universities to capture broader perspectives on psychological stress during such health emergencies worldwide. Second, because this study employed a cross-sectional design, it can only identify associations rather than establish causal relationships. Future research using longitudinal or experimental approaches would therefore be necessary to draw causal inferences. Third, although most constructs demonstrated acceptable levels of reliability and validity, Relationship Complications, Poor Internet Connectivity, and Lack of Recreation were measured with relatively few indicators and modest factor loadings (slightly below 0.65). While these values are within the acceptable range for exploratory research in emerging contexts (Hair et al., 2011), they may limit measurement precision. These constructs were retained because they are theoretically central to the research model and provide meaningful insights into students' stress. Future research could refine these constructs them with additional items to enhance robustness and extend the framework by incorporating other relevant factors, such as public stigma related to COVID-19, which has been shown to contribute to stress and depression among students (Siewchaisakul et al., 2025).

Additionally, this study reports coefficients with their associated t- and p-values, which are standard in regression and PLS-SEM applications. Nevertheless, we recognize that presenting confidence intervals could add further clarity and interpretive depth. Future studies may therefore incorporate confidence intervals alongside coefficient estimates to strengthen both the robustness and transparency of reporting.




4 Conclusion

The COVID-19 pandemic has negatively impacted students‘ education, as well as their health, economy, and social relationships. Social isolation, quarantine, and the closure of educational institutions have all significantly affected students' academic learning. Many educational institutions in developing countries were forced to close due to a lack of logistics and technical support. The Omicron variant further exacerbated the situation by leading to the closure of additional educational institutions. Concerns about students' wellbeing during the pandemic prompted this study. This study adapted basic concepts to create a framework for understanding the psychological stress experienced by university students in Bangladesh during the third wave of the pandemic. Psychological stress was found to be caused by financial hardship, academic lag, poor internet connectivity, a lack of recreation, and relationship complications. Our study provides a comprehensive picture of university students' mental health and wellbeing in Bangladesh. The government and relevant authorities can draw lessons from our findings to shape their response to external shocks like COVID-19, both now and in the future.
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