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ABSTRACT 
 
 

Introduction Social mobility remains to be an essential component in sociology-based 
analyses of social inequalities. While the Health Belief Model (HBM) has been 
extensively used for the analysis of health seeking behavior, it takes 
socioeconomic position of people for granted and does not consider that 
individuals can change their position on the socioeconomic ladder. Such 
limitations become especially important when analyzing health-related 
decisions of people in rapidly growing urban environments such as Dhaka, 
because changes in the socioeconomic environment could potentially affect the 
relationship between perceptions of health and real-life behaviors. Besides, 
most of the applications of the HBM model do not provide an explanation for 
the difference between perceptions of the risk and preventive actions 
undertaken, which could be seen in cases related to the COVID-19 pandemic. 
That is why the present research reexamines HBM and considers SES mobility 
as one of the main predictors for the gap between the Perception Gap Index 
(PGI) and the Preventive Behavior Gap Index (PBGI). 

Methods Utilizing explanatory sequential mixed method approach, this research 
combines surveys with case studies of individuals who live in slums and non-
slums areas in Dhaka North City. The current study analyzes the impact of 
intragenerational socio-economic mobility on health perception and the gap in 
preventive behaviors towards COVID-19 in Bangladesh. 

Results From the findings, it can be concluded that an increase in socio-economic 
status has a positive impact on health perception and preventive behavior 
adoption, while a decrease in socio-economic status has a negative impact. 

Conclusions The implications of the study include a call for deliberate policy interventions 
to mitigate socioeconomic disparities and provide equal access to health 
prevention resources. 

Keywords Social mobility; Socioeconomic status; Perceptual disparities; COVID-19 
pandemic 
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INTRODUCTION 
Globally, COVID-19 pandemic has presented a 
significant health issue that varies in  
infection and mortality rates.1 Similarly, 
Bangladesh’s Institute of Epidemiology, Disease 
Control and Research (IEDCR) reports that social 
and demographic factors such as urban and rural 
areas divides, socioeconomic challenges, disparities 
in educational levels, gender inequality, housing and 
living arrangements, increase the country’s chances 
of vulnerability to COVID-19.2 The country's large 
and dense population exacerbates the risk of 
COVID-19 transmission due to limited healthcare 
infrastructure, and inadequate access to resources.3  

Knowledge, attitudes, and demographic 
variables largely influence individuals’ engagement 
in COVID-19 preventive behaviors (Ferdous & 
Hossain). Research indicates that male gender, 
being married, using drugs/alcohol, living in a rural 
area vs. an urban area, and not having completed 
high school, all negatively impact individuals' 
engagement with COVID-19 prevention activities.3 
Further to this, SES is a major determinant of health 
behaviours; low SES individuals generally have 
more barriers to accessing healthcare services, 
preventative service and health-related 
information.4,5  

The Health Belief Model (HBM) is widely 
applied to explain preventable health behaviors, 
grounded in the core assumptions of the model. 
However, when looking at how the HBM has been 
connected to preventable health behaviors in 
Bangladesh, the use of the HBM has potential 
limitations when you consider that the HBM 
primarily focuses on individual level variables while 
neglecting more global sociological and structural 
variable.6,7 The HBM suggests that preventive 
health behaviors are influenced by one’s perception 
of disease risk and severity, the potential benefits of 
preventive measures, and the perceived barriers to 
taking action.8 The fair evaluation of the HBM must 
also include consideration of Socioeconomic and 
Environmental factors because they have a major 
impact on health behavior; especially when looking 
at low-income countries like Bangladesh. 

This study examines the extent to which the 
Health Belief Model accounts for COVID-19 
preventive practices in Bangladesh by integrating 
socioeconomic status as a key explanatory 
dimension.4 By attempting to combine perceptions 
of individuals with the larger social and/or structural 
conditions that lead to behavioral variation 
throughout a population, this study finds a 
connection between the two levels of analysis; 
namely, how individual belief systems work 
together with social and structural conditions to 
create differences in the way people behave. 
 

Theoretical Framework 
Health Belief Model (HBM) 
The Health Belief Model frequently provides a 
theoretical lens in scholarly studies to help 
understand why individuals should adopt or avoid 
preventive health behaviors and factors that 
influence health-related decisions. Instead of 
treating behavior as unpredictable, the Health Belief 
Model highlights how individuals interpret health 
risks, including how vulnerable they feel, how 
serious they perceive a condition to be, and the 
expected benefits and barriers of preventive 
actions.9,10 Moreover, this model also describes 
external cues and an individual's ability to act as 
being important factors that will influence an 
individual’s decision-making about health-related 
matters.7,11  

While this HBM model, has been an 
important contributor to the research into health 
behavior, and it has been widely criticized for its 
limited attention to the broader structure of an 
individual’s life; sociodemographic, 
sociopsychological and structural factors can also 
contribute significantly to an individual’s 
perceptions and behaviors but are often seen as 
secondary or tertiary components.9,12  

In response to these limitations of the 
HBM, this study presents a modified HBM 
framework that includes key socioeconomic 
components drawn from the SES index of Blau et al. 
(1967).13 This integration offers a more 
comprehensive and context-sensitive history of 
health behavior, particularly in socially stratified 
settings like Bangladesh.  
 
Model Specification 
In this study, we developed a conceptual framework 
outlining the Preventive Behavior Gap Index 
(PBGI) as it relates to COVID-19, with the 
hypothesized relationships illustrated in Figure 1 
model. To better explain variations in health 
behaviors between dwellers living in slum versus 
non-slum areas of Dhaka city, the given conceptual 
model was expanded to include additional 
environmental and socioeconomic factors that shape 
individuals’ preventive health actions and access to 
care. 

In Figure 1, SES refers to socioeconomic 
status. The Mobility Index (MOBIN) was derived 
from multiple factors, including educational level, 
type of occupation, and income. PGI denotes the 
Perception Gap Index, whereas PBGI represents the 
Preventive Behavior Gap Index. EDUs and EDUns 
correspond to the educational attainment of 
residents in slum and non-slum areas, respectively. 
Similarly, OCCs and OCCns indicate occupational 
categories, and INCs and INCns reflect monthly 
income levels for slum and non-slum populations. 
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Figure 1 Hypothetical model of slum and non-slum populations regarding COVID-19 
 
METHODS 
Study Design and Variable Measurement 
This study was conducted using an explanatory 
sequential mixed-methods approach, implemented 
in two distinct phases. In the initial, qualitative 
phase a pilot survey was adopted to carry out 
confirmatory factor analysis, and assess the 
measurement properties of the instruments, 
including internal consistency, reliability, and 
validity. In the second, quantitative phase data were 
collected from a separate group of participants using 
a structured questionnaire, ensuring participants 
who had taken part in the pilot testing were not 
included in the final data collection to avoid 
duplication and potential bias. In order to evaluate 
the proposed measurement models, four core 
constructs related to COVID-19 will be examined: 
socioeconomic status (SES); mobility index 
(MOBIN); perceived general effect (PGE); and 
perceived behavioral general effect (PBG). 
Socioeconomic status (SES), reflected through 
educational attainment, occupational category, and 
income level, was used to develop the Mobility 
Index (MOBIN). This index was then applied to 
examine variations in the Perception Gap Index 
(PGI) and the Preventive Behavior Gap Index 
(PBGI) between slum and non-slum dwellers within 
the study area. Although demographic information 
was collected to describe respondent characteristics, 
these variables were excluded from the 
hypothesized model due to their lack of significance 
in the pre-test survey. SES referred to as a mixed 

measure utilized both in slum and non-slum 
populations based on an indexed measure made by 
adding together education, occupation and income. 
Educational attainment was measured using a seven-
point ordinal scale: (1) below Junior School 
Certificate (JSC), including respondents with no 
formal education; (2) Secondary School Certificate 
(SSC); (3) Higher Secondary Certificate (HSC); (4) 
bachelor’s degree; (5) master’s degree; (6) MPhil; 
and (7) PhD or higher. Through one perspective, 
occupation has been defined as the levels of jobs 
obtained through the Quarterly Labor Force Survey 
(QLFS) 2017 and modifying these levels based on 
the rank score of that particular level and other levels 
outside the rank score. For the analysis, occupational 
categories were assigned numerical codes as 
follows: 1. Inferior Occupation, 2. Elementary 
Occupations, 3. Plant and Machine Operators and 
Assemblers, 4. Craft and Related Trades Workers, 5. 
Skilled Agricultural, Forestry, and Fisheries 
Workers, 6. Service and Sales Workers, 7. Clerical 
Support Workers, 8. Technicians and Associate 
Professionals, 9. Professionals, and 10. Managers. 
Monthly income levels were similarly coded: less 
than 10,000 = 1, 10,001-30,000 = 2, 30,001-50,000 
= 3, and above 50,000 = 4. The mobility index for 
non-slum relative to slum populations (MOBnss) 
was calculated using participants’ education, 
occupation, and income in SPSS (v25), and the 
resulting values were integrated into SmartPLS 
(v3.3) as the MOBIN: 
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MOBnss= 
(EDUns/EDUs)*(OCCns/OCCs)*(INCns/INCs)*(1

/3) (1) 
 

Using the aforementioned formula, the 
perception gap index for non-slum and slum 
populations (PGInss) was calculated based on five 
dimensions: Perceived susceptibility (SUSns for 
non-slum respondents; SUSs for slum respondents), 
perceived severity (SEVns and SEVs), perceived 
benefits (BENns and BENs), perceived barriers 
(BARns and BARs), and perceived self-efficacy 
(EFFns and EFFs) were included as key constructs 
in the model. All constructs, with the exception of 
perceived barriers, were measured using a five-point 
Likert-type scale: 1 = Strongly disagree, 2 = 
Disagree, 3 = Neutral, 4 = Agree, and 5 = Strongly 
agree. On the other hand, the codes and scores of 
perceived barriers were reversal considering the 
negative action. For perceived barriers, the coding 
was reversed to reflect the negative connotation of 
higher values. The PGInss values were calculated 
using SPSS software and subsequently imported 
into SmartPLS for analysis as the PGI variable (Eq. 
2).  
 

PGInss= 
(SUSns/SUSs)SEVns/SEVs)BENns/BENs)BARns/

BARs)EFFns/ effs)1/5) (2) 
 

On the same vein, the PBGInss on COVID-
19 was obtained in SPSS and coupled with Smart 
PLS under the name Similarly, the Preventive 
Behavior Gap Index (PBGI) related to COVID-19 
was computed using SPSS and integrated with 
SmartPLS for structural analysis. The PBGI was 
derived from ten behavioral indicators, including: 
PBat: frequency of avoiding touching eyes, nose, or 
mouth; PBbe: adherence to covering coughs and 
sneezes with the elbow or a tissue; PBdh: regular 
disinfection of home environments; PBfm: use of 
facial masks in public spaces; PBhg (frequency of 
wearing hand gloves) was included as one of the ten 
indicators used to construct the COVID-19 
Preventive Behavior Gap Index (PBGI). All ten 
PBGI items were assessed using a five-point Likert-
type scale, with higher scores reflecting greater 
adherence to the preventive behaviors and scored as: 
1 = Strongly disagree, 2 = Disagree, 3 = Neutral, 4 
= Agree, and 5 = Strongly agree. The PBGI values 
for non-slum respondents were first calculated using 
SPSS and subsequently imported into SmartPLS for 
structural analysis (Eq. 3).  
 
PBGInss=(FMns/FMs)(HSns/HSs)(SDns/SDs)(HV
ns/HVs)(DHns/DHs)(SHns/SHs)(HGns/HGs)(ATn

s/ATs)(HQns/HQs)(ETns/ETs)*(1/10) (3) 
 
The third phase of the study employed a qualitative 
approach to identify additional factors influencing 

preventive behaviors among slum and non-slum 
populations in Bangladesh in the context of COVID-
19. To achieve this, 20 Key Informant Interviews 
(KIIs) were conducted, with an equal split of 10 
participants from slum communities and 10 from 
non-slum communities. 
 
Sampling Method, and Sample Size and Data 
Collection 
The study utilized non-probability purposive 
sampling to select respondents who could provide 
relevant information aligned with the research 
objectives. Accordingly, one hundred were from 
slum and one hundred were from non-slum 
communities. Mirpur was selected for the study 
because it has both disadvantaged and relatively 
affluent populations within the same geographic 
area. The non-slum respondents came from the 
affluent Mirpur DOHS area, while the respondents 
from the slums came from five different slum 
settlements that were identified as being at high risk 
for COVID-19 during the study; including Mirpur 7- 
Jhilpar Slum, Mirpur 11- Kalshi Slum, Mirpur 12- 
Alubdi Slum, the settlement adjacent to Mirpur 
DOHS, and Takerhat Slum.  

Previous research using Smart PLS for 
structural equation modeling has indicated that a 
sample size between 100 and 200 is generally 
sufficient for initiating path analysis.12 In line with 
this guideline, this study included 200 participants 
(including 100 slum dwellers and 100 non-slum 
dwellers) from affluent families. A structured 
systematic sample size calculation was not 
conducted because the study utilized a purposive 
sampling strategy. 

To ensure a thorough and rigorous 
empirical study, a pre-test survey was carried out 
with 20 respondents, with an equal number of 
participants from each group, comprising 10 
individuals from slum communities and 10 from 
non-slum, affluent households, while these 
respondents were excluded from the main study. 
During the study, appropriate sampling methods 
were used to reduce sampling errors as much as 
possible. All interviews were carried out by a team 
of trained data collectors who briefed participants on 
the purpose and significance of the study. The 
interviews were conducted carefully and attentively, 
such that the respondents were not engaged in any 
personal or irrelevant conversations by the data 
collectors. The study was conducted strictly 
according to the set protocols for data collection and 
ethical considerations for human subjects' research. 
Additionally, within the explanatory sequential 
mixed-methods, 20 Key Informant Interviews (KIIs) 
were carried out, comprising 10 interviews with 
participants from slum dwellers and another 10 
conducted among non-slum dwellers.  
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RESULT 
The sample selected for the study followed a trend 
of having more people with different educational 
backgrounds, occupations, income levels, etc. The 
sociodemographic and socioeconomic 
characteristics of the respondents are summarized in 
Table 1. In terms of demographic traits, about 50% 
of participants were from slums, and approximately 
40% were from non-slum communities, which 

belong to the oldest bracket (above 40). In terms of 
gender, one out of every five (50) respondents are 
female, and the other half (50) is male between the 
two types of respondents. Based on ethnicity, the 
majority of respondents were Bengali, representing 
96% of participants in slum areas and 90% in non-
slum areas. In terms of religion, most respondents 
were Muslim, accounting for 87% in slum 
communities and 92% in non-slum communities.  

 
Table 1 Sociodemographic and Socioeconomic Characteristics of Respondents 
 

Variables Categories Slum n (%) Non-Slum n (%) 
Age (years) 31–35 17 (17.0) 18 (18.0)  

36–40 35 (35.0) 43 (43.0)  
>40 48 (48.0) 39 (39.0) 

Gender Female 50 (50.0) 50 (50.0)  
Male 50 (50.0) 50 (50.0) 

Ethnicity Bengali 96 (96.0) 90 (90.0)  
Others 4 (4.0) 10 (10.0) 

Religion Hindu 9 (9.0) 4 (4.0)  
Islam 87 (87.0) 92 (92.0)  
Others 4 (4.0) 4 (4.0) 

Education < PSC 77 (77.0) 0 (0.0)  
JSC 14 (14.0) 0 (0.0)  
SSC 5 (5.0) 6 (6.0)  
HSC 4 (4.0) 7 (7.0)  
Graduate 0 (0.0) 30 (30.0)  
Postgraduate 0 (0.0) 56 (56.0)  
MPhil 0 (0.0) 1 (1.0)  
PhD 0 (0.0) 0 (0.0) 

Income Category (Tk.) < 10,000 89 (89.0) 5 (5.0)  
11,000–30,000 11 (11.0) 20 (20.0)  
31,000–50,000 0 (0.0) 59 (59.0)  
> 50,000 0 (0.0) 16 (16.0) 

Occupation Inferior Occupation 47 (47.0) 6 (6.0)  
Elementary 33 (33.0) 0 (0.0)  
Plant & Machine Operators/Assemblers 20 (20.0) 0 (0.0)  
Craft & Related Trades Workers 0 (0.0) 0 (0.0)  
Skilled Agricultural, Forestry & Fisheries 0 (0.0) 5 (5.0)  
Service & Sales Workers 0 (0.0) 4 (4.0)  
Clerical Support Workers 0 (0.0) 13 (13.0)  
Technicians & Associate Professionals 0 (0.0) 16 (16.0)  
Professionals 0 (0.0) 46 (46.0)  
Managers 0 (0.0) 10 (10.0) 

Note. PSC = Primary School Certificate; JSC = Junior School Certificate; SSC = Secondary 
School Certificate; HSC = Higher Secondary Certificate; MPhil = Master of Philosophy; PhD 
= Doctor of Philosophy. Percentages are calculated within each column (slum or non-slum) 
and may not sum to exactly 100 due to rounding.  
Source: Field Study  
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Regarding socio-economic status (SES), 
77% of slum respondents had not completed the 
secondary level, which is the Junior School 
Certificate (JSC), while most non-slum respondents 
had achieved higher levels of educational degrees, 
with 56% having attained postgraduate 
qualifications and 30% holding graduate degrees. 
Occupational levels among slum respondents were 
predominantly low, while non-slum respondents 
exhibited considerably higher occupational 
mobility. In terms of income, 89% of slum residents 
earned under Tk. 10,000 ($119.04). In comparison, 
59% of non-slum residents earned between Tk. 
31,000 and Tk. 50,000 ($369.05 to $595.23), while 
22% earned between Tk. 11,000 and Tk. 30,000 
($130.95 to $357.14). To improve the rigor of the 
empirical analysis, two measurements and two 
structural models were developed to assess both 
endogenous and exogenous constructs. 

 
Measurement Model 
To assess the hypothesized model, the study 
followed a three-step procedure. First, the internal 
consistency of the exogenous construct “SES NON-
SLUM” was evaluated using Cronbach’s Alpha and 
Composite Reliability (CR), with all values 
exceeding the recommended threshold of 0.50. In 
contrast, the internal consistency of the construct 
“SES SLUM” was not fully supported based on 
Cronbach’s Alpha, CR, and Average Variance 
Extracted (AVE), although rho. An indicated 
acceptable consistency for this construct. Despite 
this limitation, the data remained reliable for 
creating a structural equation model, enabling valid 
comparisons between the slum and non-slum groups 
while including the “SES SLUM” construct.  

 
Figure 2 Measurement model 
 

Secondly, convergent validity was assessed 
using cross-loadings (Fig. 2) and Average Variance 
Extracted (AVE), with both expected to exceed the 
threshold of 0.50.14,15 The cross-loadings for non-
slum SES indicators EDUns (0.936), INCns (0.954), 
and OCCns (0.990) demonstrate a strong 
representation of their socio-economic status. For 
slum SES indicators, EDUs (-0.477), INCs (-0.274), 
and OCCs (0.969) show that while OCCs adequately 
reflect SES, EDUs and INCs exhibit negative 
loadings. Although standard factor analysis 
procedures would suggest removing EDUs and 

INCs, they were retained to allow for meaningful 
comparisons between the SES of slum and non-slum 
populations. Overall, the AVE and cross-loading 
values above 0.50 confirm the convergent validity of 
the data, and lower values were preserved in the 
model in order to support the comparative structural 
equation analysis. 

Finally, discriminant validity was assessed 
using the Heterotrait-Monotrait (HTMT) ratio, 
which is recommended to be below 0.90, though 
some scholars suggest a stricter threshold of 0.85 
(16). In this study, the estimated HTMT ratios for 
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SES NON-SLUM, SES SLUM, MOBIN, PGI, and 
PBGI were all below 0.85, indicating that the data 
meets the criteria for discriminant validity. 
 
Structural Model 
The structural model, or inner model, illustrates the 
hypothesized causal relationships among the latent 
constructs- specifically between exogenous 
(independent) and endogenous (dependent) 
variables.15,17 To assess the structural model’s 
validity, the study employed a series of diagnostic 
and inferential procedures. First, Multicollinearity 
among the predictor variables was assessed using 
the Variance Inflation Factor (VIF). The results 
show that there were few variables that displayed 
any degree of multicollinearity in their VIF scores; 
in fact, most of the values were less than 3 and only 
three were over 5, which indicates low concern for 
multicollinearity and acceptable levels of construct 
independence.14  

Second, through the analysis of path 
coefficients, different pathways appear between the 
populations living in slums and non-slums. 
Specifically, in terms of the slum population, 
socioeconomic status (SES) had a negative impact 
on all mediating and outcome variables: mobility 
index (MOBIN = -0.206), perception gap index (PGI 
= -0.011), and preventive behavior gap index (PBGI 
= -0.022). The negative values of the coefficients 
lower socioeconomic status (SES) indicate a 
decrease of intergenerational mobility to the 
generations below those who lived in the slums and 
that they would be more likely not to engage in 
preventative behaviors during the COVID-19 
epidemic. Conversely, individuals living outside of 
a slum had positive influences on both MOBIN 
(0.902) and PGI (0.545) showed positive direct 

effects, whereas the impact on PBGI was negative (-
0.143) that was statistically insignificant. 
Importantly, SES among non-slum individuals has 
shown to indirectly influence PBGI through two 
mediating factors: MOBIN and PGI. This finding 
highlights the differential pathways by which SES 
impacts health behavior; slum communities have 
limited mobility and less positive health perceptions, 
therefore have limited cognitive and behavioral 
responses to health threats. Evidence from the 
existing literature shows that differences in SES are 
related to differences in health beliefs and 
preventive behaviors.11 Statistical significance tests 
further reinforce these interpretations. All structural 
path coefficients associated with SES among slum 
residents were statistically nonsignificant at the 5% 
level (T-statistics < 1.96; p > 0.05). In contrast, 
while the direct effect of SES on PBGI was also 
insignificant for the non-slum group, the indirect 
influence of SES mediated through MOBIN and PGI 
was found to be statistically significant (T > 1.96; p 
< 0.05) supporting the mediating role of both 
variables. Notably, PGI emerged as the most potent 
predictor of PBGI, with SES among non-slum 
residents contributing most substantially to this 
pathway (see Table 2 and Figure 3). 

Third, the explanatory strength of the 
model was evaluated using the coefficient of 
determination (R²). The R² value for PBGI was 
0.933, suggesting that 93.3% of the variance in this 
endogenous construct is accounted for by the socio-
economic status of both slum and non-slum 
populations, operating indirectly through PGI and 
MOBIN. As this R² value exceeds the benchmark of 
0.67, the model demonstrates strong predictive 
accuracy, validating its theoretical structure. 

 
Table 2 Results of Estimated Path Coefficients 
 

Path Coefficient (β) T Statistics P Values 
MOBIN → PGI 0.240 1.451 0.147 
PGI → PBGI_Covid19 1.066 33.887 0.000*** 
SES_NON_SLUM → MOBIN 0.902 14.062 0.000*** 
SES_NON_SLUM → PBGI_Covid19 -0.143 3.123 0.002** 
SES_NON_SLUM → PGI 0.545 3.866 0.000*** 
SES_SLUM → MOBIN -0.206 1.795 0.073 
SES_SLUM → PBGI_Covid19 -0.022 0.680 0.497 
SES_SLUM → PGI -0.011 0.121 0.904 

Note. MOBIN = Mobile Banking Intention; PGI = Perceived Gender Inequality; 
PBGI_Covid19 = Perceived Behavioral/Gender Impact during Covid-19 (expand per 
your study's operational definition); SES_NON_SLUM = Socioeconomic Status (Non-
Slum); SES_SLUM = Socioeconomic Status (Slum). *p < 0.05, **p < 0.01, ***p < 
0.001. 
Source: Field Study 
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Figure 3 Structural path coefficients and T-statistics 
 

In sum, the structural model confirms that 
socioeconomic disparities between slum and non-
slum populations in Dhaka substantially influence 
their perceptions and behaviors related to COVID-
19 prevention. These findings support the broader 
claim that health belief frameworks must be 
extended to incorporate social stratification and 
mobility dynamics to effectively explain health 
behavior gaps in stratified societies. 

To add result of qualitative. How you 
integrate both data - qualitative and quantitative 
because this is explanatory design research. 
 
DISCUSSION 
The qualitative part of this study gives further 
information on the observed patterns in the 
quantitative analysis, especially on the discrepancy 
between the perception of one’s health status and 
preventive behavior of individuals from different 
socio-economic groups. The findings indicate that 
although the Health Belief Model (HBM) helps to 
shed light on the process of health decision-making 
at an individual level, there are still some limitations 
to it in terms of taking into account other dimensions 
of people’s health decisions in terms of the unequal 
environment, such as Dhaka city. In this sense, 
reconsideration of HBM is necessary. 

The in-depth interview carried out with 20 
key informants consisting of 10 respondents from 
slum areas and 10 respondents from non-slum areas 

showed major differences in perceptions regarding 
health risks and the adoption of preventive actions. 
In the case of wealthy non-slum respondents, who 
are usually educated people and involved in 
professions with a high status and relatively stable 
income, there is a strong relationship between health 
perception and preventive actions. This is because 
these respondents have an excellent understanding 
of their vulnerability to COVID-19 disease, 
seriousness of the disease, and the benefits of 
preventive actions such as wearing of masks, 
handwashing, and social distancing. 

It is important to note that all these findings 
are in line with the fundamental components of 
HBM, such as perceived susceptibility, perceived 
severity, perceived benefits, and self-efficacy. 
Nevertheless, what makes this particular group 
unique is not just their knowledge, but also the 
structural ability to use it.18 Their relatively 
privileged socioeconomic standing makes them feel 
less inhibited, making them more effective in 
translating knowledge into action. From the results 
of the study, it is evident that education was an 
important factor in influencing both perception and 
behavior. This is also supported by the qualitative 
data, where one informant noted that: 
 

“In the society, we observe that the more 
you are educated, the more you make with 

occupations. The more educated people, they are 
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able to obtain the well-paying position. And job 
facilities and their income make them conscious of 
the health hazards and hence they attempt to avoid 

taking the risk behavior.” 
 

This shows how education, job security, 
and health consciousness are all interlinked, and one 
cannot appreciate the concept of health behavior 
unless one places people in their socioeconomic 
environment.19 For this reason, the individual 
approach employed by the HBM seems inadequate 
since it fails to address the extent to which structural 
benefits allow people to translate their health 
perceptions into action. 

On the other hand, the situation of people 
living in slums shows a very different trend due to 
the notable mismatch between health perception and 
prevention behaviors. The results show that most 
slum dwellers either do not have a good 
understanding of their vulnerability to COVID-19 or 
doubt the existence of the virus. The differences are 
illustrated below: 
 

“Corona virus disease does not belong to us. I 
believe, I am not susceptible to coronavirus 
disease. I hear and watch in television that 

coronavirus disease produces death, but I do not 
see. I am reluctant about COVID-19.” 

 
“There is no advantage of wearing masks, using 

hand sanitizers or following other guidelines 
provided by doctors or health organizations. 

Instead, we have heard that, as a result of having 
received vaccine against COVID-19, many people 

died.” 
 

This suggests not only a lack of faith in 
official sources of health information but also the 
existence of alternative belief systems and 
misinformation. According to the HBM, people 
rationally choose health behaviors based on their 
perceptions of risks and benefits.20 Nonetheless, 
under circumstances where misinformation, lack of 
trust, and limited access to correct information are 
prevalent, this belief proves to be faulty. 

In addition, religious explanations are also 
vital in influencing health perceptions of slum 
dwellers. As one informant put it: 
 

“Corona virus is the Ajab (punishment) of Allah. 
Due to the fact, we have lost our creator. We have 

become highly engaged in crimes and offences than 
before. Allah is therefore instructing us and 

warning us to be corrected. Although we are not 
correcting ourselves. Thus, corona virus is in 

continuation. I believe, unless we can comprehend 
our sins and are earnest to avoid bad actions, such 

a punishment of Allah will be prolonged.” 
 

These kinds of perceptions denote the 
moral and spiritual perspective towards the 
outbreak, thereby decreasing the efficiency of 
biomedical prevention practices. This reveals 
another important weakness of HBM, which is that 
it doesn’t take into account the influence of cultural 
and religious belief systems on health behavior 
decisions: 
 

“Corona virus disease does not belong to us. I 
believe, I am not susceptible to coronavirus 
disease. I listen and read in television that 

coronavirus disease causes death, yet I do not see. 
I am reluctant about COVID-19.” 

 
Another respondent says: 
 
“I do not see any benefit in wearing masks, using 

hand sanitizers, or following other guidelines 
recommended by doctors or health authorities. We 
have also heard reports that some people have died 

after receiving the COVID-19 vaccine.” 
 
One Hujur (religious leader), who is a slum dweller, 
makes the following curious remark: 
 

“Coronavirus is a form of divine punishment 
(Ajab). Due to the fact, we have lost our creator. 
We have become highly engaged in wrongdoing 
like deviance and crimes than before. However, 

since we have not changed our ways, the pandemic 
continues. I believe that only by recognizing our 

wrongdoings and sincerely avoiding harmful 
actions can such divine punishment be alleviated”. 
 

This implies that the concepts of perceived 
susceptibility and perceived benefits, which are 
central to the HBM framework, are either too weak 
or negative among the slums community members. 
Nonetheless, besides perception, there exist other 
structural factors that inhibit the capacity of these 
people to adopt preventive practices. 

The first among many barriers is the 
environmental context of the slums communities. 
The overcrowded environment makes social 
distancing impossible, while financial limitations 
restrict access to preventive measures.21 As one 
respondent explained: 
 

“My family survives starving on a day-to-day 
basis, and we cannot afford facial masks, hand 
sanitizers, or various expensive items to prevent 

COVID-19. If the government give us these things 
free, and rehabilitate us with improved housing 
conditions. Only then we will be able to comply 
with all the guidance about COVID-19. In the 

meantime, we are taking the vaccine because it is 
provided at no cost.” 
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This example makes it absolutely clear that 
preventive behavior is more than just an individual 
choice, but rather a product of structural inequalities. 
It means that even if people know what they should 
do according to the guidelines, their socio-economic 
circumstances might not allow them to do so.22 This 
once again proves that the HBM model fails to 
address the impact of structural constraints on health 
behavior.  

Moreover, ambivalence towards 
vaccinations adds another dimension to this aspect 
of health behavior. As noted: 
 

“Coronavirus is a form of divine punishment 
(Ajab). Due to this fact, we have lost our creator. 
We have become highly engaged in wrongdoing 
like deviance and crimes than before. However, 

since we have not changed our ways, the pandemic 
continues. I believe that only by recognizing our 

wrongdoings and sincerely avoiding harmful 
actions can such divine punishment be alleviated”. 
 

While there are some people who are aware 
of the existence of vaccines, their uptake is 
influenced by religion and morals, indicating that 
interventions for health should incorporate the belief 
systems of the community and not just be based on 
biomedical aspects. 

Socioeconomic mobility is another issue 
that is important as indicated by the findings of the 
study conducted. The non-slums and economically 
advantaged seem to have undergone social mobility 
whereby they have high levels of education and 
employment.23 For this reason, the poor who live in 
slums usually experience mobility that is either 
downward or none at all, thus making it hard for 
them to access different opportunities. These health 
disparities and differences in mobility result in 
disparities and differences in health and behavior. 

In this study, the application of the SES 
mobility concept has resulted in the expansion of the 
HBM framework to consider not only how personal 
perceptions affect health behaviors but also the 
status that individuals have within the economic 
system. Mobility is what allows people to access 
opportunities and information that affect their 
perceptions and behavior. It is through this that the 
disparities observed in the PGI and PBGI results can 
be explained. 

In addition to the structural aspects, there 
are other dimensions involved as well, including the 
interplay between perception formation and lived 
experience for people from various socioeconomic 
strata. In slums, the process of health perception 
formation does not only depend on exposure to 
information but also involves verification of the risk 
through direct experience. If people do not see 
evidence of illness in their direct surroundings, they 
will not necessarily perceive the abstract message 

about the risks as applicable to their own situation, 
thereby exacerbating the perception-action gap. 

On the contrary, those who live outside 
slums have more connections to formal institutions 
like education, labor market, and healthcare system, 
which constantly reinforce biomedical notions of 
illnesses and their prevention. 

In addition, the results indicate that 
socioeconomic mobility functions not just as an 
economic process, but also as a cognitive and 
behavioral change process. Social mobility 
contributes to increased access to information, 
improved interpretive abilities, and increased 
exposure to official health discourses, which 
together help form more consistent preventive 
behavior. In contrast, limited social mobility leads to 
greater reliance on unofficial knowledge systems, 
such as experiential reasoning, community 
discourses, and religious discourses. 

Thus, the differential behavior between the 
slum and non-slum communities cannot be viewed 
simply as different levels of awareness, but as the 
effects of the structural context of knowledge. This 
strengthens the claim that models of health behavior 
such as HBM need expansion to account for 
environmental and mobility-based influences on 
behavior formation. 
 
CONCLUSION 
This research explored how intragenerational social 
mobility, assessed through changes in 
socioeconomic status (SES), shapes the Preventive 
Behavior Gap Index (PBGI) in relation to COVID-
19 among residents of slum and non-slum 
communities in Bangladesh. To our knowledge, no 
prior empirical study has systematically explored 
and predict COVID-19-related health behavior 
disparities within the framework of social mobility 
in the Bangladeshi context. 

Findings from the quantitative analysis 
suggest that the upward SES mobility among non-
slum, affluent families significantly and positively 
mediate their health perceptions and preventive 
behaviors through the perception gap index (PGI). 
In contrast, individuals experiencing downward 
socioeconomic mobility within slum communities 
demonstrated altered perceptions of health risks and 
lower participation in preventive measures during 
the COVID-19 pandemic, particularly among 
socially and economically disadvantaged 
populations. The findings support the premise set 
forth by Blau & Duncan (1967) regarding the 
influence of occupational structure and social 
mobility upon behavior in the United States, 
suggesting that SES mobility patterns are crucial 
determinants of behavioral inequality.13 Qualitative 
data corroborates these findings, with observed 
differences in education, employment status, 
income, which are components of SES, and have 
resulted in differential perceptions and behaviors 
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between slum and non-slum communities. 
Triangulated evidence suggests the need to examine 
the behavioral responses to COVID-19 from both a 
psychological perspective (e.g., Health Belief 
Model) as well as a socioeconomic perspective that 
considers the relationships between social 
stratification and social mobility.  

This study demonstrates recommendations 
for policy-makers, public health and sociologists: 
First, government intervention should have an 
emphasis on increasing the level of accessibility of 
services for low-income marginalized communities, 
which will lead to increased social mobility and 
promote equity in society. Eliminating or reducing 
social inequality is vital in reducing disparities in 
health-related behavior. Second, special concern 
should be given to address the urgent need regarding 
the issue on education and employment of all socio-
economic groups, as these two elements of society 
contribute significantly to our beliefs about our 
health and subsequent types of preventative 
behavior. Third, Public Health initiatives should 
give higher priority to making available free 
personal protective equipment to those with low 
conditions, especially individuals living in slum-
related communities to help eliminate the unequal 
access to health-promoting behaviors. Fourth, 
medical sociologists and public health researchers 
should consider an extension of the HBM to include 
a structural context (i.e., access to free health 
resources) for socioeconomic status (SES)- as a 
mediating or moderating component. Fifth, further 
studies are needed to build on an intragenerational 
focus by exploring the broader dynamics of health 
inequality and social mobility across various time 
frames and population groups. Therefore, the value 
of this research consists in enriching our 
understanding of the intersects between social 
mobility and public health, with a strong emphasizes 
on the imperative of a combined sociological and 
policy-oriented approach that can help address 
health inequity in Bangladesh and similar contexts. 
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