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Abstract 

This study investigates health seekers’ acceptance and adoption determinants of telemedicine 
services in a rural public hospital setting in an emerging economy using an adapted, extended 
Technology Acceptance Model. The present study pursued synthesising a plethora of existing 
literature and contextualised the significance of seven broad categories of potential 
determinants that significantly affect patients’ acceptance and adoption intentions: perceived 
usefulness, perceived ease of use, self-efficacy, service quality, privacy and data security, social 
influence, and facilitating conditions. The partial least square structural equation modeling 
technique was employed to test the conceptual model and research hypotheses. A cross-
sectional survey was administered among 500 telemedicine users in randomly selected rural 
and remote areas of Bangladesh. Excluding self-efficacy and ease of use, five determinants 
expressively contributed to patients’ acceptance of telemedicine adoption, explaining 65% of 
the variance (R2) in behavioural Intention. The empirical findings have the quality of rigour 
obtained from rich data sets in health informatics and can contribute to build telemedicine into 
an institutionalised health infrastructure in Bangladesh and similar settings. Pertinent 
implications, limitations and future research directions were recommended to secure the long-
term sustainability of telemedicine healthcare projects.  

Keywords: Acceptance, ICT, PLS-SEM, rural and remote areas, technology acceptance model, 
telemedicine  

1 Introduction 

Telemedicine emerges as a vital healthcare provision for rural and remote communities in 
many emerging economies where specialist physicians rarely practice (Zobair, Sanzogni, 
Sandhu, & Islam, 2020). The widespread expansion of telemedicine potentially reduces health 
disparity between rural and urban areas (LeRouge & Garfield, 2013), increases users’ 
convenience (Zobair, Sanzogni, & Sandhu, 2019), enhances accessibility and service quality, 
decreases healthcare costs (Jansen-Kosterink, Dekker-van Weering, & van Velsen, 2019), and 
contributes to sustainable health care systems (Whitten, Holtz, & Nguyen, 2010). While 
telemedicine healthcare services are well accepted by many clinicians and patients in both 
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developed and emerging economies (Greenberg et al., 2019; Jansen-Kosterink et al., 2019), their 
adoption into routine practices are isolated, scattered (LeRouge, Gupta, Corpart, & Arrieta, 
2019) and slower than anticipated (Taylor, Coates, Wessels, Mountain, & Hawley, 2015).  

Telemedicine continues to gain significant recognition in providing specialised care to the 
rural and remote communities in Bangladesh. This service has formally been integrated in 
2010 into its’ public healthcare systems to deliver specialised care to rural and remote areas 
where around 70% of the population inhabits (Darkwa, Newman, Kawkab, & Chowdhury, 
2015; Zobair et al., 2019). Despite Bangladesh’s passion for public telemedicine schemes, the 
functional adoption into clinical practices has remained inadequate in rural settings. The 
incorporation of 27 specialised, and district-level medical colleges and hospitals consistently 
providing specialist care to 488 Upazila (i.e., sub-district) public hospitals aided rural 
telemedicine centres is considered a momentous shift in the public healthcare sector in 
Bangladesh (Zobair et al., 2019).  

The underlying principle of personalised healthcare approaches reflects the control patients 
exercise over their healthcare progress rather than the physicians themselves (Hur, Cousins, 
& Stahl, 2019). Although many health providers facilitate a variety of ICT supported services 
(i.e., telemedicine/eHealth, mHealth), patients can actively participate in choosing what is 
more appropriate and convenient to them (Hur et al., 2019). Hence, it is mandatory to 
understand patients’ evaluations of service quality that form their acceptance of the services. 
Exploration of health seekers’ acceptance determinants in rural settings could support 
successful telemedicine implementation (Evans, 2015). The Technology Acceptance Model 
(TAM) is a fitting theory for understanding health information technology acceptance and 
adoption (Holden & Karsh, 2010) in varieties of information-driven settings (i.e., telemedicine) 
that serve as the focus of this study. 

Evidence suggests that, as modern healthcare services are becoming heavily reliant on 
technology, a better understanding of the determinants that contribute to acceptance and 
adoption of technology-mediated healthcare services (i.e., telemedicine) is now critical (Jewer, 
2018). Understanding users' acceptance or rejection of technology, such as computers, appears 
to be one of the most challenging factors in information systems research (Davis et al., 1989). 
Given the importance of this issue, academic and practitioner literature has drawn on many 
behavioural theories, including the TAM (Agarwal et al., 2000). Likewise, some other classic 
theories that can be called upon to provide varying explanations of consumers' continuity 
behaviours towards technology adoption such as, the Theory of Reasoned Action; the 
Diffusion of Innovation Theory; Social Cognitive Theory; the Theory of Planned Behaviour; 
the Technology Acceptance Model; and the Unified Theory of Acceptance and Use of 
Technology (Hoque & Sorwar, 2017; Leung & Chen, 2019). Telemedicine health technology, 
like any innovative technology, faces critical issues related to stakeholders’ acceptance and 
adoption (Zhou et al., 2019). Abundant empirical evidence further suggested that patients’ 
past positive experiences and satisfaction affect their behavioural intention to use telemedicine 
services (Zhou et al., 2019). In the present study, patients’ behavioural intentions to use 
telemedicine refers to acceptance and adoption (Holden & Karsh, 2010). 

Past contributions concerning studies in Bangladesh have mostly focused on m-Health 
adoption (Ahmed et al., 2014; Alam, Hoque, Hu, & Barua, 2020; Hoque & Sorwar, 2017), with 
a recent study (Hoque & Sorwar, 2017) focusing on e-Health adoption in urban areas. 
Telemedicine appears to be well accepted by rural health seekers in many developed countries 
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(Bros et al., 2018). Conversely, its acceptance by rural health seekers in developing countries 
could be based on different determinants that affect patients’ behavioural intentions (Lin & 
Chang, 2018). The existing literature has not yet identified these determinants associated with 
telemedicine in rural Bangladesh’ public hospital settings. Little attention has been paid to 
exploring how public hospitals in Bangladesh can successfully provide telemedicine support 
to rural communities. Moreover, there have been little-reported investigations into 
telemedicine project initiation under the health authorities, representing a considerable 
knowledge gap. Employing a theory focused approach to examine ways to determine patients’ 
acceptance/adoption of telemedicine could advance a rational understanding of how to sustain 
and leverage telemedicine deployment in rural Bangladesh settings. Motivated by prior 
technology adoption theory-based research, the current study aims to fill the literature gaps 
by empirically testing the suitability of the revised version of extended TAM framework as 
applied to the perceptions of Bangladeshi rural telemedicine patients.  

2 Theoretical Model and Hypotheses 

This study builds on prior research (Davis, 1989; Venkatesh, 2000a; Venkatesh & Bala, 2008; 
Venkatesh & Davis, 1996, 2000; Venkatesh, Morris, Davis, & Davis, 2003) by presenting 
behavioural attributes while maintaining the parsimony of the original theory. Adapted from 
the theory of reasoned action, TAM is an extensively applied model used for predicting users’ 
technology acceptance and usage (Venkatesh, 2000a, 2000b) by evaluating their internal 
beliefs, attitudes, and behavioural intentions (Davis, Bagozzi, & Warshaw, 1989; Hu, Chau, 
Sheng, & Tam, 1999; Rho, young Choi, & Lee, 2014). Venkatesh and Davis (2000) further 
proposed an extended TAM referred to as TAM 2, which together with TAM 3 (Venkatesh & 
Bala, 2008), present a complete nomological network of the determinants of an individual’ 
technology adoption and use (Venkatesh & Bala, 2008). Although the TAM was initially 
applied to health information technology (HIT) adoption it has found its way into the health 
sector as a means to measure end-user reactions to HIT (Anderberg, Eivazzadeh, & Berglund, 
2019). The present study’s rationale for the extension and integration of the TAM theory 
(Venkatesh & Bala, 2008) was to establish a framework to predict health seekers’ telemedicine 
acceptance and adoption determinants in developing countries’ rural settings.  

Cimperman, Brenčič, and Trkman (2016) argue that most of the prior studies often ignored 
some critical aspects concerning interdependency between human characteristics, technology, 
and socio-economic phenomena, which lead to low impact on healthcare practices. 
Cimperman et al. (2016) further suggest that the previously developed TAM theory should be 
extended by adding those factors for the plausibility of the existing theory.  In a recent study, 
for example, Zhou et al. (2019) adopted an extended TAM to explore the determinants of the 
behavioural intention of telehealth adoption among older adults in China. Synthesising prior 
TAM studies related to the health IT adoption, we developed an extended TAM (Venkatesh & 
Bala, 2008). A plethora of telemedicine, e-Health, and m-Health studies (Alam et al., 2020; 
Chau & Hu, 2002; Hoque & Sorwar, 2017; Zhou et al., 2019), provide a solid theoretical 
foundation for the extended TAM. Jansen-Kosterink et al. (2019), for instance, revealed that 
TAM was employed for examining users’ telemedicine acceptance and could explain up to 
70% of the variance in individuals’ acceptance intentions. Coherently and cogently to this 
background, this study adopted seven common categories of determinants adapted from prior 
studies (see Appendix A) for predicting health seekers’ telemedicine acceptance and adoption 
intention in rural Bangladesh’s public hospital settings (see Figure 1).  
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Figure 1. Research model 

2.1  Self-Efficacy 

Self-efficacy comprises individuals’ judgements of their abilities to perform given levels of 
performance and control over the events (Bandura, O'Leary, Taylor, Gauthier, & Gossard, 
1987). An individual’s perceived self-efficacy has a direct influence on his/her choice of 
activities (Bandura, 1977). Within the telemedicine context, self-efficacy refers to the extent of 
an individual’s judgment concerning his or her capability to attain a certain degree of 
telemedicine service performance (Zobair et al., 2019). Although, it does not explicitly 
comprise patients’ perceptions of their skills in physical experiences of telemedicine 
technology (Zobair et al., 2019). Perceived self-efficacy in telemedicine combines the patients’ 
assessment of the effectiveness of services performance and the ability or competency to 
conduct the behaviour (Zhang et al., 2017). For example, within the health context, Bandura 
(1986) confirmed that perceived self-efficacy arbitrates patients’ health behaviours.  Bandura 
et al. (1987) found that perceived self-efficacy has positively influenced patients’ coping 
mechanisms related to pain alleviation.  Within the health context, Williams and Bond (2002) 
confirmed that self-efficacy is the strongest predictor of diabetic patients’ behavioural 
intention. Self-efficacy comprises a multiplicity of skills that affect individuals’ belief that they 
can execute particular tasks in specific situations (Rosenstock, Strecher, & Becker, 1988), such 
as information systems acceptance and adoption (Lending & Dillon, 2007). Consistent with 
prior studies, it is predicted that highly efficacious patients incline to have a high intention to 
accept telemedicine services (Zobair et al., 2019). Therefore, the following hypothesis is 
proposed:  
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H1:  Self-efficacy positively influences patients’ behavioural intentions to use telemedicine 
health services. 

2.2   Perceived Usefulness 

Perceived usefulness is a consistently strong acceptance determinant for understanding 
behavioural intention to adopt the technology (Venkatesh et al., 2003). Perceived usefulness is 
the degree to which an individual believes that using a system will improve his/her job 
performance (Venkatesh, 2000a; Venkatesh & Davis, 2000). The usefulness of a system (e.g., 
service) is strictly related to its effectiveness (Bettiga, Lamberti, & Lettieri, 2019), while 
telemedicine is a system/service. In the context of telemedicine, patients evaluate telemedicine 
usefulness by giving more importance to the health outcomes achieved from the services based 
on their expectations. In this study, perceived usefulness is the degree to which a patient 
believes that using telemedicine healthcare services will improve his/her mental or physical 
health conditions. Rho et al. (2014) acknowledged that perceived usefulness has a positive 
effect on behavioural intention to use telemedicine services. Similarly, in Hong Kong, 
perceived usefulness was a significant determinant in physicians’ acceptance of telemedicine 
technology in hospitals (Hu et al., 1999). Consistent with prior studies, it is anticipated that 
when a patient’s perception of telemedicine’s usefulness is high, the patient is more likely to 
use telemedicine healthcare services. Therefore, the following hypothesis is proposed: 

H2:  Perceived usefulness positively influences patients’ behavioural intentions to use 
 telemedicine health services. 

2.3 Perceived Ease of Use 

Perceived ease of use refers to ‘the extent to which a person believes that using the system will 
be free of an effort’ (Venkatesh & Davis, 2000, p. 117). In the present study, perceived ease of 
use is defined as the extent to how much a patient believes that using telemedicine healthcare 
services will be effortless. Healthcare studies using the TAM identified a significant positive 
effect of perceived ease of use on perceived usefulness (Dünnebeil, Sunyaev, Blohm, 
Leimeister, & Krcmar, 2012). Conversely, rather than perceived ease of use, perceived 
usefulness has a substantial effect on behavioural intention towards telemedicine healthcare 
services (Aggelidis & Chatzoglou, 2009; Hu et al., 1999) usage. This is congruent with  
Venkatesh (2000a), who found that perceived ease of use positively affects users’ technology 
acceptance and intention via perceived usefulness. A recent study by Bettiga et al. (2019) 
confirmed that PEU has a substantial impact on predicting patients’ behavioural intention in 
health technology adoption. Another survey by Woo and Dowding (2018) acknowledged that 
ease of use significantly affects patients’ acceptance of telehealth services. Therefore, the 
following hypothesis is proposed: 

H3:  Perceived ease of use positively influences patients’ behavioural intentions to use  
telemedicine health services. 

2.4   Facilitating Conditions 

 Facilitating conditions refers to the ‘degree to which a person believes that an organisational 
and technical infrastructure exists to support to use the system’ (Venkatesh et al., 2003, p. 453). 
It incorporates three characteristics—perceived behavioural control, facilitating conditions 
and compatibility (Venkatesh et al., 2003)—that have a positive impact on behavioural control 
and behaviour (Venkatesh, Thong, & Xu, 2012). A study by Aggelidis and Chatzoglou (2009) 
revealed that facilitating conditions include resources and technologies that positively affect 
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ICT-supported information systems adoption. Macedo (2017), for instance, confirmed that 
facilitating conditions have a positive effect on behavioural intention to adopt ICT mediated 
services. Within the e-Health (i.e., telehealth) context, Cimperman et al. (2016) found that 
promoting high facilitating conditions increases behavioural intention to use telehealth 
services. Similarly, another recent study by Hossain, Quaresma, and Rahman (2019) asserted 
that facilitating conditions have positive effects on behavioural intention to use e-Health 
services.  Therefore, the following hypothesis is proposed: 

H4:  Facilitating conditions positively influence patients’ behavioural intentions to use 
  telemedicine health services. 

2.5  Social Influence 

    Social influence refers to the extent of how individuals behave in the way they are directly 
or indirectly influenced by the feelings, thoughts, and actions of others (Vries, Backbier, Kok, 
& Dijkstra, 1995). Within the context of ICT, social influence can be defined as ‘the degree to 
which an individual perceives that important others believe he or she should use the new 
system’ (Venkatesh et al., 2003, p. 451) and whether others expect that individuals to execute 
a behaviour (Zhang et al., 2017). Another study by Lewis, Agarwal, and Sambamurthy (2003, 
p. 662) defines social influence as the ‘perceived social pressure to perform or not to perform 
the particular behaviour’, indicating higher perceptions of social pressure leads to a high 
behavioural intention to adopt technologies. For example, in the context of telemedicine, 
Cimperman et al. (2016) revealed that social influence strongly affects patients’ behavioural 
intention to use telemedicine healthcare services. Macedo (2017) echoed that social influence 
considerably influences users’ behavioural intention.  Within the m-Health adoption context, 
Hoque, Bao, and Sorwar (2017) confirmed that social influence has a substantial impact on 
behavioural intention to use m-Health services in Bangladesh. Therefore, the following 
hypothesis is proposed: 

H5: Social influence positively influences patients’ behavioural intentions to use telemedicine 
health services. 

2.6   Service Quality 

Service quality is defined as ‘a measure of how well the service level delivered matches 
customer expectations’ (Parasuraman, Zeithaml, & Berry, 1985, p. 42) and is a broadly used—
but challenging (Boscarino, 1992)—healthcare service characteristic for detecting its strengths 
and weaknesses (Kettinger & Lee, 1997). Service quality encompasses users’ perceived service 
satisfaction (Kettinger & Lee, 1997), reflecting that high quality of service contributes to high 
service satisfaction (K.-H. Kim, Kim, Lee, & Kim, 2019), positive effects, and organisational 
accomplishment (Delone & McLean, 2003). Zeithaml, Berry, and Parasuraman (1996) 
confirmed that service quality has a strong influence on customers behavioural intention. 
Another study by Parasuraman, Zeithaml, and Berry (1985b) revealed that most services are 
intangible; for example, service quality has been significantly affecting physicians’ acceptance 
of Health Information Systems (HIS) in a hospital setting (Chen & Hsiao, 2012), as well as 
users’ behavioural intentions to use m-Health services (Akter, D’Ambra, & Ray, 2010; K.-H. 
Kim et al., 2019). Therefore, the following hypothesis is proposed: 

H6:  Service quality positively influences patients’ behavioural intentions to use telemedicine 
health services. 
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2.7   Privacy and Data Security 

Health seekers’ privacy, security, and confidentiality in healthcare provision have been 
considered noticeable concerns that generated additional attraction in many recent empirical 
studies (Esmaeilzadeh, 2019). Within the e-Health context, Hall and McGraw (2014) 
acknowledged that there are severe privacy and data security risks in telehealth (i.e., 
telemedicine) services that must be addressed to succeeding in its adoption. Esmaeilzadeh 
(2019), for instance, revealed that prior empirical research emphasises significant shreds of 
evidence concerning patients’ privacy violations in healthcare services, such as unauthorised 
access to patients’ information or stolen medical data. These risks are increasing concerns in 
ICT mediated healthcare systems due to insufficient control over data handling (Hale & 
Kvedar, 2014). Hoque et al. (2017), for example, reminded that patients might not be confident 
in sharing health-related information with a third party due to fear of social disgrace and 
discrimination. These indicate that patients are more likely to accept telemedicine healthcare 
services if they perceive their privacy and information are well protected. A recent study by 
Dutot, Bergeron, Rozhkova, and Moreau (2019) noted that secured and well-protected systems 
corroborate with users’ attention to use healthcare services. Similarly, Xu (2019) confirmed 
that privacy concerns have substantial effects on patients’ trust, perceived privacy and 
confidentiality risk, and adoption intention. Therefore, the following hypothesis is proposed: 

H7:  Privacy and data security positively influence patients’ behavioural intentions to use 
telemedicine health services. 

3 Research Methodology 

3.1 Study population 

This study has drawn from a large project, which predominantly explores the determinants of 
barriers, facilitators, and antecedents to health seekers’ expectations of telemedicine adoption 
in rural public healthcare facilities in Bangladesh. A cross-sectional survey was conducted in 
2017 in three Upazilas (sub-districts) telemedicine centres in Bangladesh. For this study, 500 
rural patients who received telemedicine services at least once from any selected telemedicine 
centres in the past 12 months constitute the sampling frame. The study excluded non-users 
because patients in Bangladesh cannot access telemedicine services without a physician’s 
referral. 

3.2 Data collection 

Detailed data collection procedures have been described previously (Zobair et al., 2019). The 
sample was drawn from selected telemedicine centres using a multistage random sampling 
design. At first, three districts—Pabna, Khulna and Satkhira—where telemedicine services are 
available were selected randomly. From these three districts, three Upazila telemedicine 
centres—Bera, Dacope and Devhata—were randomly selected as survey implementation site. 
From the patient lists collected from the selected telemedicine centres, 500 users were 
randomly selected, consisting of proportionate samples from Bera (n=53), Dacope (n=242), and 
Devhata (n=205) Upazila telemedicine centres. Each group was statistically representative of 
the telemedicine population with commonalities in telemedicine infrastructure and clinical 
methods provided by the government. 

Patients’ addresses and phone numbers were collected from the selected telemedicine centres. 
Eligible individuals were contacted by phone and invited to participate in face-to-face 
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interviews at a telemedicine centre during office hours. Those unable to travel to the centres 
were asked to participate according to their convenience. A closed-form interviewer-
administered questionnaire was used because several questions were relatively technical and 
would be hard for respondents with limited literacy to interpret on their own. The 
questionnaire was adopted in English, translated into the local language (i.e., Bengali), pre-
tested with Bengali speakers before being administered, confirming its internal validity (Islam 
et al., 2015). The study met the sampling target by obtaining 500 valid responses that were 
scrutinised for completeness. Eight samples were excluded due to incomplete responses; 492 
samples were preserved for analysis. The survey’s demographics are presented in Table 1. 

Measure Items Frequency Percentage (%) 

Gender Male 206 41.9 
 Female 286 58.1 
Age ≥18 and ≤20 64 13.0 
 ≥21 and ≤30 158 32.1 
 ≥31 and ≤40 106 21.5 
 ≥41 and ≤50 88 17.9 
 ≥51 76 15.4 
Education Illiterate 68 13.8 
 Primary 104 21.0 
 Secondary 178 36.2 
 Higher secondary 64 13.0 

 Bachelor 51 10.4 
 Masters and above 27 5.5 

Table 1. Demographic Characteristics of the Sample (Zobair et al., 2019) 

The project received approval from the Directorate of General Health Services, Bangladesh, 
and Griffith University Human Research Ethics Committee. An informed consent was taken 
from each participant after informing them the purpose of the study, and their right to 
withdraw from the study at any time without consequence. They were ensured that their 
participation in this survey was completely voluntary.  

3.3 Construct Measurements 

A seven-point Likert scale was used (i.e., 1 = very strongly disagree to 7 = very strongly agree) 
for this study. A pre-test was conducted to examine the wording, sequence, length, and format 
of the questionnaire indicators. Fifteen individuals with expertise in telemedicine in 
Bangladesh were invited to pre-test the questionnaire and their feedback was used to rectify 
the questionnaire. The constructs, corresponding indicators and associated scales were further 
tested for content validity and reliability in a pilot study involving 25 telemedicine users 
representing 5% of the target sample (Cresswell & Clark, 2011). The scales used in this study 
are drawn from prior empirical studies related to Behavioural Science, Information 
Technology adoption, and particularly e-Health (i.e., telemedicine) adoption research. Item 
scales, their corresponding measures, and adapted sources are shown in the Appendix A. 
These constructs were deemed significant for telemedicine research as they relate to the 
provision of timely responses, enhanced communication, and better access to services 
(Lankton & Wilson, 2007) to secure telemedicine services sustainability in rural settings in 
emerging economies.  
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4 Data Analysis and Results 

This study has chosen the partial least square (PLS) approach for structural equation modeling 
(SEM) (Kock, 2018) instead of CB-SEM as it is a more suitable approach for many reasons (Ali, 
Ali, Badghish, & Baazeem, 2018). For example, this method is a full-fledged variance-based 
approach ideal for the linear, non-linear, recursive, and non-recursive structural model 
(Benitez, Henseler, Castillo, & Schuberth, 2020). This is a more suitable choice for explorative 
studies and highly complex casual (i.e., confirmatory and explanatory) models (Otter & Beer, 
2021).  PLS-SEM has distinctive features that do not follow the restrictive assumptions 
imposed by CB-SEM (Ali et al., 2018; Astrachan, Patel, & Wanzenried, 2014). Compared to CB-
SEM, it is a more robust approach with fewer identification issues and works with smaller and 
larger sample sizes (Hair, Ringle, & Sarstedt, 2011). PLS-SEM can more effectively provide 
parameter estimates than CB-SEM under appropriate circumstances (Hair Jr, Hult, Ringle, & 
Sarstedt, 2016). For instance, Hair, Ringle, and Sarstedt (2013) noted that the PLS-SEM 
representation of graphical model structures renders the model under investigation easier to 
manage and comprehend, allowing for rapid reconfigurations and real-time feedback. 

Further, PLS-SEM can easily manage both reflective and formative measurement models (Hair 
et al., 2011), including a single-item construct (Hair Jr et al., 2016). In contrast, model estimation 
with many latent constructs or indicators is often impossible with CB-SEM (Hair Jr, Hult, 
Ringle, & Sarstedt, 2017). PLS-SEM uses latent constructs scores as an exact linear combination 
of the observed indirect constructs (Schubring, Lorscheid, Meyer, & Ringle, 2016) and is more 
suited for theory building and predictive applications (Gefen, Straub, & Boudreau, 2000). 
Compared to CB-SEM results, which can be highly imprecise when the assumptions are 
violated, PLS-SEM provides more robust estimations of the structural model (Hair et al., 2011). 
Besides, PLS-SEM has greater statistical power than CB-SEM (Hair et al., 2011). Finally, the 
PLS-SEM method provides more robust estimations of the structural model and has greater 
statistical power than CB-SEM (Hair et al., 2011). 

This study’s model contains a single endogenous (i.e., dependent) latent construct (Z/ η 
denotes BI) and seven exogenous (i.e., independent) latent constructs (SI), (FC), (PEU), (PU), 
(SE), (PDS) and (SQ), which are indicated as ovals (Hair et al., 2011). Chin (1998) suggested 
that PLS design assumes recursive (i.e., one way arrowed) relations among latent constructs 
and each endogenous latent construct η often termed casual chain systems of latent constructs 
that can be specified by equation 1.  The mathematical equation of the structural model of this 
study is shown in equation 1.  

η = Ʃβ1 ξ1+ Ʃβ2 ξ2+ Ʃβ3ξ3+Ʃ β4 ξ4+ Ʃβ5 ξ5+Ʃ β6 ξ6+ Ʃβ7 ξ7+ δ.    [1] 

where η is an endogenous latent construct, β is a path coefficient, and ξ1 is an exogenous latent 
construct. Literature indicates that all variance-based SEM detects a nonzero path coefficient; 
however, the effect is originally zero (Dijkstra & Henseler, 2015). Therefore, the mathematical 
equation of this model is yielding the following regression equation: 

Z=+β1SI+ β2FC+ β3PEU+ β4PU+ β5SE+ β6PDS+ β7SQ+e. [2] 

Eq 2 charactierises the extended technology acceptance model process, where Z is the outcome 
(behavioural intention) of social influence (SI), facilitating conditions (FC), perceived ease of 
use (PEU), perceived usefulness (PU), self-efficacy (SE), privacy and data security (PDS), and 
service quality (SQ) latent constructs. All partial regression models are estimated iteratively 
(PLS-SEM algorithm) in two stages (Hair et al., 2011). In the first stage, construct scores are 
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estimated. Then in the second stage, final estimates of the outer weights and loadings are 
calculated, with the structural model’s path coefficients and the resulting R2 values of the 
endogenous latent construct (Hair Jr et al., 2017). 

The dataset was analysed using PLS-SEM (Muthupoltotage & Gardner, 2018) largely 
consisting of latent constructs that require measurement by a set of indicators as proxies (Hair 
Jr et al., 2017). It incorporates two sets of linear equations—a measurement model specifying 
a construct and its corresponding indicators and a structural model specifying the relationship 
between exogenous and endogenous constructs and addressing the research questions and 
hypotheses (Henseler, Hubona, & Ray, 2017). Therefore, the PLS-SEM technique is considered 
a more rigorous analysis for the proposed research model (Muthupoltotage & Gardner, 2018). 
SmartPLS v.3.2.8 was utilized for data analysis, the PLS (algorithm) tool for testing scales 
reliability, and a bootstrapping (algorithm) technique for hypotheses and structural model 
testing.  

4.1 Measurement Model 

This research evaluates the reliability and validity of the reflective measurement model 
constructs (Ringle, Sarstedt, & Straub, 2012) without choosing a composite model. A recent 
study by Benitez et al. (2020) revealed that a reflective and casual-formative model is usually 
used for behavioural studies since a composite model is employed for artefacts.  However, 
PLS-SEM deals with both latent variables (i.e., a construct that represents a behavioural 
concept such as individual behaviour, attitude, and personality traits) and emergent variables 
(i.e., a construct that represents an artifact) (Benitez et al., 2020).  In PLS-SEM, a composite 
model can be estimated by Mod B; in turn, a reflective measurement model should be 
evaluated by Mod A (Benitez et al., 2020). The reason for choosing a reflective measurement 
model for this research is that the evaluation of Mod A relies on a different set of criteria than 
its composite counterparts Mod B (Benitez et al., 2020). 

The measurement model was evaluated by testing internal consistency reliability, indicator 
reliability, convergent validity, and discriminant validity (Hair et al., 2017). All outer loadings 
for each indicator in the model (see Table 2) were higher than the threshold value of 0.707, 
suggesting that more than 50% of the variance in a single indicator can be explained by the 
corresponding latent construct, confirming indicator reliability (Benitez et al., 2020; Hair et al., 
2017; Roldán & Sánchez-Franco, 2012). Our results show (see Table 2) that the loadings range 
from 0.711 to 0.821, and all are significant on a 1‰ level, authenticating that the measures are 
reliable (Benitez et al., 2020).  

Both Cronbach’s alpha and composite reliability >0.707 (see Table 2) confirmed the model’s 
statistical significance and demonstrated strong evidence of internal consistency reliability 
(Hair et al., 2017; Roldán & Sánchez-Franco, 2012). The Cronbach’s alpha and composite 
reliability range from 0.849 to 0.727 and 0.889 to 0.841, respectively, are above the threshold 
value, demonstrating reliable construct scores (Benitez et al., 2020). Convergent validity (≥.50) 
was assessed using the average variance extracted (AVE) values for each construct (see Table 
2) (Hair et al., 2017). AVE values in our model range for 0.647 to 0.554 are higher than the 
threshold value of >.50, indicating significant convergent validity (Benitez et al., 2020; Henseler 
et al., 2017). The AVE values for each construct explain the variance of more than half of their 
corresponding indicators, confirming convergent validity (Henseler, Ringle, & Sinkovics, 
2009; Roldán & Sánchez-Franco, 2012).  



Australasian Journal of Information Systems Zobair et al. 
2021, Vol 25, Research Article Health Seekers’ Acceptance & Adoption Determinants 

 11 

 

Latent Construct Indicator 
Code 

Loading AVE Cronbach’s 
Alpha 

Composite 
Reliability 

R2  R2 Adj 

Behavioural intention to 
use TM 

BI1 0.767*** 0.579 0.757 0.846 0.655 0.650 

 BI2 0.755***      
 BI3 0.800***      
 BI4 0.727***      
Facilitating conditions FC1 0.744*** 0.554 0.839 0.882   

 FC2 0.722***      
 FC3 0.755***      
 FC4 0.762***      
 FC5 0.726***      
 FC6 0.756***      
Privacy and data security PDS1 0.796*** 0.647 0.727 0.846   

 PDS2 0.805***      
 PDS3 0.812***      

Perceived ease of use PEU1 0.795*** 0.570 0.747 0.841   

 PEU2 0.720***      
 PEU3 0.790***      
 PEU4 0.711***      
Perceived usefulness PU1 0.771*** 0.612 0.788 0.863   

 PU2 0.774***      
 PU3 0.818***      
 PU4 0.765***      
Self-efficacy SE1 0.757*** 0.588 0.767 0.851   

 SE2 0.757***      
 SE3 0.752***      
 SE4 0.801***      
Social influence SI1 0.730*** 0.604 0.835 0.884   

 SI2 0.729***      
 SI3 0.787***      
 SI4 0.821***      
 SI5 0.813***      

Service quality SQ1 0.776*** 0.571 0.849 0.889   
 SQ2 0.741***      
 SQ3 0.758***      
 SQ4 0.741***      
 SQ5 0.790***      
 SQ6 0.726***      

Table 2. Measurement Model Assessment 
Note: †p<0.10, *p < 0.05, **p < 0.01, ***p < 0.001, one-tailed test. 
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Discriminant validity defines the extent to which a construct in a model is distinct from other 
constructs by empirical standards (Henseler et al., 2009). A construct accepts more variance 
from its assigned items than from any other constructs (Henseler et al., 2009). This study 
measured the distinctiveness of a latent construct using the heterotrait-monotrait ratio 
(HTMT) criterion test. Literature indicates that the HTMT criterion is essential to evaluate the 
constructs' discriminant validity (Benitez et al., 2020; Hair Jr, Howard, & Nitzl, 2020; Otter & 
Beer, 2021). The cut-off scores should be smaller than 0.85 or 0.90 to interpret the results 
(Benitez et al., 2020; Hair Jr et al., 2020). The results (see Table 3) demonstrate that HTMT is 
significantly less than 0.85 or 0.90, authenticating that all measured constructs illustrated their 
discriminant validity (Benitez et al., 2020) except two pairs. Our results provided evidence that 
we established discriminant validity among all constructs. However, we cannot confirm 
discriminant validity between two pairs of constructs such as PDS and BI, and PEU and PU 
contain the HTMT value of 0.937 and 0.981, respectively, suggesting a lack of discriminant 
validity. 

 BI FC PDS PEU PU SE SI SQ 

BI         
FC 0.846        
PDS 0.937 0.842       
PEU 0.868 0.820 0.859      
PU 0.872 0.833 0.872 0.981     
SE 0.686 0.754 0.670 0.802 0.735    
SI 0.796 0.877 0.665 0.829 0.693 0.814   
SQ 0.890 0.779 0.871 0.838 0.838 0.748 0.716  

Table 3. Heterotrait-Monotrait Ratio (HTMT) for Discriminant Validity  
Note: BI = behavioural intention to use telemedicine; FC = facilitating conditions; PDS = privacy and 
data security; PEU = perceived ease of use; PU = perceived usefulness; SE = self-efficacy; SQ = service 
quality; SI = social influence. 

Further, the bootstrapping technique applied for testing whether the HTMT value is 
significantly less than 1 (Hair Jr et al., 2017). Our results demonstrated that HTMT is 
considerably less than 1 (Benitez et al., 2020). We found that neither of the confidence intervals 
includes the value 1 (Hair Jr et al., 2017) except PDS and BI, PU and PEU, similar to the 
previous test. Our results show that the lower and upper bounds of the confidence interval of 
HTMT for the relationships between PDS and BI are 0.860 and 1.011, PU and PEU are 0.921 
and 1.037, indicating that these constructs in the path model are more distinct, suggesting a 
lack of discriminant validity (Hair Jr et al., 2017). Except these, the bootstrap confidence 
interval results of the HTMT criterion support the construct's acceptable discriminant validity 
(Hair Jr et al., 2017). These results are unexpected and need further investigation. 

4.2 Structural Model 

The structural model was developed to describe the relationships among the latent constructs 
and examine their significance (Roldán & Sánchez-Franco, 2012). A bootstrapping technique 
using 5,000 iterations tested the statistical significance of the relationships between 
endogenous and exogenous latent constructs in the structural path models (Hair Jr et al., 2017). 
The structural model and hypothesised relationships between constructs were tested using a 
standardised path coefficient (β) and t-statistics (see Tables 2 and 4) at p<0.05, p<0.01 and 
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p<0.001 (Benitez et al., 2020). However, a consistent PLS (PLSc) version was developed to 
correct the bias and consistently estimate SEMs with common factors (Schuberth, Henseler, & 
Dijkstra, 2018). These enhancements are based on the PLS algorithm and, thus, on ordinary 
least squares (OLS) regression analysis, implicitly assuming that all indicators are continuous 
(Schuberth et al., 2018). The reason for choosing the PLS algorithm for this research is that 
previous health adoption studies, for example, (Chang et al., 2015; Hoque et al., 2017; Hoque 
& Sorwar, 2017; Hsia, Chiang, Wu, Teng, & Rubin, 2019; Lankton & Wilson, 2007; Zobair et al., 
2019) have widely used the PLS algorithm and associated bootstrapping procedure to examine 
the statistical significance and test hypotheses. 

The structural model revealed that 5 hypotheses were supported by the relationships p<0.05, 
p<0.01 and p<0.001 (see Table 4 and Figure 3). The five proposed latent constructs had 
significant effects (see Tables 2 and 4) on behavioural intention (BI) to use telemedicine 
healthcare services. The findings show that the relationships between service quality (SQ) and 
BI (β=0.258, t=4.015, p<0.001), privacy and data security (PDS)  and BI (β=0.249, t=4.232, 
p<0.001), social influence (SI) and BI (β=0.193, t=3.650, p<0.001), perceived usefulness (PU) and 
BI (β=0.148, t=2.478, p<0.01) and facilitating conditions (FC) and BI (β=0.102, t=1.691, p<0.05) 
were statistically significant, confirming support for H6, H7, H5, H2 and H4 (one-tailed test, 
see Table 4) respectively. An R2 ≈ 0.65 indicates that about 65% of the variance (i.e., BI) in the 
model was jointly explained by SQ, PDS, SI, PU and FC. The results were close to a substantial 
R2 value (i.e., 67%) (Henseler et al., 2009), suggesting high predictive capability of the model. 
Further, R2 demonstrates each construct’s significance and its associative contribution to 
overall R2 (Wilson, 2010). Therefore, the findings (see Figure 3) confirm that service quality, 
privacy and data security, social influence, usefulness and facilitating conditions substantially 
impact patients’ behavioural intention towards telemedicine health services adoption in rural 
Bangladesh’s public hospital settings. 

Table 4. Structural Model Assessment   
Note: †p<0.10, *p < 0.05, **p < 0.01, ***p < 0.001, one-tailed test. 

The structural model further revealed that two other hypotheses were not supported. The 
relationships between SE and BI (β= -0.065, t= 1.521, p<0.05), PEU and BI (β=0.060, t=0.918, 
p<0.05), were statistically not significant. This invalidates H1 and H3 (see Table 4), indicating 
that SE, BI, and PEU and BI do not contribute to patients’ acceptance and behavioural intention 
towards adopting telemedicine health services in rural Bangladesh’s public hospital settings. 

Hypotheses Path Coefficient (β) SE t p Decision 

H1 SE → BI -0.065 0.043 1.521 0.064 Unsupported 

H2 PU→ BI 0.148** 0.060 2.478 0.007 Supported 

H3 PEU → BI 0.060 0.066 0.918 0.173 Unsupported 

H4 FC → BI 0.102* 0.060 1.691 0.045 Supported 

H5 SI → BI 0.193*** 0.053 3.650 0.000 Supported 

H6 SQ → BI 0.258*** 0.064 4.015 0.000 Supported 

H7 PDS → BI 0.249*** 0.059 4.232 0.000 Supported 
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Figure 2. Final PLS-SEM structural model for acceptance and adoption of telemedicine healthcare 
services 

 
 
Figure 3. Final model with confirmed Hypotheses.  
Note: †p < 0.10; *p < 0.05; ** p < 0.01; ***p < 0.001 one tailed test.  

Due to recent PLS-SEM developments, the overall model fit can be estimated using 
standardised root mean squared residual (SRMR), squared Euclidean distance, and the 
geodesic distance (Hair Jr et al., 2020). The measure of fit (SRMR) and the test of overall model 
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fit squared Euclidian distance (dULS) and the geodesic distance (dG) is preferable in casual 
research (Benitez et al., 2020; Hair Jr et al., 2020). The discrepancy between the two matrices is 
measured by squared dULS, dG, and the SRMR (Benitez et al., 2020; Hair Jr et al., 2020) assuming, 
the significance at 5% (Benitez et al., 2020). The recommended threshold value of SRMR should 
be below 0.080, and all discrepancy measures should be below the (dULS and dG) 95% quantile 
of their reference distribution (HI95) (Benitez et al., 2020). In our model (see Table 5), all values 
of discrepancy are below the 95% quantile of their corresponding reference distribution (HI95) 
except (dULS), authenticating acceptable overall model fit. Further, the SRMR is below the 
threshold value of 0.080, indicating a good model fit (Benitez et al., 2020). However, the 
squared Euclidean distance in this model is significantly high, and more investigations are 
encouraged on this new enhancement/development.  

Discrepancy Value HI95 Decision 
SRMR 0.058 0.045 Supported 
dULS 2.230 1.332 Unsupported 
dG 0.836 0.587 supported 

Table 5. Overall Saturated Model Fit Evaluation 

5 Discussion 

This is the first known inclusive study in Bangladesh (utilising the extended version of TAM) 
that explicitly investigated determinants of health seekers’ behavioural intentions to accept 
and adopt telemedicine in the rural public healthcare setting. Even though a significant body 
of studies have explored patients’ behavioural intentions to telemedicine adoption in high- 
and middle-income countries (Aggelidis & Chatzoglou, 2009; Hoque & Sorwar, 2017; Leung 
& Chen, 2019; Maillet, Mathieu, & Sicotte, 2015), the present study contributes to the health 
informatics literature by demonstrating determinants of telemedicine adoption predominately 
in rural healthcare facilities of a low-income country. Consistent with previous studies (Hoque 
& Sorwar, 2017; Leung & Chen, 2019; Maillet et al., 2015), findings from this study reveal that 
perceived usefulness, facilitating conditions, social influence, service quality, and privacy and 
data security are five leading determinants prompting patients’ acceptance behaviours 
towards telemedicine adoption.  

This study showed that SQ had the most significant effect on patients’ behavioural intentions 
(H6) to accept telemedicine healthcare services in rural Bangladesh settings. Evidence suggests 
that service quality is a strong determinant of patients’ telemedicine acceptance in developing 
countries settings (Ivatury, Moore, & Bloch, 2009). Within the m-Health context, Akter et al. 
(2010) found strong relationships between service quality and patients’ satisfaction.  Davis et 
al. (2019), for example, found 89% of patients were satisfied with the service quality via tele-
neurology services.  This indicates that telemedicine services quality has a strong effect on 
patients’ behavioural intention (Cronin Jr, Brady, & Hult, 2000) and subsequent acceptance 
and adoption of telemedicine healthcare services. Within the healthcare context, service 
quality can be measured by evaluating patients’ health expectations against actual service 
performance (Parasuraman et al., 1985).  

Health seekers’ satisfaction is critically important to determine whether patients continue to 
experience these services or move to different providers (Hill & Doddato, 2002). Satisfied 
patients will most likely return to a service (i.e., behavioural intention to use) and share their 
encouraging experiences through word-of-mouth with others (Cronin Jr et al., 2000; Hill & 
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Doddato, 2002). For example, service quality significantly affected patients’ behavioural 
intentions to use m-Health services (Akter et al., 2010) and physicians’ acceptance of HIS (Chen 
& Hsiao, 2012). Within m-Health services, a recent study by K.-H. Kim et al. (2019) found that 
users’ service satisfaction has the most significant effect on the continuity of intention to use 
m-Health services. Today’s health seekers expect high service quality from their health 
providers through continuous, round-the-clock health access, immediate appointments, 
lengthy consultations, and reduced wait times (Yarbrough & Smith, 2007).  

Applied to an IS success context, Delone and McLean (2003) suggest that service quality is 
considered to be the most crucial variable.  Our findings are consistent with prior studies. This 
study argues that service quality to serve as determinants of patients’ behavioural intentions 
to accept and adopt telemedicine is reflected in the current rural telemedicine service 
phenomenon. This is because, the rural patients are characterised geographically isolated, and 
telemedicine care by a specialist through videoconferencing is comparable to face to face 
specialised care benefiting their health and wellbeing without travelling for hospitalised 
treatment (Ferrer-Roca, Garcia-Nogales, & Pelaez, 2010). Our findings provide strong evidence 
of rural patients’ being influenced by telemedicine service quality, indicating improved service 
quality in telemedicine is more likely to lower health seekers’ anxiety levels and improve their 
behavioural intentions to use telemedicine services. Therefore, service quality presents a 
significant determinant in predicting patients’ behavioural intentions to accept and adopt 
telemedicine healthcare services in rural Bangladesh. 

Similar to the findings of prior studies (Kim & Park, 2012; Or et al., 2011; Venkatesh & Bala, 
2008; Venkatesh et al., 2003; Wu, Shen, Lin, Greenes, & Bates, 2008), results from this study 
demonstrated that PU had a significant effect on behavioural intention to accept and adopt 
telemedicine healthcare services, as it supports H2. Similar to the study by Venkatesh and 
Davis (2000), perceived usefulness is a strong determinant of patients’ behavioural intentions, 
explaining telemedicine adoption intentions in rural Bangladesh’s public hospital settings. A 
recent study by Leung and Chen (2019) demonstrated that PU has significantly contributed to 
patients’ continuous intentions to use e-Health services (i.e., telemedicine). This finding shows 
that PU is a strong predictor of patients’ acceptance towards telemedicine adoption intentions 
indicating that patients intend to use telemedicine when they perceive it is useful for 
addressing their disease concerns, wants and needs. This is consistent with a prior study by 
Davis (1989) which revealed that people intend to use or not to use a service (i.e., application) 
depending on whether it will exceed their expectations.  For example, Aggelidis and 
Chatzoglou (2009) studied extended TAM and found that PU has a substantial effect on the 
behavioural intentions of health staff to accept and adopt HIS.  

Another recent study by Koceska et al. (2019) found that PU has a substantial effect on 
behavioural intention to use mobile health monitoring systems. Within the m-Health context, 
Zhang et al. (2017) found that PU is a significant determinant of the adoption intention of m-
Health services. In the context of e-Health, Hoque et al. (2017) confirmed that PU has 
substantial impacts on predicting users’ intention to use e-Health services. Our findings are 
consistent with existing literature, authenticating that the PU construct is a significant 
determinant of predicting patients’ behavioural intentions to accept and adopt telemedicine 
services. 

This study reveals the PDS construct had substantial effects on patients’ behavioural intentions 
to accept and adopt telemedicine healthcare services, supporting H7 and indicating that rural 



Australasian Journal of Information Systems Zobair et al. 
2021, Vol 25, Research Article Health Seekers’ Acceptance & Adoption Determinants 

 17 

patients desire that health providers keep protected their health status and data. This result 
comports with other studies showing that privacy, and data security (PDS) issues have a 
dominating effect on users’ behavioural intentions of accepting and adopting telemedicine 
healthcare services (Akter et al., 2010; Zhou et al., 2019). A study revealed that health-seeking 
behaviour is strongly influenced by privacy-related concerns in healthcare services (Cheng, 
Savageau, Sattler, & DeWitt, 1993). Patients expect privacy and confidentiality.  This is 
supported by Kamal, Shafiq, and Kakria (2020) acknowledged that privacy and data security 
significantly contributed to adopting telemedicine services in developing countries.  Our 
results validate that the PDS construct is a strong determinant in predicting behavioural 
intention to accept and adopt telemedicine, highlighting that health providers must keep 
patients’ health information confidential and secure to ensure continued acceptance of 
telemedicine. Our results are consistent with prior empirical studies and are informative and 
relevant. 

The significance of our findings associated with PDS is further highlighted. For example, some 
empirical evidence indicates that health-seeking behaviour is strongly influenced by privacy-
related issues in healthcare services (Cheng et al., 1993), while Wilkowska and Ziefle (2011) 
acknowledged that privacy and confidentiality have substantial effects on users’ health 
technology acceptance. Chang (2015) pointed out that a lack of security, privacy and 
confidentiality is potentially significant in the acceptance and adoption of health technology, 
as telemedicine involves the electronic transmission and storage of patient health-related data. 
The risk of privacy and data security breaches can arise in healthcare systems due to 
insufficient control over data handling (Hale & Kvedar, 2014). This is supported by Kamal et 
al. (2020) acknowledged that privacy and data security significantly contributed to adopting 
telemedicine services in developing countries. Our results validate that the PDS construct is a 
strong determinant in predicting behavioural intention to accept and adopt telemedicine, 
highlighting that health providers must keep patients’ health information confidential and 
secure to ensure continued acceptance of telemedicine. Our results are consistent with prior 
empirical studies and are informative and relevant. 

Findings from this study suggest that SI plays a significant role in rural patients’ behavioural 
intentions to use telemedicine healthcare services in Bangladesh, supporting H5. Patients’ 
telemedicine acceptance decisions could be strongly influenced by their family members, 
friends, physicians, social media, and legislative awareness. This finding is consistent with 
previous literature. For example, studies confirmed that social influence is a significant 
determinant influencing users’ behavioural intentions to accept and adopt health technologies 
(Karahanna & Straub, 1999), such as m-Health services (Hoque et al., 2017) and wireless-based 
mobile services (Lu, Yao, & Yu, 2005). This indicates that higher perceived social pressure is 
more likely to heighten behavioural intention to accept and adopt technologies. More 
precisely, with health context, Cimperman et al. (2016) indicate that positive social influence 
and support strongly affect patients’ behavioural intentions to use healthcare systems. Alam 
et al. (2020) further acknowledged that social influence significantly impacts the behavioural 
intention to accept and adopt m-Health services in Bangladesh. Our findings have suggested 
that social influence is an essential determinant in predicting health seekers acceptance and 
adoption of telemedicine in rural hospital settings.  

Consistent with prior studies, this study reveals that the facilitating conditions construct has 
the dominating effects on patients’ behavioural intentions of telemedicine services adoption, 
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supporting H4. This result comports with other studies showing that the facilitating conditions 
significantly influence the users’ behavioural intentions (Jewer, 2018; Venkatesh et al., 2003). 
Likewise, Alam et al. (2020) found that facilitating conditions contributed to patients’ 
behavioural intentions of adopting m-Health services in Bangladesh. A recent study by Dutot 
et al. (2019) asserted that facilitating conditions have positive effects on users’ behavioural 
intentions to use systems/services. Within the e-Health context, Hossain et al. (2019), for 
example, revealed that facilitating conditions have a significant impact on behavioural 
intention to use e-Health (i.e., telemedicine) services. These findings are consistent with 
Venkatesh et al. (2012), who confirmed a solid link between social influence and users’ 
behavioural intentions to use technology. Our results suggest that the facilitating conditions 
construct remains a strong determinant, potentially predicting health seekers’ behavioural 
intentions to accept and adopt telemedicine healthcare services in rural Bangladesh. 

Additionally, this study confirmed that the SE and PEU had no direct effects on the BI in the 
proposed model (H1 and H3 are not supported). These results underscore the importance of 
the impact on patients’ behavioural intentions. However, these findings are consistent with 
prior studies as PEU construct (Or et al., 2011) and SE constructs (Maillet et al., 2015) unable 
to make any significant contributions to predict users’ behavioural intentions of adopting 
telemedicine healthcare services.  Interestingly, Kim and Park (2012) acknowledged that self-
efficacy and ease of use had significant effects on the behavioural intention of HIT.  This study 
argues that the inability of self-efficacy and ease of use to serve as determinants of patients’ 
behavioural intentions to accept and adopt telemedicine is reflected in the current rural 
telemedicine service phenomenon. The study findings may be unexpected, but it may indicate 
that in Bangladesh, telemedicine healthcare services and technical, operational, and 
administrative support is actively managed by its ICT staff and physicians. Patients remain 
passive and lack control over those issues. These findings are consistent with current 
telemedicine operations and critical management criteria that have been empirically proven, 
indicating that patients may have minimal interaction with the technology during 
consultation.  

5.1 Contributions and Implications 

The present study contributes to theory-based testing models (i.e., the TAM and SCT) to 
examine the determinants of acceptance and antecedents of expectation associated with 
telemedicine adoption. Prior studies have drawn on many behavioural theories, including the 
TAM (Agarwal, Sambamurthy, & Stair, 2000), to better understand users’ acceptance or 
rejection of technologies (Davis, 1989; Davis et al., 1989). In the context of health, social learning 
theory, SE, and locus of control have been applied for understanding, explaining, predicting, 
and influencing behaviour (Rosenstock et al., 1988). The present study built on these previous 
studies, for instance (Bandura, 1977, 1986; Davis et al., 1989; Shankar, Smith, & Rangaswamy, 
2003; Venkatesh, 2000a; Venkatesh & Davis, 1996), integrated their theories and uniquely 
applied the TAM and SCT to identify and examine rural patients’ acceptance and expectations 
of telemedicine adoption in emerging economies’ public hospital settings. 

This study's findings have important implications for information systems, particularly in 
health informatics research from a managerial perspective. The extended TAM model appears 
sound and could become a benchmark model to study patients' acceptance and future service 
continuity in the telemedicine domain. This suggests that health providers should enhance 
patients' happiness to keep secure patients' long-term service acceptance and continuity with 
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telemedicine. Secondly, this study employed an extended TAM framework to significantly 
contribute to predict, understand and explain health seekers' behavioural intention to accept 
and adopt telemedicine health services in rural settings in a developing country's context. 
Thirdly, determinants that influence health seekers' behavioural choices to use telemedicine 
in the context of rural areas in a developing country are explored and noted. Generally, rural 
and urban patients' intentions to adopt telemedicine services are disparate due to differences 
in their social, cultural, and facilitating circumstances. Fourthly, the results provide 
government, policymakers, implementers, and stakeholders with a clear picture of 
telemedicine projects' causative factors, adoption successes and failures. Finally, it identifies 
five exemplary determinants to patients' telemedicine acceptance and adoption —SQ, PU, FC, 
SI and PDS—that merit further policy intervention for the successful adoption of telemedicine 
services in rural settings, including healthcare industry improvement in Bangladesh and 
similar settings.  

From telemedicine implementation and actual uses standpoints, our findings point to the 
importance of providing a high quality of care, protecting patients’ privacy, prompt 
responsiveness and health outcomes, ensure well-facilitating service conditions. The health 
providers additional support build patients' trust that plays a significant role in a positive 
attitude towards new technology-mediated telemedicine acceptance and future continuity.  

5.2 Research impact 

The present study's underlying impacts are classified into seven-dimensional categories: 
knowledge, stakeholders, theory, situational, model, country, and data collection. This study's 
knowledge contributed to defining, distinguishing, explaining, interpreting, and predicting 
telemedicine adoption determinants in contexts like emerging economies' rural settings. It 
provides unique insights into rural patients' (stakeholders') views regarding telemedicine 
services. Further, this research identified four areas of impact, namely (1) research related (i.e., 
research problem, methods used, research management and communication), (2) policy (i.e., 
level of policymaking, type, nature and policy networks), (3) service (i.e., health services, 
service management, quality of care, and information systems) and (4) social-based (i.e., 
attitudes behaviour, health literacy, health status, and sustainable health outcomes) on 
research impact framework (Kuruvilla, Mays, Pleasant, & Walt, 2006). Failure to recognise 
these determinants and impacts stakeholders' acceptance and expectations of telemedicine 
will undermine attempts to implement in emerging economies. 

5.3 Limitations and future Research 

TAM model has successfully predicted user technology acceptance and usage continuance 
(Ramkumar, Schoenherr, Wagner, & Jenamani, 2019). However, using TAM without 
extending it might not explain how users accept a new technology (Alshammari & Rosli, 2020). 
The designed goal of the present research involves extending the TAM model.  Not 
surprisingly, the contemporary IS research literature has become choked and confused by 
various TAM extensions and TAM verifications in varied contexts.  Consequently, authors of 
such research reports face a challenging hurdle in making a case for the need (motive), the 
novelty, and the significance of findings that extend the TAM model or its operation in 
different contexts, demonstrating one of the significant theoretical limitations.  

Evidence suggests that contemporary healthcare services are becoming heavily reliant on 
technology (Jewer, 2018); thus, thoughtful research on users' acceptance concerning 
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technology-mediated healthcare services (i.e., telemedicine) is now crucial for sustaining this 
provision. However, TAM's significant weaknesses/limitations to explain users' behaviours 
indicate that this model is incapable of sufficiently predicting ICT acceptance (Ajibade, 2018). 
For example, the TAM model is inconsistent in providing precursors to mobile use and social 
influence that facilitate behaviours (Ajibade, 2018). Against this backdrop, a unique 
customised theorisation (i.e., Expectation Disconfirmation Theory (EDT) and TAM) can be put 
forward for future research to conceptualise patients' acceptance of the context of 
telemedicine.  

Furthermore, in line with EDT and TAM research, Lankton and McKnight (2012) revealed that 
if an easy-to-use system/service may satisfy the users, in turn, individuals may put up with a 
technology/system that is not easy to use. This indicates that an individual's acceptance 
decision will increase more for positive ease of use than it will decrease for negative ease of 
use regarding a system/service (Lankton & McKnight, 2012). Lankton and McKnight (2012) 
further predicted that a positive asymmetry effect on ease of use would exist for performance 
because ease of use is more likely to have assimilation effects on satisfaction through 
performance than contrast effects through disconfirmation. This indicates that an individual 
with low experience is more likely to explore small discrepancies between ease-of-use 
expectations and performance disconfirmation (Lankton & McKnight, 2012).  

Some other limitations do exist in this research. First, this study reflected only the behavioural 
adoption intentions of health seekers. Future research should investigate factors concerning 
the behavioural intentions of public health providers that influence telemedicine adoption in 
rural settings. Second, only public telemedicine health systems were included in this study. 
Private telemedicine health systems could be included in future research to examine the 
differences between public and private service interests. Third, this study focused on few 
factors to determine health seekers’ behavioural intentions to use telemedicine. Future 
research could be conducted by including age, gender, education, disease types, health literacy 
and organisational effects that may significantly influence health seekers’ adoption intentions. 
Finally, this study was limited to Bangladesh. Combining this study with cross-sectional data 
from similar developing countries would provide a broader view of behavioural intention to 
use telemedicine in a global context. 

5.4 Conclusion 

This research demonstrates significant support for the proposed theorised model, accounting 
for over 65% of the variance in health seekers’ behavioural intentions to use telemedicine 
healthcare services. This study has developed an extended TAM framework that has yielded 
guidelines for accelerating telemedicine adoption in rural Bangladesh and contextually similar 
settings. Drawing from research on TAM in e-Health, Hoque et al. (2017) found that privacy 
and trust have not contributed adequately to qualify as a determinant of patients’ behavioural 
intentions, while in our study, we found that PDS strongly influences patients’ intentions to 
use telemedicine services. This authenticates that health providers must keep patients’ health 
data confidential and secure to ensure continued acceptance of telemedicine healthcare 
services in rural settings in Bangladesh. Further, this study would help to determine the model 
that is considered the most appropriate and beneficial standard as a benchmark for all future 
research on patients’ behavioural intentions of telemedicine healthcare service adoption in 
both developed and developing countries’ rural contexts. Consistent with our findings, this 
study is significant and deepens the understanding of the determinants of health seekers 
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behavioural intentions of other important ICT based healthcare services adoption fields such 
as e-Health and m-Health. Novel interpretations of large data sets in health informatics have 
been generated and extended a body of new knowledge in rural emerging economies settings.  
Pertinent implications, limitations and forthcoming research directions were further 
recommended to secure the long-term sustainability of telemedicine healthcare projects in 
emerging economies and similar settings.  
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Appendix  

Measurement items of constructs 
Constructs Indicators Statement  Sources 

Perceived 
Usefulness 
(PU)  

PU1 Using telemedicine will improve my quality of life. (Bhattacherjee & 
Hikmet, 2007; Chau & 
Hu, 2002; Hoque et al., 
2017; Venkatesh et al., 
2003)  PU2 Using telemedicine will make my life more convenient. 

 PU3 Using telemedicine will make me more productive in 
managing my health. 

 PU4 Using telemedicine will make my life more useful. 

Perceived 
Ease of Use 
(PEU) 

PEU1 I can get telemedicine health services easily. (Chau & Hu, 2002; 
Venkatesh et al., 2003; 
Zhou et al., 2019) 

 PEU2 I can easily receive a remotely specialist consultation 
via telemedicine. 

 PEU3 I can discuss my health-related issues with specialist 
physicians easily via video conferencing. 
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 PEU4 Using telemedicine to discuss with my specialist 
physician, any of my health-related issues is easy for 
me.   

Self-Efficacy 
(SE) 

SE1 It is easy for me to get telemedicine services that are 
provided by my hospitals. 

(Johnston & Warkentin, 
2010; Maillet et al., 
2015; Tsai, 2014; 
Venkatesh et al., 2003; 
Zhang et al., 2017) 

 SE2 I can use telemedicine for receiving specialist 
consultation remotely. 

 SE3 I am confident to discuss my health-related issue with 
specialists via telemedicine. 

 SE4  I believe that I can use telemedicine for better health 
management. 

Service 
Quality (SQ) 

SQ1 I have been satisfied with telemedicine services that 
performed well for the first time. 

(Akter et al., 2010; 
Kettinger & Lee, 1997) 

 SQ2 Getting telemedicine has enabled me to improve my 
health. 

 

 SQ3 In most ways, my healthy life has come closer to my 
ideal since I have started to use telemedicine. 

 SQ4 The physicians in telemedicine have understood my 
specific health needs. 

 SQ5 The physicians in telemedicine have given me 
individual attention during the consultation. 

 SQ6 Overall, telemedicine has helped me to achieve the 
health goals I most expect in life. 

Social 
Influence 
(SI) 

SI1 People who are important to me think that I should use 
telemedicine. 

(Dwivedi, Shareef, 
Simintiras, Lal, & 
Weerakkody, 2016; 
Hoque & Sorwar, 2017; 
Venkatesh et al., 2003) 

 SI2 People who influence my behaviour think that I should 
use telemedicine. 

 SI3 Those family members who are important to me think 
I should use telemedicine. 

 SI4 My friends whose opinions I value think I should use 
telemedicine. 

 SI5 The physicians whose opinions I value prefer that I 
should use telemedicine. 

Privacy and 
Data 
Security 
(PDS) 

PDS1 I believe the privacy of telemedicine patients is 
protected.  

(Chellappa & Sin, 2005; 
Culnan & Armstrong, 
1999; Dünnebeil, 
Sunyaev, Blohm, 
Leimeister, & Krcmar, 
2012; Hoque et al., 2017) 

 PDS2 I believe that the personal information stored in the 
telemedicine system is safe.   

 PDS3 I believe the telemedicine system keeps patients’ 
information secure.   

Facilitating 
Condition 
(FC) 

FC1 I find that telemedicine has the resources necessary to 
provide me with healthcare services. 

(Alam et al., 2020; 
Dwivedi et al., 2016; 
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 FC2 I find that telemedicine physicians have been very 
knowledgeable.  

Hoque & Sorwar, 2017; 
Venkatesh et al., 2003) 

 FC3 I find that telemedicine facilitates the required 
technologies that are needed. 

 FC4 I can get telemedicine services when I need to. 

 FC5 I find that telemedicine enables easy referrals to 
specialised physicians. 

 FC6 I have found telemedicine consultations successful. 

Behavioural 
Intention 
(BI) 

BI1 I have a high intention to use telemedicine. (Chau & Hu, 2002; 
Hoque & Sorwar, 2017; 
Venkatesh et al., 2003; 
Zhou et al., 2019)  BI2 I intend to use telemedicine for a better quality of life. 

 BI3 I intend to acquire more knowledge about the benefits 
of telemedicine for better health management. 

 BI4 I plan to use telemedicine to manage my healthy life. 
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