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 The purpose of this study is to examine the determinants of behavioral intentions to use of mobile 
health (m-Health) applications in Jordan through examining the mediating role of perceived trust 
and its influence on the behavioral intention to use such applications. A conceptual model was de-
veloped based on the extant literature. A questionnaire survey was administered to a convenient 
sample of 318. Data was analyzed using smart PLS 3. The findings suggest that patients’ behavioral 
intentions to use m-Health applications are positively affected by perceived ease of use, perceived 
security, social influence and perceived trust of these applications. Perceived Trust was also found 
to mediate the relationship between these factors and the behavioral intention. Discussion, conclu-
sions, implications, research limitations and areas for future research are also provided. 
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1. Introduction 
 
Since the introduction of mobile technology in the 1950s, the world has witnessed an accelerated growth of the demand for 
this technology and since the 1990s the demand has exploded (Dunnewijk Hulten, 2007; Al-Hazmi, 2021; Bolarinwa, 2015). 
In just a couple of decades, mobile phones have exceptionally progressed from a mere idea of integrating telephony and 
computers to a smart product that is extensively used in every aspect of daily life (Lee et al., 2013). Nowadays, smartphones 
are equipped with high quality imaging, high-resolution touchscreens, video streaming, GPS navigation, e-mail, high speed 
internet access and many more. Recent statistics reveal that the number of smartphone users are projected to be 5 billion by 
2025 and the average number of daily touches is a staggering 2617 times with more than 500 minutes of usage per day (Carmi 
et al., 2020). With this excessive use, smartphones are now being used beyond convenience, entertainment and fun to a variety 
of purposes with just a swipe of a finger or a touch of a button, ranging from browsing the internet to watching news, online 
banking, online learning and training, online shopping and most recently mobile Health care (m-health). The idea of m-Health 
was first introduced in 2000 under the term of “Unwired e-med” (Laxminarayan and Istepanian, 2000; Meshram et al., 2020) 
referring to the advancements of telemedicine services from desktop platforms to wireless and mobile platforms (Tachakra et 
al., 2003). Since then, this field has witnessed tremendous growth supported by the vast technological advancements in 
smartphones, wearable and portable devices, mobile communication, satellite communication, cellular systems and cloud-
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based computing (Baig et al., 2014; Naseer Qureshi et al., 2020; Al-Gasawneh et al., 2020; Hammouri & Abu-Shanab, 2020). 
Such technologies have coined the concept of m-health where it is defined nowadays as the delivery of health services facili-
tated by mobile devices, medical sensors, and mobile communication to deliver better health care services and to improve the 
performance of health workers (Lee et al., 2017; Yang & Kovarik, 2019; Hammouri et al., 2020; Manyati & Mutsau, 2020). 
Currently, m-Healthcare is considered as one of the biggest technological breakthroughs and is becoming a huge industry that 
is witnessing an accelerating growth rate with a 10% annual growth rate (Baek et al., 2016; Istepanian & AlAnzi, 2020; 
Hawamleh et al., 2020). M-Health has the potential to effectively facilitate and improve health care delivery once integrated 
into a healthcare system. Not only it has the capability to increase access to healthcare services but also to improve routine 
healthcare monitoring and notifications, promote patient engagement, collect clinical and managerial information, diagnose 
diseases, detect unusual medical information and treatment, and provide efficient and effective medical monitoring (Yang & 
Kovarik, 2019; Meshram et al., 2020). Therefore, m-Health has been successfully adopted in many developed countries and 
is currently being adopted in an increasing number of developing countries. However, the adoption rate of m-Health in devel-
oping countries is not at the required pace despite its importance in such countries with dysfunctional public health system 
that is facing major challenges such as healthcare infrastructure deficiencies and scarcity of clinical resources (Latif et al., 
2017; Eze et al., 2018). Many factors may contribute to the slow adoption rate of m-Health in developing countries, including 
the acceptance of such technology and proper use by potential users (Zhao et al., 2017; Petersen et al., 2020).  

Jordan is one of few developing countries which has a well-established healthcare system. It has become a leader in healthcare 
services in the region where huge investments are continuously being allocated to the healthcare sector.  According to the 
World Bank, Jordan is ranked first among Arab countries in health tourism and fifth in the World (Fagih & Jaradat, 2015). 
Moreover, during the last decade Jordanians have shown an increasing interest in health issues and healthy lifestyle (Nusairat 
et al., 2020a). However, the Jordanian healthcare sector is facing massive challenges such as; high blood pressure conditions, 
diabetes, increase of non-communicable diseases, heart conditions and obesity-related conditions among the population. In 
addition to the large and recurrent waves of refugees from Iraq and Syria and the uneven distribution of healthcare services 
where most of these services are concentrated in the big urban cities (Al-Jbour et al., 2013; Al-Gasawneh & Al-Adamat, 2020; 
Lupieri, & Doetter., 2020;).  Thus, m-Health could be the solution to overcome these obstacles where healthcare services can 
be offered with minimum cost to rural population and medical monitoring and follow up can also be improved. However, the 
success of this attempt relies on the acceptance of mobile service including m-Health among the Jordanian society. To this 
end and motivated by the dearth of empirical research on the acceptance of m-Health in developing countries especially in the 
Middle East region, this research paper investigates the determinants of behavioral intentions to the use of m-Health applica-
tions in Jordan through examining the mediating role of perceived trust and its influence on the behavioral intention to use 
such applications. 

2. Theoretical foundation and hypothesis development 

Technology acceptance theories have been widely used in the field of technological innovation and Information and Commu-
nication Technology (ICT) to investigate the factors that affect adoption rate, users’ intentions, and actual usage. The Tech-
nology Acceptance Model (TAM) which was introduced in 1989 by Davis has been widely used to investigate the influence 
of external factors on internal attitudes and intentions. TAM argues that the use of a system is affected by two main factors 
named, perceived usefulness (PU) and perceived ease of use (PEOU). PU is defined as “the degree to which a person believes 
that using a particular system would enhance his or her job”, while PEOU is defined as “the degree to which a person 
believes that using a particular system would be free of effort”. PU and PEOU form the individuals’ attitude towards the 
technology and thus affects the actual system use. Therefore, any technology that has a more positive PU and PEOU will have 
higher chances of being accepted and used by potential users (Henderson and Divett 2003). A review of the extant literature 
on the acceptance of various IT technologies have strongly demonstrated that PU and PEOU widely influence individuals’ 
perceptions to use a new technology (Hammouri et al., 2021a; Holden & Karsh, 2010; Phan & Daim, 2011; Sintonen & 
Immonen 2013). In the context of m-Health, Lim (2011) found that the intention to use mobile application to seek health 
information was positively and significantly predicted by PU. Further, many studies indicate that PEOU and PU significantly 
influence patients’ intention to adopt m-Health technology (Fagih and Jaradat, 2015; Zhao et al., 2017; ALsswey et al., 2018). 
Therefore, we construct the first two hypothesis as: 

H1: There is a statistically significant positive effect for perceived usefulness on the behavioral intentions to use m-Health 
application.  

H2: There is a statistically significant positive effect perceived ease of use on behavioral intention to use m-Health application. 

Moreover, social influence (SI) which is defined as “the extent to which consumers perceive that important other such as 
family and friends believe they should use a particular technology” (Venkatesh et al, 2012) is found to be a key influential 
factor for the adoption and use of technology (Hoque & Sorwar, 2016; Tavares & Oliveira, 2018). As proposed by Diffusion 
of Innovation theory, the social system has a major impact on users’ decisions to adopt a certain technology more than the 
characteristics of the technology itself (Hsu et al., 2004; Nusairat et al., 2021). In the context of m-Health several studies have 
indicated that social influence has a significant effect on the intention to use m-Health applications (Zhang et al., 2014; Miao 
et al., 2017; Aljohani & Chandran, 2019). Thus, we hypothesize: 
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H3: There is a statistically significant positive effect for social influence on behavioral intention to use m-Health applications.  

Another key factor that influences the behavioral intention to use m-Health application is perceived security (PS). Patients are 
reluctant to share their information if they have fears that the service provider will share their personal information with third 
parties without their permission (Zhou, 2012; Petersen et al., 2020). Several studies have acknowledged that security issues 
are significantly critical for the acceptance and wide use of m-Health technologies (Sun et al., 2010; Fernandez-Aleman et al., 
2013; Alloghani et al., 2015). Therefore, we hypothesize:  

H4: There is a statistically significant positive effect for perceived security on behavioral intention to use m-Health applica-
tions.  

Moreover, trust which is defined as “the belief that m-Health application has the characteristics required to function as 
anticipated in a given circumstances” (McKnight et al., 2011), is one of the most influential factors on the adoption of any 
kind of technology (Mohamed et al., 2011; Akter et al., 2013; Nusairat et al., 2020b). Trust is a critical factor in the relationship 
between users and any technology (Hammouri & Abu-Shanab, 2017; Zhang et al., 2020). The popular principle “no trust, no 
use” will always be at the heart of designing any automated system (Schaefer et al., 2016). Within the extant literature, PU, 
PEOU, SI and PS have been found to positively impact perceived trust (PT) of any system. For instance, Lee and Jun (2007) 
claimed that in the context of mobile commerce, PU and PEOU are important predictors of users’ trust. Similarly, Amin et 
al., (2014) have found that PU can have a significant positive influence on users’ perceived trust of mobile websites. Most 
recently, Ventre and Kolbe (2020) reported the significance of PU on consumers’ trust. Moreover, many studies claim that 
social influence will affect user’s trust towards a system (Alsajjan and Dennis, 2010; Liébana-Cabanillas et al., 2014; Ham-
mouri et al., 2021b). Other studies found that perceived security of any system can positively influence users’ trust (Damgha-
nian et al., 2016). Therefore, we hypothesize:   

H5: There is a statistically significant positive effect for perceived usefulness on user perceived trust in mobile healthcare 
applications. 

H6: There is a statistically significant positive effect perceived ease of use on user perceived trust in mobile healthcare appli-
cations. 

H7: There is a statistically significant positive effect for social influence on user perceived trust in mobile healthcare appli-
cations. 

H8: There is a statistically significant positive effect for perceived security on user perceived trust in mobile healthcare ap-
plications. 

In the context of m-Health, patients will use m-Health applications only if they are assured that these are functioning properly 
and delivering precise and reliable information. Several studies claim that trust has a direct or indirect mediation effect on 
users’ intention to adopt or use new technology (Yoon, 2009; Shareef, 2011). Therefore, we hypothesize: 

H9: There is a significant positive effect of trust on behavioral intention to use m-Health applications.  

H10: The relationship between perceived usefulness and user’s behavioral intentions to use m-Health applications is mediated 
by perceived trust.  

H11: The relationship between perceived ease of use and user’s behavioral intentions to use m-Health applications is mediated 
by perceived trust.  

H12: The relationship between social influence and user’s behavioral intentions to use m-Health applications is mediated by 
perceived trust.  

H13: The relationship between perceived security and users’ behavioral intentions to use m-Health applications is mediated 
by perceived trust.  

3. Methodology 

This study is descriptive, which is a type of research that can describe a phenomena or specific state while also depicting the 
current situation and enabling for a decision to be made. The objective of this type of research is to validate a previously 
developed hypothesis that is relevant to current events. The research population of this study comprised current users of 
mobile healthcare applications in Jordan. Self-handled questionnaire was developed to collect relevant data. Apart from the 
respondent demographic profile, the questionnaire was made up of 18 items, separated into seven parts. The first  two parts 
measured each of perceived usefulness and perceived ease of use  and was adapted from Davis et al. (1989), the third section 
was related to perceived security adapted from Puriwat and Tripopsakul (2017), the fourth was related social influence features  
adapted from (Mertins & Austerm ann, 2014), the fifth section was about the mediating variable (perceived trust) borrowed  
from (Alkailani, 2016), and the sixth was about the dependent variable (behavioral intentions) adapted from Puriwat and 
Tripopsakul (2017). The questionnaire items were assessed using five point Likert scales. Given that the measures of the 
current study are borrowed from previously established research, measurement scales were deemed to be reliable and valid. 
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However, the measures were further subjected to academic piloting. Data was collected over 6 weeks (February to April 2021) 
from a convenient sample of mobile healthcare application users in Jordan approached by email and through social media.   
The sample size should be in accordance with the power of analysis, which is the minimum number of respondents possible 
given the model's complexity. The minimal sample size for the present study was then identified as 74, based on Green's 
(1991) table and utilizing the five predictors from the research framework with a moderate impact size, as proposed by Gefen 
et al. (2011). Furthermore, according to Hair (2010), to obtain reliable results, the sample size must be greater than 100. 
Therefore, 340 responses generated over six weeks of data collection was considered adequate for data analysis. Collected 
data was screened for completeness first and several 318 responses were then considered for analysis, with 22 questionnaires 
being eliminated due to being incomplete. Data analysis was carried out using Smart PLS-SEM software.  

4. Results  

4.1 CFA model  

To assess the five first-order constructs in the study, 18 items were used (PU, PE, PS, SI, PT, BI). The study used confirmatory 
factor analysis to evaluate the research measurement model. Fig. 1 depicts the measurement model. 

 

  

 

 
 
 
 
 
 
 
 
 
 
 
 

Fig. 1. Measurement Model 

4.1.1   Convergent Validity 

Table 1  
The CFA Model's Convergent Validity 

Construct Items Factor loading CR AVE 
PU PU 1 0.872 0.909 0.769 

 PU 2 0.877   
 PU 3 0.882   

PE PE 1 0.885 0.898 0.746 
 PE 2 0.866   
 PE 3 0.839   

PS PS 1 0.821 0.879 0.707 
 PS 3 0.874   
 PS 4 0.826   

SI SI 1 0.862 0.917 0.787 
 SI 2 0.900   
 SI 3 0.897   

PT PT 1 0. 861 0.904 0.757 
 PT 2 0.898   

 PT 3 0.852   
BI BI 1 0.882 0.907 0.765 

 BI 2 0.866   
 BI 3 0.875   

 

Table 1 shows the confirmatory factor analysis for the measurement model. It is also possible to see the evaluation results of 
the model items' standardized factor loadings. The standardized factor loadings were all above the threshold of 0.5 and ranged 
between 0. 821 and 0. 900. Furthermore, the AVE values ranged from 0.879 to 0.919 for all constructs. According to Hair et 
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al. (2019), the cut-off value was 0.5, and all values were more than this. The composite reliability values for all constructs 
ranged from 0.891 to 0.934, which were all more than the suggested value of 0.7 for all constructs as described in (Hair et al, 
2019). 

4.1.2   Discriminant validity 

In the present study, HTMT values were observed to identify the model's discriminant validity (Henseler, 2015; Ngah et al., 
2021). 

Table 2  
The HTMT for constructs 

  PU PE PS SI PT BI 
PU          
PE 0.641        
PS 0.733 0.739      
SI 0.763 0.567 0.219    
PT 0.432 0.409 0.603 0.733   
BI 0.398 0.761 0.551 0.812 0.600  

 

Table 2 shows that the HTMT values for all constructs were less than 0.90 and ranged from 0.219 to 0.812. As a result, each 
latent concept evaluation was totally discriminatory (Henseler et al., 2015). After assessing the convergent and discriminant 
validity of the measurement model, it was concluded that the measurement scale used to assess the components and their 
related items in the CFA model was completely reliable and valid. 

4.2 Hypothesis testing 
   
The findings of hypothesis testing were reported on the basis of the values of direct and indirect effects in the structural 
model (Fig. 1). These are presented in the following two subsections.  
 

4.2.1 Hypothesized direct effects of the constructs in structural model 

As can be noticed from table 3, the R2 values for PT and BI are 0.686 and 0.351, respectively. This reveals that the predictors 
(PU, PE, PS, SI) explain 68.6 percent of PT change and only 35.1 percent of BI variation. The R2 values meet the 0.19 cutoff 
value, according to the findings of (Chin, 1998). The BI Q2 value of 0.241 was significantly greater than zero, showing that 
the model had predictive validity, which is consistent with the recommendations of (Chin, 2010). The model has a high level 
of fit and predictive capability. Furthermore, the VIF values ranged from 1.147 to 3.467, which were all less than 5. (Hair, 
2014.  In predicting BI, the p-values of (PU, PE, PS, SI, and PT) were 0.052; 0.000; 0.000; and 0.003, respectively. The p-
values of PU, PE, PS, and SI for PT predictive factors were 0.061; 0.000; 0.002; 0.000, indicating that the probability of 
predicting using absolute p-values is between 0.01 and 0.05. This demonstrates that the links are positive, and hypotheses H2, 
H3, H4, H6, H7, H8, and H9 are supported, but not H1, H5. 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

Fig. 2. Hypotheses Testing 
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Table 3  
Direct Effects 

 PATH St, β St. d R2 Q2 F2 VIF T-value P-value Decision  
H1 PU → BI 0.233 0.056 0.686 0.241 0.051 3.467 4.160 0.052 Not supported 
H2 PE→ BI 0.117 0.040   0.027 1.224 2.925 0.000 Supported  
H3 PS→ BI 0.212 0.055   0.123 2.527 3.854 0.000 Supported  
H4 SI → BI 0.058 0.018   0.037 3.645 3.222 0.000 Supported  
H5 PU → PT 0.273 0.066 0.351  0.119 3.467 4.136 0.061 Not supported  
H6 PE → PT 0.218 0.073     0.026 1.147 7.266 0.000 Supported  
H7 PS → PT   ٠. 212 0.075   0.057 2.340 2.826 0.002 Supported  
H8 SI → PT 0.324 0,095    0.029 3.035 0.341 0.000 supported 
H9 PT → BI 0.263 0.063   0.087 2.501 4.174 0.003 Supported  

 
4.2.2   Mediation hypotheses  

From the Bootstrapping outcomes displayed in Table 5, there was an indirect effect of PT on the relationship between PE and 
BI, and the relationship between PS and BI, and the relationship between PS and BI. The effect was significant at 0.05 level 
for all hypotheses were, β = 0.252, T-value = 2.153, T-value = 3.857, P-value = 0.003; T-value = 2.255, P-value = 0.032; T-
value = 2.750, P-value = 0.006, T-value = 2.090, P-value = 0.058; respectively. This means there is existing mediation because 
the p-values for all hypotheses less than 0.05 where were 0.003, 0.032, 0.006 respectively, and the indirect effect of Boot CI 
Bias Corrected did not straddle a 0 in between, based on Preacher and Hayes (2004, 2008). And With exception to the indirect 
effect of PT on the relationship between PU and BI, because the p-value was 0.058 this clear it is more than 0.05, and the 
indirect effect of Boot CI Bias straddled a 0 in between and based on Preacher and Hayes (2004, 2008), there is no mediation. 
As such, hypotheses H11, H12, and H13 were supported. but H10, not supported. 

Table 4  
Indirect Effects 

 PATH  St. β St. d T values 2.50% 97.50% p-values Decision 
H10 PU → PT → BI 0.232 0.111 2.090 -0.030 0.0127 0.058 Not supported  
H11 PE → PT → BI 0.081 0.021 3.857 0.023 0.138 0.003 Supported  
H12 PS → PT → BI 0.097 0.043 2.255 0.022 0.109 0.032 Supported  
H13 SI → PT → BI 0.088 0.032 2.750 -0.087  - 0.004 0.006 Supported  

 

5. Discussion 

The main objective of this study was to investigate the determinants of behavioral intentions to the use of mobile health (m-
Health) applications in Jordan through examining the mediating role of perceived trust and its influence on the behavioral 
intention to use such applications. PLS 3.3.3 was utilized to examine the thirteen study hypotheses proposed in this research. 
Results indicated that most of the hypotheses were supported. The first hypothesis (H1) relating PU on the behavioral inten-
tions to use m-Health applications was not supported. While the second hypothesis (H2) relating PEOU on behavioral inten-
tion to use m-Health applications was supported. PEOU were found to be a significant predictor of patients’ intention to use 
m-Health applications. This conforms to the findings of previous empirical studies reported in the literature (Holden & Karsh, 
2010; Phan & Daim, 2011; Sintonen & Immonen 2013). Many studies indicate that PEOU significantly influences patients’ 
intention to use m-Health applications (Fagih and Jaradat, 2015; Zhao et al., 2017; ALsswey et al., 2018). Our results support 
the third hypothesis (H3). Such findings revealed that SU affects patients’ intention to use m-Health applications. This result 
is in line with previous research findings; several studies in m-Health have indicated that social influence has a significant 
effect on the intention to use m-Health applications (Zhang et al., 2014; Miao et al., 2017; Aljohani & Chandran, 2019). 
Moreover, the fourth hypothesis (H4) relating PS to behavioral intention to use m-Health applications was supported. This 
indicates that whenever patients’ feel that their data is safe and protected, they will be more into using m-Health applications. 
This result is in the same vein with Several studies have acknowledged that security issues are significantly critical for the 
acceptance and wide use of m-Health technologies (Sun et al., 2010; Fernandez-Aleman et al., 2013; Alloghani et al., 2015; 
Petersen et al., 2020). 

Further, H5 which relates PU on PT was not supported, while the results of our study support hypotheses (H6-H8) relating to 
PEOU, SI and PS on the PT. These results are in line with previous studies conducted by Damghanian et al (2016), Liébana-
Cabanillas et al. (2014) and Ventre and Kolbe (2020). Moreover, the ninth hypothesis (H9) relating PT to behavioral intention 
to use m-Health applications was supported. This indicates that patients will use m-Health applications only if they are assured 
that these applications will function properly and will deliver accurate and reliable information. This result is in line with a 
recent study by Li (2020) who found that trust can significantly influence patients’ attitude towards using m-Health services. 
Finally, the mediating impact of perceived trust on patients’ intention to use m-Health applications was also supported except 
for H10. Therefore, hypotheses (H11-H13) were supported.  Such results support the findings of Yoon (2009) and Shareef 
(2011) who claimed that trust has a direct or indirect mediation effect on users’ intention to adopt or use new technology. It 
is also in line with the findings of Al-Sharafi et al., (2017) who found that trust plays a mediator role between PU and users’ 
intentions. 
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 6. Conclusions and Contribution  

The results of this research show the importance of PEOU, PS, SI and PT as strong constructs in forming patients’ perceptions 
and driving their behavioral intentions towards utilizing m-Health applications. Moreover, PT plays a vital role on patients’ 
behavioral intentions, suggesting that trust is a critical factor in the relationship between patients and the use of m-Health 
applications. As such, once the patient perceives the m-Health application as a trustable source, he/she will develop a more 
favorable attitude towards using this application. The research findings boost the existing literature on the influence of differ-
ent factors including PU, PEOU, SI, PS and PT on patients’ behavioral intention to use m-Health applications in developing 
countries such as Jordan. Thus, the study's findings provide a comprehensive understanding about the role of PT in the ac-
ceptance of m-Health applications. Empirically, this research provides valuable insights into how the PT can be utilized to 
enhance the acceptance and spread the use of m-Health applications. The findings of this research also bear several important 
practical implications. Firms are required to be aware of the significant role of PEOU, SI, PS and PT in forming patients’ 
favorable perceptions and boosting their tendency to use m-Health applications. Therefore, practitioners have to pay attention 
to many features in their m-Health applications including ease of use, social influence, security and trust in order to promote 
their applications. Enhancing these features in m-Health applications will significantly impact patients’ behavioral inten-
tions.     

 7. Limitations and future research recommendations 

This research suffered from some limitations, especially sampling producers and sampling size, which affect the generaliza-
bility of the findings. However, such limitations could be avoided in the future by applying probability sampling techniques 
to recruit respondents, to generate more reliable and generalizable findings. Further, this research can be extended to consider 
the moderating role of demographic factors to understand patients’ intention to use m-Health applications based on their 
demographics like age, gender, and educational level. 
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