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Abstract 

The purpose of this paper is to examine the factors that influence the intention of patients to 
adopt mobile health apps. The factors selected to conduct this study are perceived usefulness, 
perceived ease of use, and subjective norm. The proposed research model was reviewed and 
validated using the PLS-SEM with a sample of 300 respondents. The results of this study 
showed that perceived usefulness, perceived ease of use, and subjective norm could positively 
affect the patient's intention to use the mobile health app. The results of this study have made it 
possible to fill the research gap and provide adequate statistical support to the future expansion 
of research in the field of mobile health app. For practical reasons, these results have also 
provided researchers, app developers and healthcare providers with valuable information on 
how to evaluate and develop effective mobile health apps from the users’ perspective. 
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1. Introduction 

The use of mobile technology has increased at a tremendous pace. The smartphone users 
worldwide is at 1.46 billon for the year 2018 (PressReader, 2018). This rapid growth and 
advancement in mobile technology have provided many amenities that benefit the user and 
encourage the development of various mobile apps (Harrison et al., 2013). Specifically, in 
2017, more than 325,000 health and medical apps were available on the Google Play Store and 
Apple App Store (Research2Guidance, 2017). 

In general, mobile apps refer to software programs run by the US Food and Drug 
Administration, FDA (FDA 2018) on smartphones and other mobile communication devices. 
Mobile apps serve as accessories or software connected to a smartphone or other mobile 
communication devices. While, mobile health, known as "mHealth", is generally known as 
medical or public health practice supported by mobile devices (Tomlinson et al., 2013). In this 
research, the mobile devices to which the researcher refers are the handheld smartphone. In 
accordance with the basic definition of the mobile app, mobile app for health, as the name 
suggests, is the accessory or software associated with a smartphone, which provides users with 
supportive health or medical-related functions (Yasini and Marchand, 2015). 

There are many types of health-related mobile apps available on the market, ranging from 
simple fitness and wellness apps to sophisticated apps providing diagnostic and treatment 
services (Albrecht, 2016). According to research2guidance (2016), mobile health apps can be 
categorized as follows:  
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Table 1. The Categories of Mobile Health Apps (Research2guidance, 2016). 

Categories Description 

Remote 

monitoring 

Monitoring a patient’s health condition via remote telecommunication, 

which includes lifescans for diabetes patients to monitor their blood 

glucose level, remote heart monitoring, and other telehealth monitoring 

services) 

Diagnostic 

apps 

These apps enable the accessibility of personal health record (PHR), 

including digital imaging (MRI/X-ray), electronic charts and lab test 

results, and enable symptoms check-up. 

Remote 

consultation 

Consultation, diagnosis or treatment via remote telecommunications that 

remove the hinder of distance, such as connecting patients with a doctor via 

video. 

Patient 

health 

record 

Enable patients to view their medical record via the smartphone health app. 

Healthy 

lifestyle 

maintenance 

apps 

Including pregnancy and baby development app, diet and nutrition app, 

weight loss, menstrual period tracking app, and fitness tracking app. 

Reminders 

and alerts 

Enable patients to manage their prescriptions and appointments with health 

care providers. 

Medical 

compliance 

app 

An app that manages patient medication and prescription adherence. 

This study includes all of the above categories in the multiple selections of the questionnaire to 
determine the most used categories of mobile health apps among respondents. The results 
showed that the majority of respondents are currently using healthy lifestyle maintenance apps, 
followed by reminders and alerts medical apps. 

The use of the mobile health app takes precedence over the traditional health process in terms 
of aspects of data collection, care delivery, patient engagement, and real-time drug monitoring 
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(Tomlinson et al., 2013). There are increasing number of patients who have begun to use their 
mobile health app to monitor and improve their health and wellness quality. These patients 
have a sense of responsibility for following the diet and medication prescribed by the health 
care provider, adhering to exercise routines and follow-up appointments (Gruessner, 2015). 

Most importantly, the use of the mobile health app allows the user to access his or her desired 
health-related functions without having to travel long distances. In summary, the mobile health 
app has facilitated the medical and the health treatment process in a very accessible and 
cost-effective manner (Jones and Moffitt, 2016). 

In addition, mobile apps not only work as a standalone item, but many upcoming mobile apps 
also integrate with peripheral devices. These apps leverage the ability of smart devices to 
synchronize with other devices or systems via Bluetooth (Hanrahan et al., 2014). Patient 
information will be collected and recorded in a central database that health professionals will 
be able to access on a regular basis (Athenahealth, 2018). 

Despite the growing phenomenon of mobile health apps, there are still patients who have 
stopped using them after a while, who are opposed to the use of health apps or who are not even 
aware of the existence of such apps (Peng et al., 2016). 

2. Literature review 

2.1 Perceived usefulness (PU) 

The perceived usefulness (PU), according to Davis (1989), is defined as the degree to which a 
person thinks that a given technology or information system could improve their performance 
at work. The individual will assess the benefit or value of the mobile health app in terms of the 
desired outcomes it could gain from adoption. In the context of this study, perceived usefulness 
is the degree to which users' perceptions of the health-related services offered by mobile health 
apps will be beneficial to them (Alloghani et al., 2015). 

Legris et al. (2003) suggest that PU is usually measured using four elements: effectiveness, 
productivity, performance and overall usefulness of new technology. For example, physicians 
and patients will be more likely to adopt a mobile health app if they perceive that the app would 
be useful enough to effectively manage health care, improve their productivity and 
performance at work (Alloghani et al., 2015). 

The word “perceived” usefulness is used because the user is based on his or her subjective 
thinking about whether the app is able to improve its performance and productivity (Price et al., 
2012), while the degree of usefulness may differ from each other. In short, a patient will 
increase his chances of adopting mobile health apps as he has been able to take advantage of 
the benefits of these apps. For example, the app will be seen as useful if it allows users to 
improve their health management effectiveness or help users get drug updates and first-hand 
information. When patients perceive apps as useful for their health care outcomes, positive 
attitudes towards the app are created and result in a positive behavioral intention to use (Deng 
et al., 2012). 
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2.2 Perceived ease of use 

The perceived ease of use (PEOU), according to Davis (1989), is defined as the degree to 
which a patient believes in the use of a particular technology would require no effort. However, 
regardless of the usefulness of a given technology, the patient's intention to use will diminish 
when the mobile health app is too complex to exploit or the efforts devoted to its use outweigh 
the benefits of using it. Conversely, a patient will increase the desire or likelihood of adopting a 
new system when he feels that the system is comfortable, easy to use, and likely to use an app 
perceived to be easier to use than another. Grudin (1992) suggests that usability and usefulness 
should be treated separately. In general, PEOU can be described as "usability" because it 
describes the ease with which a user can perform a particular task. In other words, a usable 
system should be easy to learn and manipulate. In addition, ease of use also refers to the 
usability and suitability of a system (Zahra et al., 2017). 

TAM has been widely used in studies of technology acceptance to predict users' intention to 
adopt a mobile health app (Dou et al., 2017; Sun et al., 2013). Sun et al. (2013) formulated a 
model combining TAM theory with other models to explain consumers' acceptance of health 
technology (Sun et al., 2013); Hung and Jen also applied the TAM model to assess the students' 
intention to use mobile technology to manage their personal health (Hung and Jen, 2012). In 
general, if patients believe that the particular mobile health app is easy to use and is able to 
effectively manage their health, it will increase their chances of adopting the technology. 
Therefore, PEOU is more related to the "hedonic" or "usability" orientation, which concerns 
the user experience. To operationalize the perceived ease of use in this research, reference is 
made to a mobile health app that requires is effortless to use, easy to learn to use and whose 
user experience is satisfied by patients.  

2.3 Subjective norm 

The subjective norm that can influence the behavioural intent of the patient. In general, the 
subjective norm refers to an individual's perception of who is important to a patient, whether or 
not he should adopt the behavior in question. In other words, the particular behaviour will be 
influenced by the judgment imposed by significant others (Ajzen, 1991, Fishbein and Ajzen, 
1975, Venkatesh et al., 2003). 

Subjective Norm is important because it reflects how the behavioural intent of patients is 
influenced by the judgment or perception of people that are important to patients (Sun et al., 
2013). Specially designed for the adoption of mobile health apps, it is believed that the 
intention of patients to use the app will depend greatly on the important others’ suggestion, 
especially healthcare professionals as well as friends or relatives who recommend it to patients. 
The reason for the subjective norm on behavioral intention is that people will be more likely to 
adopt a particular behavior when the behavior is recommended by people who are important 
referents, even if the behaviors are not favored by the patients’ belief structure, but patients are 
sufficiently motivated to conform to referees' perception if they think they need to adopt certain 
behaviours (Deng et al., 2014; Dou et al., 2017). 

In short, for the subjective norms that are operational in this study, the subjective norm refers to 
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the degree of perception by a patient with people who are important to him, such as his parents, 
close friends, relatives or professionals, think that he should or should not use the mobile health 
app.  

2.4 Behavioural Intentions 

Behavioural intention refers to the conscious plans of an individual or the likelihood that a 
person will perform a certain behavior or not. Behavior in this study refers to whether or not a 
patient adopts the mobile health app (Nasir and Yurder, 2015). 

The behavioral intention to adopt a new technology is a dependent variable widely used in 
most research related to the acceptance of new technologies. Typically, this is a measurement 
variable designed to examine the intention to quickly adopt new technology or the continued 
use of a technology (Dou et al., 2017). In this current study, the concern for behavioral 
intention to use is seen as the intention of patients who were previously non-users to use the 
mobile health app, as well as the intention of adopters to continue to use the mobile health 
app. This behavioral intention is the dependent variable in this study, which will be 
influenced by independent variables, which are the factors stated in TAM (Perceived 
Usefulness, Perceived Ease of Use, and Subjective norm).  

Therefore, the hypothesis of this study are as follows: 

H1: Perceived usefulness has a positive effect on patients' intention to use the mobile health 
app. 

H2: Perceived ease of use has a positive effect on patients' intention to use the mobile health 
app. 

H3: The subjective norm has a positive effect on the intention of patients to use the mobile 
health app. 

Research framework 

Independent Variables                           Dependent Variable 

 

Figure 1. Research Framework 
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3. Methodology 

3.1 Population and sample 

A total of 300 patients responded to the survey. 58.7% of them are female and 41.3% are male. 
The majority of respondents (37.7%) were between the ages of 21 and 30, followed by 18.7% 
of respondents between the ages of 31 and 40, and 16% of the respondents were aged 20 and 
below. In addition, 13.7% of them are between 41 and 50 years old, 10.7% are between 51 and 
60 years old, while the least frequency age group is 61 years and above, that is 3.3%.  

3.2 Research Instruments 

All measurement items have been adapted and taken from previous studies, as previous 
researchers investigated the measurable constructs, resulting in a valid and more reliable result 
and fewer errors. While the adaptation of the measurement scale should strictly adhere to the 
rule of measurement selection, which should also reflect the definition of the constructs, the 
measurements should have an acceptable coefficient alpha (more than 0.7) indicating the 
reliability of the measurements, and finally the measurement must have multi-items to increase 
its reliability (Churchill Jr, 1979). All measurements for each construct are adapted from the 
original study and then adapted to the context of this research. In this study, a 7-point Likert 
scale was used for all adopted measures. The respondents rated each of the items from scale 1 
(strongly disagree) to 7 (strongly agree). A higher scale of points may result in greater variance, 
which increases the reliability of the scale (Churchill Jr and Peter, 1984). The six items in PU 
and the six items in PEOU were adapted for the current study of Davis (1989); five (5) 
subjective norm (SN) items were adapted from Nor et al. (2008) and four items intention to use, 
have been adapted from Kang (2014). All had Cronbach's alpha greater than 0.8.  

3.3 Data analysis  

The data were entered into SPSS and then transmitted to SmartPLS for analysis. Convergent 
validity and discriminant validity were used to analyse the measurement model before 
proceeding with the analysis of the structured model.  

Convergence validity is a measure of checking whether the correlations of multiple items of the 
same construct are in agreement or measuring the degree to which a measurement item is 
positively correlated with another within the same construct (Ringle et al., 2005). The average 
variance extracted (AVE) is the indicator used to measure convergent validity. An AVE value 
greater than 0.5 indicates that more than half of the indicators can be explained by its construct; 
conversely, if the AVE value is less than 0.5, this means that additional errors still remain in the 
elements of the construct (Hair et al., 2014). According to Bagozzi and Yi (1988), the AVE 
value should be greater than 0.5 to achieve adequate convergent validity. Table 2 shows that all 
AVE values were greater than 0.5; the convergent validity is therefore confirmed and accepted. 

Discriminant validity refers to the extent to which the construct is distinct from another 
constructed empirically. It is also a measure used to examine the correlation between concepts, 
their potential for overlap (Hair et al., 2014, Ramayah et al., 2018). The discriminant validity is 
accessible via the Fornell-Lacker criterion. The logic of this method is that a construct should 
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be able to explain its own variance better than the variance of other constructs (Ramayah et al., 
2018). The Fornell-Lacker criterion is measured by comparing the square root of the average 
variance extracted (AVE) with the correlation of latent variables. The square root of the AVE 
for each variable must be greater than its correlations with other latent variables (Hair et al., 
2014). Table 3 shows that all constructs describe an AVE square root value greater than that of 
other associated constructs. Therefore, the discriminant validity of the constructs is adequate.  

Another measure of discriminant validity is the Heterotrait-monotrait (HTMT) correlation ratio 
proposed by Henseler et al. (2015). HTMT is a stricter method for evaluating the correlation 
between constructs. Henseler et al. (2015) suggested that HTMT could achieve relatively 
higher specificity and sensitivity rates, 97% to 99%, compared to cross-loadings criterion 
(0.00%) and Fornell-Lacker (20.82%) (Ramayah et al., 2018). If the HTMT values of two 
constructs are close to 1, this indicates a lack of discriminant validity; conversely, if the HTMT 
value is less than 1, this means that the two constructs are empirically distinct (Ramayah et al., 
2018). While Kline (2011) suggested that the threshold for the HTMT should be 0.85 and that 
Gold et al. (2001) suggested 0.90 if the value of HTMT is above this threshold, it can be 
concluded that there is a problem of discriminant validity. Table 4 shows that the HTMT values 
between all constructs are less than 1, which means that the discriminant validity is sufficient 
and that all constructs differ from each other.  
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Table 2. The result of the measurement model 

Construct Items 
Outer 
Loading 

Average 
Variance 
Extracted 
(AVE) 

Composition 
Reliability 
(CR) 

Cronbach's 
Alpha (CA) 

Perceived Usefulness 

PU 1 0.855 0.796 0.959 0.948 

PU 2 0.908    

PU 3 0.913    

PU 4 0.889    

PU 5 0.877    

PU 6 0.909    

      

Perceived Ease of Use 

PEOU 1 0.849 0.749 0.947 0.933 

PEOU 2 0.838    

PEOU 3 0.880    

PEOU 4 0.883    

PEOU 5 0.855    

PEOU 6 0.887    

      

Subjective Norm 

SN 1 0.893 0.873 0.972 0.964 

SN 2 0.946    

SN 3 0.945    

SN 4 0.946    

SN 5 0.941    

      

Behavioral Intention to Use 

BI 1 0.958 0.906 0.975 0.965 

BI 2 0.961    

BI 3 0.936    

BI 4 0.952       
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Table 3. Discriminant Validity (Fornell-Larcker Criterion) 

  
Patients’ 

intention to use 

Perceived 

ease of use 

Perceived 

usefulness 

Subjective 

norm  

Behavioral intention 

to use 
0.952       

Perceived ease of use 0.490 0.865     

Perceived usefulness 0.570 0.619 0.892   

Subjective norm  0.617 0.403 0.446 0.934 

Table 4. Heterotrait-Monotrait Ratio (HTMT) 

  
Behavioral 

intention to use  

Perceived 

ease of use 

Perceived 

usefulness 

Subjective 

norm  

Behavioral intention 

to use  
        

Perceived ease of use 0.511       

Perceived usefulness 0.595 0.659     

Subjective norm  0.640 0.422 0.465   

Table 5 and Figure 2 present the results of the postulated hypotheses. The R2 in this particular 
research is 0.50, which is considered moderate. This indicates that the independent variables 
(perceived usefulness, perceived ease of use and subjective norm) may explain 50% of the 
variance of the dependent variable (intention of patients to use a mobile health app). Hypothesis 
H1, H2, and H3 are all supported at the 5% level of significance (α = 0.05), with a t-value of 4,399, 
2,054 and 7,843 respectively.  
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Figure 2. Results of Structural Model (n=300, bootstrapping subsample=5000) 

Table 5. Results of Hypothesis Testing 

Hypothesis Constructs 
Sample 

Mean  

Standard 

Deviation  
t-value p-value Decision 

H1 PU -> BI  0.293 0.067 4.399 0.000 Supported 

H2 
PEOU -> 

BI  
0.137 0.065 2.054 0.020 Supported 

H3 SN -> BI 0.431 0.055 7.843 0.000 Supported 

Note: ** p<.05 

Note: BI = Patients intention to use, PEOU = Perceived ease of use,  
PU = Perceived usefulness, SN = Subjective norm 

The effect size (f2) is used to evaluate the relative impact of the independent variables on 
the dependent variable by excluding the predecessor variables and observing the change 
in the R2 value to estimate their significance (Cohen, 1988). Therefore, the effect size is 
defined as the difference of R2 values for the model with and without predecessor 
construct (Ramayah et al., 2018). If an independent variable can strongly explain the 
dependent variable, the difference between R2 is included and R2 is excluded, resulting in 
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a high f2. According to Cohen (1988), f2 values above 0.35, 0.15 and 0.02 are considered 
to be large, medium and small effect sizes respectively. Based on the result shown in 
Table 6, the effect size of perceived ease-of-use and perceived usefulness with a 
corresponding f2 value of 0.021 and 0.099 is shown to be small, while a subjective norm 
with the f2 value of 0.289 has a medium effect on the model. 

Table 6. The Effect Size (f2) 

 Constructs Effect Size f2 Rank 

Perceived ease of use 0.021  small 

Perceived usefulness 0.099  small 

Subjective norm  0.289  medium 

4. Discussion 

Three hypotheses have been developed and tested via SmartPLS. Based on the findings of 
SmartPLS, it was shown that all hypotheses are supported and have a significant correlation. In 
order to examine the relationship between the perceived usefulness and the patient's behavioral 
intention to use the mobile health app, this hypothesis of perceived usefulness suggested in 
Hypothesis 1 has a positive effect on patients' intention to use the mobile health app. Based on 
the findings of SmartPLS, the result showed that the perceived usefulness actually has a 
significant positive relationship (t-value = 4,399, α = 0.05, one-tailed test) with the patient's 
behavioral intention to use the mobile health app, H1 is therefore supported. This finding is in 
line with the findings of (Nasir and Yurder, 2015), (Deng et al., 2012) and (Alloghani et al., 
2015) where the perceived usefulness has a positive effect on the patient's behavioral intention 
to use the mobile health apps. Patients will have a more positive attitude towards the mobile 
health app if the app is so useful that the user can effectively control their health care (Nasir and 
Yurder, 2015). More perceived usefulness leads to greater acceptance and a behavioral 
intention to adopt the mobile health app. Therefore, this study confirms that perceived 
usefulness is a critical factor in the patient's intention to use the mobile health app. 

In order to examine the relationship between perceived ease of use and the patient's behavioral 
intention to use the mobile health app, this presumption of usability suggested in Hypothesis 2 
has positively impacted the patient's positive effect on the patient's mobile health use. Based on 
the findings of SmartPLS, it has been shown that there is a significant correlation between the 
perceived ease-of-use and behavioral intention to use mobile health app (t-value = 2.054, α = 
0.05, one-tailed test). Therefore, H2 is supported. This finding is in line with the findings of 
(Alloghani et al., 2015) and (Sun et al., 2013) who believe that the perceived ease of use is an 
important indicator that influences the intention to use the mobile health services. The interface 
design and features of the app are therefore important because the likelihood of app adoption 
for the patient increases when less effort is required, the operation is easy to learn, and 
satisfying user experience is possible. This study has confirmed that perceived ease of use can 
positively affect the patient's intention to use the mobile health app. 
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In order to examine the relationship between subjective norm and the patient's intention to use 
the mobile health app, this hypothesis 3 proposed study suggests that subjective norm 
positively influences the patient's intention to use the mobile health app. Based on the findings 
of SmartPLS, there was a significant correlation between the subjective norm and the 
behavioral intent of Mobile Health App (t-value = 7,843, α = 0.05, one-tailed test). Therefore, 
H3 is supported. The effect size (f2) of the subjective norm is higher than the other two 
variables and therefore has a higher predictive relevance to the adoption intention. This finding 
is consistent with the finding of Sun et al. (2013), which suggest that the subjective norm is 
positively related to the adoption intention of the mobile health system. It states that patients 
are more likely to use mobile health apps if the people they trust most or care about, such as 
their parents, friends, relatives or professionals, think that they should adopt the particular app. 
The result confirms that patients have received the approval of their social environment 
through the use of the mobile health app.   

5. Implications 

A few studies have been conducted on the factors that influence the intention of adopting 
mobile health app, this research is able to fill the gap in the literature on this area, to enrich the 
existing literature on marketing by providing more information and knowledge to researchers.   

The important features and benefits for m-health apps where the desired users will be examined. 
This study found that variables such as PU and PEOU are two important factors that have a 
significant association with the patient's intention to use the mobile health app. As a result, app 
developers, researchers, and health care providers may have first-hand data to present the 
desired health apps from the user's point of view, focused on both indicators. While software 
companies can better adapt to the barriers and technical weaknesses of mobile apps and 
continue to innovate product features to increase the adoption rate or reach a broader and more 
targeted user (Krebs and Duncan, 2015). 

In addition, from a marketing perspective, the results of this research will help health 
companies understand the framework or key determinants that play an important role in the 
adoption process. Based on the results of this study, SN is considered to be the most important 
factor that can positively influence the patient's intention to adopt a mobile health app. As a 
result, business marketing decision makers need to conduct effective marketing campaigns 
such as promotional strategies to increase consumer favorable perception of apps, its rapid 
adoption, and market share expansion through social influence (for example, word of mouth) 
(Müller, 2013; Sun et al., 2013). 

6. Limitations and Future Suggestions 

Despite the theoretical and practical implications of the research, this study also presented 
several limitations that need to be addressed in future studies. Firstly, most of the samples 
collected for this study came from respondents in a city area. In this case, the results generated 
by these respondents may not fully represent the population. 

In addition, the users’ level of adoption of new technology may be different from country to 
country as well as the culture and the degree of acceptability will be different, even if the 
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studies were based on commonly used TAM theory. For example, due to the diversity of 
cultural aspects, the PU can be considered as a key factor to be taken into account by Western 
Europeans in their decision to adopt the technology, as they may be more educated in health 
care than non-Western countries (e.g., Asian) (Beldad and Hegner, 2017). 

Furthermore, demographic and lifestyle aspects have also contributed to a certain level of 
limitation. Of the respondents in this study, not all are concerned about their health. Their age 
can also have a huge impact on the adoption of mobile apps. For example, the PU may be 
considered insignificant by respondents who are less concerned about their health. Indeed, they 
may feel that mobile health apps do not improve the quality of their lives or be the patient who 
only needs health services from time to time. Therefore, whatever the usefulness of the health 
app, they will not appreciate it. In addition, compared to younger respondents, the behavioral 
intention of using mobile health apps among older respondents could be more significantly 
affected by PEOU. Therefore, future studies should consider changes in the sampled 
population or changes in variables that may affect outcomes (e.g., the role of PEOU may not be 
as important in younger patients). 

7. Recommendations  

The respondents aged 21 to 30 represented a significant proportion. Therefore, a preconceived 
idea can arise because the likelihood of respondents "agreeing" to use mobile health apps is 
high. Since the majority of early technology users are generally younger, they tend to want to 
use mobile health apps compared to older respondents (late majority and late adoption of 
technology) (Nielsen Global Survey, 2015). Therefore, in order to obtain more accurate and 
unbiased results, future research should include more elderly people in the sample of this study 
because they are more likely to be concerned about their health and represent the proportion of 
mobile health system users (Sun et al., 2013). 

In addition, the model in this study has only 50% explanatory power, indicating that only 50% 
of the variance in the patient's behavioral intention to adopt a mobile health app can be 
explained by the variables associated with it. This shows that the variables embedded in this 
current research model may not be sufficient to provide a complete picture of the intention to 
adopt a mobile health app. More variables should be included in future studies, such as mobile 
self-efficacy, risk perception, as well as other demographic factors (e.g., level of education, 
experience, and cultural factors) (Faqih and Jaradat, 2015). Future analysis could be more 
reliable and precise in addressing these limitations and in adopting these recommendations. 

In terms of perceived Usefulness (PU), the app developer must emphasize the usefulness of the 
app in question to improve patient outcomes in health care. In this case, the patient's health 
could be managed more efficiently. The usefulness of the app is the functionality or the utility 
aspect, like the functionality of the app itself. As proposed by Davis (1989), Perceived Ease of 
Use (PEOU) is also a key dimension to consider when adopting new technologies. If apps are 
user-friendly, patients will be more likely to adopt mobile health apps. Indeed, it allows them to 
understand and operate with minimal effort. In addition, Behavioral Intention (BI) may also be 
affected by the subjective norm (SN), in which patients would have the positive intention of 
adopting the mobile health app if they obtain social approval or positive recommendation of 
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people who are important to them. 

8. Conclusion 

The main objective of this study is to study the factors that influence the intention of patients to 
adopt mobile health apps. Perceived Usefulness, perceived ease of use and subjective norms 
are the factors selected for this study. Based on the analysis of data generated from 300 data via 
SmartPLS, the statistical results indicate that these three factors have a significant positive 
relationship with the intention of patients to use the mobile health app. 

By understanding the factors that have a significant impact on intention to use, healthcare 
providers and app developers will gain general insights into the development of successful 
mobile health apps. In addition, this study also benefits business investors, marketers, and 
healthcare sector. They are able to establish a more effective plan and decision as this research 
provided patients' perspective on mobile health apps. 

Summarily, patients generally have a positive attitude towards mobile health apps, provided 
that the criteria mentioned above can be met and that apps can solve the problem of human 
doubt about new technology. Technology is constantly evolving and integrating into our daily 
lives. As a result, a close relationship is developing more and more between people and these 
technologies. Patients need an algorithm that understands them better and makes fewer 
mistakes instead of understanding them perfectly and never making mistakes. Patients trust 
such an algorithm to make decisions about health and lifestyle choices (Harari, 2015). In 
summary, this research provided a better understanding of the underlying determinants that can 
predict the acceptance and intention of adoption of mobile health apps.  

This work was supported by Help University, Grant: grant number 18-12-005 
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