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ABSTRACT 

The advancement of technology and the internet have increased social media platforms' popularity in recent years. Intending 

to extend the social media healthcare information [SOHI] model, this study incorporates attitudes towards social media 

[ATTSM] to extend the model. The model was tested using SmartPLS in a quantitative study with 310 participants. The results 

reveal that performance expectancy of social media (PESM) has a positive and significant influence on ATTSM and 

satisfaction with social media (SATSM), respectively. The findings show that both ATTSM and SATSM are significantly 

impacted by social influence on social media (SISM). In addition, ATTSM and SATSM significantly affected the behavioural 

intention of social media (BISM). Furthermore, the outcome indicated that BISM has a major effect on how people use SOHI. 

By testing SOHI with the integration of ATTSM, it has been proven that attitude plays a critical role in users’ decisions to use 

social media for healthcare. 
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I. INTRODUCTION 
 

Currently, people rely on ICT and, by extension, social media for almost everything they do, from basic and generic 

information gathering to complex tasks. Social media is the pinnacle of technologists’ efforts to create a virtual environment 

(Ikpi et al., 2022). According to Ofori and Oduro-Asante (2022), since the development of the internet, digital sites have seen a 

surge in user traffic and interest. This emerging healthcare technology is bridging the gap in healthcare delivery, thereby 

making digital healthcare accessible. Kapoor et al. (2020) suggested that digital systems are appropriate since new ideas for 

health solutions are provided. With the increasing development of social media platforms, users have adopted them for 

accessing personal and health-related information. There have been various studies on social media and healthcare in the past 

few years. Marar, Al-madaney, and Almousawi (2019) in Saudi Arabia outline reasons why people rely on social media for 

vital health information for their family members and its relevance. Similarly, Malik et al. (2019) assessed how social media 

could be used to support diabetic patients in managing their condition. It was evident from the study that social media 

communication can help enhance communication beyond clinic visits to optimise diabetes management. It was concluded that 

using social media for these purposes enables diabetic patients to self-manage their condition. Jin et al. (2019) conducted a 

study on how social media is used for healthcare. The results show that trust in the source and the usefulness of healthcare 

information were the key factors that health seekers focused on. In another study, Shang et al. (2020) investigated how older 

adults embrace digital healthcare. The study revealed that perceived susceptibility had the best effect on people's intentions to 

share health information. 

Ofori and Wang (2022) conducted research on the application of cutting-edge technologies in health. As part of the 

research, a conceptual framework was developed by modifying existing variables from the UTAUT model to create a new 

model. In developing the SOHI model, the primary constructs that were adapted were performance expectancy, social 

influence, behavioural intention (Venkatesh et al., 2003), and satisfaction (Silver, Subramaniam, and Stylianou, 2020; Ofori, 

Antwi, and Owusu-Ansah, 2021). In their study, Ofori and Wang (2022) recommended that new variables be added to increase 

the explanatory power of the model. Hence, this study seeks to fill that gap with an expansion of the SOHI model to include an 

extra variable. We intend to add attitude because studies (Jung, Choi, and Oh, 2020; Zaremohzzabieh et al., 2021) have shown 
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that it is a crucial factor in shaping future behaviour. The purpose of adding this variable is that users’ attitudes play a key role 

in their decision to accept a new system. In developing countries, digital healthcare is still at an emerging stage. 

 

1.1 Literature Review and Hypothesis Development 

There are many benefits to getting health information on the Internet (Jaks et al., 2019). The most common methods 

for receiving health information today are through the use of social media platforms (Zhang et al., 2017). It is anticipated that 

the expectations of patients and requirements about their interactions with their physicians will shift in response to the 

increasing prevalence of patients' use of the internet to search for health information (Tan and Goonawardene, 2017). The 

process of making decisions about one's health requires one to actively seek out, comprehend, and use relevant information 

(Chen et al., 2018). When compared to using a standard internet resource, accessing health information via a mobile device 

presents unique opportunities (Zhang, Jung, and Chen, 2019). On the basis of the theoretical model we now examine, the 

proposed hypotheses.  

 

1.2 Performance Expectancy of Social Media (PESM) 

The comprehensiveness of a person's social media usage has been demonstrated to reflect their technical abilities and 

development in the context, as well as the degree to which an invention is congruent with their views, experiences, and needs 

(Chatterjee and Kumar Kar, 2020). The performance requirements of a system are essential, and virtual platforms are no 

different. This suggests that the customers' hope for the efficacy of social media platforms has a direct bearing on their decision 

to engage with these sites (Gruzd, Staves, and Wilk, 2012). A study shows that when consumers recognise the extra benefits of 

using social media, such as increasing access to a wider range of health information and connecting with members of 

the network, they adopt the platform (Puspitasari and Firdauzy, 2019). Praveena and Thomas (2018) indicated that 

performance expectancy has a significant relationship with social media adoption. It has been suggested by the literature that 

performance expectancy will influence attitude, which further influences behavioural intention and use behaviour. In a recent 

study, it was found that users need education on how a social media health platform may aid them before they will use it for 

health management (Ofori, Antwi, and Asante-Oduro, 2021). From the discussions above, the following hypotheses have been 

developed: 

H1: The performance expectancy of social media is significantly influenced by users' attitudes towards adopting social media 

health information.  

H2: The performance expectancy of social media is influenced favourably by users' SATSM. 

 

1.3 Social Influence on Social Media (SISM) 

An individual's intention to utilise an information management system will grow if social influence is greater 

(Nurhayati, Anandari, and Ekowati, 2019). The level at which social networking impacts one's intention to adopt an 

information system may differ in various fields (Venkatesh and Davis, 2000). For instance, a study revealed that participants’ 

level of understanding of social media use transformed their intentions towards teaching and learning practices in higher 

education institutions (Tachie and Brenya, 2022). Social media is being used to increase users’ attitudes, social ties, and social 

influence (Wang & Sun, 2016). Studies have shown that users may adopt technology suggested to them by others because they 

want to deepen their ties with them (Hernandez et al., 2011; Ifinedo, 2016). Additionally, social influence and attitudes have 

varying effects across various social media platforms (Wang & Sun, 2016). Assessed from this standpoint, we formulated these 

hypotheses: 

H3: SISM is significantly influenced by users' attitudes towards social media. 

H4: The SISM will have a positive impact on users' satisfaction with using social media. 

 

1.4 Attitude towards Social Media (ATTSM) 

Attitude, as a concept, is mainly used with other variables to measure a particular procedure. Icek Ajzen's theory of 

planned behaviour (TPB) indicates that action towards a specific behaviour is determined by attitude (Karimy et al., 2019). 

Eagle & Chaiken (1993) defined attitude as the “tendency to evaluate an entity with some degree of favour or disfavour.” 

Ajzen & Fishbein (2000) describe attitude as a judgement of a goal, a concept, or an action to like or dislike. A person’s 

attitude towards an act can have a significant impact on their actions. Studies have shown that attitude determines an 

individual’s behavioural intention (Devries & Ajzen, 1971; Godin et al., 1993; Ajzen, 2001; Karimy et al., 2019). Mclean 

(2020) revealed in a recent study that good attitudes towards an application may impact a person's desire to acquire the app. 

Another study indicates that intention positively relates to attitude on social media (Tran, 2017). Passafaro (2019) suggested 

that users’ attitudes can influence important direct determinants of intentions. Current studies have shown that a person’s 

attitude has a great impact on their actions, especially with the use of technology (Hee et al., 2019; Chatterjee & Bhattacharjee, 

2020; Altalhi, 2020). The explanation for this is that consumers' perceptions of social media influence their willingness to 

accept digital health-related issues (Ofori, Antwi, and Owusu-Ansah, 2021). Accordingly, we defined "attitude towards social 
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media" as a person's actions after choosing to use social media. Based on the discussion that attitude affects behavioural 

intention, the following hypotheses are formulated: 

H5: Attitude towards social media positively influences users' behavioural intentions to utilise social media. 

1.5 Satisfaction with Social Media (SATSM) 

A correlation may be shown between satisfied consumers and intention. Satisfaction is achieved when the users' 

perceptions of quality service are met (Marinković et al. 2019). Satisfaction on an online platform increases patients’ use of the 

internet for health information (Liu, Zhang, and Lu, 2018). The findings of a recent investigation indicate that social media 

platforms are an important resource for disseminating health information in emergency settings (Li and Liu, 2020). This 

notwithstanding, users' satisfaction with information management is influenced by social interaction (Hsu and Chiu, 2004). It is 

to be noted that individuals’ satisfaction with social media health information is crucial to sustaining healthcare benefits (Wang 

et al., 2016). According to Khatoon et al. (2020), it is possible to demonstrate a link between satisfied customers and their 

intentions. Per the input, we hypothesised that: 

H6: Social media satisfaction positively impacts healthcare users’ behavioural intentions on social media. 

 

1.6 Behavioural Intention to Use Social Media (BISM) 

Users’ behavioural intentions are vital in an individual’s decision to accept a system. A thorough examination of the 

relationship between behavioural intention and system usage has revealed that behavioural intention is a reliable predictor of 

technology adoption (Venkatesh & Davis, 2000). Venkatesh et al. (2003) came to the same conclusion, which showed that 

behavioural intention greatly impacts how people use technology. Kim & Malhotra (2005) posit that the amount of experience 

that a person has directly correlates to the likelihood that they will continue their habits. Digital technologies and behavioural 

intentions heavily influence health seekers’ adoption and use of digital health (Hoque & Sorwar, 2017). A study has shown that 

if a customer has had a positive interaction and seen positive results in their situation, particularly their health conditions, they 

are more inclined to utilise platforms like digital networking in the future (Puspitasari and Firdauzy, 2019). It was confirmed in 

a similar study that indicated behaviour intention affects healthcare wearable devices (Dai et al., 2019). The use of social 

networking websites for medical purposes suggests that the system can motivate the public to modify their behaviour (Li and 

Liu, 2020). Following is a hypothesis that was formulated as a result of the discussion: behavioural intention influences SOHI: 

H7: Users' behavioural intentions towards social media positively affect social media health information usage. 

 

 
 

Figure 1: Research model with hypotheses development 

 

Abbreviations: PESM: performance expectancy of social media, SISM: social influence on social media, BISM: behaviour 

intention of social media, ATTSM: attitude towards social media, SATSM: satisfaction with social media, SOHI: social media 

health information usage. 
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II. METHODOLOGY 
 

2.1 Sample and Procedure 

The data for this study was gathered from respondents using the Microsoft 365 forms platform. The study was 

conducted at Ghana Communication Technology University, and the reason for selecting the university for the study was based 

on the respondents' desires. The participants for this study were undergraduate students from various departments under the 

Faculties of Computing and Information Systems, Engineering, and IT Business. A link to a closed-ended question was sent to 

the participants via the WhatsApp social media platform. The survey was grouped into two sections. The first part of the 

questionnaire included demographic information. The second part had questions from PESM, SISM, SATSM, ATTSM, BISM, 

and SOHI. The study employed a 5-point Likert scale and anchored it from strongly disagree (1) to strongly agree (5). 

Respondents were aware that there was no risk in the study and were assured of the anonymity of their data. Based on these, 

respondents voluntarily completed the questionnaire through social media. With a total of 321 responses received, 310 were 

good for the analysis. Using 310 responses from the data gathered, the statistical analysis was performed using SmartPLS 

version 3 software. 

 

2.2 Method of Data Analysis  

The data were examined for validity and reliability, and the relationship between the predicted components was 

checked using PLS based on its estimates and statistical power (Reinartz, Haenlein, and Henseler, 2009). For primary statistical 

analysis, the survey data was converted from Microsoft Office form to Microsoft Excel. Internal consistency was examined 

using the measurement model approach. Once more, the convergent validity was examined by making use of factor loadings 

and the average variance extracted (AVE) (Davis, Bagozzi, and Warshaw, 1989). We examined the discriminant validity using 

the Heterotrait-Monotrait Ratio Test (HTMT) (Henseler, Ringle, and Sarstedt, 2015). The study used SmartPLS for statistical 

analysis. The researcher employed a consistent algorithm, bootstrapping, and blindfolding for the measurement and structural 

models. 

 

III. EMPIRICAL RESULTS 
 

3.1 Demographic Results 

 The details of the respondents are indicated in Table 1, and the sample used for the study was 310. The demographic 

characteristics used in the study were gender, age, and educational background. Although the link for the survey was sent out, 

the percentage of males participating was higher than that of females. The reason may be that many of the male respondents 

showed an interest in the study. However, gender was not the focus. Many of the respondents were aged 18 to 24, and this may 

be attributed to the fact that they were students.  
 

Table 1: The Results of Demographics 

 Parameters  Frequency N (310) Percentage (%) 

Gender 

 

 

Male  267 87 

Female 41 13 

Age 

Under 18                        4                                                               1 

   18-24 273 88 

25 and above 33 11 

Educational background     

Diploma 14 5 

Degree 246 79 

Other 50 16 

    

3.2 Measurement Model 

     To evaluate the data, we assessed the outer loading, average variance extracted (AVE), Cronbach's alpha, composite 

reliability (CR), and the Heterotrait-Monotrait Ratio Test (HTMT). The item loading range was between 0.637 and 0.864, 

while the AVE was from 0.515 to 0.637, which was greater than 0.5 (Hair et al., 2016). The Cronbach alpha had values that 

ranged from 0.797 to 0.865, while the composite reliability ranged from 0.797 to 0.875. The measurement for composite 

reliability and Cronbach alpha (α) was greater than 0.7 (Fornell and Larcker, 1981), demonstrating high internal reliability. The 

HTMT had values less than 1, which shows discriminant validity (Henseler et al., 2015) (see Table 3).  
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Table 2: Construct Reliability Results 

 Construct  Items Convergent Validity  Internal Consistency 

  

Outer Loading       AVE         α    CR 

  PESM1 0.764       

 PESM PESM2 0.662 0.515 0.808 0.809 

  PESM3 0.740       

  PESM4 0.701       

  SISM2 0.745       

 SISM SISM3 0.786 0.566 0.796 0.797 

  SISM4 0.726       

  ATTSM1 0.838       

  ATTSM2 0.719       

 ATTSM ATTSM3 0.728 0.560 0.865 0.863 

  ATTSM4 0.637       

  ATTSM5 0.804       

  SATSM1 0.801       

 SATSM SATSM2 0.794 0.637 0.873 0.875 

  SATSM3 0.864       

  SATSM4 0.728       

  BISM1 0.737       

 BISM BISM2 0.835 0.621 0.829 0.831 

  BISM3 0.789       

  SOHI1 0.742       

 SOHI SOHI2 0.759 0.567 0.839 0.840 

  SOHI3 0.755       

  SOHI4 0.756       
 

Abbreviations: PESM: performance expectancy of social media, SISM: social influence on social media, BISM: behaviour 

intention of social media, ATTSM: attitude towards social media, SATSM: satisfaction with social media, SOHI: social media 

healthcare information adoption 

 

Table 3: Results of Variance Inflation Factors (VIF) and the Heterotrait-Monotrait Ratio Test (HTMT) 

Variance Inflation Factors (VIF) 

Construct ATTSM BISM SATSM SOHI   

ATTSM - 3.697 - 
 

  

BISM - - - 1.000   

PESM 1.228 - 1.230 -   

SATSM - 3.697 - -   

SISM 1.228 - 1.228 -   

Heterotrait-Monotrait Ratio Test (HTMT) 

Construct ATTSM BISM PESM SATSM SISM 

ATTSM  -         

BISM 0.766  -       

PESM 0.768 0.649  -     

SATSM 0.858 0.795 0.659  -   

SISM 0.446 0.459 0.432 0.517  - 

SOHI 0.701 0.633 0.544 0.726 0.429 
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Abbreviations: PESM: performance expectancy of social media, SISM: social influence on social media, BISM: behaviour 

intention of social media, ATTSM: attitude towards social media, SATSM: satisfaction with social media, SOHI: social media 

healthcare information adoption 

 

3.3 Structural Model 

   In terms of the direct connectivity between the constructs of the framework, the hypothesis relationships were 

confirmed. PESM had a statistically significant effect on ATTSM and SATSM (β =.706, t-value = 14.384, p.000); (β =.538, t-

value = 8.560, p.000), supporting H1 and H2. SISM had a significant positive effect on ATTSM and SATSM (β =.145, t-value 

= 2.156, p < .031); (β =.283, t-value = 4.015, p <.000), which supported H3 and H4. Both ATTSM and SATSM had a positive 

and significant effect on BISM: (β = .349, t-value = 2.095, p <.036); (β = .492, t-value = 2.903, p <.004), which supported H5 

and H6. In terms of H7, the relationship between BISM and SOHI H7 was supported because it was both positive and 

significant (β =.631, t-value = 9.197, p.000). The interpretation of the hypotheses is shown in Table 4 and Figure 2. The 

variance inflation factors (VIF) were checked to assess the common method bias. Table 3 shows that VIF values were less than 

5 (Hair et al., 2011). The outcome revealed that multicollinearity was not an issue in this study. 

 

Table 4: Summary of hypothesis results 

Hypothesis  

 

Path Path 

Coefficient 

T-

Statistics 

P-Values  

 

Remarks 

 
 

H1 PESM -> ATTSM 0.706 14.384 0.000 Supported 

H2 PESM -> SATSM 0.538 8.580 0.000 Supported 

H3 SISM -> ATTSM 0.145 2.156 0.031 Supported 

H4 SISM -> SATSM 0.283 4.015 0.000 Supported 

H5 ATTSM -> BISM 0.349 2.095 0.036 Supported 

H6 SATSM -> BISM 0.492 2.903 0.004 Supported 

H7 BISM -> SOHI 0.631 9.197 0.000 Supported 

 

Abbreviations: PESM: performance expectancy of social media, SISM: social influence on social media, BISM: behaviour 

intention of social media, ATTSM: attitude towards social media, SATSM: satisfaction with social media, SOHI: social media 

healthcare information adoption 

 

 
 

Figure 2: Structural Model Results 

 

3.4 The Coefficient of Determination and Predictive Relevance 

       The values of the R
2
 were 0.657 for BISM, 0.608 for ATTSM, 0.501 for SATSM, and 0.398 for SOHI. From the 

results, the values show substantial and moderate predictability of the constructs (Chin 1998). Stone (1974) and Geisser (1975) 

state that when the Q
2
 values are greater than 0, it indicates that the values have predictive importance for the variables that are 

being measured. 
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Table 5:  Results of Predictive relevance and accuracy 

Constructs  Coefficient of Determination 
Predictive Relevance 

  

  R
2
  Q

2
 

BISM 0.657 0.375 

ATTSM 0.608 0.278 

SATSM 0.501 0.266 

SOHI 0.398 0.185 

 

IV. DISCUSSION 
 

The current study aims to develop an extension to describe the social networking sites’ healthcare information usage. 

First, our study extended the SOHI model with one added variable: attitude towards social media (ATTSM). Using SmartPLS, 

the model was analysed for the current results. Since SOHI was developed to explain user context, the model was chosen as the 

foundation for this study. The attitude was chosen for the extension because studies have shown that it is a significant element 

in user adoption of digital platforms.  

The findings of this study show that the performance expectancy of social media (PESM) has a significant effect on 

users' attitudes towards using social media (ATTSM). This implies that people evaluate a social media site critically, which is a 

factor in the platform's overall level of acceptability. The findings show that PESM is important to users as it would motivate 

them to use the platform for other essential activities, especially health needs. Again, the results demonstrate that a site that 

performs the task for which it was created would persuade users to embrace it for healthcare information. The outcome of this 

study was in line with Ofori, Antwi, and Owusu-Ansah (2021), who suggested that users' expectations of how well social 

media will function have a significant bearing on their disposition, which influences, hence, whether or not they would utilise 

the platform for health purposes. Again, related studies confirm that performance expectance has a significant effect on users’ 

attitudes (Ryu and Fortenberry, 2021; Afrizal, 2021).  

PESM was found to affect SATSM, as proposed in H2, and the findings were supported. The results show that users' 

emphasis on PESM has a considerable impact on SATSM, which affects people's openness to using social networking sites to 

get health advice. The research model accounts for 50.1% of the variance in SATSM and represents a significant percentage of 

the model's explained variance. The findings demonstrate that users place a high value on the platforms they use. It also shows 

that as users’ expectations are met, they are encouraged to continue their search on the social networking platform and, most  

importantly, to use it to seek health information. The impact of PESM on SATSM is consistent with similar studies (Ofori, 

Antwi, and Owusu-Ansah, 2021; Rahman et al., 2020; Silver et al., 2020).  

In addition to this, the data demonstrated that the SISM exerts a favourable impact on the ATTSM. The research 

model explained 60.8% of the variance in ATTSM, and the results backed up the hypothesis. This finding indicates that users' 

attitudes towards social media will alter, especially if friends and family members endorse it. This strategy encourages them to 

utilise social media and increases their use of the platform for health information. 

In a similar vein, SISM exerts a considerable influence on SATSM among users of social media. The results also 

reveal that SISM has a great impact on users, mainly on their satisfaction with the platforms. The results show that SISM is 

important when people use social media to get health information. The findings were in line with a similar study by Silver et al. 

(2020). In another study, Afrizal (2021) posited that users’ attitudes influence the relationship between social influence and 

behavioural intention. 

Furthermore, ATTSM had a significant impact on BISM, which supported H5. The outcome posits that a user’s 

positive attitude towards a system is important since it influences individuals’ decisions to embrace a digital platform for health 

information. The results from this study agree with previous studies (Ofori, Antwi, and Owusu-Ansah, 2021). Other studies 

have confirmed that users’ attitudes have a significant effect on intentions (Mhina, Md Johar, and Alkawaz, 2019; Adov et al., 

2020; Ryu and Fortenberry, 2021). 

Again, H6 was shown to be significant, indicating that SATSM has a considerable impact on BISM. The results show 

that, despite the numerous social media platforms available, people will only accept platforms that fit the standards of their 

relationships and exceed their expectations. The results demonstrate that if a platform is well-designed and has solid 

functionalities, it has a good chance of attracting users. The results revealed that users would want to use such a platform to 

educate themselves and learn more about health-related issues. The findings of this investigation were in line with earlier 

research (Deng et al., 2010; Lopez et al., 2019; Rahman et al., 2020).  

As proposed, BISM showed a significant positive relationship with SOHI, which supported the suggested hypothesis. 

The findings show that people who want to get health information from social media are more likely to do so if they have good 
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intentions about how social media platforms will benefit them. The outcome of the current study supports similar literature 

(Ofori and Wang, 2022; Puspitasari and Firdauzy, 2019; Wu et al., 2018).   

 

4.1 Theoretical Implications  

Our major theoretical contribution is extending the SOHI model by integrating it with another construct. The previous 

study focused on BISM and SATSM as the main predictors of SOHI (Ofori and Wang, 2022). In the case of extending the 

model, another driver comes to the fore. One such factor included in SOHI is the attitude towards social media (ATTSM). The 

paths for the current study were changed due to the integration of ATTSM. The empirical results suggest that in accessing 

social networking sites for healthcare information, users’ attitudes are an important driver for their adoption. 

 

4.2 Practical Implications  

Our empirical findings about research have implications for online healthcare providers. Particularly, our study 

suggests that a positive attitude can impact users’ decisions regarding social media usage. For instance, there are various social 

media platforms that users can use for different purposes. However, if a platform channel for healthcare information will 

provide a vital benefit, then it is likely that users will accept its usage. This result will give providers an understanding of what 

users look at on a platform and ensure that they incorporate that into their online activities. Furthermore, online healthcare 

educators can prioritise their focus on determining factors that greatly influence users’ adoption of social media health 

information. PESM emerged as the higher predictor of ATTSM, while BISM was the strongest determinant of SOHI. Using 

these findings, it will be appropriate for digital healthcare educators to create an appealing social media platform that can 

attract users. Finally, as social influence impacts PESM and ATTSM, continued interaction may lead users to connect with 

other individuals who may need digital health information. 

 

4.3 Limitations and Future Research  

This study, like other empirical studies, has some limitations. This research mostly focuses on students who are 

general customers rather than patients; hence, future studies can focus on patients. The current study focused solely on digital 

health information, excluding pharmaceutical and insurance businesses; a subsequent study can consider this area. Lastly, the 

majority of the respondents in the study were below the age of 35. Although younger consumers tend to use social media more 

than older adults, older consumers should be considered in future studies. A future study can expand our study by testing the 

SOHI in different countries' contexts and in other fields other than healthcare information.  

 

V. CONCLUSION 
 

The researchers developed an integrated model to investigate the factors that influence people's willingness to seek 

healthcare information from social media. Extending the SOHI model, the findings demonstrate that users' attitudes towards 

social media usage are influenced by the performance expectations of social media, which impacts their satisfaction and 

influences their decision towards SOHI. In our study, we validated the importance of users' attitudes and satisfaction on 

behavioural intention towards SOHI. Finally, users' perceptions of a system, as well as SISM, influence their use of digital 

health information. Users’ attitudes and satisfaction are factors that influence the adoption of digital healthcare information. 

According to the findings, social media influence affects users' attitudes towards using social media for health information. 

 

REFERENCES 

 

1. Adov L, Pedaste M, & Leijen Ä, et al. (2020) Does it have to be easy, useful, or do we need something else? STEM 

teachers’ attitudes towards mobile device use in teaching. Technology, Pedagogy and Education. Routledge, pp. 511–

526. doi:10.1080/1475939X.2020.1785928. 

2. Afrizal D. (2021). Attitude on intention to use e- government in Indonesia. Indonesian Journal of Electrical 

Engineering and Computer Science, 435–441. doi:10.11591/ijeecs.v22.i1.pp435-441. 

3. Ajzen I, & Fishbein M. (2000) Attitudes and the attitude-behavior relation : Reasoned and automatic processes. 

European Review of Social Psychology, 11(1). Taylor and Francis Inc., pp. 1–33. doi:10.1080/14792779943000116. 

4. Altalhi M. (2020). Toward a model for acceptance of MOOCs in higher education : the modified UTAUT model for 

Saudi Arabia. Education and Information Technologies, 26(2), 1589–1605. doi:10.1007/s10639-020-10317-x. 

5. Chatterjee S, & Bhattacharjee KK. (2020) Adoption of artificial intelligence in higher education: a quantitative 

analysis using structural equation modelling. Education and Information Technologies. doi:10.1007/s10639-020-

10159-7. 

6. Chatterjee S, & Kumar Kar A. (2020). Why do small and medium enterprises use social media marketing and what is 



Social Science Journal for Advanced Research                                                   Peer Reviewed and Refereed Journal 
ISSN (Online): 2583-0074 
Volume-4 Issue-1 || January 2024 || PP. 10-20                                                                     DOI: 10.54741/ssjar.4.1.3 

 

http://ssjar.singhpublication.com      18 | P a g e  

the impact: Empirical insights from India. International Journal of Information Management, 53. Elsevier: 102103. 

doi:10.1016/j.ijinfomgt.2020.102103. 

7. Chen X, Hay JL, & Waters EA, et al. (2018) Health literacy and use and trust in health information health literacy and 

use and trust in health information. Journal of Health Communication, 00(00), 1–11. 

doi:10.1080/10810730.2018.1511658. 

8. Chin WW. (1998). The partial least squares approach for structural equation modeling. Modern methods for business 

research. Methodology for business and management. Mahwah, NJ, US: Lawrence Erlbaum Associates Publishers. 

9. Dai B, Larnyo E, & Tetteh EA, et al. (2019) Factors affecting caregivers’ acceptance of the use of wearable devices 

by patients with dementia: An extension of the unified theory of acceptance and use of technology model. American 

Journal of Alzheimer’s Disease and other Dementias, 35, 1–11. doi:10.1177/1533317519883493. 

10. Davis FD, Bagozzi RP, & Warshaw PR. (1989) User acceptance of computer technology : A comparison of two 

theoretical models. Management Science, 35(8), 982–1003. doi:10.1287/mnsc.35.8.982. 

11. Deng L, Turner DE, & Gehling R, et al. (2010) User experience, satisfaction, and continual usage intention of IT. 

European Journal of Information Systems, 19(1), 60–75. doi:10.1057/ejis.2009.50. 

12. DeVries DL, & Ajzen I. (1971). The relationship of attitudes and normative beliefs to cheating in college. Journal of 

Social Psychology, 83(2), 199–207. doi:10.1080/00224545.1971.9922463. 

13. Eagly AH, & Chaiken S. (1993) The psychology of attitudes. Orlando, FL,  US: Harcourt Brace Jovanovich College 

Publishers. 

14. Fornell C, & Larcker DF. (1981) Evaluating structural equation models with unobservable variables and measurement 

error. Journal of Marketing Research, 18(1), 39–50. doi:10.1177%2F002224378101800104. 

15. Geisser S. (1974). A predictive approach to the random effect model. Biometrika, 61(1), 101–107. 

doi:10.1093/biomet/61.1.101. 

16. Godin G, Valois P, & Lepage L. (1993) The pattern of influence of perceived behavioral control upon exercising 

behavior: An application of Ajzen’s theory of planned behavior. Journal of Behavioral Medicine, 16(1), 81–102. 

doi:10.1007/BF00844756. 

17. Gruzd A, Staves K, & Wilk A. (2012) Connected scholars: Examining the role of social media in research practices of 

faculty using the UTAUT model. Computers in Human Behavior, 28(6), 2340–2350. doi:10.1016/j.chb.2012.07.004. 

18. Hair J, Hult TMG, & Ringle CM, et al. (2016) A primer on partial least squares structural equation modeling (PLS-

SEM). International Journal of Research & Method in Education, 38(2), 220–221. 

doi:10.1080/1743727x.2015.1005806. 

19. Hair JF, Ringle CM, & Sarstedt M. (2011) PLS-SEM: Indeed a silver bullet. Journal of Marketing Theory and 

Practice, 19(2), 139–152. doi:10.2753/MTP1069-6679190202. 

20. Hee S, Chil C, & Kim S. (2019). Consumer attitudes, intention to use technology, purchase intention of Korean 20’s 

women on the acceptance of fashion augmented reality (FAR) with the application of the UTAUT. 43(1), 125–137. 

21. Henseler J, Ringle CM, & Sarstedt M. (2015). A new criterion for assessing discriminant validity in variance-based 

structural equation modeling. Journal of the Academy of Marketing Science, 43(1), 115–135. doi:10.1007/s11747-

014-0403-8. 

22. Hernandez B, Montaner T, & Sese FJ, et al. (2011). Computers in human behavior the role of social motivations in e-

learning : How do they affect usage and success of ICT interactive tools?. Computers in Human Behavior, 27(6), 

2224–2232. doi:10.1016/j.chb.2011.07.001. 

23. Hoque R, & Sorwar G. (2017). Understanding factors influencing the adoption of mhealth by the elderly : An 

extension of the UTAUT model. International Journal of Medical Informatics, 101, 75–84. 

doi:10.1016/j.ijmedinf.2017.02.002. 

24. Hsu MH, & Chiu CM. (2004). Predicting electronic service continuance with a decomposed theory of planned 

behaviour. Behaviour and Information Technology, 23(5), 359–373. doi:10.1080/01449290410001669969. 

25. Ifinedo P. (2016). Applying uses and gratifications theory and social influence processes to understand students ’ 

pervasive adoption of social networking sites : Perspectives from the Americas. International Journal of Information 

Management, 36, 192–206. 

26. Ikpi NE, Undelikwo VA, & Ubi LO. (2022). Social media use for patient care: an evaluation of health practitioners in 

Cross River state, Nigeria. International Journal of Public Health Science, 11(4), 1249–1256. 

doi:10.11591/ijphs.v11i4.21765. 

27. Jaks R, Baumann I, & Juvalta S, et al. (2019) Parental digital health information seeking behavior in Switzerland : a 

cross-sectional study. BMC Public Health, 1–11. 

28. Jin XL, Zhou Z, & Yu X. (2019). Predicting users’ willingness to diffuse healthcare knowledge in social media: A 

communicative ecology perspective?. Information Technology and People, 32(4), 1044–1064. doi:10.1108/ITP-03-

2018-0143. 



Social Science Journal for Advanced Research                                                   Peer Reviewed and Refereed Journal 
ISSN (Online): 2583-0074 
Volume-4 Issue-1 || January 2024 || PP. 10-20                                                                     DOI: 10.54741/ssjar.4.1.3 

 

http://ssjar.singhpublication.com      19 | P a g e  

29. Jung HJ, Choi YJ, & Oh KW. (2020). Influencing factors of chinese consumers’ purchase intention to sustainable 

apparel products: Exploring consumer “attitude–behavioral intention” gap. Sustainability (Switzerland), 12(5), 1–14. 

doi:10.3390/su12051770. 

30. Kapoor A, Guha S, & Kanti Das M, et al. (2020) Digital healthcare: The only solution for better healthcare during 

COVID-19 pandemic?. Indian Heart Journal, 72(2), 61–64. doi:10.1016/j.ihj.2020.04.001. 

31. Karimy M, Rezaee-Momtaz M, & Tavousi M, et al. (2019) Risk factors associated with self-medication among 

women in Iran. BMC Public Health, 19(1), 1–7. doi:10.1186/s12889-019-7302-3. 

32. Khatoon S, Zhengliang X, & Hussain H. (2020) The mediating effect of customer satisfaction on the relationship 

between electronic banking service quality and customer purchase intention: Evidence from the Qatar banking sector. 

SAGE Open, 10(2), 1–12. doi:10.1177/2158244020935887. 

33. Kim SS, & Malhotra NK. (2005). A longitudinal model of continued IS use: An integrative view of four mechanisms 

underlying postadoption phenomena. Management Science, 51(5), 741–755. doi:10.1287/mnsc.1040.0326. 

34. Li X, & Liu Q. (2020). Social media use, eHealth literacy, disease knowledge, and preventive behaviors in the 

COVID-19 pandemic: Cross-sectional study on chinese netizens. Journal of Medical Internet Research, 22(10). 

doi:10.2196/19684. 

35. Liu R, Zhang R, & Lu X. (2018). An empirical study on the relationship between the satisfaction of internet health 

information and patient compliance-Based on trust perspective. ACM International Conference Proceeding Series, 

61–66. doi:10.1145/3268891.3268900. 

36. Lopez P, Kalinic Z, & Higueras-castillo E, et al. (2019) A multi-analytical approach to modeling of customer 

satisfaction and intention to use in Massive Open Online Courses (MOOC). Interactive Learning Environments, 0(0), 

1–19. doi:10.1080/10494820.2019.1636074. 

37. Malik FS, Panlasigui N, & Gritton J, et al. (n.d.) Adolescent perspectives on the use of social media to support type 1 

diabetes management. doi:10.2196/12149. 

38. Marar SD, Al-madaney MM, & Almousawi FH. (2019) Health information on social media. Perceptions, attitudes, 

and practices of patients and their companions. Saudi Medical Journal, 40(12), 1294–1298. 

doi:10.15537/smj.2019.12.24682. 

39. Marinković V, Đorđević A, & Kalinić Z. (2019). The moderating effects of gender on customer satisfaction and 

continuance intention in mobile commerce : A UTAUT-based perspective. Technology Analysis & Strategic 

Management, 0(0), 1–13. doi:10.1080/09537325.2019.1655537. 

40. Mclean G. (2020). Examining consumer attitudes towards retailers ’ m-commerce mobile applications – An initial 

adoption vs . continuous use perspective. Journal of Business Research, 106, 139–157. 

doi:10.1016/j.jbusres.2019.08.032. 

41. Mhina JRA, Md Johar MG, & Alkawaz MH. (2019). The influence of perceived confidentiality risks and attitude on 

Tanzania government employees’ intention to adopt web 2.0 and social media for work-related purposes. 

International Journal of Public Administration, 42(7), 558–571. doi:10.1080/01900692.2018.1491596. 

42. Nurhayati S, Anandari D, & Ekowati W. (2019). Unified theory of acceptance and usage of technology (UTAUT) 

model to predict health information system adoption. Jurnal Kesehatan Masyarakat, 15(1), 89–97. 

doi:10.15294/kemas.v15i1.12376. 

43. Ofori PP, & Oduro-Asante A. (2022). Using extraversion to investigate social media purchase adoption. International 

Journal of Scientific Research in Computer Science, Engineering and Information Technology, 8(4), 91–104. 

doi:10.32628/cseit22849. 

44. Ofori PP, & Wang W. (2022). Emerging technologies adoption in healthcare: A SOHI model. Information 

Development, 1–19. doi:10.1177/02666669221113766. 

45. Ofori Philomina P, Antwi EA, & Asante-oduro A. (2021). The behavioral intention in accessing digital healthcare 

information on social media. International Journal of Scientific Research in Science and Technology, 8(6), 510–521. 

doi:10.32628/IJSRST218673. 

46. Ofori Philomina P., Antwi EA, & Owusu-Ansah KA. (2021). The mediating effects of satisfaction and attitude on 

consumers’ intent toward adoption of social media healthcare information. Journal of Health and Social Sciences, 

6(3), 391–402. doi:10.19204/2021/thmd5. 

47. Passafaro P. (2019). Attitudes and tourists’ sustainable behavior : An overview of the literature and discussion of 

some theoretical and methodological issues. Journal of Travel Research. doi:10.1177/0047287519851171. 

48. Praveena K, & Thomas S. (2018). Explaining user acceptance and usage of social networking sites: The role of trust, 

social connectedness and visibility in extending UTAUT2. International Journal of Management Practice, 11(3), 

318–334. doi:10.1504/IJMP.2018.092855. 

49. Puspitasari I, & Firdauzy A. (2019). Characterizing consumer behavior in leveraging social media for e-patient and 

health-related activities. International Journal of Environmental Research and Public Health, 16(18), 3–5. 



Social Science Journal for Advanced Research                                                   Peer Reviewed and Refereed Journal 
ISSN (Online): 2583-0074 
Volume-4 Issue-1 || January 2024 || PP. 10-20                                                                     DOI: 10.54741/ssjar.4.1.3 

 

http://ssjar.singhpublication.com      20 | P a g e  

doi:10.3390/ijerph16183348. 

50. Rahman MF, Persada SF, & Nadlifatin R, et al. (2020). Measuring the consumers’ satisfaction and behavior intention 

on games marketplace technology platform: A perspective of two combination behavior models. International Journal 

of Scientific and Technology Research, 9(1), 193–197. 

51. Reinartz W, Haenlein M, & Henseler J. (2009). An empirical comparison of the efficacy of covariance-based and 

variance-based SEM. International Journal of Research in Marketing, 26(4), 332–344. 

doi:10.1016/j.ijresmar.2009.08.001. 

52. Ryu JS, & Fortenberry S. (2021). Performance expectancy and effort expectancy in omnichannel retailing. Journal of 

Industrial Distribution & Business, 12(4), 27–34. 

53. Shang L, Zhou J, & Zuo M. (2020). Understanding older adults’ intention to share health information on social media: 

the role of health belief and information processing. Internet Research, 31(1), 1066–2243. doi:10.1108/INTR-12-

2019-0512. 

54. Silver RA, Subramaniam C, & Stylianou A. (2020). The impact of portal satisfaction on portal use and health-seeking 

behavior: Structural equation analysis. Journal of Medical Internet Research, 22(3), 1–13. doi:10.2196/16260. 

55. Stone M. (1974). Cross-validatory choice and assessment of statistical predictions. Journal of the Royal Statistical 

Society: Series B (Methodological), 36(2), 111–133. doi:10.1111/j.2517-6161.1974.tb00994.x. 

56. Tachie SA, & Brenya B. (2022). Lecturers’ perceptions of students’ social media exposure and its influence on 

mathematics performance. International Journal of Research in Business and Social Science, 11(6), 487–499. 

doi:10.20525/ijrbs.v11i6.1929. 

57. Tan SSL, & Goonawardene N. (2017). Internet health information seeking and the patient-physician relationship: A 

systematic review. Journal of Medical Internet Research, 19(1). doi:10.2196/jmir.5729. 

58. Tran TP. (2017). Personalized ads on Facebook: An effective marketing tool for online marketers. Journal of 

Retailing and Consumer Services, 230–242. doi:10.1016/j.jretconser.2017.06.010. 

59. Venkatesh V, & Davis FD. (2000). A theoretical extension of the technology acceptance model: Four longitudinal 

field studies. Management Science, 46(2), 186–204. doi:10.1287/mnsc.46.2.186.11926. 

60. Venkatesh V, Morris MG, & Davis GB, et al. (2003). User acceptance of information technology: Toward a unified 

view. MIS Quarterly, 27(3), 425–478. doi:10.1016/j.inoche.2016.03.015. 

61. Wang N, & Sun Y. (2016). Social influence or personal preference? Examining the determinants of usage intention 

across social media with different sociability. Information Development, 32(5), 1442–1456. 

doi:10.1177/0266666915603224. 

62. Wang Z, Wang J, & Maercker A. (2016). Program use and outcome change in a web-based trauma intervention: 

Individual and  social factors. Journal of medical Internet research, 18(9), e243. doi:10.2196/jmir.5839. 

63. Wu T, Deng Z, & Zhang D, et al. (2018). Seeking and using intention of health information from doctors in social 

media: The effect of doctor-consumer interaction. International Journal of Medical Informatics, 115, 106–113. 

doi:10.1016/j.ijmedinf.2018.04.009. 

64. Zaremohzzabieh Z, Ismail N, & Ahrari S, et al. (2021) The effects of consumer attitude on green purchase intention: 

A meta-analytic path analysis. Journal of Business Research, 132, 732–743. doi:10.1016/j.jbusres.2020.10.053. 

65. Zhang L, Jung EH, & Chen Z. (2019). Modeling the pathway linking health information seeking to psychological 

well-being on wechat. Health Communication, 0(00), 1–12. doi:10.1080/10410236.2019.1613479. 

66. Zhang X, Wen D, & Liang J, et al. (2017) How the public uses social media wechat to obtain health information in 

china: a survey study. BMC Medical Informatics and Decision Making, 17(2), 66. doi:10.1186/s12911-017-0470-0. 

 


