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Abstract: This research identifies the underlying drivers impacting on healthcare professionals’
social media usage behaviours using the technology acceptance model (TAM) as the theoretical
lens. A self-administered survey questionnaire was developed and administered to 219 healthcare
professionals. Data are analysed applying the structural equation modelling (SEM) technique. The
SEM model demonstrated an acceptable model fit (χ2 = 534.241; df, 239, χ2/df = 2.235, RMSEA = 0.06,
IFI = 0.92, TLI = 0.93, and CFI = 0.92) and indicates content quality, perceived risk, perceived
credibility, peer influence, confirmation of expectations, supporting conditions, and perceived cost
significantly influence the notion of perceived social media usefulness. Furthermore, perceived social
media usefulness positively affects social media usage behaviour of healthcare professionals. This
research generates important insights into what drives the adoption of social media by healthcare
professionals. These insights could help develop social media guidelines and strategies to improve
the state of professional interactions between health professionals and their clients.

Keywords: social media; healthcare professionals; privacy threat; credibility; perceived usefulness;
technology adoption; technology adoption model

1. Introduction

In the healthcare domain, social media has transformed our interactions with one
another through community building, message amplification, rapid dissemination, and
active engagement [1]. Social media offers healthcare organisations an abundance of
potential benefits [2–4]. These benefits include patient engagement, social support and
enhanced community outreach, health message implications, and improved quality of
patient care [5,6]. In a practical sense, social media is leading a true revolution in the
healthcare industry [7]. Extant literature suggests that social media can help healthcare
professionals promote and advertise their products and services locally and globally [8–12].
Various healthcare social media sites make it easier for consumers to locate the products and
services they want to find. For example, PatientsLikeMe is a web-based application, built
on the philosophy of value-based care, and it allows the user to share in-depth quantifiable
data about health conditions, symptoms, and possible treatments. Users can learn from the
experience of other patients and improve their health outcomes. These data are provided
to members through graphical health profiles and combined into reports accessible on-line.
Members can discuss the datasets either within a group forum or individually through
private messages [13].

However, social media also poses significant challenges to the healthcare domain,
particularly with reference to privacy and safety considerations for both patients and health-
care professionals [14]. Existing studies also highlight misinformation and disinformation,
organisational resistance, privacy threats, inefficiency, adverse health consequences as sig-
nificant challenges emerging when applying social media in the healthcare sector [15–22].
For example, in a survey of US medical school administrators, it was discovered that 60%
reported incidents in which medical students exhibited unprofessional conduct, and 13%
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reported violations of patient confidentiality [15]. However, it is still unknown how the
above challenges influence health professionals’ perceptions regarding the use of social
media in the healthcare setting.

Research on the usage patterns revealed mixed results. While the use of social media
by both health professionals and public is on the increase, there are considerable concerns
about its usefulness in a healthcare setting [23]. Recent findings suggest that despite the
advances made by social media in the healthcare domain, many medical professionals are
reluctant to use it for health communication [24–26]. The question is: What are the factors
influencing health professionals’ perceived usefulness social media?

The primary aim of this research is to understand the factors affecting the perceived
usefulness of social media usage from the perspective of health professionals. The following
section introduces the theoretical background and focuses on the dearth of theory-based
research on social media in the healthcare context.

1.1. Theoretical Background and Research Model

Extant social media-related research in healthcare is built on either a standard survey
of medical professionals or exploratory studies without a strong theoretical underpin-
ning [10,27]. This study proposes an updated theoretical framework for investigating the
antecedents of perceived usefulness to healthcare professionals’ social media usage. The
proposed framework derives from the Technology Acceptance Model (TAM) [28]. TAM has
been a dominant model in the domain of technology acceptance. The TAM has gained con-
siderable reputation, particularly due to its transferability to various contexts and samples,
its potential to explain variance in the intention to use or the use of technology, and its sim-
plicity of specification within structural equation modelling frameworks [29,30]. Besides,
TAM is a powerful vehicle to understand the acceptance of healthcare technologies [31]
and other generic studies concerning technology adoption [32].

The theoretical basis of the TAM is the theory of reasoned action [33] and it denotes
that the antecedents of technology usage occur because of two fundamental factors: the
perceived usefulness (PU) and perceived ease of use (PEOU) of a technology [34]. Perceived
usefulness refers to the extent a user believes that using a particular system will improve
how they do their job. Perceived ease of use (PEOU) refers to the extent a potential user
expects that the target system to be free of unproductive effort [34]. The model explains
that perceived usefulness and perceived ease of use influence the user’s attitudes toward
using a certain technology (intention). In turn, intentions to use will determine whether
a person will use the application or not. However, several TAM-based studies recom-
mended the exclusion of attitude from the model. For instance, the revised TAM model
(i.e., TAM without the attitude construct) has been validated in several user technology
acceptance/adoption investigations because attitude did not appear to mediate fully the
effect of perceived usefulness and perceived ease of use on behavioural intention as origi-
nally anticipated [35–37]. Thus, in this study, the construct “attitude” was excluded from
the examination of healthcare professionals’ social media usage behaviour.

Previous studies concerning information system (IS) and information technology
(IT) adoption has consistently accepted perceived usefulness (PU) as the most influential
determinant of an individual’s decision to adopt a new technology [38,39]. Extant literature
indicates that the influence of PU is greater than that of PEOU concerning the adoption of
new technology [40]. In the health technology domain, physicians adopt a more pragmatic
attitude to acceptance. They focus on the usefulness of health technology adoption rather
than on the ease of using it [41]. Consequently, health professionals concentrate more on
system utility and functionality than users in other industries. Therefore, their motivation
for a new technology acceptance is directly related to the fact that the new technology acts
as an enabler of their daily tasks. Furthermore, PU has a greater impact on behavioural
intention to use than PEOU [42]. Prior studies that employed TAM have demonstrated
that PU the most important predictor of behavioural intention to use new technology,
while perceived ease of use becomes less important over periods of sustained usage [43].
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Therefore, the construct PEOU is not considered in the proposed theoretical framework,
leading to the inclusion of PU as the fundamental predictor of health professionals’ social
media usage behaviour.

Although PU is well accepted as the major antecedent affecting technology usage
behaviour, it is necessary to examine the determinants of PU in the context of social media
usage in the healthcare domain. In our quest for identifying and validating the antecedents
of health professionals’ perceived usefulness of the social media within the healthcare
context, the proposed framework contextualises the TAM by adding variables to study the
impact of content quality, perceived credibility, perceived risk, peer influence, supporting
conditions, confirmation of expectations and perceived cost on health professionals’ social
media usage behaviour. It is evident that the integration of external variables is a common
trend in this research field [44,45]. An added variable approach enables researchers and
practitioners to understand the drivers of intention better and assist in developing new
theories [46]. The conceptual framework depicts the possible effects of the factors influenc-
ing health professionals’ perceived usefulness and social media usage behaviours. These
factors are yet to be contextualised and tested within the healthcare social media context.
To sum up, the proposed theoretical framework is an important addition to the mainstream
social media adoption literature. Figure 1 illustrates the conceptual research model.

Figure 1. Social Media Adoption model.

1.2. Hypothesis Development
1.2.1. A. Content Quality

Content quality refers to social media content that is appropriately customised, rel-
evant, easy to understand, complete, and secure during an online transaction [47]. The
theoretical underpinning of this research is based on the information system success model
which describes information quality as an antecedent of system use [48]. Scholars have
previously found that barriers to social media included poor quality and the lack of relia-
bility of health information [6,49]. Medically incorrect information has resulted in “wrong”
instructions and contributed to serious negative outcomes. Thus, this creates a cascading
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effect which leads to the distrust of online social applications and services in medical
healthcare [50,51]. Prior studies have consistently confirmed that information quality is a
fundamental construct in evaluating the usefulness of a new system [52,53]. However, the
effect of social media content quality on health professionals’ social media usage decision
is not very clear and warrants further investigation. Thus, we propose the following
hypothesis:

Hypothesis 1 (H1). Content quality significantly influences perceived usefulness of social media.

1.2.2. B. Perceived Credibility

In the online context, perceived credibility denotes feelings of confidence and security
while using digital technology [40,54,55]. Prior studies have shown that credibility affects
people’s voluntary acceptance of digital transactions [40,49]. Thus, perceived credibility
can be a significant factor for engaging in health information searching and related activities
via social media [56,57]. If online participants are unsure about the credibility of the health
information provided through social media channels, they may stop seeking online health
information [10,19,56–59]. Based on extant literature we propose the following hypothesis:

Hypothesis 2 (H2). Perceived credibility is associated with the perceived usefulness of health
professionals’ social media usage.

1.2.3. C. Perceived Risk

Perceived risk is a frequently used variable in consumer behaviour studies and known
as a multi-dimensional construct. There are six components of perceived risk and they are
as follows: (i) financial, (ii) performance, (iii) social, (iv) physical, (v) privacy, and (vi) time
loss [60]. Prior studies have consistently shown that perceived risk negatively influences
users’ intention to use IT/IS systems [61–63].

In the social media context, previous studies reported privacy and confidentiality
concerns as a major deterrent of social media usage in the healthcare industry [58,64–66].
This is because online patient privacy breaches can result in greater harm compared to
privacy breaches that occur face-to-face, especially given that online privacy breaches reach
a wider audience and remain permanently online. Consequently, health professionals’
concerns about social media use predominantly revolve around the potential risks arising
from breaching patient confidentiality [67,68] or publicising unprofessional content [69].
For example, an assessment of 271 medical blogs revealed that around 17% included ample
information for patients to identify their doctors or themselves [70]. Furthermore, a content
analysis of physicians’ Twitter posts (5156 tweets) revealed that 4% were potentially un-
professional, including 38 potential patient privacy violations [71]. This outcome explains
why many health professionals consider the integration of medicine and social media as a
daunting challenge often posing severe threats to people’s privacy [72,73]. From the review,
the privacy-related risks arising from social media technologies can be significant and
can influence medical personnel’s capacity to use social media. Therefore, the following
hypothesis is proposed:

Hypothesis 3 (H3). Perceived risk negatively influences health professionals’ perceived usefulness
of social media.

1.2.4. D. Peer Influence

Peer influence refers to the extent to which an individual perceive that the important
members of his/her social circle believe that he/she should use the new system [45]. Prior
research also measured this variable in the healthcare context and reported a positive
relationship with behavioural intention to use technology [74]. Close peers’ personal
evaluations of technological interventions tend to be more credible and help to minimise
uncertainty in adoption of a new technology. Thus, in a healthcare context the subjective
influence of close peers or colleagues is important [18]. The benefits of social media are
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primarily based on social aspects such as social support, patient engagement, greater
interactivity and social listening [54,56,59]. However, empirical studies concerning the
effect of peer influence on health professionals’ social media adoption behaviours are
relatively scarce and warrants further investigation. Thus, the following hypothesis is
developed:

Hypothesis 4 (H4). Peer influence positively influences the notion of perceived social media
usefulness.

1.2.5. E. Supporting Conditions

Supporting condition refers to the extent of broader social, organisational and technical
infrastructure existing to support the use of a new system or technology [45]. Recent
literature raised various concern related to supporting conditions for adopting social media
in a professional setting. For example, internal and external support in terms of resources,
staffing, and technical expertise is necessary for social media to be used effectively [75–78].
A survey of 366 healthcare workers in the USA revealed that healthcare workers are not
familiar with their workplace policies concerning social media use, which may cause a
privacy breach of confidential medical information [79]. Recent studies also highlighted the
importance of supporting conditions on social media usage behaviour [80–82]. Thus, it will
be interesting to observe the relationship between supporting conditions and perceived
usefulness in healthcare context. Drawing on the extant research the following hypothesis
has been posited:

Hypothesis 5 (H5). Supporting conditions positively influence the perceived social media usefulness.

1.2.6. F. Confirmation of Expectations

Confirmation is the outcome of a considerable “over-fulfilment” of initial expecta-
tions [83,84]. The confirmation of expectations suggests that when experiences with specific
system exceed expectations, expectations exert a positive influence on satisfaction [85].
Consequently, lower expectation and higher perceived performance may lead to a greater
sense of confirmation [86]. Prior studies in different contexts show that when users’ ac-
tual experience exceeds their expectations, confirmation positively influences perceived
usefulness [87–92]. It will be interesting to examine the relationship between confirmation
of expectations and perceived social media usefulness in healthcare context. Indeed, fur-
ther empirical investigation of the relationship between confirmation of expectations and
perceived social media usefulness is warranted. Hence, the following hypothesis is put
forward:

Hypothesis 6 (H6). Confirmation of expectations is significantly associated with perceived social
media usefulness.

1.2.7. G. Perceived Cost

The costs associated with a new information system or technology have always been a
major driver of usage behaviour. In this research, perceived cost entails health professionals’
perceptions concerning the initial subscription, transaction and communication costs
involved in using social media [93]. Extant research also represented perceived cost as
an important variable [93–95] and supports the hypothesis that perceived cost negatively
affects users’ behavioural intention to use technology [96,97]. This research argues that
social media reduces the economic, time and human costs associated with clinical practice.
Thus, perceived cost is expected to be an important factor for social media adoption in a
professional setting. Based on the extant research, the following hypothesis is proposed:

Hypothesis 7 (H7). Perceived cost negatively affects health professionals’ perceived social media
usefulness.
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1.2.8. H. Perceived Usefulness and Usage Behaviour

The theoretical underpinning of the usage behaviour construct is grounded on the
‘actual system usage’ construct which refers to the degree a user applies one or more system
features to accomplish a specific task [98]. Based on TAM, perceived usefulness is expected
to positively influence social media usage behaviour of healthcare professionals [28]. Prior
technology acceptance studies have shown that perceived usefulness is a significant pre-
dictor of intention to use information technology [46,97]. In accordance with the TAM
framework, the following hypothesis is proposed:

Hypothesis 8 (H8). Perceived social media usefulness positively influences health professionals’
social media usage behaviour.

Table 1 below provides definitions and sources of root constructs.

Table 1. Root constructs.

Construct Definition Source

Content quality Inherent value and usefulness of the content provided
by social media platforms. [95]

Perceived credibility
Refers to the degree to which a person perceives that

using a specific technology and system would be free of
privacy and security related threats.

[47]

Peer influence
Behavioural intention to use a new technology/system
is influenced by the perception of important others in

their social circle.
[45,99,100]

Perceived risk Refers to the degree to which the user perceives that it
would be unsafe to utilise social media technologies. [101]

Supporting
conditions

Availability of required conditions to perform a
specific task. [102]

Confirmation of
expectations

Refers to the degree to which the user perceives that
actual performance is consistent with the expected
performance of an information system/technology.

[103]

Perceived cost
The degree to which a user perceived that it is expensive
to utilise a specific technology or system to perform a

specific task.
[104]

Perceived usefulness The extent to which a person believes that using the
system will enhance his or her job performance. [28]

Usage behaviour Refers to the degree to which a user utilises one or more
system features to complete a specific task. [105]

2. Methods

This study used quantitative technique for data collection and analysis. The major
attribute of quantitative research is the use of a formal and methodical statistical tech-
nique [106]. The population for this study comprised Australian health professionals who
used social media, and worked in hospitals, clinics and other clinical environments.

2.1. Data Collection

A quantitative survey of 219 healthcare professionals was conducted. The sampling
frame was derived from publicly available online databases. In an attempt to eliminate
any inherent bias, a number of measures were taken. For example, steps recommended by
Ryan and Bernard [107] followed, such as ensuring that the clarity and overt judgments
during questionnaire instrument preparation, data processing, entry, cleaning and different
phases of analyses are monitored and undertaken. A simple random sampling method
was used to select the respondents. A personalised email invitation containing the link to
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the survey was sent to 824 health professionals. A total of 219 complete responses were
received with a 27% response rate.

2.2. Data Analysis

This research employed Structural Equation Modelling (SEM) technique to investi-
gate the hypotheses proposed in the research model. The structural equation modelling
(SEM) is a technique that embodies the observed data through some structural parameters
characterized by a theoretical framework [108–110]. SEM helps to conduct a simultaneous
analysis, where the relationships among multiple independent and dependent constructs
are modelled concurrently. This capability differs significantly from most first-generation
statistical tools such as correlation, regression and factor analysis, which can analyse only
one layer of linkages between independent and dependent variables at a time [111]. SPSS
Amos 25 (IBM, New York, NY, USA) statistical package was used to analyse the data. SPSS
Amos software (IBM, New York, NY USA) is a preferred statistical tool to examine causal
and effect relationship between a number of independent and dependent variables [112].
The source of the constructs measures is documented in Table 2.

2.3. Construct Measures

The survey questionnaire consisted of certain factors that influence the perceived
usefulness and usage behaviour of healthcare professionals. These factors were content
quality, perceived credibility, perceived risk, peer influence, supporting conditions, confir-
mation of expectations and perceived cost. The scales for all the constructs were adapted
from prior studies, many of which have already established their reliability and validity.
The language of the items was modified to reflect the measurement of these constructs
for social media users. The items were measured on a 7-point Likert scale (1 = strongly
disagree, 7 = strongly agree). Prior studies indicated that 7-point Likert scale increases
scale sensitivity [113] and likely to provide a more accurate measure of a participant’s
true evaluation and are more appropriate for electronically distributed or unsupervised
usability questionnaires [114]. Details of the construct measures and their operational
indicators are provided in Table 2 below.

Table 2. Construct measures.

Construct Source Measure Std. Est.

Perceived Risk (α = 0.72,
AVE = 0.72)

New measures
based on
[115–118]

Risky to share data 0.8
Information can be misused 0.68
Might not meet expectation 0.66

Concerned about the privacy settings 0.74

Content quality (α = 0.85,
AVE = 0.83)

Adapted
measures from

[48]

Social media provides relevant information 0.76
Social media provides reliable information 0.81

Provide accurate content 0.88
Provide timely and complete health information 0.87

Perceived credibility
(α = 0.88, AVE = 0.85)

Measures based
on [55]

I am not worried about security issues 0.82
Health related social media sites are credible 0.81

I am confident in using online health platforms 0.92
I trust online health platforms 0.84

Peer Influence (α = 0.91,
AVE = 0.88)

New measures
based on [102]

Colleagues influence me to use social media 0.87
Patients influence me to use social media 0.88
Friends influence me to use social media 0.9

It is expected from healthcare professionals to use social media 0.9

Supporting conditions
(α = 0.80, AVE = 0.78)

Adapted
measure from

[119]

I am encouraged participate actively in health communities 0.72
Can reach other healthcare professionals 0.71

Workplace encourages me to use social media 0.81
Industry practices influence me to use social media 0.88

Confirmation of
expectations (α = 0.89,

AVE = 0.89)

New measures
based on [83–85]

Social media has improved relationships with patients 0.83
Saved time in professional interactions 0.91

Strengthened relationships with colleagues 0.86
Ensured better healthcare service 0.94



Informatics 2021, 8, 6 8 of 17

Table 2. Cont.

Construct Source Measure Std. Est.

Perceived cost (α = 0.96,
AVE = 0.93)

New measures
based on [93]

Social media offers good value 0.92
Social media is cost-effective 0.92

Attractive in terms of cost 0.91
The cost of promotion is reasonable 0.97

Perceived usefulness
(α = 0.89, AVE = 0.87)

New measures
based on [28]

Social media enables me to communicate better with patients 0.8
Improves quality of patient care 0.71

Increases knowledge sharing 0.67
Improves job performance 0.68

Usage behaviour (α = 0.92,
AVE = 0.87)

New measure
developed based

on [28]

I use social media to share medical knowledge with patients 0.88
I follow several health professionals in various social media 0.91

I share available medical information using social media
platforms 0.85

I use social media for self-promotion 0.85

The above table confirms that all composite reliabilities exceeded the baseline criterion
of 0.70 [120]. The average variance extracted (AVE) for each construct is also greater than
the baseline limit of 0.50 [121]. The factor loadings, and reliability scores were also found
to be above the required threshold. Therefore, all constructs are retained for confirmatory
analysis and all results indicate the instrument’s convergent validity. During the assessment
of multicollinearity, the correlation matrix (Table 3) confirmed that no correlation between
any two items was above 0.8; thus, bivariate high collinearity did not exist. Construct
correlations were compared with the square root of the AVE, and it was found that all square
roots of the AVEs were consistently higher than the correlations between constructs. In this
way, the discriminant validity of the constructs used in this research was confirmed [109].

Table 3. Bivariate correlations.

1 2 3 4 5 6 7 8 9

1. Content quality 1
2. Perceived risk 0.297 ** 1

3. Perceived credibility 0.452 ** 0.324 ** 1
4. Peer influence 0.496 ** 0.223 ** 0.391 ** 1

5. Supporting conditions 0.243 ** 0.092 0.192 * 0.011 1
6. Confirmation of expectations 0.233 ** 0.306 ** 0.391 ** 0.329 ** 0.241 ** 1

7. Perceived cost 0.408 ** 0.302 ** 0.442 ** 0.525 ** 0.172 * 0.532 ** 1
8. Perceived usefulness 0.250 ** −0.216 ** 0.238 ** 0.325 ** 0.334 * 0.190 ** −0.178 * 1

9. Usage behaviour 0.364 ** 0.201 ** 0.323 ** 0.561 ** 0.189 * 0.311 ** 0.524 ** 0.183 * 1

** Significant at the 0.001 level; * Significant at the 0.005 level.

2.4. The Demographic Profile

The completed survey includes 48% male participants and 52% female participants.
Regarding the participants’ age range, 2% were 18–29 years old, 30% were in the 30–39
bracket, 35% were 40–49 years old, 25% were 50 to 59 and 8% were over 60 years of age.
Regarding the participants’ experience in healthcare, 48% had 1–15 years, 48% had 16–30
years, and 4% had more than 30 years. Table 4 summerises the patterns of personal and
professional use of social media among health professionals.

In terms of personal use, it emerges that Facebook, YouTube, Twitter, and LinkedIn are
the most popular social media applications. Facebook is the most frequently used platform
as 47% are regular users of it. YouTube is the second most popular platform among health
professionals (45%). This is followed by 25% of respondents frequently using Twitter, and
21% of respondents’ access LinkedIn. 15% of respondents employ various other social
media platforms for personal use. However, concerning the professional use of social
media, only 19% use Facebook, 12% use Twitter, 25% use YouTube, 7% utilise blog sites,
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21% use LinkedIn and 11% use other platforms. This finding point towards limited use of
social media for professional purposes.

Table 4. Health professionals’ social media usage pattern.

Type Personal Use Professional Use

Facebook 102/47% 41/19%
Twitter 55/25% 27/12%

Instagram 9/4% 9/4%
YouTube 98/45% 54/25%

Blogs 17/8% 15/7%
LinkedIn 47/21% 47/21%

Others 33/15% 23/11%

3. Results
Hypothesis Testing

The individual measurement model fit was tested for all dependent and independent
constructs included in the theoretical framework. CFA of the initial 36 items measure-
ment model revealed the following model indices: CMIN = 1393, df = 467 and CMIN/df
ratio = 2.984; CFI = 0.857; and RMSEA = 0.09, indicating a scope for model refinement.
Subsequently, an assessment of the modification indices (MI) was conducted [122]. Ac-
cordingly, seven items were excluded from different constructs to achieve a better fit to
the data. This reduces the χ2 value to 408 (df, 224, p < 0.001) and significantly improved
other fit indices in the final overall measurement (CFA) model. The retained items in the
construct measures suggest a satisfactory fit between data and the measurement model.
The final overall measurement model was tested with 29 items during the SEM stage. The
results of final CFA demonstrate an adequate model fit (χ2 = 438.355; df, 224, χ2/df = 1.957,
RMSEA = 0.06, IFI = 0.95, TLI = 0.93, and CFI = 0.95).

The subsequent phase examined the structural model to test the structural relationship
between measured variables and latent constructs. [109]. The SEM analysis indicated a rea-
sonable model fit (χ2 = 534.241; df, 239, χ2/df = 2.235, RMSEA = 0.06, IFI = 0.92, TLI = 0.93,
and CFI = 0.92). Furthermore, the research model explains (R2 = 47.6%) variance in social
media usage behaviour, which indicates a moderate explanatory power as recommended
by Hu and Bentler [123].

The R2 value of 47.6% is also consistent with the findings of a recent meta-analysis
which showed that most of the TAM based studies explained 40–70% of variance in
behavioural intention and actual usage [46]. Table 5 below provides an overview of the
results of the hypothesis testing performed in SEM.

Table 5. SEM Results.

Path Path Coefficient S.E. C.R. P

H1: Content quality → Perceived usefulness 0.360 0.160 2.752 0.012
H2: Perceived credibility → Perceived usefulness 0.423 0.117 3.274 ***

H3: Perceived risks → Perceived usefulness −0.600 0.103 −5.849 ***
H4: Peer influence → Perceived usefulness 0.272 0.161 2.816 ***

H5: Supporting conditions → Perceived usefulness 0.428 0.199 2.062 0.019
H6: Confirmation of expectations → Perceived usefulness 0.282 0.087 3.620 ***

H7: Perceived cost → Perceived usefulness −0.201 0.093 −2.164 0.020
H8: Perceived usefulness → Usage behaviour 0.142 0.063 2.241 0.022

R2 = 47.6%, *** Significant at the 0.001 level.
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4. Discussion

The results demonstrate that all hypothesised relationships are supported. This
research confirms that content quality (H1) is a significant predictor of perceived usefulness
(p < 0.05). The finding is consistent with previous studies in different contexts which have
found that online content quality positively influences the notion of perceived usefulness
in digital information exchange settings [124,125]. This study concludes that if the health
professionals perceive that social media channels facilitate dissemination of high-quality
health-related content, they will use it more extensively.

The insertion of perceived credibility (H2) as an independent variable also provides a
new perspective for studying social media acceptance research in healthcare. Although
several studies [55,126–128] have looked at the role of trust as a direct antecedent of be-
havioural intentions, this study investigates the effect of credibility on perceived usefulness
in the context of social media technologies. The SEM analysis indicates that perceived
credibility is significantly associated with the perception of usefulness (p < 0.01) and this
finding is consistent with previous studies [59,129]. Therefore, if health professionals per-
ceive social media as a credible platform to professionally interact with their patients, they
will perceive it as useful. Therefore, the role of credibility is pivotal in shaping productive
relationships between health professionals and patients.

Consistent with prior research [6,63], findings confirm a significant and negative
association (p < 0.01) between perceived risks and perceived usefulness (H3). This result
reflects the health professionals’ concern about privacy and confidentiality, the main items
that represent the construct of perceived risk in the healthcare context. Privacy threats as
a universal phenomenon are playing a critical role in the communication mechanisms of
healthcare professionals and patients.

The study has also examined the relationship between peer influence and perceived
usefulness. It confirms there is a significant association (p < 0.05) between these two
constructs. The findings are consistent with prior studies [45,74,102]. As mentioned earlier,
past studies predominantly examined the influence of peers in assessing information
technology usage behaviour. However, studies in relation to the influence of peers on
social media usage decisions in healthcare are relatively scarce. The results confirm that
peer influence is a significant predictor of health professionals’ perceived usefulness of
social media [130]. The social aspect of social media motivates users to embrace the way
information and knowledge is disseminated between health professionals, their patients
and members of the public [131]. Consequently, establishing a network with other relevant
players is an essential factor in community wellbeing.

The relationship between supporting conditions and perceived usefulness (H5) was
also supported (p < 0 0.05). This result is consistent with prior research which exhibited
a positive effect of supporting conditions on perceived usefulness [132]. The results
indicate that a favourable environment helps to reduce uncertainty in relation to the
usage of social media by health professionals. Thus, a favourable social, technical and
organisational environment will help healthcare providers to realise the full potential of
social media [133–135].

The result indicated a significant relationship (H6) between confirmation of expecta-
tions and perceived usefulness (p < 0.01). The finding is consistent with the notion that
the higher the confirmation, the higher the perceived usefulness [85–90]. Moreover, this
research further validates that physicians are likely to use social media when its benefits in
healthcare are confirmed.

The effect of perceived cost was assumed to be a strong indicator of social media
adoption (H7). The results indicate that the perceived cost of social media negatively
influences (p < 0.05) the perception of usefulness. Prior research highlighted cost as an
important factor affecting users’ behavioural intention [124–127]. Thus, this research
confirmed some of the arguments put forward in the literature [82,128]. Extant literature
revealed that social media applications make it possible for healthcare professionals to
engage with their patients, enhance brand image and increase patient satisfaction in a very
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cost-effective way [46,71,74,77,129,130]. Thus, professional use of social media would allow
physicians to share and exchange health information on a large scale [60].

Finally, the findings demonstrate a significant association between perceived useful-
ness (H8) and usage behaviour (p < 0.05), confirming the notion that health professionals’
perception of usefulness is a key predictor of their actual social media usage behaviour.

5. Conclusions and Implications

This study contributes to the limited research on social media in the healthcare context
by building on previous research [24,26]. Prior technology adoption theories were mostly
operationalised without taking into account the characteristics of social media. Although
many researchers have tested the existing adoption theories in the healthcare context, the
unique characteristics of social media needed a more context-specific approach to model
development. This research enriches the traditional technology acceptance model (TAM)
by operationalising additional constructs such as content quality, perceived credibility,
perceived risk, peer influence, supporting conditions, confirmation of expectations and
perceived cost affecting the social media usage decisions of Australian healthcare profes-
sionals. These constructs were formulated, operationalised, and tested exclusively, drawing
on the social media use behaviours of healthcare professionals.

Prior research explored the potential of social media technologies in healthcare [2–7].
However, compared to previous studies, this research backed its arguments with empirical
data collected from the healthcare industry but also explored and identified new factors
that are relevant to social media adoption behaviours. This research operationalised some
relatively unknown factors regarding the usage of social media in healthcare.

Current wisdom suggests that although social media can alleviate many challenges
pertaining to the practical, social and emotional aspects of healthcare service delivery,
there is a growing concern in the minds of healthcare professionals about some negative
aspects of social media usage in their medical practice. The findings point towards the
need for more strategic initiatives concerning security related issues associated with health
professionals. Healthcare authorities need to undertake practical initiatives to attract health
professionals in this interactive sphere by firstly, promoting the benefits, and secondly,
ensuring the availability of support structures to improve community health.

The findings also point towards the need to raise more awareness, training, and sup-
port for practitioners so that the adoption trends of social media are maintained and further
enhanced. The findings also point towards the fear or scepticism in health professionals’
minds concerning professional use or abuse of social media. This scepticism is attributed
to the challenges associated with poor content quality, credibility issues, perceived risk and
unfavourable supporting conditions.

The study findings may provide an opportunity for healthcare providers and poli-
cymakers to understand and take necessary actions with regard to the current status of
healthcare practitioners perceptions of the potential factors affecting the usage of social
media for health communication. Healthcare providers, administrators and system profes-
sionals can consider the relevant factors affecting adoption behaviour and formulate a clear
social media usage guideline, offering health professionals advice on how to maximise
potential benefits through engagement with social media. These insights could be used in
developing social media guidelines effectively and to maximise the benefits for the specific
needs of the health community. This is paramount, as there is currently a widespread
scepticism about the viability of social media applications in the healthcare domain [6].

To sum up, adequate knowledge of the factors driving adoption behaviour discussed
above may provide guidelines for the healthcare sector. Appropriate strategies that address
these issues and improve the current status of social media usage amongst Australian
healthcare professionals and consumers should be designed.
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6. Limitations and Future Research

Like any other research, this study has its limitations. This research has been un-
dertaken in an Australian context which tends to limit the generalisation of the findings
internationally. Future research can overcome this limitation by using large samples drawn
from other Western countries with similar social and economic characteristics, for example,
Canada, New Zealand, the UK and the USA. Furthermore, the cross-sectional design does
not consider the responses at different time intervals. Notably, some constructs (like usage
behaviour) need a period of time to pass for them to be measured correctly. This is thought
to be a limitation of most TAM-based research. Future studies may take the form of com-
parative studies or judge the pre-adoption and post-adoption behaviour of social media
in healthcare. The time factor is worth investigating where some time is needed for the
conclusive data to emerge and mean something. The issue of generalisability is a widely
known limitation in most of the research on technology acceptance. Finally, the research
posed considerable challenges to access health professionals who are active users of social
media and could be recruited for the study. Due to the busy nature of the profession,
only a small number of participants was enthused to participate in this research since
they are usually too busy with their everyday tasks. However, the sample was chosen not
only for practical reasons and convenience but also because healthcare professionals are
amongst those whose opinions and perceptions will influence the adoption of social media
in healthcare organisations.
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