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Abstract The advent of information and communication
technology in healthcare sector has taken the world to a new
pervasive horizon. Cloud computing is a ubiquitous way of
information and data transfer. Implementation of cloud com-
puting in daily healthcare operations can bring numerous ben-
efits. However, there is a resistance towards the usage of this
modern technology by healthcare organizations and staff due
to lack of IT exposure, resources, infrastructure, patient data
privacy, and security issues. Therefore, there is a need to pro-
vide an empirical evidence on how healthcare industry is
responding to this new technology and to point out the factors

that hinder its implementation in healthcare sector. In this
paper, we aim to conduct an empirical study to investigate
the behavioural intention of healthcare organizations’ staff,
towards the usage of cloud-based healthcare services to carry
out their daily jobs. We used unified theory of acceptance and
use of technology (UTAUT) as a theoretical basis to test the
predictors i.e. performance expectancy, effort expectancy, fa-
cilitating conditions, and social influence in order to find the
behavioural intention of the healthcare organizations’ staff.
Age, experience, and gender were also studied as moderators
to investigate their effect on the behavioural intention of the
user. An online questionnaire-based survey was conducted
with 147 healthcare professionals in Malaysia, Pakistan, and
Saudi Arabia. The results showed that social influence was the
least influencing predictor in determining the dependent
variable and the years of experience positively influenced
user’s behavioural intentions towards using cloud-based
healthcare services.
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1 Introduction

Cloud computing has emerged as a novel way of delivering
information services to individual users and organizations over
the years, in diverse domains i.e. information security, software
development, healthcare etc. [1–3]. Cloud computing provides
the user with on demand applications known as software as a
service (Saas), hardware known as Infrastructure as a Service
(IaaS), and Platform as a Service (PaaS) through the Internet
and dedicated data centres [4]. In healthcare research and de-
velopment, cloud computing has been adopted as a progressive
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domain in recent past due to its on-time resource availability
feature and high return on investment [1, 2, 5]. Healthcare in-
dustry is making use of technological advancement in almost
all the domains to bring state-of-the-art solutions in health and
medicine; cloud computing brings a new dimension to this.

In past half a decade, a surge has been noticed in the
number of studies focused on the incorporation of cloud
computing in healthcare services (e.g. [6–9]). This merger
of cloud computing with healthcare services can be seen as a
next step to mobile health (m-health) technology. For in-
stance, literature evidences that the proposed cloud comput-
ing solutions enhance the mobile health services by effec-
tively collecting and analysing patient’s data while being at
distributed locations [8], utilizing cloud services for large
data collection and processing [9], and using cloud comput-
ing to provide emergency healthcare services [7].

The successful implementation and usage of technologi-
cal advancement in healthcare industry majorly depends on
its acceptance by the physicians, healthcare staff, and even
patients in some cases. Also, it depends on thewillingness of
the healthcare-based IT organizations to make use of cloud
computing in e-health services. Literature analysis shows
resistance from healthcare staff in adopting e-health ser-
vices. For instance, the healthcare staff resisted the usage
of electronic healthcare record (EHCR) due to several rea-
sons including lack of familiarity with this technology, lack
of time to learn new technology, patient data privacy issues,
high investment, and interoperability issues [10–12].
Another hindrance factor is that electronic advancements
in healthcare industry using the internet are characterized
risky in terms of putting your privacy at stake due to global
accessibility of information [13]. However, cloud service
providers ensure data security, authenticity, availability,
and updating [14].

The critical factors that influence the decision of adopting
cloud-based healthcare services are studied in the literature
such as human factors (perceived technical competence and
innovation), technological factors (data security, compati-
bility, scalability, time, and cost), environmental factors
(government policy, perceived industrial pressure), and or-
ganizational factors (internal and external collaboration, ad-
equate resource, benefits) [15, 16]. Furthermore, several re-
cent studies focused on data security and privacy issues in-
volved in cloud-based healthcare services (e.g. [17–19]).
Thus, the need of security, privacy, and data confidentiality
to mitigate the risk factor involved herein puts trust and
acceptance of the technology by the individual ahead for
its successful application in a certain domain [17, 18]. This
motivated us to conduct a comprehensive study on how
cloud computing-based healthcare services are taken up in
the field. Although technology has stepped into an era of
advancement, yet healthcare industry stakeholders (includ-
ing physicians and paramedical staff) still have resistance

towards its acceptance and usage. Considering the fact that
the usage of modern healthcare technology in under devel-
oped or developed countries is nascent, hence, moving to
cloud-based services needs large investment, infrastructure,
and wide acceptance. However, in the long run, this ad-
vanced healthcare technology can help to improve commu-
nication among institutions, to detect andmonitor patients at
remote locations, and to assist in managing medication in
developing countries [20].

In this study, we aim to investigate acceptance of cloud
computing as an emerging technology in healthcare industry
from the perspective of healthcare professionals (physicians
and paramedical staff). For the successful surge of any emer-
gent technology, its infiltration into the functional units of the
application domain is of prime importance. Therefore, we aim
to study the behavioural intention of the healthcare staff to use
cloud-based services through a unified theory of acceptance
and use of technology (UTAUT). We explore on how the
performance expectancy, effort expectancy, social influence,
and facilitating conditions help the stakeholders to adopt
cloud-based services in healthcare industry.

The rest of the paper is structured as follows: Section 2
explains the background of the study. Section 3 describes
the proposed research model for this study. Section 4 presents
the researchmethod adopted for this study. Section 5 states the
results and discussion. Section 6 concludes the paper.

2 Background

In past few decades, a burgeoning trend has been witnessed in
the usage of electronic services in health sector. The applica-
tions are not only limited to electronic medical record (EMR),
EHCR, clinical decision support (CDS), and machine-to-
machine (M2M) communication systems for e-healthcare so-
ciety ([21–23]). Technology has taken a step forward and pro-
vided healthcare industry with mobile services such as
mobile-EMR on tablets [24], mobile electronic medical record
administration [25], mobile physical order entry [26], wireless
health outcome monitoring system (WHOMS) [27], and
among many. The recent research shows that users gave pos-
itive feedback regarding the future of personal health devices
[28]. Literature shows that mobile healthcare services are
moving healthcare industry towards the ubiquitous availabil-
ity of services to patients [29]. Literature shows that mobile
healthcare services are used by healthcare staff (i.e. commu-
nity health workers) for various purposes including field-
based data collection, conducting person-to-person communi-
cation, issuing alerts and reminders, providing job aids and
decision support, accessing health education material, and su-
pervising other healthcare workers [30, 31]. Themain focus of
research articles published in last one decade was to introduce
new methods, models, techniques, and applications of mobile
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and cloud health services. However, little attention was paid
on studying the acceptance level and perception of this emerg-
ing technological advancement in healthcare industry. Only a
handful of studies discussed the intentions of healthcare
workers and physicians to use web-based and mobile health
services (e.g. [21, 32, 33]).

For instance, a study was conducted to find the intention of
nurses towards using web-based healthcare services [32]; ac-
ceptance level of physicians was tested towards the usage of
EHCR [21]; acceptance of cloud computing framework was
studied among the healthcare professionals in Ghana [33].
Examples from the literature showed that the perception and
acceptance of healthcare staff and physicians were focused in
several studies. Conversely, a successful implementation of
mobile cloud healthcare technology deems acceptance from
all the stakeholders. This establishes the fact that patients and
healthcare providing organizations should not be left behind.
Examples can be seen in the literature in terms of studying the
acceptance level and perception of patients towards using e-
health services such as EMR [34–36] and health information
system (HIS) [37].

Literature evidences the fact that mobile health services
related studies are still in their premature phase as compared
to health information system studies [38]. Since, cloud health
services are the future of mobile healthcare services industry.
Albeit a handful of studies explore its acceptance among
healthcare staff and patients. Hence, there is a need to conduct
more empirical and longitudinal studies to strengthen the find-
ings and to generalize the results. Therefore, in this paper, it is
aimed to close this research gap by empirically exploring the
acceptance and perception of healthcare workers (hospital
staff, nurses, doctors, and technicians) towards the cloud-
based health services.

3 Research model

Technology acceptance model (TAM) is widely used to assess
human (users) behaviour towards acceptance of a new tech-
nology with the help of several factors that influence user’s
decision [39]. These factors are perceived ease of use and
perceived usefulness. The variants of TAM are TAM2 and
TAM3 that are used to find the factors determining perceived
usefulness and factors that affect the acceptance of technolo-
gy, respectively [40, 41]. Over the course of time, TAM has
proved to be an adequate predictor especially in healthcare
studies [42]. However, Venkatesh et al. believed that TAM
has several limitations in terms of having a unified perspective
when explaining acceptance of a certain technology [43]. The
UTAUT integrates the previously developed TAM(s) [43] and
explains the user intentions [44]. UTAUT has four constructs
or independent variable (IV) as shown in Fig. 1, that is driven
from the previous models explained as performance

expectancy defined as how technology helps with their job
performance, effort expectancy as user’s perception of the ef-
fort required to use the technology, social influence defined as
the degree of an individual’s perception of how others believe
the individual should use the new technology, and facilitating
conditions defined as user’s perception of technology support
provided by the IT infrastructure and the organization, as the
predictors of behavioural intentions and usage behaviour [43].

The proposed research model is designed to investigate the
acceptance of cloud computing-based healthcare services
among healthcare staff and patients. In particular, we aim to
identify the factors that are conducive in influencing the usage
of cloud computing services in healthcare industry. Our re-
search model is inspired on UTAUT designed by Venkatesh
et al. in [43]. The UTAUT comprises of dependent variables,
independent variables, and moderators (as shown in Fig. 2).
The research model has four main constructs explaining its
independent variables including performance expectancy
(PE), effort expectancy (EE), social influence (SI), and facil-
itating conditions (FC). PE is defined as the degree to which
the respondent finds the proposed system helpful in attaining
better performance [43]. EE is defined as the amount of effort
the respondent deems to be required in using the system [43].
SI is defined as the degree to which others believe that the
respondent should use the system [43]. FC is defined as the
degree to which logistic support is available from organization
and individuals to support the usage of the system [43]. The
behavioural intention to use (BI) is the dependent variable. It
defines the respondent’s intention to use the system depending
on the independent factors. The moderators selected for the
proposed research model are inspired by Venkatest et al. in
[43] including age, gender, and years of experience.

This work is aimed to find out the behavioural intention of
the healthcare industry stakeholders in adopting and using
cloud-based healthcare services in future. For this, the inde-
pendent factors chosen are PE, EE, SI, and FC. In addition, the
effect of moderators is also of interest such as how age, gen-
der, and experience influence the respondent’s decision to use
cloud-based healthcare services in future. Therefore, we pro-
posed four hypotheses using the UTAUT model to find if

Fig. 1 UTAUT research model [43]
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statistically significant relationship exists between the vari-
ables. The proposed hypotheses are stated as follows:

H1A: Performance expectancy has a statistically signifi-
cant relationship with behavioural intention to use cloud
computing.
H1B: The effect of performance expectancy on be-
haviour intention to use cloud computing-based file
storage should be moderated by gender, age, and
experience.
H2A: Effort expectancy has a statistically significant rela-
tionship with behavioural intention to use cloud
computing.
H2B: The effect of effort expectancy on behaviour inten-
tion to use cloud computing-based file storage should be
moderated by gender, age, and experience.
H3A: Social influence has a statistically significant rela-
tionship with behavioural intention to use cloud
computing.
H3B: The effect of social influence on behaviour intention
to use cloud computing-based file storage should bemod-
erated by gender, age, and experience.
H4A: Facilitating conditions have a statistically signifi-
cant relationship with behavioural intention to use cloud
computing.
H4B: The effect of facilitating conditions on behaviour
intention to use cloud computing-based file storage
should be moderated by gender, age, and experience.

4 Research methodology

The research design followed in this study is quantita-
tive. We have followed a non-experimental methodology
and have used inferential statistical model to answer
research questions and to test hypotheses. The selected
research approach is found suitable for such cases in

which opinions are collected from selected population
and are analysed to infer results [45, 46]. There are
examples that have successfully employed quantitative
approach to examine subjective data regarding technol-
ogy acceptance by healthcare industry (e.g. [47–51]).

Data were gathered through a single data collection
method i.e. questionnaire-based survey because survey
is considered as the most appropriate method to gather
subjective data [45, 46]. Electronic deployment of sur-
vey enabled efficient data collection from large popula-
tion as found in several examples [52–54]. However, in
several cases, questionnaires were printed and distribut-
ed for data collection. On the other hand, the usage of
single data collection method is also considered as a
limitation of our work because it may cause lapse of
information. Use of data triangulation may solve this
problem where data is gathered through multiple
methods to cover any missing information.

The questionnaire was deployed using a third party
online platform due to time and budget constraints.
Although, the usage of online survey deployment plat-
forms makes it hard to select a justified population sam-
ple for instance having more male members than female
respondents. The questionnaires were sent to hospitals
and healthcare staff of three countries i.e. Malaysia,
Pakistan, and Saudi Arabia due to researchers’ location
and budget constraints. However, for wide application
and generalization of the results, sample needs to be
collected from diverse sources. The sample size was
kept small to keep the confidence level and estimated
error limited. If the estimated error is narrowed down,
larger sample would be required. This compromise
might have some effect on the quality of our results.

4.1 Population

The population of interest for this research was hospital
healthcare staff including doctors, nurses, and technical

Fig. 2 Research model
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staff. The sample size of the study is calculated using
the sample size calculation formula shown in Eq. 1.

n ¼ Z2 � P 1−Pð Þ� �
=E2 ð1Þ

where

n number to sample,
Z2 confidence value
P “best guess” for number of responses received (e.g. ±0.50),
E maximum tolerable error or degree of precision for the

prevalence estimate (e.g. ±0.05)

The acceptable confidence value Z2 is 95% which is 1.96
[55]. With the estimated value of response return rate as 50%
(0.50) and value of maximum tolerable error as 4% (0.04), the
minimum sample size was calculated as 114 and we collected
120 responses in total.

4.2 Research instrument

Questionnaire was used for data collection. The self-
administered questionnaire was constructed using Google
Docs service (attached as Appendix A). However, the ques-
tionnaire was printed and distributed in several cases as well.
The questionnaire comprised of three sections. Section 1 de-
scribes the demographics of the respondents and collects data
related to moderators. The respondents were asked about their
age, gender, role, location, and years of experience. In section
2, we collected information regarding organization’s size and
usage of computerized or online services. Section 3 consisted
of questions designed to gather the respondents’ opinion on
independent variables. A five-point likert scale is used that
ranges from strongly agree (5) to strongly disagree (1). The
independent variables and their respective questionnaire items
(questions) are listed below in Table 1.

4.3 Data analysis

First, the responses collected from online self-administered
questionnaire were recorded in an excel spreadsheet
screenshots are shown in Fig. 3.

Second, the data reliability was tested for all the variables
using Cronbach’s alpha [56, 57], composite reliability test
[58], and average variance extracted (AVE). To check the
reliability of the data, mean, average, and standard deviation
of the responses collected against all of the variables were
calculated. SPSS version 20 was used to calculate the values
of Cronbach alpha, composite reliability test, and AVE. We
also made sure if removal of any item could improve internal
consistency. Third, the moderators were tested using
Spearman’s correlation coefficient (ϱ pronounced Rho) to find
out how the moderators influence the behavioural intention of
the respondents to use cloud-based healthcare services.
Fourth, regression analysis [59] was performed to test the
model and to determine the effect of independent variables
(PE, EE, FC, and SI) on the dependent variable (BI).

5 Results and discussion

In this section, we present the summary of the demographic
characteristics of the respondents, the results of the statistical
tests performed on data for reliability analysis, hypotheses
testing, and moderators’ testing. It also includes discussion
on the results to prove the significance of our proposed
hypothesis.

5.1 Demographic characteristics of the sample

Data were collected from the hospitals located in several
cities of Malaysia, Pakistan and in Riyadh, Saudi Arabia

Table 1 Variables and their respective questionnaire items

Independent variables Questions

Performance expectancy 1. I would find the usage of cloud computing-based healthcare services useful in my job.
2. Using the cloud computing-based healthcare services enables to improve my performance.
3. Using the cloud computing-based healthcare services helps me to do my job quickly.
4. Using the cloud computing-based healthcare services makes me perform effectively.

Effort expectancy 1. My interaction with the cloud computing-based healthcare services would be clear and understandable.
2. It would be easy for me to perform my job using the cloud computing-based healthcare services.
3. Learning to use cloud computing-based healthcare services is easy for me.
4. My interaction with the cloud computing-based healthcare services would be clear and understandable.

Social influence 1. I have the resources necessary to use the cloud computing-based healthcare services.
2. I have the knowledge necessary to use the cloud computing-based healthcare services.
3. Assistance is available with cloud computing-based healthcare services difficulties.

Facilitating conditions 1. People who influence my behaviour think that I should use cloud computing-based healthcare services.
2. People who are important to me think I should use cloud computing-based healthcare services.
3. The senior management seems helpful in practicing the use of cloud computing-based healthcare services.
4. The organization has supported the use of cloud computing-based healthcare services.

Ann. Telecommun. (2017) 72:253–264 257



based on the physical reachability of the authors and
budget of this research project. The demographics and
frequency distribution of the respondents are shown in
Table 2.

It can be seen that the respondents fall in the range of all
age groupsmentioned in the questionnaire from20 to 60 years.
However, we did not manage to find any participant above
61 years of age. The reason behind is the normal retirement
age limit for healthcare staff is 60 years in Malaysia, Pakistan,
and Saudi Arabia. The questionnaires were distributed in both
public and private sector hospitals, research centres, and nurs-
ing homes. The percentage of male participants was larger
than female participants. However, the data sample collected
from Malaysian hospitals had more female participants as
compared to the sample collected from Pakistan and Saudi
Arabia, which reflects the general employment trend of the
healthcare organizations of these countries.

Large percentage of the respondents had considerable ex-
perience i.e. 2 to 5 years (38%) and 6 to 9 (25%) years and
above 9 years (11%) of experience. This shows that around
72% of the respondents fall in the category of mid-level and
high level experienced professionals. The large percentage of
experienced population also establishes the reliability of our
data. The demographic data showed that 45% of our respon-
dents were physicians and 20% were nurses (male and female
both), and 15% were technicians including X-ray technicians,
dialysis technicians, sonographers, and MRI technicians.
Special attention was given to the equivalent distribution of
questionnaires to gather a wide perspective of responses.

During data collection, we found that postgraduate in-
terns also serve as medical officers in the medical

institutes and research centres, along with their postgrad-
uate studies. Therefore, the sample also had 5% postgrad
interns. The sample showed that major part of the popu-
lation (70%) was working in small to middle-sized hospi-
tals (21–100 beds). The participants were also inquired
about their acquaintance with the cloud-based healthcare
services. This question was posed to get an idea of the
respondents’ acquaintance with cloud computing services
and if it affects their decision. But the result percentage
showed that only a small segment of population (36%)
had prior experience with cloud computing services. In
depth analysis of the data showed that these 36% of the
respondents with prior experience of using cloud
computing-based healthcare services worked in large-
sized hospitals (above 200 beds). This shows that some
of the large medical institutes, medical complexes, re-
search facilities, and hospitals have started using cloud
computing services in their daily operation. However, it
is noticeable that the fragment of population that is using
these cloud-based services was only physicians. This
brings our attention to twofold issues: first, it shows that
there is a need to implement cloud computing healthcare
services in the hospitals, Second the healthcare staff
should be trained and motivated to use cloud-based
healthcare services in their daily practice.

5.2 Data reliability

To test the data reliability average, mean, and standard de-
viation, values of the responses against each variable are
calculated, shown in Table 3. Cronbach’s alpha, composite

Fig. 3 Screenshot of spreadsheet created for data analysis
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reliability, and AVE values are shown in Table 4.
It can be seen that the Cronbach alpha values of the

variables fall in the acceptance range (above 0.80%),
approximately [60]. The Cronbach’s alpha value for so-
cial influence is 0.79 which is also considered accept-
able (e.g. in [61]). To confirm the results obtained from

Cronbach alpha, composite reliability and average vari-
ance extracted were calculated. The AVE results showed
substantial amount of variance in the values, with AVE
values greater than 0.50 [61]. Overall, it can be seen
that composite reliability and average variance extracted
values calculated for the variables also support the
Cronbach alpha’s results and uphold the reliability of
the variable values (as shown in Table 4).

5.3 Finding acceptance of cloud-based healthcare services

To explore the relationship between the dependent var-
iable (BI) and independent variables (PE, EE, SI, FC),
Spearman correlation is performed. This inter-variable
correlation is performed using Spearman correlation to
determine the effect of variables on each other. For in-
stance, the correlation results helped us to understand
the fact that how performance expectancy of the respon-
dent influenced his/her effort expectancy. This inter-
variable correlation helped in determining the complete
picture of our research model. The Spearman correlation
coefficient calculated for each variable is shown in
Table 5.

The inter-correlation coefficient value is 1 for all of
the variables that shows maximum correlation. The cor-
relation value is always 1 when two variables are sim-
ilar or when the variable is checked against itself; there-
fore, we will ignore them. The correlation results
showed that most of the correlation values fall in the
moderate correlation range r from 0.39–0.49 according
to fields [62]. However, several inter-correlations show
low correlation, less than minimum value e.g. PE-SI
(0.161). The results also showed that there was no cor-
relation value exceeding 0.90 which means that no per-
fect inter-correlation relationship existed in this sample.
Overall, the correlation values showed promising results
in terms of inter-relationship among the variables.

The cross correlation results between dependent and
independent variables showed highest correlation value
for BI-PE (0.711), BI-EE (0.543), and BI-FC (0.367).

Table 3 Average, mean, and standard deviation of the responses

Variable Average mean Std. deviation

Performance expectancy (PE) 3.25 0.054

Effort expectancy (EE) 2.85 0.061

Facilitating conditions (FC) 2.21 0.041

Social influence (SI) 1.89 0.052

Behavioural intention (BI) 2.65 0.041

Table 4 Reliability of the variables

Variables Cronbach’s
aplha

Composite
reliability

AVE

Performance
expectancy

0.86 0.90 0.88

Effort expectancy 0.87 0.81 0.84

Facilitating conditions 0.81 0.82 0.81

Social influence 0.79 0.87 0.83

Behavioural intention 0.82 0.92 0.87

Table 2 Frequency distribution of demographic data

Characteristic Measure Number Percentage (%)

Gender Male 78 65

Female 42 35

Age group 20–30 33 27

31–40 59 49

41–50 23 19

51–60 5 4

61 or older 0 0

Professional title Doctor 54 45

Nurse 24 20

Postgrad intern 7 5

Technician 19 15

Consultant 2 1

IT staff 14 11

Other

Experience Less than 1 year 24 20

2–5 years 46 38

6–9 years 30 25

9–12 years 11 9

13 years and above 9 7

Location Pakistan 89 74

Saudi Arabia 27 92

Malaysia 31 26

Hospital size Less than 10 1 5

11–20 2 10

21–50 7 37

51–100 6 33

101–200 2 10

More than 200 1 5

Usage of cloud-based
services

Yes 44 36

No 76 63
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The correlation coefficient value was lowest for BI-SI (0.235)
which shows weak correlation among social influence and
behavioural intention to use cloud services. The correlation
results showed that performance expectancy, effort expectan-
cy, and the facilitating conditions help to find the behavioural
intention of the respondents to use cloud-based services in
performing their daily duty.

Regression analysis is performed to find out the sig-
nificance of the independent variables in predicting the
dependent variable, hence to prove our hypotheses. The
regression analysis results (showed in Table 6) revealed
that the significance values for all the independent var-
iables are within range (*ρ < .05. **ρ < .01). Hence, it
proves that there is a significant relationship between
the dependent variable and independent variables, and
this rejects the null hypotheses. Furthermore, the results
revealed that PE (β = 0.345, ρ < 0.01), EE (β = 0.143,
ρ < 0.05), FC (β = 0.282, ρ < 0.05), and SI (β = 0.252,

ρ < 0.05) have a significant positive effect on B1 that
approves the proposed hypotheses; H1A performance ex-
pectancy has a statistically significant relationship with
behavioural intention to use cloud computing; H2A ef-
fort expectancy has a statistically significant relationship
with behavioural intention to use cloud computing; H3A

social influence has a statistically significant relationship
with behavioural intention to use cloud computing; H4A

facilitating conditions have a statistically significant re-
lationship with behavioural intention to use cloud com-
puting. The regression analysis also shows that the in-
dependent variables account 62.3% variance in
predicting behavioural intention of the respondents to
use cloud-based healthcare services.

Table 5 Spearman’s correlation between dependent and independent variables

Spearman’s coefficient (ϱ) PE EE SI FC BI

Performance expectancy (PE) Correlation coefficient 1.00 .124 .043 .336 .321

Sig. (2-tailed) .253 .690 .740 .767

N 120 120 120 120 120

Effort expectancy (EE) Correlation coefficient .524* 1.00 .488 .340** .580

Sig. (2-tailed) .752 .415 .001 .009

N 120 120 120 120 120

Social influence (SI) Correlation coefficient .161 .359 1.000 .431 .331

Sig. (2-tailed) .602 .434 .277 .201

N 120 120 120 120 120

Facilitating conditions (FC) Correlation coefficient .567 .432 .231 1.00 .550

Sig. (2-tailed) .767 .467 .326 −.202**
N 120 120 120 120 120

Behavioural intention (BI) Correlation coefficient .711** .543 .235 .367 1.00

Sig. (2-tailed) .567 .642 .458 .556

N 120 120 120 120 120

**Correlation is significant at the 0.01 level (2-tailed)

*Correlation is significant at the 0.05 level (2-tailed)

Table 6 Regression analysis of independent variables

Independent variables B t value β Sig (ρ)

Performance expectancy (PE) 2.041 5.292** .345 .0037

Effort expectancy (EE) 10.303 2.398* .143 .037

Facilitating conditions (FC) 5.37 5.484* .282 .038

Social influence (SI) 13.876 4.787* .252 .041

R2 .691, adjusted R2 .623, *ρ < .05. **ρ < .01. Dependent variable: BI

Table 7 Spearman’s correlation coefficient values of moderators

Spearman’s coefficient (ϱ) PE EE SI FC BI

Gender Correlation coefficient .001 .024 .047 −.006 −.012
Sig. (2-tailed) .023 .151 .390 .040 .060

Age Correlation coefficient .241* 0.008 .001 .290** .080

Sig. (2-tailed) .012 .125 .015 .001 .012

Experience Correlation coefficient .661 .591 2.09 .498 .641

Sig. (2-tailed) .712 .425 . .607 .121

**Correlation is significant at the 0.01 level (2-tailed)

*Correlation is significant at the 0.05 level (2-tailed)
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5.4 Checking moderators’ effect on behavioural intention

To investigate the effect of moderators (age, experience,
and gender) on dependent and independent variables,
Spearman’s correlation was performed. The Spearman’s
correlation coefficient (rho) calculated for each modera-
tor is shown in Table 7. The correlation coefficient
clearly showed that age and gender had no influence
on PE, EE, SI, FC, and BI. The correlation coefficient
(rho) values calculated for age and gender against all
variables were close to 0 that showed less or no corre-
lation. Therefore, it can be determined that age and
gender were not the stimulating factors that influence
respondent’s behaviour to use cloud-based healthcare
services. However, years of experience showed positive
correlation with PE (0.661), EE (0.591), FC (0.498),
and BI (0.641) that signifies relationship between them.
Here, we took 0.50 as the minimum correlation value
[62]. Hence, it can be concluded that years of experi-
ence can possibly influence the respondents’ behavioural
intention to use cloud-based healthcare services in fu-
ture. Summary of hypotheses acceptance and rejection is
shown in Table 8.

6 Conclusion

The study was aimed to find out the behavioural inten-
tion of physicians and paramedical staff to use secure
cloud-based healthcare services in performing their daily
jobs. Hypotheses were proposed, and research model
was designed to guide this study. We used UTAUT
model to find out on how the independent variables
i.e. performance expectancy, effort expectancy, facilitat-
ing conditions, and social influence affect the behav-
ioural intention of the users to use cloud services.
Moderators like age, experience, and gender were also
studied in terms of their effect on user’s decision to-
wards using cloud-based healthcare services. An online

questionnaire-based survey was conducted with 147
members of different healthcare organizations located
in several cities of Malaysia, Pakistan, and Saudi
Arabia. Mean, average, and standard deviation of the
responses collected against the variables were calculated
to check the data reliability by using Cronbach’s alpha,
composite reliability test, and average variance extract-
ed. Statistical analysis was performed (i) to find out if
the model was fit to determine the dependent variable
using the predictors by using regression analysis and (ii)
to determine the correlation among variables using
Spearman’s correlation. The results showed promising
confidence in the model. The findings revealed that
the social influence was found to be the least influenc-
ing predictor among the rest. The results also showed
that years of experience influenced the respondents in
determining their behavioural intention to use cloud-
based healthcare services in performing their daily
duties. This means that with increasing experience, in-
dividuals observe improved trust on the cloud services
in providing privacy of their data and security of overall
system. It can be inferred that there is a direct relation-
ship between the experience of respondents and their
trust level on the security of mobile cloud-based
healthcare systems.

The study can be replicated using a large and diverse
sample to produce more generalized results. We also
propose to include patients along with healthcare orga-
nization’s staff in the survey to provide a wider perspec-
tive of the acceptance of this new technology in the
health care sector. We also propose to include variables
like IT knowledge of the healthcare organization’s re-
spondents, their previous experience with online ser-
vices, and their knowledge of healthcare rules and reg-
ulations in determining the future of this technology.
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Table 8 Summary of hypotheses regarding moderators

Hypothesis Age Gender Experience

H1B: The effect of performance expectancy on behaviour intention to use cloud
computing-based file storage should be moderated by gender, age, and experience.

Rejected Rejected Accepted

H2B: The effect of effort expectancy on behaviour intention to use cloud computing-based
file storage should be moderated by gender, age, and experience.

Rejected Rejected Accepted

H3B: The effect of social influence on behaviour intention to use cloud computing-based
file storage should be moderated by gender, age, and experience.

Rejected Rejected Rejected

H4B: The effect of facilitating conditions on behaviour intention to use cloud computing-based
file storage should be moderated by gender, age, and experience.

Rejected Rejected Accepted
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Appendix A

Questionnaire.

Section 1- Demographics

Please select the appropriate choice for each  

1. Your gender o Male  

o Female 

2. Which age group do you belong to o 20-30 

o 31-40 

o 41-50 

o 51-60 

o 61 or older

3. What is your professional title o Doctor 

o Nurse

o Postgrad intern

o Technician

o Consultant

o IT-staff__________

o Other ____________

4. Please state your years of experience in this field o Less than 1 year

o 2-5 years

o 6-9 years

o 9-12 years

o 13 years and above

5. Please enter your location 

Country                                      City/State

Section 2-Organizational details 

1. Please state the size of your hospital (as number of beds) o Less than 10

o 11-20

o 21-50

o 51-100

o 101-200

o More than 200 

2. Do your hospital uses any online computerized service. o Yes 

o No 

o Other _______

Section 3 -Please rate according to your opinion.

5-Srongly Agree, 4- Agree, 3-Nuetral, 2-Disagree, 1-Strongly Disagree

Performance expectancy 

1. I would find the usage of cloud computing based healthcare services 

useful in my job.

2. Using the cloud computing based healthcare services, enables to 

improve my performance. 

3. Using the cloud computing based healthcare services helps me to do 

my job quickly.

4. Using the cloud computing based healthcare services makes me 

perform effectively.

5------4-------3-------2-------1

Effort expectancy

1. My interaction with the cloud computing based healthcare services 

would be clear and understandable.

2. It would be easy for me to perform my job using the cloud 

computing based healthcare services.

3. Learning to use cloud computing based healthcare services is easy 

for me.

4. My interaction with the cloud computing based healthcare services 

would be clear and understandable.

5------4-------3-------2-------1

Social Influence

1. People who influence my behavior think that I should use cloud 

computing based health care services.

2. People who are important to me think I should use cloud computing 

based health care services.

3. The senior management seems helpful in practicing the use of cloud 

computing based health care services.

4. The organization has supported the use of cloud computing based 

health care services.

5------4-------3-------2-------1

Facilitating conditions 

1. I have the resources necessary to use cloud computing based health 

care services.

2. I have the knowledge necessary to use cloud computing based health 

care services.

3. Resources are available for assistance with cloud computing based 

health care services.

5------4-------3-------2-------1

Behavioral Intention to Use

1. Assuming that I will be provided with cloud computing based health 

care services to use, I intend to use it in performing my daily duties.

5------4-------3-------2-------1
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