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Abstract

This study identifies the factors influencing cloud services adoption in India using Unified Theory
of Acceptance and Use of Technology (UTAUT) model. Role of perceived risk as a moderator in
adoption of cloud services, too, has been examined along with other moderators such as gender, age,
experience and voluntariness of use as stated in UTAUT model. Following a descriptive research
design, a survey was conducted and a structured questionnaire was administered randomly to a
sample of 379 respondents in Dehradun region. Most of the relationships confirmed to UTAUT
model. Performance expectancy and effort expectancy emerged as the two most significant factors
influencing cloud services adoption. Perceived risk, too, played a significant moderating role in
adoption of cloud services. Cloud based services are relatively new to consumers in India. The
benefits of these cloud technology can only be reaped fully if more and more customers adopt it.
Also, various types of risks, such as financial loss, data loss, privacy etc., are associated with using
cloud services. Therefore, this study may have immediate implications for cloud service providers.
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1. INTRODUCTION

Cloud computing is a relatively new
technological innovation that has made it
possible to replace traditional physical
resources with low cost virtual service
platforms. Cloud computing services include
Information as a service (IaaS), Platform as a
Service (PaaS) and Software as a Service
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(SaaS) (Chonka et al., 2011). By availing
these services, a user can easily access
remote distance servers over internet
requiring minimal interaction with service
providers (Marston et al., 2011). In other
words, consumers are given on-demand
access from a given device and location
(Stein et al., 2013).These services are quite
useful to customer as data accessibility is
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reliable and flexible (Gray, 2013). Further,
cloud computing services empower users in
handling the data easily. Be it storing data,
working on it individually or on shared
manner or retrieving it when needed, cloud
computing services enable consumers to
pool the information and work on it as well.
For this reason, cloud computing is also
known as service or network computing
(Chonka et al., 2011). Also, consumers have
gained access to all these functionalities of
existing information technology services in a
mobile technology format now (Marston et
al. 2011). Cloud computing services save
consumers money by handling information
maintenance needs and by providing quick
technology applications without the high
upfront costs of buying hardware or software
resources (Karakas & Manisaligil, 2012).
More consumers are using cloud computing
services, as it provides a dynamic platform
for information services that are constantly
being updated (Karakas & Manisaligil,
2012). Cloud computing for consumers
provides the benefit of better storage and
capacity utilization made possible by

technological innovation (Karakas &
Manisaligil, 2012). It also encourages
technological innovation through

comprehensive computing platform that can
be used by consumers for multiple usages
(Vouk, 2008). Despite all benefits, the rate of
cloud computing services adoption is very
slow. There may be several reasons for this
and one of which could be the fact that
Indian consumers are new to services. This
establishes a need for a comprehensive
research so that the true benefits of these
services may be reaped fully. The current
study is an attempt in this direction and
examines the factors influencing cloud
services adoption in India.
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2. LITERATURE REVIEW

For successful implementation of any
technology, it is highly desirable that
potential users first accept it. Users generally
associate risks with anything new and
therefore would prefer to weigh the impact it
may have on their work performance or life.
Most of the technology implementations in
past have failed primarily because they had
low level of acceptance amongst users.
Researchers have realized this need and
therefore have proposed various theories and
models that have originated from the fields
of information system, sociology and
psychology. These models have been
developed to understand the factors that
impact behavioral intentions to use
technology. Some of the popular theories and
models are the Theory of Reasoned Action
(TRA) (Fishbein & Ajzen, 1975); the Theory
of Planned Behavior (TPB) (Ajzen, 1991),
the Technology Acceptance Model (TAM)
(Davis et al., 1989); the Combined-TAM-
TPB model (C-TAM-TPB) (Taylor & Todd,
1995), the Motivational Model (MM) (Davis
et al.,, 1992), the Innovation Diffusion
Theory (IDT) (Rogers, 1995) and the
Unified theory of Acceptance and Use of
Technology (UTAUT) (Venkatesh et al.,
2003). To understand behavioral intention of
adopting a technology, researchers in the past
have applied these models in variety of ways
- using a model individually, combining two
or more models and/or adapting an
individual or combined model. However,
most of these models explain only thirty to
thirty six percent of behavioral intentions
(Venkatesh et al., 2003). In 2003, Venkatesh
et al. developed UTAUT model (shown in
Fig. 1) by combining eight of these models
such as TAM, theory of reasoned action
(TRA); motivational model (MM); theory of
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planned behavior (TPB); combined TAM
and TPB (C-TAM-TPB); model of PC
utilization (MPCU); diffusion of innovation
theory (DOI); and social cognitive theory
(SCT).

It may be important to discuss important
perspectives available on technology
acceptance here. One of the earliest
perspective on acceptance of technology has
been innovation diffusion theory (Rogers,
1995). Although, it does not deal specifically
with technology but yet this theory offers a
conceptual framework to understand how an
innovation gets acceptance by categorizing
the takers of an innovation into five
categories -innovators, early adopters, early
majority, late majority, and laggards. The
categorization was done on the basis of how
fast a user adopts a technological innovation.
As per this theory, there are five
characteristics of innovations that determine
how fast it 1is diffused. These five
characteristics are relative advantage (the
extent to which a technology is better than
over current tools), compatibility (its
conformance to social practices and norms
among users), complexity (ease of use or
learning), trialability (the opportunity to
experience before committing to use it), and
observability (the extent to which the
technology's gains are clearly visible).
Despite simplicity of the framework, the
theory fails to explicitly deal with user
acceptance of technology. For example, it
does not explain how user acceptance takes
place and which factors are relatively more
important for technology acceptance. This is
an area where TAM models score more as
organizations are able to pay more attention
to important factors while implementing
technology adoption.

Further, Bagozzi (2007) proposed a new
paradigm to understand technology adoption
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decision. Bagozzi (2007) and Wu (2009)
criticized TAM models for being too simple
and insufficient to cover all elements of a
phenomenon under investigation. Especially,
Bagozzi (2007) questioned theoretical
linkage between intention and actual use for
a system as the time lag between intention to
use and actual adoption is full of
uncertainties which might moderate an
individual’s decision to use a technology. He
also pointed out that merely using a
technology cannot be a terminal goal but
rather only a means to achieve more
fundamental goals such as storing, retrieving
and using data for effective decision making.
He argued that it is important to consider
technology adoption as a process having
various stages such as goal desire — goal
intention — action desire — action
intention. Unlike TAM models, intention
formation here was followed by planning
dealing with when , where and how of using
technology, overcoming difficulties, goal
achievement, realigning efforts and
evaluating progress and even changing goals
and mean. He posited that these processes
complete the linkage between intention and
actual behavior and also between behavior
and goal realization.

Given the limitation of TAM and related
models, this proposed paradigm appears to
be quite promising. However for some
reasons this paradigm has not been able to
gain popularity. One of the possible reasons
could be complexity in its implementation.
Since most organizations would require
objective answers to design a system for
technology adoption, this paradigm fails to
provide the same and seems to be more
abstract. For example, a firm would like to
know in certain terms that which factors
affect users’ adoption of a new technology.
TAM and related models, despite their
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limitations, provide objective answers to this
question whereas the paradigm proposed by
Bagozzi fails to do so as there may be large
number of unseen factors that may be
involved in the process. This would make a
decision makers life a lot more difficult than
to refer something that is more easy and
tangible. Also, human mind mostly cannot
process all available information and
generally prefer to process limited
information for taking decisions that are just
satisficing and not necessary the best. So it is
quite likely that most managers would resort
to a simpler model than working hard to
identify large number of factors specific to a
technology. Further, technology users in
organizations are generally bound by larger
organizational goals than the individuals’
goals wherein individuals might be asked to
adopt a technology irrespective of their
liking or disliking for a technology. So the
question of linkage between terminal goal
and more fundamental goal, too, may not fit
always so well. Even in cases where
individual fundamental goals are aligned
with larger organizational goals, TAM and
related models do capture that through factor
such as perceived utility (in TAM Models) or
performance expectancy (in UTAUT model).
This factor captures the usefulness of a
technology to a user from the utility
standpoint quite adequately. In other words,
a user would adopt a technology more
readily if it enables him or her to achieve his
individual goals, as determined larger
organizational goals, more easily.

2.1. Unified Theory of Acceptance and
Use of Technology (UTAUT) Model

This model had six core constructs
namely performance expectancy, effort
expectancy, social influence, facilitating
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conditions, behavioral intention, and use
behavior and four moderating variables -
gender, age, experience and voluntariness.
UTAUT was described as a newer theoretical
model and said to have overcome limitations
of previous models (Marchewka et al., 2007;
Min et al., 2008; Chang et al., 2015). This
model was able to explain seventy percent of
the variation in user’s behavioral intention
and thus was deemed far more superior to its
predecessors (Cao et al.,, 2013; Alharbi,
2014). Despite having greater explanatory
power, limited studies have used this model
in cloud computing studies (San-Martin &
Herrero, 2012; Cao et al., 2013). In the past,
researchers have largely used TAM or DOI
model to understanding cloud technology
adoption (Langkau et al., 2012; Gupta et al.,
2013; Burda & Teuteberg, 2014; Udo et al.,
2016).

Using UTAUT model, a study by Cao et
al. (2013) adapted it to include three more
constructs viz. risk, cost, and innovativeness
to existing six constructs namely:
performance expectancy, effort expectancy,
social influence, facilitating condition, and
adoption intention and use behavior. The
study found that all the wvariables
significantly influenced adoption of cloud
services. Another study by Lian (2015), too,
used an adapted model of original UTAUT
model to include trust, perceived risk, and
security constructs. The study found four
factors viz. effort expectation, social
influence, trust and perceived risk, having
significant effects on the behavioral intention
to adopt cloud computing in e-governance
services.

2.2. Perceived Risk

In a study by Bauer (1960), Perceived
Risk (PR) has been defined as a combination
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Figure 1. Unified Theory of Acceptance and Use of Technology model (Venkatesh et al., 2003)

of uncertainty and seriousness of outcome
involved. Most of the information system
adoption decisions generate a feeling of
uncertainty, discomfort and or anxiety
(Dowling & Staelin, 1994), conflict in
consumer (Bettman, 1973), psychological
discomfort (Zaltman & Wallendorf, 1983)
making consumer feel uncertain (Engel et
al., 1986), resulting into cognitive
dissonance (Festinger, 1957; Germunden,
1985) and pain due to anxiety (Taylor, 1974).
Cognitive dissonance takes place post
purchase evaluation of a product’s benefits,
costs, utility and risks. For cloud services
adoption context, utility gains may be in the
form of lessor costs, more efficiency etc. and
risks may be related to performance of
service, loss of information, privacy of data
etc. Therefore, it may be plausible to assume
that higher PR will reduce the influence of
perceived utility and social influence
required on intention to use a technology.
Also, higher PR may also increase the impact
of perceived effort required on intention to
adopt a technology. Further, it is may also be

inferred that perceived risk effect will be
captured in facilitating conditions therefore it
shall have no impact.

3. PROPOSED RESEARCH MODEL
AND HYPOTHESIS FORMULATION

The proposed model is an adaptation of
original UTAUT model and posits perceived
risk to be one of the significant moderator.

The first construct, Performance
expectancy, in UTAUT model is similar to
the construct Perceived Usefulness, used in
TAM, Presented in Figure 1 (Venkatesh et
al., 2003; Min et al., 2008). It has been
found as one of the most important factor
that influenced user adoption of technology
directly and positively. (Venkatesh et al.,
2003; Wu, 2011; Cao et al., 2013; Shin,
2013; Park & Ryoo, 2013; Park & Kim
2014). In this study too, it is posited that
perceived benefits of cloud computing might
increase the intention to adopt it. Therefore,
it can be hypothesized that:
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H1: Performance expectancy has a
positive effect on users’ behavioral intention
to use cloud computing services.

Further, as conceptualized in UTAUT
(Venkatesh et al., 2003), Gender and Age
will moderate the above relationship
significantly and therefore it is hypothesized
that:

Hla: Performance expectancy has a
stronger positive effect on users’ behavioral
intention to use cloud computing services in
case of men.

H1b: Performance expectancy has a
stronger positive effect on users’ behavioral
intention to use cloud computing services in
case of younger users.

Also from literature discussion on
perceived risk, following hypothesis may be

posited:
Hlc: Higher perceived risk will
negatively ~moderate the relationship

between Performance expectancy and users’
behavioral intention to use cloud computing
services.

The second construct in UTAUT model is
Effort expectancy and it is similar to
perceived ease of use in TAM (Venkatesh et
al., 2003; Min et al., 2008). Several research
studies (Wu, 2011; Gupta et al., 2013; Burda
& Teuteberg, 2014; Lian 2015) have found
that there is strong influence of perceived
ease of use on the behavioral intention to
adopt cloud computing services. Thus, it is
posited that:

H2: Effort expectancy has a positive effect
on users' behavioral intention to use cloud
computing services.
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Also, it is hypothesized that:

H2a: Effort Expectancy has a stronger
effect on users’ behavioral intention to use
cloud computing services in case of female
users.

H2b: Effort Expectancy has a stronger
effect on users’ behavioral intention to use
cloud computing services in case of older
users.

H2c: Effort Expectancy has a stronger
effect on users’ behavioral intention to use
cloud computing services in case of users
with lesser experience.

H2d: Higher perceived risk will
negatively ~moderate the relationship
between Effort Expectancy and users’
behavioral intention to use cloud computing
services.

Social Influence refers to influence of
peers, co-workers or important referent
groups on one’s behavioral choice. This
construct 1is similar to the construct
subjective norm used in TRA (Ajzen &
Fishbein, 1980) and the TPB (Ajzen, 1991).
A study by Park and Ryoo (2013) found
subjective norm as one of the important
antecedent to behavioral intention. Also,
social influence too have been found to be an
important factor in IT adoption (Venkatesh et
al., 2003; Cao et al., 2013). Therefore, it may
be posited that:

H3: Social influence has a positive effect
on users' behavioral intention to use cloud
computing services.

H3a: Social Influence has a stronger
effect on users’ behavioral intention to use
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cloud computing services in case of female
users.

H3b: Social Influence has a stronger
effect on users’ behavioral intention to use
cloud computing services in case of older
users.

H3c: Social Influence has a stronger
effect on users’ behavioral intention to use
cloud computing services when
voluntariness to use not present.

H3d: Social Influence has a stronger
effect on users’ behavioral intention to use
cloud computing services in case of users
with lesser experience.

H3e: Higher perceived risk will
negatively ~moderate the relationship
between Social influence and users’

behavioral intention to use cloud computing
services.

Facilitating conditions included
organizational factors such as availability of
technical and organizational requirements in
the form of internet bandwidth and reliability
of the infrastructure. These conditions have
been found to affect the user adoption of the
cloud (Stieninger & Nedbal, 2014).
Venkatesh et al. (2003) also found a direct
link between facilitating condition and use
behavior. A study by Cao et al. (2013), too,
founded that the final use adoption of the
cloud computing was affected by facilitating
condition. Based on the above, it may be
hypothesized that:

H4: Facilitating condition has a positive
effect on use behavior of cloud computing

services.

H4a: Facilitating conditions have a

341

stronger effect on use behavior of cloud
computing services in case of older users.

H4b: With higher experience, facilitating
conditions have a stronger effect on use
behavior of cloud computing services
adoption.

UTAUT model (Venkatesh et al., 2003)
found that behavioral intention has a
significant, direct and positive impact on
actual use of technology. Confirming the
same, Optiz et al. (2012) and Taylor and
Hunsinger (2011) too found that behavioral
intention had a significant influence on
actual use of cloud computing services. This
study, too, posits that behavioral intention
will have a significant impact on use
behavior of cloud computing. Therefore, it is
hypothesized that:

HS. Behavioral intention has a positive
effect on use behavior of cloud computing
service.

Final conceptual model based on
presented hypothesis is presented in Figure
2.

4. METHODOLOGY

This study was descriptive in nature
wherein a survey was conducted using a
structured questionnaire. A sample of 379
respondents was selected randomly from
Dehradun city. The sample included variety
of respondents such as businessmen,
housewives, faculty members, students of
management and engineering institutions,
professionals working in IT industry and
other private organizations. They were
administered the questionnaire over a period
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Figure 2. Proposed Model (Adapted from UTAUT model)

of over three months from Sept.2016 to
Nov.2016. In total, 308 questionnaires were
found complete and therefore were used for
final data analysis.

A five point Likert scale based instrument
was used in this study for data collection. It
was largely adapted from scale developed by
Venkatesh et al. (2003). However, for
selecting appropriate items for capturing
cloud technology adoption related responses,
eight IT professional working in three
companies and involved actively in cloud
technology implementations were
approached for in-depth interviews. Further,
a pilot study was carried out on a small
sample of 45 students studying in an
engineering college to refine the instrument
and ensure its reliability and validity. The
instrument had three sections; first section
was about general questions related to usage
of cloud technology, second section carried
statements related to six key constructs

(performance expectancy, effort expectancy,
social influence, facilitating conditions,
behavioral intentions and Use behavior)
carrying four items each as given in UTAUT
model by Venkatesh et al. (2003). The last
section had questions related to respondents’
demographic characteristics such as gender,
age, voluntariness of use, and experience. All
these have been established as significant
moderators in the original UTAUT model.
Statements were also included in the
questionnaire to capture responses for an
additional moderator i.e. Perceived risk. The
data was analyzed with the help of SPSS
22.0 and the proposed relationships were
tested using structural equation modeling on
AMOS 18.
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5. RESULTS AND DISCUSSION

5.1. Results of Measurement model

To wvalidate the scale validity, a
confirmatory factor analysis (CFA) with
AMOS was performed. The measurement
model was tested using a number of fit
indices, including relative Chi-square
minimum/ degrees of freedom, goodness of
fit index (GFI), Adjusted goodness of fit
(AGFI), normed fit index (NFI), comparative
fit index (CFI), and Root Mean Square of
Approximation (RMSEA) (Hair et al., 2010).

5.1.1. Scale Reliability and convergent
validity

Internal consistency of the instrument was
tested by calculating two popular measures
of reliability viz. Chronbach Alpha and
Composite reliability for each of the
constructs used in the model (Table 1). It was
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found that both of these measures of internal
consistency were more than the suggested
level of 0.70 (Nunnally, 1978; Hair et al.,
2010) as exhibited in Table 1. Composite
Reliability (CR) too is established as it is
found to be greater than 0.50. Also, it is
greater than Average variance extracted and
average shared variance. Moreover, principle
component analysis suggested a very high
inter-item correlations within each of six
constructs used in the study, indicating
sufficient convergent validity as well.

5.1.2. Discriminant Validity

For establishing discriminant validity, the
average variance extracted by a construct
should be greater than the variance it shares
with other constructs (Hair et al., 2010). In
table 2, the diagonal elements represent the
square root of average variance extracted and
all other off-diagonal elements are

Table 1. Psychometric properties of constructs

Factor

Construct Loadings "

Cronbach

AVE ASV

0.970
0.850
0.820
0.790

Performance Expectancy

0.867

0.919 0.740 0.149

0.720
0.880
0.790
0.730

Effort Expectancy

0.815

0.863 0.612 0.198

0.870
0.810
0.880
0.940

Social Influence

0.881

0.930 0.768 0.144

0.920
0.690
0.650
0.740

Facilitating Conditions

0.801

0.841 0.573 0.115

0.780
0.840
0.580

Behavioral Intention

0.743

0.782 0.550 0.189

0.810
0.870
0.850

Use Behavior

0.823

0.881 0.712 0.188
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Table 2. Convergent and discriminant validity of the scale

PE EE Sl FC BI uB
PE 0.740
EE 0.421 0.612
Sl 0.325 0.512 0.768
FC 0.339 0.310 0.213 0.573
Bl 0.501 0.442 0.330 0.403 0.550
uB 0.313 0.511 0.445 0.398 0.477 0.712

Note: PE- Performance Expectancy, EE- Effort Expectancy, SI- Social Influence, Facilitating Conditions, BI- Behavioral
Intention, and UB — Use Behaviour

Table 3. Structural equation model fit Summary

Model NPAR CMIN DF P CMIN/DF
Default model 85 611.23 303 0.000 2.017
Saturated model 444 0.000 0

Independence model 25 1742.786 404 0.000 4.338

CMIN/DF should be less than 3, which is 1.746 in this model.

Model CFI GFI NFI TLI RMSEA
Deltal rho2
Default model 0911 0.922 0.945 0.955 0.051
Performance
Expectancy 0.459

Behavioral 0.563 Use Behavior

Intention
0.411 *** _ R2=0.677
Effort / R2=0.569

Expectancy

0.398 ***

Social
Influence

Facilitating
Conditions

Figure 3. Results of structural model
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correlations among constructs (Shared
Variance). Since all off-diagonal values
(Table2) are less than diagonal values
indicating that average variance extracted for
each construct is more than their shared
variance with other constructs. This provides
evidence that the scale used for the research
has sufficient discriminant validity.

5.2. Results of Structural Equation
Model Testing

To finally test the model, structural
equation modeling was applied and the
model indicated a good fit. Most of the
measures were found to consistent with the
standard acceptable values as shown in Table
3.

Overall fit measures were found to be
satisfactory (Table 3). The first measure, chi
square minimum/Degrees of freedom
(CMIN/d.f.) was found to be 2.017. This was
less than the standard acceptable value of 3.
Other indices such as Comparative Fit Index
(CFI), Goodness of Fit Index (GFI), Normed
Fit Index (NFI) and Tucker-Lewis index
(TLI) were 0.911, 0.922, 0.945 and 0.955
respectively. All these values were greater
than the minimum acceptable value of 0.900
indicating good model fit (Hair et al., 2010).
Also, the value of root mean square error of
approximation (RMSEA) was 0.063 which
was less than the standard acceptable value

Table 4. Results of hypothesis testing
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of .05. All these measures strongly supported
the overall fitness of UTAUT model for
cloud technology adoption.

As shown in the Fig. 3, all hypothesis
predicting direct relationships were found
significant at p=.01 and were supported by
the model. The results are also shown in
Table 4. Performance expectancy was found
to be one of the most significant factor in
affecting behavioral intention (BI) for use of
cloud technologies with highest b = 0.459,
p<0.01. Next important factor was effort
expectancy (BI) with 5=0.411, p<0.01
followed by social influence (SI) with
b=0.398, p<0.01 and facilitating conditions
(FC) with b= 0.387, p<0.01. Also, behavioral
Intention (BI) was found to be a significant
predictor of Use behavior (UB) with
b=0.563, p<0.01.

5.3. Moderation results

The moderation analysis was done using
AMOS 18.0 by fitting structural equation
models using proposed model on two
categories of each of the moderators-Gender
(Male and Female), Age Group (Old and
Young), Experience (Little of No experience
and More Experience), Voluntariness of Use
(Voluntary and Non-Voluntary) and
perceived risk (low perceived risk and high
perceived risk). For both the categories of all
moderators, the structural models were

Hypothesis Path S.E. t-statistics P-value Supported or
estimates not

BI <--- PE 0.459 0.049 8.231 0.0071 Yes

BI <--- EE 0.411 0.355 7.877 0.000%** Yes

BI <--- SI 0.398 0.401 9.352 0.003*#* Yes

UB <--- FC 0.387 0.339 8.332 0.002%** Yes

UB <--- BI 0.563 0.377 11.112 0.000%** Yes

Notes: *** Significance at p_0.001; PE- Performance Expectancy, EE- Effort Expectancy, SI- Social Influence, Facilitating

Conditions, BI- Behavioral Intention, and UB — Use Behavior
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Table 5. Gender as a moderator
Construct
Relationships Male Sig. Female Sig.
Estimate P Estimate P Z-score
BI <--- PE 0.568 0.000 0.250 0.001 2911
BI <--- EE 0.265 0.000 0.451 0.042 2.223
BI <--- SI 0.215 0.000 0.398 0.001 2.141
Model 1- SEM for Male Model 2- SEM for Females
CMIN/DF =2.89, GFI = 0.901, AGFI = 0.899, CMIN/DF =2.59, GFI = 0.900, AGFI = 0.895,
CFI = 0.902, RMSEA = 0.0517 CFI = 0.901, RMSEA =0.0412
Table 6. Age as a moderator
Construct
Young (Age<=35 years) Sig. Old (Age>35 years) Sig.
Relationships
Estimate P Estimate P Z-score
BI <--- PE 0.518 0.000 0.240 0.001 2.841
BI <--- EE 0.235 0.000 0.405 0.042 2.553
BI <--- SI 0.265 0.000 0.498 0.001 2.641
UB <--- FC 0.225 0.000 0.448 0.001 2.391
Model 1- SEM for Younger Users Model 2- SEM for Older Users
CMIN/DF =2.61, GFI = 0.900, AGFI = 0.889, CMIN/DF =2.44, GFI = 0.910, AGFI = 0.898,
CFI =0.907, RMSEA = 0.0490 CFI=0.912, RMSEA =0.0312

Notes: *** Significance at p_0.001; PE- Performance Expectancy, EE- Effort Expectancy, SI- Social Influence, Facilitating

Conditions, BI- Behavioral Intention, UB- Use Behavior

found have fitted the data well with all
overall fitness indices (CMIN/DF<3, GFI,
AGFI, CFI>.90 & RMSEA<.07) within
acceptable limits. To compare the
relationship strengths between constructs of
proposed model, the differences in
regression weights for respective two
categories of a moderator, the Critical Ratio
(C.R)) test (> £1.96, p < .05) was used.

5.3.1. Gender as a moderator

The impact of PE on Bl was stronger for
males (b= 0.568) than female (b=0.250) and
different was significant with Z score =2.911
being greater than 1.96 (table5). So our Hla
was supported. Similarly, our H2a was also

supported with effect of EE on BI being
stronger for females (b=0.451) than males (b
= 0.265) and difference in impact being
found significant with z = 2.223 (table5) and
greater than 1.96. Last hypothesis too was
found to be true with effect of SI on BI being
stronger for females (b=0.398) than males
(b=0.215). The difference in impact was also
found significant with z = 2.141 (greater
than standard value 1.96).

So, all our hypothesis Hla, H2a, H3a
were supported and confirmed to UTAUT
model (Venkatesh et al., 2003).

5.3.2. Age as Moderator

In case of Age also, the proposed model
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Confirmed to UTAUT model (Venkatesh et
al., 2003). Age was found to be a significant
moderator (table6). The effect of PE on BI
was stronger for younger users (b = 0.518)
than for older users (b = 0.240) and
difference in effect being significant too. The
second proposed relationship of EE having
more impact on Bl for older users than for
the younger users too was supported with
values of beta for older and younger users
being 0.235 and 0.405 respectively. The
difference in the impact too was found
significant (z score = 2.553 and is greater
than standard value of 1.96). Similarly, the
last two hypothesis too were supported with
impact of SI on BI (bgiger user=0-498

>h =0.265) and UB on FC (b} 4er
=0.225) being more

younger user

=0.448 >b

user younger user

Table 7. Experience as a moderator
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in case of older users. The differences in
impact were found significant with all z
scores being greater than standard value of
1.96.

5.3.3. Experience as Moderator

Experience too was found to be a
significant moderator in the proposed model
as shown in Table 7. It also confirmed to
UTAUT model (Venkatesh et al., 2003).
Hypothesis H2c, H3c, H4b were supported
respectively to conclude that effect of EE on
BI was stronger for users who have less or
no experience (b=0.535) than those who
were experienced users (b=0.3635), effect of
ST on BI was stronger for experienced users
(b=0.595) than for inexperienced users
(0.475) and effect of FC on UB found to be

Construct Little or no experience . More Experience .
Relationships (<=1 years) Sig. (> 1 years) Sig.
Estimate P Estimate P Z-score

BI <-- EE 0.535 0.000 0.365 0.042 2.013

BI <--- SI 0.475 0.000 0.595 0.002 1.991

UB <--- FC 0.225 0.000 0.448 0.001 2.241
Model 1- SEM for users with No experience Model 2- SEM for experienced users
CMIN/DF =2.32, GFI =0.901, AGFI = 0.879, CMIN/DF =2.27, GFI = 0.913, AGFI = 0.902,
CFI = 0.0905, RMSEA = 0.0517 CFI=0.911, RMSEA =0.0332

Notes: *** Significance at p_0.001, EE- Effort Expectancy, SI- Social Influence, Facilitating Conditions, BI- Behavioral Intention,

UB- Use Behavior

Table 8. Voluntariness of Use as a moderator

Construct
Non-Voluntary Sig. Voluntary Sig.
Relationships
Estimate P Estimate P Z-score
BI <- SI 0.675 0.000 0.395 0.002 2.961

Model 1- SEM for Non-voluntary use
CMIN/DF =1.91, GFI =0.910, AGFI = 0.900,
CFI =0.910, RMSEA =0.0317

Model 2- SEM for Voluntary use
CMIN/DF =2.47, GFI = 0.900, AGFI = 0.896,
CFI .=0.912, RMSEA =0.0342

Notes: *** Significance at p_0.001; SI- Social Influence, Facilitating Conditions, BI- Behavioral Intention
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Table 9. Perceived risk as a moderator
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Construct Perceived Risk is Perceived Risk is
Sig. Sig.
Relationships Low High
Estimate P Estimate P Z-score
BI <--- PE 0.768 0.000 0.350 0.002 3.841
BI <--- EE 0.465 0.000 0.151 0.042 2.721
BI <-- SI 0.515 0.000 0.101 0.001 3.341

Model 1- SEM for Low Perceived Risk
CMIN/DF =1.89, GFI=0.911, AGFI = 0.899,
CFI = 0.922, RMSEA = .0557

Model 2- SEM for Low Perceived Risk
CMIN/DF =2.79, GFI = 0.901, AGFI =0 .886,
CFI=0.911, RMSEA = 0.0622

Notes: *** Significance at p_0.001; PE- Performance Expectancy, EE- Effort Expectancy, SI- Social Influence, Facilitating

Conditions, BI- Behavioral Intention, UB- Use Behavior

stronger for experienced users (b=0.448)
than for inexperienced users (b= 0.225). All
differences in effects were found significant
with all z scores being more than standard z
values of 1.96.

5.3.4. Voluntariness of Use as moderator

Voluntariness of Use was found to be a
significant moderator in the proposed model
as shown in Table 8. It also confirmed to
UTAUT model (Venkatesh et al., 2003).
Hypothesis H3d was supported to conclude
effect of SI on Bl was stronger under the
conditions of mandatory use (b=0.675) than
for conditions under voluntary use
(b=0.395) and difference in impact too was
significant with Z value 2.961 being greater
than 1.96.

5.3.5. Perceived Risk as a Moderator

Perceived risk has been included as one of
the moderator in the UTAUT model. The
results of moderating role of perceived risk
on the relationships between behavioral
intention and factors influencing it have been
shown in the Table 9.

Perceived risk was found to be a
significant moderator in the proposed model

as shown in Table 9. Hypothesis Hlc, H2d,
H3e were supported respectively to conclude
effect of PE on BI was stronger when
perceived risk was low (b= 0.768) than when
perceived risk was high (b=0.350), effect of
EE on BI was stronger when perceived risk
was low (0.465) than when perceived risk
was high (b= 0.151), effect of SI on Bl was
stronger when perceived risk was low
(b=0.515) than when perceived risk was high
(b=0.101). The difference in impact too was
significant with Z value 2.961 being greater
than 1.96.

6. DISCUSSION

The main purpose to this study was to
analyze the factors that affect cloud
computing services adoption in India using
UTAUT model (Venkatesh et al., 2003).
Using the model, it was conceptualized that
intention to adopt cloud computing services
(BI-Behavioral Intentions) is positively
affected by Performance Expectancy (PE),
Effort Expectancy (EE) and Social Influence
(SI). Further, Facilitating Conditions (FC)
has a direct positive effect on use behavior
(UB). Also, Intention to adopt cloud services
influences the actual use of cloud computing
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services (UB-Use Behavior) positively. The
results of the study Table 1 indicate PE as
one the major factor (Beta =0.459) followed
by EE (Beta =0.411), SI (Beta =0.398). FC
(Beta =0.387) and BI impacted UB (Beta
=0.567) significantly as expected. Most of
the results were on the expected lines and
therefore all hypothesis that were
conceptualized using UTAUT model are
supported.

Further, the study also tested for the
moderating role of gender, age, experience
and voluntariness of use on the relationship
between factors influencing cloud services
adoption intentions (PE, EE, SI, FC) and
intention to adopt cloud computing services
(BI). It was found that effect of PE on BI was
stronger for males but effect of EE and SI on
BI was stronger for females. Also, effect of
PE on BI was stronger for younger users but
that of EE and SI on BI was stronger for
older users. Effect of FC on UB too was
stronger for older users. Effect of EE on BI
was stronger for users who had less or no
experience but that of SI on BI and FC on
UB was stronger for experienced users.
Further, the effect of SI on BI was stronger
under the conditions of mandatory use.

In addition to these, moderating role of
perceived risk, too, has been examined. It
was found that perceived risks (PR) has a
significant negative impact on the proposed
relationships. In other words, higher levels of
PR are found to have weakened the impact of
PE, EE and SI on BI and vice versa shown in
Table 9. These results support all the
assumed hypothesis.

7. CONCLUSIONS

This study utilized the UTAUT model to
understand the consumer adoption of cloud
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computing services in India. The model is
said to be a superior model to understand
technology acceptance with six constructs
viz. PE, EE, SI, FC, BI and UB. The original
model has successfully tested the significant
direct impact of four constructs namely PE,
EE, SI, an FC on BI. Our study too have
similar results. PE has emerged out as one
the major determinant of BI followed by PE,
EE, and SI. The UTAUT model also has four
moderators namely gender, age, experience,
Voluntariness. However, the present study
too has taken these moderators and were
found to be significant moderators as
proposed in UTAUT model. Also, a new
moderating variable, perceived risk, emerged
from the discussion in three focus group
studies conducted in exploration phase, was
included in the study. Therefore, it was
posited that PR will have a significant
negative impact on the four relationships
between PE & BI, EE & BI and SI & BI. All
the assumed hypothesis related to
moderating nature of PR were supported.
Despite exhaustive efforts, the study has
few limitations. One, our area of operation
was only Dehradun region and this may limit
the external validity of our results. Also,
having a sample size of 309 makes it
somewhat difficult to generalize the findings.
So, a larger sample size spread over several
parts of India may make the results more
reliable to take policy level decisions.
Second, the study uses UTAUT model to test
direct impact of factors that influence
intention to adopt cloud services. UTAUT,
despite having an explanatory power of
approximately 70%, has its limitations such
as it does not include other important
concepts/variables such as Trust, Cost,
Hedonic motivations etc. In future,
researchers may think about including these
construct and lend it more reliability and
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validity. Thirdly, awareness about cloud
computing services usefulness is still not
much, especially in India. Therefore, a lot of
questions may not have been understood in
the manner as intended. So a lot of studies
are required to be done here to well
understand the phenomenon of cloud
computing services adoption. Lastly, the
proposed model has to be tested in different
contexts in terms of constructs, time, &
places. Researchers may include these
dimensions to make these studies more
robust.
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OAPEBUBAILE ®PAKTOPA KOJU YTUUYY HA IIPUXBATAIBE
“CLOUD” YCJIIYTA Y UHAUIHU

Garima Rastogi, Hemraj Verma, Rama Sushil

H3Bog

VY oBOM HCTpaKuBamky HISHTH(PHKY]Y ce (aKTOpH KOjU YyTHUY Ha IpUXBarame ,,cloud” yciyra y
Wnnnju, xopucrehn ,,Unified Theory of Acceptance and Use of Technology (UTAUT)“ mogemn.
Hcnurana je u ynora nepUENUMOHOT PU3MKa Kao MOAepaTopa y ycBajamy ,.cloud“ cepsuca ca
JPYyTUM MOZAEpaTopuMa Kao LITO Cy IIO0JI, CTApOCT, UCKYCTBO M BOJYHTApHOCT ymoTpeOe, Kako je
naseneno y ,,UTAUT® wmoneny. HakoH neckpunTHBHOT [U3ajHa HCTPaKMBarba, CHPOBEICHO je
HCIHUTUBAKE U CTPYKTYPHPaH YNUTHHMK je HacyMH4YHO uraden Ha y30pKy on 379 ucnuTaHuka y
Hexpanyn peruony. Behuna Beza morspauna je ,,UTAUT* monen. OueknBaHM YIMHAK U OYEKUBAHH
Harop I0jaBWIIM Cy Ce€ Kao JBa Haj3HauajHUja (akTopa KOjHu YTHYY Ha ycBajame yciyra ,.cloud®.
OnaxkeHn PHM3HK je, Takohe, Wrpao 3Ha4ajHy yJOry y ycBajamy ,.cloud“ cepBuca on crpane
MoJieparopa. Yciiyre 3acHOBaHe Ha ,,cloud” cepBucy penaruBHO Cy HOBe 3a nmorpoiade y Munuju.
[Ipeanoctu ,,cloud” TexHomoruje MOry ce y MOTIYHOCTH MCKOPHUCTUTH aKO MX CBE BHIIE M BHIIC
KOpUCHHMKa YCBOju. Takohe, pasHe BpCTe pHU3WKa, Kao MITO Cy (hMHAHCHjCKH TyOHWIH, TyOWTaK

rmojlaTaka, TMPUBAaTHOCT WUTA. IOBe3yjy ce ca kopuinhemem ,,cloud*

cepsuca. Ilpema Tome, oBa

CTyAMja MOXXE UMaTH HerocpeIHe MMILUIHKaLuje 3a ,,cloud mpyxkaoue ycuyra.

Kwyune peuu: ycBajame, Mozieparop, yTuIaj, yciyra, onpehuBame dakropa
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