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ABSTRACT

This article conducts a meta-analysis to determine the effect of perceived risk on intention to purchase in
e-commerce settings. The literature generally favors the negative relationship between the two variables;
however, some studies have found this relationship to be not significant or even positive. Thirty-five
studies were examined, representing 39 overall samples across multiple contexts with a total sample size
of 13779 and overall weighted effect size (Pearson’s r) for all studies of −0.362 (95% CI: −.432, −.286), a
significant medium effect, with a stronger effect in B2C than B2B contexts. Major IS journals rarely report
non-significant results and reflect publication bias, posing a problem for a comprehensive meta-analysis.
Due to the reluctance to report or accept, studies showing non-significant results represent a significant
challenge for IS research. Our aim is to encourage more meta-analysis in IS literature and utilize this
methodology to analyze previously held theories.

Introduction
Since the emergence and expansion of the Internet, researchers
have sought to understand factors that lead toward greater
adoption, explain certain behaviors and predict how consumers
might conduct electronic commerce transactions. Transactions
conducted over the Internet are subject to lack of complete
information [45], potential loss of privacy, including theft of
identity [15], and an increased level of uncertainty in the transaction [33]. Information systems researchers have focused on
different factors to help explain consumer behavior using electronic transactions, including trust, self-efficacy, ease of use,
usefulness, and perceived risk. While the literature is vast on
several antecedents of purchase transaction, the complexity of
these individual variables and their interaction make their study
difficult and warrant further study of these variables.
While both trust and risk are considered to be significant
indicators of behavioral intentions, this article focuses solely on
perceived risk. The degree to which a person possess uncertainty
in some form of a product or service, particularly around the
consequence of the purchase or acquisition, is considered
“Perceived Risk” and is one of the most widespread theories of
human choice [3]. Perceived risk has been applied in a variety of
consumer behavior contexts [51] and has been identified as an
important factor in purchase behavior [21, 68]. Operationally,
perceived risk may be problematic, since this factor could be
broken down into indicators such as financial risk, transaction
risk, and security risk, among others. For example, a customer
may have a high perceived risk of putting in a large financial
transaction online, which could affect their purchase, or similarly, a customer may perceive purchasing online, in general, to
be risky, and thus not transact online. Conclusive evidence is
lacking with respect to the type of risk exerting varied impact on
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online purchase decisions [17]. For example, financial risk has
shown to be a significant negative indicator of online shopping,
and privacy concerns do not influence online shopping intention
[27]. However, other research shows that privacy concerns are a
predictor of online shopping [20]. Even with the variety of risk
types, understanding the impact of perceived risk, in any form,
on the purchase process has significant benefits. The importance
of understanding how risk influences purchase and purchase
behavior online is critical to the advancing the theoretical literature [11]. Dai et al. [17] further argue that a more comprehensive
and detailed understanding of the relationship around uncertainty, that is, perceived risk, in an online shopping context
represents both a challenge and opportunity.
Researchers attempting to explain the relationship between
perceived risk and intention to purchase are rooted in theories
widely used in the IS literature. Theoretical foundations for
research in this area include the theory of reasoned action
(TRA) [26], theory of planned behavior (TPB) [1], and technology acceptance model (TAM) [19]. In conjunction, these theories are used to explain consumer’s behavior under uncertainty
conditions, an element of perceived risk, and a consumer’s
intention to use technology to conduct the transaction.
While the prevailing literature has found a negative relationship between the two variables of interest, that is, the increased
level of perceived risk will result in a lower level of intention to
conduct an electronic transaction [36, 38, 52], the results are not
unanimous [55]. Even with a general prevailing understanding of
the overall effect, the inconsistent results provide an opportunity
for a synthesis of these results, thereby providing researchers with
a more comprehensive examination of the literature. Researchers
can quantify the extent of the variance and further understand the
implications by using conducting a meta-analysis of the results
[5]. Upon closer examination of the literature, we found that not

CONTACT Alexander Pelaez
alexander.pelaez@hofstra.edu
Information Systems, Hofstra University, California Avenue – Weller Hall, Hempstead, NY 11549, USA.
Color versions of one or more of the figures in the article can be found online at www.tandfonline.com/ucis.
© 2017 International Association for Computer Information Systems

2

A. PELAEZ ET AL.

all the relationships reported were found to be statistically significant [13, 45], and a smaller minority of studies found a positive
relationship between the two variables [12, 57]. These results
present an intriguing challenge to further attempt to clarify the
true nature of the relationship and provide a more comprehensive
and robust analysis. Our review of the literature did not uncover a
meta-analysis specifically geared toward the examination of these
variables, and thus, we believe that a well-conducted meta-analytic
approach is warranted. Further, we aim to encourage more metaanalysis research in information systems. A cursory search using a
journal database, Business Source Premier (EBSCO Host database), revealed only 20 articles with the term meta-analysis in
either the title or keywords from the three top journals in the
information systems discipline (MIS Quarterly, Information
Systems Research, and Journal of Management Information
Systems). In addition, by revisiting existing theories using metaanalysis, our understanding of the relationship between variables
is enhanced by either accurately estimating the effect size or
quantify the extent of the variance [5].
We, therefore, focus this meta-analysis on the principal
two key variables, perceived risk and intention to purchase,
and further explore the contexts in which these studies were
conducted.

Theoretical foundation
Consumer’s decision to purchase products online is a result of
their perceptions of the process and potential outcome [6].
Focusing on perceived risk and the uncertainty surrounding
the purchase representing a core belief of a shopper provides a
critical theoretical and practical understanding of a key component in the purchase process. Beliefs regarding these perceptions and the criteria used to determine value can be used
to determine customer’s intentions [10, 54]. E-Commerce
literature has utilized numerous theories from psychology to
explain customer’s intention to purchase products online and
develop new theories for Information Systems.
First, the theory of reasoned action (Figure 1) has been
used to explain behavioral intention from subject norms and
consumer’s attitudes toward behaviors [26]. Extending from
TRA, TPB adds that behavioral intentions are derived from an
individual’s attitude toward the behavior and the subjective
norms, as stated in TRA, but includes the individual’s perception of the level of behavioral control that can be exhibited by
the consumer [1]. Finally, while TRA and TPB can be used to
explain the intention to purchase, TAM is used to posit a
customer’s intention to use technology [19]. TAM was specifically adapted for the IS field and presents the case that
perceived usefulness and perceived ease of use determines a
customer’s intention to use a system. These three theories

Figure 1. Theory of reasoned action.

create the core of the foundation for analyzing perceived
risk and intention to use.

Theory of reasoned action
Fishbein and Ajzen [26] proposed that attitudes toward a
prospective behavior, such as shopping online, and the subjective beliefs regarding the activity are significant predictors
of behavior. Furthermore, it has been shown that behavioral
intention to perform an action is an adequate measure of
predicting actual behavior [26]. Therefore, the potential consequences of purchasing online that might be associated with
risk may alter attitudes toward the intention to purchase. In
addition, the subjective expectations, also associated with risk,
could significantly impact consumer’s behavior.

Theory of planned behavior
The theory of planned behavior [1] adds to the theory of
reasoned action by including behavioral control as an element
of predicting behavioral intention. Including behavioral control addresses an individual’s ability to perform in an expected
manner. Perceived risk may strongly influence one’s ability to
conduct a transaction effectively since uncertainty in the
effectiveness of a transaction reduces the perceived control,
and it has been shown to significantly affect consumer transactions in Business-to-Consumer e-commerce [37]. The
whole theoretical model of TPB is shown in Figure 2.

Technology acceptance model
The application of TRA specifically to technology led to the
development of the technology acceptance model [19]. Davis
[19] provides two attributes, perceived usefulness (PU) and
perceived ease of use (PEOU) that predicts a user’s intention
to use technology. The premise is that technology with higher
perceived usefulness increases usage, that is, the technology
will increase an individual’s performance in performing tasks,
and therefore, the user is more inclined to use it. Second, if
technology is perceived to be easy to use, that is, “software is
free of effort” [19], the intention to use the technology will be
higher. TAM, shown in Figure 3, is a good predictor of
intention to use and is widely accepted in the IS literature.
The importance of the Technology Acceptance Model cannot be understated. According to Google Scholar, the seminal
paper was cited 11,000 times. King and He [40] conducted a

Figure 2. Theory of planned behavior.
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shown that the intention to transact is based on the attitudes
beliefs regarding the online process [55], and the intention to
conduct an action is a reasonable predictor of actual behavior [26].

Figure 3. Technology acceptance model.

meta-analysis of the model to investigate the effects of TAM
across several reached through years studies.
Perceived risk
There is no shortage of literature focusing on two key antecedents of intention to purchase online, trust and risk, which are
considered essential factors in the presence of uncertainty [55].
A meta-analytic study of critical themes in electronic research
examined 582 research papers and categorized the studies into
17 major domains [67]. These 17 domains were broken down
into four major categories, information technology and architecture, applications and industry themes, business issues, and
social issues. Within social issues, the authors found that primary domains included trust, education, regulation, privacy,
globalization and adoption. However, no such synthesis on the
impact of a key factor such as perceived risk had been conducted,
representing a significant gap in the literature and an opportunity for further insight. Furthermore, Gefen et al. [29] posit that
perceived risk either mediates trust and behavior or moderates
the relationship. Understanding the true effect of perceived risk
on intention to purchase presents a significant opportunity to
yield a great benefit to the e-commerce literature.
Measuring the perceived risk construct represents a challenge. The construct represents a situational and personal construct [21], primarily represented as the probability of a loss
and a perception or belief of unfavorable consequences [16].
Perceived risk can be measured as a consolidation of several
components including financial risk, performance risk, physical risk, psychological risk, social risk, convenience risk, economic risk, personal risk, seller performance risk, privacy risk,
and overall risk [55, 57]. Due to the complexity and difficulty of
objectively defining risk, we find that in general studies define
risk as a measure of the subjective belief by a consumer of a loss
in attempting to pursue a desired outcome [3]. Various studies
focused on a single unidimensional construct to operationalize
perceived risk due to this complexity [17, 57].
The prevailing literature on perceived risk demonstrates
that there is a negative correlation between perceived risk
and intention to transact. Reducing risk in an Internet store
leads to higher probability of purchases by consumers, and
conversely, increases in perceived risk negatively affected consumer’s intention to buy [37].
Intention to transact
Intention to transact also represents a personal subjective
construct. However, defining the construct is a bit simpler.
The Intention to transact construct represents a consumer’s
intent to conduct an online relationship with a retailer or
supplier [72]. Using the TRA and TPB, researchers have

Contexts
Wareham et al. [57], in their meta-analytic study, found numerous contexts, which examined relationships in ecommerce. The
industry domains categorized by Wareham included B2C, B2B,
government regulatory, payments, e-services, and mobile commerce. Specifically, our literature review found studies that examined perceived risk and intention to buy in B2C [39], B2B,
e-government [62], banking [53], mobile commerce [45], and
global commerce [41]. Subtleties in each of these contexts could
play a role in the relationship between perceived risk and intention to transact.
Since attitudes and beliefs are shaped by experiences [66], it
is possible that different groups of individuals may perceive risk
differently. Many studies use undergraduate students, which is
acceptable for theoretical research [7]. A meta-analytic study
on the use of college students in consumer research found that
these subjects were slightly more homogeneous than non-student subjects [56]. However, the study concluded that the
increased homogeneity of the subjects might not yield more
powerful hypothesis tests, since the homogeneity reduces the
variability and may simultaneously minimize the magnitude of
the relationships [56]. Therefore, different groups of subjects in
the studies compiled should be examined to determine the
differences in the effect size, a prime use for the synthesis
techniques in meta-analysis. Consumers or actors in each context may have different subjective beliefs or attitudes, which per
the theory of reasoned action would influence behavioral intention. If so, then we would expect to see differences in the effect
size of the relationship. Our meta-analysis seeks to collect
studies then examine the overall effect size of the relationship
between perceived risk and intention to transact, and explore
any moderating effect on the effect sizes.

Method
Conducting a meta-analysis as described above enables us to
revisit existing theories and contribute to the literature a better
understanding of the relationship between variables by either
accurately estimating the effect size or quantify the extent of the
variance [5]. While there have been some criticisms and
responses [30, 31], there are increasing calls for more research
using this technique in information systems [17, 40], and
management [59]. The aim of a meta-analysis is to broaden
the existing research and enable future researches to study or
explore different patterns [5]. “It is only rarely to synthesize
data from a set of identical studies” [5].
The following section provides the details for how the
meta-analysis was conducted. Our methodology followed the
recommendations of Aytug et al. [2] calling for a high degree
of transparency in reporting meta-analytic procedures and
results. Aytug et al. [2] argue “full and transparent reporting
of the choices made during the meta-analysis is a valuable
precursor to the evaluation of the validity and the generalizability of the results and the replicability of the study.” The
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format below follows the recommendations set forth above,
and a summary of the procedures and selections can be found
in Appendix B.

Literature search
Our aim in this meta-analysis was to collect, as many articles as
possible, examining perceived risk and intention to transact or
willingness to buy. The selection criteria were designed to
retrieve as many articles as possible, and thus, the search terms
were not narrowly defined. Since our study examined the relationship between perceived risk and intention in the context of
online setting, we limited our search to articles published or
unpublished in 1997 or after, a date when e-commerce technologies become more widely adopted. Research in the study of
online commerce becomes more abundant after 1997, and thus,
it was a logical starting point.
We created an initial set of keywords that would be used in
search databases with the greatest potential to yields studies that
examine perceived risk and intention in some form. Our list of
keywords and search terms included: “Intention”; “Behavioral
Intention”; “Willingness”; “Intention to Use”; “Intention to transact”; “Intention to Adopt”; “Perceived Risk”; “E-Commerce”;
“Online Shopping.” The results of these searches were documented in a spreadsheet, shown in Table 1, along with the dates of the
search, search engine used and number of results retrieved.
We devised two primary strategies to explore the literature
and collect potentially relevant articles as effectively as possible. Our first strategy was devised to search as many databases
as possible in an efficient and effective manner. The researchers decided to split the retrieval process into two key components, a search for primary articles in major journals, and a
broader search for articles across lesser-known channels. The
databases selected as the primary sources of data retrieval
included ABI/Inform Global, Business Source Complete,
JSTOR, and Science Direct (Table 2). In addition, we utilized
a broader and more comprehensive academic search engine,
Google Scholar, as a complementary tool for article retrieval.
This search engine enabled us to find articles that may not be
available in our identified primary databases, or articles that
may not have been published, including but not limited to
unpublished manuscripts, doctoral and master theses.
One researcher was assigned to search the primary databases
and collect articles from “A” and “B” journals that were relevant to
the Information Systems discipline. This researcher used the keywords defined above to conduct their search. Journal articles
categorized as being retrieved from an “A” journal include those
articles that were published in MIS Quarterly, Information Systems
Research and Journal of Management Information Systems. The
other researcher was responsible to search for articles from journals considered “B” and “C” journal articles, conference proceedings and unpublished research that could be identified using
Google Scholar. The classification of the articles into categories
“A,” “B,” and “C” come from a list produced at the author’s two
universities. However, the “A” journals, all with an h index above
116, are widely accepted as top tier in this classification but we
acknowledge the list is arbitrary as other journals may be considered “A.” Our purpose in the classification was to clearly

outline, as per the recommendations set forth by Aytug [2], our
methodology in article selection.
Journal articles were not limited to the journals listed
above, but spanned various journals from other disciplines,
as well as lesser-known journals and journals from Europe or
Asia. Searches for articles from conference proceedings generally produced articles from two main conferences in the
Information Systems field, the Hawaii International
Conference on System Sciences (HICSS), and International
Conference on Information Systems (ICIS). Our search did
uncover five unpublished research articles.
In addition, we expanded our effort to include more unpublished research as recommended by Aytug [2] and Borenstein et al.
[5]. We sent an email to colleagues from two universities near the
beginning of the search process asking if they were aware of any
unpublished relevant research related to our study. We received
only one response and were directed to another database called
SSRS. Upon our examination of the database, we found only one
article, which ultimately did not meet our inclusion criteria.
Additionally, we conducted a manual search of articles in
major journals. First, we examined the sources cited in the reference section of literature reviews of identified potentially relevant
literature. Next, we continued to check all the volumes and issues
of the papers published in the previously listed “A” Journals from
1997 to present. Our approach involved checking abstracts and
keywords to identify the papers with a focus on perceived risk and
behavioral intention in the context of online setting, possibly
using different terms or implicitly mentioning these terms.
Criteria for inclusion
For a study to be included in our meta-analysis, the study was
required to have the following criteria:
(1) The study or publication must have been conducted or
published after 1997 and written in English. This date
was chosen as a key starting point for research in e-commerce, since the general population, after 1997, more
broadly accepted e-commerce.
(2) The study must have conducted an experiment or survey
study and measure key variables of perceived risk and
intention to purchase.
(3) The measurement of perceived risk may have discussed
other types of risk such as financial risk, privacy risk, etc.,
but in the data analysis section, the study must have
analyzed the overall measure of perceived risk or have
enough data that would allow us to aggregate measures
into a construct of perceived risk. We did not include any
studies that measured specific types of risks alone.
(4) The study must have measured the outcome of intention
to buy, or willingness to transact. We allowed for variations in the variable definition so long as the construct
was an intention, or willingness, and the verb could be
clearly associated with a transaction, or usage, of the
technology that would be used to conduct a transaction.
(5) The study included participants from all demographics,
men/women, students/non-students, country where
study took place and context of the study, that is, B2C,
B2B, banking, mobile commerce, etc.
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Table 1. Database search results.
Location
scholar.google.com
scholar.google.com
scholar.google.com
scholar.google.com
scholar.google.com
scholar.google.com
scholar.google.com
scholar.google.com
scholar.google.com
scholar.google.com
scholar.google.com
ABI/Inform
Business Source Complete
JSTOR
Science Direct
Business Source Complete
Business Source Complete
Business Source Complete
Business Source Complete
Business Source Complete
ABI/Inform
ABI/Inform
ABI/Inform
ABI/Inform
ABI/Inform
JSTOR
JSTOR
JSTOR
JSTOR
JSTOR
Science Direct
Science Direct
Science Direct
Science Direct
Science Direct

Search terms used

Results

“Perceived risk” +ecommerce
“Perceived risk” +”intention” +Willingness
“Perceived risk” +”intention” +online +Willingness +unsupported
“Perceived risk” +”intention” +online +Willingness
“Perceived risk” +ecommerce +”Intention to”
‘+”Perceived risk” +”intention” +online +unsupported
‘+”Perceived risk” +”intention” +online +Willingness +unsupported
‘+”Perceived risk” +”intention” +Willingness
‘+”Perceived risk” +”intention” +Willingness +online
‘+”perceived risk” +”intention”
‘+”Perceived risk” +ecommerce +”Intention to”
‘+”Perceived risk” +ecommerce +”Intention”
‘+”Perceived risk” +ecommerce +”Intention”
‘+”Perceived risk” +ecommerce +”Intention”
‘+”Perceived risk” +ecommerce +”Intention”
‘+”Perceived risk” +ecommerce +”Intention to use”
‘+”Perceived risk” +ecommerce +”Intention to purchase”
‘+”Perceived risk” +ecommerce +”Intention to adoption”
‘+”Perceived risk” +ecommerce +”Intention to transaction”
‘+”Perceived risk” +ecommerce +”behavioral intention”
‘+”Perceived risk” +ecommerce +”Intention to use”
‘+”Perceived risk” +ecommerce +”Intention to purchase”
‘+”Perceived risk” +ecommerce +”Intention to adoption”
‘+”Perceived risk” +ecommerce +”Intention to transaction”
‘+”Perceived risk” +ecommerce +”behavioral intention”
‘+”Perceived risk” +ecommerce +”Intention to use”
‘+”Perceived risk” +ecommerce +”Intention to purchase”
‘+”Perceived risk” +ecommerce +”Intention to adoption”
‘+”Perceived risk” +ecommerce +”Intention to transaction”
‘+”Perceived risk” +ecommerce +”behavioral intention”
‘+”Perceived risk” +ecommerce +”Intention to use”
‘+”Perceived risk” +ecommerce +”Intention to purchase”
‘+”Perceived risk” +ecommerce +”Intention to adoption”
‘+”Perceived risk” +ecommerce +”Intention to transaction”
‘+”Perceived risk” +ecommerce +”behavioral intention”

1130
9320
74
5440
521
151
74
9320
5440
23300
521
18804
55
179
6276
6
6
3
3
4
550
434
395
485
346
115
130
97
117
97
2955
1555
1474
1725
1584

Table 2. Databases search results across all databases and all searches.
No.
1.
2.
3.
4.
5.

Database
ABI/Inform
Business source complete
JSTOR
Science direct
Google scholar

Search results (Papers)
21,014
77
735
15,569
55,291

(6) Studies could not violate assumptions of normality for
the sample, that is, they must have a significantly large
size, and the study clearly stated how the sample was
obtained.
(7) The studies needed to report two critical measures,
the sample size, and the correlation between perceived risk and intention to transact.

Coding procedure
Our preliminary coding procedure consisted of collecting data
on each article selected for inclusion with four different categories of information including a) Study level information, b)
Sample Level Information, c) outcome level, d) effect size
information. Study-level coding recorded the article’s citation,
publication type, source of article (e.g., database) and type of
study. The sample level information recorded how the study
was conducted, that is, the number of participants in the
survey. We also collected demographics about the participants
in the surveys including the percentage of male and female,

the type of subjects including students and non-students and
the country where the sample was obtained. Furthermore, we
coded information in this section regarding the industry or
type of e-commerce transaction conducted such as B2C, B2B,
banking, e-payment, and mobile. The outcome level information included the dependent variable measure and the type of
measurement scale, that is, nominal, continuous or ratio. The
effect size coding collected information regarding the correlation between the perceived risk and intention to transact
along with the significance.
Coding was conducted using an online form created using
Google Docs, which automatically recorded the information in
a spreadsheet, which could easily be imported into a statistical
analysis tool. Each researcher initially coded 10% of the studies
to assess both the capability and accuracy of the form reliability.
We did not perform a statistical analysis, for example, reliability measure, of our coding, but after a brief discussion we found
agreement on our coding. Once the coding was agreed upon,
we divided the remaining articles up evenly and continued our
coding. Any discrepancies or uncertainties were discussed
together, and resolutions were agreed upon.

Statistical procedure
Once the data were coded, we utilized the Comprehensive
Meta Analysis (CMA) version 2 software [4] for the statistical
analysis. From our coding sheet, the correlations and sample
sizes for each of the independent samples were imported into
the software.
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The effect size statistic used was the measure of the
Pearson product moment coefficient, r, between perceived
risk and intention to purchase. Since we expected a level of
heterogeneity from the samples due to the different contexts
and subjects, we focused on the random effects model. We
utilized a Hunter–Schmidt [34] bare-bones meta-analysis with
no corrections of our statistical artifacts. Since no corrections
were applied, we expected that the mean effect would underestimate the actual value based on our decision to not make
any corrections [34]. While we obtained correlations in the 39
samples utilized, this exercise was challenging because of the
lack of reporting of correlations in the IS literature, and thus,
additional information that could be utilized to make corrections was not readily available.
The results of this study are the overall combined effect of
the 39 independent samples from the 35 studies. In a few cases,
where perceived risk was identified as a more specific form of
risk, for example, financial risk, or privacy risk, the effects sizes
were calculated and coded. In addition, we examined the correlations within subgroups of contexts and subjects to examine
any moderating effects. Finally, the effect size obtained was
weighted based on the precision of the effect, enabling larger
samples to contribute more to estimate of the overall effect size.

Table 4. Demographic statistics.
Studies

Total sample

Male (%)

Female (%)

30
2
2
4
2

11709
473
169
813
615

56
68
47
53
53

44
32
53
47
47

B2C
B2B
e-Government
e-Banking /payment
Mobile

Note: Percentages are based on available data for gender. Four samples did not
contain gender.

explained from sampling error, research context and subject
types and this study attempts to explore it.
The journal articles found were retrieved from multiple disciplines including information systems, marketing, management
and psychology, a list of these articles can be found in Appendix
A. Across the samples, 56 percent of the participants were male,
based on the 39 samples (four samples did not report gender). In
addition, thirty samples, shown in Table 4, were conducted in
the context of e-commerce, while ten studies were in B2B
(including e-government and e-banking). The subject types varied across the samples with eleven samples using undergraduate
subjects, two studies focused on graduate subjects, one study
focused only on non-student professionals, and the remaining
twenty-six samples used mixed subjects.

Result

Outcome variables

Demographics

The focus outcome variable for our study is intention to
purchase/transact. Thus, while each study may have examined
multiple outcome measures, we selected and coded only the
dependent variable associated with intention to purchase/
transact, including willingness to purchase, willingness to
pay, online shopping intention and purchase intention.

Our initial search found 80 studies of possible relevance to our
study. Upon closer examination and based on our inclusion
criteria, a total of 35 usable articles were found. Of these, only
two studies came from what would be considered “A” journals,
six were unpublished dissertations and five conference proceedings. Table 3 reports the descriptive statistics of our literature
pool, which includes total number of studies, cumulative sample
size, range of significant, number of positive, and negative and
non-significant correlations. Individual sample sizes ranged
from 50 to 1381 participants. Total sample size was 13,779.
Overall, the literature generally shows the relationship between
perceived risk and intention to transact to be negative. However,
within the articles uncovered, the range of the reported correlations within these articles ranged from −0.72 to .71, suggesting
possible discrepancies in the research. Two studies found positively significant relationship between perceived risk and intention to purchase, that is, when there is more perceived risk the
intention to use technology is higher. Thirty-one studies found a
negatively significant relationship, while seven of the studies
found no significant relationship. Overall, the data reveal the
fact that the relationship between perceived risk and intention to
purchase is far from conclusive. This discrepancy could be
Table 3. Descriptive statistics.
Relationship
significance
Construction relationship

K

N

Range of r Positive Negative N.S

Perceived risk → Intention 40 13779 [−.72, .71]

2

31

7

Effect sizes
Using CMA, we obtained results for both fixed effect and
random effect models; however, we believe that the random
effects model results are more appropriate for these samples
since our measurements are random samples drawn from larger
populations, and the variance between populations is the interest of our study. The result yielded a significant overall weighted
effect size (r = −0.362, 95% CI = −0.432, −0.286). We examined
the heterogeneity of the effects by performing X 2 and I2 statistical tests1. The chi-square statistic was utilized to test the
hypothesis that sampling error variance accounts for all the
observed heterogeneity. The I2statistical analysis indicates
whether the amount of variability across studies is attributable
to between-study differences or to sampling error variability.
The result of chi-square statistic (Q value) was significant (Q
= 928.240, p < .001), suggesting that the observed heterogeneity
could be due to sampling error variance. Simultaneously, the
result of I2 statistics analysis indicated that 95.798% of the total
variance is due to heterogeneity rather than to sampling error.
While survey results are problematic due to several conditions
including respondent lack of knowledge, lack of attention,
skewed attributes and questionable samples [23], meta-analysis

[(Q – df)/Q] 100%, where Q is the chi-square statistic and df is its degree of freedom [32].

1
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helps identify such issues by assessing the variance due to heterogeneity. When the I2 statistic is high, that is, >75%, there is
significant heterogeneity in the samples and thus similarity in
the responses. Both results of analysis showed that moderators
might play important role in our dataset, confirming our initial
belief. Therefore, this result provided us with the rationale to
conduct subgroup analysis across contexts and subject types.
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Table 6. Effect size (Pearson’s r) and confidence intervals by subject type.
Subject type

K

N

r

Undergraduate
Graduate
Professional
Mixed

11
2
1
26

5694
439
506
7160

−0.531***
−0.232
−0.447***
−0.340***

95% CI
−0.601,
−0.515,
−0.568,
−0.420,

−0.453
−0.097
−0.307
−0.255

Note. *p = .05. **p = .01. ***p = .001.

is a heterogeneity within study, implying that another moderator exists that accounts for the variance.

Moderators
Our review of the literature indicated that there were two likely
moderators for the studies conducted. First, we believed that the
subject type, that is, students versus non-students could play an
important role in the relationship between perceived risk and
intention relationship. Although research has shown that the use
of students in experimental surveys has not been shown to be
statistically different than non-students, we decided to examine
this carefully and not assume no difference existed between subject type groups. Second, our literature review unexpectedly found
some positive relationships between perceived risk and intention,
that is, increased perceived risk leads to higher intention to use,
might be a result of the context. Thus, the two moderators we
focused on were subject type and context. Context values for the
purposes of this study were classified as B2C and non-B2C.
Subject type values included items students (undergraduate, graduate), professional and mixed (professionals and students).
To examine the effect of context on the relationship
between perceived risk and intention to purchase, we first
grouped context. The results of the contextual analysis are
summarized in Table 5.
The result yielded a significant overall weighted effect size in
non-B2C (r = −0.255, 95% CI= −0.298, −0.211) and B2C (r =
−0.398, 95% CI = −0.413, −0.383). Hence, the effect size for the
different context types and their confidence interval look dissimilar. Additionally, there was a substantial heterogeneity of effects
in B2C (I2 = 96.16, Q = 755.247, p < .001) and in non-B2C (I2 =
93.233, Q = 133.991, p < .001), suggesting that there is high
heterogeneity within study implying that context may not be the
moderator to account for the variance.
To analyze subject type as a moderator, we grouped subject
type. Table 6 shows the effect sizes based on subject type. The
result yielded a significant effect size for mixed subject types (r =
−0.340, 95% CI = −0.420, -0.255), professional (r = −0.447, 95%
CI = −0.568, −0.307) and undergraduate (r = −0.531, 95% CI =
−0.528, −0.472). However, the effect size for graduate students
was not significant (r = −0.232, 95% CI = −0.515, −0.097). Based
on the results, the effect size for the different subgroups and their
confidence interval look dissimilar.
Furthermore, there was a substantial heterogeneity of
effects in graduate (I2 = 89.219, Q = 9.276, p < .001), mixed
(I2 = 95.5, Q = 556.168, p < .001) and undergraduate (I2 =
96.36, Q = 274.8, p < .001). This result also indicates that there

Outlier analysis
We used a forest plot of the effect sizes and confidence intervals
to check for outliers in our dataset. One study [55] was identified
as a possible outlier based on its position in relation to the other
samples, as shown in Figure 4. We thereby excluded this study
and reanalyzed the data. Nevertheless, the results showed that
even without including the study, the result increased only
slightly (r = −0.388, 95% CI = −0.452, −0.320), lending support
that this study should not be considered an outlier and hence
was a viable candidate for inclusion.
Publication bias
We originally believed that bias would exist in this study since
there is a reluctance in major IS journals to accept articles that do
not present statistically significant results. We therefore found and
included six unpublished papers into our literature pool. In effort
to understand the possibility of publication bias in our dataset, we
tested for publication bias using CMA. Publication bias was
assessed using fail-safe N test, Duval and Tweedie’s trim and fill,
and Egger’s regression test.
The fail-safe N estimates how many studies would be
required to nullify the negative effect found between perceived
risk and intention to purchase. The result showed the number of
missing studies that would bring p value > .05 is 8802, suggesting
that publication bias was likely not an issue in the study.
The trim and fill was used to determine whether the results
of the original analysis were affected by publication bias. This
method is designed to estimate and adjust a funnel plot for the
number and outcomes of missing studies [22]. The result of the
Trim and Fill method suggested the correlation was −0.3615
(95% CI = −0.4321, −0.2864) using a random effects model, and
thus, no publication bias is present.
Furthermore, Egger’s regression was used to understand
whether the asymmetry is considered to be statistically significant. If the p value of the intercept is 0.1 or smaller, it is likely the
existence of publication bias. The result suggested that publication bias was unlikely in our study (Egger’s test, p = 0.71678).
In summary, based on the results of fail-safe N, trim and
fill and Egger’s regression test, we concluded, somewhat surprisingly, that the probability of publication bias is low.

Table 5. Effect size (Pearson’s r) and confidence intervals by context type.
Context type
Non B2C
B2C

K
10
30

N
2070
11709

Note. *p = .05. **p = .01. ***p = .001.

r
−0.255***
−0.398***

95% CI
−0.298, −0.211
−0.413, −0.383

Discussion
Since 2000, many scholars have studied the various phenomena in
the electronic commerce domain. Increasingly, attention has been
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Figure 4. Forest plot (outlier identified in first row).

given to the effects of consumer’s perceived risk online, as many
different uncertainties exist online such as transactional uncertainty and product quality uncertainty. Our review of the literature revealed that researchers have consistently argued that
perceived risk is negatively associated with intention to purchase;
however, our research did not uncover any synthesized research
paper to explore the overall effect. Our contribution to the existing
literature aimed to coalesce the relevant literature and bring
together the results of various studies to more closely look at the
relationship between the two variables. The limited number of
meta-analysis research in information systems represents a major
opportunity for researchers to test pervious findings.
Our findings supported the negative relationship and reported
the overall effect size of perceived risk with intention to purchase
(r = −0.362, 95% CI = −0.432, −0286). The synthesis of the existing
studies should help other researchers in breaking down the relationships further. Our study supported the findings of numerous
articles that have examined this relationship; however, additional
questions remain. It is interesting that some studies found no
support or positive, correlations between the variables, contrary to
the finding.
The present study enhances previous findings by considering
two key moderators, context and subject type, to explore the
relationship more deeply. However, the result may be incomplete
as there is significant heterogeneity within the studies. The further
exploration of these effects could determine what other moderators were present or provide some groundwork to new theory that
could provide the explanation.

One possible moderator that can provide the explanation is
the socioeconomic status or personality of subject type. Most
online perceived risk and intention to purchase-related studies
only distinguish students from non-students in selection of subjects, rather than segmenting students into different levels of
socioeconomic status or different personality. Student sample
may also vary dramatically per socioeconomic status as well.
Therefore, studies cannot only examine subject types but also
create subgroups considering each subject’s socioeconomic status or even personality traits, which may affect risk perceptions,
it is possible that the heterogeneity could be improved.
In our literature review, we noted the difficulty in operationalizing perceived risk. Perceived risk can be measured as
a consolidation of a number of components [51, 55], and thus,
these different components may affect consumer’s perceptions
of the transaction. Certain risks such as financial risk may be
more pronounced depending on subject’s socioeconomic status, and privacy risks may be more effected by demographics
such as populations that are more risk averse [48].
Additional moderators might include factors that contribute to
changes in attitudes and subsequently behaviors. As consumers
become more experienced with online purchasing, this may influence perceived risk, because the link between attitude and behavior increases with more direct experience [24]. The limited scope
of the meta-analysis allows the researchers to clearly identify key
effects, when there appears to be an effect, but no moderator is
uncovered, an opportunity to conduct additional research on
other variables, latent or otherwise, appears.
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Limitations and future research

Conclusion

Even though the results offer insights into understanding the
relationship between perceived risk and intention to purchase, it
has some limitations. First, although the focus of our study, this
study only considered one dependent variable, perceived risk,
and one independent variable, intention to purchase. The relationships between other factors and intention to purchase are
significant and cannot be ignored; therefore, isolating this one
variable, we understand, may be questionable. Further studies
can add different factors into model so that a more comprehensive picture of factors influencing intention to purchase in the
online setting can be developed.
One of the interesting factors that can be considered by future
research is trust, since trust and perceived risk were frequently
examined and discussed together. Previous literature has found
the negative relationship between perceived risk and trust [12, 29].
Trust and perceived risk are intertwined, and researchers have
struggled with which factor precedes the other or whether the
variables mediate or moderate the relationship to behavioral
intention [29].
According to TRA and TPB, subjective norms could play a
critical role in intention to purchase. Subjective norm has
been defined as “the influence of people in one’s social environment on his/her behavioral intentions” [26]. This factor has
been found a significant impact on intention to purchase [26].
Exploring how subjective norms might play a role emphasizes
the importance of the beliefs associated with levels of risk.
By examining other factors, a more robust understanding
of the relationship between perceived risk and intention to
purchase could become apparent. These complex relationships might demonstrate the presence of additional moderators in the relationship. Although the attempt was made to
explore the possible moderators, context type and subject type
that affect the model, the heterogeneity effect within the
studies was still high (see Tables 5 and 6). The more studies
address this issue and extend our research, the more the field
will understand the effect of these moderators. Furthermore,
researchers are encouraged to conduct their studies by considering additional contexts not explored in this study. As we
noted, it was surprising to find a positive relationship between
the variables; however, as we uncovered, it was under the
context of e-government [62, 70]. Although our work demonstrated the differences between the subgroups, we were not
able to collect enough data to examine the strength of the
effect size in very specific contexts. Additionally, researchers
can compare the difference between online and offline settings, since the impacts of the perceived risk could be different
between the physical and virtual shopping experience.
We treated perceived risk as a single conceptual construct,
which reflects overall online perceived risk. Previous researchers have already taken perceived risk as a multi-dimensional
construct. For example, [57] divided perceived risk into financial risk, performance risk, physical risk, psychological risk,
social risk, convenience risk, economic risk, personal risk,
seller performance risk, privacy risk, and overall risk.
Further studies can thereby treat perceived risk as multidimensional construct and explore its relationship with intention to purchase.

The meta-analysis rigorously supported the conclusion of the
negative relationship of perceived risk with intention to purchase. Furthermore, we found no substantial evidence of moderating effects of the contexts explored; however, additional
questions remain. It is interesting that some studies found no
support or positive, correlations between the variables, contrary
to the finding. In addition, we were quite surprised to discover a
lack of publication bias, considering the lack of inconclusive
published studies.
However, much of the literature, we explored, did not report
consistent statistics for use in a meta-analysis, that is, we found it
difficult to collect correlations, and other critical statistical artifacts for this type of research. In addition, the articles from many
of the IS journals only reported significant results. However,
there is value in accepting articles whose results may not be
significant. King and He [40] also noted this lack of publishing
“negative of insignificant results,” in the IS literature.
In conclusion, these findings help attract attention to the
overall effect of perceived risk and intention to purchase, and
further adds the importance of highly methodical meta-analytic
approach in the IS literature. The results of this study hopefully
prompt new insights and inspire future research to build a more
cumulative body of evidence in this area.
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Appendix A

Table A1. Literature pool.
Variables
Gender
Sample no.
First author
Year Sample Risk/intent correlation Male Female Subject type (Ord, interval)
Context
1
Pavlou [55]
2003
103
0.71
57
43
Undergraduate
e-Commerce
2
Pavlou [55]
155
–0.5
Mixed
e-Commerce
3
Özkan [53]
2010
155
0.068
42
58
Mixed
e-Payment
4
Pires [57]
2004
66
0.222
59
41
Mixed
e-Commerce
5
Broekhuizen [6]
2009
357
–0.37
67
33
Mixed
e-Commerce
6
Lee [45]
2010
146
–0.447
Professionals
e-Commerce
7
Podder [58]
2005
157
–0.139
62
38
Mixed
Internet banking
8
Cowart [14]
2008
342
–0.49
43
57
Undergraduate
e-Commerce
9
Cowart [14]
213
–0.62
43
57
Undergraduate
e-Commerce
10
Cowart [14]
191
–0.47
43
57
Undergraduate
e-Commerce
11
Schaupp [62]
2010
169
–0.65
47
53
Mixed students
e-Government
12
Nicolaou [56]
2006
95
–0.58
69
31
Graduate & prof
B2B
13
Kimery [39]
2002
164
–0.72
54
46
Undergraduate
e-Commerce
14
Ganguly [28]
2009
290
–0.69
82.7
18.2
Undergraduate
e-Commerce
15
Zhu [71]
2011
705
–0.5
33.6
66.4
Undergraduate
e-Commerce
16
Lu [49]
2005 1259
–0.266
62
38
Mixed
e-Commerce
17
Kim [38]
2008
466
–0.22
57.8
42.2
Mixed
e-Commerce
18
Yousafzai [69]
2009
441
–0.36
56.3
43.7
Mixed
e-Commerce
19
Dash [18]
2007
486
–0.69
81
19
Mixed
e-Commerce
20
Udo [64]
2010
211
–0.07
51
49
Graduate
e-Commerce
21
Chen [8]
2012
192
–0.45
59
41
Undergraduate
e-Commerce
22
Teo [63]
2007
544
–0.596
50
50
Online survey
e-Commerce
23
Teo [63]
1381
–0.403
52
48
Online survey
e-Commerce
24
Teo [63]
987
–0.375
73
26
Online survey
e-Commerce
25
Lui [50]
2003
133
–0.389
59
41
Graduate
e-Commerce
26
Corbitt [13]
2003
55
–0.05
Undergraduate
e-Commerce
27
van der Heijden [65] 2005
123
–0.26
67
33
Mixed
Mobile services
28
Im [36]
2008
161
–0.497
67
33
Mixed
Technology
29
Featherman [25]
2001
167
–0.471
Undergraduate
e-Payments
30
Cho [12]
2006
187
0.02
44
56
Mixed
e-Commerce
31
Lee [46]
2009
268
–0.61
42.4
57.6
Mixed
Internet banking
32
Chen [9]
2006
467
–0.157
45
55
Mixed
e-Commerce
33
Doolin [20]
2005
673
–0.179
45.9
54.1
Mixed
e-Commerce
34
Samadi [61]
2009
360
–0.545
47.5
52.5
Undergraduate
e-Commerce
35
Sam [60]
2006
208
–0.077
48.6
51.4
Mixed
e-Commerce
36
Li [46]
2009
637
–0.35
Mixed
e-Commerce
37
Zafiropoulos [70]
2012
50
–0.41
Teachers
e-Government
38
Lee [43]
2007
492
–0.05
50
50
Mixed
Mobile services
39
Kyere-Duodu [42]
2011
233
–0.06
66
34
Mixed
E-banking

Subgroup
Students
Non students

Home elec
Music
Elect hand held
e-Filing
Info exchn
Online retailing
Students in India

US
Singapore
China

Hong Kong
Taiwan
Taiwan
New Zealand

Greece
Ghana
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Appendix B
Table B1. Meta-analysis checklist (Aytug et al. [2]).
Clear Statement of Research Question
1. To what extent does perceived risk affect intention to purchase /buy /transact
2. Do any variables moderate this relationship?
a. Context, i.e. E-Commerce, B2B, E-Govt, Workflow
b. Subject Type, i.e. Students (graduate, undergraduate), Professionals, mixed
List of Primary Studies Available
80 studies available for review
35 studies included in this document, total 40 ind. samples
(4:1 study to var. ratio)
Reference and citation databases searched
Electronic Database
Journal Hand Search
Reference List
Citation Search
Conference Proceedings
Personal Contacts
Website /other Internet
Other
We attempted to indicate the rationale for published studies, including the dates of search, and keywords. We actively looked for gray material and
actively sought other references from colleagues
Types of studies included in the review
Journal Articles
Book Chapter
Dissertation /Thesis
Conference Abstracts/Proceedings
Government Reports
Company Reports
Unpublished
Other
* Unpublished articles (6) obtained via search,
includes dissertations and thesis.
Time period covered by the search (1997 -Present)
We started the search from the inception of the advent of the browser in 1994 but research expands in 1997
Keywords used in the search
Dates of search
Explicit list of inclusion criteria
Explicit list of exclusion criteria
Method of dealing with articles in other languages
Effect size metric used
data provided in forms of correlations and sample size
Effect size averaging and weighting methods
Weighting handled by CMA

Yes Partially No
X

X

X
X
X
X
X
X
X
X

X
X
X
X
X
X
X*

X
X
X
X
X
X
X
X

