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Abstract
Examining the determinants of technology acceptance has been a central interest 
across disciplines. The technology acceptance model (TAM) and its variants and 
extensions are the most popular theoretical frameworks in this line of research. Two 
model-based meta-analytical approaches, that is, meta-meta-analysis and conventional 
meta-analysis, are used to pool the correlations and to test the path relationships 
among the variables of the TAM. We find that the extended TAM, which we term 
the TAM Plus, prevails in the model fit testing and that the results of the pooled 
correlations and path coefficients estimated using the meta-meta-analysis and meta-
analysis are generally consistent.
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Examining the determinants of technology use or acceptance has been a central inter-
est across disciplines. Although many theoretical perspectives have been proposed to 
address this issue, the technology acceptance model (TAM) (Davis, 1986) is the theory 
most widely used to explain user acceptance intentions and behaviors. Davis and his 
associates (Davis, 1986, 1989; Davis et al., 1989) hypothesize that perceived useful-
ness (PU) and perceived ease of use (PEOU) form users’ beliefs regarding a technol-
ogy and subsequently predict their attitude toward this technology, which further 
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determines their intended and actual adoption of this technology. The original TAM 
has been extended or revised by many scholars who have added additional constructs 
such as determinants of PEOU and PU (Karahanna & Straub, 1999; Venkatesh & Bala, 
2008; Venkatesh & Davis, 2000; Venkatesh et al., 2003; Wu et al., 2007; Yen et al., 
2010), attitudes (Park & Kim, 2014), and intended use (Gefen et al., 2003; Karahanna 
et al., 2006).

Since it was published, the TAM (Davis, 1986) and its extensions have been empir-
ically applied to a variety of end-user technologies ranging from mobile technologies 
(Khayyat & Heshmati, 2013) to gaming (Yoon et al., 2013) (for a review, see Legris 
et al., 2003; Ma & Liu, 2004). However, these studies have produced inconsistent 
results in terms of model configurations and the statistical significance, direction, and 
magnitude of hypothesized relationships (Ma & Liu, 2004; Moore & Benbasat, 1991). 
Furthermore, due to the TAM’s popularity and the considerable number of mixed find-
ings, the TAM is examined in at least 23 meta-analyses, multiple systematic literature 
reviews (e.g., Lee et al., 2003; Legris et al., 2003; Turner et al., 2010; Williams et al., 
2015), and two computational literature reviews relying on machine learning 
(Mortenson & Vidgen, 2016) and statistical modeling techniques (Hsiao & Yang, 
2011). These extant meta-analyses have made important contributions to our under-
standing of the TAM, but the inconsistency of primary studies is channeled into meta-
analyses on the TAM. Some primary studies found very high correlations between 
predictors and the major outcome variable, that is, behavioral intentions, while some 
meta-analyses had contradictory findings on the same predictions. For instance, some 
scholars (Khor, 2014; Yen et al., 2010) found very strong correlations (i.e., larger than 
.9) between PU and intentions and between PEOU and intentions, but meta-analyses 
by Rana et al. (2015) and Šumak et al. (2017) found a trivial effect size (a correlation 
of approximately .10 between the variable PEOU and intentions). Šumak et al. (2017) 
observed a small effect size (approximately .30) concerning the correlation between 
the variable PU and intentions. Therefore, there are substantial gaps in TAM studies 
that must be addressed and filled.

Consequently, the research purpose of this article is twofold: (a) to examine the 
exact effects and magnitudes of the theoretical relationships involving the TAM by 
synthesizing existing empirical primary and meta-analytical studies and (b) to seek 
and establish a parsimonious theoretical framework built on the TAM that can suffi-
ciently explain individual intentions to adopt technologies. To avoid adding to the 
confusing status quo of the TAM field, we opt for new procedures that have never been 
applied in the TAM literature, that is, meta-meta-analysis and the innovative proce-
dure of meta-analysis using structural equation modeling (MASEM).

Literature Review

The Origin and Extensions of the TAM

Many scholars (e.g., C. A. Lin, 2009; Schepers & Wetzels, 2007; Venkatesh, 2000) 
have mentioned that the TAM was inspired by the theory of reasoned action (TRA) 
(Ajzen & Fishbein, 1980; Fishbein & Ajzen, 1975) because the core TAM predictors 
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in the TAM (i.e., the variables PEOU and PU) are actually more general behavioral 
beliefs in the TRA (Karahanna & Straub, 1999; Venkatesh, 2000). The TRA posits that 
intentions mediate the effects of external and internal beliefs on behaviors. Expressed 
mathematically, the relationship between internal beliefs and attitudes is A b ei i∝∑ , 
where A is an individual’s attitude toward engaging in a behavior, b is an individual’s 
belief regarding the probability that certain outcomes will ensue from the action, and 
e is an individual’s evaluation of those outcomes. Moreover, external beliefs, that is, 
subjective norms (frequently called social influence [SI] in other models), are mea-
sured by what an individual thinks is desirable in reference to others (n), which is 
weighted by the motivation to comply (m): SN nmi i∝∑  (Ajzen & Fishbein, 1980; 

Fishbein & Ajzen, 1975). Ajzen (1985) later extended the TRA to the theory of planned 
behavior (TPB) by including perceived behavioral control (PBC), which is measured 
by the strength of each control belief (c) weighted by the perceived power of the con-

trol factor (p): PBC∝∑p ci i . Fishbein and Ajzen (2010) later proposed an integrative 

model (IM) integrating the TRA, the TPB, and the social cognitive theory (SCT). The 
IM is very similar to the TPB, notwithstanding some nomenclatural differences (e.g., 
it changes PBC to self-efficacy and divides norms into injunctive and descriptive 
ones).

Taylor and Todd (1995a) combined the TAM and the TPB and later (Taylor & Todd, 
1995b) adapted the TPB to form the decomposed TPB using constructs such as rela-
tive advantage, complexity, and compatibility from the diffusion of innovation theory 
(Rogers, 1983). Venkatesh and Davis (2000) proposed the TAM2 by removing attitude 
(mediator) and identifying several determinants of PU—subjective norms, image, job 
relevance, output quality, result demonstrability, and PEOU—and two moderators: 
experience and voluntariness. Van Raaij and Schepers (2008) extended the TAM2 by 
including subjective norms, personal innovativeness in IT, and computer anxiety. 
Venkatesh et al. (2003) further expanded the TAM2 to formulate a unified model 
called the Unified Theory of Acceptance and Use of Technology (UTAUT) by sum-
marizing eight closely related models (i.e., the TRA, the TAM, the motivational model, 
the TPB, a model combining the TAM and the TPB, the model of personal computer 
(PC) utilization, innovation diffusion theory, and SCT) comprising 32 related con-
structs. According to the UTAUT, individual intentions to accept technologies are 
determined by performance expectancy, effort expectancy, and SI; user behavior is 
predicted by facilitating conditions; and all four predictions are moderated by age, 
gender, experience, and voluntariness of use. The UTAUT has been extended by later 
scholars through the addition of new predictors such as social support (C.-P. Lin & 
Anol, 2008; Sykes et al., 2009) and perceived playfulness (Wang & Wang, 2010). 
Seemingly noting the weaknesses of previously proposed models, Venkatesh and Bala 
(2008) further developed an integrated model named TAM3 by combining TAM2 
(Venkatesh & Davis, 2000) and the model of the determinants of PEOU (the early-
stage anchors included computer self-efficacy, computer anxiety, computer playful-
ness, and perceptions of external control [or facilitating conditions], and the later 
adjustment comprised perceived enjoyment and objective usability) (Venkatesh, 
2000). Furthermore, Venkatesh et al. (2012) proposed the UTAUT2 by incorporating 
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three constructs into the UTAUT: hedonic motivations, price value, and habits (for a 
summary of differences among related theories, see Table 1).

As one of the coauthors of the TAM (Davis et al., 1989), Bagozzi has nevertheless 
harshly criticized the foundation and advances of the TAM (see Bagozzi, 2007). 
Bagozzi (2007) lamented that the study of TAM “is at the threshold of crisis, if not 
chaos, in regard to explaining technology acceptance.” Bagozzi (2007) believed that 
research has provided little theoretical insight into the prediction and moderation 
mechanisms embodied in the TAM and its variations and extensions. Although harsh, 
these comments may be reasonable if we trace the origins of these models. The TAM 
and its parallels, including the UTAUT, the TRA, the TPB, and SCT (Bandura, 1986), 
are all applications of expectancy-value theory (EVT) (e.g., Atkinson, 1957; Edwards, 
1954; Fishbein, 1963; Fishbein & Raven, 1962; Kahneman & Tversky, 1979; 
Morgenstern & Von Neumann, 1953; M. J. Rosenberg, 1956). Therefore, not surpris-
ingly, these models have much in common (Bish et al., 2000; Fishbein & Ajzen, 2011), 
that is, many seemingly disparate constructs actually share the same meanings.

The original TAM suggests that the effect of external variables on intention is medi-
ated by key beliefs (i.e., PEOU and PU; Davis et al., 1989). Although a number of 
external variables have been tested in prior studies, the literature reveals “no clear 
pattern with respect to the choice of the external variables considered” (Legris et al., 
2003). Abdullah and Ward (2016) identified 152 external determinants of the PU and 
PEOU in their meta-analysis of 107 studies, and they argued that only five external 
factors (self-efficacy, subjective norms, enjoyment, computer anxiety, and prior expe-
rience) are crucial. Many of the proposed models reviewed above (Van Raaij & 
Schepers, 2008; Venkatesh, 2000; Venkatesh & Bala, 2008; Venkatesh & Davis, 2000) 
introduced many external predictors of either PEOU or PU. However, these factors 
may not be applicable across study settings. For instance, enjoyment and computer 
anxiety may not be relevant for the adoption of e-health products, e-government or 
similar organizational uses, and enjoyment or flow (or presence), instead of self-effi-
cacy, may be important for the selection of games. Therefore, even fewer variables 
among the above-mentioned external factors are generally necessary, and not many 
theories are as universal as the literature suggests they are. In addition, Williams et al. 
(2015) found that only performance expectancy in the UTAUT is an important predic-
tor of technology use. Van Raaij and Schepers (2008) and Bagozzi (2007) also criti-
cized the UTAUT for its complexity and incoherent integration.

In summary, the findings of various predictions in the TAM, its extensions, and its 
variants in primary studies are inconsistent and contradictory. This lack of clarity calls 
into question the validity of the theoretical underpinnings of the TAM and its various 
manifestations. Specifically, what necessary constructs are needed for a parsimonious 
theory, and what relationships and magnitudes exist among them? These questions can 
be addressed using meta-analysis, which is a means of quantitatively determining real 
effects and effect sizes based on the findings of previous research on a certain topic 
(Glass et al., 1981; Hunter et al., 1986; Rosenthal, 1991b). Most meta-analyses have 
examined relatively straightforward questions, such as whether a particular manipula-
tion is effective or whether a particular predictor relates to an outcome (cf. Becker, 
2009). However, few primary studies have examined bivariate correlations in actual 
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studies. Most studies have instead addressed more complex theoretical relationships 
by incorporating covariates, moderators, or mediators (Wilson et al., 2016). Complex 
chains of events (Becker, 2009) can be addressed only with the completely different 
modeling technique of meta-analysis. Therefore, MASEM is superior to separate uni-
variate correlation-based meta-analyses (e.g., Hunter & Schmidt, 1990) in this regard.

Previous Meta-Analysis of the TAM

As mentioned above, approximately 20 meta-analyses have been published on effect 
sizes in the TAM or its extensions. These studies provide rich information for explor-
ing “true” theoretical relationships. Moreover, this massive number of published meta-
analyses on the TAM and its extensions offer a new possibility to re-examine predictive 
relationships based on effect sizes reported in prior meta-analyses employing an inno-
vative procedure called meta-meta-analysis or second-order meta-analysis, which uses 
the estimated effect size of each meta-analysis with the effect size being the unit of 
analysis (Cafri et al., 2010; Cleophas & Zwinderman, 2017; Cooper & Koenka, 2012; 
Kazrin et al., 1979).

Of this vast number of meta-analytical studies, many suffer from a variety of limi-
tations, leaving considerable research gaps that must be filled. Most of these studies 
examined the univariate relationships that are predicted in the TAM. Moreover, two 
univariate meta-analyses on the UTAUT (Khechine et al., 2016; Taiwo & Downe, 
2013) did not conduct moderator analysis (Khechine et al. (2016) attributed this to 
too few studies being available for inclusion after significant heterogeneity tests were 
performed). Some studies (Chauhan & Jaiswal, 2017; King & He, 2006) directly 
meta-analyzed path coefficients, which do not satisfy the requirements of the effect 
size (cf. Ferguson, 2009). In addition, some studies (Hamari & Keronen, 2017; 
Schepers & Wetzels, 2007) did not test the influences of the study-level moderators 
(for an overview of the previous meta-analyses, see the table at https://figshare.
com/s/5ca1a12c56a783376d36).

As all predictions are derived from established theories, we are interested in exam-
ining the magnitudes instead of the presence of the effects of predictions. We aim to 
answer the following research questions:

RQ1: What is the magnitude of the predicted effect size of the intentional use of 
technology?
RQ2: Are there any significant relationships among the predictor and outcome 
variables?

Study 1: A Model-Based Meta-Analysis

Method

Selection criteria. A cursory search for “technology acceptance model” on Google 
Scholar yielded more than three million results. To make the study manageable, we 

https://figshare.com/s/5ca1a12c56a783376d36
https://figshare.com/s/5ca1a12c56a783376d36
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tried various combinations of the following keywords, namely “technology accep-
tance model” and “the unified theory of acceptance and use of technology” in the Web 
of Science with only Science Citation Index (SCI) and Social Science Citation Index 
(SSCI) listed English language journals. The first round of the search started in July 
2018 and yielded 12,051 potentially eligible studies. We then implemented several 
screening steps for these articles following the procedure in the Preferred Reporting 
Items for Systematic Reviews and Meta-Analyses (PRISMA) statement (Moher et al., 
2009) (see Figure 1).

The selection criteria for the studies to be included in this systematic review were 
as follows: (a) quantitative primary studies with effect sizes; (b) articles with at least 
the core theoretical variables of the TAM, that is, PU, PEOU, attitude, and intentions; 
and (c) articles reporting complete zero-order correlations among the independent 
variables and dependent variables. After a series of filtered searches, we obtained 786 
eligible articles (cumulative N = 296,121), 81.93% of which are closely related to 
communication technology (for the explanation of its meaning, see Jackson, 1996).

Unit of analysis. The unit of analysis is the effect size, which is the correlation (Pear-
son’s or other types of correlations that are appropriate for other measurement levels). 
In the following analyses, the original correlation will not be transformed into Fisher’s 
z, a popular procedure termed the Rosenthal (1991b) approach by Johnson et al. 
(1995), to retain the correlation metric and the associated variances and covariances 
among the correlations for use in Stage 2 of the two-stage MASEM (cf. Wilson et al., 
2016).

Classification of constructs. The original TAM consists of five constructs: PEOU, PU, 
attitude toward use, intention to use, and actual use (Chauhan & Jaiswal, 2017). How-
ever, the majority of the primary TAM studies tested the intentions to use a technology 
rather than actual use as the ultimate dependent variable (606 studies vs. 61 studies1). 
Consequently, the following models excluding actual use were tested. Moreover, only 
a few theories are actually more applicable across study characteristics according to 
the literature review above, so we tested six competing models, that is, the original 
TAM and five extension models by combining the original TAM and the TRA (i.e., 
adding SI for predicting use intentions) on account of the theoretical significance, data 
availability, and data quality (the correlation matrix has to satisfy the requirement of 
being positive-definite). In light of this rationale, many constructs from other theories 
are neglected. We then inspected the underlying meanings of the variables in the 
included studies and allocated the variables to the five construct categories, that is, 
intentions, attitudes, PEOU, PU, and SI (or subjective norms), on a “close fit” basis 
(for the descriptions of a theory coding scheme, see Michie & Prestwich, 2010).

Searching for moderators. Differences in study characteristics may introduce variability 
among the true effects. Therefore, once heterogeneity is detected, moderator analysis 
is imperative (Li et al., 2017). Although Venkatesh (2000) maintained that the TAM is 
robust across time, settings, populations, and technologies, many potential moderators 
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that account for variations in effect sizes in the TAM have been examined in previous 
meta-analyses. The most studied moderators are respondent types (or user types) 
(tested in eight previous meta-analyses), study’s country of origin (tested in five previ-
ous meta-analyses), technology types (tested in five previous meta-analyses), and sys-
tem types (or technology characteristics) (tested in four previous meta-analyses2) 
according to our research. Consequently, we choose the four above-mentioned mod-
erators plus one, that is, the year when a technology was invented, as suggested by an 
anonymous reviewer.

Coding. Nine undergraduate students were recruited to independently code the studies 
according to the codebook. We selected 30% of the studies with which to check the 

Figure 1. PRISMA 2009 flow diagram.
Note. PRISMA = Preferred Reporting Items for Systematic Reviews and Meta-Analyses.



Feng et al. 91

intercoder reliabilities of the major variables, such as the effect size, sample size, tech-
nology characteristics (hedonic, both hedonic and utilitarian, and utilitarian), and user 
types (consumer vs. business) between pairs of coders, which were estimated via the 
“irr” package of R 3.4. Four graduate students additionally cross-checked the agree-
ment of the three moderators, that is, study’s country of origin, technology types, and 
the year when a technology was invented. The results of the intercoder reliability esti-
mation using Krippendorff’s α  (for a review of the use of intercoder reliability indi-
ces, see Feng, 2015) ranged between .76 and .98. Partial discrepancies were resolved 
through discussion.

Procedures. There were two steps in the MASEM approach. Heterogeneity was esti-
mated using a homogeneity statistic, Q (Brockwell & Gordon, 2001; Hedges, 1981; 
Higgins & Thompson, 2002; Schmid et al., 1991), in Stage 1 (Cheung, 2015a; Jak, 
2015). In the absence of homogeneity, a random-effects (RE) model, as opposed to a 
fixed-effects (FE) model (which assumes that the true effect is the same for all studies) 
was used to allow the true effect to vary across studies (Brockwell & Gordon, 2001; 
National Research Council, 1992; Schmid et al., 1991). In addition, the original cor-
relations instead of Fisher’s z or other corrected correlations were used in the RE 
modeling. (Although the Fisher z score may be used in pooling correlation matrices, 
using original correlation matrices is a better choice in MASEM according to some 
(Wilson et al., 2016).) Subsequently, the path models based on the pooled correlation 
matrix were estimated using weighted least squares (with 5,000 parametric bootstrap 
replicates) in the metaSEM package (Cheung, 2015b) in Stage 2. In addition, modera-
tor analysis was performed using subgroup analysis (for details, see Jak & Cheung, 
2018b).

Handling missing correlations. There are three major approaches to handling miss-
ing correlations, that is, listwise deletion, pairwise deletion, and imputation (Alli-
son, 2003). (For a review of the pros and cons concerning the three approaches, 
see Peugh & Enders, 2004.) Because listwise deletion curtails the sample size 
from 786 to 83 and pairwise deletion results in nonpositive-definite matrices, 
which cannot be used in MASEM (Cheung, 2015a), we adopted the approach to 
fixing the variances without SEs (NaN) as zeros proposed by Jak and her col-
leagues (Jak, 2015; Jak & Cheung, 2018a; Jak et al., 2013) to handle missing cor-
relations. With this approach, we are able to retain all of the 786 studies for the two 
stages of tests.

Moreover, we also did the subgroup test to compare the differences of the two 
approaches (listwise deletion vs. Jak’s method) and found that there were no significant 
differences in the results between the two approaches, χ

2
 (13, N = 323,598) = 8.011, 

p = .843. Moreover, the model with equality constraints fit the data much better than 
the free model (without equality constraints) (see the table at figshare.com/
s/5ca1a12c56a783376d36). Since there are no significant differences in the results 
from the two approaches, we subsequently report the results based on Jak’s method for 
the sake of better generalizability.
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Results

Estimation of the pooled correlation matrix. In Stage 1, the pooled correlation matrix was 
estimated through the FE model and the RE model. As missing correlations are not 
allowed in the FE model, the listwise deletion was performed for the FE model. Nev-
ertheless, the RE model was estimated, keeping all of the 786 studies following the 
procedure of Jak’s method. The model fit indices indicated that RE models fit the data 
better than FE models. All model fit indices of the FE models did not pass the cutoff 
threshold recommended by Hu and Bentler (1999). In addition, the Q test was signifi-
cant, Q (df = 3,365) = 43,095, p < .001, and the values of I2, which indicate the 
proportion of the between-study variance relative to the total variance for the effect 
size of interest, were above .9. In summary, there was a significant amount of between-
study variance for each effect, so the RE model was more appropriate.

The RE meta-analysis in the first stage of the MASEM found that the magnitudes 
of all correlations among the original TAM and the extended TAMs were at least mod-
erate (greater than .3) according to Cohen (1988, pp. 77–81), who suggested that cor-
relation coefficients of .10 are “small,” those of .30 are “medium,” and those of .50 are 
“large” in terms of the magnitude of the effect sizes (see Table 2 for details). In gen-
eral, attitudes toward use had strong correlations with the immediate predictors in 
TAM.

The file drawer problem, or publication bias, was estimated by calculating the fail-
safe N (M. S. Rosenberg, 2005), which is the number of additional studies required to 
overturn the effect sizes stated. As shown in Table 2, the large digits of fail-safe Ns 
indicate that the magnitudes of these effect sizes are unlikely to be “washed out” by 
the effects of missing studies. That is, there is no concern of publication bias.

Table 2. Pooled Correlations Based on the Random-Effects TAM Extended Model and 
Meta-Meta-Analysis.

Variable ATT INT PEOU PU SI

ATT .584
(.937)

.488
(.92)

.39
(.932)

.409
(.931)

INT .577 
(.037) (397,334)

.573
(.924)

.447
(.931)

.498
(.942)

PEOU .488 
(.029) (171,303)

.452
(.028) (86,746)

.543
(.938)

.321
(.926)

PU .565 
(.031) (429,689)

.546
(.026) (212,934)

.501
(.032) (137,303)

.413
(.909)

SI .388
(.036) (78,864)

.417
(.035) (95,800)

.324
(.033) (35,765)

.42
(.026) (70,745)

 

Note. The values below the diagonal represent random-effects estimates, τ2 and fail-safe N, respectively, 
while the values above the diagonal represent fixed-effects estimates and I2 values. All probability values 
of the zs are less than .001. ATT = attitude; TAM = technology acceptance model; INT = intention; 
PEOU = perceived ease of use; PU = perceived usefulness; SI = social influence.
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The estimation of path analysis. Subsequently, six path analyses were performed in the 
second stage of the MASEM. The model, which extends the original TAM by addi-
tionally including the predictions from SI to PU and intentions, was better than the 
original TAM and five alternative models (for the detailed results of model compari-
sons, see figshare.com/s/5ca1a12c56a783376d36), so the extended TAM was retained 
and subsequently further explained. The fit statistics showed that the extended TAM 
exhibited a very good fit to the meta-analytic data according to the recommendations 
of Hu and Bentler (1999). The path coefficients, the R2 values for the endogenous 
variables, and model fit indices are presented in Table 3, Figure 2, and the online 
Appendices at figshare.com/s/5ca1a12c56a783376d36, respectively.

Corresponding to the research questions, PEOU had a medium effect on PU 
( . , . )β = <407 001p , whereas SI had a nearly medium effect on PU ( . , . )β = <275 001p . 
Both PEOU and PU had medium effects on attitudes toward use ( . , . ;β = <333 001p
β = <. , . )391 001p . Attitudes also had a medium effect on intentions ( . , . )β = <425 001p .

Both PU and SI had weak direct effects on intentions, β = <. , . ;222 001p
β = <. , .219 001p . PEOU had a lower indirect effect (the problems associated with the 
testing procedure of mediation effect proposed by Baron and Kenny (1986) are widely 
discussed in the literature [for an overview, see MacKinnon et al., 2007]), so the pro-
cedures suggested by Preacher and Hayes (2004) were adopted on use intentions 
( . , in [. ,. ])β = =141 124 158confidence terval [CI] . PU also had a lower indirect effect 
on use intentions ( . , [. ,. ])β = =166 147 187CI .

The R2 values of PU, attitudes, and intentions were .323, .395, and .478, respec-
tively, which means that 32.3%, 39.5%, and 47.8% of the variances of the three out-
come variables could be explained by the predictors.

Table 3. Model Estimates of the TAM Extended Model Using Meta-Analysis.

DV IV Effect
Meta-analysis 

estimate
Meta-meta-analysis 

estimate

Attitude PEOU Direct effect .333*** .209***
Attitude PU Direct effect .391*** .411***
PU PEOU Direct effect .407*** .419***
PU SI Direct effect .275*** .290***
Intentions Attitude Direct effect .425*** .383***
Intentions PU Direct effect .222*** .254***
Intentions SI Direct effect .219*** .170***
Intentions PU Indirect effect .166*** .158***
Intentions PEOU Indirect effect .141*** .080***
Attitude R2 .395*** .300***
Intention R2 .478*** .410***
PU R2 .323*** .320***

Note. TAM = technology acceptance model; DV = dependent variable; IV = independent variable; 
PEOU = perceived ease of use; PU = perceived usefulness; SI = social influence.
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Subgroup moderator analysis. After the path model was tested, we further conducted 
subgroup analysis using the study-level moderators, specifically, technology charac-
teristics (hedonic, both hedonic and utilitarian, and utilitarian) and user types (con-
sumers vs. business), study’s country of origin (three categories, that is, Asia, North 
America, and Europe were used in reference to similar previous meta-analyses), tech-
nology types (four categories, that is, communications systems, general-purpose sys-
tems, office systems, which was not tested after the removal of missing values in this 
category, and specialized systems were used in reference to Lee et al., 2003). We also 
tested the moderation effect of the year when a technology was invented. (The variable 
of years was turned into a nominal one with three categories by the median split.3 Any 
value below the median was placed in the category “earlier,” and every value above it 
was labeled “recent.”) The procedures (see Jak & Cheung, 2018b) were the same as 
above, but the pooled effect sizes and path models were re-estimated by the subgroups. 
None of the moderators exerted significant effects on the above-mentioned predictions 
involved. All of the estimation results and model fit indices of the subgroup moderator 
analyses were stored at figshare.com/s/5ca1a12c56a783376d36 to save space.

Study 2: A Model-Based Meta-Meta-Analysis

Method

Selection criteria. We searched for the keywords “technology acceptance model, meta-
analysis,” “technology acceptance, meta-analysis,” “TAM, meta-analysis,” “UTAUT,” 
and “technology acceptance model, meta-analysis” on Google Scholar, which con-
tains both journal citation report (JCR of the Web of Science) and non-JCR journal 
articles. This search yielded 23 meta-analytical studies, 21 of which were rigorous and 
reported quantitative effect sizes and related information. Furthermore, 18 of them 
provided the complete correlation matrices pertaining to the tested models.

Figure 2. Extended technology acceptance model (TAM) model with estimates. 
Note. The boxes in white represent the original TAM. 
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Four postgraduate students supervised by the first author conducted the coding 
work. Forty-seven variables and 1,807 pairs were identified after some necessary 
merging and renaming (e.g., performance expectancy and effort expectancy were 
renamed to PU and PEOU, respectively). To compare the results between the two 
approaches, we kept the same variables and pairs as in Study 1.

Procedures. The same procedures as Study 1 were employed in Study 2.

Results

The pooled correlation matrix was estimated using both FE and RE meta-analyses in 
Stage 1 (see the table at figshare.com/s/5ca1a12c56a783376d36). The results of the 
log-likelihood (LL) ratio test favors the RE model (–2LL = −76.148, likelihooddifference 
= 105.118, dfdifference = 6, p < .001). The RE correlations using the meta-meta-analysis 
approach were very similar to the results of the meta-analysis method. A t test proce-
dure also confirmed the result, t (17.301) = 1.437, p = .169, meanmeta-analysis = .468, 
and meanmeta-meta-analysis = .409.

The same extended TAM model as Study 1 had a satisfactory model fit (root mean 
square error of approximation [RMSEA] = .040, standardized root mean square 
residual [SRMR] = .050, Tucker–Lewis index [TLI] = .969, and comparative fit 
index [CFI] = .994) according to Hu and Bentler (1999) through the path analysis in 
Stage 2. All of the path coefficients were significant (see Table 3). Furthermore, we 
found that the path coefficients of the extended TAM estimated using the meta-
analysis and meta-meta-analysis approaches did not differ significantly, t (11.755) = 
.385, p = .707, meanmeta-analysis = .305, and meanmeta-meta-analysis = .324. Therefore, the 
extended TAM is viable in light of the results of the two approaches.

Discussion

In Study 1, we discovered a strong effect of attitudes toward use on use intentions; this 
finding demonstrates that a positive attitude is a good indication of use intentions. The 
effects of PEOU and PU on use intentions are mediated by attitudes. Consequently, the 
mediation effects of attitudes between the variables PEOU and the PU and use inten-
tions are real and inconsequential (this is in contrast to such models as TAM2, TAM3, 
and UTAUT proposed by Venkatesh, in which attitude is removed). Moreover, the 
indirect effects (as well as the total effects) of the variables PEOU and the PU on use 
intentions are much lower than their direct effects on attitude toward technology use. 
This finding also implies that the PEOU and the PU are more important determinants 
of attitudes toward use vis-à-vis use intentions.

SI, or subjective norms, exerts only a (medium-sized) direct effect on use inten-
tions. As explained in the literature review section, the variables PEOU and the PU 
actually belong to behavioral beliefs. Therefore, all of the above-mentioned findings 
conform to the primary hypotheses of the TRA and TAM. The tested path model 
confirms the predictions of the extended TAM. Moreover, all effects tested through 
subgroup analyses are uniform across study-level moderators.
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In Study 2, the results of pooled correlations and path coefficients estimated using 
the meta-meta-analysis are consistent with those of the meta-analysis. The meta-meta-
analysis technique is nothing but meta-analysis. Nevertheless, with a much smaller 
sample size (including meta-analytical studies), meta-meta-analysis is able to address 
the same research questions as conventional meta-analysis.

Although there have been many meta-analytical studies on the TAM, the present 
one includes a much greater number of primary studies than any other published 
meta-analysis. More importantly, the findings of this article have noteworthy theo-
retical, practical, and methodological implications, which will be elaborated on 
below.

As reviewed above, numerous scholars have proposed extensions to the TAM. 
Most of them add more predictors of either PU or PEOU but remove the mediating 
variable of attitudes. This article removes the variable of actual use (behaviors) from 
the original TAM because this behavior variable is not easily measured in real studies 
and has unsatisfactory connections with predictors (Ajzen, 1991; Fishbein, 2000; 
Fishbein & Cappella, 2006; Webb & Sheeran, 2006). This article, through both meta-
analysis and meta-meta-analysis, extends the original TAM merely by incorporating 
one of the important factors of the TRA, that is, SI (or subjective norms). Such a 
model, which is simpler than the TAM2 and other extensions, satisfies the parsimony 
principle and has better explanatory power than the original TAM. The original TAM 
is too simple to explain a sufficient amount of the variance of use intentions, yet 
many extensions of the TAM are either too complicated or tautological (e.g., perfor-
mance expectancy and PU). If a phenomenon can be explained adequately by means 
of fewer hypotheses, it is superfluous to propose more hypotheses, according to 
Occam’s razor or the parsimony principle (Sober, 1981). Similar arguments were 
raised by Fishbein and Ajzen (2010, p. 282), who suggested that five criteria should 
be met by any proposed addition of new predictors. Furthermore, the extended TAM 
model is supposed to be applicable across user types, technology characteristics, 
study’s country of origin, technology type, and the year of technology invention. To 
demonstrate the uniqueness of this extended TAM, we term our finalized model the 
TAM Plus. Therefore, this article offers significant theoretical contributions to TAM 
research.

The article may also have practical implications. Promoters of technological prod-
ucts or services do not have to be stunned by a large number of predictors. As shown 
and reshown in our studies, a parsimonious model integrating the factors primarily 
from the base TAM and the TRA is sufficient and useful. As stated above, all of the 
effect sizes of attitudes with other variables in the TAM are generally strong. The path 
analysis of the extended TAM also shows that attitudes toward technology use mediate 
the effects of PU and PEOU on use intentions. Therefore, cultivating a positive atti-
tude is crucial to intentions to use. The indirect effects of PU and PEOU on use inten-
tions are not trivial. The two factors are still the core interests offered and promoted to 
users. In addition, importance should be attached to SI. Viral marketing relying on 
social networks or affiliate marketing (see Boughton, 2005) may be an effective mar-
keting strategy to promote technological products or services.
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In addition, as mentioned above, we did not include actual behavior in the model 
for many reasons, one of which is the unsatisfactory connection between predictors 
and actual use. Many scholars (e.g., Ajzen, 1991; Venkatesh, 2000) suggest that inten-
tions (or motivation), nonmotivational factors such as the availability of necessary 
opportunities, resources, and abilities (for a review on Motivation–Opportunity–
Ability [MOA], see MacInnis et al., 1991; MacInnis & Jaworski, 1989) (PBC in TPB), 
environmental factors (see Fishbein, 2000; Fishbein & Cappella, 2006), and even the 
interactions between motivation and ability factors (Ajzen, 1991) determine actual 
behavior. This notion may have practical implications. The formation of use motiva-
tion and positive attitudes might entail consistent advertising and publication relations 
campaigns, while strengthening nonmotivational factors, such as encouraging trial use 
of products and opening experience stores (Jones, 2010), may make people more 
determined to eventually adopt a technology.

Moreover, this article offers significant methodological contributions. It is one of 
the few papers to perform meta-meta-analysis and model-based meta-analysis in the 
social sciences. As explained earlier, model-based meta-analysis is superior to con-
ventional univariate meta-analysis (which focuses on a certain effect size alone) 
because it is able to test mediation, moderation, and other complex relationships 
among variables of interest. Meta-meta-analysis requires fewer studies; thus, it is an 
economical but powerful and promising approach for integrating primary research 
findings.

This article has limitations. Although this article consists of a large number of 
meta-analytical studies and a meta-meta-analysis, many primary studies on the TAM 
and other related theories in relation to technology diffusion were left out if they were 
not published in SSCI or SCI listed journals. As explained above, there have been mil-
lions of studies in this line of research. Consequently, it is necessary to select journal 
articles published in more prestigious journals. Moreover, the estimation results of the 
meta-meta-analysis, which is based on 21 meta-analytical studies that also include 
many non-SSCI or non-SCI listed journal articles, are generally in accordance with 
those of our meta-analytical study.

In addition, we did not correct for effect sizes using either reliability or covariates 
(moderators) before Stage 2. While Hunter and Schmidt (1990) and others advocate 
correcting for unreliability4 (by dividing the uncorrected correlation by the square 
root of the reliabilities of the variables), many researchers (Cheung, 2015a; Michel 
et al., 2011; Rosenthal, 1991a) oppose such a practice in that the correction for unreli-
ability may cause serious consequences, for example, underestimating conditional 
sampling covariance matrix of the estimated corrected correlation (Cheung, 2015a, 
pp. 243–244). However, for nonmodeling or univariate meta-analytical studies, cor-
rections for unreliability, restriction of range, and other such artifacts (see Hunter & 
Schmidt, 1990) are strongly recommended. We also did not correct for the influence 
of the study-level moderators since the metaSEM package of R does not provide this 
ability. Instead, we tested the effects of study-level moderators using subgroup analy-
sis. Nonetheless, with intensive customized programming, future research could use 
the effect size adjusted by study-level moderators.
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Notes

1. The number of studies testing the relationship between intentions and actual use is 69, 
which is much lower than the number of studies examining the relationship between the 
primary TAM predictors (PEOU and PU) and intentions (606). For the ratio accounted for 
by each correlation, see https://figshare.com/s/5ca1a12c56a783376d36.

2. Sixteen different moderators were tested in the previous 12 meta-analyses with a modera-
tor analysis of the TAM.

3. The metaSEM package of R cannot handle continuous moderators for the moment.
4. The average reliabilities of PEOU, PU, SI, attitude, and intentions in the primary studies 

were .887 (N = 713), .909 (N = 741), .880 (N = 307), .876 (N = 292), and .881 (N = 791), 
respectively.

References

Abdullah, F., & Ward, R. (2016). Developing a general extended technology acceptance model 
for e-learning (getamel) by analysing commonly used external factors. Computers in 
Human Behavior, 56, 238–256. https://doi.org/10.1016/j.chb.2015.11.036

Ajzen, I. (1985). From intentions to actions: A theory of planned behavior. In J. Kuhl, & J. 
Beckmann (Eds.), Action control: From cognition to behavior (pp. 11–39). Springer.

Ajzen, I. (1991). The theory of planned behavior. Organizational Behavior and Human Decision 
Processes, 50(2), 179–211. https://doi.org/10.1016/0749-5978(91)90020-T

Ajzen, I., & Fishbein, M. (1980). Understanding attitudes and predicting social behavior. 
Prentice-Hall.

Allison, P. D. (2003). Missing data techniques for structural equation modeling. Journal of 
Abnormal Psychology, 112(4), 545–557. https://doi.org/10.1037/0021-843X.112.4.545

Atkinson, J. W. (1957). Motivational determinants of risk-taking behavior. Psychological 
Review, 64(6 Pt 1), 359–372. https://doi.org/10.1037/h0043445

Bagozzi, R. P. (2007). The legacy of the technology acceptance model and a proposal for a 
paradigm shift. Journal of the Association for Information Systems, 8(4), Article 12. https://
aisel.aisnet.org/jais/vol8/iss4/12

Bandura, A. (1986). Social foundations of thought and action: A social cognitive theory. 
Prentice-Hall.

Baron, R. M., & Kenny, D. A. (1986). The moderator–mediator variable distinction in social 
psychological research: Conceptual, strategic, and statistical considerations. Journal of 

https://orcid.org/0000-0003-0563-9885
https://figshare.com/s/5ca1a12c56a783376d36
https://doi.org/10.1016/j.chb.2015.11.036
https://doi.org/10.1016/0749-5978(91)90020-T
https://doi.org/10.1037/0021-843X.112.4.545
https://doi.org/10.1037/h0043445
https://aisel.aisnet.org/jais/vol8/iss4/12
https://aisel.aisnet.org/jais/vol8/iss4/12


Feng et al. 99

Personality Social Psychology, 51(6), 1173–1182. http://doi.org/10.1037/0022-3514.51 
.6.1173

Becker, B. J. (2009). Model-based meta-analysis. In H. Cooper, L. V. Hedges, & J. C. Valentine 
(Eds.), The handbook of research synthesis and meta-analysis (pp. 377–395). Russell Sage 
Foundation.

Bish, A., Sutton, S., & Golombok, S. (2000). Predicting uptake of a routine cervical smear test: 
A comparison of the health belief model and the theory of planned behaviour. Psychology 
& Health, 15(1), 35–50. https://doi.org/10.1080/08870440008400287

Boughton, S. B. (2005). Search engine marketing. Perspectives in Business, 2(1), 29–33. https://
doi.org/10.1.1.473.4419

Brockwell, S. E., & Gordon, I. R. (2001). A comparison of statistical methods for meta-analysis. 
Statistics in Medicine, 20(6), 825–840. https://doi.org/10.1002/sim.650

Cafri, G., Kromrey, J. D., & Brannick, M. T. (2010). A meta-meta-analysis: Empirical review 
of statistical power, type I error rates, effect sizes, and model selection of meta-analyses 
published in psychology. Multivariate Behavioral Research, 45(2), 239–270. https://doi.
org/10.1080/00273171003680187

Chauhan, S., & Jaiswal, M. (2017). A meta-analysis of e-Health applications acceptance: 
Moderating impact of user types and e-Health application types. Journal of Enterprise 
Information Management, 30(2), 295–319. https://doi.org/10.1108/JEIM-08-2015-0078

Cheung, M. W. L. (2015a). Meta-analysis: A structural equation modeling approach. John 
Wiley.

Cheung, M. W. L. (2015b). Metasem: An R package for meta-analysis using structural equa-
tion modeling. Frontiers in Psychology, 5, Article 1521. https://doi.org/10.3389/fpsyg 
.2014.01521

Cleophas, T. J., & Zwinderman, A. H. (2017). Meta-meta-analysis. In T. J. Cleophas, & 
A. H. Zwinderman (Eds.), Modern meta-analysis: Review and update of methodologies 
(pp. 135–143). Springer.

Cohen, J. (1988). Statistical power analysis for the behavioral sciences (2nd ed.). Lawrence 
Erlbaum.

Cooper, H., & Koenka, A. C. (2012). The overview of reviews: Unique challenges and oppor-
tunities when research syntheses are the principal elements of new integrative scholarship. 
American Psychologist, 67(6), 446–462. https://doi.org/10.1037/a0027119

Davis, F. D. (1986). A technology acceptance model for empirically testing new end-user informa-
tion systems: Theory and results [Doctoral dissertation]. Massachusetts Institute of Technology.

Davis, F. D. (1989). Perceived usefulness, perceived ease of use, and user acceptance of infor-
mation technology. MIS Quarterly, 13(3), 319–340. https://doi.org/10.2307/249008

Davis, F. D., Bagozzi, R. P., & Warshaw, P. R. (1989). User acceptance of computer tech-
nology: A comparison of two theoretical models. Management Science, 35(8), 982–1003. 
https://doi.org/10.1287/mnsc.35.8.982

Edwards, W. (1954). The theory of decision making. Psychological Bulletin, 51(4), 380–417. 
https://doi.org/10.1037/h0053870

Feng, G. C. (2015). Mistakes and how to avoid mistakes in using intercoder reliability indices. 
Methodology, 11(1), 13–22. https://doi.org/10.1027/1614-2241/a000086

Ferguson, C. J. (2009). An effect size primer: A guide for clinicians and researchers. Professional 
Psychology: Research and Practice, 40(5), 532–538. https://doi.org/10.1037/a0015808

Fishbein, M. (1963). An investigation of the relationships between beliefs about an object 
and the attitude toward that object. Human Relations, 16(3), 233–239. https://doi.org/10. 
1177/001872676301600302

http://doi.org/10.1037/0022-3514.51.6.1173
http://doi.org/10.1037/0022-3514.51.6.1173
https://doi.org/10.1080/08870440008400287
https://doi.org/10.1.1.473.4419
https://doi.org/10.1.1.473.4419
https://doi.org/10.1002/sim.650
https://doi.org/10.1080/00273171003680187
https://doi.org/10.1080/00273171003680187
https://doi.org/10.1108/JEIM-08-2015-0078
https://doi.org/10.3389/fpsyg.2014.01521
https://doi.org/10.3389/fpsyg.2014.01521
https://doi.org/10.1037/a0027119
https://doi.org/10.2307/249008
https://doi.org/10.1287/mnsc.35.8.982
https://doi.org/10.1037/h0053870
https://doi.org/10.1027/1614-2241/a000086
https://doi.org/10.1037/a0015808
https://doi.org/10.1177/001872676301600302
https://doi.org/10.1177/001872676301600302


100 Journalism & Mass Communication Quarterly 98(1)

Fishbein, M. (2000). The role of theory in HIV prevention. AIDS Care, 12(3), 273–278. https://
doi.org/10.1080/09540120050042918

Fishbein, M., & Ajzen, I. (1975). Belief, attitude, intention, and behavior: An introduction to 
theory and research. Addison-Wesley.

Fishbein, M., & Ajzen, I. (2010). Predicting and changing behavior: The reasoned action 
approach. Psychology Press.

Fishbein, M., & Ajzen, I. (2011). Predicting and changing behavior: The reasoned action 
approach. Psychology Press.

Fishbein, M., & Cappella, J. N. (2006). The role of theory in developing effective health com-
munications. Journal of Communication, 56, S1–S17. https://doi.org/10.1111/j.1460-
2466.2006.00280.x

Fishbein, M., & Raven, B. H. (1962). The AB scales: An operational definition of belief and 
attitude. Human Relations, 15(1), 35–44. https://doi.org/10.1177/001872676201500104

Gefen, D., Karahanna, E., & Straub, D. W. (2003). Trust and tam in online shopping: An inte-
grated model. MIS Quarterly, 27(1), 51–90. https://doi.org/10.2307/30036519

Glass, G. V., Smith, M. L., & McGaw, B. (1981). Meta-analysis in social research. SAGE.
Hamari, J., & Keronen, L. (2017). Why do people play games? A meta-analysis. International 

Journal of Information Management, 37(3), 125–141. https://doi.org/10.1016/j.ijin-
fomgt.2017.01.006

Hedges, L. V. (1981). Distribution theory for glass’s estimator of effect size and related esti-
mators. Journal of Educational Statistics, 6(2), 107–128. https://doi.org/10.2307/1164588

Higgins, J. P. T., & Thompson, S. G. (2002). Quantifying heterogeneity in a meta-analysis. 
Statistics in Medicine, 21(11), 1539–1558. https://doi.org/10.1002/sim.1186

Hsiao, C. H., & Yang, C. (2011). The intellectual development of the technology acceptance 
model: A co-citation analysis. International Journal of Information Management, 31(2), 
128–136. https://doi.org/10.1016/j.ijinfomgt.2010.07.003

Hu, L. T., & Bentler, P. M. (1999). Cutoff criteria for fit indexes in covariance structure 
analysis: Conventional criteria versus new alternatives. Structural Equation Modeling-A 
Multidisciplinary Journal, 6(1), 1–55. https://doi.org/10.1080/10705519909540118

Hunter, J. E., & Schmidt, F. L. (1990). Methods of meta-analysis: Correcting error and bias in 
research findings. SAGE.

Hunter, J. E., Schmidt, F. L., & Jackson, G. B. (1986). Meta-analysis: Cumulating research 
findings across studies (Vol. 4). SAGE.

Jackson, M. H. (1996). The meaning of “communication technology”: The technology-context 
scheme. Annals of the International Communication Association, 19(1), 229–267. https://
doi.org/10.1080/23808985.1996.11678932

Jak, S. (2015). Meta-analytic structural equation modelling. Springer.
Jak, S., & Cheung, M. W. L. (2018a). Accounting for missing correlation coefficients in fixed-

effects masem. Multivariate Behavioral Research, 53(1), 1–14. https://doi.org/10.1080/00
273171.2017.1375886

Jak, S., & Cheung, M. W. L. (2018b). Testing moderator hypotheses in meta-analytic structural 
equation modeling using subgroup analysis. Behavior Research Methods, 50(4), 1359–1373. 
https://doi.org/10.3758/s13428-018-1046-3

Jak, S., Roorda, D., & Koomen, H. (2013). Meta-analytic structural equation modelling with 
missing correlations. Netherlands Journal of Psychology, 67(4), 132–139. https://hdl.han-
dle.net/11245/1.400174

Johnson, B. T., Mullen, B., & Salas, E. (1995). Comparison of three major meta-analytic 
approaches. Journal of Applied Psychology, 80(1), 94–106. https://doi.org/10.1037/0021-
9010.80.1.94

https://doi.org/10.1080/09540120050042918
https://doi.org/10.1080/09540120050042918
https://doi.org/10.1111/j.1460-2466.2006.00280.x
https://doi.org/10.1111/j.1460-2466.2006.00280.x
https://doi.org/10.1177/001872676201500104
https://doi.org/10.2307/30036519
https://doi.org/10.1016/j.ijinfomgt.2017.01.006
https://doi.org/10.1016/j.ijinfomgt.2017.01.006
https://doi.org/10.2307/1164588
https://doi.org/10.1002/sim.1186
https://doi.org/10.1016/j.ijinfomgt.2010.07.003
https://doi.org/10.1080/10705519909540118
https://doi.org/10.1080/23808985.1996.11678932
https://doi.org/10.1080/23808985.1996.11678932
https://doi.org/10.1080/00273171.2017.1375886
https://doi.org/10.1080/00273171.2017.1375886
https://doi.org/10.3758/s13428-018-1046-3
https://hdl.handle.net/11245/1.400174
https://hdl.handle.net/11245/1.400174
https://doi.org/10.1037/0021-9010.80.1.94
https://doi.org/10.1037/0021-9010.80.1.94


Feng et al. 101

Jones, P. (2010). Retail experience stores: Experiencing the brand at first hand. Marketing 
Intelligence & Planning, 28(3), 241–248. https://doi.org/10.1108/02634501011041408

Kahneman, D., & Tversky, A. (1979). Prospect theory: An analysis of decision under risk. 
Econometrica, 47(2), 263–291. https://doi.org/10.2307/1914185

Karahanna, E., Agarwal, R., & Angst, C. M. (2006). Reconceptualizing compatibility 
beliefs in technology acceptance research. MIS Quarterly, 30(4), 781–804. https://doi.
org/10.2307/25148754

Karahanna, E., & Straub, D. W. (1999). The psychological origins of perceived usefulness and 
ease-of-use. Information & Management, 35(4), 237–250. https://doi.org/10.1016/S0378-
7206(98)00096-2

Kazrin, A., Durac, J., & Agteros, T. (1979). Meta-meta analysis: A new method for evalu-
ating therapy outcome. Behaviour Research and Therapy, 17(4), 397–399. https://doi.
org/10.1016/0005-7967(79)90011-1

Khayyat, N. T., & Heshmati, A. (2013). Determinants of mobile telecommunication adoption in 
Kurdistan. International Journal of Communication, 7, 2285–2311. https://ijoc.org/index.
php/ijoc/article/view/1543

Khechine, H., Lakhal, S., & Ndjambou, P. (2016). A meta-analysis of the UTAUT model: 
Eleven years later. Canadian Journal of Administrative Sciences / Revue Canadienne des 
Sciences de l’Administration, 33(2), 138–152. https://doi.org/10.1002/cjas.1381

Khor, E. T. (2014). An analysis of ODL student perception and adoption behavior using the 
technology acceptance model. International Review of Research in Open and Distance 
Learning, 15(6), 275–288. https://doi.org/10.19173/irrodl.v15i6.1732

King, W. R., & He, J. (2006). A meta-analysis of the technology acceptance model. Information 
& Management, 43(6), 740–755. https://doi.org/10.1016/j.im.2006.05.003

Lee, Y., Kozar, K. A., & Larsen, K. R. T. (2003). The technology acceptance model: Past, pres-
ent, and future. Communications of the Association for Information Systems, 12(1), Article 
50. http://aisel.aisnet.org/cais/vol12/iss1/50

Legris, P., Ingham, J., & Collerette, P. (2003). Why do people use information technology? A 
critical review of the technology acceptance model. Information & Management, 40(3), 
191–204. https://doi.org/10.1016/S0378-7206(01)00143-4

Li, X., Dusseldorp, E., & Meulman, J. J. (2017). Meta-cart: A tool to identify interactions 
between moderators in meta-analysis. British Journal of Mathematical and Statistical 
Psychology, 70(1), 118–136. https://doi.org/10.1111/bmsp.12088

Lin, C. A. (2009). Exploring the online radio adoption decision-making process: Cognition, 
attitude, and technology fluidity. Journalism & Mass Communication Quarterly, 86(4), 
884–899. https://doi.org/10.1177/107769900908600410

Lin, C.-P., & Anol, B. (2008). Learning online social support: An investigation of network 
information technology based on UTAUT. Cyberpsychology & Behavior, 11(3), 268–272. 
https://doi.org/10.1089/cpb.2007.0057

Ma, Q., & Liu, L. (2004). The technology acceptance model: A meta-analysis of empirical find-
ings. Journal of Organizational and End User Computing (JOEUC), 16(1), 59–72. https://
doi.org/10.4018/joeuc.2004010104

MacInnis, D. J., & Jaworski, B. J. (1989). Information processing from advertisements: Toward 
an integrative framework. Journal of Marketing, 53(4), 1–23. https://doi.org/10.1177 
/002224298905300401

MacInnis, D. J., Moorman, C., & Jaworski, B. J. (1991). Enhancing and measuring consum-
ers’ motivation, opportunity, and ability to process brand information from ads. Journal of 
Marketing, 55(4), 32–53. https://doi.org/10.1177/002224299105500403

https://doi.org/10.1108/02634501011041408
https://doi.org/10.2307/1914185
https://doi.org/10.2307/25148754
https://doi.org/10.2307/25148754
https://doi.org/10.1016/S0378-7206(98)00096-2
https://doi.org/10.1016/S0378-7206(98)00096-2
https://doi.org/10.1016/0005-7967(79)90011-1
https://doi.org/10.1016/0005-7967(79)90011-1
https://ijoc.org/index.php/ijoc/article/view/1543
https://ijoc.org/index.php/ijoc/article/view/1543
https://doi.org/10.1002/cjas.1381
https://doi.org/10.19173/irrodl.v15i6.1732
https://doi.org/10.1016/j.im.2006.05.003
http://aisel.aisnet.org/cais/vol12/iss1/50
https://doi.org/10.1016/S0378-7206(01)00143-4
https://doi.org/10.1111/bmsp.12088
https://doi.org/10.1177/107769900908600410
https://doi.org/10.1089/cpb.2007.0057
https://doi.org/10.4018/joeuc.2004010104
https://doi.org/10.4018/joeuc.2004010104
https://doi.org/10.1177/002224298905300401
https://doi.org/10.1177/002224298905300401
https://doi.org/10.1177/002224299105500403


102 Journalism & Mass Communication Quarterly 98(1)

MacKinnon, D. P., Fairchild, A. J., & Fritz, M. S. (2007). Mediation analysis. Annual Review of 
Psychology, 58, 593–614. https://doi.org/10.1146/annurev.psych.58.110405.085542

Michel, J. S., Viswesvaran, C., & Thomas, J. (2011). Conclusions from meta-analytic structural 
equation models generally do not change due to corrections for study artifacts. Research 
Synthesis Methods, 2(3), 174–187. https://doi.org/10.1002/jrsm.47

Michie, S., & Prestwich, A. (2010). Are interventions theory-based? Development of a theory 
coding scheme. Health Psychology, 29(1), 1–8. https://doi.org/10.1037/a0016939

Moher, D., Liberati, A., Tetzlaff, J., & Altman, D. G. (2009). Preferred reporting items for sys-
tematic reviews and meta-analyses: The PRISMA statement. Annals of Internal Medicine, 
151(4), 264–269. https://doi.org/10.1136/bmj.b2535

Moore, G. C., & Benbasat, I. (1991). Development of an instrument to measure the perceptions 
of adopting an information technology innovation. Information Systems Research, 2(3), 
192–222. https://doi.org/10.1287/isre.2.3.192

Morgenstern, O., & Von Neumann, J. (1953). Theory of games and economic behavior. 
Princeton University Press.

Mortenson, M. J., & Vidgen, R. (2016). A computational literature review of the technol-
ogy acceptance model. International Journal of Information Management, 36(6 Part B), 
1248–1259. https://doi.org/10.1016/j.ijinfomgt.2016.07.007

National Research Council. (1992). Combining information: Statistical issues and opportunities 
for research (Vol. 1). National Academies.

Park, E., & Kim, K. J. (2014). An integrated adoption model of mobile cloud services: 
Exploration of key determinants and extension of technology acceptance model. Telematics 
and Informatics, 31(3), 376–385. https://doi.org/10.1016/j.tele.2013.11.008

Peugh, J. L., & Enders, C. K. (2004). Missing data in educational research: A review of report-
ing practices and suggestions for improvement. Review of Educational Research, 74(4), 
525–556. https://doi.org/10.3102/00346543074004525

Preacher, K. J., & Hayes, A. F. (2004). SPSS and SAS procedures for estimating indirect effects 
in simple mediation models. Behavior Research Methods, 36(4), 717–731. https://doi.
org/10.3758/bf03206553

Rana, N. P., Dwivedi, Y. K., & Williams, M. D. (2015). A meta-analysis of existing research on 
citizen adoption of e-government. Information Systems Frontiers, 17(3), 547–563. https://
doi.org/10.1007/s10796-013-9431-z

Rogers, E. M. (1983). Diffusion on innovations. Free Press.
Rosenberg, M. J. (1956). Cognitive structure and attitudinal affect. The Journal of Abnormal 

and Social Psychology, 53(3), 367–372. https://doi.org/10.1037/h0044579
Rosenberg, M. S. (2005). The file-drawer problem revisited: A general weighted method for 

calculating fail-safe numbers in meta-analysis. Evolution, 59(2), 464–468. http://www.
jstor.org/stable/3448935

Rosenthal, R. (1991a). Meta-analysis: A review. Psychosomatic Medicine, 53(3), 247–271. 
https://doi.org/10.1097/00006842-199105000-00001

Rosenthal, R. (1991b). Meta-analytic procedures for social research (Vol. 6). SAGE.
Schepers, J., & Wetzels, M. (2007). A meta-analysis of the technology acceptance model: 

Investigating subjective norm and moderation effects. Information & Management, 44(1), 
90–103. https://doi.org/10.1016/j.im.2006.10.007

Schmid, E. J., Koch, G. G., & Lavange, L. M. (1991). An overview of statistical issues and 
methods of meta-analysis. Journal of Biopharmaceutical Statistics, 1(1), 103–120. https://
doi.org/10.1080/10543409108835008

https://doi.org/10.1146/annurev.psych.58.110405.085542
https://doi.org/10.1002/jrsm.47
https://doi.org/10.1037/a0016939
https://doi.org/10.1136/bmj.b2535
https://doi.org/10.1287/isre.2.3.192
https://doi.org/10.1016/j.ijinfomgt.2016.07.007
https://doi.org/10.1016/j.tele.2013.11.008
https://doi.org/10.3102/00346543074004525
https://doi.org/10.3758/bf03206553
https://doi.org/10.3758/bf03206553
https://doi.org/10.1007/s10796-013-9431-z
https://doi.org/10.1007/s10796-013-9431-z
https://doi.org/10.1037/h0044579
http://www.jstor.org/stable/3448935
http://www.jstor.org/stable/3448935
https://doi.org/10.1097/00006842-199105000-00001
https://doi.org/10.1016/j.im.2006.10.007
https://doi.org/10.1080/10543409108835008
https://doi.org/10.1080/10543409108835008


Feng et al. 103

Sober, E. (1981). The principle of parsimony. The British Journal for the Philosophy of Science, 
32(2), 145–156. https://doi.org/10.1093/bjps/32.2.145

Šumak, B., Heričko, M., Budimac, Z., & Pušnik, M. (2017). Investigation of moderator factors 
in e-business adoption: A quantitative meta-analysis of moderating effects on the drivers of 
intention and behavior. Computer Science and Information Systems, 14(1), 75–102. https://
doi.org/10.2298/Csis160902033s

Sykes, T. A., Venkatesh, V., & Gosain, S. (2009). Model of acceptance with peer support: A 
social network perspective to understand employees’ system use. MIS Quarterly, 33(2), 
371–393. https://doi.org/10.2307/20650296

Taiwo, A. A., & Downe, A. G. (2013). The theory of user acceptance and use of technol-
ogy (UTAUT): A meta-analytic review of empirical findings. Journal of Theoretical 
& Applied Information Technology, 49(1), 48–58. http://www.jatit.org/volumes/
Vol49No1/7Vol49No1.pdf

Taylor, S., & Todd, P. (1995a). Assessing it usage: The role of prior experience. MIS Quarterly, 
19(4), 561–570. https://doi.org/10.2307/249633

Taylor, S., & Todd, P. (1995b). Decomposition and crossover effects in the theory of planned 
behavior: A study of consumer adoption intentions. International Journal of Research in 
Marketing, 12(2), 137–155. https://doi.org/10.1016/0167-8116(94)00019-K

Turner, M., Kitchenham, B., Brereton, P., Charters, S., & Budgen, D. (2010). Does the technol-
ogy acceptance model predict actual use? A systematic literature review. Information and 
Software Technology, 52(5), 463–479. https://doi.org/10.1016/j.infsof.2009.11.005

Van Raaij, E. M., & Schepers, J. J. (2008). The acceptance and use of a virtual learning envi-
ronment in china. Computers & Education, 50(3), 838–852. https://doi.org/10.1016/j.
compedu.2006.09.001

Venkatesh, V. (2000). Determinants of perceived ease of use: Integrating control, intrinsic moti-
vation, and emotion into the technology acceptance model. Information Systems Research, 
11(4), 342–365. https://doi.org/10.1287/isre.11.4.342.11872

Venkatesh, V., & Bala, H. (2008). Technology acceptance model 3 and a research agenda 
on interventions. Decision Sciences, 39(2), 273–315. https://doi.org/10.1111/j.1540-
5915.2008.00192.x

Venkatesh, V., & Davis, F. D. (2000). A theoretical extension of the technology acceptance 
model: Four longitudinal field studies. Management Science, 46(2), 186–204. https://doi.
org/10.1287/mnsc.46.2.186.11926

Venkatesh, V., Morris, M. G., Davis, G. B., & Davis, F. D. (2003). User acceptance of infor-
mation technology: Toward a unified view. MIS Quarterly, 27(3), 425–478. https://doi.
org/10.2307/30036540

Venkatesh, V., Thong, J. Y., & Xu, X. (2012). Consumer acceptance and use of informa-
tion technology: Extending the unified theory of acceptance and use of technology. MIS 
Quarterly, 36(1), 157–178. https://doi.org/10.2307/41410412

Wang, H.-Y., & Wang, S.-H. (2010). User acceptance of mobile internet based on the unified 
theory of acceptance and use of technology: Investigating the determinants and gender 
differences. Social Behavior and Personality, 38(3), 415–426. https://doi.org/10.2224/
sbp.2010.38.3.415

Webb, T. L., & Sheeran, P. (2006). Does changing behavioral intentions engender behavior 
change? A meta-analysis of the experimental evidence. Psychological Bulletin, 132(2), 
249–268. https://doi.org/10.1037/0033-2909.132.2.249

https://doi.org/10.1093/bjps/32.2.145
https://doi.org/10.2298/Csis160902033s
https://doi.org/10.2298/Csis160902033s
https://doi.org/10.2307/20650296
http://www.jatit.org/volumes/Vol49No1/7Vol49No1.pdf
http://www.jatit.org/volumes/Vol49No1/7Vol49No1.pdf
https://doi.org/10.2307/249633
https://doi.org/10.1016/0167-8116(94)00019-K
https://doi.org/10.1016/j.infsof.2009.11.005
https://doi.org/10.1016/j.compedu.2006.09.001
https://doi.org/10.1016/j.compedu.2006.09.001
https://doi.org/10.1287/isre.11.4.342.11872
https://doi.org/10.1111/j.1540-5915.2008.00192.x
https://doi.org/10.1111/j.1540-5915.2008.00192.x
https://doi.org/10.1287/mnsc.46.2.186.11926
https://doi.org/10.1287/mnsc.46.2.186.11926
https://doi.org/10.2307/30036540
https://doi.org/10.2307/30036540
https://doi.org/10.2307/41410412
https://doi.org/10.2224/sbp.2010.38.3.415
https://doi.org/10.2224/sbp.2010.38.3.415
https://doi.org/10.1037/0033-2909.132.2.249


104 Journalism & Mass Communication Quarterly 98(1)

Williams, M. D., Rana, N. P., & Dwivedi, Y. K. (2015). The unified theory of acceptance 
and use of technology (UTAUT): A literature review. Journal of Enterprise Information 
Management, 28(3), 443–488. https://doi.org/10.1108/JEIM-09-2014-0088

Wilson, S. J., Polanin, J. R., & Lipsey, M. W. (2016). Fitting meta-analytic structural equation 
models with complex datasets. Research Synthesis Methods, 7(2), 121–139. https://doi.
org/10.1002/jrsm.1199

Wu, J.-H., Chen, Y.-C., & Lin, L.-M. (2007). Empirical evaluation of the revised end user 
computing acceptance model. Computers in Human Behavior, 23(1), 162–174. https://doi.
org/10.1016/j.chb.2004.04.003

Yen, D. C., Wu, C.-S., Cheng, F.-F., & Huang, Y.-W. (2010). Determinants of users’ intention 
to adopt wireless technology: An empirical study by integrating TTF with TAM. Computers 
in Human Behavior, 26(5), 906–915. https://doi.org/10.1016/j.chb.2010.02.005

Yoon, G., Duff, B. R. L., & Ryu, S. (2013). Gamers just want to have fun? Toward an under-
standing of the online game acceptance. Journal of Applied Social Psychology, 43(9), 
1814–1826. https://doi.org/10.1111/jasp.12133

Author Biographies

Guangchao Charles Feng (PhD, Hong Kong Baptist University) is a distinguished university 
professor at the College of Communication, Shenzhen University, China. His main research 
areas are new media studies.

Xianglin Su, Zhiliang Lin, Yiru He, Nan Luo, and Yuting Zhang, who were responsible for 
literature searching and screening, coding data, and other logistic work in the two studies of the 
paper. They are/were the graduate students supervised by the first author.

https://doi.org/10.1108/JEIM-09-2014-0088
https://doi.org/10.1002/jrsm.1199
https://doi.org/10.1002/jrsm.1199
https://doi.org/10.1016/j.chb.2004.04.003
https://doi.org/10.1016/j.chb.2004.04.003
https://doi.org/10.1016/j.chb.2010.02.005
https://doi.org/10.1111/jasp.12133

