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Abstract: In recent years, some studies have explored the determinants of Building Information Mod-
eling (BIM) adoption. However, the findings of these studies are varied and sometimes contradicting.
Consequently, this study undertakes an in-depth exploration of the relationship between influencing
factors and behavioral intention. This analysis is achieved through a synthesis of findings from
prior empirical studies, considering the nuanced impacts of specific contextual factors, including
sample size, national culture, and economic level, on these relationships. In total, this meta-analysis
encompasses 57 articles, and as of 31 December 2023, incorporates 63 datasets comprising a collective
sample size of 13,301. An extended Unified Theory of Acceptance and Use of Technology (UTAUT)
model was developed based on the most frequently studied constructs relevant to BIM adoption.
The analysis reveals that BIM adoption is primarily affected by performance expectancy, social influ-
ence, facilitating conditions, effort expectancy, and perceived value. The moderator analysis indicates
that sample size statistically significantly moderates the relationships between facilitating condi-
tions and use behavior. Moreover, the extent of individualism in each national culture significantly
moderates the associations between facilitating conditions and user behavior. The research serves
to enrich the existing body of literature on BIM acceptance by addressing contradictory and mixed
results found in empirical studies. It represents one of the first attempts to explore the influence of
sample size, economic level, and Hofstede’s six cultural dimensions as moderators in the field of BIM
utilizing meta-analytic techniques.

Keywords: antecedents; meta-analysis; behavioral intention; technology adoption; building information
modeling; moderator analysis; national culture; construction industry

1. Introduction

The construction industry has been widely acknowledged as a key driver of economic
growth in numerous countries. However, the industry’s traditional reliance on manual
processes and labor-intensive activities has resulted in inefficiencies and errors, often
caused by fatigue and human factors [1,2]. The advent of advanced information technology
solutions, most notably Building Information Modeling (BIM), has significantly altered
the execution of construction projects in recent years [3,4]. BIM pertains to a computerized
replica of a building’s physical and functional attributes, which allows stakeholders to plan,
design, construct, and operate buildings throughout their entire lifecycle [4]. Implementing
BIM has been shown to offer numerous benefits, including enhanced collaboration, greater
productivity, improved visualization, and informed decision-making [5].
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Moreover, BIM adoption can enable efficient building construction processes with
reduced resource consumption and risks compared to traditional paper-based methods [6].
As such, BIM presents a promising opportunity for companies to achieve positive returns
on their investment by reducing project costs. Adopting and integrating BIM into construc-
tion workflows can thus lead to improved construction project outcomes and sustained
economic growth [7,8].

While BIM offers many advantages, realizing these benefits hinges upon its widespread
adoption within the construction ecosystem [9]. In practical terms, large-scale, highly qual-
ified firms may incorporate BIM into specific aspects of their project delivery processes,
while others predominantly remain at preliminary stages with limited BIM adoption [10].
As posited by Xue et al. [10], the diffusion of BIM necessitates a comprehensive examina-
tion from both organizational and user standpoints. The decision regarding BIM adoption
within an organization or project rests with managerial personnel. Subsequent to such deci-
sions, which may be motivated by internal efficiency imperatives or external isomorphic
pressures, it falls upon individual project participants—the ultimate technology users—to
effectively integrate BIM into their design and construction processes, thereby enhancing
project performance [11]. Notably, user resistance and behavior represent significant factors
in implementing BIM, mirroring the challenges encountered in assimilating complex emerg-
ing technologies in other sectors. The introduction of BIM into construction projects entails
intricate organizational adjustments and the redistribution of individual responsibilities,
often accompanied by pronounced individual resistance. Moreover, user behavior, as
a multifaceted phenomenon, not only diverges from adoption decisions primarily formu-
lated by organizational management but also conceptually differs from non-acceptance,
underpinned by distinctive decision-making mechanisms [12]. From the vantage point of
technology diffusion, the acceptance of BIM is substantially influenced by practitioners’
perceptions. Acceptance, being a psychologically rooted individual act, is intrinsically
derived from personal perceptions [13].

In extant scholarly discourse, a range of challenges pertaining to the adoption of
BIM has received attention. However, a notable research gap persists in the examination
of factors influencing the behavioral intentions of practitioners toward BIM adoption,
offering the potential for valuable insights [10,11,14]. Presently, numerous studies have
explored the drivers, impediments, and influencers shaping the acceptance of BIM among
professionals in the construction domain. Scholars have leveraged diverse models and
theories, encompassing Task-Technology Fit (TTF), the Technology Acceptance Model
(TAM), the Theory of Planned Behavior (TPB), the Technology-Organization-Environment
(TOE) framework, and Unified Theory of Acceptance and Use of Technology (UTAUT),
to analyze and predict practitioners’ attitudes toward BIM adoption. Cumulatively, these
investigations have substantially enriched both the theoretical underpinnings and practical
dimensions of our comprehension of BIM acceptance dynamics while also producing some
inconsistent findings. Furthermore, most of the previous studies have concentrated on
studying the influence of specific factors on BIM adoption. Those factors usually vary from
one research to the other depending on the context and participants.

Given the diverse outcomes in existing literature, conclusive explanations regarding
BIM adoption and its outcomes remain elusive. We assert that this constitutes a critical
knowledge gap, warranting an integrative review of various aspects of BIM adoption
among construction professionals through meta-analysis. Consequently, there is a need
for a systematic review of pertinent factors to develop a general model for BIM adoption
and quantitatively integrate findings from prior research. Meta-analytic models are typ-
ically formulated based on theory, specific research objectives, or a combination of both,
encompassing theory-driven main effects and goal-oriented integration of moderators [15].
In light of this context, the primary objective of this research is to employ a meta-analysis
approach to comprehensively examine findings from previous BIM adoption studies. Such
an analysis facilitates the clarification of theoretical model controversies, identification of
potential moderating factors, consolidation of prior research outcomes, and elucidation
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of factors influencing BIM adoption [15]. Subsequently, the authors posit that research
inconsistencies may arise from moderating factors such as sample size, economic level, and
national culture. A meta-analysis aids in pinpointing these moderators within variables,
thereby explaining disparities observed in prior studies. These insights can contribute to
refining theories such as the TAM or UTAUT by incorporating potential moderators. Thus,
the secondary objective of this meta-analytical study is to unveil the moderators responsi-
ble for empirical result heterogeneity, providing valuable insights to scholars and global
BIM practitioners. From a theoretical perspective, this study enriches the BIM adoption
literature by identifying and analyzing the important conceptual drivers of BIM acceptance
(main effects) and their contingencies (moderation effects).

To achieve the objectives stated above, the authors specifically aim to answer the following
three research questions (RQs):

RQ1. Can prevailing theories offer a nuanced understanding of the intentions guiding
construction practitioners in their adoption of BIM?

RQ2. What factors significantly influence BIM acceptance, contributing to a deeper
understanding of its importance in construction practice?

RQ3. How do sample size, economic status, and national culture moderate the an-
tecedents of behavior in BIM adoption, enhancing the comprehension of this phenomenon?

To the best of the authors’ knowledge, this study presents the first meta-analysis on
BIM acceptance, yielding diverse outcomes. By addressing these questions, the results
of this study have the potential to offer a clearer and more cohesive understanding of
the subject matter. This research aims to advance the literature by constructing a meta-
analytic model comprising five factors associated with intention. Drawing on data from
218 effect sizes collected from 57 empirical studies conducted in 14 countries, the analysis
clarifies the most influential factors influencing practitioners’ behavioral intention to adopt
BIM. Additionally, this study contributes theoretically through a moderator analysis, pro-
viding practitioners with a comprehensive view of underlying theories such as UTAUT and
Hofstede’s cultural framework. The selection of these theories and models is motivated
by their prominence in assessing individuals’ behavioral intentions and their frequent use
across the BIM adoption literature. Furthermore, guided by Hofstede’s cultural framework,
this meta-analysis represents one of the first studies aiming to elucidate the moderating
roles of the six dimensions of national culture in the BIM domain.

Section 2 reviews the literature on BIM adoption, technology acceptance theories, and
meta-analysis. The research hypotheses are developed in Section 3. In Section 4, the authors
detail the research methods. In Sections 5 and 6, the findings of this study are outlined and
discussed. The last section presents the conclusions.

2. Literature Review
2.1. Research Gap in BIM Adoption Literature

Over the last few years, there has been a significant increase in the number of empirical
studies that have delved into identifying factors that can predict the adoption of BIM. These
investigations have yielded significant support for theories related to technology adoption,
as well as psychological and behavioral factors influencing BIM adoption, as evidenced by
studies such as those conducted by Hong et al. [16], Murguia et al. [17], and Zhao et al. [18].
Despite these advancements in the literature, four key limitations remain that require
further scholarly attention.

Firstly, the literature on BIM adoption has produced inconsistent findings regarding
several vital relationships that influence BIM adoption intentions. For example, while
some studies [10,19,20] have found performance expectancy to be a significant predictor of
adoption intention, others [18,21] have reported it as non-significant. Similarly, Murguia
et al. [22] have identified effort expectancy as a significant predictor of BIM adoption
intention, while Xue et al. [10] have reported a non-significant relationship. These divergent
findings in the literature impede scholars’ ability to draw general conclusions regarding
the impact of these antecedents on BIM adoption intention. Consequently, it is necessary to
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conduct additional research to explicate these associations and gain a more comprehensive
understanding of the factors influencing BIM adoption.

Secondly, the relationships investigated for BIM adoption exhibit considerable vari-
ation, with significant differences in the reported effect sizes of these relationships. For
instance, the effect size of the relationship between performance expectancy and behavioral
intention has been reported to vary from −0.049 to 0.843, despite the significant nature of
this relationship [18,23]. Similarly, the relationship between social influence and behavioral
intention has been found to vary from 0.018 to 0.807 [24,25]. These wide-ranging variations
raise questions about the explanatory power of these relationships. Accordingly, the present
study addresses the conflicting results in the existing literature through a meta-analysis, to
establish generalizability among the antecedents of intention to adopt BIM.

Thirdly, prior studies have utilized technology acceptance theories (e.g., TAM, TPB,
TOE, and UTAUT) to explore the factors affecting BIM acceptance. However, the effec-
tiveness of these theories in explaining the variance in adoption behavior has varied
considerably. For instance, Nguyen et al. [20] applied an integrated TPB–TAM model that
explained 72% of the variance in behavioral intention to use BIM, while Addy et al. [21]
utilized the UTAUT model that accounted for 75% of the total variance. In contrast, Acquah
et al. [26] employed the TAM model that explained only 35% of the variance. It is worth
noting that previous research has indicated that UTAUT offers a superior explanation of
the variance in behavioral intention to adopt technology [27]. Accordingly, the authors
systematically review the BIM acceptance literature to investigate which theories can be
used to better explain construction practitioners’ intention to adopt BIM.

Finally, the literature has overlooked the impact of contextual factors on BIM adoption. Pre-
vious studies have primarily omitted moderators from their research models (e.g., [16,23,28,29]),
failing to consider the role of national BIM policies and the effect of economy and culture on BIM
acceptance. As many countries are implementing or developing such policies to foster BIM adop-
tion, the dearth of studies and methodologies assessing and comparing existing BIM adoption
literature in terms of these contextual factors is problematic. Therefore, the authors conducted
a meta-analysis to systematically investigate the impacts of contextual factors (i.e., sample size,
national culture, and economic level) on practitioners’ intention to adopt BIM.

2.2. Technology Acceptance Models/Theories

In a social system, innovation adoption or rejection decisions can be categorized into
three primary types [30]—(i) optional decisions, where individuals independently choose
to adopt or reject an innovation; (ii) collective decisions, where consensus among system
members guides adoption or rejection; and (iii) authority decisions, where a select group
of influential or technically competent individuals make the choices. The adoption of
BIM in construction projects typically aligns with authority decisions, originating from
project management or design or construction team leaders. In such adoption processes,
individual project members may respond differently to the implemented innovations, often
manifesting resistance in various dimensions, including behavior, cognition, and emotion.
Among these dimensions, behavioral resistance, as the primary one [11], is defined in the
innovation management and information system (IS) literature as behaviors that oppose
changes associated with the introduction of innovative technologies like BIM.

In the realm of IS literature, various research streams have sought to investigate
the factors influencing individuals’ adoption of new technology. While BIM adoption
research is still in its infancy, scholars have employed multiple theoretical approaches to
study its adoption [6,14,18,31]. Notwithstanding, most of these methodologies are concep-
tually associated, with the bulk of them originating in Fishbein’s [32] Theory of Reasoned
Action (TRA). The TRA, initially proposed by Fishbein [32] and subsequently enhanced by
Fishbein and Ajzen [33], is a research technique utilized to ascertain behavioral intention
by estimating two factors—attitude toward the behavior and subjective norms. It has been
extensively utilized to evaluate the behavioral intention of individuals toward adopting
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novel technology and can be recognized as the fundamental concept for succeeding models
developed to comprehend behavioral intentions and the ensuing behaviors [27].

The TPB, developed by Ajzen [34], is a theoretical extension of the TRA. TPB integrates
an additional predictor variable into the TRA framework, named perceived behavioral
control. The perception of behavioral control refers to “an individual’s apprehension of
their ability to perform a behavior or utilize a specific product or amenity” [34]. Essentially,
individuals are more likely to exert greater control over a particular behavior if they per-
ceive an abundance of resources and opportunities to carry it out. Aligned with the TRA
and TPB, Davis’s [35] TAM is another extensively utilized theoretical framework for inves-
tigating technologies or products’ adoption beliefs. The TAM explores perceived ease of
use and perceived usefulness as two fundamental determinants of behavioral intention.
Additionally, several other models build upon the fundamental structure of the TRA, such
as the Decomposed Theory of Planned Behavior (DTPB), a combination of the TAM and
TPB (c-TAM-TPB); the Motivational Model (MM); Social Cognitive Theory (SCT); the Model
of PC Utilization (MCPU); and Innovation Diffusion Theory (IDT), among others [36].

UTAUT, an important theoretical model in the IS acceptance field, exemplifies
the incremental building process. Venkatesh and colleagues [27] reviewed the literature
and compared eight existing theoretical models, including the TRA, TAM, TPB, C-TAM-
TPB, MM, SCT, MPCU, and IDT, leading to the development of UTAUT. The UTAUT
model focuses on the dependent variables of an IS’s behavioral intention and use behavior,
positing four independent predictors—performance expectancy, effort expectancy, social
influence, and facilitating conditions—that influence behavioral intention to use a given
technology. Venkatesh et al. [37] have demonstrated that UTAUT outperforms the individ-
ual models that it encompasses, using data collected in multiple workplace settings and
across several periods on the adoption of various technologies.

In the BIM acceptance literature, numerous scholars have frequently utilized estab-
lished models such as the TAM, the TOE framework, and UTAUT to investigate fac-
tors influencing BIM adoption decisions [10,18]. For example, Lai and Lee [38] adapted
the TAM to develop a conceptual model, assessing the factors affecting BIM usage among
63 construction practitioners in Malaysia. Similarly, Semaan et al. [6] employed the orig-
inal TAM as a foundation to examine the impact of constructs on the willingness of
73 construction practitioners in the UK to adopt BIM. TOE principles were applied by
Ahuja et al. [39] in their study of BIM utilization decisions among 184 construction prac-
titioners in India. Additionally, UTAUT was employed by Addy et al. [21] to investigate
the influence of performance expectancy, effort expectancy, social influence, and facilitating
conditions on users’ intention to adopt BIM in Ghana. Le et al. [40] adopted UTAUT and em-
pirically assessed the four UTAUT constructs in relation to the inclination of 453 Chinese
construction practitioners toward BIM adoption. Finally, Dowelani and Ozumba [25]
utilized the UTAUT model to validate the primary antecedents of BIM use behavior in
South Africa.

Collectively, these studies have provided valuable insights into the factors influencing
BIM adoption behavior. Nonetheless, there exists a divergence in their findings, particularly
concerning constructs like behavioral intention and use. In an effort to address these dis-
parities and enhance comprehension within the field of BIM adoption, this study employs
a meta-analysis approach to consolidate and clarify the empirical outcomes of BIM research.
Additionally, the authors aim to discern the influence of moderating variables on each of
these constructs.

2.3. Meta-Analysis in Technology Adoption

To address the research questions of this study, a quantitative approach called meta-
analysis was followed in surveying the literature. This approach was inspired by Chong
et al. [41], who tried to analyze the factors of the TAM and UTAUT to build a general model
for healthcare information technologies. As a tool for understanding existing research
literature, meta-analysis enables results from multiple studies [42–44] to be accumulated
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for estimates of the true effect sizes of relationships. Previous research has demonstrated
the utility of meta-analysis as a valuable tool for hypothesis testing synthesis within
the technology acceptance literature [45–47]. It effectively addresses common issues such
as sampling and measurement errors encountered in research studies [43] and allows
for the integration of non-significant or inconsistent findings [48]. Essentially, it offers
a more robust method for assessing hypotheses of BIM acceptance through systematic
comparisons of a comprehensive body of empirical generalizations involving larger, more
diverse samples across various national cultures.

The rationale behind implementing this statistical approach in the context of BIM
acceptance is multifaceted. Firstly, it addresses inconsistencies by integrating and syn-
thesizing mixed findings in terms of strength and direction. Additionally, it facilitates
the examination of the significance level of relationships, enabling hypothesis testing and
generalization of results [25]. Secondly, prior research exhibits that this comprehensive
approach is exceptionally beneficial in hypothesis testing and moderator analysis [15]. It is
an opportunity to conduct moderator analysis by using meta-analysis since it is difficult
to investigate the moderating effects on direct paths by surveying data (e.g., the moder-
ating role of economic level and national culture). Thirdly, there is no attempt to conduct
a meta-analysis to investigate the factors associated with BIM acceptance. Lastly, it forti-
fies and substantiates present outcomes while shedding light on empirical substantiation
deficiencies, suggesting encouraging avenues for subsequent research investigations.

As the significance of meta-analysis has been increasingly recognized, scholars have
been using it for various types of analyses in various fields. For instance, Dwivedi et al. [49]
conducted a critical review of the original UTAUT model and introduced an alternative
theoretical model that highlights the importance of explicitly theorizing individual char-
acteristics through meta-analysis. Tao et al. [47] employed meta-analysis to synthesize
existing studies on user acceptance of consumer-oriented health information technolo-
gies. Similarly, Fan et al. [50] developed a meta-analytical framework to identify the core
attributes and the general theoretical operating mechanism of AR/VR technologies in
enhancing the tourism experience.

Drawing upon prior meta-analysis studies [15,46,47,51], the authors devised an eight-stage
methodology, as depicted in Figure 1. These steps include (1) refining research ques-
tions, (2) identifying relevant studies from academic databases, (3) coding the selected
studies, (4) constructing a conceptual model based on the most frequently tested factors,
(5) formulating hypotheses, (6) executing the meta-analysis, (7) reporting and interpreting
the results of the meta-analysis and moderator analysis, and (8) signifying the research
significance and addressing methodological limitations. The detailed selection process will
be expounded upon in Section 4.
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Subsequently, 63 eligible studies were identified (see Table A1). To ensure data analysis
consistency, the following criteria were rigorously adhered to for article selection:

• The studies must have investigated BIM adoption or usage.
• They must have tested at least one construct with obtainable effect sizes.
• Full reporting of study findings was required.
• The articles had to be written in English.
• Only full-text articles were included.

Following the identification of valid studies, the authors conducted a factor analysis
to identify the most frequently occurring factors associated with significant outcomes. To
ensure the robustness of the relationship between these factors and behavioral intention,
a criterion that required a minimum of five studies to have tested this relationship was
employed. In total, 27 factors across the 63 studies were examined. Among them, only five
factors—performance expectancy, effort expectancy, social influence, facilitating conditions,
and perceived value—demonstrated a significant relationship with behavioral intention
in at least five studies. Since the majority of these identified factors are related to UTAUT,
this study aims to propose an extended UTAUT model for BIM adoption by incorporating
these significant factors.

Moderators play a crucial role in shedding light on the contextual factors impacting
the technologies under study. While some moderators, such as user age, technology
experience, and voluntariness of usage, have received attention in technology acceptance
literature, others have been relatively neglected. Notably, moderators comparing different
technologies across countries are often challenging to test in primary studies, despite
indications of country and technology differences in the literature. Meta-analysis, by
aggregating data from diverse countries and contexts, offers the opportunity to examine
these less-explored moderators and contribute to theory development. In this meta-analysis,
the authors propose three significant groups of moderators that enhance our understanding
of BIM acceptance in the construction industry: (1) sample size, (2) economic level, and
(3) national culture.

Overall, this meta-analysis contributes to the existing literature by: (a) synthesizing
the UTAUT for construction practitioner samples, (b) clarifying some inconsistent find-
ings regarding certain effects within the UTAUT, (c) quantifying and expanding variation
in the UTAUT structural parameters to identify possible determinants that may require
further, perhaps experimental studies, (d) identifying moderating variables of UTAUT
relations not yet examined in detail, and ultimately, (e) indicating future research directions.
Despite the variety of constructs in the existing literature, we focused on a common set of
core constructs, irrespective of whether studies included additional constructs. Our pri-
mary aim was to synthesize evidence surrounding the structural relations among the core
constructs and the impacts of potential moderators.

3. Research Model and Hypotheses Development

An extensive literature review identified performance expectancy, effort expectancy,
social influence, facilitating conditions, and perceived value as the primary factors influ-
encing BIM adoption. The study posits that BIM users’ behavioral intention is influenced
by these identified factors and formulates hypotheses. The study also explores the impact
of moderators such as sample size, economic level, and national culture. The proposed con-
ceptual model is presented in Figure 2. The subsequent section on hypothesis development
establishes the relationships among all variables in the proposed model, providing context
for the examination of BIM adoption among construction practitioners.
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3.1. Main Effects

Performance expectancy (PE) refers to “an individual’s belief that using a particular
system or technology will enhance their job performance” [27]. Within the context of BIM
adoption, performance expectancy is associated with the anticipated benefits derived from
BIM usage, such as improved collaboration, better visualization, and increased efficiency [2].
Previous research conducted in the field of BIM adoption has consistently demonstrated
a positive relationship between performance expectancy and behavioral intention, as
evidenced by studies conducted by Nguyen et al. [20] and Xue et al. [10] among others. This
construct pertains to extrinsic motivation, as it emphasizes the utilitarian value that BIM can
offer. Practitioners tend to rationally assess the advantages and amenities offered by BIM
before embracing it, and they are more prone to adopt it if it is deemed as convenient and
constructive and improves performance. Therefore, practitioners’ intentions to use BIM are
anticipated to be elevated when they perceive a higher degree of performance expectancy.

Hypothesis 1 (H1). Performance expectancy has a positive impact on the intention to use BIM.

Effort expectancy (EE) of a system is defined as “the degree of ease of technology
adoption, and it pertains to the level of simplicity involved in its use” [27]. If technol-
ogy is user-friendly, it diminishes individuals’ anxiety linked to technological intricacy,
thereby rendering them more likely to utilize it extensively. In the context of BIM adoption,
construction practitioners usually weigh the cognitive exchange between the advantages
provided by BIM and the exertion required to use it. Previous empirical investigations
provide evidence for the substantial influence of effort expectancy on the disposition to
utilize BIM, as exemplified in studies executed by Bataresh et al. [52] and Wang et al. [53].
Practitioners’ intention to utilize BIM is more likely to increase when they believe it requires
less effort to use BIM. Additionally, consistent with the UTAUT, effort expectancy directly
impacts performance expectancy [27]. This relationship suggests that the perceived benefits
of a technology increase when it is easier to use. Previous studies have explored this
relationship and demonstrated the influence of the ease of BIM adoption on practitioners’
perception of its usefulness and benefits.

Hypothesis 2 (H2). Effort expectancy has a positive impact on the intention to use BIM.

Hypothesis 3 (H3). Effort expectancy has a positive impact on the performance expectancy.
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In the context of adopting BIM, social influence (SI) is conceptualized as “the percep-
tion of an individual’s companions, such as colleagues, peers, and friends, where they
believe that an individual should use BIM” [27]. The perspectives of others might leave
an enormous impact on an individual’s decision-making process, mainly when confronted
with uncertainty, risk, and anxiety linked to new technology use. Prior research recognized
the significant influence of social influence on the intention to utilize technology [54,55].
In the context of BIM adoption, social influence can be defined as the extent to which
practitioners value the opinions of others regarding the adoption of BIM. Consequently,
a positive impact on practitioners’ intention to use BIM is anticipated due to the influence
of social factors.

Hypothesis 4 (H4). Social influence has a positive impact on the intention to use BIM.

Facilitating conditions (FC) pertain to “an individual’s perception of the sufficiency
and accessibility of organizational and technical infrastructures to support system use” [27].
In this study, facilitating conditions exemplify the presence of resources and infrastruc-
tures to utilize BIM, including hardware and software, dependable connectivity, internet
access, and adept personnel. Researchers recognize that access to technical resources,
tools, and support is pivotal in stimulating technology adoption. Previous studies have
demonstrated a positive impact of facilitating conditions on practitioners’ intention to
adopt technology [25,52,56]. Furthermore, as observed by Hooda et al. [55], use behavior
may be less probable to occur if there are obstacles beyond intentions. Therefore, facilitating
conditions may be critical in prompting practitioners to use BIM by ensuring a suitable
environment and necessary resources.

Hypothesis 5 (H5). Facilitating conditions has a positive impact on the intention to use BIM.

Hypothesis 6 (H6). Facilitating conditions has a positive impact on BIM use behavior.

Incorporating the new component, perceived value (PV), into the UTAUT framework
in this study is motivated by the need to evaluate the trade-off between perceived benefits
and the associated monetary costs of using a technology. Perceived value, as defined
by Venkatesh et al. [57], involves an individual’s cognitive assessment of this trade-off,
encompassing factors such as staff and space requirements, training, and hardware and
software costs [58]. Aiginger and Vogel [59] emphasize the significant roles played by
both actual costs and intangible efforts in influencing the acceptance of newly introduced
technologies and systems. The theoretical foundation of perceived value revolves around
comparing the total ownership cost of a new technology with that of an existing system.
When the perceived benefits of using new technological innovations outweigh the costs,
perceived value positively impacts behavioral intention [57]. In the context of BIM adoption,
practitioners typically conduct a thorough assessment by comparing various attributes
of BIM with the costs associated with their previous tools. When practitioners perceive
the value of transitioning to BIM as high, they are more inclined to adopt it and exhibit
lower resistance, as suggested by Samuelson and Zeckhauser [60].

Hypothesis 7 (H7). Perceived value has a positive effect on the intention to use BIM.

Furthermore, the use behavior is considered as the ultimate outcome in both the TAM
and UTAUT. Intention to use represents an individual’s cognitive state immediately prior
to adopting the technology of interest. It is broadly acknowledged that an individual’s
intention to perform a specific behavior affects the probability of its actual execution. In
the context of BIM usage, the intention to use indicates the extent to which a practitioner
has purposefully intended to adopt BIM. The correlation between behavioral intention and
technology use behavior has been substantiated in earlier studies in various technological
domains [18,40], and it is anticipated to persist in the context of BIM.
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Hypothesis 8 (H8). Intention to use BIM has a positive effect on BIM use behavior.

3.2. Moderating Effects

In the literature on BIM adoption, some prior studies [61–63] employed relatively small
sample sizes (e.g., n = 63–102), while others [3,29,40] used large sample sizes (e.g., n = 453–818).
Hence, it is imperative to explore whether methodological attributes, such as sample size,
could affect the causal relationships investigated in these empirical studies. Jadil et al. [46]
conducted a meta-analysis that bifurcated the involved studies into two sub-groups accord-
ing to sample size and investigated whether sample size, as a methodological feature, had
any impact on the suggested relationships in their proposed model. Their findings highlight
that facilitating conditions had a less pronounced effect on behavioral intention in studies
with large sample sizes. Against this backdrop, the current study strives to scrutinize
the moderating impact of sample size on the relationships in the BIM adoption literature.

Hypothesis 9 (H9). Sample size moderates the relationship between antecedents and consequences
of BIM adoption.

National culture could significantly influence practitioners’ intention to adopt BIM
and should thus be considered an important contextual factor. National culture refers to
collective mental programming that distinguishes people of different nationalities from one
another. The cultural values framework, established by Hofstede and colleagues [64], is
considered a leading approach for understanding cross-cultural research on managerial and
organizational issues and has been widely employed in research over the past few decades.
According to Hofstede et al. [64], national culture shapes behavior, beliefs, and technology
adoption levels. Empirical evidence from the IS adoption literature extensively employs
Hofstede’s cultural framework. For instance, Khan [65] utilized Hofstede’s framework
to assess the moderating role of five cultural dimensions on the relationship between
customers’ intentions and usage behavior in digital banking. Similarly, a meta-analysis
by Vos and Boonstra [66] examined the moderating effects of five dimensions of national
culture on enterprise system adoption. However, a dearth of studies has considered cultural
values in the construction sector when investigating technology acceptance. In an effort
to bridge this disparity, the present study delves into the influence of cultural values on
the acceptance of BIM among construction practitioners.

In the model proposed by Hofstede et al. [64], national culture can be analyzed based on
six dimensions. The first dimension—power distance—reflects the extent to which individuals
in a society tolerate inequality. Individuals with high power distance tend to comply with
their superiors and do not voice disagreement. The second dimension—individualism versus
collectivism—defines the correlation between an individual and the collective in a community.
Individuals who rank low on individualism tend to prioritize group decisions and have a strong
sense of belonging. The third dimension—femininity versus masculinity—highlights gender
differences in society, with masculine societies being driven by competition and achievement,
while feminine cultures value caring and quality of life. The fourth dimension—uncertainty
avoidance—reflects a society’s tolerance for ambiguity, with high scores indicating a preference
for avoiding uncertainty. The fifth dimension—short-term versus long-term orientation—reflects
the values and beliefs of society about the past, present, and future. Societies with a low score pri-
oritize long-lasting and traditional values, whereas those with high score embrace new changes.
Finally, the sixth dimension—indulgence-oriented versus restraint-oriented culture—describes
the importance placed on personal happiness, well-being, freedom, and leisure time in indul-
gent cultures. In contrast, restrained cultures tend not to express positive emotions and do not
prioritize freedom and leisure time. Cultural factors are believed to reflect individual values that
shape behavior and may notably influence individuals’ intentions to adopt BIM.

Hypothesis 10 (H10). National culture moderates the relationship between antecedents and
consequences of BIM adoption.
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In addition to national culture, the level of the economy can also influence the adop-
tion of BIM. Prior research on BIM acceptance has been conducted in both developed
economies [6,13,67], such as Australia, and developing economies [21,68,69], such as
Malaysia. The level of economic development in a country can promote different levels of
innovative practices, which could impact technology acceptance differently. A comparative
analysis was conducted by Malaquias and Hwang [70] to test the factors that determine
the acceptance of mobile banking among participants from Brazil and the United States.
According to the study findings, social influence proves to be a statistically significant
factor in Brazil, whereas such influence lacks statistical significance among participants
from the United States. Despite prior research efforts, the impact of the economic level
on mobile banking adoption remains underexplored. Thus, the authors aimed to inves-
tigate the potential role of economic status in explaining the inconsistencies observed in
prior empirical research. Overall, the study offers valuable insights into the factors that
shape mobile banking adoption and underscores the need to factor in country-specific
disparities in mobile banking services’ design. Therefore, the current study hypothesize
that the economic level may have moderating impacts on the relationships in the BIM
adoption literature.

Hypothesis 11 (H11). Economic level moderates the relationship between antecedents and conse-
quences of BIM adoption.

4. Materials and Methods
4.1. Study Retrieval and Selection

Following the steps outlined in Figure 1, the selection process involved identifying
relevant search terms to efficiently retrieve empirical studies related to BIM adoption. To
ensure comprehensive coverage and minimize the risk of overlooking relevant research,
the authors adopted a broad search strategy that combined keywords and controlled
vocabulary. Specifically, the search strategy comprised two sets of terms, one related to
BIM (e.g., 3D modeling, building information modelling, building information modeling)
and the other to technology adoption (e.g., acceptance, adoption, behavior, intention,
willingness). The authors used the advanced search function with all search terms as
mandatory in the ‘Title, Abstract, or Keywords’ field to comprehensively identify potential
studies across three databases (Science Direct, Scopus, and Web of Science). There were no
restrictions on publication dates or types. The search was conducted on 31 December 2023.

In the subsequent stage, relevant articles were extracted through consultation with
previous systematic reviews. Concomitantly, the authors manually searched prominent
journals within the domain, namely the Journal of Management in Engineering, Automation
in Construction, Engineering Construction and Architectural Management, International Journal
of Project Management, and Journal of Construction Engineering and Management. To identify
any overlooked papers, a snowball search was conducted whereby the authors conducted
a review of the reference lists of the chosen articles.

The study selection process adheres to the Preferred Reporting Items for System-
atic Reviews and Meta-Analysis (PRISMA) guidelines, which are illustrated in Figure 3.
The comprehensive search across all potential databases generated a total of 6862 records.
After eliminating duplicates, 4778 unique records remained. The titles and abstracts of these
records were screened to ensure that they met the primary criterion of focusing on BIM
adoption. At this stage, 4316 records were deemed ineligible and excluded. The full text of
the remaining 462 records was meticulously assessed using four inclusion criteria. Firstly,
studies were required to empirically investigate the behavioral intention of construction
practitioners toward BIM acceptance, with other contexts, such as BIM learning behavioral
for students, being excluded (e.g., [71]). Secondly, only studies that investigated at least
one bivariate relationship between the antecedents and consequences of BIM adoption, pre-
dominantly focusing on UTAUT constructs or related variables, were eligible for inclusion
in the meta-analysis. Thirdly, the studies were required to report sample size and statistical
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information, which could be utilized to calculate the effect size. Lastly, the studies were
restricted to peer-reviewed scientific articles that were written in English.
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Additionally, certain studies were excluded from the meta-analysis to ensure data
independence and prevent duplication, including those conducted by Lee et al. [72]. Fur-
thermore, if an article included the results of multiple independent studies, each study
was treated as a separate entity for analysis purposes. For instance, Lee and Yu [23] pre-
sented independent findings on BIM adoption from two distinct countries (Korea and
the United States), which were analyzed as separate studies. Following a meticulous appli-
cation of the inclusion and exclusion criteria, the authors identified 57 articles, comprising
63 studies that satisfied the final inclusion criteria and underwent rigorous coding and data
extraction procedures.

4.2. Study Coding

To extract meaningful insights from the studies, the authors performed coding for
descriptive details. The general information extracted included author names, publication
year, sample size, mean age, gender distribution, BIM experience, geographical location,
and employed theories (see Table A1). Subsequently, the focus was directed exclusively
toward empirical studies, with correlations serving as the primary effect size measure for
this meta-analysis. The correlation coefficient, being scale-independent and unaffected by
other variables, was utilized. In instances where correlation coefficients were unavailable,
the authors coded data that could be employed to compute these coefficients, such as beta
coefficients, t-values, and standardized regression coefficients [42,44]. Following the recom-
mendation by Schmidt and Oh [73], only bivariate relationships that have been examined
in five or more studies were included in the meta-analysis. In this vein, antecedents and
consequences that were supported by fewer than five relevant studies were excluded from
the analysis to mitigate the possibility of sampling errors. Moreover, some attributes are
defined differently in some studies with similar conceptualizations and definitions for
the proposed variables, combined into a single factor, as demonstrated in Table 1. For ex-
ample, perceived usefulness, benefits, and relative advantage were considered performance
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expectancy [22]. Similarly, subjective norm, social factors, social norms, and normative
influence were categorized as social influence [10].

Table 1. Coding variables and sources.

Variables Definition Other Names Based on the Context Sources

Performance expectancy (PE)
“The extent to which technology can offer
advantages to users during the execution

of specific tasks”

Perceived usefulness, usefulness,
perceived benefits [27]

Effort expectancy (EE) “The level of perceived effortlessness in
utilizing the technology” Ease of use, perceived ease of use [27]

Social influence (SI)
“The extent to which the user perceives
social pressure from significant others to

use the technology”
Subjective norm, social norms [33]

Perceived value (PV)

“The individuals’ cognitive evaluation of
the perceived advantages of utilizing the

technology weighed against its
monetary expenses”

Perceived costs, price value,
price evaluation [57]

Facilitating conditions (FC)
“The user’s perceptions of the availability

of resources and support required to
execute a behavior”

Perceived behavioral control, resources [27]

Behavioral intention (BI)
“The degree of an individual’s

determination to engage in
a particular behavior”

Behavioral intention to use, intention to
use, intention, adoption intention,

use intention
[33]

Use behavior (UB)
“The extent to which individuals actually
use a technology in a specific context of

technology acceptance”

Actual behavior, actual use,
actual usage [35]

In relation to the potential moderators, the authors classified them into distinct sub-
groups. The sample size was divided into large versus small studies, drawing from
the classification system used by Jadil et al. [46]. The economic level was categorized into
developed and developing economies based on the United Nations’ [74] classification
system. Furthermore, the six dimensions of Hofstede et al.’s [64] national culture frame-
work, which encompass small power distance versus large power distance, individualism
versus collectivism, masculinity versus femininity, weak uncertainty avoidance versus high
uncertainty avoidance, short-term orientation versus long-term orientation, and indulgence
versus restraint, were encoded according to the regions from which the data were sourced
in selected studies. Cultural scores for the 14 countries analyzed were obtained from either
www.geerthofstede.com or www.hofstede-insights.com (accessed on 1 February 2024).
Mean values for each cultural dimension were calculated, and a threshold value closest to
the mean was identified (see Table 2). Due to insufficient sample size, several interested
moderators could not be involved in this meta-analysis, for example, age, BIM experience,
gender, position, and company size. Future research on BIM acceptance is encouraged to
consider the above-mentioned moderators.

In applying the above coding processes, when the authors experienced any disagreements,
discussions were held until a consensus was reached, rendering the results of the meta-analysis
more accurate [75]. Table 2 provides details of the moderator classification.

www.geerthofstede.com
www.hofstede-insights.com
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Table 2. An overview of the three categorical moderating variables.

Moderators Category Description

Sample size Large vs. Small

The categorization of subgroups was achieved by using the median
sample size of the studies included in the meta-analysis, which was

determined to be 153. Studies with sample sizes larger than 153 were
classified as “large studies,” whereas those with smaller sample sizes

were categorized as “small studies.”

Culture *

Large power distance vs. Small power distance

Using the data from Hofstede et al. [64], the mean score (=64.59) for
the power distance dimension across 104 countries was calculated.

Samples with scores above the mean score were classified as having
large power distance, while samples with scores below the mean

score were classified as having small power distance.

Individualism vs. Collectivism

Using the data from Hofstede et al. [64], the mean score (=38.62) for
the individualism dimension across 104 countries was calculated.

Samples with scores above the mean score were classified as having
individualism, while samples with scores below the mean score were

classified as having collectivism.

Masculinity vs. Femininity

Using the data from Hofstede et al. [64], the mean score (=47.58) for
the masculinity dimension across 104 countries was calculated.

Samples with scores above 50 were classified as having masculinity,
while samples with scores below 50 were classified as

having femininity.

High uncertainty avoidance vs. Weak
uncertainty avoidance

Using the data from Hofstede et al. [64], the mean score (=64.11) for
the uncertainty avoidance dimension across 104 countries was

calculated. Samples with scores above the mean score were classified
as having high uncertainty avoidance, while samples with scores

below the mean score were classified as having weak
uncertainty avoidance.

Long-term orientation vs. Short-term orientation

Using the data from Hofstede et al. [64], the mean score (=42.93) for
the orientation dimension across 104 countries was calculated.

Samples with scores above the mean score were classified as having
long-term orientation, while samples with scores below the mean

score were classified as having short-term orientation.

Indulgence vs. Restrained

Using the data from Hofstede et al. [64], the mean score (=47.99) for
the indulgence dimension across 104 countries was calculated.

Samples with scores above the mean score were classified as having
indulgence, while samples with scores below the mean score were

classified as having restrained.

Economic level Developing economy vs. Developed economy

In accordance with the United Nations’ latest report on the world
economic situation [74], the countries where research on BIM

adoption has been conducted were classified into two categories,
namely developing and developed economies.

* Since Bahrain was not included in the Hofstede’s cultural dimensions, the study conducted in Bahrain was
removed in this stage.

4.3. Meta-Analysis

Employing the standard meta-analysis procedure, the present study aimed to synthe-
size the effect sizes found in 63 studies on BIM acceptance literature. The Comprehensive
Meta-Analysis (CMA) 4.0 program was utilized for this purpose.

In the literature on meta-analysis, two major statistical models, namely the fixed-effect
model and the random-effects model, are widely employed to assess the summary effect.
The former model assumes a uniform effect size for all empirical research studies included
in the meta-analysis, while the latter model estimates the mean of the effect size distribution
by positing that the true effect size varies across studies. Given the heterogeneity of BIM
adoption studies with respect to diverse regions and varying sample sizes, the current
study has employed a random-effects model.

According to Lipsey and Wilson [76], meta-analysis follows the calculation princi-
ple, where the effect size is standardized using the Fisher z-transformation formula—see
Equation (1), where ri represents the observed correlation for the ith study. As the sample
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sizes of the included studies vary, the random-effects model was preferred to prevent
the dominance of large studies in the statistical analysis.

Fisher transformation (T) = 0.5 × ln
(

1 + ri
1 − ri

)
(1)

Subsequently, to derive an adjusted T value, the Fisher transformation value is
weighted by the sample size of each study, which is calculated from Equation (2):

T(adjusted) =
∑k

i=1 (Ni − 3)T

∑k
i=1 Ni

(2)

where Ni is the sample size of the ith study, and T is the Fisher z-transformation.
Finally, the overall effect size (r) is calculated from Equation (3):

r =

(
e2T(adjusted) − 1

)
(

e2T(adjusted) + 1
) (3)

To assess the presence of heterogeneity among the correlations derived from the selected
studies, we conducted a homogeneity test using Cochran’s Q statistics and the I2 estimate.
Significance of all Q statistics and I2 estimates exceeding 75% suggests rejection of the
homogeneity hypothesis for the studies [73]. Heterogeneity was deemed significant for
a p-value of the Q statistic < 0.10 and I2 > 50% [73]. The I2 statistic represents the percentage
of variation attributed to heterogeneity and offers straightforward interpretation. A value
of 25–50% indicates low heterogeneity, 50–75% denotes moderate heterogeneity, and ≥75%
indicates high heterogeneity. The Q statistics and I2 estimate can be calculated as per
Equations (4)–(6):

Q =
k

∑
i=1

NiT2 − ∑k
i=1 NiT2

∑k
i=1 Ni

(4)

I2 =

(
Q − d f

)
Q

(5)

d f = k − 1 (6)

where df represents the degrees of freedom and k is the number of studies.
If there was heterogeneity, we performed sensitivity analysis to evaluate whether it

substantially impacted the results of the meta-analysis. This involved excluding each study
one by one and then recalculating the pooled estimates for the remaining studies to ensure
minimal alteration of the results.

Furthermore, this study conducted a robustness check to evaluate the presence of
publication bias, a potential source of bias in meta-analysis. Publication bias may occur
when studies with significant results or larger effect sizes are more likely to be published
compared to those reporting non-significant findings. Two methods were employed to as-
sess publication bias. Firstly, Rosenthal’s fail-safe N (Nfs) value was calculated to determine
the number of non-significant or unpublished studies required to diminish the average
effect size to a negligible level. It was considered essential for the Nfs value to exceed
5k + 10 to ensure the robustness of the findings [15,43,77]. Secondly, publication bias was
evaluated using funnel plot analysis and Egger’s test of asymmetry [46,73]. The shapes
of the funnel plots did not indicate obvious evidence of asymmetry, and all p values from
Egger’s tests were above 0.05, providing statistical evidence of funnel plot symmetry.

Moderator analysis was carried out in this study to investigate the potential variables
that may lead to heterogeneity in the results. This analysis was performed following
the systematic methodology set forth by Griffeth et al. [78] in two stages. In the initial
stage, the presence of moderating variables was verified by utilizing Q and I2 statistics.
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In the subsequent stage, a subgroup analysis was conducted to explore the potential mod-
erating effects of sample size, economic level, and national culture on each of the eight
causal paths in the conceptual model. Only bivariate relationships that were investigated
in at least two studies by both groups were included in the examination, in line with
the guidelines of Hunter and Schmidt [43]. The existence of a moderator was confirmed
by a statistically significant between-group homogeneity statistic (QB), which delineated
the proportion of variance in effect size ascribed to heterogeneity among studies.

4.4. Ethical Consideration

Since the study relied solely on collecting secondary data from previously published
studies, ethical clearance was not required for the present study.

5. Results
5.1. Decriptive Statistics

This meta-analysis comprised 57 articles, covering 63 studies, all of which were pub-
lished in the English language between the time frame of 2013 to 2023. As illustrated in
Figure 4, the body of literature on BIM adoption by construction practitioners has demon-
strated a gradual rise over the years. The sample sizes ranged from 30 to 818 participants,
and the pooled sample size was 13,301. Table 3 depicts the summary statistics pertaining to
the relationships between the antecedents of behavioral intention to adopt BIM. A consid-
erable range of correlation coefficients for the same relationship was observed, indicating
significant heterogeneity. For example, the correlation coefficients for the relationship
between effort expectancy and performance expectancy varied from −0.551 to 0.917, and
for perceived value and behavioral intention, they ranged from −0.080 to 0.638.
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Furthermore, individual studies’ focus on specific relationships was not consistent.
The performance expectancy and behavioral intention relationship were evaluated in
49 of 63 studies, the effort expectancy and behavioral intention link in 45, and the effort
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expectancy and performance expectancy link in 36. On the other hand, only 12 studies exam-
ined the facilitating conditions and use behavior relationship, and 10 tested the perceived
value and behavioral intention association, out of 63 BIM adoption studies. The present
study thoroughly examined all the relationships more than five times, indicating that
the antecedents and consequences of the proposed model are widely used constructs in
the literature on BIM adoption [79]. Thus, the reliability and validity of the proposed model
are evaluated in investigating the determinants that influence the acceptance of BIM.

To ascertain the significance of each causal relationship, a weight analysis was per-
formed by dividing the number of significant relationships by the total number of observa-
tions for each relationship. Such an approach allowed for a collective inference drawn for
both significant and non-significant (conflicting) relationships. Relationships that exhibited
a significance rate of less than 80% were regarded as inconsistent, based on the method-
ological guidance provided by Jeyaraj et al. [79]. In the study, the relationship between
behavioral intention and use behavior (17 studies) and between facilitating conditions and
use behavior (12 studies) were the dominant relationships, with significances of 88.24% and
83.33%, respectively. Of the 49 investigations, performance expectancy was a significant
predictor of behavioral intention in 42 studies (87.76%). Additionally, 80.00% of studies
confirmed a significant impact of social influence on behavior intention. With a weight
larger than 0.80, these four constructs (i.e., behavioral intention, facilitating conditions,
performance expectancy, and social influence) were identified as the best predictors for
the developed model. However, the weight analysis also revealed inconsistent findings
for the remaining four relationships. These inconsistencies were carefully considered in
the meta-analysis.

5.2. Main Effect Analysis

The comprehensive outcomes of the meta-analysis encompassed Q statistics and their
corresponding significance levels, I2 statistics, 95% confidence intervals (CIs), combined
effect size, Z-values and their significance levels, and Nfs at p = 0.01 (Nfs.01). As no het-
erogeneity was observed among studies reporting theoretical scores, sensitivity analysis
was not conducted. We utilized CMA 4.0 to generate a funnel plot, depicted in Figure 5.
The absence of an inverted pyramid in the funnel plot and the relatively symmetrical
distribution of studies suggest that publication bias is not a significant concern. Addition-
ally, we calculated Nfs.01, representing the number of studies with non-significant results
needed to overturn the corrected correlation effect size. Most relationships in our model
displayed high Nfs.01 values (refer to Table 4), indicating that publication bias is unlikely to
be a significant concern.
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Table 4. Meta-analytic results of pairwise relationships.

Relationships No. of Occurrences
Heterogeneity

Combined Effect Size 95% CI Z-Value Nfs.01
Q-Value I2

BI-UB 17 325.952 *** 95.091 0.575 0.456–0.674 7.899 *** 2864
FC-UB 12 76.389 *** 85.600 0.364 0.258–0.462 6.343 *** 393
PE-BI 49 700.824 *** 93.151 0.504 0.436–0.566 12.486 *** 4577
EE-BI 45 738.401 *** 94.401 0.321 0.231–0.405 6.728 *** 5954
SI-BI 20 165.234 *** 88.501 0.429 0.341–0.510 8.653 *** 1795
PV-BI 10 159.259 *** 94.349 0.191 0.018–0.352 2.428 * 68
FC-BI 29 286.924 *** 90.241 0.351 0.265–0.431 7.581 *** 2292
EE-PE 36 1206.048 *** 97.098 0.381 0.249–0.499 5.362 *** 3999

* for p < 0.05, *** for p < 0.001.

The findings validate all the associations in the research model (see Figure 6). The most
dominant antecedent of BIM adoption intention is performance expectancy (H1: r = 0.504;
p < 0.001), followed by social influence (H4: r = 0.429; p < 0.001), facilitating conditions
(H5: r = 0.351; p < 0.001), effort expectancy (H2: r = 0.321; p < 0.001), and perceived value
(H7: r = 0.191; p < 0.05). Furthermore, effort expectancy (H3: r = 0.381; p < 0.001) signifi-
cantly influences performance expectancy. In terms of the drivers of use behavior in the BIM
context, behavioral intention (H8: r = 0.575; p < 0.001) is identified as the most crucial an-
tecedent of BIM adoption, followed by facilitating conditions (H6: r = 0.364; p < 0.001). The
combined effect size reflects the potency of bivariate relationships between the constructs,
explicated in line with the methodological benchmarks formulated by Cohen et al. [80].
According to their guidelines, a value ranging between 0.1 and 0.3 indicates a small effect,
0.3–0.5 denotes a moderate effect, and 0.5 confirms a large difference effect. Although some
relationships exhibit small effects (H7), they remain significant at p = 0.05. Most significant
relationships show moderate impacts (H2–H6), while H1 and H8 exhibit strong impacts.
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The present study utilized the Q-test to determine the statistical significance of all
relationships, which was corroborated by the heterogeneity analysis. I2 values exceed-
ing the threshold of 75% indicated a high degree of heterogeneity across the conjectured
relationships, ultimately resulting in adopting a random-effects model for main effect
analysis. This finding corroborates the null hypothesis dismissal concerning homogeneity
and the potential presence of moderating variables within BIM adoption studies, as speci-
fied in Schmidt and Hunter [73]. The authors also assessed publication bias to ensure the
robustness of the meta-analysis findings. The results of the Nfs test demonstrated that all
pairs of relationships passed the test at p = 0.01, providing further support for the reliability
of the study’s conclusions.
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5.3. Moderator Analysis

Tables A2–A9 reveal the results of subgroup analyses performed to identify potential
moderating variables. Out of the tested variables, only two moderating effects were
statistically significant (indicated in bold). Table A2 presents a significant QB statistic
pertaining to the moderating impact of sample size on the relationship between facilitating
conditions and use behavior (QB = 14.270; p < 0.001). This outcome implies that the linkage
between facilitating conditions and use behavior is moderated by sample size. More
specifically, the relationship demonstrates greater strength in studies characterized by small
sample sizes (r = 0.512; p < 0.001) as opposed to those characterized by larger sample sizes
(r = 0.218; p < 0.01).

While the economic level did not significantly moderate the hypothesized relation-
ships, Table A3 reveals that the composite effect size in the subgroup of developing
economies was higher than that in the subgroup of developed economies with respect to
the correlations of PE-BI, SI-BI, PV-BI, FC-BI, and EE-PE. Conversely, the combined effect
size in the subgroup of developed economies was greater than that in the subgroup of
developing economies for the correlations of EE-BI, FC-UB, and BI-UB. As for national
culture, the results show a stronger relationship between facilitating conditions and use
behavior in individualistic cultures (r = 0.597; p < 0.001) compared to collectivist cultures
(r = 0.306; p < 0.001).

6. Discussion and Implications
6.1. Key Findings

This study presents a comprehensive exploration of the complexities surrounding
the antecedents of BIM adoption within the construction industry. This field has been
characterized by a wide array of outcomes, often resulting in inconsistent findings. This
inconsistency can be attributed to several factors, including the application of various
theoretical perspectives, mixed results for the same relationships, and substantial vari-
ability in the degree of associations reported across different studies within the field
of BIM adoption. As an illustrative example, consider the relationship between effort
expectancy and behavioral intention concerning BIM adoption. Within the dataset com-
prising a total of 45 relationships, a heterogeneous pattern emerged: 27 relationships
reported significant and positive relationships (60%), 2 exhibited significant and negative
relationships (4%), 11 demonstrated non-significant but positive relationships (24%), and
the remaining 5 showed non-significant and negative results (12%). This research aims to
reconcile these inconsistencies systematically, offering a clarified perspective while assess-
ing the relative significance of the underlying links between the antecedents of behavioral
intention in the context of BIM adoption. This endeavor serves as a valuable contribution,
not only advancing the IS theory but also enriching practical knowledge in the ongoing
digital transformation era.

Crucially, the findings of this study corroborate the hypothesized relationships, pro-
viding a clearer understanding of the dynamics of BIM adoption within the construction
industry. The research underscores the significant impact of performance expectancy on
the behavioral intention to adopt BIM (H1). This implies that construction practitioners are
more inclined to adopt BIM when they perceive it as advantageous for their operational
needs. This discovery aligns with previous investigations by Xue et al. [10], who found
a substantial correlation between performance expectancy and the intention to use BIM.
The study establishes that effort expectancy plays a pivotal role in predicting behavioral
intention concerning BIM adoption (H2). These results indicate that the simpler BIM is to
learn and use for construction tasks, the higher the intention to engage with the technology.
This conclusion resonates with the findings of Murguia et al. [17], which have empha-
sized the critical role of effort expectancy as a precursor to the intention to adopt BIM.
Furthermore, the results suggest a favorable impact of effort expectancy on performance ex-
pectancy (H3). When BIM is user-friendly, practitioners can allocate more time and energy
to accomplish their tasks, leading to heightened productivity. In addition, the investigation
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evinced that social influence constitutes a critical aspect in reinforcing behavioral intention
(H4). More specifically, if an individual perceives that their acquaintances or colleagues
consider it necessary to embrace BIM, the possibility of adoption intention is significantly
amplified. This result aligns with prior studies by Belay et al. [24], Howard et al. [13], and
Murguia et al. [22], who have established social influence’s primary role in determining
BIM adoption.

The results reveal that facilitating conditions are a key driver of behavioral intention
toward BIM adoption (H5). This finding is corroborated by prior research, which has
highlighted that the intention to use BIM is strongly affected by the presence of facilitat-
ing conditions, including technical and organizational infrastructure [52,56,81]. Hence,
practitioners who perceive that their organizations provide the necessary support for BIM
usage are likely to exhibit a high level of intention to adopt the technology. In addition,
the study highlights that facilitating conditions significantly shape BIM use behavior (H6),
consistent with the claims of Gong et al. [82], who stated that the presence of facilitating con-
ditions influences the decision to adopt BIM. Thus, as practitioners perceive greater support
from BIM, their inclination to adopt the technology strengthens. The study additionally
discloses that perceived value considerably affects the behavioral intention concerning
BIM adoption (H7). Practitioners’ perception of the benefits of BIM motivates them to
adopt the technology and influences their decision-making process. This is consistent
with UTAUT2 [57] and other studies [22,83]. Finally, the study confirms a strong positive
association between behavioral intention and use behavior (H8), indicating that behavioral
intention is a critical factor in shaping practitioners’ use of BIM. This finding is in line with
previous studies [40,84,85], suggesting that behavioral intention is a necessary precursor to
practitioners’ use behavior toward BIM.

Furthermore, the comprehensive analysis conducted in this study has unveiled a significant
degree of variability in effect sizes across a spectrum of research efforts dedicated to in-
vestigating BIM adoption. This variation becomes notably apparent when exploring
the wide-ranging correlation coefficients observed, particularly within the domains of per-
ceived value (ranging from −0.080 to 0.638) and the relationship between performance
expectancy and behavioral intention (spanning from −0.105 to 0.852). These divergences
underscore the imperative need to meticulously explore potential moderating factors that
could clarify the observed disparities among these correlation coefficients. Consequently,
this research embarked on a detailed examination of how factors such as sample size,
national culture, and economic context exert influence over the direct relationships outlined
within the research model.

The examination of these moderating variables has yielded valuable insights, shed-
ding light on the intricate dynamics of BIM adoption. Firstly, the impact of sample size
emerged as a significant moderating factor, particularly in the context of the relationship
between facilitating conditions and usage behavior. Interestingly, this relationship exhibited
greater robustness in studies characterized by smaller sample sizes when compared to
those with larger samples. This compelling revelation aligns seamlessly with the findings
of Jadil et al. [46], whose meta-analysis similarly identified more pronounced path relation-
ships in studies characterized by smaller sample sizes. This reinforces the significance of
accounting for sample size variations when examining the complexities of BIM adoption.

Secondly, the study explored the moderation exerted by national culture, reveal-
ing insightful patterns. Specifically, it was discerned that in cultures marked by lower
power distance, effort expectancy emerged as a more influential predictor of behavioral
intention concerning BIM adoption. In lower power distance culture, where individuals
are more inclined to express their opinions and challenge existing norms, emphasizing
the user-friendliness and ease of use of BIM tools can be an effective strategy to encourage
adoption. However, it is important to note that the moderating effects of power distance
on the relationships between effort expectancy and behavioral intention did not achieve
statistical significance in studies conducted by Zhang et al. [86] and Cavalcanti et al. [45].
These findings emphasize the complex interplay between cultural dimensions and the
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dynamics of BIM adoption, underlining the necessity for a context-specific understanding
of these relationships.

Furthermore, the investigation uncovered a robust and statistically significant rela-
tionship between facilitating conditions and usage behavior within individualistic cultures,
aligning seamlessly with prior research conducted by Cavalcanti et al. [45]. In individ-
ualistic societies, individuals are more likely to make decisions independently and are
often motivated by personal goals and preferences. Therefore, when they perceive that
the necessary conditions, both technical and organizational, are in place to support the use
of a technology like BIM, they are more inclined to engage with it actively. Neverthe-
less, it is noteworthy that the examination of the path relationships within the research
model did not yield significant differences in terms of economic moderation. This outcome
challenges the assumption put forth by Santini et al. [87] that an increase in economic
development would inherently amplify the cumulative path coefficient of specific direct
relationships. Instead, these findings are in line with the results of the meta-analytic study
in Jadil et al. [46], which indicated non-significant moderating effects of economic level.
Thus, they highlighted the intricate nature of the relationship between economic factors
and BIM adoption, suggesting that other unexplored moderators may play pivotal roles in
influencing these dynamics, which needs further efforts in BIM acceptance research.

6.2. Theoretical Implications

While recent years have witnessed increasing efforts to empirically investigate individ-
ual intentions and behaviors related to BIM adoption or acceptance, this study represents
an exploratory effort to synthesize the factors leading to behaviors to BIM implementation
in construction.

Performing a systematic review of existing empirical studies on BIM adoption, the present
study identified the preeminent constructs, structured a comprehensive conceptual model
founded on UTAUT, and assessed potential moderators and the research model according
to meta-analytic principles. The BIM literature benefited from several prominent theoretical
advancements resulting from the study.

Firstly, this study serves as a pioneering effort by providing the first comprehen-
sive meta-analysis of the literature on BIM adoption. Given that the adoption of BIM is
a relatively recent phenomenon, the lack of a systematic aggregation of empirical find-
ings has been a notable gap in the literature. By quantitatively synthesizing the existing
research, this study addresses this gap and offers a valuable resource for scholars and
practitioners seeking a holistic understanding of the factors influencing BIM adoption. It
offers a robustness test for existing findings and yields generalizable conclusions.

Secondly, through the systematic synthesis of empirical literature, this study identifies
the most frequently studied antecedents related to practitioners’ intention to adopt BIM.
This identification not only serves as a valuable reference for future researchers but also
highlights the key determinants that deserve particular attention in the context of BIM
adoption. Scholars can use this insight to inform the design of targeted interventions and
strategies aimed at promoting BIM adoption within the construction industry.

Thirdly, based on the identified critical factors, this study extends the UTAUT model
with perceived value and three moderators to encompass the most frequently studied con-
structs relevant to BIM adoption. This extension provides scholars with a comprehensive
framework that aligns with the specific nuances of BIM adoption. By doing so, it facilitates
a more tailored examination of the factors influencing BIM adoption, thereby enhancing
the applicability of the model within the construction domain.

Fourthly, this study addresses the issue of inconsistent findings in the BIM adoption
literature by explaining how various factors influence practitioners’ intentions to adopt
and use BIM. One notable example of inconsistent findings in BIM adoption research
pertains to the relationship between “effort expectancy” and “intention to adopt BIM.”
While the theoretical underpinning suggests that an easier-to-use BIM system should lead
to a higher intention to adopt, empirical studies have produced mixed results. Through
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a meta-analytic path analysis, the research identifies critical factors and their relative
importance, shedding light on the complexity of the BIM adoption process. This deeper
understanding enables scholars and practitioners to navigate the nuances of BIM adoption
more effectively.

Lastly, in recognition of the variations in findings across studies, the study explores
the moderating effects of sample size, national culture, and economic level. The impact
of sample size emerged as a significant moderating factor, particularly in the context of
the relationship between “facilitating conditions” and “use behavior.” Interestingly, this
relationship exhibited greater robustness in studies characterized by smaller sample sizes
when compared to those with larger samples. Scholars should be mindful of the sample
size when interpreting the strength of this relationship. Also, power distance reflects
the extent to which individuals in a society tolerate inequality and hierarchical structures.
In cultures characterized by lower power distance, effort expectancy emerged as a more
influential predictor of behavioral intention concerning BIM adoption. The study uncov-
ered a robust and statistically significant relationship between “facilitating conditions” and
“usage behavior” within individualistic cultures. In individualistic cultures, practitioners
may perceive the support of their organizations as a crucial factor in making the transition
to BIM. These moderators help explain the contextual nuances that contribute to inconsis-
tencies in the literature. By considering these moderating factors, the study offers insights
into why certain relationships between antecedents, intention to adopt BIM, and BIM use
behavior may vary under different circumstances.

6.3. Practical Implications

This study offers practical insights for policymakers and organizations aiming to
advance BIM adoption within the construction industry. It underscores the central role of
behavioral intention in driving BIM acceptance, with performance expectancy emerging as
the most influential factor. To enhance behavioral intention, organizations should empha-
size the tangible benefits of BIM, such as increased project efficiency, reduced errors, and
significant cost savings. This can be achieved through a multifaceted approach involving
workshops, training sessions, and comprehensive awareness campaigns designed to ed-
ucate practitioners about the specific advantages that BIM offers within their respective
roles. Furthermore, presenting real-world examples and success stories that showcase how
BIM has positively impacted similar projects can be particularly persuasive.

Effective communication of BIM’s merits is paramount. Organizations can con-
sider establishing mentorship programs where experienced BIM users guide their peers
through the adoption process. Sharing testimonials and comprehensive case studies within
the organization can help reinforce the practical benefits of BIM. Additionally, the creation
of an internal knowledge-sharing platform can facilitate peer-to-peer learning, allowing
practitioners to exchange experiences and insights related to BIM.

Furthermore, this study underlines the role of social influence in strengthening BIM
adoption. Practitioners are more likely to embrace BIM when they perceive that their
colleagues value it. Cultivating a culture of innovation and embracing new technologies
is essential. To this end, organizations should promote continuous learning by offering
training opportunities related to BIM. Recognizing and rewarding innovative ideas can
provide a powerful incentive for employees to explore and adopt new technologies like
BIM. Open communication channels, such as forums or feedback mechanisms, can further
facilitate knowledge exchange and collaboration. In cultures characterized by individual-
ism, organizations can encourage practitioners to take ownership of their BIM journey by
providing them with the necessary resources and support, thereby aligning with the values
of self-reliance and autonomy.

Facilitating conditions significantly influence intentions and actual use of BIM. Practi-
tioners are more motivated when they have access to the requisite resources, infrastructure,
and support for effective BIM utilization. Organizations should consider investing in
the infrastructure required for BIM, ensuring that practitioners have seamless access to
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the necessary tools and technology. Collaborating with software vendors to make BIM
tools user-friendly and compatible with existing workflows can alleviate concerns and
simplify the adoption process. Furthermore, providing ongoing technical support and
readily available training resources can further promote the wider use of BIM.

Moreover, this meta-analysis aids practitioners in identifying moderators (e.g., sample
size and cultural factors) that may explain differences in intervention effects. We found
that these effects are moderated by one measurement factor (sample size) and one sample
characteristic (national culture). Due to sample size limitations, bias may occur in individual
studies that typically use questionnaires for BIM acceptance measurement. However,
meta-analysis moves discussion beyond individual studies to provide a more precise
estimate of relationship strength [42,50,75]. Therefore, meta-analysis offers a comprehensive
understanding for construction organizations aiming to improve BIM use.

Specifically, organizations should recognize that intervention effects of the same factor
may vary when considering contextualized facilitating conditions measures and different
cultures (individualism vs. collectivism). In individualistic cultures, managers may em-
phasize personal skill development and career advancement opportunities associated with
BIM adoption, ensuring individuals have access to BIM tools and technologies. In collec-
tivistic cultures, managers may organize team-building exercises or social events to foster
interpersonal relationships among construction teams, providing infrastructure support
such as dedicated workstations and collaboration software to facilitate effective teamwork.
Our research bridges construction technology and culture literature, prompting managers
to consider cultural differences’ potential interference in demonstrating BIM adoption
behavior among construction practitioners, particularly in the international construction
industry’s dynamic and complex cultural environment.

6.4. Limitations and Avenues for Future Research

As with any individual-level meta-analysis, this research has inherent limitations
that must be considered when interpreting the results and conclusions. One limitation
is the availability of data and variables, as only those that were measured in past studies
could be included in the analysis. In this study, quantitative articles in English that reported
correlation coefficients and sample sizes were selected, which limited the insights gained
to quantitative data. Additionally, only antecedents of behavioral intention investigated at
least five times in the literature were included, leaving some potential predictors untested.
For instance, competitive pressure [3,24], trust [39], client requirements [39,88,89], and per-
ceived risks [56,90] were identified as underexplored factors that could impact behavioral
intention toward BIM.

Another limitation is the possibility that other moderating variables could not be
examined in the present study owing to inadequate sample sizes and different categories,
which may justify the variation among the effect sizes in empirical BIM research. For
example, organization type (e.g., public vs. private), firm size (e.g., small and medium-
sized enterprises vs. large enterprises), sampling approach (e.g., random vs. purposive),
and individual characteristics (e.g., age, gender, positions, and BIM experience) were not
examined in this study. Scholars are encouraged to provide the participants’ profiles in
their study. As shown in Table A1, most studies had not reported information about gender,
age, and BIM experience. Future research could investigate these moderating variables to
gain additional insights into the determinants influencing the intention to adopt BIM.

Additionally, the economic level was assessed using a macro-level approach, catego-
rized into developed and developing economies based on the United Nations’ classification
system in this meta-analysis. Evaluating the influence of specific economic factors (e.g., in-
frastructure investment, construction activity) on BIM adoption across different countries is
essential. To classify countries as high or low in each cultural dimension, mean scores were
calculated based on available scores of 104 countries. However, subgrouping of studies
may be imprecise due to the absence of cultural data for the remaining 89 United Nations
members. Therefore, efforts should be made to gather cultural scores for these countries
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for a more precise moderator analysis of culture in the future. Furthermore, this study
exclusively utilized quantitative studies for meta-analyses and excluded qualitative studies.
However, future studies could incorporate both qualitative and quantitative approaches
for meta-analysis.

7. Conclusions

In recent years, there has been a significant increase in empirical research focusing on
BIM adoption. However, despite this growth, the literature has presented contradictory
and fragmented results concerning the effect sizes of critical antecedents on behavioral
intention and use behavior. This study aimed to address this knowledge gap by conducting
a meta-analysis of 63 studies from the BIM adoption literature. We utilized an extended
UTAUT model, incorporating performance expectancy, effort expectancy, social influence,
perceived value, and facilitating conditions, to provide a comprehensive understanding of
the strength of the relationships between antecedents and usage behavior. Our findings
indicate that BIM adoption is moderated by sample size and national culture (individualism
vs. collectivism).

The significance and novelty of this study lie in its clarification of the conflicting
relationships regarding BIM adoption through meta-analysis. The theoretical model val-
idated in this study will guide researchers in selecting constructs for future research on
BIM adoption. Insights from the moderator analysis on culture can assist practitioners in
strategy formulation and contribute to multinational collaboration in BIM-enabled projects.
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Appendix A

Table A1. Profile of the papers used in meta-analysis.

No. Author Article
Types

Sample
Size

Country of
Sample

Innovation
Index

Gender
(% Males)

Mean
Age
(Years)

Mean BIM
Experience
(Years)

Theories

1 Zhao et al. [18] JA 327 China 55.3 56.48 36.28 5.69 TAM & TOE

2 Vigneshwar et al. [61] JA 63 India 36.6 n.r. n.r. n.r. TAM

3 Xue et al. [10] JA 153 China 55.3 58.82 n.r. n.r. UTAUT

4 Ahmed et al. [3] JA 505 Malaysia 38.7 65.10 29.97 n.r. TOE

5 Acquah et al. [26] JA 125 Ghana 20.8 n.r. n.r. n.r. TAM

6 Addy et al. [21] JA 73 Ghana 20.8 n.r. 33.69 n.r. UTAUT2

7 Ismail et al. [83] CP 202 Malaysia 38.7 n.r. n.r. n.r. IDT

8 Ahmed and
Kassem [67] JA 177 United

Kingdom 59.7 n.r. n.r. n.r. IDT & TAM & INT

9 Ahmed and
Suliman [91] JA 272 Bahrain 28.0 n.r. n.r. n.r. None
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Table A1. Cont.

No. Author Article
Types

Sample
Size

Country of
Sample

Innovation
Index

Gender
(% Males)

Mean
Age
(Years)

Mean BIM
Experience
(Years)

Theories

10 Ahuja et al. [39] JA 184 India 36.6 n.r. n.r. n.r. TOE

11 Baharuddin et al. [28] CP 204 Malaysia 38.7 n.r. n.r. n.r. TAM

12 Belay et al. [24] JA 1 108; 93 Ethiopia 16.3 n.r. n.r. n.r. TOE

13 Chen et al. [88] JA 321 China 55.3 n.r. n.r. n.r. TOE

14 Wang et al. [11] JA 175 China 55.3 70.86 30.29 2.49 TAM &
Equity theory

15 Cui et al. [14] JA 207 China 55.3 54.11 35.98 n.r. TAM & ECT

16 Ding et al. [68] JA 181 China 55.3 n.r. n.r. n.r. None

17 Hong et al. [16] JA 111 Korea 57.8 n.r. n.r. 3.50 TAM

18 Hong et al. [56] JA1 100;
100 China 55.3 n.r. n.r. n.r. None

19 Lin et al. [62] JA 102 China 55.3 n.r. n.r. n.r. TAM

20 Ma et al. [69] JA 151 China 55.3 78.10 29.68 4.69 ECT

21 Murguia et al. [17] JA 171 Peru 29.1 n.r. n.r. n.r. UTAUT

22 Murguia et al. [22] JA 133 Peru 29.1 n.r. n.r. 1.86 UTAUT

23 Ngowtanasawan [92] JA 278 Thailand 34.9 n.r. n.r. n.r. None

24 Nguyen et al. [20] JA 154 Vietnam 34.2 n.r. n.r. n.r. TAM & TPB

25 Park et al. [29] JA 818 Korea 57.8 92.70 32.50 n.r. TAM

26 Sanchís-Pedregosa et al.
[84] JA 73 Peru 29.1 n.r. n.r. n.r. TAM

27 Semaan et al. [6] JA 73 United
Kingdom 59.7 n.r. n.r. n.r. TAM

28 Son et al. [93] JA 162 Korea 57.8 69.80 32.81 n.r. TAM & UTAUT

29 Wang et al. [53] JA 475 China 55.3 61.30 31.75 1.61 EST & IDT

30 Yuan et al. [85] JA 188 China 55.3 64.90 26.64 3.03 TAM & TOE

31 Wu et al. [94] JA 206 China 55.3 n.r. n.r. n.r. TPB

32 Zhang et al. [95] JA 353 China 55.3 65.00 38.90 6.61 TAM

33 Wen et al. [63] JA 74 China 55.3 n.r. n.r. n.r. TAM3

34 Lai and Lee [38] JA 63 Malaysia 38.7 53.97 n.r. n.r. TAM

35 Qin et al. [96] JA 1 120;
204

China;
Malaysia 55.3; 38.7 n.r. n.r. n.r. TAM & TOE

36 Hong et al. [97] CP 40 Australia 47.1 n.r. n.r. 1.36 None

37 Howard et al. [13] JA 84 United
Kingdom 59.7 n.r. n.r. n.r. UTAUT

38 Kim et al. [98] JA 303 Korea 57.8 n.r. n.r. n.r. TAM & IDT

39 Lee [99] JA 46 Korea 57.8 n.r. n.r. n.r. TAM

40 Lee and Yu [100] JA 109 Korea 57.8 n.r. n.r. n.r. TAM

41 Le et al. [40] CP 453 China 55.3 n.r. n.r. n.r. UTAUT

42 Lee and Yu [23] JA 1 114; 50 Korea;
United States 57.8; 61.8 n.r. n.r. n.r. TAM

43 Hong et al. [90] JA 80 Australia 47.1 n.r. n.r. n.r. None

44 Xu et al. [58] JA 98 China 55.3 n.r. n.r. n.r. TAM & IDT

45 Wang and Song [101] JA 118 China 55.3 75.40 31.40 2.51 TAM

46 Ahmad et al. [102] CP 30 India 36.6 n.r. n.r. n.r. n.r.

47 Bataresh et al. [52] CP 177 Australia 47.1 n.r. n.r. 5.76 UTAUT

48 Murguia et al. [103] JA 1 303;
171 Peru 29.1 n.r. n.r. 0.68; 1.16 TAM
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Table A1. Cont.

No. Author Article
Types

Sample
Size

Country of
Sample

Innovation
Index

Gender
(% Males)

Mean
Age
(Years)

Mean BIM
Experience
(Years)

Theories

49 Gong et al. [82] JA 81 China 55.3 60.49 30.28 n.r. TAM & TPB

50 Zhai and Pang [104] JA 192 China 55.3 n.r. n.r. n.r. TAM

51 Li et al. [19] JA 192 China 55.3 81.25 n.r. 1.74 None

52 Davies and
Harty [105] JA 762 United

Kingdom 59.7 n.r. n.r. n.r. UTAUT

53 Kassem and
Ahmed [7] JA 177 United

Kingdom 59.7 n.r. n.r. n.r. IDT & TAM & INT

54 Dowelani and
Ozumba [25] CB 30 South Africa 29.8 n.r. n.r. n.r. UTAUT

55 Hong et al. [81] JA 1 103; 80 China;
Australia 55.3; 47.1 n.r. n.r. n.r. None

56 Wang et al. [106] JA 164 China 55.3 68.29 n.r. 6.70 TAM & TPB

57 Taib et al. [107] JA 168 China 55.3 n.r. n.r. n.r. UTAUT

1 Studies with two subsamples; JA—Journal articles; CB—Chapter book; CP—Conference proceeding; Innovation
index was obtained from WIPO [108]; n.r.: not reported.

Table A2. Results of moderator analysis (large sample size vs. small sample size).

Relationships Sample Size
Category

No. of
Occurrences Sample Size Combined

Effect Size 95% CI Between Groups
Tests (QB) p-Value

BI-UB
Large 10 2525 0.526 0.357–0.662

1.083 0.298Small 7 627 0.644 0.463–0.773

FC-UB
Large 6 1580 0.218 0.106–0.324

14.270 0.000Small 6 554 0.512 0.404–0.606

PE-BI
Large 21 5412 0.519 0.417–0.608

0.172 0.678Small 28 2517 0.491 0.396–0.575

EE-BI
Large 18 5011 0.413 0.287–0.526

3.657 0.056Small 27 2366 0.249 0.130–0.361

SI-BI
Large 12 2658 0.402 0.287–0.506

0.669 0.413Small 8 678 0.475 0.330–0.598

PV-BI
Large 7 2249 0.197 −0.013–0.390

0.012 0.913Small 3 273 0.175 −0.160–0.474

FC-BI
Large 13 3418 0.337 0.209–0.454

0.098 0.754Small 16 1393 0.364 0.243–0.474

EE-PE
Large 16 4785 0.379 0.176–0.551

0.001 0.973Small 20 1766 0.383 0.199–0.541

Table A3. Results of moderator analysis (developing economy vs. developed economy).

Relationships Economic Level
Category

No. of
Occurrences Sample Size Combined

Effect Size 95% CI Between Groups
Tests (QB) p-Value

BI-UB
Developing 15 2795 0.562 0.431–0.669

0.464 0.496Developed 2 357 0.673 0.316–0.863

FC-UB
Developing 10 1874 0.323 0.216–0.423

3.235 0.072Developed 2 257 0.547 0.322–0.714

PE-BI
Developing 42 7248 0.513 0.440–0.579

0.470 0.493Developed 7 681 0.444 0.237–0.613
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Table A3. Cont.

Relationships Economic Level
Category

No. of
Occurrences Sample Size Combined

Effect Size 95% CI Between Groups
Tests (QB) p-Value

EE-BI
Developing 39 6873 0.311 0.214–0.402

0.329 0.566Developed 6 504 0.386 0.133–0.592

SI-BI
Developing 15 2645 0.437 0.332–0.531

0.080 0.777Developed 5 688 0.407 0.215–0.569

PV-BI
Developing 8 2271 0.206 0.006–0.391

0.126 0.723Developed 2 251 0.125 −0.283–0.494

FC-BI
Developing 21 3916 0.360 0.258–0.454

0.114 0.735Developed 8 895 0.327 0.152–0.482

EE-PE
Developing 33 5666 0.401 0.304–0.489

2.731 0.098Developed 3 885 0.099 −0.264–0.437

Table A4. Results of moderator analysis (large power distance vs. small power distance).

Relationships Culture Category No. of
Occurrences Sample Size Combined

Effect Size 95% CI Between Groups
Tests (QB) p-Value

BI-UB
Large 10 2285 0.542 0.371–0.677

0.489 0.484Small 7 867 0.623 0.432–0.760

FC-UB
Large 6 1269 0.298 0.115–0.462

2.867 0.238Small 5 870 0.460 0.301–0.593

PE-BI
Large 29 4704 0.475 0.383–0.558

1.010 0.315Small 20 3225 0.543 0.439–0.634

EE-BI
Large 26 4329 0.256 0.140–0.364

3.213 0.073Small 19 3048 0.407 0.282–0.518

SI-BI
Large 10 1877 0.358 0.222–0.481

3.343 0.188Small 9 1456 0.517 0.389–0.625

PV-BI
Large 7 1356 0.206 −0.021–0.413

0.057 0.811Small 3 1166 0.157 −0.185–0.465

FC-BI
Large 16 2718 0.325 0.206–0.434

0.490 0.484Small 13 2093 0.385 0.255–0.502

EE-PE
Large 21 3293 0.369 0.191–0.523

0.053 0.817Small 15 3258 0.399 0.190–0.573

Table A5. Results of moderator analysis (individualism vs. collectivism).

Relationships Culture Category No. of
Occurrences Sample Size Combined

Effect Size 95% CI Between Groups
Tests (QB) p-Value

BI-UB
Individualism 3 187 0.688 0.409–0.849

0.967 0.325Collectivism 14 2965 0.551 0.415–0.663

FC-UB
Individualism 3 187 0.597 0.421–0.729

8.680 0.013Collectivism 8 1947 0.306 0.191–0.413

PE-BI
Individualism 9 741 0.481 0.302–0.627

0.090 0.764Collectivism 40 7188 0.508 0.433–0.576

EE-BI
Individualism 9 748 0.411 0.207–0.581

1.006 0.316Collectivism 36 6629 0.299 0.198–0.394

SI-BI
Individualism 6 718 0.475 0.299–0.620

0.558 0.757Collectivism 13 2615 0.418 0.299–0.524

PV-BI
Individualism 2 361 0.056 −0.341–0.436

0.535 0.465Collectivism 8 2161 0.224 0.021–0.409

FC-BI
Individualism 9 925 0.454 0.293–0.590

2.218 0.136Collectivism 20 3886 0.313 0.209–0.410

EE-PE
Individualism 6 1008 0.411 0.137–0.626

0.071 0.789Collectivism 30 5543 0.373 0.259–0.478
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Table A6. Results of moderator analysis (masculinity vs. femininity).

Relationships Culture Category No. of
Occurrences Sample Size Combined

Effect Size 95% CI Between Groups
Tests (QB) p-Value

BI-UB
Masculinity 13 2472 0.576 0.434–0.691

0.001 0.982Femininity 4 680 0.573 0.298–0.760

FC-UB
Masculinity 10 1615 0.408 0.263–0.535

1.231 0.540Femininity 2 683 0.330 0.086–0.537

PE-BI
Masculinity 30 4390 0.475 0.383–0.557

1.096 0.295Femininity 19 3539 0.546 0.440–0.636

EE-BI
Masculinity 30 4511 0.301 0.192–0.402

0.418 0.518Femininity 15 2886 0.359 0.211–0.491

SI-BI
Masculinity 14 2640 0.402 0.286–0.506

1.348 0.510Femininity 5 693 0.500 0.343–0.630

PV-BI
Masculinity 7 1460 0.219 −0.005–0.422

0.210 0.647Femininity 3 1062 0.124 −0.219–0.441

FC-BI
Masculinity 22 3335 0.391 0.284–0.477

1.778 0.182Femininity 7 1476 0.243 0.046–0.421

EE-PE
Masculinity 23 4100 0.376 0.211–0.519

0.014 0.905Femininity 13 2451 0.391 0.172–0.573

Table A7. Results of moderator analysis (high uncertainty avoidance vs. weak uncertainty avoidance).

Relationships Culture Category No. of
Occurrences Sample Size Combined

Effect Size 95% CI Between Groups
Tests (QB) p-Value

BI-UB
High 4 680 0.573 0.298–0.760

0.001 0.982Weak 13 2472 0.576 0.434–0.691

FC-UB
High 2 411 0.330 0.086–0.537

1.231 0.540Weak 9 1723 0.408 0.263–0.535

PE-BI
High 14 2712 0.536 0.409–0.642

0.397 0.529Weak 35 5217 0.490 0.407–0.565

EE-BI
High 14 2541 0.352 0.197–0.490

0.251 0.616Weak 31 4836 0.306 0.199–0.406

SI-BI
High 4 539 0.543 0.387–0.669

2.972 0.226Weak 15 2794 0.391 0.284–0.488

PV-BI
High 3 1062 0.124 −0.219–0.441

0.210 0.647Weak 7 1460 0.219 −0.005–0.422

FC-BI
High 6 1322 0.238 0.024–0.431

1.567 0.211Weak 23 3489 0.380 0.281–0.471

EE-PE
High 12 2468 0.385 0.155–0.576

0.002 0.963Weak 24 4083 0.379 0.218–0.520

Table A8. Results of moderator analysis (long-term orientation vs. short-term orientation).

Relationships Culture Category No. of
Occurrences Sample Size Combined

Effect Size 95% CI Between Groups
Tests (QB) p-Value

BI-UB
Long-term 12 2442 0.565 0.415–0.685

0.086 0.770Short-term 5 710 0.602 0.363–0.766

FC-UB
Long-term 8 1421 0.369 0.212–0.508

1.035 0.596Short-term 3 713 0.417 0.206–0.590

PE-BI
Long-term 31 5629 0.525 0.442–0.599

0.766 0.381Short-term 18 2300 0.464 0.344–0.569

EE-BI
Long-term 27 4774 0.308 0.191–0.416

0.129 0.720Short-term 18 2603 0.340 0.197–0.469

SI-BI
Long-term 12 2548 0.409 0.280–0.524

0.685 0.710Short-term 7 785 0.472 0.323–0.598
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Table A8. Cont.

Relationships Culture Category No. of
Occurrences Sample Size Combined

Effect Size 95% CI Between Groups
Tests (QB) p-Value

PV-BI
Long-term 6 1571 0.129 −0.109–0.352

0.687 0.407Short-term 4 951 0.281 −0.003–0.524

FC-BI
Long-term 19 3835 0.319 0.213–0.417

1.366 0.243Short-term 10 976 0.427 0.272–0.560

EE-PE
Long-term 26 5195 0.329 0.167–0.474

1.670 0.196Short-term 10 1356 0.508 0.271–0.686

Table A9. Results of moderator analysis (indulgence vs. restraint).

Relationships Culture Category No. of
Occurrences Sample Size Combined

Effect Size 95% CI Between Groups
Tests (QB) p-Value

BI-UB
Indulgence 7 867 0.623 0.432–0.760

0.489 0.484Restraint 10 2285 0.542 0.371–0.677

FC-UB
Indulgence 5 870 0.460 0.301–0.593

2.867 0.238Restraint 6 1264 0.298 0.115–0.462

PE-BI
Indulgence 14 1582 0.459 0.319–0.580

0.640 0.424Restraint 35 6347 0.520 0.441–0.590

EE-BI
Indulgence 13 1708 0.359 0.190–0.507

0.296 0.586Restraint 32 5659 0.306 0.199–0.405

SI-BI
Indulgence 7 718 0.471 0.320–0.599

0.649 0.723Restraint 12 2615 0.410 0.280–0.525

PV-BI
Indulgence 4 957 0.281 −0.003–0.524

0.687 0.407Restraint 6 1565 0.129 −0.109–0.352

FC-BI
Indulgence 11 1202 0.428 0.283–0.555

1.688 0.194Restraint 18 3609 0.312 0.202–0.413

EE-PE
Indulgence 8 1511 0.487 0.229–0.682

0.946 0.331Restraint 28 5040 0.349 0.203–0.480
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