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Abstract
Background: Health care technology adoption is key to improving patient care, enhancing operational efficiency, and
ensuring better health outcomes. Examining the determinants that influence the acceptance and sustainable use of health care
technologies is crucial for system developers, health care providers, and policymakers. The Unified Theory of Acceptance and
Use of Technology (UTAUT) and task-technology fit (TTF) theoretical models offer a comprehensive framework to assess
these determinants systematically, with UTAUT focusing on usage intentions (UI) and TTF emphasizing task-technology
alignment for system usefulness, usability, and satisfaction.
Objective: This systematic review and meta-analysis aimed to identify and analyze the key factors influencing the adoption
of health care technologies based on an integrated UTAUT and TTF framework. By synthesizing existing literature, the study
seeks to provide valuable insights for stakeholders to implement innovative and effective solutions in the health care domain.
Methods: A search was conducted across a range of databases, including MEDLINE and Embase, IEEE Xplore, ScienceDir-
ect, Scopus, CINAHL, Google Scholar, and Web of Science. Inclusion criteria covered studies applying either the UTAUT
model, the TTF model, or both to health care technology adoption, published in English between 2012 and 2025. Exclusion
criteria included nonquantitative studies, studies not focused on a health care setting, and those lacking sufficient data for
meta-analysis. The reviewers collaborated to decide on the final papers for inclusion in the review through Covidence, the
Cochrane Collaboration’s platform for systematic reviews. Data collection involved extracting quantitative data (eg, sample
sizes, reliabilities, and standardized path coefficients) analyzed using meta-analytic techniques with a random-effects model in
R software (R Development Core Team) to combine findings and calculate effect sizes.
Results: A total of 50 studies (35 UTAUT with 20,723 participants and 15 TTF with 4041 participants) met the inclusion
criteria, representing various health care technologies, such as electronic health records, telemedicine platforms, and mobile
health apps. The meta-analysis revealed that performance expectancy emerged as the most significant predictor of UI (β=.304;
P<.001), while UI was the primary predictor of usage behavior (β=.199; P<.001). Other UTAUT predictors included effort
expectancy (β=.177; P<.001), social influence (β=.167; P<.001), and facilitating conditions (β=.105; P<.001). For TTF,
technology characteristics had the strongest effect on TTF (β=.445; P<.001), followed by TTF on UI (β=.271; P<.001) and
task characteristics on TTF (β=.263; P<.001). Variability across settings and regions suggests contextual influences, with high
heterogeneity (I²=81.90%‐94.87%).
Conclusions: This study provides valuable insights for enhancing health care technology adoption by integrating UTAUT
and TTF, highlighting performance expectancy, effort expectancy, social influence, facilitating conditions, task characteristics,
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technology characteristics, and TTF as key drivers. The findings, assessing system usefulness, usability, and satisfaction, can
guide interventions to improve adoption and health care delivery.
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Introduction
Background
The Unified Theory of Acceptance and Use of Technol-
ogy (UTAUT) has emerged as a comprehensive framework
to identify the factors influencing technology usage and
acceptance. Originally, this model was proposed by Venka-
tesh et al [1], and UTAUT integrates constructs from 8
models, namely Technology Acceptance Model, Theory of
Reasoned Action, Motivational Model, Theory of Planned
Behavior, Combined Technology Acceptance Model and
Theory of Planned Behavior, Model of Personal Com-
puter Utilization, Innovation Diffusion Theory, and Social
Cognitive Theory. The theory identifies four key constructs,
namely performance expectancy (PE), effort expectancy (EE),
social influence (SI), and facilitating conditions (FC) that
directly influence usage intention (UI) and usage behavior
(UB) [1]. Complementing UTAUT, the task-technology fit
(TTF) model, introduced by Goodhue and Thompson [2],
focuses on the alignment between task requirements (task
characteristics [TC]) and technology functionalities (technol-
ogy characteristics [TechC]) [2] to predict UI and technol-
ogy use, particularly relevant for assessing system usefulness,
usability, and satisfaction.

The health care sector is heavily dependent on technology
for enhancing patient outcomes and operational efficiencies,
which provides opportunities for the application of UTAUT
and TTF. With the rapid digital transformation in health care,
the adoption of technologies, such as telemedicine, mobile
health (mHealth) apps, integrated technologies, such as
electronic health records (EHRs), wearable devices, machine
learning, artificial intelligence, and other health information
systems, is important [3,4]. The application of UTAUT in
this setting can provide insights into how clinicians and
patients interact with these technologies and the aspects that
can influence their acceptance of technologies. Similarly,
TTF offers insights into how well these technologies align
with health care–specific tasks, enhancing adoption through
functional fit [5].

Previous studies have revealed that PE, the degree to
which using a technology will provide advantages to the
user in executing certain tasks, is a significant predictor of
technology adoption in health care. For example, prior studies
have indicated that health care professionals are more likely
to adopt EHR systems if they believe these systems will
enhance their job performance by improving patient care
and increasing efficiency. Similarly, EE notably affects the
UI of health technologies. Technologies that are identified
as easy to use are more likely to be adopted by health

care professionals and patients [6]. SI, defined as the degree
to which persons observe others believe that they should
use the new system. This factor also plays a critical role
in technology adoption in health care. For instance, peer
influence, recommendations from superiors, and health care
leaders can significantly influence the acceptance and use of
health technologies. This is particularly related in health care
settings where teamwork and collaboration are important [7,
8]. FC, which refers to the extent to which a user believes
that organizational and technical infrastructure supports the
use of the system, is also critical in the health care context.
Technical support, sufficient resources, and adequate training
programs can substantially influence the adoption of health
technologies. Studies have shown that when health care
professionals feel supported by their organization in terms
of resources and necessary training, they are more likely to
adopt and use new technologies [9,10]. Additionally, TTF
research highlights that alignment between TC and TechC,
as seen in studies like [11], enhances adoption by ensuring
technologies meet specific task needs.

The application of UTAUT in the health care domain
demands a detailed examination. This study extends this
examination by integrating TTF to provide a more robust and
holistic view of adoption determinants. This study aims to
conduct a systematic literature review (SLR) and meta-analy-
sis to synthesize this research on the application of UTAUT
and TTF specifically in the health care context, bridging
a critical gap in the literature. By analyzing studies that
apply UTAUT and TTF to diverse health care technologies,
this research seeks to identify the key elements influencing
technology acceptance. A thorough review of the literature
reveals that while UTAUT has been widely applied in various
industries, there are still inconsistencies in the findings across
different studies, even in the health care setting. For example,
while some studies highlight PE as the most significant
element of technology acceptance in health care [12,13],
some studies emphasize that the role of SI or FC is signif-
icant [14,15]. However, some studies demonstrate that SI
or FC do not significantly impact technology adoption [16,
17]. These inconsistencies emphasize the requirement for a
systematic review and meta-analysis to integrate the findings
and provide a clear and solid understanding of the aspects
influencing technology acceptance in health care. This study
will use meta-analytic techniques to combine the findings
from multiple studies gathered through SLR. Therefore, this
study will increase statistical power, providing more reliable
findings of the effect sizes of various UTAUT and TTF
constructs. Multimedia Appendix 1 [11,12,15-62] summarizes
previous UTAUT and TTF studies.
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Moreover, UTAUT has been extended and modified in
various studies to better fit the specific context of health
care. For example, Cimperman et al [6] extended the UTAUT
model to include perceived security as a factor impacting
the adoption of health information technologies (HITs).
Similarly, researchers incorporated additional constructs, such
as anxiety, data security, motivation, and perceived benefits,
to study the acceptance of telehealth equipment by patients
and clinicians, providing a stronger understanding of the
elements influencing technology adoption in health care [18-
20]. Likewise, TTF has been adapted to assess performance
impact, enriching the model’s applicability [21].
Research Model and Hypotheses
Development
This study specifically focuses on the health care setting,
examining how PE, EE, SI, and FC influence UI and UB.
This analysis is extended by integrating the TTF model to
assess how TC and TechC influence TTF and subsequently
UI. The research model suggests that PE (H1), EE (H2),
SI (H3), and FC (H4) are the primary drivers of UI. Further-
more, FC (H5) and UI (H6) significantly influence UB. The
TTF model posits that TC (H7) and TechC (H8) positively
affect TTF, which in turn influences UI (H9), providing a
comprehensive framework for evaluating system usefulness,
usability, and satisfaction.

PE refers to the extent to which an individual perceives
that using a specific technology will assist them in achiev-
ing gains in health management and outcomes [1]. Tian and
Wu [22] found that PE is the most critical factor influ-
encing the continuance intention of health care technology
users, particularly among older patients with chronic diseases.
Zhou et al [63] highlighted the importance of PE in driv-
ing user intentions by showing that the perceived usefulness
of mHealth apps was a critical factor in their adoption.
The perception that health care technologies can effectively
manage health issues and improve health outcomes drives
users’ intentions to adopt and continue using these technol-
ogies [22,23,64]. However, a study conducted by Arfi et
al [24] revealed that PE has no impact on the intention
to use the Internet of Things (IoT) for eHealth. Therefore,
H1 was proposed: PE will be significantly and positively
linked with UI within the health sector. EE is defined as
“the degree of ease associated with the use of the system”
[1]. Venugopal [25] found that EE positively impacts the
UI of clinical staff toward the use of EHRs and telemedi-
cine. Qvist et al [19] emphasized that ease of use signifi-
cantly affects users’ satisfaction and their intent to continue
using health care services. EE was found to positively
influence both PE and UI, indicating that ease of use leads
to higher adoption rates [26]. This relationship is consis-
tent across various health technologies, including telemedi-
cine and chronic disease management tools, highlighting
the importance of user-friendly designs to enhance technol-
ogy adoption and usage in health care [18]. In a compre-
hensive review of UTAUT applications, EE consistently
emerged as a significant factor influencing the acceptance
and usage of HITs [27]. For example, Lathifah et al [28]

found that EE was an important element predicting the
intention to adopt HIT among community health workers
in Indonesia. However, a study conducted by Schmitz et
al [29] identified EE as a nonsignificant factor impacting
the UI to use virtual doctor appointments. Thus, H2 was
formulated: EE will be significantly and positively associated
with UI within the health sector. SI refers to the degree to
which an individual perceives the importance of what others
believe they should use a new system [1]. This hypothesis
is supported by the recognition that social factors, such as
friends’ recommendations, family, and health care providers,
play an important role in shaping users’ intentions to adopt
health care technologies. Numerous studies have shown that
SI is a strong determinant of technology adoption among
health care professionals [30,65]. For instance, research by
Wu et al [62] found that SI significantly influences the
intention to continue using health care technologies among
older users. However, García de Blanes Sebastián et al
[31] demonstrated that SI is a nonsignificant factor that
impacts the adoption of virtual assistants. Additionally, SI
affects consumers’ trust and information quality perception,
which in turn influences their intention to use digital health
care solutions during the COVID-19 pandemic [30,32,33].
Therefore, H3 was proposed: SI will be significantly and
positively associated with UI within the health sector. FC
refers to the extent to which an individual perceives that
there is sufficient organizational and technical infrastructure
to support the use of a system [1]. This includes the availabil-
ity of resources, knowledge, and technical support necessary
for the effective use of health care technologies. Venugopal
[25] found that FC significantly influenced the intention to
use EHR and telemedicine among clinical staff. Access to
necessary technical support and infrastructure was crucial
for adoption. Prior research has shown that FC significantly
influences UI in health care [66]. For instance, Jewer [66]
found that FC significantly influenced the intention to use
the emergency department wait times website, while another
study led by Araújo et al [34] showed that FC is a nonsigni-
ficant predictor of UI. Thus, H4 was suggested: FC will
be positively and significantly associated with UI within
the health sector. The empirical findings indicate that FC
significantly impacts UB. Studies have shown that techni-
cal support and organizational resources facilitate the actual
use of technologies in health care settings [67,68]. For
instance, Cao et al [67] demonstrated that FC was closely
associated with the UB of mHealth apps among users in
Japan, and another study conducted by Owusu Kwateng et
al [35] revealed the positive impact of FC on UB. Therefore,
H5 was proposed: FC will be positively and significantly
associated with UB within the health sector. UI is defined as
the individual’s readiness to use the technology. In health
care, UI is a strong predictor of actual technology use.
Numerous studies have validated the significant relationship
between UI and UB [62,69]. For example, Wu et al [62]
found that the intention to use mHealth apps significantly
predicted their actual usage among health care professionals
in China. Thus, H6 was proposed: UI will be significantly
and positively associated with UB within the health sector.
TC refers to the specific tasks health care professionals and
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patients need to perform, such as clinical decision-making
or patient monitoring, while TechC encompasses the features
and functionalities of technologies designed to support these
tasks. Wang et al [11] demonstrated that a strong TC-TechC
alignment enhances TTF, which significantly predicts UI in
wearable device adoption. However, Kang et al [36] found
TC-TTF to be nonsignificant, suggesting context-dependent
effects. Thus, the following hypotheses are proposed: (1) H7:
TC will be positively associated with TTF, (2) H8: TechC

will be positively associated with TTF, and (3) H9: TTF will
be positively associated with UI.

The research model (Figure 1) provides a comprehensive
framework for examining the determinants influencing the
adoption of HITs in health care settings. By examining the
core constructs of UTAUT, this integrated UTAUT and TTF
study aims to offer valuable insights into the determinants of
technology acceptance among health care professionals.

Figure 1. Integrated Unified Theory of Acceptance and Use of Technology and task-technology fit research model.

Methods
Study Selection
To systematically review and meta-analyze the adoption
of the integrated UTAUT and TTF models in health care
settings, we followed a structured process based on the
guidelines of the PRISMA (Preferred Reporting Items for
Systematic Reviews and Meta-Analyses) and methodologies
from prior meta-analytic studies [70]. Checklist 1 provides
the PRISMA checklist. We conducted database searches
on several databases, including MEDLINE and Embase,

IEEE Xplore, Science Direct, Scopus, CINAHL, Google
Scholar, and Web of Science, applying a combination of
health care and adoption terms. Search results were impor-
ted into EndNote (Clarivate) to remove duplicates and then
uploaded into Covidence software (Veritas Health Innovation
Ltd). Multimedia Appendix 2 provides the MEDLINE search
strategy, with additional database search strings.
Eligibility Criteria
Studies that met the criteria listed in Textbox 1 were included
to ensure the relevance and quality of the included studies.

Textbox 1. Inclusion criteria.
• The studies must focus on health care services and applications delivered via digital technologies, including electronic

health records, mobile health, telehealth, and other health information technologies.
• The publications must be in English.
• The studies must discuss quantitative data in detail, for example, sample sizes and reliabilities (composite reliability

or Cronbach α and standardized path coefficients [β]).
• Studies published between 2012‐2025.

The selection process involved a 2-step screening approach.
First, titles and abstracts of the articles identified through the
search were reviewed for relevance. All articles that satisfied
the inclusion criteria were then subjected to a full-text review.
Covidence was used as a tool for screening, full-text review,
and management. Each title and abstract of the articles
was assessed independently by 2 reviewers (AT and ZS) to
minimize selection bias. Discrepancies between the review-
ers were resolved through a third reviewer (NW). Articles
that passed the initial screening were reviewed in full text
independently by 2 reviewers (AT and ZS). Discrepancies

of the full-text review between the reviewers were resolved
through a third reviewer (NW).
Coding Data
After gathering the related articles, the basic details were
coded for each study. This included the title, publica-
tion year, author, journal, study design, main theory, and
country. Quantitative data were gathered separately, focusing
on the relationships between independent and dependent
variables. These data included the size of the sample,
reliability measures, composite reliability (CR), Cronbach α,
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validity (average variance extracted), standardized effect sizes
(β-based), and significance of results (2-tailed t test and P
values). To increase the number of included path coefficients
and improve the precision of the meta-analysis, constructs
with different labels but similar conceptual meanings and
definitions to those in the UTAUT and TTF models were
merged into a single factor [37,71]. For instance, behavio-
ral intention is viewed as UI. As a result, 50 studies were
considered for this meta-analysis.
Statistical Analysis
A meta-analysis was performed to compile the 207 correc-
ted estimates from 50 publications using R software. This
method offers a consolidated perspective of research findings
by quantitatively integrating both significant and nonsigni-
ficant results into combined outcomes [71]. Meta-analysis
helps reinforce existing findings by consolidating results from
multiple studies, thereby providing a more robust and reliable
conclusion. Additionally, it identifies gaps in empirical
evidence, highlighting areas where research is lacking or
inconsistent, which in turn guides future research directions
[14]. Furthermore, meta-analysis is useful for hypothesis
testing, as it combines data from various sources to test the
overall validity of research hypotheses [71]. In meta-analysis,
2 main statistical models are used to estimate the overall
effect, namely the fixed-effect model and the random-effects
model. Considering the included publications in this study,
which come from various countries and report different
effect sizes, we assumed that the random-effects model using
R software would be more appropriate for calculating the
weighted mean effect sizes for each UTAUT and TTF path
relationship [72]. Effect sizes were computed as weighted
mean path coefficients (β) using a random-effects model in R

software, with weights based on inverse variance to account
for variability in study designs, sample sizes, and health
care contexts. This model was chosen to accommodate the
diverse effect sizes and study origins, ensuring a generaliz-
able summary effect. Heterogeneity was evaluated using I²
metrics, with values ranging from 81.9% to 94.87% indicat-
ing substantial heterogeneity, likely due to regional, cultural,
or technological differences across the 35 UTAUT and 15
TTF studies. Publication bias was not formally assessed;
however, including both significant and nonsignificant results
reduces potential bias. Future studies should use funnel plots
and Egger test to evaluate publication bias explicitly. This
approach ensures robust and generalizable findings across
diverse health care settings.

Results
Overview
The systematic review commenced with the identification
of 691 potential studies from various databases, namely,
IEEE (22/691, 3.2%), MEDLINE and Embase (134/691,
19.4%), ScienceDirect (149/691, 21.6%), Scopus (286/691,
41.4%), CINAHL (44/691, 6.4%), Google Scholar (18/691,
2.6%), and Web of Science (38/691, 5.5%). After
removing duplicates (171/691, 24.8%), the titles and
abstracts of 520 studies were screened. From these, 390
full-text articles were reviewed as eligible studies, resulting
in 50 studies [11,12,15-62] (12.8% of the full-text articles
assessed) being included in the final meta-analysis. The
studies were excluded for not being related to digital
health solutions, not relating to UTAUT or TTF, or not
being quantitative studies (Figure 2).

Figure 2. PRISMA (Preferred Reporting Items for Systematic Reviews and Meta-Analyses) flow diagram for the integrated Unified Theory of
Acceptance and Use of Technology and task-technology fit systematic review and meta-analysis. TTF: task-technology fit; UTAUT: Unified Theory
of Acceptance and Use of Technology.
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The studies involved in this meta-analysis span various
geographic regions (Figure 3) and use diverse methodolo-
gies to examine the factors influencing the adoption and
acceptance of digital health technologies. The studies used
a range of designs, including survey studies, cross-sectional
analyses, and mixed methods approaches, and were conduc-
ted in various countries, highlighting the global interest and
research efforts in understanding the adoption of digital health
technologies.

Several demographic variables were reported across 50
different studies involving diverse populations. Most of the
samples included individuals from diverse age groups, with
all studies reporting age as a demographic variable. Gender
was another frequently reported variable, present in 49

studies [11,12,15-59,61,73]. Education level was recorded
in 20 studies [11,15,17,20,22,23,27,28,31,32,37-39,41,42,45,
49,51,57,59], while marital and occupational status were
less commonly reported, appearing in only 3 studies [32,36,
37] and 7 studies [11,12,19,37,39,52,56], respectively. Some
studies also recorded experience and work role, with 6 studies
[25,26,33,43-45] each noting these variables. Other varia-
bles, such as income, familiarity with telemedicine, residence
type, role, religion, nationality, chronic disease status, stage
of disease, diabetic type, and disease duration, were also
reported across the studies. This analysis emphasizes the need
for comprehensive demographic profiling to better understand
the diverse populations involved in studies in the health
sector.

Figure 3. Distribution of articles by country.

Descriptive Analysis of Outcomes
Table 1 offers a detailed explanation of the 9 relationships
between the variables within the health care context. The
path coefficients exhibit significant variation across differ-
ent studies. For instance, the path coefficients for PE to
UI range from −0.023 to 0.753, for UI to UB range from
−0.31 to 0.538, for SI to UI range from −0.088 to 0.718,
and for EE to UI range from −0.280 to 0.884. Additionally,
TTF-related paths range from −0.209 to 0.780 for TC-TTF,
0.199 to 0.780 for TechC-TTF, and −0.209 to 0.712 for
TTF-UI. Additionally, the number of studies investigating
each relationship varies notably. The PE-UI and EE-UI
relationships were assessed in 35 studies [12,15-20,22-35,37-
44,46-50,61], the FC-UI relationship in 31 studies [12,15-
17,19,20,22-24,26-31,33-35,37-39,41-44,46-50,61], and the
SI-UI relationship in 33 studies [12,15-20,22-34,37,39-44,46-
50,61]. In comparison, only 17 studies [12,17,25-27,33,35,
37,40-43,46,47,49,50,61] analyzed the UI-UB relationship,
and 13 studies [16,25-27,33,35,38,41-43,46,47,61] examined
the FC-UB link. The TC-TTF, TechC-TTF, and TTF-UI
relationships were assessed in 14 [11,21,36,45,51-60], 15
[11,21,36,45,51-60,73], and 14 [11,21,36,45,51-53,55-60,73]
studies, respectively.

Most empirical studies on health care technology adoption
reported β values consistent with the UTAUT and TTF
theories. Specifically, 86% of the PE-UI relationships, 74%

of the EE-UI relationships, 71% of the UI-UB relationships,
and 69% of the FC-UB relationships were positive and
statistically significant. For TTF, 93% of TC-TTF, 100% of
TechC-TTF, and 93% of TTF-UI relationships were positive
and significant. However, there is variability in the signifi-
cance and direction of some relationships. For instance, 64%
of the observations for the SI-UI relationship were significant
and positive, 24% were positive but not significant, and 12%
were negative and nonsignificant.
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Weight Analysis Outcomes
Table 1 also presents a summary of the weight analysis
for UTAUT and TTF-related relationships. The strength of
each predictor was assessed based on 2 criteria, classifying
them as either “experimental” or “well-used” [74]. Well-uti-
lized predictors are extensively used and accepted in the
field, backed by strong theory, substantial empirical evidence,
and practical application. Experimental predictors are less
common and newer to the field, often undergoing exploration
and testing with limited empirical support and application in
research and practice. In this study, all relationships were
well-utilized, indicating that the behavioral determinants of
PE, EE, SI, FC, and UI, and the task-technology alignment
factors of TC, TechC, and TTF are commonly used constructs
across studies related to health care technology.

A weight was assigned to each causal link by divid-
ing the number of significant relationships (both positive
and negative) by the total number of observations for that
relationship [74]. The strongest predictors in the health care
technology adoption literature were identified as PE on
UI (weight=0.857), EE on UI (weight=0.800), and UI on
UB (weight=0.882). For TTF, the strongest predictors were
TechC on TTF (weight=1), TC on TTF (weight=0.929), and
TTF on UI (weight=0.929), reflecting robust task-technology
alignment.
Meta-Analysis Outcomes
Table 2 provides the effect sizes (weighted mean), signifi-
cance levels (95% CIs). The meta-analysis confirms that all
hypotheses (H1 through H6) are supported, demonstrating
significant associations within the integrated UTAUT and

TTF model for health care technology adoption. PE (H1:
β=.304; P<.001) is a strong predictor of UI among health
care professionals, with EE (H2: β=.177; P<.001) and SI (H3:
β=.167; P<.001) also showing significant positive associa-
tions. Although the β-value for FC (H4: β=.105; P<.001) is
relatively small, it suggests a likely significant association
with UI. FC (H5: β=.155; P<.001) significantly influences
UB, and UI (H6: β=.199; P<.001) emerges as the strongest
predictor of actual UB among health care professionals. For
TTF, TC (H7: β=.263; P<.001) and TechC (H8: β=.445;
P<.001) positively influence TTF, which in turn predicts
UI (H9: β=.271; P<.001), with TechC-TTF showing the
strongest effect. Notably, the relationship between PE and UI
(H1) is the strongest, followed by the relationship between UI
and UB (H6). The weakest, though still significant, relation-
ship is between FC and UI (H4). All constructs demonstrate
good to excellent reliability and validity, as indicated by
high average variance extracted, CR, and Cronbach α values,
reinforcing the robustness of the findings and laying a strong
foundation for future research and practical implementation in
health care technology adoption (Figure 4).

With respect to estimating precision, some mean effect
sizes were more precise than others. The 95% CIs for EE on
UI (0.164‐0.191) and PE on UI (0.290‐0.317) were rela-
tively narrow, indicating higher precision in estimating the
mean effect sizes for the EE-UI and PE-UI relationships.
Conversely, the 95% CI for FC on UB (0.127‐0.183) was
wider, suggesting lower precision in the FC-UB estimate.
Similarly, TC-TTF (0.231‐0.296) showed wider intervals,
reflecting higher variability, while TechC-TTF (0.414‐0.476)
indicated strong precision.

Table 2. Meta-analysis of path coefficients, total sample sizes, significance, and CI values.

Path Number of occurrences TSSa Meta β (95% CI)b
Heterogeneity test

P value (β)Q I2

PEc ➔ UId 35 20,723 0.304 (0.29-0.317) 223.2 85.2 <.001
EEe ➔ UI 35 20,723 0.177 (0.164-0.191) 248 87.4 <.001
SIf ➔ UI 33 19,964 0.167 (0.153-0.18) 304.6 89.1 <.001
FCg ➔ UI 31 12,358 0.105 (0.088-0.123) 186.2 83.6 <.001
FC ➔ UBh 13 4943 0.155 (0.127-0.183) 70.9 81.9 <.001
UI ➔ UB 17 13,670 0.199 (0.183-0.216) 116.6 86.5 <.001
TechCi ➔ TTFj 15 4041 0.445 (0.414-0.476) 155.6 91 <.001
TCk ➔ TTF 14 3658 0.263 (0.231-0.296) 93.8 86.15 <.001
TTF ➔ BIl 14 3939 0.271 (0.237-0.299) 253.3 94.87 <.001

aTSS: total sample size.
bMeta β: weighted mean effect size.
cPE: performance expectancy.
dUI: usage intention.
eEE: effort expectancy.
fSI: social influence.
gFC: facilitating condition.
hUB: usage behavior.
iTechC: technology characteristic.
jTTF: task-technology fit.
kTC: task characteristic.
lBI: behavioral intention.
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Figure 4. The meta-analytic outcomes.

Discussion
Principal Findings
In the health care context of technology adoption, the
results from the meta-analysis provide robust support for
the integrated UTAUT and TTF model. PE was identified
as a significant predictor of UI, indicating that health care
professionals are more likely to adopt HITs if they perceive
the technology will enhance their job performance. This
finding aligns with previous studies by Hoque and Sorwar
[27], Nadaf and Mousavi [38], and Diel et al [18], who found
that perceived benefits significantly drive the intention to
use health systems. PE’s stronger effect (β=.304; P<.001)
compared to EE, SI, and FC likely reflects health care
professionals’ prioritization of technologies that enhance job
performance, such as EHRs improving patient care efficiency.
This aligns with Zhou et al [63], who noted PE’s domi-
nance in mHealth adoption. Our findings align with prior
UTAUT-based research, such as Hoque and Sorwar [27],
which identified PE as a consistent driver of UI in health care
settings. However, the inconsistent effects of SI and FC, as
noted in studies like García de Blanes Sebastián et al [31] and
Araújo et al [34], may stem from contextual factors, such as
cultural norms or organizational support levels. For instance,
SI’s weaker effect in some studies could reflect settings
where peer influence is less pronounced, such as individual-
istic cultures or noncollaborative health care environments.
Similarly, FC’s variability may relate to differences in
infrastructure availability, with resource-constrained settings
showing weaker effects [14,17]. EE also showed a strong
positive relationship with UI, suggesting that the perceived
ease of using health care technologies influences willingness
to adopt them. This is associated with research by Breil et
al [13] and Farhady et al [26], which demonstrated that ease
of use is crucial in technology acceptance among health care
workers. SI was another important factor affecting UI. The
findings suggest that health care professionals are more likely
to adopt new technologies if they perceive these solutions as
valued by important others (eg, peers and supervisors) and

believe they should use the technology [39,40]. This aligns
with the findings of Zhang et al [41] and Quaosar et al [42]
who highlighted the role of SI in the adoption of HITs. FC
significantly influenced both UI and UB. The availability of
organizational and technical support systems appears to be
important in encouraging health care professionals. Studies
by Alharbi [33] and Walle et al [37] have similarly empha-
sized the importance of supportive infrastructure in technol-
ogy adoption. UI was found to be the most critical predictor
of actual UB. This relationship highlights the importance of
understanding UI to predict the actual use of health technolo-
gies. The result is consistent with the technology acceptance
literature on UI, shown to be the predominant predictor of
UB in studies conducted with citizens using health informa-
tion applications [43,44]. For TTF, technology characteristics
(TechC) strongly predict TTF (β=.445; P<.001), with TTF
influencing UI (β=.271; P<.001), as supported by Wang et al
[11] and Hsieh and Lin [45]. This suggests that task-technol-
ogy alignment enhances adoption, particularly in contexts like
wearable devices and epidemic prevention systems, comple-
menting UTAUT’s behavioral focus. The pooled meta-ana-
lytic findings reconcile discrepancies in individual studies
by providing a weighted synthesis of effect sizes, revealing
consistent positive effects for all UTAUT and TTF constructs.
For example, while Arfi et al [24] found no PE-UI effect
for IoT in eHealth, our meta-analysis confirms PE’s overall
significance (β=.304; P<.001), suggesting context-specific
anomalies. This enhances generalizability across diverse
health care technologies (eg, EHRs and telemedicine), though
high heterogeneity indicates caution in applying findings
to resource-constrained or culturally distinct settings. The
integration enhances understanding of system usefulness (PE
and TTF), usability (EE and TC), and satisfaction (SI, FC,
and UI), aligning with the proposed model.
Theoretical Contributions
This meta-analysis makes several contributions to the existing
body of literature, particularly on health care technology
adoption. By confirming the applicability of the integrated
UTAUT and TTF model, it strengthens the validity of
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the models in the health care context. The study extends
previous research by including many empirical studies from
the existing literature, reexamining the discrepancies, and
providing a comprehensive synthesis of findings. It provides a
strong understanding of the key factors influencing technol-
ogy adoption, specifically in the health care setting. The
integration reconciles UTAUT’s behavioral inconsistencies
(eg, SI variability [14,17]) with TTF’s task-fit insights,
offering a holistic framework validated by meta-analytic
evidence. It provides a robust framework for understanding
key adoption factors, enhancing insights into system usability,
usefulness, and satisfaction.
Managerial Implications
From a practical perspective, the findings recommend
that health care organizations and policymakers focus on
enhancing PE, EE, SI, and FC to promote health technology
adoption. Training programs and administrative workflows
should be tailored to meet diverse demographic needs to
maximize adoption. For instance, a telemedicine adoption
initiative in rural Australia successfully increased PE by
demonstrating improved patient access to specialists, while
tailored training programs enhanced EE among clinicians,
leading to higher adoption rates. For example, younger
professionals may benefit from advanced technical support,
while educational initiatives can enhance adoption among
less experienced staff. Additionally, organizations should
prioritize TechC and TC alignment to optimize TTF, ensuring
technologies meet task-specific needs, supporting efficient
health care delivery, as shown in Taiwan-based studies.
Limitations and Future Research
Directions
This study has various limitations that should be addressed
in future research. While the meta-analysis provides valuable
insights, it is limited to studies published in English and
available in selected databases. Future research could expand
the scope to include various sources and languages. Addi-
tionally, this study focused on the core UTAUT and TTF
constructs. Therefore, future research should explore other
relevant factors, such as trust, perceived risk, security, and
organizational culture. Moreover, this meta-analysis primarily
considered quantitative studies. Including qualitative research
could provide a richer understanding of the contextual factors
influencing technology adoption. The high heterogeneity (I²
81.9%‐94.87%) suggests regional variations (eg, Taiwan vs
Ethiopia), and future research should be planned to explore
cultural influences. For example, collectivist cultures may
emphasize SI more than individualistic ones, contributing

to variability in SI-UI relationships, while differences in
technological infrastructure, such as those between Taiwan
and Ethiopia, may affect FC’s impact [14]. The lack of a
formal risk of bias assessment is a limitation, and future
studies should use the Joanna Briggs Institute or GRADE
(Grading of Recommendations Assessment, Development and
Evaluation) tools for transparency. The high heterogeneity
also warrants subgroup analyses and meta-regression. Future
work should also address publication bias using funnel plots
and the Egger test. By addressing these limitations, future
research can further enhance our understanding of technol-
ogy adoption in health care settings and support the develop-
ment of more effective strategies for promoting the use of
innovative health technologies.
Conclusions
Over the past 2 decades, research in the health care technol-
ogy sector has grown significantly. However, the reported
effect sizes in these studies often vary and sometimes
contradict each other. To address these inconsistencies, this
study conducted an SLR and meta-analysis, followed by a
weight analysis based on findings related to UTAUT and
TTF theories from 50 studies focused on health care settings.
The descriptive analysis showed that PE, EE, and SI were
the most used UTAUT variables in health care technology
adoption studies, which integrated these factors into their
theoretical models. TTF variables such as TechC and TTF
were also prominent, enhancing the model’s scope. This
meta-analysis’ results demonstrated that all path relationships
in the integrated UTAUT and TTF model were statistically
significant. Among the predictors, PE was identified as the
strongest driver of UI compared to EE, SI, and FC. Further-
more, UI was identified as a stronger determinant of UB than
facilitating conditions. TechC emerged as the strongest TTF
driver, reflecting its role in task alignment. Theoretically, the
meta-analysis advances the present knowledge on health care
technology adoption. It provides a more cohesive understand-
ing of the key factors influencing technology adoption in
health care settings. For managers and policymakers, the
findings highlight the importance of ensuring that health
technologies are perceived as beneficial, easy to use, and
socially recommended. Additionally, it is crucial to provide
adequate support and training to meet the diverse needs of
health care professionals. Ensuring TechC-TC fit can further
boost adoption by aligning tools with tasks. These efforts
will enhance technology adoption, thereby improving health
care delivery and patient outcomes. This study offers valuable
insights for both researchers and practitioners on how to
promote the effective adoption of HIT.
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