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alighment with technology characteristics. While TTF has been
widely applied across various domains, its application within
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intention to adopt healthcare technologies. The analysis reveals
that TTF is a significant predictor of technology use, offering
novel insights into the factors that drive successful healthcare
technology adoption. The findings contribute to both theoretical
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improving the design and implementation of digital healthcare
solutions. Healthcare solution designers are encouraged to apply
the TTF framework when evaluating new technologies to guide
technology design and evaluation in real-world healthcare
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1 Introduction

This study focuses on healthcare professionals broadly to capture diverse task
requirements across various roles such as clinicians, nurses, and administrators, as
TTPF’s applicability varies depending on specific tasks performed. The Task-
Technology Fit (TTF) model offers an important framework for understanding how
alighment between task requirements and technology functionality influences
adoption. Originally introduced by Goodhue & Thompson (1995), TTF suggests
that technology is more likely to be adopted when its capabilities match users’
specific tasks. The better the fit between task characteristics (T'C) and technology
features, the more likely users find the technology beneficial, enhancing performance
and increasing adoption likelihood. Unlike other adoption models, TTF uniquely
focuses on alignment between tasks and technology capabilities. While the
Technology Acceptance Model (TAM) emphasizes perceived usefulness and ease of
use, and the Unified Theory of Acceptance and Use of Technology (UTAUT)
examines performance expectancy, effort expectancy, social influence, and
facilitating conditions, TTF specifically addresses how well technology features
support task requirements. This distinctive focus makes TTF particulatly valuable
for understanding adoption in healthcare, where specific functionalities must closely
match clinical workflows and patient management requirements. Healthcare heavily
relies on technology to improve patient care, enhance clinical decision-making, and
streamline efficiency. Technologies like Electronic Health Records (EHR),
telemedicine platforms, mobile health applications, wearables, and health
information systems are increasingly integrated into healthcare settings (Gu et al.,
2021). Despite these advances, adoption and sustained use remain inconsistent
(Alkhalifah & Bukar, 2022), suggesting further research is needed to explore
determinants of technology adoption in healthcare contexts. TTF is particularly
relevant to healthcare due to the diverse and complex tasks performed by healthcare
professionals and patients. Clinicians manage patient records, coordinate care,
conduct diagnostics, and ensure treatment compliance. Patients with chronic
conditions monitor health metrics, adhere to medication schedules, track dietaty
intake, and manage appointments. A strong fit between these tasks and supporting
technologies is critical for effective adoption and use (Janssen et al., 2021). While
TTF has been applied in healthcare settings, its application remains limited
compared to other domains, leading to inconsistent findings. For example, some

studies suggest TTF significantly influences healthcare technology adoption, while
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others indicate this relationship may be moderated by factors such as organizational
support, user training, or technology complexity (Farivar et al., 2020). Additionally,
less attention has been paid to TTF’s role in predicting long-term usage. This
research gap highlights the need for more comprehensive studies examining how
healthcare-specific tasks align with technology features and how this alignment
influences both adoption and sustained use (Wang et al., 2023). The application of
TTF to healthcare technologies can provide valuable insights into how different
stakeholders such as clinicians, patients, and healthcare administrators interact with
digital health solutions. For clinicians, the fit between the technology and their tasks
might relate to how well the technology supports clinical decision-making, patient
monitoring, or data entry. For patients, particularly those managing chronic illnesses,
technology needs to align with their daily health tasks, such as tracking blood sugar
levels, managing diet, or scheduling medical appointments. Understanding these
different dimensions of TTF can help identify the factors that drive successful
adoption and long-term use, leading to better patient outcomes and more efficient
healthcare delivery (Winckler, 2022). Despite the growing interest in digital health
solutions, there remain significant challenges to their widespread adoption in
healthcare. Many healthcare professionals and patients are hesitant to use new
technologies due to concerns about ease of use, data security, and the perceived
benefits of the technology. Additionally, organizational factors such as the
availability of technical support, the provision of adequate training, and the
compatibility of new technologies with existing systems can influence whether a
technology is adopted or rejected (Lambert et al., 2023). Addressing these challenges
requires a deeper understanding of how healthcare-specific tasks align with the
functionality of the technologies being introduced.

2 Research Model and Hypotheses

This study focuses on understanding how TTT influences Behavioral Intention (BI)
in healthcare contexts. The TTF model theorizes that individuals are more likely to
use technology when they perceive a strong fit between their task requirements and
the technology’s functionalities. Our model extends the traditional TTF framework
by incorporating BI, which has been widely used in models such as UTAUT. While
the original TTF model focuses on how alignment between TC and Technology
Characteristics (TechC) impacts performance, our extended model investigates how

this alighment influences users’ intention to adopt healthcare technologies. Including
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BI provides a crucial link between TTT and actual technology adoption, particularly
important in healthcare where successful implementation depends on both
improved performance and user acceptance. This approach keeps the model focused
on adoption behaviors while providing insights into how task-technology alignment
influences engagement and usage intentions. Our model brings a unique perspective
compared to TAM and UTAUT by emphasizing the fit between healthcare tasks
and technology features rather than focusing primarily on perceptions or social
factors. This task-technology alignhment is particularly critical in clinical
environments where workflow integration directly impacts adoption outcomes. By
incorporating Bl into the TTT framework, we capture both the functional fit aspects
and the behavioral aspects of technology adoption in healthcare contexts. Our
research examines relationships between TC, TechC, TTF, and BI in healthcare
technology adoption (Figure 1). TC refers to healthcare-related tasks users need to
perform, while TechC encompasses features and functionalities designed to support
these tasks. TTF represents the degree to which technology features align with and
support user task requirements, and BI reflects users’ intention to adopt and use
healthcare technologies. The association between TC and TTF is particularly
important in healthcare settings where tasks are often complex, interdependent, and
time sensitive. When tasks require significant information processing, coordination
across multiple parties, or rapid decision-making, technology’s ability to support
these specific requirements becomes critical for adoption. Similarly, the alignment
between TechC and TTF highlights how technology features directly influence
perceived fit with healthcare tasks. This study excludes organizational context to
maintain a focus on task-technology alignment, as organizational factors such as

culture or support are secondary to the core TTF constructs.

TC (Task Characteristics) Hl1
TTEF (Task-Technology Fit)
TechC (Technology H2 H3
Characteristics)

BI (Behavioral Intention)

Figure 1: Research model
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Based on this framework, we propose the following hypotheses:
H1: TC will be positively associated with TTF.
H2: TechC will be positively associated with TTT.
H3: TTF will be positively associated with BI.

3 Methodology

31 Research Question

How effectively does the TTF model predict healthcare technology adoption in the
context of healthcare tasks?

3.2 Study Selection

This study follows a systematic literature review (SLR) and meta-analysis approach,
adhering to the guidelines of the Preferred Reporting Items for Systematic Reviews
and Meta-Analyses (PRISMA) framework. Appendix B provides the PRISMA
checklist, detailing how each item was addressed. The methodology was structured
based on prior meta-analytic practices to ensure comprehensive and unbiased
analysis (Dwivedi et al., 2019). We aimed to review studies focusing on the TTF
model’s application in healthcare settings, including the relationships between TC,
TechC, TTF, and BIL. The search strategy involved querying multiple databases,
including Scopus, Web of Science, IEEE Xplore, ScienceDirect, PubMed, and
Google Scholar. These databases were selected based on their comprehensive
coverage of technology adoption and healthcare literature. Keywords included
combinations of “Task-Technology Fit”, “TTE”, “healthcare technology adoption”,
“mHealth”, “telehealth”, and “technology characteristics” and “chronic disease
management” to capture studies relevant to chronic conditions such as diabetes.
Controlled vocabularies (e.g., MeSH terms in PubMed) were used to enhance search
accuracy. Hand-searching of bibliographies was also conducted to identify additional
relevant studies. Search results were imported into the reference management
software EndNote for the removal of duplicates, after which they were screened

using Covidence software to manage and streamline the review process. The initial
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phase involved screening titles and abstracts for relevance against the inclusion and
exclusion criteria. To ensure unbiased selection, titles and abstracts were screened
independently by two reviewers against inclusion and exclusion criteria, with

discrepancies resolved through discussion or by a third reviewer.
Studies were included if they met the following criteria:

— Focused on healthcare technologies, such as EHR, mHealth applications,
telehealth, or other digital health innovations, including those supporting
chronic disease management.

— DPublished in English between 2012 and 2025.

— Provided quantitative data, including sample sizes, standardized path
coefficients (B), and reliability statistics such as Composite Reliability (CR)
or Cronbach’s a.

— Examined relationships related to TTF, TC, TechC, BI.

Exclusion criteria were:

—  Studies not focused on TTF or healthcare technology adoption.
— Non-quantitative studies or those lacking standardized 3 coefficients.
— Studies published before 2012 or not in English.

A full-text review of screened articles was conducted by two independent reviewers,
with discrepancies resolved by a third reviewer to ensure impartiality. Our analysis

identified 15 studies meeting all inclusion critetia.
3.3 Coding Data

For each included study, we extracted publication details, study characteristics, and
quantitative data focusing on relationships between independent and dependent
variables, with particular attention to the TTF model. Appendix C provides the data
extraction template. We harmonized constructs with similar conceptualizations but
different labels to maintain consistency across studies. Our analysis included 15
studies providing 43 unique path coefficients. While this sample is smaller than ideal

for meta-analysis, it represents the current state of quantitative research explicitly
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applying TTF in healthcare contexts. The meta-analysis of these studies offers
valuable preliminary insights while highlighting the need for more research in this

area.
3.4 Statistical Analysis

This approach is appropriate given the variability in study designs, populations, and
healthcare contexts represented. Meta-analysis is particularly valuable for this study
as it allows us to systematically combine findings across diverse studies, revealing
patterns that might not be apparent in individual studies. By statistically synthesizing
results, meta-analysis provides more precise estimates of effect sizes and identifies
sources of heterogeneity, highlichting contextual factors that might influence
relationships between key constructs. While our sample size is limited, meta-analysis
still provides valuable insights by systematically integrating available evidence. The

meta-analysis was conducted using R Software.
4 Results
4.1 Study Identification and Screening

The systematic review began by identifying 691 potential studies across various
databases, including Scopus (41%), Science Direct (22%), Web of Science (6%),
CINAHL (6%), IEEE Xplore (3%), PubMed (19%), and Google Scholar (3%).
Following the removal of duplicates (171, 25%), the titles and abstracts of 520
articles were reviewed to assess their relevance to the TTF model in healthcare
technology adoption. After this initial screening, 361 full-text articles were reviewed,
resulting in 15 studies (4% of the full-text articles assessed) being included in the
final meta-analysis. Figure 2 provides the PRISMA flow diagram, summarizing the

study selection process.
4.2 Descriptive Analysis

The included studies span several geographical regions and methodologies, offering
insights into TTF’s role in healthcare technology adoption. The range of
technologies studied includes EHR, mHealth apps, telemedicine, and other digital

health platforms, with several studies focusing on chronic disease management, such
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as diabetes care. Appendix A summarizes key information for each included study,
including objectives, study design, sample size, outcomes, key findings, and statistical
results, with detailed 3 values. Age and gender were the most consistently reported
demographic factors, with 13 and 14 studies respectively providing data on these
categories, while variables such as education, occupation, income, nationality, and

usage experience were less frequently reported.

g Studies imported for screening: 691
§ [IEEE-22, Medline and Embase—134,
}g ScienceDirect—149, Scopus—286, Total records removed for
_§ CINﬂ44, Google Scholar—18, Web screening: 171
- of Science—3§] [Duplicates identified by
i EndNote—100; Abstract not
o . available—5; Duplicates identified
§ Titles and abstracts screened: 520 by Covidence—66]
5
w
Irrelevant studies: 159
k.
2 .
= Full-text studies assessed for
=) eligibility: 361
E Studies excluded: 346
[Reasons:
*Not related to digital health
3 solutions
3 o *Not related to TTF
E Studies included: 15 *Not a quantitative stuly]
E
Figure 2: PRISMA Flow Diagram
4.3 Path Coefficients and Statistical Significance

Table 1 summarizes the  reported across the included studies, focusing on the
relationships between TC, TechC, TTF, BI. The § exhibited significant variation
across the studies. For example, the relationship between TC and TTF (H1) ranged
from -0.007 to 0.525, while the relationship between TechC and TTF (H2) ranged
from 0.199 to 0.780. Similatly, the relationship between TTF and Bl (H3) ranged
from -0.209 to 0.712, indicating both positive and negative associations across
different contexts. These variations suggest that the impact of task and TechC on



A. Thanthrige, N. Wickramasinghe: Analyzing the Determinants of Healthcare Technology Adoption

Using the Task-Technology Fit (I'TT) Model: A Systematic Review and Meta-Analysis 237

TTF, and subsequently on BI, is highly context dependent. The differences in these
B highlight how diverse study settings and technology implementations can affect
the fit between tasks and technology, as well as the intention to use the technology.

The number of studies examining each relationship showed slight differences. For
example, 15 studies analyzed the relationship between TC and TTF (H1). However,
14 studies explored the relationship between TechC and TTF (H2) and an equal
number (14) examined the link between TTF and BI (H3). Most studies supported
the hypothesized relationships, with higher than 90% of the  demonstrating
statistical significance at p < 0.01. Specifically, 93% of the studies examining the
relationship between TC and TTF (H1) found it to be positive and significant, while
100% of the studies analyzing the relationship between TechC and TTTF (H2)
supported the hypothesis. Additionally, 93% of the studies exploring the relationship
between TTF and BI (H3) found it statistically significant, reinforcing the
importance of TTF in predicting BI. Table 1 offers a comprehensive overview of
the path coefficients, their significance, and the average effect sizes across the

studies.

Table 1: Summary of Path Coefficients, Sample Sizes, Significance, and Weight Analysis

Negative sig

Range of § Sample size Positive sig 8 8
Eauss Max Avg Total No. % No %
C- 15 0.199 0.780 0.438 102 487 262.3 4041 15 100% 0 0%
TTF
”F”?F 14 -0.007 | 0.525 0.291 102 487 253.7 3658 13 93% 1 7%
TTF -
BI 14 -0.209 | 0.712 0.327 113 487 273.8 3939 13 93% 1 7%

n = Number of studies; AVG B = Arithmetic mean of § values; MIN = Minimum; MAX = Maximum; AVG =
Average values; Total= Total sample size; Sig = Significance

4.4 Meta-Analysis Outcomes

The meta-analysis results (see Table 2) confirmed the hypothesized relationships in
the TTF model. Figure 3 presents the meta-analytic outcomes, highlighting the
relative strength of the relationships within the TTF model. The relationship
between TechC and TTF (H2) was the strongest, with a meta-analytic effect size of
B = 0.445 (p < 0.001), indicating a robust positive relationship across the studies.
The relationship between TTF and BI (H3) also demonstrated a significant effect,
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with 8 = 0.271 (p < 0.001). Although the relationship between TC and TTF (H1)
was weaker, it remained statistically significant, with § = 0.263 (p < 0.001). The
heterogeneity tests revealed high variability across studies, with I* values ranging
from 86.15% to 94.87%, suggesting that contextual factors may influence the
strength of these relationships. Overall, the meta-analysis provides strong support
for the hypothesized relationships in the TTF model, reinforcing its relevance in
understanding healthcare technology adoption.

Table 2: Meta-Analysis of Path Coefficients, Total Sample Sizes, Significance, and

Confidence Intervals

95% CI B Heterogeneity test
Meta B p-value
Lower Upper Q-value [ X(0)} 12 (%)
TechC 15 4041 0.445 0.00 0.414 0.476 155.61 14 91.00
-TTF
}:SF 14 3658 0.263 0.00 0.231 0.296 93.83 13 86.15
TTF -
BI 14 3939 0.271 0.00 0.237 0.299 253.29 13 94.87

n = No. of occurrences; TSS = Total sample size; Meta 3 = Weighted mean effect size; CI = Confidence interval,
Q - Total amount of heterogeneity

- 0.263
TC (Task Characteristics)
TTF (Task-Technology Fit)
TechC (Technology =
Characteristics) 0.445 0.271

BI (Behavioral Intention)

Figure 3: The meta-analytic outcomes
5 Discussion
5.1 Theoretical Contributions

This study contributes to technology adoption theory by validating and extending
the TTF model in healthcare contexts. By confirming relationships between TC,
TechC, TTF, and BI, we demonstrate TTE’s value as a framework for understanding
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healthcare technology adoption. The significant influence of TTF on BI shows that
task-technology alignment is crucial for adoption decisions, complementing insights
from other adoption models such as TAM and UTAUT. Compared to prior studies,
our findings align with Wang et al. (2020) and Tao et al. (2023) which emphasize
TTF’s role in mHealth and wearable adoption, particularly for chronic disease
management, but extend these by integrating BI to capture user intentions more
explicitly. Our findings highlight the relative importance of technology
characteristics compared to task characteristics in determining TTF. In healthcare
settings, technology design and functionality appear to play a more influential role
in task-technology alignment than the inherent characteristics of healthcare tasks.
The high heterogeneity in TechC-TTF, I1*=91.00% and TTF-BI, 1*=94.87%
relationships suggests that study-specific factors, such as technology type (e.g., EHR
vs. mHealth) or user demographics, moderate these effects, warranting further
investigation into contextual influences (Howard et al., 2019). This finding carries
important implications for technology design and implementation. The substantial
heterogeneity observed across studies indicates that TTF’s application in healthcare
is context dependent. While our sample size is limited, this analysis represents an
important first step in systematically examining TTF in healthcare contexts. The
consistent patterns observed across our sample suggest that these relationships are
robust, though further research with larger samples is needed to strengthen these

conclusions.
5.2 Practical Implications

This study provides valuable practical insights for healthcare organizations, decision-
makers, and technology providers aiming to improve the adoption and use of
healthcare technologies. The research emphasizes the importance of aligning
healthcare technologies with the specific tasks of healthcare professionals, such as
EHR or telemedicine platforms, to enhance TTF and drive higher adoption rates.
For instance, technologies supporting chronic disease management, like diabetes-
focused mHealth apps, must align with tasks such as glucose monitoring and
medication adherence to improve adoption. User-centered design is also critical;
technologies must prioritize ease of use, interoperability, and seamless integration
into clinical workflows to reduce cognitive load and increase both Bl and actual
usage. Comprehensive training and ongoing support are essential to ensure that even

well-fitted technologies are adopted successfully. Training should focus on skill
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development while providing continuous technical support to address potential
resistance due to unfamiliarity with new systems. The study also highlights the need
for continuous monitoring and adaptation of technologies to maintain alignment
with evolving healthcare tasks, ensuring that technologies remain relevant and useful
over time. By incorporating BI into the TTF framework, healthcare organizations
can more accurately predict adoption by not only evaluating task-technology
alignment but also understanding users' intentions, allowing for more targeted
strategies. Decision-makers must also balance feature complexity with usability,
ensuring technologies are equipped with essential, task-aligned features without
overwhelming users. Addressing these factors can significantly improve technology
adoption, enhance patient outcomes, and boost operational efficiency, especially in

critical areas like chronic disease management.
5.3 Limitations and Future Research

Despite the valuable insights provided by this meta-analysis, several limitations
should be noted. Studies were excluded if they did not focus on TTF, did not relate
to healthcare technology adoption, or were not quantitative studies. The relatively
small number of research studies found that applying the TTF model in the context
of healthcare technology adoption, with only 15 studies meeting the inclusion
criteria, highlights a significant gap in literature. This limited number of studies may
reflect the emerging application of TTF in healthcare and underscores the need for
more quantitative studies to validate these findings. The study protocol was not
registered, which may limit transparency. The absence of a formal methodological
quality assessment of included studies, due to the focus on quantitative data, may
affect the credibility of results. The predominance of studies from Asia, particularly
Taiwan, may limit generalizability, as regional differences in infrastructure, policy, or
digital literacy could influence adoption outcomes. This finding highlights a
significant gap in the literature regarding quantitative applications of TTF in
healthcare contexts. The small sample emphasizes the need for more research
explicitly applying TTF to the adoption of healthcare technology. The study focused
primarily on quantitative studies that reported standardized 8 and other statistical
data related to TTTF. As a result, qualitative insights into how task and TechC

influence healthcare technology adoption were not included.
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6 Conclusion

This systematic review and meta-analysis provide valuable insights into TTT’s role
in healthcare technology adoption. By extending TTF to incorporate BI, we bridge
theoretical perspectives on technology alignment and adoption decisions. Our
tindings confirm that TTF significantly influences adoption intentions in healthcare
settings, with technological characteristics playing a particularly important role in
determining the fit. The results highlight the importance of designing healthcare
technologies that align with specific task requirements, whether for healthcare
professionals or patients. Implementation strategies should emphasize this
alignhment to enhance adoption. While our study advances understanding of
healthcare technology adoption through the TTF lens, it also reveals the limited
application of TTF in quantitative healthcare technology research. This gap presents
important opportunities for future research to expand the evidence base and further
refine our understanding of how task-technology fit influences healthcare
technology adoption. As healthcare systems increasingly rely on digital technologies,
understanding the determinants of successful adoption becomes increasingly
important. The task-technology fit perspective offers valuable insights into how
alignment between technology capabilities and healthcare tasks can drive adoption
and ultimately improve healthcare delivery.
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Using the Task-Technology Fit (I'TT) Model: A Systematic Review and Meta-Analysis 4
Appendix B
Sect%on and Checklist item Location where item is reported
Topic
TITLE
Analyzing the Determinants of Healthcare
Titl 1 Identify the report as a Technology Adoption Using the Task-Technology
¢ systematic review. Fit (TTF) Model: A Systematic Review and Meta-
Analysis.
ABSTRACT
The abstract follows PRISMA 2020 for Abstracts
guidelines, providing a structured summary including
background (TTF’s limited application in
Abstract 5 See the PRISMA 2020 healthcare), objectives (investigate determinants of
strac for Abstracts checklist. healthcare technology adoption), methods (SLR and
meta-analysis), results (TTF as a significant
predictor), and conclusions (theoretical and practical
implications).
INTRODUCTION
Describe the rationale Section 1 describes the rationale, highlighting TTF’s
. for the review in the limited application in healthcare compared to other
Rationale 3 . S . .
context of existing domains, inconsistent findings, and the need to
knowledge. understand task-technology alignment for adoption
Provide an explicit Secnog 1 explicitly states the objective: to investigate
determinants of healthcare technology adoption
statement of the . . 4
L L using an extended TTF model via SLR and meta-
Objectives 4 objective(s) or . . .
. . analysis, focusing on healthcare-specific tasks and
question(s) the review . N
technology characteristics. The research question is
addresses. . > .
specified in Section 3.1.
METHODS
Specify the inclusi Section 3.2 lists inclusion criteria (healthcare
pectly the mclusion technologies, English, 2012-2025, quantitative data
and exclusion criteria for . . . o
R . : with § coefficients) and exclusion criteria (non-TTF,
Eligibility criteria 5 the review and how S
. non-healthcare, non-quantitative, pre-2012, non-
studies were grouped for inoli di d by It .
the svntheses English). Studies were grouped by TTF relationships
Y ' (TC, TechC, TTF, BI) for meta-analysis
Specify all databases,
registers, websites,
organisations, reference | Section 3.2 specifies databases searched: Scopus,
Information lists and other sources Web of Science, IEEE Xplore, ScienceDirect,
(; atlo 6 searched or consulted to | PubMed, and Google Scholar. The paper does not
sourees identify studies. Specify specify the exact date of the last search, but studies
the date when each span 2012-2025.
source was last searched
or consulted.
keywords (“Task-Technology Fit,” ”TTF,”
Present the full search “healthcare technology adoption,” "mHealth,”
strategies for all ”telehealth,” “technology characteristics,” ”chronic
Search strategy 7 databases, registers and disease management”) and use of controlled
websites, including any vocabularies (e.g., MeSH terms in PubMed). Hand-
filters and limits used. searching of bibliographies was also conducted to
identify additional relevant studies
. Specify the methods Section 3.2 desctibes the selection process: two
Select 8 pectty P
clection process used to decide whether a | reviewers independently screened titles and abstracts
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Section and
Topic

Checklist item

Location where item is reported

study met the inclusion
criteria of the review,
including how many
reviewers screened each
record and each report
retrieved, whether they
worked independently,
and if applicable, details
of automation tools
used in the process.

using Covidence softwate, with discrepancies
resolved by discussion or a third reviewer. Full-text
reviews were also conducted by two independent
reviewers. No automation tools were used.

Data collection

Specify the methods
used to collect data from
reports, including how
many reviewers
collected data from each
report, whether they
worked independently,

Section 3.3 outlines data collection: two reviewers
extracted publication details, study characteristics,
and quantitative data (e.g., 3 coefficients)

many reviewers assessed
each study and whether
they worked
independently, and if

9 independently, using a template (Appendix A). No
process any processes for : : . ) .
obtainine of confirmin contact with study investigators is mentioned.
8 & | Covidence and EndNote were used for data
data from study
. . . management
investigators, and if
applicable, details of
automation tools used in
the process.
List and define all
outcomes for which data
were sought. Specify
whether all results that
were compatible with Section 3.3 defines outcomes sought: § coefficients
10a each outcome domain in | for relationships between TC, TechC, TTF, and BL
each study were sought All compatible results (e.g., standardized path
(e.g. for all measures, coefficients) were sought from each study
time points, analyses),
and if not, the methods
) used to decide which
Data items results to collect.
List and define all other
variables for which data
were sought (e.g. .. . S .
© soug (cg Additional variables: publication details, study
patticipant and . .
: . characteristics (e.g., technology type), sample size,
intervention o - >
10b . . reliability statistics (CR or Cronbach’s «). Constructs
characteristics, funding I .
. with similar labels were harmonized. No
sources). Describe any . . .
. assumptions about missing data are explicitly stated.
assumptions made about
any missing or unclear
information.
Specify the methods
used to assess risk of
bias in the included Section 5.3 notes no formal methodological quality
Study risk of bias studies, including details assessment was conducted due to the focus on
Y 11 of the tool(s) used, how quantitative data, a limitation. No specific tools or
assessment i

independent reviewer processes for bias assessment
are described.
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Section and

Checklist item

Location where item is reported

Topic

applicable, details of
automation tools used in
the process.

Specify for each
outcome the effect
measure(s) (e.g. risk

Section 4.4 specifies the effect measure: standardized
path coefficients (8) for TC-TTF, TechC-TTF, and

assess robustness of the

Effect measures 12 . ; . ) L
ratio, mean difference) TTF-BI relationships, with significance levels (p <
used in the synthesis or 0.01) and confidence intervals in Table 2.
presentation of results.
Describe the processes
used to decide which
studies were eligible for
each synthesis (e.g. Section 3.2 describes eligibility for synthesis: studies
13a tabulating the study providing B coefficients for TTF relationships were
intervention included, grouped by path (TC-TTF, TechC-TTF,
characteristics and TTF-BI).
comparing against the
planned groups for each
synthesis (item #5)).
Describe any methods
required to prepare the . . .
q prepar Section 3.3 notes data preparation: constructs with
data for presentation or .. S .
. similar conceptualizations wetre harmonized to
13b synthesis, such as . . L .
S L ensure consistency. No handling of missing statistics
handling of missing . - ’
o is described.
summary statistics, or
data conversions.
Describe any methods
used to tabulate or . . .
. . Section 4 presents results visually in tables (Table 1
13¢ visually display results of . .
L . for § coefficients, Table 2 for meta-analysis results).
individual studies and :
Synthesis syntheses.
methods Describe any methods
used to synthesize
results and provide a
rationale for the . . . .
- Section 3.4 describes synthesis: meta-analysis used a
choice(s). If meta- . .
. random-effects model to estimate weighted mean 3
analysis was performed, . . :
. values, with heterogeneity assessed via I 2 and Q
13d describe the model(s), g . P
. . statistics. The choice of meta-analysis is justified by
method(s) to identify . . ’ .
the need to combine diverse study findings. meta-
the presence and extent . .
g analysis was conducted using R.
of statistical ’
heterogeneity, and
software package(s)
used.
Describe any methods
used to explore possible | Section 5.1 explores heterogeneity causes, suggesting
13e causes of heterogeneity technology type (e.g., EHR vs. mHealth) and
among study results (e.g. | demographics as moderators, but no formal
subgroup analysis, meta- | subgroup analysis or meta-regression is conducted.
regression).
Describe any sensitivity No sensitivity analyses are described to assess the
13f analyses conducted to

robustness of synthesized results.




250

38T BLED ECONFERENCE:

EMPOWERING TRANSFORMATION: SHAPING DIGITAL FUTURES FOR ALL

Section and
Topic
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synthesized results.

Describe any methods
used to assess risk of

No methods are described to assess reporting bias

icsp;;)sr::;itblas 14 :28 lf;licnt;) :l:tz:f’ls (e.g., publication bias via funnel plots or Egger’s
(ariiing fronz reporting test), a limitation not explicitly noted
biases).
Describe any meth(_)ds No formal certainty assessment (e.g., GRADE) is
. used to assess certainty - .
Certainty 15 (or confidence) in the described. Section 5.3 acknowledges the small
assessment body of evidence for an sample size (15 studies) and lack of quality
outgome videne assessment as limiting result credibility.
RESULTS
Describe the results of
the search and selection
pr(:ilc)ssr, frfom thz Section 4.1 describes the search process: 691 records
16 iltntigcgi;iizrscs cch identified, 171 duplicates removed, 520 screened,
A to th mber f i cdi 361 full-text reviewed, and 15 studies included.
ircl)clu(zl:duin t;e c;esisw e Figure 2 (PRISMA Flow Diagram) visualizes this.
Study selection ideally using a flow
diagram.
Cite studies that might
?5552:0: (:'lii(:i:hf)ut Section 4.1 does not cite specific excluded studies or
16b which were exch; ded reasons beyond general criteria (e.g., non-TTF,
and explain why they nonquantitative)
were excluded.
Cite cach included study Sccqan 4.2 and Appendix A cite all 15 included ‘
Study 17 and present its | studies and present characteristics (e.g., sample size,
characteristics charEcteristics B coefficients), objectives, design, outcomes, and
' findings.
Risk of bias in Present assessments of No risk of bias assessments are presented for
studies 18 risk of bias for each included studies, consistent with the limitation in
included study. Section 5.3
For all outcomes,
present, for each study:
(a) summary statistics
for each group (where Section 4.3 and Appendix A present 3 coefficients,
Results of appropriate) and (b) an sample sizes, and significance for each study. Table 1
in(:;lsiui ds c:d cudie 19 effect estimate and its summarizes ranges, averages, and significance. Table
viduat stadies precision (e.g. 2 provides meta-analytic  estimates with 95%
confidence/credible confidence intervals.
interval), ideally using
structured tables or
plots.
For each synthesis,
briefly summarise the Section 4.2 summarizes study characteristics (e.g.,
Results of 20a characteristics and risk technologies, geographic distribution). No risk of
syntheses of bias among bias assessment is included.
: contributing studies.
20b Present results of all Section 4.4 and Table 2 present meta-analysis results:
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Section and

Checklist item

Location where item is reported

Topic
statistical syntheses 8 = 0.445 (TechC-TTF), 8 = 0.263 (TCTTF), B =
conducted. If meta- 0.271 (TTF-BI), with 95% ClIs and I 2 values
analysis was done, (86.15%—94.87%) indicating high heterogeneity.
present for each the
summary estimate and
its precision (e.g.
confidence/credible
interval) and measures
of statistical
heterogeneity. If
comparing groups,
describe the direction of
the effect.
Present results of all
investigations of Section 5.1 discusses heterogeneity, attributing it to
20c possible causes of technology type and demographics, but no statistical
heterogeneity among analysis (e.g., subgroup analysis) is presented.
study results.
Present results of all
sensitivity analyses
20d conducted to assess the No sensitivity analyses are reported.
robustness of the
synthesized results.
Present assessments of
risk of bias due to
Reporting biases 2 rfnissing rcsqlts (a;ising No assessment of reporting biases is presented for
rom reporting biases) the syntheses.
for each synthesis
assessed.
Present assessments of
Certainty of _certaimy (or conf_idence) No formal_ ce_rta_imy assessment is provided_. Section
. 22 in the body of evidence 5.3 notes limitations (small sample, no quality
evidence . .
for each outcome assessment) affecting confidence in results
assessed.
DISCUSSION
Provide a general Section 5.1 interprets results in context, comparing
234 interpretation of the findings to prior studies (e.g., Wang et al., 2020; Tao
i results in the context of | et al., 2023) and emphasizing TTF’s role in
other evidence. healthcare.
Discuss any limitations Section 5.3 discusses limitations of included
23b of the evidence included | evidence: small sample (15 studies), predominance of
in the review. Asian studies, and focus on quantitative data
Discussion
Discuss any limitations Section 5.3 discusses review process limitations: no
23c of the review processes protocol registration, no quality assessment, and
used. limited geographic diversity.
Discuss implications of Sections 5.1 and 5.2 discuss implications for theory
234 the results for practice, (extending TTF with BI), practice (user-centered
policy, and future design, training), and future research (qualitative
research. studies, broader demographics).
OTHER INFORMATION
Registration and 24a Provlde tegistration Section 5.3 states the review was not registered.
information for the
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protocol

review, including
register name and
registration number, or
state that the review was
not registered.

24b

Indicate where the
review protocol can be
accessed, or state that a
protocol was not

prepared.

No protocol is mentioned or accessible, consistent

with the limitation in Section 5.3

24c¢

Describe and explain
any amendments to
information provided at
registration or in the
protocol.

No amendments are mentioned, as no protocol was

prepared.

Support

25

Describe sources of
financial or non-
financial support for the
review, and the role of
the funders or sponsors
in the review.

No financial or non-financial support is mentioned
in the paper.

Competing
interests

26

Declare any competing
intetests of review
authors.

No competing interests are declated in the paper.

Availability of
data, code and
other materials

27

Report which of the
following are publicly
available and where they
can be found: template
data collection forms;
data extracted from
included studies; data
used for all analyses;
analytic code; any other
materials used in the
review.

Appendix A provides extracted data (study IDs,
authors, § values, sample sizes). No analytic code or
additional materials are mentioned as publicly
available.
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