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Abstract

Background
Successful implementation of precision medicine depends not only on the availability of genetic testing
(GT) services but also on patients' willingness to use them. This study examined how social influence
mechanisms shape GT uptake by investigating the roles of subjective norms, social acceptability, and
behavioural intentions.

Methods
A cross-sectional online survey was conducted among 833 adults. After data screening, 808 responses
were retained for analysis. Partial least squares structural equation modelling (PLS-SEM) was used to
examine direct and indirect relationships among subjective norms, social acceptability, behavioural
intentions, and actual GT use.

Results
Subjective norms exerted strong positive effects on both social acceptability and behavioural intentions.
Social acceptability positively influenced behavioural intentions, which emerged as the strongest
predictor of actual GT use. All hypothesized indirect effects were statistically significant, demonstrating
that subjective norms influence GT uptake through sequential mediation involving social acceptability
and behavioural intentions.

Conclusions
Social acceptability represents an important behavioural mechanism linking social influence with actual
genetic testing uptake. These findings extend understanding of the behavioural processes underlying
patient engagement with precision medicine and suggest that implementation strategies should address
social legitimacy alongside service accessibility to improve uptake of genetic testing and other emerging
health technologies.

Introduction
The successful implementation of innovative healthcare technologies remains a major challenge for
health systems worldwide. Although advances in precision medicine have expanded opportunities for
disease prevention, early diagnosis, personalized treatment, and risk stratification, many evidence-based
innovations continue to experience slower-than-expected uptake in routine clinical practice
(Damschroder et al., 2022; Johnson et al., 2021). Improving the implementation of these innovations
requires more than technological capability or clinical effectiveness; it also depends on understanding
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the behavioural and social processes that influence whether individuals choose to engage with new
healthcare services (Nilsen, 2015). Consequently, identifying factors that facilitate patient uptake has
become an important priority in health services research.

Genetic testing (GT) represents a particularly relevant example of these implementation challenges.
Recent advances in genomic medicine have substantially increased the accessibility and clinical utility of
GT for disease prevention, diagnosis, pharmacogenomics, reproductive decision-making, and
personalized treatment planning (Johnson et al., 2021). Clinical applications of GT continue to expand as
healthcare systems increasingly integrate precision medicine into routine care. Despite these advances,
uptake remains below expectations in many populations, suggesting that the availability of testing alone
is insufficient to ensure widespread adoption (Henneman et al., 2013; Ho & Lin, 2025). This
implementation gap highlights the need to better understand the behavioural mechanisms that influence
individuals' willingness to utilize genetic testing services.

Research on health technology adoption has traditionally relied on established behavioural theories such
as the Theory of Planned Behaviour (TPB) (Ajzen, 1991, 2011), the Technology Acceptance Model (TAM)
(Davis, 1989), the Unified Theory of Acceptance and Use of Technology (UTAUT) (Venkatesh et al., 2003),
and Diffusion of Innovations (DOI) (Rogers, 2003). Collectively, these frameworks have demonstrated
that behavioural intentions are among the strongest predictors of actual behaviour and that perceptions
of usefulness, ease of use, and subjective norms play important roles in shaping adoption decisions
(Holden & Karsh, 2010; J. W. Lee, 2024; Rahimi et al., 2018). Within healthcare, these models have been
widely applied to explain the adoption of digital health technologies, electronic health services, mobile
health applications, and genetic testing (Holden & Karsh, 2010; Rahimi et al., 2018; Zhang et al., 2025).

Among these determinants, social influence has received increasing attention because healthcare
decisions are rarely made in isolation. Individuals frequently rely on recommendations from family
members, healthcare professionals, peers, and broader social networks when considering preventive
health behaviours and emerging medical technologies (Ajzen, 1991; Henneman et al., 2013; Oliveri et al.,
2016). In the context of GT, social influence may be particularly important because decisions often
involve ethical considerations, privacy concerns, uncertainty regarding future health outcomes, and
implications for family members. Consequently, perceptions of social approval may substantially affect
whether individuals are willing to engage with genetic testing.

However, existing behavioural models may not fully explain how social influence translates into actual
healthcare utilization. Subjective norms capture perceived expectations from important others but do
not necessarily reflect whether individuals perceive a healthcare intervention as socially legitimate,
ethically appropriate, or broadly accepted within society. These broader perceptions are captured by the
concept of social acceptability, which refers to the extent to which an innovation is considered
appropriate, legitimate, and acceptable within its wider social and institutional context (Gordon et al.,
2022; Wutz et al., 2023). Although social acceptability has attracted growing attention in studies of

Page 3/24



emerging healthcare technologies and artificial intelligence, its role within behavioural models of genetic
testing adoption remains largely unexplored (Hassan et al., 2024; Wutz et al., 2023).

This represents an important gap in the literature. Existing studies of GT adoption have primarily
examined the direct effects of attitudes, perceived usefulness, trust, subjective norms, and behavioural
intentions (Henneman et al., 2013; Ho & Lin, 2025a; Oliveri et al., 2016; Rahimi et al., 2018).
Comparatively little research has investigated the mechanisms through which subjective norms become
translated into actual healthcare behaviour. Understanding these mechanisms is important because
implementation of precision medicine depends not only on positive attitudes towards genetic testing but
also on whether individuals perceive the technology as socially acceptable and appropriate for
themselves and their communities. Examining these intermediary processes may therefore provide a
more comprehensive explanation of healthcare utilization than models focusing solely on direct
relationships.

Accordingly, this study develops and empirically tests a behavioural model integrating subjective norms,
social acceptability, behavioural intentions, and actual use of genetic testing. Specifically, the objectives
of this study are to: (1) examine the influence of subjective norms on perceptions of social acceptability
and behavioural intentions; (2) investigate whether social acceptability contributes to behavioural
intentions beyond traditional normative influences; and (3) evaluate the direct and indirect pathways
through which social influence affects actual utilization of genetic testing.

This study contributes to health services research in several important ways. First, it extends existing
behavioural models by introducing social acceptability as a distinct intermediary mechanism linking
subjective norms with behavioural intentions and healthcare utilization. Second, it provides empirical
evidence supporting a sequential behavioural pathway through which social influence contributes to the
implementation of precision medicine. Third, by examining actual use rather than behavioural intentions
alone, the study contributes to the growing literature addressing the intention–behaviour gap in
healthcare adoption (Ruyobeza et al., 2025; Sheeran & Webb, 2016). Collectively, these findings
contribute to a more comprehensive understanding of the behavioural mechanisms underlying the
uptake of innovative healthcare technologies.

The findings also have practical relevance for healthcare providers, health system managers, and
policymakers responsible for implementing precision medicine initiatives. Identifying how perceptions of
social acceptability influence patient behaviour may inform communication strategies, community
engagement initiatives, and implementation interventions designed to increase the uptake of genetic
testing and other emerging healthcare technologies. As healthcare systems continue to expand access
to precision medicine, understanding the behavioural determinants of patient participation will become
increasingly important for achieving successful implementation and improving population health
outcomes.

The remainder of this paper is organized as follows. The next section reviews the relevant literature and
develops the study hypotheses. The methodology and analytical procedures are then described, followed
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by presentation of the empirical findings. Finally, the results are discussed in relation to existing theory
and health services research, and implications for healthcare practice and future research are presented.

Literature review and hypotheses development
Genetic testing (GT) as an implementation of precision medicine context

GT has emerged as a critical component of precision medicine, enabling individuals to assess genetic
predispositions, personalize treatment strategies, and engage in preventive healthcare behaviours (Ho &
Lin, 2025b; Johnson et al., 2021b). Despite its growing availability and demonstrated benefits, adoption
remains uneven due to concerns related to privacy, ethics, accessibility, and trust (Dhagarra et al., 2020;
Hassan et al., 2024). These factors play a role in adoption, as they relate to the technology's individual
behavioural and social acceptability. Consequently, understanding the behavioural and social drivers of
GT adoption has become an important research priority.

The role of subjective norms in genetic testing

Subjective norms refer to an individual’s perception of social pressure to perform or not perform a
behaviour. Prior research has consistently shown that subjective norms significantly influence
behavioural intentions in healthcare and technology adoption contexts (Ajzen, 1991; Lee et al., 2025;
Rahimi et al., 2018). In GT, perceptions of approval from family, peers, and society can shape attitudes
and decision-making, thereby influencing overall uptake (Henneman et al., 2013; Oliveri et al., 2016).
However, subjective norms alone may not fully capture whether a behaviour is perceived as socially
legitimate or acceptable.

Social acceptability in genetic testing

Social acceptability reflects the extent to which a behaviour is perceived as appropriate, ethical, and
supported within a societal context (Gordon et al., 2022; Wutz et al., 2023). Unlike subjective norms,
which focus on perceived expectations, social acceptability captures broader societal endorsement and
institutional legitimacy. In sensitive domains such as GT, where ethical and privacy concerns are
prominent, social acceptability plays a crucial role in shaping adoption decisions (Alelyani, 2025;
Dhagarra et al., 2020). Social influence is therefore proposed to indirectly influence social acceptability,
suggesting that favourable norms increase acceptance, which in turn facilitates adoption. Thus, we
propose the first hypothesis.

Hypothesis 1: Subjective norms have a significant positive effect on the social acceptability of GT.

Behavioural intentions

Behavioural intentions represent an individual’s readiness or willingness to perform a specific behaviour
and are a central predictor of actual behaviour in both TPB and TAM (Davis, 1989b; Holden & Karsh,
2010). In healthcare contexts, behavioural intentions have been widely shown to influence the adoption
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of digital health technologies and preventive health behaviours (Rahimi et al., 2018; Zhang et al., 2025).
Social acceptability is expected to enhance behavioural intentions by reinforcing the perceived
legitimacy and desirability of GT, while subjective norms may also exert a direct influence. Thus, we
present the second and third hypotheses.

Hypothesis 2: Social acceptability has a significant positive effect on behavioural intentions towards GT.

Hypothesis 3: Subjective norms have a significant positive effect on behavioural intentions towards GT.

Actual usage of genetic testing

Actual usage refers to the extent to which individuals engage in GT behaviours, including undergoing
testing and recommending it to others. While behavioural intentions are a strong predictor of behaviour,
prior research highlights an intention–behaviour gap, particularly in healthcare (Ruyobeza et al., 2025;
Sheeran & Webb, 2016). This gap underscores the importance of examining not only intentions but also
actual usage outcomes. Consistent with behavioural theory, stronger intentions are expected to translate
into higher levels of actual adoption. Thus, we present the fourth hypothesis. 

Hypothesis 4: Behavioural intentions towards GT have a significant positive effect on actual usage of GT.

Hypothesis setting for the indirect effects

Beyond direct relationships, the model incorporates several indirect (mediating) effects to capture the
underlying mechanisms through which social influence translates into behaviour. Mediation analysis is
widely recognized as essential for understanding causal processes in behavioural research, as it
explains how and why relationships occur rather than merely identifying their existence (Baron & Kenny,
1986; Hair et al., 2022; Preacher & Hayes, 2008). In line with TPB, behavioural intentions are expected to
mediate the relationship between antecedents and actual behaviour, reflecting the central role of
intention formation in decision-making processes (Ajzen, 1991; Fishbein & Ajzen, 2011). Furthermore,
prior research highlights that social influences often operate through sequential mechanisms, where
perceptions of social approval shape broader acceptance, which in turn drives intentions and
subsequent behaviour (A. T. Lee et al., 2025; Rahimi et al., 2018). This aligns with the well-documented
intention–behaviour gap, suggesting that multiple mediating stages are required to translate favourable
perceptions into actual usage (Ruyobeza et al., 2025; Sheeran & Webb, 2016). Accordingly, this study
proposes a series of indirect effects in which behavioural intentions mediate the relationship between
social acceptability and actual usage, while subjective norms exert indirect effects through both social
acceptability and behavioural intentions, forming a sequential mediation pathway.

Hypothesis 5: Behavioural intentions mediate the relationship between social acceptability and actual
usage of GT.

Hypothesis 6: Social acceptability and behavioural intentions mediate the relationship between subjective
norms and actual usage of GT.
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Hypothesis 7: Behavioural intentions mediate the relationship between subjective norms and actual usage
of GT.

Hypothesis 8: Social acceptability mediates the relationship between subjective norms and behavioural
intentions towards GT.

Structural model  

The model below was developed from the preceding literature review (see Figure 1). It clearly depicts the
study’s hypotheses. 

Methodology

Sample and respondent characteristics
After receiving institutional ethics approval, an online cross-sectional survey was conducted with 833
participants via the Centiment market research platform. Participants were compensated in accordance
with platform policies. A convenience sampling method was used because not all potential respondents
were reachable via established panels such as Centiment. Internet marketing panels are popular in
survey research for their cost-effectiveness and ability to quickly gather large, diverse samples, thereby
reducing data collection time. Their standardized procedures also promote consistency and facilitate
replication of studies (Boas et al., 2020). Participants were briefed on GT before filling out the
questionnaire.

Measurement and questionnaire development

Participants indicated their level of agreement with several statements using a 5-point Likert scale (1 =
completely disagree, 5 = completely agree). Research has explored the suitability of 5-, 7-, and 10-point
Likert scales for parametric analyses, with 5- and 7-point options being most frequently used in social
science. Findings show that these scale types produce largely similar results in statistical analyses (Huh
& Gim, 2025). The constructs, measurement scales and their sources are presented in Supplementary
File  A.

Method of statistical analysis 

Partial least squares structural equation modelling (PLS-SEM) was employed due to its strong predictive
orientation and its ability to identify key drivers of endogenous constructs, rather than focusing solely on
theory confirmation. Unlike covariance-based SEM (CB-SEM), which aims to reproduce covariance
matrices and assess overall model fit, PLS-SEM emphasizes maximizing explained variance (R²) and
predictive accuracy, including out-of-sample prediction (Hair et al., 2022; Shmueli et al., 2019). This
predictive focus makes PLS-SEM particularly suitable for research in emerging or evolving domains,
such as GT adoption, where theoretical development is still ongoing (Chin, 1998; Henseler et al., 2016).
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Furthermore, PLS-SEM is less restrictive regarding assumptions about data distribution and performs
well with non-normal data and complex models involving multiple constructs and indicators (Hair et al.,
2022; Ringle et al., 2020).

The characteristics of the data further support the use of PLS-SEM. CB-SEM typically requires relatively
large sample sizes and assumes multivariate normality to ensure stable parameter estimates and
reliable model fit indices (Kline, 2015; West et al., 1995). These assumptions are often difficult to satisfy
in applied and managerial research contexts. In contrast, PLS-SEM is more flexible, performing well with
smaller samples, non-normal data, and complex model structures involving multiple constructs and
indicators (J. Hair et al., 2024b; JHair et al., 2011b; Lowry & Gaskin, 2014). Moreover, PLS-SEM facilitates
the assessment of predictive validity through procedures such as Stone–Geisser’s Q² and PLSpredict,
enabling researchers to evaluate out-of-sample predictive performance (Hair et al., 2020; Shmueli et al.,
2019). This predictive capability provides insights beyond those typically offered by CB-SEM. Given the
study’s objective of understanding how knowledge is transformed and applied in dynamic,
interconnected contexts such as GT, PLS-SEM is an appropriate and robust methodological choice.

Data analysis

Background data
Sample characteristics for this study (N = 833) are available in Supplementary File B. The mean age of
respondents was 47.6 years (SD = 17.3). Correlation matrices for the endogenous and exogenous
indicator variables are reported separately in Supplementary File C.

Preparation and checking of data
In the preliminary stage, data quality and suitability were systematically assessed. This included
evaluating sample size adequacy, detecting potential outliers, examining data distribution, and verifying
measurement levels and scale coding (Richter et al., 2020). Sample adequacy was first determined using
Cochran’s formula for continuous data (Cochran, 1977). Based on a significance level of 0.025 in each
tail (z = 1.96), a standard deviation of 0.8 on a 5-point scale, and a margin of error of 0.15, the minimum
required sample size was 137. Given that required sample sizes stabilize at larger population levels
(Qualtrics, 2025), the final sample of 833 respondents is considered adequate and representative.

Additional considerations for PLS-SEM further support this conclusion. Prior research indicates that a
minimum sample of approximately 155 observations is sufficient to detect path coefficients in the range
of 0.11–0.20 at a 0.05 significance level (Hair et al., 2022). Similarly, the inverse-square-root method
suggests a minimum of 154 observations under comparable conditions (Hair et al., 2022; Kock &
Hadaya, 2018). Accordingly, the sample size of 833 substantially exceeds these requirements.

Page 8/24



Outliers were identified using Mahalanobis distance, a widely recommended approach for detecting
multivariate anomalies (Grande, 2016; Hair et al., 2010). This process resulted in the removal of 25
observations, enhancing data robustness. After removing the outliers, the final sample size was 808. All
constructs were measured using metric or quasi-metric Likert-type scales to ensure consistency with
analytical requirements.

Although PLS-SEM does not require strict distributional assumptions (Richter et al., 2020), distributional
properties were examined to ensure robustness. Skewness and kurtosis were assessed using SPSS
version 26 (see Supplementary File D). Following established guidelines, values within ± 2 of the mean
indicate acceptable normality (Hair et al., 2022). All variables met this criterion, suggesting no need for
corrective action.

Normality was further assessed using the Kolmogorov–Smirnov and Shapiro–Wilk tests. While both
tests were statistically significant, indicating deviations from perfect normality, such results are common
in large samples due to test sensitivity. Given that skewness and kurtosis remained within acceptable
ranges, any impact on statistical power is considered minimal, and the data are deemed suitable for
subsequent analysis (see Supplementary File D).

Common method bias
To assess potential common method bias (CMB), this study applied the full collinearity test, a variance-
based SEM technique recommended as an alternative to traditional methods (Lindell & Whitney, 2001).
This approach is particularly suitable for PLS-SEM, as it allows simultaneous evaluation of vertical and
lateral collinearity, following the procedure proposed by Kock and Lynn (2012). A random dummy
variable with values ranging from 0 to 1 was incorporated into the structural model, and all latent
constructs were regressed on this variable. The PLS-SEM analysis was then conducted, and variance
inflation factors (VIFs) were examined. All VIF values fell below the conservative threshold of 3.3 (Hair et
al., 2018), suggesting that collinearity is not a concern and that common method bias is unlikely to affect
the results.

Assessment of the measurement model
The measurement model assessment began with an evaluation of indicator reliability. A bias-corrected
and accelerated bootstrapping procedure was used to test the significance of indicator loadings. All
loadings exceeded the recommended threshold of 0.70 (see Supplementary File E), indicating strong and
significant relationships between the indicators and their respective constructs (Rosenbusch et al.,
2018). Thus, there was no need to remove any indicators from the variable set (Hair et al., 2022).

Internal consistency reliability was also assessed (see Supplementary File E). Cronbach’s alpha, which
provides a conservative estimate, and composite reliability, which may overestimate reliability
(recommended range: 0.70–0.95), were both examined. Accordingly, true reliability is expected to lie
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between these two measures. Convergent validity was evaluated using the average variance extracted
(AVE), with all values exceeding the recommended threshold of 0.50, indicating adequate construct
validity.

Discriminant validity was subsequently assessed using the Heterotrait–Monotrait (HTMT) ratio (Hair et
al., 2022). There were issues with discriminant validity between the constructs of social acceptability
and subjective norms. To decrease the average heteromethod-heterotrait correlations, the literature
advises eliminating items that are strongly correlated with items in the opposing construct (Hair et al.,
2022); thus, variables NORM3 and SOCACC1 were removed. After this, the bootstrapping-based HTMT
confidence intervals were all significant, indicating acceptable discriminant validity.

Assessment of the structural model
The evaluation of the structural model began with an assessment of collinearity among the exogenous
constructs using variance inflation factors (VIF). All VIF values were below the recommended strict
threshold of 3.3, indicating no collinearity concerns (Hair et al., 2011). Next, predictive validity was
assessed using R² and Stone–Geisser’s Q². According to established guidelines, R² values of 0.75, 0.50,
and 0.25 represent substantial, moderate, and weak explanatory power, respectively. In this study, the R²
and adjusted R² values for actual GT usage were 0.422 and 0.421, indicating moderate explanatory
power.

Predictive relevance was further evaluated using Q². The obtained Q² value of 0.195 suggests low-to-
moderate predictive relevance (Hair et al., 2020). Overall, the model demonstrates moderate predictive
capability. This level of predictive power is reasonable, given that actual usage was modelled with only
one predictor, behavioural intentions. The literature indicates that as additional predictors are introduced,
R² increases because the model captures a greater share of the explained variance (Hair et al., 2019,
2022).

Finally, statistical power was assessed to address potential concerns related to data distribution. With
11 predictors, an R² of 0.422, a significance level of 0.05, and a sample size of 808, the estimated
statistical power was 1.0, well above the recommended threshold of 0.80, confirming the robustness of
the analysis (Richter et al., 2020; Soper, 2025).

Hypotheses testing
The final stage of structural model evaluation involves assessing the significance of the path
coefficients, corresponding to hypothesis testing (see Table 1). However, relying solely on statistical
significance is insufficient; effect sizes should also be considered (Cohen, 1992; Klein, 2005). This is
particularly important because large samples may yield statistically significant results that are not
practically meaningful. Consequently, p-values and bootstrapped confidence intervals alone do not
provide a complete interpretation of the results (Sullivan & Feinn, 2012).
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Effect sizes offer a more meaningful assessment of the magnitude of relationships, with values of 0.02,
0.15, and 0.35 indicating small, medium, and large effects, respectively (Hair et al., 2022). Importantly,
because effect sizes are not influenced by sample size, they facilitate more meaningful comparisons
across studies (Hair et al., 2010).

Table 1
The significance of the path coefficients in the model

(Source: Authors’ own work).
# Hypothesis Path

coefficient
5%
bootstrapping
confidence
interval

Hypotheses
support

Effect
size
(f2)

Effect size
description

2.5% 97.5%

1 Subjective norms
→ Social
acceptability

0.725 0.683 0.761 Yes 1.107 Large

2 Social
acceptability →
Behavioural
intentions

0.281 0.192 0.369 Yes 0.058 Small to
medium

3 Subjective norms
→ Behavioural
intentions

0.360 0.267 0.442 Yes 0.096 Medium to
small

4 Behavioural
intentions →
Actual usage

0.649 0.606 0.689 Yes 0.729 Large

5 Social
acceptability →
Behavioural
intentions →
Actual usage

0.183 0.124 0.243 Yes   .

6 Subjective norms
→ Social
acceptability →
Behavioural
intentions →
Actual usage

0.132 0.090 0.177 Yes . .

7 Subjective norms
→ Behavioural
intentions →
Actual usage

0.234 0.174 0.291 Yes . -

8 Subjective norms
→ Social
acceptability →
Behavioural
intentions

0.204 0.139 0.268 Yes . -
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The results presented in Table 1 indicate strong empirical support for all hypothesized relationships in
the model. Subjective norms exert a substantial positive effect on social acceptability (β = 0.725),
indicating a large effect size, and also significantly influence behavioural intentions (β = 0.360),
indicating a moderate effect. Social acceptability, in turn, positively affects behavioural intentions (β = 
0.281), although with a smaller effect size, suggesting a complementary rather than dominant role.
Behavioural intentions demonstrate a strong positive impact on actual usage (β = 0.649), highlighting
their central role in translating perceptions into behaviour. Importantly, all indirect effects are significant,
confirming the presence of multiple mediation pathways. Specifically, behavioural intentions mediate the
relationship between social acceptability and actual usage, while both social acceptability and
behavioural intentions jointly mediate the effect of subjective norms on actual usage. Additionally, social
acceptability partially mediates the relationship between subjective norms and behavioural intentions.
The findings underscore a robust, hierarchical influence structure, in which social norms shape
behaviour both directly and indirectly, through social acceptability and behavioural intentions.

Discussion
This study examined the behavioural mechanisms underlying GT uptake by integrating subjective norms,
social acceptability, behavioural intentions, and actual use into a single explanatory framework. Overall,
the findings provide strong empirical support for the proposed model and demonstrate that social
influence affects GT uptake through both direct and indirect pathways. In particular, subjective norms
strongly influenced perceptions of social acceptability and behavioural intentions, while behavioural
intentions emerged as the strongest predictor of actual GT use. The significant sequential mediation
effects further indicate that social influence is translated into behaviour through multiple interconnected
mechanisms rather than through a single direct pathway.

The strong relationship between subjective norms and behavioural intentions is consistent with the
Theory of Planned Behaviour (Ajzen, 1991; Fishbein & Ajzen, 2011) and previous studies of healthcare
technology adoption (Holden & Karsh, 2010; Rahimi et al., 2018). Healthcare decisions are frequently
shaped by recommendations from healthcare professionals, family members, and broader social
networks, particularly when technologies involve uncertainty, ethical considerations, or potentially life-
changing consequences (Henneman et al., 2013; Oliveri et al., 2016). The present findings reinforce the
importance of these normative influences and suggest that decisions regarding GT are socially
embedded rather than purely individual or rational evaluations.

Beyond confirming existing behavioural models, this study demonstrates that social acceptability
represents an important intermediary mechanism linking subjective norms with behavioural intentions.
Whereas subjective norms reflect perceived expectations from significant others, social acceptability
captures broader perceptions that a healthcare intervention is legitimate, ethically appropriate, and
supported within society (Gordon et al., 2022; Wutz et al., 2023). The significant pathway from subjective
norms to social acceptability suggests that social endorsement contributes to wider perceptions of
legitimacy, which subsequently strengthen intentions to undergo GT. This finding extends previous
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applications of the TPB by showing that social influence operates not only through interpersonal
normative pressure but also through broader evaluations of societal appropriateness, particularly in
ethically sensitive healthcare contexts (Hassan et al., 2024).

Behavioural intentions remained the strongest predictor of actual GT use, supporting extensive evidence
demonstrating that intentions constitute the most proximal determinant of health behaviour (Ajzen,
1991; Holden & Karsh, 2010; Zhang et al., 2025). However, the observed indirect effects demonstrate that
favourable intentions develop through multiple preceding behavioural processes. Rather than acting
independently, subjective norms and social acceptability jointly contribute to the formation of
behavioural intentions, thereby helping to explain how individuals progress from social influence to
actual healthcare utilization. These findings also contribute to the literature addressing the intention–
behaviour gap by demonstrating that intermediate behavioural mechanisms are required to translate
favourable perceptions into actual action (Ruyobeza et al., 2025; Sheeran & Webb, 2016).

From a health services perspective, the findings have broader implications for the implementation of
precision medicine. Successful implementation depends not only on expanding access to genetic
testing but also on creating conditions that encourage patients to engage with available services.
Implementation research increasingly recognizes that successful adoption of healthcare innovations
requires attention to behavioural, organizational, and contextual factors in addition to clinical
effectiveness (Damschroder et al., 2022; Nilsen, 2015). The present findings suggest that perceptions of
social legitimacy and public acceptability constitute important behavioural determinants that may
influence whether patients ultimately utilize precision medicine services. Consequently, implementation
strategies should extend beyond improving service availability and simultaneously address public
understanding, ethical concerns, and community acceptance of genetic testing.

The findings also contribute to implementation science by identifying a behavioural mechanism through
which social contexts influence healthcare utilization. While implementation frameworks frequently
emphasize organizational readiness, contextual influences, and implementation processes
(Damschroder et al., 2022), comparatively less attention has been devoted to understanding how
broader societal acceptance shapes patient engagement with healthcare innovations. By demonstrating
that social acceptability mediates the relationship between subjective norms and actual GT use, this
study suggests that successful implementation of precision medicine depends not only on healthcare
system capacity but also on fostering public confidence, social legitimacy, and ethical acceptance of
emerging genomic technologies.

Overall, this study advances current understanding of healthcare technology uptake by integrating social
and behavioural mechanisms within a single explanatory framework. Existing behavioural models have
traditionally emphasized individual cognitive evaluations such as attitudes, perceived usefulness, or
behavioural intentions (Davis, 1989; Rogers, 2003; Venkatesh et al., 2003). The present findings
demonstrate that broader social processes also play an important role in determining healthcare
utilization. By identifying social acceptability as a distinct intermediary construct, the study provides a
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more comprehensive explanation of how social influence contributes to patient uptake of genetic testing
and offers a behavioural perspective that may be applicable to other emerging healthcare technologies.

Implications

Implications for health services research
This study makes several contributions to health services research by advancing understanding of the
behavioural mechanisms that influence patient uptake of genetic testing (GT). While previous research
has largely emphasized individual cognitive determinants of healthcare technology adoption, such as
perceived usefulness, attitudes, and behavioural intentions (Ajzen, 1991; Holden & Karsh, 2010; Rahimi et
al., 2018), the present study demonstrates that social influence operates through a more complex
process involving both social acceptability and behavioural intentions. By integrating these constructs
within a single explanatory framework, the study provides a more comprehensive explanation of how
social contexts shape patient engagement with precision medicine services.

First, the findings extend the Theory of Planned Behaviour by identifying social acceptability as a distinct
intermediary mechanism linking subjective norms to behavioural intentions (Ajzen, 1991; Fishbein &
Ajzen, 2011). Whereas subjective norms capture perceived social expectations, social acceptability
reflects broader perceptions that genetic testing is socially legitimate, ethically appropriate, and
supported within society (Gordon et al., 2022; Wutz et al., 2023). Distinguishing these constructs
provides a more nuanced understanding of how social influence affects healthcare decision-making,
particularly for interventions involving ethical, privacy, and trust-related considerations.

Second, the study contributes to the growing literature examining the intention–behaviour relationship in
healthcare. Although behavioural intentions remained the strongest predictor of actual GT uptake, the
significant indirect effects demonstrate that favourable intentions develop through multiple
interconnected behavioural processes rather than emerging solely from individual cognitive evaluations.
These findings support previous research highlighting the complexity of the intention–behaviour gap and
suggest that intermediary behavioural mechanisms should be incorporated into future models of
healthcare utilization (Ruyobeza et al., 2025; Sheeran & Webb, 2016).

Third, the findings contribute to research on the implementation of precision medicine by demonstrating
that successful implementation depends not only on the clinical effectiveness and availability of
genomic services but also on behavioural and social determinants that influence patient engagement.
Implementation science increasingly recognizes that successful integration of healthcare innovations
requires attention to behavioural, organizational, and contextual factors alongside evidence of clinical
benefit (Damschroder et al., 2022; Nilsen, 2015). The present findings complement these perspectives by
showing that perceptions of social legitimacy and acceptability represent important behavioural
mechanisms through which patients engage with emerging genomic services.
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Finally, the proposed framework provides a foundation for future research examining patient uptake of
other precision medicine initiatives and emerging healthcare innovations. As healthcare systems
continue to integrate genomic medicine, artificial intelligence, digital health technologies, and
personalized care into routine practice (Johnson et al., 2021), understanding how social influence
shapes patient engagement will become increasingly important. Future research should therefore
investigate how behavioural, organizational, and health system factors interact to influence the
successful implementation and sustained uptake of innovative healthcare services.

Implications for healthcare practice
The findings have important implications for healthcare providers, health system managers,
policymakers, and organizations responsible for implementing precision medicine initiatives. As genetic
testing becomes increasingly integrated into routine healthcare, successful implementation will depend
not only on expanding service availability but also on understanding the behavioural and social factors
that influence patient uptake. The present findings suggest that implementation strategies should
address the broader social context in which individuals make decisions about genetic testing, thereby
promoting patient engagement, equitable access, and successful integration of genomic services into
healthcare delivery.

First, the strong influence of subjective norms indicates that implementation efforts should leverage
trusted social and professional networks to encourage genetic testing uptake. Healthcare professionals,
patient advocates, community leaders, and individuals with lived experience can serve as credible
sources of information that reinforce positive social expectations and normalize participation in genetic
testing. Communication strategies that incorporate trusted voices and community endorsement may
therefore be more effective than information campaigns that rely solely on the provision of factual
information.

Second, the findings demonstrate that social acceptability plays a pivotal role in translating social
influence into behavioural intentions. Consequently, implementation initiatives should extend beyond
raising awareness of genetic testing and actively address concerns related to ethics, privacy,
discrimination, and data governance. Transparent communication regarding informed consent, data
security, regulatory oversight, and the clinical value of genetic testing may strengthen public trust and
enhance perceptions that these services are both socially legitimate and appropriate. Such efforts are
particularly important for technologies that involve sensitive personal information and may evoke ethical
or societal concerns.

Third, behavioural intentions emerged as the strongest predictor of actual genetic testing uptake,
highlighting the importance of supporting individuals once they have decided to pursue testing.
Healthcare organizations can facilitate this transition by reducing practical barriers throughout the
patient journey. Integrating genetic testing into routine clinical pathways, simplifying referral and
appointment processes, improving service accessibility, and providing patient decision aids and follow-
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up support may help individuals translate positive intentions into completed testing. These findings
suggest that implementation strategies should address both behavioural and structural barriers to
maximize uptake.

Finally, the significant indirect effects observed in the model indicate that implementation efforts should
adopt a comprehensive, multi-level approach rather than focusing on individual determinants in isolation.
Interventions that simultaneously strengthen positive social norms, increase perceptions of social
acceptability, and reduce practical barriers are likely to be more effective than initiatives targeting only a
single aspect of patient decision-making. Coordinated implementation strategies that combine public
engagement, clinician communication, organizational support, and accessible service delivery may
therefore achieve greater and more sustainable improvements in genetic testing uptake.

Although this study focuses on genetic testing, the findings have broader implications for the
implementation of precision medicine and other emerging healthcare innovations. As healthcare
systems increasingly integrate genomic medicine, artificial intelligence, digital health technologies, and
personalized care into routine practice, implementation success will depend not only on technological
capability and clinical effectiveness but also on public trust, perceived social legitimacy, and patient
acceptance. Addressing these behavioural determinants alongside improvements in healthcare delivery
may facilitate the successful implementation and sustained uptake of innovative healthcare services.

Limitations and Future Research
This study should be interpreted in light of several limitations. First, the cross-sectional research design
limits causal inference. Although the proposed relationships are theoretically grounded and supported
by the empirical findings, longitudinal studies are needed to examine how perceptions of social
influence, social acceptability, and behavioural intentions evolve over time and influence subsequent
genetic testing uptake.

Second, the study relied on self-reported measures collected through an online survey, which may be
subject to response biases such as social desirability and recall bias. Although established
measurement scales and statistical procedures were used to minimize common method bias, future
studies could strengthen the evidence by incorporating objective measures of genetic testing utilization
or healthcare records where appropriate.

Third, the sample was drawn from residents of British Columbia, Canada. Although this provides
valuable insight into a publicly funded healthcare system with increasing availability of genomic services,
healthcare systems, cultural norms, and implementation strategies vary across jurisdictions. Replication
in other provinces and countries would help establish the generalizability of the findings.

Fourth, the study examined behavioural determinants at the individual level and did not explicitly
consider organizational or system-level implementation factors, such as provider readiness,
organizational capacity, reimbursement policies, or service availability. Future research could integrate
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patient-level behavioural models with implementation science frameworks to examine how individual,
organizational, and health system factors jointly influence the successful implementation and uptake of
genetic testing services.

Finally, this study focused on genetic testing as an empirical context. Although the proposed framework
may be applicable to other precision medicine initiatives and emerging healthcare technologies,
additional research is needed to determine whether the relationships observed here extend to other
genomic applications, digital health interventions, and personalized healthcare services. Comparative
studies across different healthcare settings and patient populations would further advance
understanding of the behavioural mechanisms that support successful implementation of healthcare
innovations.

Conclusions
This study examined the behavioural mechanisms underlying genetic testing uptake by integrating
subjective norms, social acceptability, behavioural intentions, and actual use within a single explanatory
framework. The findings demonstrate that social influence affects genetic testing uptake through both
direct and indirect pathways, with behavioural intentions serving as the strongest predictor of actual use.
In particular, the results identify social acceptability as an important intermediary construct through
which subjective norms shape behavioural intentions, providing a more comprehensive understanding of
how social influences translate into healthcare utilization.

These findings contribute to health services research by extending current understanding of patient
uptake of precision medicine services. While previous studies have primarily emphasized individual
cognitive determinants of healthcare technology adoption, the present study demonstrates that broader
social processes also influence engagement with genetic testing. By identifying social acceptability as a
key behavioural mechanism, the study offers new insights into how implementation of precision
medicine may be supported through interventions that strengthen public trust, social legitimacy, and
community acceptance alongside improvements in healthcare delivery.

From a practical perspective, the findings suggest that successful implementation of genetic testing
requires more than expanding service availability. Healthcare organizations and policymakers should
consider implementation strategies that simultaneously address social norms, ethical and privacy
concerns, patient education, and structural barriers to access. Such comprehensive approaches may
strengthen patient engagement, promote equitable uptake of genetic testing, and facilitate the
integration of genomic medicine into routine healthcare practice.

Although this study focused on genetic testing, the proposed framework may also be relevant to other
precision medicine initiatives and emerging healthcare innovations. Future research should examine
whether the relationships identified in this study generalize across different healthcare settings, patient
populations, and genomic applications, as well as investigate additional contextual factors that may
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influence implementation and sustained uptake. Such work will further advance understanding of the
behavioural processes that support successful implementation of innovative healthcare services.
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