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Abstract
Objective: The emergence of more contagious SARS-CoV-2 variants, such as EG.5 (Eris), has heightened the urgency of
assessing associated risks and managing the spread of infections. Digital Contact Tracing (DCT) tools have been widely
adopted to mitigate these risks, although the factors driving their acceptance are complex and multifaceted. However, there
is a significant lack of research on the application of DCT within Saudi Arabia, despite its proactive use of such technologies in
public health strategies. This study investigates the key determinants of DCT adoption and acceptance by integrating the
Technology Acceptance Model (TAM) with psychological, social, and regulatory factors related to the context of the study.
Methods: Using a quantitative, cross-sectional design, data were collected from Saudi participants through an online sur-
vey and analysed using Structural Equation Modeling (SEM) with SmartPLS4.
Results: The results supported all the hypotheses except for the relationship between social media awareness and DCT
tool usage. The findings revealed that COVID-19-induced anxiety significantly influenced technology acceptance, with
social influence playing a mediating role. This study introduces a novel, context-specific model contributing to the tech-
nology acceptance field by exploring how pandemic-related factors, such as anxiety and social influence, affect DCT tool
adoption. It also addresses a critical gap in the previous literature by examining the mediating role of social impact in the
association between privacy and event-related fear and the moderating effect of COVID-19 anxiety on social media
awareness and DCT usage. The findings offer valuable insights for governmental interventions, health institutions, and
legislators in managing pandemics globally and within the Kingdom of Saudi Arabia.
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Conclusion: We introduce a novel, context-specific model for understanding how pandemic-related psychological and
social factors influence DCT adoption in this study. Those results provide insight into how policymakers, health institu-
tions, and legislators can use DCT tools to manage pandemics globally and in Saudi Arabia.
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Introduction
The COVID-19 pandemic has profoundly impacted global
society, economy, and politics, with over six million fatalities
and infections surpassing half a billion worldwide.1 The eco-
nomic downturn in 2020 was significant, and ongoing recov-
ery remains uncertain due to the emergence of new
SARS-CoV-2 variants. Variants such as EG.5 (Eris) and FL
1.5.1 (Fornax) have exhibited increased transmissibility and
potential immune evasion.2 According to the Centers for
Disease Control and Prevention (CDC), EG.5 accounted for
over 20.6% of COVID-19 cases in the United States by
September 2023, surpassing all other strains.3 XBB strains
also demonstrate the ability to evade immunity acquired
from previous infections and vaccinations,2 emphasizing the
urgency of timely identification and mitigation strategies.

Traditional contact tracing (TCT) methods have
struggled to contain rapidly spreading variants, necessitat-
ing the adoption of Digital Contact Tracing (DCT) tools.
These tools enable real-time monitoring and exposure noti-
fications, enhancing efforts to minimize viral spread.4,5

However, recent studies highlight key challenges in imple-
menting TCT effectively, especially during high-
transmission periods. Research has demonstrated that trad-
itional contact tracing protocols had to be adapted due to
resource constraints in urban settings, limiting their effect-
iveness in tracking and interrupting transmission chains in
real-time.6 Similarly, studies found that the emergence of
COVID-19 variants of concern significantly reduced the
efficiency of TCT efforts, particularly in jurisdictions with
limited public health capacity.7 Moreover, large-scale epi-
demiological modeling estimated that while case investiga-
tion and contact tracing prevented numerous infections and
hospitalizations in the U.S., their impact diminished as case
numbers surged beyond the threshold manageable by man-
ual tracing teams.8 These findings underscore the necessity
of integrating DCT tools to complement traditional methods
by enhancing speed, scalability, and accuracy in exposure
notification and case identification9 .High-density environ-
ments, such as annual Islamic pilgrimages (Hajj and
Umrah) in Mecca and Medina,10 further underscore the
need for digital solutions, as millions of pilgrims congregate

in confined spaces, heightening the risk of widespread
transmission, where millions of pilgrims from different
countries congregate in close proximity.

Despite the potential benefits of DCT tools,
adoption remains hindered by challenges beyond technical
implementation,11–14 issues such as limited user awareness,
misinterpretation of data privacy laws, and public distrust
have significantly hindered widespread adoption.15,16

Concerns over data security breaches and government surveil-
lance have further contributed to hesitancy, exacerbated by
the proliferation of misinformation on social media.5,15,17–21

Saudi Arabia has leveraged its high smartphone penetra-
tion rate and robust digital infrastructure to implement DCT
solutions,22 but adoption is still hindered. However, tack-
ling the barriers riddling DCT accessibility cannot address
other technology adoption challenges. The diffusion of
innovation theory highlights a natural lag in the adoption
of new technologies,23 the urgency of pandemic response
necessitates rapid scaling of DCT tools to enhance their
effectiveness.24

Knowledge gap
A deep dive into the Scopus database uncovers that the ini-
tial wave of academic literature on DCT surfaced in 2020.
From that point onward, a total of 200 publications—
including journal articles, reviews, conference proceedings,
and book chapters—featuring DCT in their titles have been
cataloged in Scopus, spanning up to February 25, 2025.
This temporal distribution of research publications on
DCT reflects the dynamic nature of scholarly interest in
response to the COVID-19 pandemic. The provided
Scopus data, illustrated in Figure 1, demonstrates a signifi-
cant fluctuation in the volume of DCT-related research over
the period from 2020 to 2024. In 2020, the number of pub-
lications related to DCT was relatively modest (24), likely
due to the early phase of the pandemic when governments
and public health authorities were initially grappling with
containment strategies. During this period, traditional con-
tact tracing methods remained the primary approach, des-
pite their limitations in managing large-scale outbreaks.6

As the pandemic intensified, the necessity for scalable
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digital solutions gained traction, leading to a marked surge
in research publications in 2021, peaking at 60. This peak
can be attributed to the widespread adoption of mobile-
based exposure notification systems and growing invest-
ments in digital health technologies to mitigate transmission
risks.4,5 Additionally, international collaborations and fund-
ing initiatives during this period accelerated the develop-
ment and evaluation of DCT effectiveness.7,8 A slight
decline in research output was observed in 2022 (55 publi-
cations), although the volume remained significantly higher
than in 2020. This suggests continued scholarly engage-
ment with DCT applications, particularly as new
SARS-CoV-2 variants such as Omicron emerged, necessi-
tating innovative approaches to public health surveil-
lance.2,3 The decline became more pronounced in 2023
(31 publications) and remained stable in 2024 (30 publica-
tions). This trend may reflect the decreasing reliance on
DCT tools as the pandemic transitioned into an endemic
phase, coupled with persistent challenges related to user
adoption, privacy concerns, and regulatory frame-
works.11–14 Moreover, skepticism regarding data security
and government surveillance further hindered the wide-
spread implementation of DCT solutions, despite their
potential in high-density environments such as religious
gatherings and international travel hubs.10,15–17 Overall,
the publication trends suggest that DCT research reached
its peak in the immediate aftermath of the pandemic’s initial
outbreak before experiencing a gradual decline. While the
urgency surrounding COVID-19 may have diminished,
the insights gained from these studies remain relevant for
future pandemic preparedness, particularly in refining
digital epidemiological tools for real-time monitoring and
intervention. Accordingly, several studies recommended
focusing on integrating DCT into broader public health
infrastructure, addressing privacy concerns, and enhancing
public trust in digital health technologies to ensure their
effectiveness beyond COVID-19.22–24 Therefore, this study
examines the key factors influencing the adoption and
acceptance of DCT.

Practical gap
Despite Saudi Arabia’s proactive integration of DCT tech-
nologies into public health policies during the COVID-19
pandemic, a significant gap exists in academic research on
the country’s experience with these tools. The absence of
published studies on DCT in Saudi Arabia, as evidenced
by Scopus data, highlights a critical need to understand
the socio-technical, psychological, and regulatory factors
influencing adoption. Globally, DCT-related research is
concentrated in Western nations, with the United States
(34 studies), the United Kingdom (24 studies), and
Germany (20 studies) leading the field (See Figure 2). In
the Arab world, only a few studies have been published,
with Qatar (2 studies), Jordan (1 study), and Kuwait
(1 study) contributing to the discourse (See Figure 3).
However, Saudi Arabia—despite implementing widespread
DCT measures, including smartphone-based immunity
verification5—has no indexed publications on the subject.
This absence limits the availability of empirical data to
assess the effectiveness, challenges, and public perceptions
of DCT in the Kingdom.

This gap is particularly significant due to Saudi Arabia’s
high smartphone penetration, advanced digital infrastruc-
ture, and centralized governance, which enabled large-scale
DCT adoption.5 Additionally, there is a lack of comprehen-
sive studies examining the interplay of psychological,
social, and regulatory factors in DCT adoption.5,24,25

Furthermore, despite the heightened transmission risks
associated with mass gatherings such as Hajj and Umrah,
how DCT was utilized in these contexts remains unex-
plored. Without academic investigation, critical questions
persist regarding public trust, data privacy concerns, and
long-term policy implications. Addressing this research
gap is essential for developing evidence-based digital health
policies tailored to Saudi Arabia’s needs. This study seeks
to fill this gap by examining the socio-technical, psycho-
logical, and regulatory factors influencing DCT adoption
in the country.

Figure 1. Source (scopus database).
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Theoretical gap
Numerous theoretical frameworks and models have been
developed to explore and understand the determinants of
technology adoption, reducing uncertainties in this field.
Notably, the Technology Acceptance Model (TAM) by
Davis,26 Task-Technology Fit (TTF) by Goodhue and
Thompson,27 and the Unified Theory of Acceptance and
Use of Technology (UTAUT) by Venkatesh et al.28 have
been pivotal. The TAM, a well-known theory regarding
the usage and adoption of information technology (IT),
has been validated through numerous studies. Its evolution
through various iterations has significantly advanced the
understanding of the factors influencing technology adop-
tion. Originally proposed by Davis et al.26 the TAM focused

on perceived usefulness and ease of use as direct predictors
of technology usage intention. Later adaptations like the
TAM3 by Venkatesh and Bala29 incorporated social influ-
ence, acknowledging the role of societal norms and peer
influences. The integrated TAM3 further included psycho-
logical factors such as anxiety, recognizing their impact
on adoption behaviors. However, TAM overlooks other sig-
nificant factors like regulatory aspects, which are crucial in
the context of technology usage.

Among the 200 articles indexed in Scopus with “Digital
Contact Tracing” in their title, only three have examined the
relationship between DCT and the Technology Acceptance
Model (TAM). This highlights the limited use of TAM as a
theoretical framework in DCT research. A detailed analysis
of these studies reveals that: Al-Okaily et al.30 integrated

Figure 2. Source (scopus database).

Figure 3. Source (scopus database).
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Protection Motivation Theory (PMT) with TAM to analyze
factors influencing the acceptance and use of contact tracing
apps (CTAs) in Jordan during the pandemic. Dowthwaite
et al.31 extended TAM2 by incorporating trust as a key fac-
tor shaping the adoption of DCT apps in the United
Kingdom. Krüger et al.32 further refined TAM by integrat-
ing pandemic-related psychological factors, social influ-
ences, and demographic moderators, providing a broader
perspective on digital health technology adoption.
However, this study represents a major theoretical advance-
ment in the field of DCT adoption research. By integrating
TAM with psychological, social, and regulatory constructs,
it surpasses prior studies in scope. The inclusion of social
media awareness, event-related fear, and regulatory con-
cerns makes this research especially relevant for real-world
policymaking and pandemic preparedness strategies.

This study proposes a model that bridges these gaps by
integrating technological, psychological, social, and regula-
tory factors. It introduces factors such as trust in govern-
ment and event-related fear, emphasizing the influence of
trust and specific emotional states on user behavior. It
also addresses social media awareness and contemporary
concerns about data privacy through the inclusion of priv-
acy concerns. Furthermore, while theories and models of
technology usage do not apply uniformly across all con-
texts,33,34 this research is the first application of such mod-
els in the context of Saudi Arabia in the field of DCT (see
Table 1).

The proposed model’s holistic approach significantly
contributes to the literature by providing a comprehensive
framework that addresses current challenges in DCT use.
By integrating a broad range of factors previously over-
looked, this model offers a nuanced understanding that
can explain variations in acceptance and usage behaviors
in complex settings like digital government. This approach
is particularly relevant in contexts requiring high levels of
trust and data privacy, offering insights into how these
diverse factors collectively influence the acceptance and
sustained use of DCT.

Research objective
The purpose of this study is to extend the discourse on tech-
nology acceptance by integrating crisis-specific behavioral
factors and established acceptance models. It is based on
the Technology Acceptance Model (TAM), which posits
that perceived usefulness (PU) and perceived ease of use
(PEOU) are key drivers of technology adoption. To better
understand the unique challenges of Digital Contact
Tracing (DCT) tools adoption during the COVID-19 pan-
demic, this study incorporates psychological, social, and
regulatory factors into TAM. Among these are Trust in
Government (TIG), which measures how users perceive
the government’s handling of public health and data secur-
ity policies, Social Influence (SI), which measures peerT
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behavior and recommendations, and Privacy Concerns
(PP), which measures how concerned individuals are about
their personal information privacy. Additionally, the study
examines Event-Related Fear (ERF) as a psychological dri-
ver of adoption, Social Media Awareness (SMA) as an
external factor influencing perceptions of DCT tools, and
COVID-19 Anxiety (CA) as a moderating factor that intensi-
fies technology adoption behaviors. Further, the study exam-
ines the mediating role of social influence between
event-related fear and DCT adoption as well as the moderating
effect of health anxiety on social media awareness. By inte-
grating these novel dimensions and using Structural
Equation Modeling (SEM) with SmartPLS4, this study pro-
vides deeper insights into the public’s attitudes toward DCT
tools and offers actionable recommendations for policymakers
to overcome adoption barriers in pandemic scenarios.

Literature review and conceptual
framework

Technology adoption in times of crisis and
comparison with existing studies
While Digital Contact Tracing (DCT) tools have played a
critical role in managing and mitigating the COVID-19 pan-
demic by tracking and controlling virus transmission,35–39

their adoption dynamics differ significantly in crisis versus
non-crisis scenarios. Traditional technology acceptance
models such as TAM and UTAUT have been widely
applied to study adoption behaviors;28,40–42 however,
most prior research has focused on everyday technology
use rather than emergency-driven adoption.42–47

Government-led technology initiatives often face public
resistance, even when resources and infrastructure are avail-
able.48–52 The urgency, fear, and uncertainty during a pan-
demic reshape public perception of government-introduced
technologies, influencing adoption behaviors differently
than in non-crisis settings.5,52–54

Despite extensive research on DCT adoption, most stud-
ies emphasize conventional technology acceptance factors,
such as perceived usefulness and ease of use, while neglect-
ing the broader psychological, social, and regional influ-
ences that impact adoption. Our study addresses these
gaps by incorporating emotional, societal, and contextual
dimensions into the analysis of DCT adoption.

Several studies have examined the adoption of DCT
tools through established technology acceptance frame-
works. For example, Walrave et al.55 investigated the adop-
tion of COVID-19 contact-tracing applications using an
extended Unified Theory of Acceptance and Use of
Technology (UTAUT) model. Their findings highlighted
privacy concerns, trust in government, and perceived bene-
fits as critical determinants of adoption. However, their
study did not account for pandemic-induced psychological

factors such as health anxiety and fear, which can signifi-
cantly shape individuals’ willingness to engage with digital
health technologies. Our research incorporates these psy-
chological dimensions to better understand how emotional
responses impact adoption behavior.

Furthermore, most studies on DCT adoption have been
conducted in Western contexts, with limited research in
Middle Eastern countries. European and U.S.-based studies
primarily analyze DCT adoption through the lenses of data
privacy concerns and trust in governmental authorities.56 In
contrast, Saudi Arabia presents a unique regulatory and cul-
tural environment where government-mandated health
applications, such as Tawakkalna and Tabaud, played a
central role in managing public health.4,5,57 Unlike
Western nations where DCT adoption was largely volun-
tary, Saudi Arabia’s centralized digital health strategy cre-
ated a different adoption dynamic. By examining DCT
adoption within Saudi Arabia, our study addresses a critical
gap in global public health informatics and offers insights
applicable to similar regulatory environments.

Another important but underexplored factor in DCT
adoption research is the role of social media awareness.
While social media’s influence on public perception has
been extensively studied in health communication litera-
ture, few studies have examined its direct impact on DCT
adoption. Social media platforms such as Twitter,
Facebook, and WhatsApp have been shown to amplify
both accurate health information and misinformation.58,59

Our study incorporates social media awareness as a pre-
dictor of DCT adoption and further examines how health
anxiety moderates this relationship, providing novel
insights into the impact of digital information exposure on
technology adoption during a pandemic.

From a methodological standpoint, most studies on DCT
adoption employ Structural Equation Modeling (SEM) to
validate their theoretical models. For instance, Sharma
et al.60 conducted SEM-based analysis to assess the adop-
tion of COVID-19 contact-tracing apps, focusing on per-
ceived usefulness, privacy concerns, and trust in data
security. However, existing studies primarily focus on
technological constructs, often overlooking the interplay
between social, psychological, and regulatory factors.
Our study utilizes SmartPLS4 for SEM analysis, incorpor-
ating multiple mediators and moderators, such as social
influence, trust in government, privacy concerns, and
health anxiety. This comprehensive approach enhances
the predictive power of our model and provides stronger
empirical insights into real-world public health technology
adoption.

The novelty of our research lies in its holistic approach
that extends the Technology Acceptance Model (TAM)
with psychological, social, and regional influences. Unlike
prior studies that focus solely on technology-related factors,
our research acknowledges that pandemic-induced emo-
tions, cultural contexts, and social media exposure play a
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pivotal role in health technology adoption. By addressing
these critical dimensions, our study advances the under-
standing of digital public health interventions and provides
actionable recommendations for policymakers and health
authorities seeking to enhance DCT adoption and public
engagement during health crises.

Conceptual framework
Several studies have demonstrated the effectiveness of the
Technology Acceptance Model (TAM) in explaining tech-
nology usage behaviour.4,5,61 TAM identifies two primary
factors influencing individuals’ attitudes toward technology
adoption: perceived usefulness and ease of use. Perceived
usefulness refers to the belief that a specific technology
will enhance performance, and perceived ease of use refers
to the belief that it will be simple and easy to use.40

Furthermore, research suggests that perceived ease of use
affects perceived usefulness indirectly, ultimately influen-
cing users’ attitudes toward technology adoption.

Despite extensive validation across several domains,62–64

including health information systems, much existing research
focuses on healthcare professionals, leaving a gap in under-
standing how consumers adopt health-related applica-
tions.65–67 Consumers are often more reluctant to adopt
health technologies than professionals because they lack self-
efficacy. As a result, the general public may adopt new health
apps at a lower rate than professionals.45,65,68 Health apps
must, therefore, be promoted to foster consumer acceptance
and broader adoption.

Despite its effectiveness in predicting internal motiv-
ation, TAM has limitations when accounting for external
factors affecting technology adoption. As a result, the cur-
rent study extends TAM by incorporating social influence,
anxiety about health, governmental trust, privacy concerns,
and awareness of social media. These external factors are
especially pertinent in the context of the COVID-19 pan-
demic, where attitudes toward DCT tools are shaped not
only by the perceived usability of the technology but also
by broader societal and emotional influences.

This extended framework integrates these external vari-
ables and offers a more holistic view of technology accept-
ance. Following this section, the theoretical model is
discussed in more detail, outlining the relationships
between the variables and hypotheses being evaluated.

Theoretical model and hypotheses construction
Perceived usefulness (PU). This variable represents an indivi-
dual’s level of trust in accepting and using a specific tech-
nology based on its contribution to enhancing
performance.26,69 Related studies have examined the
impacts of perceived usefulness on the intention to use
mHealth and DCT tools; to begin with Zhang et al.70 found
a positive association between the variable and using

mHealth, while Binyamin and Zafar71 found PU to have a
significant influence over intention towards mHealth app
use. Furthermore, previous studies4,5 have also established
a strong association between PU and the DCT tool’s inten-
tion to use. As a result, this study posited the following
hypothesis:

Hypothesis 1 (H1): Perceived Usefulness significantly
impacts the DCT tool’s intention to utilize.

Perceived ease of use (PEOU). Davis26 defined Perceived
Ease of Use (PEOU) as the belief of an individual that a par-
ticular technology will be effortless and easy to use.
According to this study, PEOU is a user’s perception that
it is easy to use DCT tools from mental and physical per-
spectives. A significant association has been found between
PEOU and intention to use in previous research. For
example, Binyamin and Zafar71 found that PEOU was sig-
nificantly correlated with PU in the context of mHealth use.
Other studies have also found that PEOU affected the inten-
tion to use mHealth apps in other studies.72,73 Furthermore,
PEOU was shown to influence PU and intention to use DCT
tools significantly.4,5 Thus, the following hypotheses are
posited:

Hypothesis 2 (H2): Perceived Ease of Use will positively
impact Perceived Usefulness.
Hypothesis 3 (H3): Perceived Ease of Use will positively
impact the intention to utilise DCT tools.

Intention to use DCT (DCT iu). One of the best predictors of a
person’s inclination to accept innovation is their intention to
embrace them. Behavioural intention is an individual’s
inclination or willingness to perform a particular behav-
iour.74 Concerning the overall adoption of mHealth and
detection apps, intention towards system use represents an
individual’s plan to utilise such technology. Binyamin
and Zafar71 discovered a significant correlation between
the intention to use a mHealth app and its actual utilisation,
which is like the finding that Alsyouf et al.4,5 reported in
that intention towards use was found to affect actual DCT
tools use significantly. Considering this, this study posited
the following hypothesis:

Hypothesis 4 (H4): The DCT tool’s intention to use sig-
nificantly influences its use.

Trust in government (TIG). According to trust literature, the
element of trust reduces the uncertainties and risks in differ-
ent situations,5,75,76 and the variable is commonly described
as the psychological state that consists of intention towards
accepting vulnerability according to the expectations of the
positive intentions/behaviour of another.77 Nevertheless,
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trust may also be modified and manipulated when it comes
to the actual use of an app by increasing or decreasing such
use based on a user’s experiences.78 Individual trust in the
government also plays a role in minimising uncertainties,
as most of the COVID-19 apps are government-developed.
In effect, government trust can minimise the fear of using
such apps.79 Government trust is considered solid and
robust in the short term.80,81

More specifically, people’s trust in the government is the
perception of the former of the latter’s integrity and ability
to provide service.5,76 Citizens trust the government’s DCT
tool’s effectiveness and adoption differently; thus, there is a
higher likelihood that those who trust the government will
perceive that the government will use tool-gathered data
responsibly. Also, they have a higher likelihood that the
government can effectively use the tools to confine the
COVID-19 pandemic and that the tools will benefit rather
than harm. In the case of France, higher citizens’ trust in
the government was found to be related to higher incidences
of acceptability and use of contact tracing apps,82 which a
UK study also supported.83

In the U.S. context, research has been conducted on the
inclination to adopt warning apps through hypothetical
situations. The results of these studies indicate that indivi-
duals carefully assess the benefits and risks associated
with these technologies.84 According to the findings, the
benefits include being informed about potential risks, a
sense of altruism by protecting others, and ensuring per-
sonal safety. On the other hand, the risks primarily focus
on privacy concerns and the costs associated with using
mobile data. A similar study in the U.S. also highlighted
the importance of accuracy and privacy issues when consid-
ering adopting tracking apps.85 Additionally, an inter-
national study found that privacy concerns were a
significant factor affecting the willingness of participants
to download an app, with 37% refusing to do so if sufficient
data protection measures were not in place.86 Similar find-
ings were observed in studies conducted in Australia87 and
the UK83 Based on these existing studies, this study posited
the following hypothesis:

Hypothesis 5 (H5): Trust in government will positively
impact the intention to use DCT tools.

Social media awareness (SMA). Monitoring the pandemic on
social media has the power to shape health behaviours
through social media influencers. However, monitoring can
also increase public fear, pushing them to embrace prevent-
ive measures.88 Multiple studies have shown that mass
media usage can benefit individuals’ health behaviours.89

Moreover, it has been observed that these changes tend to
avoid any adverse effects.89 The observations and concomi-
tant changes are reflected in the frequency of listening to the
radio and reading newspaper reports and the corresponding
minimised occurrences of contracting diseases because of
the high inclination towards vaccinations.90 They may also

be evident through the TV usage frequency, which was
found to be positively correlated with water-, sanitation-
and hygiene-related behaviours.91 Additionally, Facebook
and Twitter, which are prominent social media platforms,
present innovative approaches to prevent pandemics. The
implication is that social media facilitates reciprocal commu-
nication between health organisations and the general public,
demonstrating its effectiveness in preventing hazardous sex-
ual behaviours,92 enhancing attitudes and understanding
regarding skin cancer,93 promoting the adoption of maternal
influenza vaccines,94 and validating lifestyle modifications.

Likewise, Lim et al.95 found the possibility of driving
people towards adopting, supporting, disseminating, and
sharing innovations or behaviour’s using socially mediated
social media. In this regard, social media can connect social
norms with the society’s capability to access health infor-
mation, news, and behavioural patterns related to health.
This connection occurs through the impact of social media
on individuals and their observations of others.96

Essentially, the extent to which people use social media
to obtain health information and manage diseases can
greatly impact their health behaviour outcomes.

Furthermore, Alhuwail and Ab-dulsalam’s97 study showed
that individuals prioritise using platforms like YouTube over
Twitter, Snapchat, and Facebook when seeking health-related
information. Similarly, Stawarz et al.’s98 research highlighted
the effective utilisation of mobile technologies in addressing
mental health issues. Building upon these previous works, it
becomes imperative to investigate the correlation between
social media awareness and the adoption of Digital Contact
Tracing (DCT) tools to curb the transmission of COVID-19.
Therefore, based on the studies mentioned above, this study
posited the following hypothesis:

Hypothesis 6 (H6): Social media awarness significantly
impacts DCT tool utilisation.

Social influence (si), event-related fear (ERF) and perceived
privacy (pp). Due to the inability of individuals to personally
test COVID-19 DCT tools or communicate with the devel-
opers, they resort to other methods of acquiring informa-
tion, such as seeking input from peers who have already
adopted the app. The more individuals perceive that their
peers are supportive and convinced of the efficacy of the
COVID-19 digital contact tracing app, the more likely
they are to adopt and use it themselves. This process is
known as social influence, where individuals gauge the opi-
nions of those close to them to reduce uncertainties sur-
rounding contact tracing apps.28 This study proposes that
understanding individuals’ social surroundings preferences
can measure their views about using the app. Thus, this
study posited the following hypothesis:

Hypothesis 7 (H7): Social Influance significantly
impacts the use of DCT tools.

8 DIGITAL HEALTH



Event-Related fear. This type of fear refers to people’s judg-
ment concerning event danger, which is based on the peo-
ple’s feelings at a specific period rather than the actual
probability of the severity.4 In this regard, fear as an emo-
tional state significantly correlates with risks that could
result in emergencies.99 Based on the Zika and H1N1 out-
breaks several years back, studies showed that event-related
fear contributes to public health emergencies, and thus,
those having high fear levels are likely to be more worried
about COVID-19. As a result, they may obtain information
concerning the virus and how they can be protected from it.
People whose peers use DCT may be more likely to be con-
vinced of their effectiveness in preventing the virus’s spread
and use the tools themselves. Social influence can, there-
fore, prevent negative event-related fear effects on DCT
use. High levels of event-related fear could lead to high
adoption and use of DCT, particularly if peers are also
using such tools. Thus, this study posited the following
hypothesis:

Hypothesis 8 (H8): Social Influance will mediate the
association between event-related fear and DCT use.

Privacy. In addition to the above, DCT users are often con-
cerned about privacy issues, and this is true for human rights
entities who are forever questioning governments who
develop apps to be adopted by societal members.5 Privacy per-
ception is the intensity to which the users believe that their per-
sonal information is protected and secured.4,5 Privacy is a
complex concept that many factors affect, with past studies
on privacy violations indicating that these include an organisa-
tion’s data collection trustworthiness and perceived advan-
tages of sharing information.

Moreover, individuals concerned about their privacy
will not be inclined to use DCT tools as they think their per-
sonal information can be accessed and shared without their
permission and consent. Nevertheless, if peers use DCT
tools, individuals may adopt them as they respect their
peers’ knowledge concerning the risks and benefits of
such use. They may be convinced that their peers make
informed decisions when using the tools.

Social influence can mitigate perceived privacy concerns
surrounding DCT tool use because, upon observing their
peers’ use of DCT tools, individuals highly concerned
with privacy are more likely to use them. Hence, this study
posited the following hypothesis:

Hypothesis 9 (H9): Social Influance will mediate the
relationship between perceived privacy and DCT tools
use.

The moderating role of health anxiety sensitivity on COVID-19
(ca). During the ongoing pandemic, individuals across the
globe have been grappling with a persistent sense of health

anxiety. This overwhelming fear can permeate every aspect
of their lives, leading them to adopt avoidance strategies, suf-
fer from heightened stress levels, and grapple with intrusive
negative thoughts that seem to haunt them relentlessly.
Alarming as it may be, the impact of health anxiety extends
even further, manifesting in a range of negative and ineffective
preventative behaviours and actions. In support of this, several
prior studies100–103 have shed light on the correlation between
these psychological effects and individuals’ tendency to
engage in counterproductive measures to protect themselves
and others during the crisis.

Gaygisiz et al.’s100 study found that numerous factors
contributed to health-related anxiety among individuals.
With this understanding, it becomes crucial to delve
deeper into these perceptions to develop effective health
applications during the ongoing COVID-19 pandemic. It
is no secret that this global health crisis has unleashed a
wave of fear, leaving many people feeling vulnerable to
death, sickness, and helplessness. A prominent issue has
also emerged concerning the stigma associated with the
virus. An in-depth study of this phenomenon can provide
insight into individuals’ mental health status during this
challenging period. Moreover, it can help us better under-
stand the specific needs and support that individuals require
so we can provide them with an opportunity to mitigate the
adverse effects of health-related anxiety associated with the
pandemic.104

Furthermore, anxiety has a significant correlation with
risks and may result in emergencies,99 and in the past,
Zika and H1N1 outbreaks have provided evidence that anx-
iety contributes to public health emergencies.

Some individuals have experienced heightened anx-
iety due to the COVID-19 pandemic. Several factors con-
tribute to this anxiety, including the fear of contracting
the virus and the uncertainty surrounding the situation.
Although anxiety can be detrimental in some ways, it
can also be beneficial in others. It encourages individuals
to become aware of the protective measures that can be
taken to avoid spreading the infection. As part of
this heightened awareness, individuals will become
more familiar with and understand the various available
DCT (Disease Control and Prevention) tools. People
have become more aware of the importance of imple-
menting preventive measures as they attempt to protect
themselves and their loved ones from COVID-19.
Consequently, the combination of increased anxiety and
heightened awareness regarding DCT tools creates a
more substantial commitment to practising protective
measures and preventing the contraction and spread of
the virus.

This commitment would lead to a stronger link between
social media awareness and DCT tools use among those
with high anxiety rather than those with low ones. People
who are highly anxious about COVID-19 are more likely
to be convinced of the effectiveness of DCT tools in
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preventing the spread of the pandemic and the higher ben-
efits vs. risks of the tools. Thus, this study hypothesises that;

Hypothesis 10 (H10): COVID-19 anxiety will moderate
the association between social media awareness and
DCT tools use.

Research methodology

Study context
Saudi Arabia responded to the COVID-19 pandemic by cre-
ating two apps, Tabaud and Tawakkalna,4,5,57 to help con-
trol its spread. It utilises the Apple/Google exposure
notification API and offers three main services to users. It
sends notifications to individuals in close contact with
someone infected with Covid-19. The Saudi government
launched the Tawakkalna application to prevent the spread
of Covid-19. The Saudi Data and Artificial Intelligence
Authority (SDAIA) developed the app to manage relief
efforts electronically and establish control for governments
and private sector workers. The aim was to limit the spread
of the pandemic within the country. During the “return with
caution” period, new services were introduced in the
Tawakkalna app, which helped achieve a safe return while
maintaining the user’s privacy and security through col-
oured codes.

Design, sampling, and data collection
procedures
This research utilises quantitative cross-sectional designs to
assess and validate the research framework. Due to
governmental-forced lockdown actions and mandatory com-
munity separation, data collection was impossible. The authors
distributed an online survey questionnaire during the lockdown
period. The surveywas created using aweb-basedGoogle form
and translated into Arabic through back translation, as recom-
mended by Brislin.105,106 The survey used a five-point scale
ranging from 1 representing strongly disagree to 5 representing
strongly agree, to gauge these study items. Five academics
reviewed and gave feedback on the survey. The measurement
scales used in the survey were adapted from related articles,
and the items can be found in section “Theoretical model and
hypotheses construction”.

The research investigated smartphone users in the
Kingdom, considering that DCT was made compulsory
nationwide. Due to challenges in acquiring a comprehensive
record of smartphones user’s, the survey was instead shared
on various social media. The study examined public percep-
tions of Covid-19, particularly attitudes towards contact tra-
cing. Data were collected over two months, from December
2021 to January 2022. Participants were obtained through
Saudi COVID-19-related groups, local community groups,

and university communities consisting of faculty members,
employees, and students. Their involvement in the study
was voluntary and without any financial incentives.

Regarding exclusion criteria, none were used consider-
ing demographic data, except for the ages of the participants
(at least 18 years). This study sample size selection was
based on Krejci and Morgan’s107 method and formula,
whereby 384 samples were considered acceptable in this
study. Four hundred surveys were retrieved, all of which
were complete and devoid of missing data.

Measures
The initial version of the questionnaire was translated into
Arabic using a different process, considering it is the
respondents’ native tongue. The contents were created
using proven methods found in the literature. A score of 1
indicated strong disagreement, while a score of 5 repre-
sented strong agreement. The adopted items were taken
from relevant and related works; COVID-19 Anxiety and
Event-Related Fear comprise 9 and 3 items, respectively,
adopted from.4,5 Moreover, Trust in Government comprised
4 items adopted from.5 PU and PEOU comprise 4 items,
each adopted from.4,5,70,71 Social Influence, Digital Contact
Tracing Tool Intention to Use, and Digital Contact Tracing
Tool Usage consisted of 3 items for each, adopted
from.4,5,41 Perceived Privacy comprised 6 items, and social
media awareness comprised 5 items adopted from.5

Data analysis techniques
The study employed descriptive statistics, moderation, and
mediation regression analysis. SPSS generated descriptive sta-
tistics. SmartPLS4 was used for hypotheses testing, and its
bootstrapping method was used for estimating path coeffi-
cients and standard errors.108 Based on its robustness through
bootstrapping, SmartPLS4 was selected for the analysis of
complex models with multiple moderating and mediating vari-
ables examined in the current work. Also, the contingent influ-
ence of COVID-19 anxiety and the mediating effect of social
influence were analysed using a 5000 bootstrapping sample,
with a 95% confidence interval (CI) at 0.05 significant level.
Before conducting Smart PLS4 analysis, SPSS Version 23
was used to obtain descriptive results.

Results

Demographic characteristics
The demographic information of the respondents via SPSS
indicated that most were male (210, 52.5%), 18–34 years
of age (196, 49%), and held bachelor’s degrees (216, 54%).
The results also showed that most respondents hailed
from the Western Saudi province (236, 59%). Table 2
tabulates the demographic characteristics of the
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respondents in terms of age, gender, educational level, and
residence location.

Validity and reliability
The study used SmartPLS4 to measure the outer model and
establish the validity and reliability of the obtained data.
More specifically, convergent validity was established
using Cronbach’s alpha (α), composite reliability (CR),
and Average Variance Extracted (AVE), with the values
obtained considered acceptable,109,110 at more than 0.70,
0.70 and 0.50, respectively. Individual study variables
obtained the following Cronbach’s alpha, CA, and AVE,
respectively: COVID-19 anxiety was 0.714, 0.821, and

0.537, event-related fear was 0.909, 0.939 and 0.837,
DCT tool intention to use variable obtained 0.917, 0.948,
and 0.858, perceived ease of use was 0.854, 0.901, and
0.695, while perceived privacy was 0.914, 0.933, and
0.699. Moreover, for the other variables, Cronbach’s alpha
(CA), CR and AVE values were as follows: perceived use-
fulness was 0.929, 0.950, and 0.826, respectively; social
influence was 0.909, 0.943, and 0.846 respectively; social
media awareness was 0.819, 0.868 and 0.570, respectively,
while trust in government was 0.857, 0.913 and 0.778,
respectively. See Table 3.

Fornell and Larcker (1981) were used to evaluate the
measurement model and data validity109,110 (refer to
Tables 4 and 5).

For discriminant validity confirmation, the items’ cross-
loadings can also be used.111,112 For acceptable cross-
loadings, the items’ loadings must be higher on their corre-
sponding constructs than on other constructs (refer to
Appendix A).

Coefficient of determination (R2)
Based on the PLS4 output coefficient of determination
values (R2) of DCT tools use was 0.513, that of DCT tools
intention to use was 0.435, perceived usefulness was 0.370,
and that of social influence was 0.179. The results showed
that in combination, CA, DCTIU, PU, ERF, PP, PEOU,
SMA, SI, and TIG explained 0.513 of the variance in
DCT tool use among Saudi citizens. Additionally, per-
ceived ease of use was found to explain 0.370 of the per-
ceived usefulness of the tools; perceived privacy and
event-related fear explained 0.179 of social influence on
DCT tools use. In this regard, a higher R2 value means a
higher predictive ability of the structural model, and in
this study, R2 was substantial based on Cohen.113

Study hypotheses testing
The models (main effect, moderating, and mediating) were
all examined to examine the structural model and test the
formulated hypotheses. The path coefficients were gener-
ated using the PLS path algorithm to evaluate the signifi-
cance of the different model effects. Following past
studies, the structural model was exposed to a bootstrapping
procedure with 5000 re-samples.109,111,114 Last, the path
coefficients were employed to test the direct, moderating,
and mediating effects (See Table 6 and Figure 4).

Table 6 tabulated results supported hypothesis 1, which
posited a significant and positive association between the
DCT tool’s intention to be used by citizens and perceived
usefulness (β= 0.177, t= 2.694, p < 0.01).

In addition, a significant and positive relationship was
found between perceived ease of use and perceived useful-
ness of DCT tools, supporting H2 (β= 0.609, t= 14.883, p
< 0.01), and a positive and significant relationship was

Table 2. Demographic characteristics of the respondents.

Item Category N %

Gender Male 210 52.5

Female 190 47.5

Overall 400 100

Age 18–34 years old 196 49

35–44 years old 93 23.3

45–54 years old 60 15

55 years and over 51 12.8

Overall 400 100

Education
level

Degree of High school and
lower

80 20

Diploma certification 21 5.3

Bachelor 216 54

Master 45 11.3

PhD certificate 38 9.5

Overall 400 100

Province Western province 236 59

Eastern province 32 8

Southern province 27 7

Northern province 58 14.5

Middle province 47 11.8

Overall 400 100
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Table 3. Internal constructs consistency.

Constructs Loadings CA CR AVE

CO-19 Anxiety (CA) 0.720 0.714 0.821 0.537

0.840

0.689

0.669

Event-Related Fear (ERF) 0.901 0.909 0.939 0.837

0.896

0.947

Digital Contact Tracing Tool Intention to Use (DCT IU) 0.950 0.917 0.948 0.858

0.887

0.940

Digital Contact Tracing Tool Usage (DCTU) 0.845 0.883 0.928 0.812

0.944

0.911

Perceived Ease of Use (PEOU) 0.880 0.854 0.901 0.695

0.868

0.821

0.759

PP 0.816 0.914 0.933 0.699

0.873

0.905

0.810

0.878

0.719

PU 0.908 0.929 0.950 0.826

0.925

0.913

0.887

Social Influence (SI) 0.897 0.909 0.943 0.846

0.938

0.924

(continued)
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found between PEOU and DCT tools intention use, sup-
porting H3 (β= .406, t= 5.797, p < .01).

Moving on to the proposed relationship between the
DCT tool intention to use and actual use, the results sup-
ported the association (β= 0.584, t= 13.235, p < 0.01), sup-
porting H4. H5 was also supported because the results
showed that trust in government had a positive relationship
with DCT tools use (β= 0.213, t= 3.973, p < 0.01).
However, H6 was rejected as the association between
SMA and DCT tools use was insignificant (β= 0.035, t=
0.803). As for social influence, the results supported its
positive and significant relationship with DCT tools use
(β= 0.191, t= 4.175, p < 0.01), supporting H7.

Following the results of the above direct relationships,
the mediating relationships proposed in H8 and H9 were
tested. Social influence mediated the association between
event-related fear and perceived privacy with DCT tools
use (see Table 5). This test involved bootstrapping analysis
on event-related fear and its indirect effect on using DCT
tools through social influence — supporting mediating
effect (β= 0.025, t= 2.153, p < 0.05). Similarly, perceived
privacy indirectly affected DCT tools through social influ-
ence (β= 0.073, t= 3.667, p < 0.01). These results sup-
ported the mediating effect of social influence on the
association between event-related fear and perceived priv-
acy, with DCT tools usage (H8 and H9).

Table 3. Continued.

Constructs Loadings CA CR AVE

Social Media Awareness (SMA) 0.730 0.819 0.868 0.570

0.811

0.807

0.687

0.733

TIG 0.848 0.857 0.913 0.778

0.880

0.916

Table 4. Fornell-Larcker criterion.

CA ERF PEOU PP PU SI SMA DCT IU DCTU TIG

CA .732

ERF .554 .915

PEOU .106 .043 .833

PP .164 .148 .669 .836

PU .187 .152 .609 .564 .909

SI .178 .189 .434 .403 .62 .92

SMA .136 .173 .361 .326 .509 .468 .755

DCT IU .183 .092 .606 .601 .511 .354 .292 .926

DCTU .221 .191 .517 .55 .452 .426 .306 .677 .901

TIG .24 .046 .437 .529 .408 .249 .204 .462 .386 .882

Fornell-Larcker criterion: The value in bold is accepted if it is higher than the corresponding row and column values.
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Regarding other indirect effects, a positive moderation
path coefficient was found (β= 0.083, t= 2.139, p < 0.05)
for the moderating effect of COVID-19 anxiety on the asso-
ciation between social media awareness and DCT tools use,
indicating that anxiety from COVID-19 had a positive con-
tingent influence on the association between social media
awareness and DCT tools usage (H10). In other words,
the association between social media awareness and DCT
tools use was moderated and strengthened by the anxiety

brought on by COVID-19 (see Figure 5 and Table 7).
Moreover, Table 6 shows the two-way interaction effects
for unstandardised variables for social media awareness,
COVID-19 anxiety, and digital contact tracing tools usage.

Discussion
The study findings validated TAM’s ability to predict DCT
tools use among Saudi citizens in response to the evolving

Table 5. Discriminant validity (HTMT ratio).

CA ERF PEOU PP PU SI SMA DCT IU DCTU TIG

CA

ERF 0.690

PEOU 0.168 0.048

PP 0.196 0.152 0.748

PU 0.233 0.156 0.665 0.598

SI 0.229 0.182 0.474 0.42 0.670

SMA 0.179 0.176 0.392 0.343 0.565 0.532

DCT IU 0.224 0.102 0.677 0.645 0.551 0.384 0.308

DCTU 0.278 0.204 0.583 0.608 0.496 0.47 0.321 0.750

TIG 0.311 0.044 0.52 0.611 0.459 0.284 0.218 0.519 0.446

HTMT Ratio < .85 is valid.

Table 6. Summary of direct effect, moderating effect, and mediating effect.

Hypothesis Hypothesis Beta STDV T values P values Decision

H1 PU→DCT IU 0.177 0.066 2.694 0.007 Accepted

H2 PEOU→PU 0.609 0.041 14.883 0.000 Accepted

H3 PEOU→DCT IU 0.406 0.07 5.797 0.000 Accepted

H4 DCT IU→DCTU 0.584 0.044 13.235 0.000 Accepted

H5 TIG→DCT IU 0.213 0.054 3.973 0.000 Accepted

H6 SMA→DCTU 0.035 0.044 0.803 0.422 Not Accepted

H7 SI→DCTU 0.191 0.046 4.175 0.000 Accepted

H8 ERF→ SI→ DCTU 0.025 0.012 2.153 0.031 Accepted

H9 PP→ SI→ DCTU 0.073 0.020 3.667 0.000 Accepted

H10 CA x SMA→DCTU 0.083 0.039 2.139 0.032 Accepted
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COVID-19 pandemic by showing support for its assumptions
and the included additional variables, further contributing
to the model’s predictive abilities. Based on the findings,
the model successfully explained 0.513 of the use of

DCT tools, 0.435 of DCT tools intention to use, 0.370 of
perceived usefulness, and 0.179 of social influence.
Also, the study found the R2 value substantial based on
Cohen’s113 R2 classification.

Figure 4. SEM figure.

Figure 5. COVID-19 anxiety strengthens the positive association between Social Media Awareness and Digital Contact Tracing Tools
Usage.
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Touching upon individual direct results, perceived use-
fulness prediction of DCT tools usage intention (β= .177,
t= 2.694, p < .01) was supported for H1. Past relevant stud-
ies on mHealth found perceived usefulness to be a top pre-
dictor of behavioural intention toward mHealth types of
usage.45,70,71,115 This result means that if citizens believe
that DCT tools are effective in safeguarding them from
the COVID virus, they desire to be more likely to use them.

In the second hypothesis (H2), perceived usefulness was
proposed to have a significant and positive influence on per-
ceived ease of use, and the correlation was supported (β=
0.609, t= 14.883, p < 0.01). Studies concerning this rela-
tionship in literature illustrated that perceived ease of use
in utilising DCT tools may convince people of its useful-
ness.4,5,71–73 Thus, the likelihood of finding DCT tools use-
ful lies in their easy-to-use features.

The third hypothesis of this study proposed a significant
relationship between perceived ease of use andDCT tool inten-
tion to use (β= .406, t= 5.797, p< .01). Like past studies, the
current research indicated that PEOU among users concerning
DCT tools could result in the intention to use and eventually
actual use of such tools.4,5,71,116,117The importance that the citi-
zens place on the perceived ease of use of DCT tools may
explain this result. Prior studies in the acceptance of health
informatics applications among citizens revealed the differ-
ences between their acceptance and that of professionals65,68

and that consumers do not have the same high SE level and
hold adverse perceptions of a technologies usability, making
them more likely to face challenges in the usage of an applica-
tion. It is thus essential to provide the proper assistance to citi-
zens when convincing them to accept apps.

The fourth hypothesis proposed a positive association
between intention towards using DCT tools and actual
use. The findings supported this relationship (β= 0.584,
t= 13.235, p < 0.01), like past studies.4,5,118,119 This finding
shows that the behavioural intention to use the users reflects
their acknowledgment and usage of innovations. Stated

differently, the individual’s intent towards adopting DCT
tools is a predictor of their actual usage and adoption of
the similar, as supported by the current and past studies in
the literature.

Trust in government and intention towards using DCT
tools was also positively significant (β= .213, t= 3.973,
p < .01), supporting H5. This result supports prior reported
results that indicated trust in government among the citizens
plays a role in their positive perceptions, attitudes, and
behaviours toward DCT tools, enhancing their actual
use.82,83,120 This result may be explained by the fact that
people trusting governments are convinced that the latter
will responsibly use the tools based on their purpose and
objectives. They will perceive the government to be respon-
sible enough when using their personal information, only
using it for their own good. This belief in the government’s
development and implementation of effective public health
measures contributes further to government trust. It enhances
their belief that they can reap benefits from using government-
made tools. The government ensures privacy and provides
benefits like preventing the spread of the pandemic while
outweighing the risks of tool usage. Consequently, trust
in the government influences the usage and adoption inten-
tion of DCT tools and, eventually, actual usage among the
citizens.

Regardless of the positive effect of social media aware-
ness on DCT tools use among Saudi citizens, the effect was
insignificant (β= 0.035, t= 0.803), rejecting H6. DCT tool
usage was made mandatory among the public in Saudi
Arabia. Social media messages were used to disseminate
information, but such messages may not have affected the
use of the app itself. The Kingdom adopted a paternalistic
response to the pandemic emergency to promote the import-
ance of the whole over the individual.121 The public health
policies that the Kingdom developed are directed towards
protecting the population’s health as opposed to protecting
individual rights and interests, making DCT tools

Table 7. Two-way Interaction Effects for Unstandardised Variables (Social Media Awareness, COVID-19 Anxiety, and Digital Contact
Tracing Tools Usage).

Variable Names:

Independent Variable: Social Media Awareness

Moderator: COVID-19 anxiety

Dependent variable: Digital Contact Tracing Tools Usage

Unstandardised Regression Coefficients:

Independent variable: 0.035

Moderator: 0.092

Interaction: 0.083
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mandatory for everyone’s usage. This led to social media
awareness not impacting the public’s use of the DCT tools.

Additionally, the effect of social influence over the use of
DCT tools was assessed in H7, and a significant correlation
was found (β= 0.191, t= 4.175, p <0.01). In past studies,
the impact of social influence on the use of DCT tools was sig-
nificant.122,123 Thus, there is a likelihood that social network
members have a higher likelihood to use DCT tools if their
important others are also using them. In other words, the
use of DCT tools among individuals is promoted by the use
among their important others or peers because individuals
need to be validated for their responsibility and inclination
towards taking protective measures to ensure that they and
their loved ones remain protected.

The results show that indirect effects of social influence
significantly mediated the association between event-
related fear and DCT tools use (β= .025, t= 2.153,
p < .05). Thus, H8 was supported. This result makes a
new contribution to literature. The current study found
that social influence directly affected the use of DCT tools
and mediated the relationship between such use and
event-related fear. No past practical results have been
reported on the mediating effect of SI on the two variables.
This result may be attributed to the likelihood that indivi-
duals who fear contracting COVID-19 are influenced by
the opinions and behaviours of their loved ones and those
who are dear to them. Therefore, they are more open to
seeking information and support from the latter. Peers
highly influence their use of DCT tools. Event-related fear
may also be minimised through social influence using
DCT tools. Their peers may persuade those who fear con-
tracting COVID-19 to use DCT tools for information,
which will minimise such fear. Moreover, people whose
fear of contracting COVID-19 is higher have more reason
to use the DCT tools for information and statistics to protect
themselves and others, and this is supported by the use of
their peers of such tools.

Similarly, H9 of this study proposed that social influence
would mediate the relationship between perceived privacy
and DCT tools (β= 0.025, t= 2.153, p < 0.05). This hypoth-
esis was supported based on the results, marking another
new contribution to the literature. The positive, direct, and
significant results supported the mediating influence of per-
ceived privacy on DCT tools use and social influence. The
direct effect of social influence over DCT tool usage was
also validated, but prior empirical findings did not docu-
ment the mediating effect. The result of this study may be
explained by the likelihood that people concerned about
their privacy may be influenced by the opinions and beha-
viours of their peers regarding how privacy is dealt with
when using DCT tools. In other words, peers and loved
ones are more likely to urge individuals to use DCT tools
by ensuring privacy measures are in place.

Additionally, social influence may minimise perceived
privacy concerns regarding DCT tool usage. Privacy-

concerned individuals will be more inclined towards using
such tools if their peers convince them that it is beneficial to
use them. Social influence can be directed towards promot-
ing DCT tools by mitigating privacy concerns among
privacy-conscious individuals. Steps can be taken to ensure
that privacy is established among users through the words
of trusted peers and loved ones who use such tools, thus fur-
ther promoting and spreading their use.

Last, the tenth hypothesis (H10) proposed that COVID-19
anxiety would moderate the relationship between social
media awareness and DCT tools use. The positive moderat-
ing role of anxiety from COVID-19 was supported (β=
.083, t= 2.139, p < .05), marking another novel contribution
to literature. Such a result may have stemmed from the fact
that SM usage increased during the epidemic, with more
and more people engaging and interacting with others online,
thus increasing information-sharing.124,125 Unfortunately,
social media also have a key role in disseminating misinfor-
mation and sensationalism surrounding COVID-19, resulting
in heightened anxiety and directing the focus elsewhere.126

Anxiety about COVID-19 played a significant influence in
increasing awareness of DCT tools. Individuals experiencing
high levels of anxiety were more likely to seek out informa-
tion on how to protect themselves, leading to greater aware-
ness and adoption of DCT tools. Social media amplified this
heightened anxiety, where both accurate and misleading
information spread rapidly. As a result, anxious individuals
were more likely to adopt protective measures for themselves
and their loved ones, influenced by the information they
encountered online.

Practical implications
The study results have several important practical implica-
tions for government agencies, health policymakers, and
healthcare institutions. First, they highlight the critical
role of Digital Contact Tracing (DCT) tools in managing
COVID-19 risks, especially in high-density environments
such as religious gatherings or public events. Even after
quarantine measures have been lifted, health authorities
can increase public trust and usage by understanding the
factors influencing the adoption and use of DCT tools.

Further, the findings on trust regarding government and
privacy concerns suggest that improving transparency and
safeguarding data privacy are essential to improving DCT
adoption. Governments should build public trust through
clear communication and robust data protection policies
to ensure widespread adoption.

Finally, the study emphasises the role of social influence
and anxiety in shaping individuals’ behaviour toward using
DCT tools. As part of long-term pandemic management
strategies, health campaigns that leverage social media plat-
forms and emphasise collective action can further encour-
age using these tools. The insights gained from these
studies can be applied to future health crises, providing a
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framework for implementing effective technology-driven
interventions.

Limitations and future studies
recommendations
This study has some limitations, despite its contributions.
As a first point, the study is based on Saudi Arabia, which
adopted DCT as a requirement. To assess the generalizabil-
ity of findings, future research should examine voluntary
adoption contexts in other regions. The role of government
credibility in technology adoption can be further elucidated
by studies that compare countries with different levels of
public trust.80,81 A second aspect of the study is that it cap-
tures adoption behaviour at a particular time. As the pan-
demic evolves, a longitudinal study could examine trust,
anxiety, and social influences. During crises, public trust
in government policies can fluctuate, and tracking these
shifts could shed more light.102

Moreover, while this study focuses on Saudi Arabia, the
implications of DCT adoption extend beyond the country.
Public gatherings, such as religious events, sports tourna-
ments, and cultural festivals, pose similar risks to public
health. In previous research on the Hajj pilgrimage10 and
the Olympics,127 the importance of digital health technolo-
gies has been emphasized. In future studies, it would be use-
ful to assess the effectiveness of DCTs in cultural and
regulatory contexts across the globe. Additionally, differ-
ences in privacy concerns and trust in government between
countries with different political systems83 suggest that
comparative research may provide valuable insights into
tailoring public health interventions based on governance
structures and cultural expectations.

The third factor that should be explored in future
research is cultural differences, political ideologies, and
digital literacy, which may also affect adoption behaviours.
Using models such as Delone and McLean’s IS Success
Model could be useful in understanding user satisfaction
and the continued use of health technologies.128,129 As a
final point, qualitative methods such as in-depth interviews
or focus groups could provide a richer understanding of
individual perceptions and barriers to DCT adoption.130

To capture both statistical relationships and personal experi-
ences, future studies could use mixed-method approaches.

Conclusion
This study examined factors influencing the adoption of the
digital contact tracing (DCT) tool during the COVID-19
pandemic in this study. This study extended the technology
acceptance model (TAM) to incorporate external factors
such as SI, TIG, anxiety, privacy concerns, and social media
awareness. According to the findings, perceived usefulness,
perceived ease of use, and trust in government significantly

influence users’ intentions to adopt DCT tools, which pre-
dicts actual usage. In addition, the study provides novel
insights into the role social influence plays in mediating
the relationship between event-related fear and privacy con-
cerns. Additionally, anxiety induced by COVID-19
strengthens the association between social media awareness
and the usage of DCTs.

These findings show that trust in government and social
influence are critical factors in encouraging health-related
technology adoption. By addressing privacy concerns and
fostering trust, governments can make DCT tools more
widely available to manage future pandemics and other
large-scale health threats. In addition, the study emphasizes
the value of recognizing emotional and societal factors that
affect technology approval.

The study validates the relevance of TAM in the context
of health technologies and offers an extended framework to
account for the unique challenges of a global pandemic. The
insights gained from these studies can help health institu-
tions and policymakers design, communicate, and imple-
ment technology-based solutions to manage public health.
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