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Abstract

The increasing demand for improved healthcare outcomes and operational efficiency has
catalyzed the adoption of digital technologies in hospital settings. Remote Patient
Monitoring (RPM) and real-time clinical data systems have emerged as critical enablers of
healthcare transformation and quality enhancement. This study examines the impact of
RPM on the Quality of Care (QoC) at Jordan University Hospital, with a particular
emphasis on the mediating role of Real-Time Clinical Data Utilization (RTCDU). A cross-
sectional quantitative survey was administered to 263 healthcare professionals, including
physicians, nurses, and health information administrators. Data were analyzed using Partial
Least Squares Structural Equation Modeling (PLS-SEM) to assess direct and mediated
relationships among RPM, RTCDU, and perceived QoC.

The results reveal that RPM significantly improves both RTCDU and QoC. Moreover,
RTCDU positively influences QoC and mediates the relationship between RPM and QoC.
These findings underscore the strategic importance of integrating RPM technologies within
a real-time, data-responsive clinical infrastructure. RPM's effectiveness depends on
technological deployment and the healthcare system’s capacity to operationalize real-time
data. The study offers critical insights for health system stakeholders, particularly in low-
and middle-income contexts, emphasizing that digital health initiatives must prioritize
technological integration and clinical data utilization to achieve sustainable improvements

in care quality.
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1. Introduction

Healthcare systems worldwide are facing increasing challenges, including a growing
number of people living with chronic illnesses, aging populations, and ongoing shortages
of resources. These issues have intensified the need for new, adaptable care models that
deliver high-quality, accessible, and sustainable services across different regions (Filip et
al., 2022; Guandalini, 2022). Additionally, inefficiencies within the system and a lack of
healthcare workers have pushed many health systems to embrace digital solutions to build
long-term strength and improve service delivery (Ilin et al., 2022; Kraus et al., 2021).

The shift to digital healthcare includes a range of tools and technologies, such as online
consultations, smart data systems, wearable devices, and secure data platforms, all aimed
at improving how care is delivered and managed (Mbunge et al., 2021; Pachuary et al.,
2025; Haleem et al., 2022). Concepts like Medical 4.0 and Healthcare 5.0 represent this
shift toward more personalized, data-informed, and forward-looking care approaches
(Stoumpos et al., 2023; Rachmad, 2022).

One key part of this digital evolution is Remote Patient Monitoring (RPM), central to care
models prioritizing outcomes and value. RPM allows health professionals to monitor
patients from a distance by continuously collecting health data. This enables timely actions,
lowers the chance of hospital readmissions, and supports ongoing care outside hospitals or
clinics (Delgado, 2022; Bansal et al., 2022). This movement toward remote, tech-supported
care fits well with global strategies to enhance care quality while using resources wisely
(Petersson et al., 2022; Paul et al., 2023).

However, rolling out RPM effectively requires overcoming several obstacles, such as
ensuring different systems can work together, protecting patient data, encouraging staff to
use new technologies, and preparing healthcare organizations for change (Ilin et al., 2022;
Stoumpos et al., 2023). Furthermore, as digital tools and data-driven methods become more
common in clinical care, there is a growing need for clear rules around ethics, patient
consent, and smooth integration into day-to-day healthcare routines (Petersson et al., 2022;
Okunlaya et al., 2022).

While RPM was first introduced to help manage chronic diseases, it has since grown into
a key feature of digital healthcare, offering scalable support for prevention and
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devices, mobile health apps, and internet-connected tools to track vital signs like heart rate,
blood pressure, blood sugar, and oxygen levels (Boikanyo et al., 2023; Hayes et al., 2023).
These systems create a two-way communication channel between patients and healthcare
providers, which helps catch early warning signs, deliver timely care, and adjust treatment
plans as needed (Shaik et al., 2023; Patel et al., 2022). When enhanced with intelligent
features, RPM can also help identify risks, support decisions, and encourage patients to
stick to their treatment plans (Dubey & Tiwari, 2023; Thomas et al., 2021).

Research strongly supports the benefits of RPM. Studies and reviews have shown that it
can lower the number of hospital visits and emergency cases, especially for chronic
conditions like heart failure, diabetes, and high blood pressure (Taylor et al., 2021; De
Guzman et al., 2022). For example, Pritchett et al. (2021) found fewer hospital stays among
cancer patients with COVID-19 who participated in RPM programs, showing its usefulness
even in urgent care settings. Other findings suggest that RPM improves patient satisfaction,
adherence to treatment, and overall well-being (Tan et al., 2024; Pannunzio et al., 2024).
Cost analyses further suggest that RPM can be a financially smart investment for health
systems aiming to expand its use (De Guzman et al., 2022).

Despite its promise, RPM has not been adopted equally everywhere. Its use depends on the
availability of digital infrastructure, payment systems, healthcare provider readiness, and
patients' comfort with technology (Alanazi & Daim, 2021; Navathe et al., 2022). Tackling
these challenges is crucial to make RPM a standard part of everyday healthcare.
Improving healthcare quality is a key goal for health systems and is increasingly linked to
digital upgrades. Major organizations such as the World Health Organization (WHO) and
the Agency for Healthcare Research and Quality (AHRQ) define quality care using six key
areas: safety, effectiveness, timeliness, patient-centeredness, efficiency, and fairness
(Geltmeyer et al., 2025; Azyabi et al., 2021; Aung et al., 2022). RPM contributes to many
of these areas by offering real-time monitoring, fast responses, and greater patient
involvement (Geltmeyer et al., 2025). With continuous data flow, healthcare teams can
make quicker decisions, ensure medications are taken correctly, and improve how long-
term conditions are managed—all of which lead to safer and more effective care.

RPM also supports a more patient-focused approach, allowing people to take an active role

in their care and work closely with providers when making decisions (Millar et al., 2024).



Regarding timely care, RPM can reduce delays in diagnosis and treatment, especially for
those who need ongoing observation. It also boosts efficiency by easing the burden on staff
and allowing them to concentrate on tasks that require their expertise (Azyabi et al., 2021;
Mahbooba et al., 2021). However, the success of these benefits depends on factors like the
strength of digital networks, leadership from clinicians, and the preparedness of staff
(Mwale et al., 2024; Al-Atiyyat et al., 2023).

Real-time data is at the core of RPM’s success, which has become essential in modern
healthcare systems. Access to up-to-date information helps doctors make faster and better
decisions by identifying health risks early and acting quickly (Himani et al., 2024; Dagliati
et al., 2021). Electronic health records, dashboards, and automatic alerts make this data
easier to understand and use (Dixon et al., 2021; Sheikh et al., 2021). This reduces mental
strain on providers, encourages team collaboration, and improves patient care over time
(Gupta et al., 2022).

However, just having data is not enough—it needs to be accessible, easily shared, and
smoothly incorporated into daily clinical activities (Awrahman et al., 2022; Dasaradharami
Reddy & Gadekallu, 2023). In RPM, real-time data connects the information gathered from
patients with decisions made in hospitals. Without systems to quickly interpret and act on
this data, the large volume of information can become overwhelming and reduce RPM’s
effectiveness (Sheikh et al., 2021; Dagliati et al., 2021). Therefore, using real-time data not
only supports RPM operations but also helps improve the quality of care.

While RPM is gaining attention globally, most studies focus on wealthier countries with
strong digital infrastructure (Tan et al., 2024; Holtz et al., 2024; Hayes et al., 2023). There
is limited research from regions like the Middle East and other developing areas, where
digital readiness and policies may vary significantly (Alanazi & Daim, 2021; Kraus et al.,
2021; Pachuary et al., 2025). Moreover, most existing research focuses only on direct
outcomes like fewer hospital visits or lower costs rather than exploring how factors like
real-time data use might influence those results (Taylor et al., 2021; Pannunzio et al., 2024).
This lack of in-depth understanding is especially important because digital health relies on
complex systems that involve technology, people, and policy working together (Amiri et

al., 2024; Awrahman et al., 2022). Ignoring factors such as how clinical workflows are



designed, staff training, or organizational culture makes it harder to apply existing findings
to different settings (Petersson et al., 2022; Mbunge et al., 2021).

To help fill these gaps, this study looks at how real-time data use affects the link between
RPM and care quality, using Jordan University Hospital (JUH) as a case study. As a top
teaching hospital in Jordan, JUH offers a useful setting to study RPM in a country still
developing its digital health capabilities. The hospital has introduced several digital tools,
such as telehealth services and connected monitoring devices, though it still faces
challenges like poor system compatibility, limited training, and infrastructure limits
(Obeidat & El-Salem, 2021; Alkhwaldi & Abdulmuhsin, 2022; Alarabyat et al., 2023).
Because JUH is a medical school and a leader in digital innovation, it presents a unique
opportunity to explore how integrating real-time data affects RPM performance in a setting
with limited resources. This research answers global calls for more localized, practical
studies on digital health and offers insights that can help guide health policy, management,
and digital strategy.

This study specifically aims to assess how RPM influences care quality at JUH, focusing
on the role of real-time data as a key factor. Doing so addresses the lack of research in
Middle Eastern health systems and offers new insights into the internal processes that make
digital health tools effective.

The paper seeks to contribute to a more detailed understanding of how RPM can support
better healthcare delivery in regions with growing digital infrastructure. The findings
inform policy decisions and practical efforts to improve digital healthcare.

The structure of the paper includes an introduction and literature review, followed by the
research question and conceptual framework. It then explains the methods, presents the
study results, and discusses key findings, practical implications, and recommendations.

2. Literature Review

2.1 Remote Patient Monitoring (RPM) in Healthcare

Remote Patient Monitoring (RPM) has significantly changed how healthcare is delivered.
It allows health professionals to gather patient data outside hospitals or clinics and review
it remotely to guide care. Though it was first introduced to help manage long-term illnesses,
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trackers, mobile health apps, and digital platforms that monitor patients' vital signs in real-
time (Lalrengpuii et al., 2025; Condry & Quan, 2023).

RPM is used in hospital and outpatient settings, though its role differs slightly depending
on the environment. In hospitals, RPM helps doctors detect health issues early, lowers the
chance of patients being readmitted to intensive care, and supports follow-up care after
discharge. This leads to better continuity and less strain on healthcare services (Whitehead
& Conley, 2023; Patel et al., 2022). Outside the hospital, RPM is often used to manage
chronic diseases like diabetes or heart failure, helping patients stick to their treatment plans,
encouraging early responses to symptoms, and increasing involvement in their care (Tan et
al., 2024; Hayes et al., 2023). Advanced technologies can also help predict problems, spot
unusual patterns, and deliver more personalized care through RPM (Shaik et al., 2023;
Ramezani et al., 2025; Bacha & Zainab, 2025).

A growing body of research supports RPM’s positive effects on health outcomes. Studies
have shown that RPM can improve patient safety, increase the chance of people taking their
medications correctly, raise satisfaction, and improve overall life quality (Tan et al., 2024;
Pannunzio et al., 2024). For example, Pritchett et al. (2021) found that cancer patients with
COVID-19 who were part of an RPM program were hospitalized less often. Broad reviews
of the topic also suggest that RPM helps reduce emergency care needs, especially when
combined with personalized communication and fast clinical follow-up (Taylor et al., 2021;
Thomas et al., 2021).

Beyond improving care, RPM may also offer financial advantages. It can reduce
emergency room visits, shorten hospital stays, and prevent costly complications, which is
especially helpful in managing chronic illnesses and during health crises like pandemics
(De Guzman et al., 2022; Dubey & Tiwari, 2023). Still, the success of RPM depends on
strong technology systems, digital skills among users, and smooth integration into
everyday medical routines. These requirements can be difficult to meet in underdeveloped
or rural areas (Tagne et al., 2025; Boikanyo et al., 2023).

RPM shows great promise and significant hurdles in developing countries, including those
with health systems similar to Jordan's. While growing interest in using RPM to close
healthcare access gaps, problems like poor internet service, hesitation from medical

professionals, and unclear regulations often slow down adoption (Lalrengpuii et al., 2025;



Bouabida et al., 2025). Nevertheless, recent research points to possible solutions, such as
adjusting systems to local needs, training healthcare workers, and involving communities
and decision-makers in the process (Alanazi & Daim, 2021; Shock, 2025).

2.2 Quality of Care in Modern Healthcare Systems

The quality of care is a critical part of effective health systems. According to the World
Health Organization (WHO), quality refers to how well healthcare services help patients
achieve the best possible health outcomes while following professional guidelines. One
well-known approach to measuring quality comes from Donabedian, who emphasized
examining healthcare structures, processes, and outcomes as interconnected elements
(Johnson et al., 2022; Takawira et al., 2025).

Today, healthcare quality includes several important areas: safety, effectiveness, patient-
centeredness, timeliness, and efficiency. Safety is especially important in emergency or
complex care settings, where system failures can have serious consequences, particularly
for older adults and people with disabilities (Louch et al., 2021; Millar et al., 2024).
Effectiveness focuses on whether treatments are based on sound evidence and are likely to
work, which often depends on how well healthcare providers follow protocols (Aung et al.,
2022). Patient-centeredness highlights the need to listen to what matters most to patients—
their preferences, values, and concerns. Research shows that involving patients in decisions
leads to better experiences and results (Khoiro et al., 2025; Okeny et al., 2024).

Timely care and efficient use of resources are also essential, especially in busy or
underfunded health systems. When treatments or tests are delayed, patients may get worse
or lose confidence in their care providers (Osmanski-Zenk et al., 2024). Efficient systems
aim to get the best results with the least waste, often by redesigning workflows or using
staff smarter (Mahbooba et al., 2021; Geltmeyer et al., 2025).

Within this broad framework, RPM has the potential to both improve and complicate care
quality. On the one hand, it enhances safety by helping catch early signs of decline,
especially in patients at high risk or recently discharged from hospitals, which can prevent
readmissions (Aman & Qidwai, 2025). It also supports effective treatment by ensuring
regular check-ins and timely actions that align with clinical guidelines. Because patients
can be monitored from home and receive more personalized attention, RPM strengthens

patient-centered care, too (Suman et al., 2025).



On the other hand, RPM presents new concerns. Not all patients have equal access to
technology or the skills to use it, which could worsen health gaps and reduce the personal
touch in care (Takawira et al., 2025). Relying too much on automated systems might also
weaken the human connection between patients and providers, raising questions about
ethics, trust, and professional judgment (Mwale et al., 2024). In addition, concerns about
data accuracy, keeping information secure, and ensuring systems work well together
remain important—especially when RPM tools are not well connected to regular hospital
systems (Singh et al., 2025).

Despite these challenges, using RPM as part of hospital quality programs has shown
encouraging signs. It can help nurses take on leadership roles, encourage teamwork across
departments, and create an environment where safety and continuous improvement are top
priorities (Batubara et al., 2021; Al-Atiyyat et al., 2023). However, hospitals need flexible
systems that support staff involvement, promote responsibility, and tailor solutions to fit
local conditions to make the most of RPM.

2.3 Real-Time Clinical Data Utilization

Real-time clinical data use involves collecting, processing, and applying patient
information as soon as it becomes available. This allows healthcare providers to make
immediate decisions based on current data. As health systems become more digitized, real-
time data has become increasingly important, especially with the growth of electronic
health records and the demand for more responsive, personalized care (Himani et al., 2024;
Sheikh et al., 2021). Unlike older methods that rely on reviewing past data, this approach
allows for more accurate and timely medical actions, helping providers stay ahead of
patients’ needs.

This type of data comes from various sources. Wearable devices, such as fitness trackers
and biosensors, continuously monitor vital signs like heart rate, oxygen levels, and blood
sugar—particularly useful for patients outside hospital settings (Amiri et al., 2024). When
updated in real-time, Electronic Health Records (EHRs) become active tools that give
doctors immediate access to patient history, treatments, and test results (Dagliati et al.,
2021). In addition, systems that use connected devices—IoT dashboards—combine

patient-generated data into one platform. These allow healthcare teams to oversee multiple



patients simultaneously and receive alerts about unusual health changes (Jan et al., 2021;
Amadasun et al., 2021).

Including real-time data in everyday medical routines improves the speed and accuracy of
care. For example, during the COVID-19 crisis, tools tracking real-time trends helped
individual and public health decisions by providing fast, data-driven insights (Dixon et al.,
2021). On a personal level, having constant access to updated health information can help
catch warning signs early, which reduces hospital stays and improves health outcomes
(Gupta et al., 2022; Awrahman et al., 2022).

Real-time data also supports more personalized care. Platforms that analyze this data can
help predict future health risks, guide treatment decisions, and adjust care plans based on
each patient's specific needs (Dasaradharami Reddy & Gadekallu, 2023). This is especially
important in managing long-term conditions, where ongoing monitoring is essential to
prevent complications and improve quality of life (Himani et al., 2024).

In Jordan, real-time data use is becoming more common through national digital health
projects and telemedicine efforts. These developments are used to strengthen care for
chronic diseases and heart conditions. However, progress has been slowed by infrastructure
limitations and differences in how well users adapt to the technology (Obeidat & El-Salem,
2021; Alarabyat et al., 2023). Improving internet access, data security, and user engagement
with connected health platforms is crucial to making broader adoption possible across the
country’s healthcare system (Alkhwaldi & Abdulmuhsin, 2022).

Even with these advancements, challenges remain. Issues such as unreliable data, lack of
system compatibility, and limited staff training continue to affect the usefulness of real-
time data tools (Amiri et al., 2024; Alarabyat et al., 2023). Moreover, unequal access to
digital resources could widen health gaps if not addressed. Therefore, to fully benefit from
real-time clinical data, healthcare systems must invest in technology and focus on building
the skills, infrastructure, and patient involvement needed to support it effectively.

2.4 Theoretical Framework

The shift toward digital healthcare requires strong theoretical models to guide how new
technologies like Remote Patient Monitoring (RPM) and real-time data systems are
adopted and used. This study is based on two key models: the Technology Acceptance
Model (TAM) and the Information Systems (IS) Success Model. Together, they help



explain how users interact with digital health tools and how these tools affect clinical
outcomes.

The Technology Acceptance Model, introduced by Davis, suggests that people are more
likely to adopt a new technology if they believe it is useful and easy to use. In healthcare,
these ideas apply to how doctors, nurses, and patients view the practicality and simplicity
of digital tools (Stoumpos et al., 2023). TAM has been widely used to study how health
workers in developing systems—Ilike Jordan’s—adapt to digital innovations. It offers
insights into how factors such as digital skills, workloads, and infrastructure influence
using RPM and real-time data tools (Ilin et al., 2022; Alarabyat et al., 2023).

Alongside TAM, the IS Success Model takes a broader view. It looks at six main aspects:
the system's quality, the usefulness of the information, the level of service, actual system
use, user satisfaction, and the overall benefits gained. This model is especially useful for
evaluating systems that handle real-time data, where system performance directly impacts
how well decisions are made, and services are delivered (Pachuary et al., 2025; Delgado,
2022). Including this model in the study allows for a deeper understanding of how
technology affects the user experience and the organization.

These frameworks are particularly relevant given the complexities of digital healthcare.
Simply having the right technology is not enough—systems must also match the
institution's readiness, address privacy and security issues, and allow for smooth data
sharing (Paul et al., 2023; Kraus et al., 2021). In lower-income countries like Jordan,
additional factors such as staff attitudes, patient involvement, and government support play
a major role in determining whether digital health programs succeed (Petersson et al., 2022;
Mbunge et al., 2021).

By combining TAM and the IS Success Model, this study takes a two-part approach that
looks at individual acceptance and system performance. This combination is essential for
understanding how real-time data affects the connection between RPM and care quality. It
is especially important in hospitals, where clinical tasks vary widely, and the level of digital
development can differ from one department to another.

2.5 Hypotheses Development

Remote Patient Monitoring (RPM) has emerged as a prominent strategy for enhancing

healthcare quality by extending clinical oversight beyond traditional settings. Its
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contributions span multiple domains, including patient safety, early detection of clinical
deterioration, and preventing avoidable hospitalizations (Taylor et al., 2021; Pritchett et al.,
2021). Evidence suggests that RPM programs improve medication adherence, decrease
emergency department utilization, and enhance patient self-management, particularly in
chronic diseases (Tan et al., 2024; Ramezani et al., 2025). By enabling real-time symptom
tracking and facilitating clinician-patient interactions, RPM also fosters personalized care,
increasing patient satisfaction and engagement (Holtz et al., 2024; Pannunzio et al., 2024).
Furthermore, RPM aligns with the quality dimensions outlined by the World Health
Organization (WHO) and the Donabedian framework—specifically efficiency and
timeliness (Johnson et al., 2022; Geltmeyer et al., 2025). Studies conducted across diverse
settings, from high-income nations to rural and underserved areas, have demonstrated
tangible improvements in healthcare delivery following RPM implementation (Bouabida
et al., 2025; Tagne et al., 2025). In the broader context of digital transformation, RPM
systems represent foundational tools for enabling value-based care and data-driven quality
improvement (Stoumpos et al., 2023; Kraus et al., 2021).

Based on the literature, the following hypothesis is proposed:

H1 — Remote Patient Monitoring has a positive effect on Quality of Care.

The value of RPM extends beyond remote observation,; its clinical efficacy is intrinsically
tied to its ability to produce continuous, real-time data streams. Data derived from wearable
devices, home-based sensors, and mobile health (mHealth) platforms empower clinicians
with timely insights that support more informed decision-making (Condry & Quan, 2023;
Amadasun et al., 2021). As a result, RPM is closely linked to real-time clinical data
utilization, requiring robust systems for monitoring, analyzing, and visualizing patient data
to drive individualized care (Ramezani et al., 2025; Bacha & Zainab, 2025). Studies affirm
that RPM data, when incorporated into centralized dashboards, enhances care team
responsiveness and improves the accuracy of clinical assessments (Shaik et al., 2023; Tan
etal., 2024).

The Internet of Things (IoT) expansion in healthcare has further strengthened the
interoperability of RPM systems with broader health information infrastructures, including
electronic health records and Al-powered analytics platforms (Mbunge et al., 2021; Jan et

al., 2021). In Jordan, the integration of real-time feedback mechanisms into telehealth

11



programs illustrates the growing recognition of this approach, although technical and
infrastructural limitations remain (Obeidat & El-Salem, 2021; Alarabyat et al., 2023).
Ultimately, RPM’s clinical impact depends on the system’s capacity to process, interpret,
and act upon real-time data, making such utilization a critical operational feature rather
than a secondary function (Alkhwaldi & Abdulmuhsin, 2022; Sheikh et al., 2021).
Accordingly, the second hypothesis is proposed:

H2 — Remote Patient Monitoring positively affects Real-time Clinical Data Utilization.
Real-time clinical data utilization has become a cornerstone of modern, data-driven
healthcare systems, enabling timely, proactive, and individualized interventions.
Immediate access to clinical data enhances the precision and responsiveness of care,
reducing errors and improving patient safety (Gupta et al., 2022; Dixon et al., 2021).
During public health emergencies like the COVID-19 pandemic, real-time data platforms
were pivotal in supporting care coordination and optimizing resource allocation (Dagliati
et al., 2021; Amiri et al., 2024). These capabilities are particularly valuable in acute and
chronic care settings, where delays in clinical action can significantly compromise
outcomes.

In hospital environments, real-time data integration facilitates comprehensive clinical
decision-making by synthesizing vital signs, laboratory results, and diagnostic records into
actionable insights (Awrahman et al., 2022; Himani et al., 2024). When augmented with
artificial intelligence and machine learning algorithms, real-time systems can further
stratify risk and initiate early interventions (Dasaradharami Reddy & Gadekallu, 2023;
Suman et al., 2025). Adopting these tools has been associated with improvements across
multiple quality dimensions, including safety, effectiveness, efficiency, and patient
satisfaction (Millar et al., 2024; Aman & Qidwai, 2025). In low-resource settings, real-time
data utilization is a strategic mechanism to optimize limited healthcare resources (Takawira
et al., 2025; Alarabyat et al., 2023).

Thus, the third hypothesis is formulated:

H3 — Real-time Clinical Data Utilization positively affects the Quality of Care.

While RPM generates patient-centered data, its clinical value is largely determined by the
systems that leverage this data in real-time. Existing studies emphasize that RPM

technologies alone do not guarantee improved outcomes unless accompanied by
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mechanisms for timely data interpretation and clinical action (Thomas et al., 2021; Shaik
et al., 2023). Real-time data utilization is a critical conduit, transforming raw inputs into
meaningful interventions that reduce mortality and shorter hospital stays and enhance
patient experiences (Ramezani et al., 2025; Holtz et al., 2024).

In complex care environments, RPM systems equipped with real-time analytics have
demonstrated the ability to improve response times, strengthen team coordination, and
enhance the precision of medical decisions (Dixon et al., 2021; Gupta et al., 2022).
Conversely, when data generated by RPM is underutilized, the risk of information overload
and clinical inertia rises, undermining the return on digital health investments (Sheikh et
al., 2021; Pachuary et al., 2025). These findings support the notion that real-time data
utilization mediates, mediating and facilitating the translation of RPM outputs into tangible
improvements in care quality (Ilin et al., 2022; Petersson et al., 2022).

This leads to the final hypothesis:

H4 — Real-time Clinical Data Utilization mediates the relationship between Remote Patient
Monitoring and Quality of Care.

2.6 Conceptual Model

In response to the increasing complexity of healthcare systems and the accelerating pace
of digital transformation, the conceptual model illustrated in Figure 1 presents a structured
framework linking Remote Patient Monitoring (RPM), Real-time Clinical Data Utilization,
and Quality of Care. This model reflects the convergence of emerging digital health
technologies with the imperative for patient-centered, data-driven care.

The model's foundation is RPM, which represents the technological input. RPM captures
and transmits biometric data to clinicians for real-time evaluation through wearable
biosensors, mobile health applications, and telemonitoring platforms. These technologies
have effectively improved adherence, reduced hospital readmissions, and promoted
proactive, home-based care models (Tan et al., 2024; Pritchett et al., 2021; Lalrengpuii et
al., 2025). RPM is increasingly recognized as a key enabler of healthcare decentralization
and continuity of care within global health systems (Whitehead & Conley, 2023; Shock,
2025).

Real-time Clinical Data Utilization is situated in the model as an outcome of RPM and a

mediator in its relationship with care quality. The digitization of healthcare processes has
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foregrounded the importance of real-time data applications—including alerts, dashboard
analytics, and integration with electronic health records—for timely and effective clinical
response (Himani et al., 2024; Dagliati et al., 2021). When RPM-generated data is rapidly
processed and deployed, its value in supporting decision-making and improving clinical
outcomes is substantially amplified (Shaik et al., 2023; Dixon et al., 2021). This positioning
aligns with broader trends toward intelligent, learning health systems powered by Al IoT,
and federated data infrastructures (Dasaradharami Reddy & Gadekallu, 2023; Amiri et al.,
2024).

Quality of Care, the model’s dependent construct, encapsulates the desired healthcare
outcomes influenced by technological innovation and data utilization. Drawing on the
WHO and Donabedian’s quality dimensions—safety, effectiveness, timeliness, and patient-
centeredness—the model posits that real-time insights derived from RPM data enhance
care coordination, diagnostic accuracy, and patient satisfaction (Johnson et al., 2022; Millar
et al., 2024). When real-time data systems are embedded within care workflows, quality
improvements are consistently observed in diverse clinical contexts (Tan et al., 2024; Holtz
et al., 2024; Pannunzio et al., 2024).

From a systems perspective, the conceptual model reflects the ongoing evolution toward
intelligent health ecosystems. Its successful implementation depends on enabling
conditions such as robust digital infrastructure, system interoperability, and clinician
engagement (Ilin et al., 2022; Kraus et al., 2021). However, persistent barriers—including
fragmented data systems, organizational resistance, and cybersecurity risks—must be
addressed to ensure that technological potential translates into sustained improvements in

care quality (Paul et al., 2023; Petersson et al., 2022; Pachuary et al., 2025).
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- EHR/HIS Integration
- Alert Responsiveness
- Data-Driven Decisions

Figure 1: Conceptual Model
3. Methodology
3.1 Research Design
This study adopted a quantitative, cross-sectional research design to investigate the impact
of remote patient monitoring (RPM) on quality of care, with particular attention to the
mediating effect of real-time clinical data utilization (Creswell, 2014). A quantitative
approach was deemed appropriate as it facilitates objective measurement and statistical
testing of hypothesized relationships among variables (Saunders et al., 2019). This
approach is widely utilized in health informatics research, where structured data analysis
is fundamental for identifying empirical patterns (Bowling, 2014).
The cross-sectional nature of the design enabled data collection at a single point in time,
which is advantageous for assessing prevailing perceptions and practices without requiring
longitudinal follow-up (Alvesson & Sandberg, 2013). This temporal efficiency is
particularly beneficial in dynamic healthcare settings where timely insights are essential
for implementing digital health technologies and service improvement initiatives

(Venkatesh et al., 2003). Moreover, cross-sectional survey designs are well-established in
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studies examining technology adoption and mediating constructs such as clinical data
utilization (Creswell, 2014; Saunders et al., 2019).

3.2 Population and Sampling

The target population comprised the entire medical workforce at Jordan University
Hospital (JUH), totaling 2,021 healthcare professionals. This included physicians, nurses,
and health information administrators directly involved in patient care and using RPM
systems and clinical data platforms.

To ensure adequate representation, a stratified non-probability sampling technique was
employed. Stratification was based on professional roles—physicians, nurses, and health
information administrators—reflecting their distinct contributions to clinical technologies
(Etikan & Bala, 2017). Within each stratum, convenience sampling was applied to recruit
eligible participants available during the data collection period.

Sample size estimation was conducted using Cochran’s formula, assuming a 95%
confidence level, 5% margin of error, and a 50% response distribution (Israel, 1992),
yielding a minimum required sample of 323. Due to logistical constraints, a final sample
of 280 participants was selected. This figure remains within acceptable limits for
generalizability in health research (Krejcie & Morgan, 1970).

Inclusion criteria encompassed (1) current employment at JUH, (2) direct involvement in
clinical care or digital health systems, and (3) a minimum of six months of continuous
service. Exclusion criteria included administrative personnel without interaction with
clinical systems and staff on extended leave during the study period.

Of the 280 distributed questionnaires, 263 valid responses were retained after data
cleaning, resulting in a response rate of 94%, thereby enhancing the statistical power and
credibility of the findings (Babbie, 2020). Table 1 summarizes the study population and
sample distribution.

Table 1. Study Population and Sample Summary

Estimated Sample Size Valid
Professional Group
Population (Surveyed) Responses
Physicians 720 100 95
Nurses 1,100 140 132
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Health Info
201 40 36
Administrators
Total 2,021 280 263

3.3 Instrumentation and Measurement

A structured questionnaire served as the primary data collection instrument, designed to
assess three key constructs: Remote Patient Monitoring (RPM), Real-time Clinical Data
Utilization, and Quality of Care. Items were adapted from established theoretical
frameworks and empirical studies in health informatics and healthcare quality (DeLone &
McLean, 2003; Donabedian, 1988; Venkatesh et al., 2003). Responses were measured on
a five-point Likert scale (1 = Strongly Disagree to 5 = Strongly Agree), allowing for the
quantification of perceptions, behaviors, and attitudes.

The RPM construct (independent variable) comprised 20 items distributed across five sub-
dimensions: Biometric Data Frequency, Use of Wearable Devices, Patient Adherence,
Clinician-Patient Communication, and Reduced Readmissions, grounded in telehealth
literature (Krick et al., 2019; Kitsiou et al., 2017).

The mediating construct, Real-time Clinical Data Utilization, was also measured using 20
items, categorized into five sub-domains: Data Timeliness, Dashboard Accessibility,
EHR/HIS Integration, Alert Responsiveness, and Data-Driven Decision Making (Zhou et
al., 2019; Adler-Milstein et al., 2015).

The dependent variable, Quality of Care, included 20 items reflecting five core dimensions
derived from recognized healthcare quality models: Patient Safety, Treatment
Effectiveness, Care Timeliness, Patient-Centeredness, and Care Continuity (Donabedian,
1988; Institute of Medicine, 2001).

The initial English version of the questionnaire underwent expert review by three
healthcare management and informatics scholars for content validity. Following minor
revisions, a pilot test with 30 healthcare professionals—excluded from the main study—
was conducted. Feedback from the pilot informed item refinement and confirmed

instrument reliability.
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3.4 Validity and Reliability

Content validity was ensured through expert review focusing on item clarity, relevance,
and contextual appropriateness for the Jordanian healthcare setting, in line with best
practices for instrument development (Boateng et al., 2018).

Construct validity was assessed using Exploratory Factor Analysis (EFA) with Principal
Component Analysis and Varimax rotation. The Kaiser-Meyer-Olkin (KMO) measure was
0.88, and Bartlett’s Test of Sphericity was statistically significant (p < .001), indicating
sampling adequacy for factor analysis (Field, 2013). All items loaded significantly (> 0.60)
on their respective factors, confirming construct validity.

Reliability was evaluated through Cronbach's Alpha and Composite Reliability (CR). All
constructs exceeded recommended thresholds (o> 0.80; CR > 0.85), demonstrating strong
internal consistency (Hair et al., 2019). Reliability metrics are presented in Table 2.

To mitigate common method bias, Harman’s single-factor test was conducted. The first
unrotated factor accounted for 31.6% of the variance, well below the 50% threshold,
indicating minimal risk of bias (Podsakoff et al., 2003).

Table 2. Construct Reliability Metrics

Cronbach’s Alpha Composite Reliability

Construct

(0) (CR)
Remote Patient Monitoring
0.88 0.91
(RPM)
Real-time Clinical Data

o 0.87 0.90

Utilization
Quality of Care 0.89 0.92

Note: All values exceed a > 0.70 and CR > 0.70, as per Hair et al. (2019).

3.5 Data Collection Procedure

Data were collected through a structured, self-administered questionnaire distributed to
healthcare professionals at JUH. A hybrid collection method was utilized, incorporating
digital (online forms via institutional email and WhatsApp groups) and paper-based
formats (distributed during staff meetings and training sessions) to maximize accessibility

and response rates.
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The data collection period spanned six weeks, from January to mid-February 2025,
providing sufficient time for follow-up reminders and clarification of participant queries.
Completion time was estimated at 15-20 minutes.

Before distribution, ethical approval was obtained from the aftiliated academic institution's
Institutional Review Board (IRB). Participation was voluntary, and informed consent was
secured from all respondents. Anonymity and confidentiality were strictly maintained, and
no personally identifiable information was collected. All procedures adhered to the ethical
principles outlined in the Declaration of Helsinki (World Medical Association, 2013).

3.6 Data Analysis Techniques

A multi-step quantitative analysis strategy was employed. Descriptive statistics (means,
standard deviations, and frequency distributions) were initially computed to summarize
respondent demographics and key variables (Field, 2013).

Subsequently, Structural Equation Modeling (SEM) using SmartPLS 4.0 was applied to
assess both the measurement model (construct validity and reliability) and the structural
model (hypothesized relationships). Partial Least Squares SEM (PLS-SEM) was selected
due to its robustness in handling complex models with mediation, small-to-moderate
sample sizes, and non-normal data distributions (Hair et al., 2019). This method is
particularly relevant in predictive modeling within health technology research.

To evaluate the mediating role of real-time clinical data utilization, a bootstrapping
procedure with 5,000 resamples was conducted. An indirect effect was considered
significant if the bias-corrected confidence interval excluded zero (Preacher & Hayes,
2008). Model diagnostics included Variance Inflation Factor (VIF) checks and fit indices
such as Standardized Root Mean Square Residual (SRMR) and Normed Fit Index (NFI) to
ensure model robustness. All analyses were conducted using SmartPLS 4.0 and IBM SPSS
Statistics 28.0.

4. Results

4.1 Descriptive Statistics

4.1.1 Respondents’ Demographic Profile

Table 3 presents the demographic characteristics of the 263 respondents. The gender

distribution was relatively balanced, with females comprising 56.3% (n = 148) and males
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43.7% (n = 115), reflecting the gender dynamics typical of healthcare environments,
particularly in nursing.

Most respondents were between 31 and 40 (42.2%), followed by those aged 41-50
(25.1%). Participants aged 21-30 represented 22.4%, while those over 50 accounted for
10.3%. This age distribution suggests a predominance of mid-career professionals,
potentially offering a range of insights shaped by varying levels of experience.

In terms of professional roles, nurses constituted the largest group (50.2%), followed by
physicians (36.1%) and health information administrators (13.7%). This distribution
supports a multi-disciplinary perspective central to the study’s objectives.

Regarding professional experience, 39.2% had 6—10 years of experience, 29.3% had 11—
15 years, and 20.2% reported more than 15 years. Respondents with less than 5 years of
experience made up 11.4%. Collectively, the sample reflects a diverse and experienced
workforce relevant to the study’s focus on remote patient monitoring (RPM) and real-time
clinical data utilization.

Table 3: Demographic Profile of Respondents (N = 263)

Variable Category Frequency (n) | Percentage (%)
Male 115 43.7
Gender
Female 148 56.3
21-30 years 59 22.4
31-40 years 111 42.2
Age Group
41-50 years 66 25.1
Above 50 years 27 10.3
Physicians 95 36.1
Professional Role Nurses 132 50.2
Health Info Administrators 36 13.7
Less than 5 years 30 11.4
6-10 years 103 39.2
Years of Experience
11-15 years 77 29.3
More than 15 years 53 20.2

Note: Percentages may not total 100% due to rounding.
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4.1.2 Descriptive Statistics for Study Constructs

Table 4 summarizes the descriptive statistics for the three core constructs.

The mean Remote Patient Monitoring (RPM) score was 3.87 (SD = 0.62), indicating
generally positive perceptions regarding integrating RPM tools in clinical workflows. The
moderate variability suggests differing levels of exposure or departmental implementation.
Real-time Clinical Data Utilization exhibited a higher mean of 3.94 (SD = 0.58), reflecting
consistent perceptions of data-driven decision-making practices across the sample. The
relatively low standard deviation points to the widespread adoption of real-time data tools
like dashboards and alerts.

Quality of Care received the highest mean score at 4.03 (SD = 0.55), suggesting strong
agreement among respondents regarding the effectiveness, safety, and patient-centeredness
of current service delivery.

Table 4: Descriptive Statistics of Study Constructs (N = 263)

Construct Mean (M) Standard Deviation (SD)
Remote Patient Monitoring (RPM) 3.87 0.62
Real-time Clinical Data Utilization 3.94 0.58
Quality of Care 4.03 0.55

Note: All constructs are measured on a 5-point Likert scale (1 = Strongly Disagree to 5 =
Strongly Agree).

4.2 Measurement Model Assessment

Before hypothesis testing, the measurement model was assessed for reliability and validity
to ensure the robustness of the latent constructs, following the guidelines of PLS-SEM
(Hair et al., 2019).

4.2.1 Reliability and Convergent Validity

Internal consistency reliability was evaluated using Cronbach's Alpha and composite
reliability (CR). Convergent validity was assessed through Average Variance Extracted
(AVE). Thresholds of a > 0.70, CR > 0.70, and AVE > 0.50 were used as criteria for
adequacy (Fornell & Larcker, 1981; Hair et al., 2019).

As shown in Table 5, all constructs demonstrated high internal consistency, with
Cronbach's Alpha ranging from 0.87 to 0.89 and CR values between 0.90 and 0.92. AVE

values exceeded 0.60 for all constructs, confirming satisfactory convergent validity. These
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results support the reliability and validity of the measurement model, justifying further

structural analysis.

Table 5: Reliability and Convergent Validity of Constructs (N = 263)

Cronbach’s Composite Average Variance
Construct
Alpha (o) Reliability (CR) Extracted (AVE)
Remote Patient
0.88 0.91 0.63
Monitoring (RPM)
Real-time Clinical
0.87 0.90 0.61
Data Utilization
Quality of Care 0.89 0.92 0.65

Note: All values exceed recommended thresholds for reliability and validity.

4.2.2 Indicator Loadings

Indicator loadings represent the strength of the association between each observed item
and its underlying latent construct. Loadings above 0.70 are preferred in confirmatory
models, although values above 0.60 are acceptable in exploratory contexts (Hair et al.,
2019; Hulland, 1999).

As summarized in Table 6, all indicators demonstrated acceptable loadings, ranging from
0.68 to 0.84. Items RPM3 (0.84) and RTD4 (0.82), associated with clinician-patient
communication and data-driven decision-making, respectively, exhibited the highest
loadings within their constructs. No cross-loadings or misaligned indicators were detected,
confirming that each item reliably reflects its corresponding latent variable. These results
support the construct validity of the measurement model.

Table 6: Indicator Outer Loadings by Construct (Selected Items, N = 263)

Item
Construct Indicator Description (Shortened) | Loading
Code
Frequency of biometric data
RPMI1 o 0.78
transmission
Remote Patient RPM2 Use of wearable devices 0.74
Monitoring RPM3 Clinician-patient communication 0.84
Patient adherence to remote
RPM4 . . 0.68
instructions
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RTD1 Data timeliness 0.75

Real-time Clinical Data RTD2 Dashboard accessibility 0.72
util. RTD3 Alert responsiveness 0.77

RTD4 Data-driven decisions 0.82

QoCl1 Patient safety 0.83

QoC2 Treatment effectiveness 0.76

Quality of Care

QoC3 Care timeliness 0.79

QoC4 Continuity of care 0.81

Note: All loadings exceed the recommended threshold of 0.60.

4.2.3 Discriminant Validity

Discriminant validity assesses whether constructs are empirically distinct from one

another. Two complementary methods were employed: the Fornell-Larcker criterion and

the Heterotrait-Monotrait (HTMT) ratio.

A. Fornell-Larcker Criterion

Discriminant validity is confirmed if the square root of a construct’s AVE exceeds its

correlations with other constructs (Fornell & Larcker, 1981). As shown in Table 7, all

constructs satisfied this condition, with diagonal values (VAVE) exceeding the respective

inter-construct correlations, thereby supporting discriminant validity.

Table 7: Fornell-Larcker Discriminant Validity Matrix

Construct RPM RTCDU QoC
Remote Patient Monitoring (RPM) 0.79
Real-time Clinical Data Util. 0.62 0.78
Quality of Care 0.58 0.66 0.81

Note: Diagonal values (in bold) represent the square roots of AVE.

B. Heterotrait-Monotrait Ratio (HTMT)

The HTMT criterion provides a stricter test of discriminant validity, with values below 0.85
indicating that constructs are empirically distinct (Henseler et al., 2015). As shown in Table

8, all HTMT values were well below the threshold, further confirming discriminant

validity.
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Table 8: HTMT Ratios for Discriminant Validity

Construct Pair HTMT Value
RPM - RTCDU 0.72

RPM — QoC 0.67
RTCDU - QoC 0.76

Note: All values fall below the conservative threshold of 0.85.

4.3 Structural Model Assessment

Following the validation of the measurement model, the structural model was evaluated
for multicollinearity, path relationships, explanatory power (R?), and mediation effects.
This section begins with collinearity diagnostics to ensure the robustness of path coefficient
estimates.

4.3.1 Collinearity Diagnostics

Multicollinearity among predictor constructs was assessed using the Variance Inflation
Factor (VIF). Values below 5.0 indicate that collinearity is not a concern in PLS-SEM
models (Hair et al., 2019).

As reported in Table 9, all VIF values ranged from 1.00 to 1.76, well below the critical
threshold. These results confirm that the predictor variables are sufficiently independent,
and multicollinearity does not bias the estimation of path coefficients.

Table 9: Collinearity Statistics (VIF Values)

Endogenous Construct Predictor Variable VIF
Quality of Care Remote Patient Monitoring 1.76
Real-time Clinical Data Util. 1.68

Real-time Clinical Data Util. Remote Patient Monitoring 1.00

Note: All VIF values are below the recommended threshold of 5.0.

4.3.2 Path Coefficients and Hypothesis Testing

Path analysis was conducted to test the hypothesized relationships among constructs. As
summarized in Table 10, Remote Patient Monitoring (RPM) had a significant positive
effect on Quality of Care (QoC) (B = 0.29, t = 4.36, p < 0.001), supporting Hypothesis 1
(H1). This suggests that higher adoption of RPM technologies improves care timeliness,
safety, and effectiveness. Hypothesis 2 (H2) was also supported, with RPM exerting a
strong positive effect on Real-time Clinical Data Utilization (RTCDU) (B = 0.55, t = 8.91,
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p <0.001). This indicates that RPM facilitates the generation and integration of patient data
into clinical systems, enhancing real-time responsiveness. Hypothesis 3 (H3) examined the
impact of RTCDU on QoC, yielding a significant positive relationship (p = 0.41, ¢ = 6.25,
p < 0.001). This underscores the role of timely data access in supporting high-quality,
coordinated care.

Table 10: Path Coefficients and Hypothesis Testing Results

Hypothesis Path B t-value | p-value Result
H1 RPM — QoC 0.29 4.36 <0.001 Supported
H2 RPM — RTCDU 0.55 8.91 <0.001 Supported
H3 RTCDU — QoC 0.41 6.25 <0.001 Supported

4.3.3 Coefficient of Determination (R?)

The coefficient of determination (R?) indicates the proportion of variance in an endogenous
variable explained by its predictors. As shown in Table 11, RPM explained 30% of the
variance in RTCDU (R? = 0.30), reflecting moderate predictive power. Additionally, 52%
of the QoC variance was explained by RPM and RTCDU (R?=0.52), indicating substantial
explanatory strength.

These values confirm the model’s predictive adequacy and justify further mediation
analysis.

Table 11: R? Values for Endogenous Variables

Endogenous Variable Predictor(s) R? Value | Interpretation
Real-time Clinical Data Utilization RPM 0.30 Moderate
Quality of Care RPM, RTCDU 0.52 Substantial

Note: R?values interpreted per Cohen (1988); model estimated via SmartPLS 4.0.

4.4 Mediation Analysis

Hypothesis 4 (H4) posited that Real-time Clinical Data Utilization mediates the
relationship between Remote Patient Monitoring and Quality of Care. A bootstrapping
procedure with 5,000 resamples was conducted to test the indirect effect. As shown in Table
12, the indirect path (RPM — RTCDU — QoC) was significant (B = 0.23, 1 =4.97, p <
0.001), with a 95% bias-corrected confidence interval of [0.15, 0.33], excluding zero.
These results confirm the presence of a statistically significant mediation effect. This

indicates that RPM contributes to QoC through direct mechanisms and indirectly via
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enhanced data utilization. Effective integration of RPM with real-time clinical decision-
making systems amplifies its impact on care quality.

Table 12: Mediation Analysis Results (Bootstrapped, 5,000 Resamples)

t- P-
Path (Indirect) B 95% CI Result
value | value
RPM — RTCDU — [0.15, Mediation
0.23 | 497 |<0.001
QoC 0.33] Supported
Note: Mediation confirmed via non-zero bootstrapped confidence intervals (SmartPLS
4.0).
4.5 Model Fit Indices

Although PLS-SEM prioritizes prediction over model fit, select indices can be used to
assess the overall adequacy of the model. Table 13 reports key fit indices, including the
Standardized Root Mean Square Residual (SRMR) and Normed Fit Index (NFI). The
SRMR was 0.061, below the recommended threshold of 0.08, indicating a good fit. The
NFI was 0.91, suggesting acceptable model performance relative to a null model.
Additional indices (d ULS and d _G) were also within acceptable ranges, further
supporting the model’s empirical validity. These results confirm that the structural model
adequately represents the underlying data and supports the hypothesized relationships
among constructs.

Table 13: Model Fit Indices (SmartPLS 4.0 Output)

Fit Index Value Threshold Interpretation
SRMR (Standardized Root Mean
0.061 <0.08 Good fit
Square Residual)
) Closerto 1 =
NFI (Normed Fit Index) 0.91 Acceptable fit
better
d ULS (Unweighted Least Squares Within acceptable
. 0.358 | Lower = better
Discrepancy) range
o Within acceptable
d_G (Geodesic Discrepancy) 0.244 | Lower = better
range
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5. Discussion

This study investigated the interrelationships among Remote Patient Monitoring (RPM),
Real-Time Clinical Data Utilization (RTCDU), and Quality of Care (QoC) within a hospital
setting. The findings demonstrate that RPM exerts a significant and direct influence on
RTCDU and QoC, while RTCDU emerges as a significant predictor of QoC. Notably,
RTCDU mediates the relationship between RPM and QoC, underscoring the pivotal role
of real-time data utilization in translating digital health capabilities into measurable
improvements in patient care.

The positive association between RPM and QoC aligns with a growing literature on
healthcare digitalization. Prior studies have emphasized RPM's role in enhancing clinical
decision-making, ensuring care continuity, and improving patient adherence—core
components of high-quality hospital care (Tan et al., 2024; Holtz et al., 2024). Additional
evidence by Pritchett et al. (2021) and Patel et al. (2022) further supports the contribution
of RPM to reducing hospital readmissions and enhancing patient safety, particularly among
high-risk groups such as oncology and COVID-19 patients. The present findings extend
these insights within the context of a middle-income country, illustrating the global
applicability of RPM in advancing care quality.

In the Jordanian healthcare context, these outcomes resonate with global observations on
the capacity of digital health tools to bridge care delivery gaps and bolster clinical
responsiveness in complex hospital environments (Thomas et al., 2021; Shaik et al., 2023).
However, as noted in recent literature, persistent barriers—including infrastructural
limitations and interoperability challenges—remain particularly salient in resource-
constrained settings (Tagne et al., 2025; Alarabyat et al., 2023). Addressing these structural
deficiencies is essential to unlocking the full potential of digital health interventions.

The significant relationship between RPM and RTCDU further reinforces the
conceptualization of RPM not as an isolated monitoring modality but as an integral
component of a broader digital health infrastructure. This corroborates findings by
Lalrengpuii et al. (2025), who emphasize that RPM generates high-frequency clinical data
that necessitates real-time processing to inform timely interventions. Similarly, the results

support the view of RPM as a key node within an interconnected informatics ecosystem,
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wherein data must flow seamlessly across platforms to support dynamic clinical decision-
making (Himani et al., 2024; Awrahman et al., 2022).

The importance of this integration is further supported by Delgado (2022) and Kraus et al.
(2021), who contend that the utility of RPM is contingent on the availability of real-time
data infrastructure. Within the Jordanian context, this finding reflects persistent global
challenges such as data standardization, clinician adoption, and system interoperability
(Alkhwaldi & Abdulmuhsin, 2022; Petersson et al., 2022), highlighting the need for
targeted investments in digital health infrastructure.

The robust association between RTCDU and QoC underscores the strategic role of health
informatics in enabling high-performance clinical environments. This finding is consistent
with Sheikh et al. (2021), who advocate for a “learning health system” paradigm in which
real-time data informs continuous quality improvement. Further corroboration is found in
Dixon et al. (2021) and Dagliati et al. (2021), who demonstrate that real-time access to
structured clinical information facilitates accurate diagnoses, reduces treatment delays, and
enhances patient-centered care delivery.

Particularly in settings like Jordan University Hospital, where digital integration is
ongoing, the utility of real-time dashboards, clinical alerts, and decision support tools
represents a tangible opportunity to enhance operational efficiency and long-term planning.
This aligns with findings by Gupta et al. (2022) and Amiri et al. (2024), who highlight the
growing centrality of real-time informatics in care quality frameworks across both high-
and middle-income healthcare systems.

Of particular significance is the mediating role of RTCDU in the relationship between RPM
and QoC. This finding affirms that the effectiveness of RPM in improving care outcomes
is substantially amplified when real-time data is actively utilized in clinical decision-
making. This aligns with theoretical frameworks such as DeL.one and McLean’s IS success
model and supports empirical insights from Ramezani et al. (2025) and Bacha and Zainab
(2025), who emphasize the critical role of system integration in realizing the value of
digital health tools.

From a digital transformation standpoint, this mediation underscores the need to
conceptualize RPM as part of a synergistic digital ecosystem rather than a standalone

solution. This is congruent with the perspectives of Ilin et al. (2022) and Pachuary et al.
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(2025), who argue that the success of healthcare digitalization depends equally on
technological implementation and data operationalization. The layered digital model
described by Mbunge et al. (2021) and Bansal et al. (2022) reinforces that continuous, bi-
directional data exchange among devices, systems, and providers is foundational to a fully
functional digital health ecosystem.

Moreover, these findings align with international imperatives to address digital
fragmentation and enhance real-time interoperability in healthcare systems. Guandalini
(2022) and Stoumpos et al. (2023) assert that digital transformation must transcend
technology deployment to encompass workflow integration, clinician engagement, and
data-informed decision support. This is particularly relevant in developing health systems,
where infrastructural, organizational, and human capital constraints may impede seamless
integration (Obeidat & El-Salem, 2021).

The practical implications of this study are significant. The findings suggest that healthcare
leaders should prioritize investments in RPM technologies and the backend infrastructure
required to support real-time data capture, analysis, and utilization. This includes the
development of interoperability standards, clinician training in digital literacy, and
deploying integrated health informatics platforms. As Delgado (2022) highlighted, without
a robust data backbone comprising advanced connectivity protocols and smart platforms,
the transformative potential of digital healthcare will remain unrealized.

6. Conclusion

This study examined the interrelationships among Remote Patient Monitoring (RPM),
Real-Time Clinical Data Utilization (RTCDU), and Quality of Care (QoC) in a tertiary
academic hospital in Jordan. Anchored in established frameworks from health informatics
and digital transformation literature, the findings confirm that RPM not only exerts a direct
positive influence on perceived QoC but also significantly enhances the utilization of real-
time clinical data. Critically, RTCDU was found to mediate the relationship between RPM
and QoC, indicating that the clinical value of RPM is maximized when embedded within a
responsive, data-driven care environment.

These results contribute to the expanding body of evidence supporting the integration of
digital health technologies in hospital settings, particularly within low- and middle-income

countries undergoing healthcare modernization. The study reinforces the premise that the
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benefits of RPM are contingent not solely on the availability of technology but on the
presence of interoperable systems capable of real-time data capture, interpretation, and
clinical application.

From a practical standpoint, the findings highlight the necessity of investing in digital
infrastructures that facilitate seamless data flow between RPM systems and clinical
decision-making platforms. This directly affects healthcare administrators, policymakers,
and health IT professionals seeking to implement scalable, sustainable digital health
interventions.

Future research should prioritize longitudinal and multi-site investigations to assess RPM-
enabled care's long-term clinical and operational impacts. Additionally, integrating
objective system-level metrics alongside qualitative feedback from clinicians and patients
could yield deeper insights into successful digital transformation's organizational and
behavioral determinants.

In conclusion, this study provides empirical support for a more cohesive, data-integrated
digital healthcare model. It underscores that the transformative potential of RPM can only
be fully realized within an ecosystem that supports real-time data utilization, informed
decision-making, and continuous system learning.

References:

Abdulmalek, S., Nasir, A., Jabbar, W. A., Almuhaya, M. A., Bairagi, A. K., Khan, M. A.
M., & Kee, S. H. (2022, October). [oT-based healthcare-monitoring system towards
improving quality of life: A review. In Healthcare (Vol. 10, No. 10, p. 1993). MDPL.

Adler-Milstein, J., Everson, J., & Lee, S. Y. D. (2015). EHR adoption and hospital
performance: Time-related effects. Health Services Research, 50(6), 1751-1771.

Al Ghanim, W. 1., Alghamdi, J. S., Alkharji, N. A., Aldosary, N. M., Alyami, D. A., Alharbi,
A. F., ... & Alshehri, W. D. Telehealth and Remote Monitoring: Challenges and
Solutions for Nurses in Medical Records Management and Lab
Interactions. International journal of health sciences, 6(S10), 1604-1613.

Alanazi, H., & Daim, T. (2021). Health technology diffusion: Case of remote patient
monitoring (RPM) for the care of senior population. Technology in Society, 66,
101662.

Alarabyat, I. A., Al-Nsair, N., Alrimawi, 1., Al-Yateem, N., Shudifat, R. M., & Saifan, A.
R. (2023). Perceived barriers to effective use of telehealth in managing the care of
patients with cardiovascular diseases: a qualitative study exploring healthcare
professionals’ views in Jordan. BMC health services research, 23(1), 452.

Al-Atiyyat, N., Salim, N. A., Guo, J. W., Toffaha, M., & Brant, J. M. (2023). Evaluating
the Quality of Pain Management Satisfaction Among Oncology Patients in a

30



Hospital Setting: Psychometric Properties of the Arabic Version of Pain Care
Quality Survey. JCO Global Oncology, 9, €2300012.

Al-Azzam, M. K. (2021). [Retracted] Research on the Impact of mHealth Apps on the
Primary Healthcare Professionals in Patient Care. Applied Bionics and
Biomechanics, 2021(1), 7611686.

Alkhwaldi, A. F., & Abdulmuhsin, A. A. (2022). Understanding user acceptance of 1oT
based healthcare in Jordan: Integration of the TTF and TAM. In Digital economy,
business analytics, and big data analytics applications (pp. 191-213). Cham:
Springer International Publishing.

Al-Nawayseh, M. K., Al-lede, M., Elayeh, E., Hijazeen, R., Oweidat, K. A., & Aleidi, S.
M. (2021). The impact of using a mobile application to improve asthma patients’
adherence to medication in Jordan. Health Informatics Journal, 27(3),
14604582211042926.

Alvesson, M., & Sandberg, J. (2013). Constructing research questions: Doing interesting
research. SAGE Publications.

Amadasun, K., Short, M., Agajo, J., Osigwelem, K. U., & Egwaile, J. O. (2021). A Secured
Network Prototype for Enhanced Connectivity in Hospital Environment for
Remote Patient Monitoring. Journal of Communication and Computer, 16, 6-18.

Aman, Z., & Qidwai, M. A. (2025). Role of Artificial Intelligence in Strengthening
Healthcare Systems. In Intersection of Human Rights and Al in Healthcare (pp.
253-282). I1GI Global Scientific Publishing.

Amiri, Z., Heidari, A., Navimipour, N. J., Esmaeilpour, M., & Yazdani, Y. (2024). The deep
learning applications in loT-based bio-and medical informatics: a systematic
literature review. Neural Computing and Applications, 36(11), 5757-5797.

Aung, A. K., Walker, S., Khu, Y. L., Tang, M. J., Lee, J. 1., & Graudins, L. V. (2022).
Adverse drug reaction management in hospital settings: review on practice
variations, quality indicators and education focus. European Journal of Clinical
Pharmacology, 78(5), 781-791.

Awrahman, B. J., Aziz Fatah, C., & Hamaamin, M. Y. (2022). A review of the role and
challenges of big data in healthcare informatics and analytics. Computational
intelligence and neuroscience, 2022(1), 5317760.

Azyabi, A., Karwowski, W., & Davahli, M. R. (2021). Assessing patient safety culture in
hospital settings. International journal of environmental research and public
health, 18(5), 2466.

Babbie, E. R. (2020). The practice of social research (15th ed.). Cengage Learning.

Bacha, A., & Zainab, H. (2025). Al for Remote Patient Monitoring: Enabling Continuous
Healthcare outside the Hospital. Global Journal of Computer Sciences and
Artificial Intelligence, 1(1), 1-16.

Bansal, G., Rajgopal, K., Chamola, V., Xiong, Z., & Niyato, D. (2022). Healthcare in
metaverse: A survey on current metaverse applications in healthcare. /eee
Access, 10, 119914-119946.

Batubara, S. O., Wang, H. H., & Chen, K. M. (2021). Nurse Leadership Style and Quality
of Care in Clinical Setting: a Systematic Review. NurseLine Journal, 6(1), 45-58.

Boateng, G. O., Neilands, T. B., Frongillo, E. A., Melgar-Quifionez, H. R., & Young, S. L.
(2018). Best practices for developing and validating scales for health, social, and
behavioral research: A primer. Frontiers in Public Health, 6, 149.

31



Boikanyo, K., Zungeru, A. M., Sigweni, B., Yahya, A., & Lebekwe, C. (2023). Remote
patient monitoring systems: Applications, architecture, and challenges. Scientific
African, 20, e01638.

Bouabida, K., Chaves, B. G., Anane, E., & Jagram, N. (2025). Navigating the landscape of
remote patient monitoring in Canada: trends, challenges, and future
directions. Frontiers in Digital Health, 7, 1523401.

Bowling, A. (2014). Research methods in health: Investigating health and health services
(4th ed.). McGraw-Hill Education.

Condry, M. W., & Quan, X. I. (2023). Remote patient monitoring technologies and
markets. IEEE Engineering Management Review, 51(3), 59-64.

Creswell, J. W. (2014). Research design: Qualitative, quantitative, and mixed methods
approaches (4th ed.). SAGE Publications.

Dagliati, A., Malovini, A., Tibollo, V., & Bellazzi, R. (2021). Health informatics and EHR
to support clinical research in the COVID-19 pandemic: an overview. Briefings in
bioinformatics, 22(2), 812-822.

Dasaradharami Reddy, K., & Gadekallu, T. R. (2023). A comprehensive survey on
federated learning techniques for healthcare informatics. Computational
Intelligence and Neuroscience, 2023(1), 8393990.

De Guzman, K. R., Snoswell, C. L., Taylor, M. L., Gray, L. C., & Caffery, L. J. (2022).
Economic evaluations of remote patient monitoring for chronic disease: a
systematic review. Value in Health, 25(6), 897-913.

Delgado, R. M. (2022). Without IPv6, there is no digital transformation for
healthcare. Technology and Health Care, 30(2), 505-508.

DeLone, W. H., & McLean, E. R. (2003). The DeLone and McLean model of information
systems success: A ten-year update. Journal of Management Information Systems,
19(4), 9-30.

Dixon, B. E., Grannis, S. J., McAndrews, C., Broyles, A. A., Mikels-Carrasco, W.,
Wiensch, A., ... & Embi, P. J. (2021). Leveraging data visualization and a statewide
health information exchange to support COVID-19 surveillance and response:
application of public health informatics. Journal of the American Medical
Informatics Association, 28(7), 1363-1373.

Donabedian, A. (1988). The quality of care: How can it be assessed? JAMA, 260(12), 1743—
1748. https://doi.org/10.1001/jama.1988.03410120089033

Dubey, A., & Tiwari, A. (2023). Artificial intelligence and remote patient monitoring in US
healthcare market: a literature review. Journal of Market Access & Health
Policy, 11(1), 2205618.

Etikan, I., & Bala, K. (2017). Sampling and sampling methods. Biometrics & Biostatistics
International Journal, 5(6), 00149. https://doi.org/10.15406/bbij.2017.05.00149

Field, A. (2013). Discovering statistics using IBM SPSS statistics (4th ed.). SAGE
Publications.

Filip, R., Gheorghita Puscaselu, R., Anchidin-Norocel, L., Dimian, M., & Savage, W. K.
(2022). Global challenges to public health care systems during the COVID-19
pandemic: a review of pandemic measures and problems. Journal of personalized
medicine, 12(8), 1295.

32



Fornell, C., & Larcker, D. F. (1981). Evaluating structural equation models with
unobservable variables and measurement error. Journal of Marketing Research,
18(1), 39-50.

Geltmeyer, K., Duprez, V., Blondeel, M., Serraes, B., Eeckloo, K., & Malfait, S. (2025).
The effect of different care delivery models in a hospital setting on patient-and
nurse-related outcomes: A systematic review with narrative synthesis. Journal of
advanced nursing, 81(1), 140-155.

Guandalini, 1. (2022). Sustainability through digital transformation: A systematic literature
review for research guidance. Journal of Business Research, 148, 456-471.

Gupta, V., Mittal, M., Mittal, V., & Gupta, A. (2022). An efficient AR modelling-based
electrocardiogram signal analysis for health informatics. International Journal of
Medical Engineering and Informatics, 14(1), 74-89.

Haddad, T. C., Coftey, J. D., Deng, Y., Glasgow, A. E., Christopherson, L. A.,
Sangaralingham, L. R., ... & Borah, B. J. (2022, December). Impact of a high-risk,
ambulatory COVID-19 remote patient monitoring program on utilization, cost, and
mortality. In Mayo Clinic Proceedings (Vol. 97, No. 12, pp. 2215-2225). Elsevier.

Hair, J. F., Hult, G. T. M., Ringle, C. M., & Sarstedt, M. (2019). 4 primer on partial least
squares structural equation modeling (PLS-SEM) (2nd ed.). SAGE Publications.

Haleem, A., Javaid, M., Singh, R. P., & Suman, R. (2022). Medical 4.0 technologies for
healthcare: Features, capabilities, and applications. Internet of Things and Cyber-
Physical Systems, 2, 12-30.

Hayes, C. J., Dawson, L., McCoy, H., Hernandez, M., Andersen, J., Ali, M. M., ... &
Eswaran, H. (2023). Utilization of remote patient monitoring within the United
States health care system: a scoping review. Telemedicine and e-Health, 29(3), 384-
394.

Henseler, J., Ringle, C. M., & Sarstedt, M. (2015). A new criterion for assessing
discriminant validity in variance-based structural equation modeling. Journal of the
Academy of Marketing Science, 43(1), 115-135.

Himani, K., Surya, J. S. P,, Shobhit, A., & Pratap, S. A. (2024). Health Informatics: An
Emerging Strategy for Clinical Care. In Sustainability and Health Informatics: A
Systems Approach to Address the Climate Action Induced Global Challenge (pp.
237-247). Singapore: Springer Nature Singapore.

Holtz, B. E., Urban, F. A., Oesterle, J., Blake, R., & Henry, A. (2024). The promise of
remote patient monitoring. Telemedicine and e-Health, 30(12), 2776-2781.
Hulland, J. (1999). Use of partial least squares (PLS) in strategic management research: A

review of four recent studies. Strategic Management Journal, 20(2), 195-204.

Ilin, L., Iliashenko, V. M., Dubgorn, A., & Esser, M. (2022). Critical factors and challenges
of healthcare digital transformation. In Digital transformation and the world
economy: Critical factors and sector-focused mathematical models (pp. 205-220).
Cham: Springer International Publishing.

Institute of Medicine. (2001). Crossing the quality chasm: A new health system for the 21st
century. National Academies Press.

Israel, G. D. (1992). Determining sample size. University of Florida Cooperative Extension
Service.

Jan, M. A., Khan, F., Mastorakis, S., Adil, M., Akbar, A., & Stergiou, N. (2021). LightloT:
Lightweight and secure communication for energy-efficient IoT in health

33



informatics. I[EEE transactions on green communications and networking, 5(3),
1202-1211.

Johnson, S., Dalton-Locke, C., Baker, J., Hanlon, C., Salisbury, T. T., Fossey, M., ... &
Lloyd-Evans, B. (2022). Acute psychiatric care: approaches to increasing the range
of services and improving access and quality of care. World Psychiatry, 21(2), 220-
236.

Khoiro, R. A. N., Nurhikmah, N., & Dewi, S. (2025). Transforming Healthcare Delivery:
Strengthening Nurse Engagement in Patient-Centered Care Practice. The Journal
of Academic Science, 2(1), 392-397.

Kitsiou, S., Paré, G., Jaana, M., & Gerber, B. (2017). Effectiveness of mHealth
interventions for patients with diabetes: An overview of systematic reviews. PLoS
ONE, 12(3), e0173160.

Kraus, S., Schiavone, F., Pluzhnikova, A., & Invernizzi, A. C. (2021). Digital
transformation in healthcare: Analyzing the current state-of-research. Journal of
Business Research, 123, 557-567.

Krejcie, R. V., & Morgan, D. W. (1970). Determining sample size for research activities.
Educational and Psychological Measurement, 30(3), 607-610.

Krick, T., Huter, K., Domhoff, D., Schmidt, A., Rothgang, H., & Wolf-Ostermann, K.
(2019). Digital technology and nursing care: A scoping review on acceptance,
effectiveness, and efficiency studies of informal and formal care technologies. BMC
Health Services Research, 19, 400.

Lalrengpuii, M. K. S., Pandey, A. K., Kushwah, J. S., Shrivastava, K., & Kumar, R. (2025).
Telemedicine and remote patient monitoring (RPM) in smart healthcare
systems. Big Data Analytics and Intelligent Applications for Smart and Secure
Healthcare Services, 178.

Louch, G., Albutt, A., Harlow-Trigg, J., Moore, S., Smyth, K., Ramsey, L., & O'Hara, J. K.
(2021). Exploring patient safety outcomes for people with learning disabilities in
acute hospital settings: a scoping review. BMJ open, 11(5), €047102.

Mahbooba, Z., Chera, B., & Evarts, L. (2021). Engaging physicians in quality improvement
in a hospital setting: a scoping review. American Journal of Medical Quality, 36(5),
328-336.

Mbunge, E., Muchemwa, B., Jiyane, S. E., & Batani, J. (2021). Sensors and healthcare 5.0:
transformative shift in virtual care through emerging digital health
technologies. global health journal, 5(4), 169-177.

Millar, N. A., Hoben, M., Dahlke, S., & Hunter, K. F. (2024). (Re) conceptualising Good
Care in Hospital Settings From the Perspectives of Older Persons: A Concept
Analysis Using Pragmatic Utility. International Journal of Older People
Nursing, 19(6), e12665.

Mwale, S., Northcott, A., Lambert, 1., & Featherstone, K. (2024). ‘Becoming restrained’:
Conceptualising restrictive practices in the care of people living with dementia in
acute hospital settings. Sociology of Health & Illness, 46(8), 1730-1748.

Navathe, A. S., Crowley, A., & Liao, J. M. (2022). Remote patient monitoring—will more
data lead to more health?. JAMA Internal Medicine, 182(9), 1007-1008.

Obeidat, A. Z., & El-Salem, K. (2021). A national telemedicine program in the Kingdom
of Jordan—Editorial. Annals of Medicine and Surgery, 62, 145-149.

34



Okeny, P. K., Pittalis, C., Monaghan, C. F., Brugha, R., & Gajewski, J. (2024). Dimensions
of patient-centred care from the perspective of patients and healthcare workers in
hospital settings in sub-Saharan Africa: A qualitative evidence synthesis. Plos
one, 19(4), €0299627.

Okunlaya, R. O., Syed Abdullah, N., & Alias, R. A. (2022). Artificial intelligence (Al)
library services innovative conceptual framework for the digital transformation of
university education. Library Hi Tech, 40(6), 1869-1892.

Osmanski-Zenk, K., Klinder, A., Pingsmann, A., Lohmann, C. H., Bail, H. J., Kladny, B.,
& Mittelmeier, W. (2024, April). Institutional Surgical Setting and Volume Effects
of Certified Arthroplasty Centers in Germany: Evaluation of the Quality of Care in
a 5-Year Comparison. In Healthcare (Vol. 12, No. 9, p. 904). MDPI.

Pachuary, P., Sharma, Y., Shambhakar, S., Mishra, S., & Gupta, P. (2025). Challenges to
Digital Transformation in the Healthcare Industry. In Creating Smart Healthcare
with Blockchain and Advanced Digital Technology (pp. 399-420). Apple Academic
Press.

Pannunzio, V., Morales Ornelas, H. C., Gurung, P., van Kooten, R., Snelders, D., van Os,
H., ... & Kleinsmann, M. (2024). Patient and staff experience of remote patient
monitoring—what to measure and how: systematic review. Journal of Medical
Internet Research, 26, ¢48463.

Patel, H., Hassell, A., Cyriacks, B., Fisher, B., Tonelli, W., & Davis, C. (2022). Building a
real-time remote patient monitoring patient safety program for COVID-19
patients. American Journal of Medical Quality, 37(4), 342-347.

Paul, M., Maglaras, L., Ferrag, M. A., & Almomani, I. (2023). Digitization of healthcare
sector: A study on privacy and security concerns. /CT express, 9(4), 571-588.

Petersson, L., Larsson, 1., Nygren, J. M., Nilsen, P., Neher, M., Reed, J. E., ... & Svedberg,
P. (2022). Challenges to implementing artificial intelligence in healthcare: a
qualitative interview study with healthcare leaders in Sweden. BMC health services
research, 22(1), 850.

Podsakoff, P. M., MacKenzie, S. B., Lee, J. Y., & Podsakoff, N. P. (2003). Common method
biases in behavioral research: A critical review of the literature and recommended
remedies. Journal of Applied Psychology, 88(5), 879-903.

Preacher, K. J., & Hayes, A. F. (2008). Asymptotic and resampling strategies for assessing
and comparing indirect effects in multiple mediator models. Behavior Research
Methods, 40(3), 879—-891.

Pritchett, J. C., Borah, B. J., Desai, A. P., Xie, Z., Saliba, A. N., Leventakos, K., ... &
Haddad, T. C. (2021). Association of a remote patient monitoring (RPM) program
with reduced hospitalizations in cancer patients with COVID-19. JCO Oncology
Practice, 17(9), €1293-e1302.

Rachmad, Y. E. (2022). MediVerse: Challenges And Development Of Digital Health
Transformation Towards Metaverse in Medicine. Journal of Engineering,
Electrical and Informatics, 2(2), 72-90.

Ramezani, R., [ranmanesh, S., Naeim, A., & Benharash, P. (2025). Bench to bedside: Al
and remote patient monitoring. Frontiers in Digital Health, 7, 1584443.

Saunders, M., Lewis, P., & Thornhill, A. (2019). Research methods for business students
(8th ed.). Pearson Education Limited.

35



Shaik, T., Tao, X., Higgins, N., Li, L., Gururajan, R., Zhou, X., & Acharya, U. R. (2023).
Remote patient monitoring using artificial intelligence: Current state, applications,
and challenges. Wiley Interdisciplinary Reviews: Data Mining and Knowledge
Discovery, 13(2), e1485.

Shdaifat, M. M. B. M., Khasawneh, R. A., & Alefan, Q. (2022). Clinical and economic
impact of telemedicine in the management of pediatric asthma in Jordan: a
pharmacist-led intervention. Journal of Asthma, 59(7), 1452-1462.

Sheikh, A., Anderson, M., Albala, S., Casadei, B., Franklin, B. D., Richards, M., ... &
Mossialos, E. (2021). Health information technology and digital innovation for
national learning health and care systems. The Lancet Digital Health, 3(6), €383-
e396.

Shock, L. (2025). Remote patient monitoring. In Digital Health (pp. 117-123). Academic
Press.

Singh, S. K., Chauhan, S., Alsafrani, A., Islam, M., Sherazi, H. 1., & Ullah, 1. (2025).
Optimizing healthcare data quality with optimal features driven mutual entropy
gain. Expert Systems, 42(2), e13737.

Stoumpos, A. 1., Kitsios, F., & Talias, M. A. (2023). Digital transformation in healthcare:
technology acceptance and its applications. International journal of environmental
research and public health, 20(4), 3407.

Suman, A., Suman, P., Padhy, S., Kumar, N., & Singh, A. (2025). Healthcare revolution:
Advances in Al-driven medical imaging and diagnosis. In Responsible and
Explainable Artificial Intelligence in Healthcare (pp. 155-182). Academic Press.

Tagne, J. F., Burns, K., O’Brein, T., Chapman, W., Cornell, P., Huckvale, K., ... & Metcalf,
0. (2025). Challenges for remote patient monitoring programs in rural and regional
areas: a qualitative study. BMC Health Services Research, 25, 374.

Takawira, B., Chadyiwa, M., & Pooe, D. (2025). Rethinking Standard Protocols:
Innovative  Quality = Management Approaches in Public Healthcare
Systems. Resiliency Strategies for Long-Term Business Success, 201-232.

Tan, S. Y., Sumner, J., Wang, Y., & Wenjun Yip, A. (2024). A systematic review of the
impacts of remote patient monitoring (RPM) interventions on safety, adherence,
quality-of-life and cost-related outcomes. NP.J Digital Medicine, 7(1), 192.

Tang, M., Nakamoto, C. H., Stern, A. D., & Mehrotra, A. (2022). Trends in remote patient
monitoring use in traditional Medicare. JAMA Internal Medicine, 182(9), 1005-
1006.

Taylor, M. L., Thomas, E. E., Snoswell, C. L., Smith, A. C., & Caffery, L. J. (2021). Does
remote patient monitoring reduce acute care use? A systematic review. BMJ
open, 11(3), €040232.

Thomas, E. E., Taylor, M. L., Banbury, A., Snoswell, C. L., Haydon, H. M., Rejas, V. M.
G., ... & Caffery, L. J. (2021). Factors influencing the effectiveness of remote
patient monitoring interventions: a realist review. BMJ open, 11(8), €051844.

Venkatesh, V., Morris, M. G., Davis, G. B., & Davis, F. D. (2003). User acceptance of
information technology: Toward a unified view. MIS Quarterly, 27(3), 425-478.

Whitehead, D., & Conley, J. (2023). The next frontier of remote patient monitoring:
hospital at home. Journal of Medical Internet Research, 25, e42335.

Zhou, L., Soran, C., Jenter, C. A., Volk, L. A., Orav, E. J., Bates, D. W., & Simon, S. R.
(2009). The relationship between electronic health record use and quality of care

36



over time. Journal of the American Medical Informatics Association, 16(4), 457—
464.

37



