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ABSTRACT

Despite the recognized benefits of Electronic Medical Records (EMRS) in improving
healthcare efficiency, data management, and continuity of patient care, adoption within
Kenya’s private dental sector remains inconsistent and insufficiently understood. This
study investigated the factors influencing EMR adoption among private dental clinics
in Nairobi and Mombasa Counties, Kenya. Guided by the Diffusion of Innovations
(DOI) theory and the Technology Acceptance Model (TAM), the study examined the
association between system-related, organizational, and policy/environmental factors
and EMR adoption and integration within routine dental practice. The study employed
a quantitative analytical cross-sectional design among registered private dental clinics
in Nairobi and Mombasa Counties. Data were collected using a structured online
questionnaire administered to respondents involved in EMR implementation and
management. Data were collected using a structured online questionnaire and analyzed
using chi-square tests, Pearson correlation, multiple regression, and ordered logistic
regression analysis. The findings demonstrated significant associations between EMR
adoption and clinic location (> =34.107, p <0.001), clinic size (> =44.402,p <0.001),
and clinic ownership (> = 22.337, p = 0.001). Correlation analysis revealed that
organizational factors had the strongest positive relationship with EMR adoption (r =
0.385, p < 0.01), followed by system-related factors (r = 0.251, p < 0.01), while policy
and environmental factors demonstrated no statistically significant relationship with
EMR adoption (r = -0.054, p > 0.05). Multiple regression analysis identified
organizational readiness as the only statistically significant predictor of EMR adoption
(B = 0.278, p < 0.001). Similarly, ordered logistic regression analysis showed that
organizational readiness significantly increased the likelihood of higher levels of EMR
adoption (B =1.411, p <0.001), while demographic and policy/environmental variables
remained statistically insignificant. Qualitative responses suggested that EMR
implementation was perceived to be more integrated in Nairobi than in Mombasa,
although the contextual factors underlying these differences were beyond the scope of
the present study. The study concludes that organizational readiness—including
leadership support, workflow integration, resource availability, technical support, and
staff training—was more strongly associated with EMR adoption than system-related
or policy/environmental factors. The study recommends that private dental clinics in
Kenya to strengthen organizational readiness through leadership engagement,
continuous staff training, workflow integration, and structured technical support to
promote sustainable EMR adoption.
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CHAPTER ONE

INTRODUCTION
1.1 Background
In today's technology-driven world, industries across all sectors are increasingly
adopting digital tools to enhance efficiency and accuracy in record-keeping (Sidek &
Martins, 2017). From banking to education, businesses are leveraging digital systems
to improve efficiency, data accuracy, and decision-making (Carmona et al., 2023). The
healthcare sector is no exception, with Electronic Medical Records (EMRs) emerging
as transformative solutions for managing patient information among various digital
technologies existing (Yi, 2018). EMRs are digital versions of patients' paper charts,
designed to streamline the storage and management of medical data. EMR systems
serve as a central hub for transforming this data into meaningful information,
knowledge, and wisdom within the healthcare sector. They enhance the efficiency of
healthcare delivery by facilitating better data sharing, improving patient care, and
supporting clinical decision-making, ultimately contributing to smarter healthcare
solutions (Lederman et al., 2024).

Despite the transformative potential of EMRs across healthcare settings, their adoption
in specialist private practice, particularly in dental clinics, remains poorly understood
and critically under-researched. Unlike general outpatient or hospital settings, dental
practices operate within a distinct clinical workflow: patient encounters are
predominantly procedure-based rather than diagnosis-driven, records must capture
highly specific data including periodontal charts, radiographs, treatment plans, and
prosthetic histories, and clinics typically function as small, independently owned
enterprises with limited administrative infrastructure (Kaur et al., 2021; Ho et al., 2024).
These structural and operational peculiarities mean that EMR adoption barriers and
facilitators in dental settings cannot simply be extrapolated from hospital-based studies.
Consequently, evidence generated from hospital-based settings may not adequately
explain the unique factors influencing EMR adoption within private dental clinics. This
creates an important knowledge gap that the present study seeks to address.

Over the past decade, the global adoption of EMRs has gained significant momentum,
reshaping how medical data is recorded, stored, and accessed (Li et al., 2019). A survey

by the World Health Organization reveals that 114 countries are currently working on



developing national electronic medical record systems, driven by a growing recognition
that stronger health information technology is crucial for providing high-quality
healthcare while lowering costs (WHO, 2016). These systems are now important to
streamline workflows, enhance communication among providers, and improve patient
safety by reducing errors (Tchaiwe, 2021). Furthermore, they align with global
objectives like Sustainable Development Goal (SDG) 3, which aims to ensure healthy
lives and promote well-being for all ages (Cox, 2020).

Despite these advancements, the adoption of EMRs has been slow, particularly in low-
and middle-income countries (LMICs) (Kariuki & Richard, 2024),(Owolabi et al.,
2020). This has been as a result of persistent obstacles such as inadequate infrastructure,
financial constraints, and limited technical expertise. Additionally, a lack of
government subsidies and resistance to change among healthcare providers further
exacerbates the slow adoption of EMRs (Jones-Esan et al., 2024).

In Kenya, the situation reflects this dual reality. Public hospitals have made
commendable progress in digitizing patient records through initiatives like the Ministry
of Health’s partnership with Konza Technopolis, which introduced the tibERbu system
for public hospital integration. These efforts form part of the government’s broader
Digital Superhighway initiative, which aims to digitize 80% of government services
and establish a unified EMR system by extending broadband infrastructure nationwide
(Mbego, 2023; Investment Promotion Authority, 2025). However, the private
healthcare sector has not kept pace (Kang’a et al., 2017; Ngugi et al., 2021). Most
private providers continue to rely on manual documentation, despite facing growing
patient loads and rising demands for efficient, standardized care. This lag poses a
significant challenge to improving healthcare -efficiency, standardization of
communication, credibility in patient data management and patient outcomes in these
settings (Enahoro et al., 2023).

Dental clinics play a vital role in addressing oral health, a critical component of overall
well-being (Igbinosa et al., 2023). However, most clinics still rely on manual record-
keeping systems, which are prone to errors, inefficiencies, and data loss (Kaur et al.,
2021). These outdated methods undermine the quality of patient care and clinic

operations (Riaz et al., 2021; Ho et al., 2024). Modernizing these practices through the



adoption of EMRs has the potential to enhance service delivery and improve health

outcomes (Razzano, 2024).

Incorporating the Digital Superhighway initiative underscores its relevance to private
dental practices aiming to adopt EMRs. A unified EMR system, integrated nationwide,
offers a framework for standardized healthcare records, reducing redundancies, and
improving continuity of care. This alignment between national priorities and private
practice digitalization underscores the potential for a cohesive healthcare ecosystem,
where private providers can contribute to and benefit from shared digital resources.
Such developments have critical implications for eHealth adoption, especially in
resource-constrained settings, emphasizing the need for policies and incentives to
support private sector integration (Investment Promotion Authority, 2025),(Kenya
Ministry of Health, 2023).

Despite the growing need for digitized record management in private dental care, there
is a noticeable gap in empirical research exploring how these clinics are integrating—
or failing to integrate—EMRs into their operations. Little is known about the specific
individual, organizational, and environmental factors that influence EMR adoption in
this unique healthcare setting. Addressing this gap is vital for informing both health
policy and private sector investment strategies aimed at strengthening Kenya’s digital
health ecosystem.

Although Electronic Medical Records have been extensively studied in public hospitals
and general healthcare settings, comparatively little evidence exists regarding their
adoption within private dental clinics, particularly in low- and middle-income
countries. Furthermore, existing studies have largely examined isolated technological
or organizational determinants, with limited evidence integrating system-related,
organizational, and policy/environmental factors within a single analytical framework.
This study addresses these gaps by focusing on private dental clinics in Nairobi and
Mombasa Counties, where digital health adoption remains underexplored despite
increasing policy emphasis on healthcare digitization.

1.1.1 Adoption of EMR

Electronic Medical Record (EMR) is a digital version of a patient's medical chart,
typically used within a single healthcare practice. It includes critical information such

as medical history, medications, diagnoses, allergies, immunization records, and



treatment plans, all managed by healthcare providers to monitor patient care
(Gopidasan et al., 2022). This technology not only streamlines workflows but also
enhances communication among healthcare providers, ultimately leading to improved

patient safety and quality of care.

While Electronic Health Records (EHRs) are often mentioned alongside EMRs, they
are distinct in that EHRs encompass a more comprehensive, patient-centered record
that integrates data from multiple healthcare providers (Anshari, 2019). However, this
study focuses exclusively on EMRSs, specifically within private dental clinics.

The use of EMRs began in the 1960s when healthcare providers started experimenting
with computers to manage patient data (Klar, 2004). Early systems, developed in the
1970s and 1980s, had limited functionality and faced slow adoption. Advancements in
computing during the 1990s paved the way for more widespread use of EMRs, as
governments and healthcare organizations recognized the need for digitized health data
(Malhotra & Lassiter, 2014). This led to a global increase in EMR adoption, particularly
in developed countries where governments incentivized healthcare providers to
implement these systems, aiming to improve patient care and operational efficiency
(Sun et al., 2018).

Sub-Saharan Africa has yet to adopt Electronic Health Records (EHRS) despite their
benefits, facing barriers like poor infrastructure and lack of management commitment
(Adetoyi & Raji, 2020). However, healthcare providers' willingness and the evolving
health information exchange infrastructure facilitate their adoption in the region
(Woldemariam & Jimma, 2023).

In Kenya, the adoption of EMRs has progressed more slowly compared to high-income
countries (Njoroge et al., 2017). The Kenyan government has introduced initiatives
such as the Kenya eHealth Policy to encourage digital health solutions, and the Digital
Health Act of 2023 was recently enacted to provide a legal framework for the
development and implementation of digital health systems (Ministry of Health, Kenya,
2016) (Digital Health Act, 2023). These initiatives aim to enhance the management of
patient data across the healthcare sector. While public hospitals have made progress in

adopting EMRSs, the private healthcare sector, especially dental clinics, faces barriers



such as high costs, limited infrastructure, and a lack of technical expertise (Ahmed et
al., 2022).

Technology adoption in healthcare has been widely explained using models such as the
Technology Acceptance Model (TAM), which emphasizes system-related perceptions
including perceived usefulness and perceived ease of use, and the Diffusion of
Innovations (DOI) theory, which explains how organizational and innovation
characteristics influence technology adoption (Davis, 1989; Rogers, 2003). These
complementary perspectives informed the conceptualization of EMR adoption in the

present study.

Studies have emphasized the distinction between the availability and active use of
electronic medical records (EMRs) in clinical workflows (Tandon, 2020; Chen et al.,
2015). For instance, Chebole (2015) explored public health facilities in Nakuru County,
Kenya, highlighting challenges in transitioning from system installation to meaningful
use. Similarly, Janssen et al. (2021) examined barriers and enablers to EMR adoption
in a cancer center, focusing on how infrastructure availability does not guarantee active
utilization. Furthermore, Chepkwony (2015) investigated EMR adoption in Nairobi
County, showcasing the importance of both the presence of a system and its routine use

in clinical operations.

Informed by these studies, EMR adoption is operationalized in this research as the
availability and actual use of an EMR system within a clinic’s workflow. Availability
refers to whether a clinic has installed an EMR system, regardless of its level of use,
while use refers to the extent to which the EMR system is actively utilized for patient
registration, clinical documentation, billing, reporting, and clinical decision-making.
This operationalization reflects the nuanced reality of healthcare digitization in LMICs,
where facilities may possess digital tools but lack the resources, motivation, or
infrastructure to use them effectively. Focusing on both presence and actual utilization,
this study provides a more accurate picture of EMR adoption in private dental clinics
in Kenya.

It is important to note that the majority of existing EMR adoption literature draws on
hospital-based or general outpatient settings, and findings from these contexts may not

translate directly to dental practice environments. Dental clinics are characterized by



high patient throughput, procedure-specific documentation needs, and a predominantly
small-practice ownership model — factors that create a distinct set of adoption
challenges (Riaz et al., 2021; Razzano, 2024). In Kenya specifically, the private dental
sector operates largely outside the formal public health information system, meaning
that national EMR rollout initiatives have had limited reach into this segment of the
healthcare workforce (Kang'a et al., 2017). The absence of dental-specific EMR
adoption evidence in the Kenyan context is therefore not merely a literature gap — it is
a policy and practice gap with direct implications for the quality and continuity of oral

healthcare delivery in urban Kenya
1.1.2 Factors influencing adoption of EMR

The adoption of Electronic Medical Records (EMRs) in healthcare settings is a
complex, multidimensional process shaped by a variety of interrelated factors — and
in the context of private dental clinics, these factors take on particular significance
given the sector's operational characteristics, resource constraints, and limited
integration into national digital health frameworks. Theoretical frameworks such as the
Technology Acceptance Model (TAM), the Diffusion of Innovations (DOI) theory, and
the Clinical Adoption Framework (CAF) provide structured perspectives for
understanding this process. TAM highlights the importance of perceived usefulness and
ease of use in influencing user acceptance (Davis, 1989), while DOI explains how
innovation characteristics, adopter traits, and communication channels affect the spread
of new technologies (Rogers, 2003). CAF integrates these perspectives by categorizing
adoption determinants across micro (individual), meso (organizational), and macro

(system/policy) levels, which serves as the guiding lens for this study.

Technological factors are central to EMR adoption. The usability, interface design, and
functionality of the system directly influence whether healthcare providers perceive
EMRs as helpful or burdensome. High information quality is associated with greater
satisfaction and usage (Tilahun & Fritz, 2015), while systems that deliver clinical and
operational benefits are more likely to be embraced (Chen & Hsiao, 2021). On the other
hand, poorly designed systems that lack critical features or are difficult to navigate can

lead to frustration and resistance among users (Ngugi et al., 2021). Additionally, the



availability of reliable technical support including troubleshooting and regular updates

is essential to ensure sustained adoption (Castillo et al., 2010; Thit et al., 2020).

Organizational factors also significantly influence the adoption process. Leadership
commitment, management support, and resource availability create an environment
conducive to digital transformation. When clinic leadership actively champions EMR
implementation, it sends a strong message of institutional support (Akwaowo et al.,
2022). Involving healthcare providers in decision-making and system customization
fosters a sense of ownership, which has been shown to improve acceptance (Kruse et
al., 2016). Furthermore, comprehensive training programs can help build users’ digital
competence, thereby reducing anxiety and resistance (Kuo et al., 2013). Experienced
users often become internal advocates for EMRs, due to perceived improvements in

patient care and safety (O’Donnell et al., 2018).

System-related factors are central to the adoption of EMRs. Characteristics such as
system usability, ease of use, information quality, reliability, and perceived usefulness
influence healthcare providers' acceptance and routine use of EMR systems (Davis,
1989; Chen & Hsiao, 2021). Systems that are intuitive, reliable, and capable of
supporting clinical decision-making are more likely to be integrated into daily clinical
workflows, whereas poorly designed systems may discourage routine use and reduce
adoption (Ngugi et al., 2021).

The policy and environmental context further shapes adoption outcomes. National
health ICT strategies, regulatory frameworks, and funding mechanisms either support
or hinder adoption efforts. In high-income countries, initiatives like the U.S. HITECH
Act have used financial incentives to accelerate EMR uptake across healthcare systems
(Kruse et al., 2016; Trudel et al., 2017). In contrast, private providers in low- and
middle-income countries often cite the lack of subsidies, unclear legal frameworks, and
concerns about data security and compliance as major barriers to adoption (Singh et al.,
2020; Vijayanthi & Vidhukumar, 2020). Strong policy environments that promote
interoperability, standardization, and data protection can serve as powerful enablers of
EMR adoption.

While some research explores the link between user satisfaction and continued EMR

use, this study is concerned primarily with factors influencing adoption. Satisfaction



may contribute to early acceptance if systems align well with existing workflows and
support clinical efficiency (Chen & Hsiao, 2021; Dubale et al., 2023). Conversely, rigid
systems that disrupt established routines are more likely to provoke resistance (Agleh
et al., 2019; Singh et al., 2020). Successful implementation strategies must therefore
consider how EMRs integrate with current practices and include feedback loops from

frontline users.

This study focuses specifically on system-related, organizational, and
policy/environmental factors influencing EMR adoption in private dental clinics. These
three domains provide a comprehensive framework for examining technological,
organizational, and contextual determinants of EMR adoption within the private dental
sector. System-related factors in this study refer to users’ perceptions of EMR usability,
reliability, information quality, and perceived usefulness in supporting routine clinical
and administrative functions. These factors influence the extent to which healthcare
providers are able and willing to integrate EMR systems into routine clinical practice
(Njoroge, 2014). Organizational factors involve internal clinic dynamics such as
leadership support, workflow integration, and training systems (Masana & Muriithi,
2023). Policy and environmental factors refer to government regulations, national
digital infrastructure, financial incentives, and broader system-level enablers or
constraints (Chepkwony, 2015). Other variables such as technical readiness or patient
engagement may influence adoption but are considered as sub-themes within these

broader categories to maintain analytical clarity.

To guide the investigation of these multi-level factors, this study draws on three
complementary theoretical frameworks. The Technology Acceptance Model (TAM)
(Davis, 1989) provides a lens for understanding individual-level perceptions of EMR
usability and usefulness. The Diffusion of Innovations (DOI) Theory (Rogers, 2003)
explains how innovation characteristics and organizational dynamics shape the spread
and adoption of new technologies. The Clinical Adoption Framework (CAF) extends
these perspectives by categorizing adoption determinants across micro (individual),
meso (organizational), and macro (policy/environmental) levels, making it particularly
suited to the multi-level nature of this study. These frameworks are elaborated in
Chapter Two and operationalized through the study's conceptual framework. Anchoring

the analysis within these three dimensions, this study will adopt a structured lens that



captures the multifactorial nature of EMR adoption in private healthcare settings while

remaining focused on the most influential and policy-relevant determinants.
1.1.3 Private Dental Clinics in Nairobi and Mombasa counties

Kenya’s healthcare system operates under a mixed public-private model, with both
sectors playing vital roles in delivering health services. The public sector is
administered by the Ministry of Health (MoH) and devolved county governments and
IS structured into six tiers of service delivery: community health units, dispensaries,
health centers, sub-county hospitals, county referral hospitals, and national referral
hospitals (Kimathi, 2017). These levels provide a continuum of care, where lower tiers
offer preventive and primary services and higher tiers provide specialized and referral
services. Despite its broad reach, the public system faces persistent challenges including
underfunding, staffing shortages, and supply chain inefficiencies, all of which

undermine quality and access to care (Oyoo & Wagah, 2024).

To fill these gaps, the private health sector plays a complementary role, particularly in
urban areas where demand for quality and efficient healthcare is high. This sector is
diverse and fragmented, comprising large corporate hospital chains, faith-based
organizations, non-governmental organizations (NGOs), private insurance-funded
outpatient networks, and numerous independently owned clinics. These providers differ
by ownership model (individual, corporate, faith-based), level of care (primary,
secondary, tertiary), and specialization (e.g., dental, dermatology, imaging,
ophthalmology). The diversity of the private sector enables differentiated service
delivery, often catering to middle- and high-income populations seeking more

personalized or faster care options (Owino, 2021).

Within this landscape, private dental clinics occupy a crucial niche by addressing
Kenya’s growing oral health burden—an area historically under-resourced in the public
health system (Barnes et al., 2010). Oral health is now recognized as a key component
of overall well-being, yet dental diseases remain among the most common non-
communicable conditions globally (Hapsari & Mamun, 2024). According to the World
Health Organization (WHO, 2022), nearly 50% of the global population suffers from
oral diseases. In Kenya, oral health problems account for a significant share of



outpatient visits in urban centers, where demand for both preventive and specialized

dental care is on the rise.

Dental services in Kenya are predominantly urban-centered, with Nairobi and
Mombasa serving as major hubs for private dental care. These cities host a significant
share of the country’s dental professionals and infrastructure, owing to high population
density, stronger economic activity, and better-developed health systems. A geospatial
analysis by Okumu et al. (2022) found that 43% of Kenya’s dental workforce is based
in Nairobi, where the dentist-to-population ratio stands at 1:9,018—substantially better
than rural counties like Wajir, which lack registered dental facilities entirely. Moreover,
only 11% of Kenya’s population resides within 2.5 km of a dental clinic, while 58%
live over 20 km away, highlighting major geographical disparities in oral healthcare

access.

Nairobi and Mombasa offer distinct but complementary healthcare landscapes. Nairobi,
the capital city, is a leading hub for health technology, medical innovation, and private
investment—making it an ideal context for examining EMR adoption trends
(Chepkwony, 2015). Mombasa, Kenya’s second-largest city and coastal commercial
center, features a culturally diverse population and a healthcare system shaped by
tourism, trade, and multicultural dynamics (Waronja & Mogote, 2024). Private dental
clinics in both counties serve a cross-section of high-, middle-, and low-income groups

and range from solo-owned practices to multi-specialty facilities.

According to the Kenya Medical Practitioners and Dentists Council (KMPDC, 2023),
Nairobi is home to 230 private dental clinics, while Mombasa hosts 25. These facilities
differ in size, scope of services, and digital maturity, making them ideal for assessing
variations in EMR adoption. Together, these 255 registered private dental clinics
formed the study population from which the study sample was derived. Owing to the
relatively small number of clinics in Mombasa County, all eligible clinics were
included, while sampling was undertaken in Nairobi County as described in Chapter
Three.

Private dental clinics in urban areas face growing challenges such as overcrowding,
resource constraints, and increasing demand for personalized and accurate patient data

management. These operational pressures create a compelling rationale for adopting

10



Electronic Medical Record (EMR) systems, which can streamline workflows, enhance
record accuracy, and support continuity of care (Chepkwony, 2015). Furthermore,
Nairobi’s status as a digitization hub and Mombasa’s socio-cultural diversity make the

two cities ideal for comparative analysis of EMR adoption drivers and constraints.

Regulation of the private dental sector is managed through a multi-agency framework
aimed at safeguarding patient safety and professional standards. The Kenya Medical
Practitioners and Dentists Council (KMPDC) oversees facility licensing and clinical
governance. The Kenya Dental Association (KDA) focuses on advocacy, ethics, and
continuing professional development. Clinics are also subject to National Health
Insurance Fund (NHIF) accreditation standards, Kenya Revenue Authority (KRA) tax
compliance, and data governance regulations under the Data Protection Act (2019). The
adoption of EMR systems introduces new regulatory responsibilities, particularly
regarding the ethical and secure management of personal health information and data

protection.

Beyond clinical service provision, private dental clinics contribute meaningfully to
Kenya’s socio-economic development. They generate employment opportunities for
dentists, dental technologists, administrative staff, and support workers. Many clinics
operate on a fee-for-service or private insurance model, contributing to domestic
revenue streams. Some high-end facilities in Nairobi and Mombasa also serve
international patients, boosting Kenya’s profile in medical tourism (Kenya Tourism
Board, 2022). Additionally, clinics often engage in corporate social responsibility
(CSR) efforts such as free dental camps, school outreach programs, and oral health

awareness drives in underserved communities.

The decision to focus this study on Nairobi and Mombasa is guided by both strategic
and practical factors. These cities not only host the highest concentration of private
dental clinics in Kenya but also reflect diverse urban healthcare realities. Nairobi
presents a more digitized and investment-ready environment, while Mombasa offers
insight into EMR adoption in settings marked by cultural complexity and varied access
levels. Studying both allows for a nuanced understanding of how contextual factors
including infrastructure, regulation, provider characteristics, and patient demographics

influence the adoption of EMRs in the private dental sector.
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1.2 Problem Statement

The adoption of Electronic Medical Records (EMRS) has been recognized as a
transformative solution to delivering effective and equitable healthcare services (Gatiti
et al., 2021). EMRs have proven benefits such as improved patient safety, enhanced
workflow efficiency, and timely access to patient data (Jawhari et al., 2016). Critically,
the converse is equally well-evidenced: the absence or non-use of EMR systems is
directly associated with fragmented, incoherent patient care, increased medical errors,
and compromised patient safety (Price, 2017; Larsen et al., 2018). Reliance on paper-
based records has been shown to hinder coherent clinical decision-making by creating
information silos that prevent clinicians from accessing a patient's complete medical
history across visits and providers (Price, 2017). Studies have further demonstrated that
paper-based prescribing carries significantly higher medication error rates — as high
as 35.7% — compared to just 2.5% for electronic prescriptions, representing a direct
and quantifiable patient safety risk (Memon et al., 2024). Additionally, analysis of
patient safety events during periods of EHR unavailability confirms that the absence of
electronic records directly compromises care processes and patient safety outcomes
(Larsen et al., 2018; Meeks et al., 2014).

Despite these well-documented risks of non-adoption, the global uptake of EMRs
remains uneven (Shelke & Bagade, 2022). While developed countries have made
significant strides, developing countries encounter barriers such as resistance to change,
prohibitive implementation costs, inadequate infrastructure, and insufficient technical
support (Progress on Implementing and Using Electronic Health Record Systems,
2023; Danso et al., 2024).

In sub-Saharan Africa, the situation mirrors global trends, with low EMR adoption rates
exacerbated by financial and operational limitations in resource-limited settings
(Kuffour, 2022). Most health facilities still rely on paper records, with only a few using

recording software since 2011 (Gueye et al., 2021).

Evidence from the African context further illustrates the consequences: in Uganda,
implementing EHRs during medical service trips increased patients served per
physician per hour by 45% and prescriptions dispensed per hour by 38%, revealing that

paper-based systems directly reduced care efficiency and delayed patient treatment
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(Maarsingh et al., 2022). In Ethiopia, incomplete EMR integration in an antiretroviral
therapy clinic led to dual documentation burdens, data quality failures, and disruptions
to continuity of care — a scenario that mirrors the mixed paper-electronic environment

prevalent in many private dental clinics in Kenya (Abiy et al., 2018).

In Kenya, government initiatives have supported the adoption of EMRs in public
healthcare facilities, leading to notable progress in digitizing patient records (Ngwashi
et al., 2023; Kang’a et al., 2016). However, private healthcare providers compared to
their public counterparts, face additional constraints such as regulatory fees, equipment
shortages, and low staffing levels (Montagu et al., 2022; Khondowe & Mpundu, 2024).
Despite the growing demand for dental services and the critical role of oral health in
overall well-being (Okumu et al., 2019), research on EMR adoption in private dental
clinics remains limited. Such clinics, which are critical in providing specialized care,
remain heavily reliant on manual, paper-based systems that are inefficient, prone to
errors, and delay access to accurate patient records, thereby undermining workflow
efficiency and quality of care (Ho et al., 2024). Local studies have primarily focused
on public healthcare institutions, offering limited insight into the specific needs and

constraints of private clinics in urban areas like Nairobi and Mombasa.

Existing research has primarily examined isolated technological, organizational, or
policy determinants of EMR adoption, with limited studies simultaneously examining
system-related, organizational, and policy/environmental factors within private dental
clinics (Wolverton & Lanier, 2019; Danso et al., 2024)

Given that dental clinics serve a significant portion of Kenya's urban oral health needs,
the persistence of paper-based record-keeping in this sector is not merely a
technological gap — it represents an ongoing patient safety and care quality risk.
Without targeted evidence on the specific factors hindering EMR adoption in private
dental clinics, policymakers and clinic managers lack the actionable insights needed to

address this gap and protect patient care outcomes in this growing sector.

According to the Kenya Medical Practitioners and Dentists Council (KMPDC, 2024),
there are over 255 licensed private dental clinics in Nairobi and Mombasa Counties
alone. These two counties represent Kenya's two largest urban centres and together

account for the highest concentration of private health facilities in the country, with
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national data confirming that private facility distribution is skewed toward urban
counties (Moturi et al., 2022). However, beyond their shared urban status, Nairobi and
Mombasa present meaningfully distinct digital health contexts that make their
comparison analytically valuable. Nairobi, as the capital city and economic hub, has
been the focal point of Kenya's eHealth investment, hosting the largest share of digital
health projects and demonstrating comparatively advanced private-sector adoption of
health information systems (Njoroge et al., 2017; Muema, 2014). Mombasa, while
equally urban, has a different digital health trajectory — EMR implementation studies
in the county have focused primarily on public comprehensive care clinics, with limited
evidence on private specialist facilities, and cost and infrastructure barriers have been
more prominently documented (Waronja & Mogote, 2024). These contextual
differences mean that factors influencing EMR adoption are unlikely to be uniform
across the two counties, and that findings from one county cannot be assumed to
represent the other. Examining both counties together therefore enables a more nuanced
and nationally relevant understanding of EMR adoption barriers and facilitators within
Kenya's private dental sector, and provides an evidence base that can inform county-

specific digital health strategies rather than a one-size-fits-all policy response.

This study therefore aimed to address these gaps by identifying factors influencing
EMR adoption in private dental clinics in Nairobi and Mombasa Counties. Drawing on
system-related, organizational, and policy/environmental factors, this study provides a

multidimensional analysis of EMR adoption within private dental clinics.

1.3 Research Objectives
1.3.1 Broad objective
To evaluate factors influencing the adoption of Electronic Medical Records (EMRS) in

private dental clinics in Nairobi & Mombasa Counties.

1.3.2 Specific objectives
1. Toanalyze how clinic size, location, and Healthcare worker sociodemographics
influence EMR adoption in Nairobi and Mombasa private dental clinics.
2. To identify system- related, organizational, and policy/environmental factors

affecting EMR adoption in the target clinics.
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3. To compare EMR adoption and implementation experiences between Nairobi
and Mombasa private dental clinics.

1.4 Research Questions

1. How do clinic size, location, and healthcare worker sociodemographic
characteristics influence the adoption of Electronic Medical Records (EMRs) in
private dental clinics in Nairobi and Mombasa?

2. What system-related, organizational, and policy/environmental factors affect

the adoption of EMRs in private dental clinics in Nairobi and Mombasa?

3. How does EMR adoption and implementation differ between private dental
clinics in Nairobi and those in Mombasa?

1.5 Scope of the Study
This study was delimited by four key dimensions; conceptual, contextual,
methodological, and temporal scope. Conceptually, the study focused on the adoption
of Electronic Medical Records (EMRSs) in private dental clinics. Specifically, it
examined three core categories of factors influencing adoption: individual and system-
related factors (e.g., system usability, ease of use, reliability, information quality, and
perceived usefulness), organizational-level factors (e.g., leadership support, resource
availability, workflow integration, and staff training), and policy/environmental-level
factors (e.g., regulatory frameworks, digital infrastructure, financial incentives, and
data protection requirements). EMR adoption is operationalized as both the availability
of an EMR system and its active use in routine clinical and administrative functions

such as registration, documentation, billing, and reporting.

Contextually, the study was confined to private dental clinics located in Nairobi and
Mombasa Counties. The exclusion of public dental units is justified by the
fundamentally different operational, financial, and regulatory environments governing
public health institutions in Kenya — including government-mandated EMR systems,
centralized IT support, and different funding mechanisms — which would introduce
confounding variables beyond the scope of this study. Rural settings were excluded due
to significant disparities in ICT infrastructure, clinic density, and resource availability
that would require a distinct analytical framework and separate study design. These

exclusions are acknowledged as limiting the generalizability of findings to urban
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private dental clinics specifically, and future research is recommended to extend this

investigation to public facilities and rural settings.

Methodologically, the study employed a Methodologically, the study employed an
analytical cross-sectional quantitative design. A sample of private dental clinics was
drawn from the 255 registered clinics in Nairobi and Mombasa Counties. The two
counties constituted the primary strata. Due to the relatively small number of clinics in
Mombasa County, all eligible clinics were included through a census approach, while
clinics in Nairobi County were selected using a sampling approach described in Chapter
Three. Descriptive and inferential statistical analyses were conducted to examine
factors associated with EMR adoption.

As for the time scope, the study covered data collected within the year 2026, reflecting
the state of EMR adoption and associated influencing factors during this period. The
research also reviewed relevant policy and technological developments up to 2024 to

contextualize current practices and inform future projections.

1.6 Significance of the Study

This study is expected to generate valuable insights for policymakers, industry
stakeholders, and academic scholars, particularly in the domains of digital health and

health systems strengthening.

From a policy perspective, the findings will inform national and county-level health
authorities, including the Ministry of Health and regulatory bodies such as the Kenya
Medical Practitioners and Dentists Council (KMPDC). By identifying the key barriers
and enablers of Electronic Medical Records (EMR) adoption in the private sector, the
research can support the formulation of inclusive digital health policies. The evidence
gathered may also guide the creation of targeted incentives and regulatory reforms
designed to accelerate EMR uptake among private urban clinics, particularly within the
oral health sector, which has historically been underprioritized in national health

planning.

For the healthcare industry, the study offers practical value to private dental
practitioners, medical associations such as the Kenya Dental Association (KDA), and

health information technology vendors. Through examining the organizational and
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infrastructural determinants of EMR adoption, the findings can support better strategic
choices for allocating resources, designing systems, training, and implementation
strategies. These insights are likely to enhance digital transformation efforts and
improve the efficiency, accuracy, and quality of care within private dental settings.

Academically, the study contributes to the growing body of literature on EMR adoption
in low- and middle-income countries (LMICs), particularly in specialized but under-
researched areas such as private dental care. It addresses existing conceptual and
methodological gaps by adopting a multi-level framework that integrates individual,
organizational, and policy or environmental factors. The study's approach and findings
may serve as a valuable foundation for future research, including comparative or
longitudinal studies focusing on health information systems in resource-constrained

settings.

1.7 Chapter Summary

This chapter introduced the study by providing the background, problem statement,
research objectives and questions, justification, and scope. It highlights the growing
relevance of EMR systems in healthcare, the uneven progress in their adoption across
public and private sectors, and the limited research focused on private dental clinics in
Kenya. The chapter established the need for examining clinic characteristics together
with system-related, organizational, and policy/environmental factors associated with
EMR adoption among private dental clinics in Nairobi and Mombasa Counties.
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CHAPTER TWO
LITERATURE REVIEW

2.1 Introduction

This chapter provides a comprehensive review of the existing literature relevant to the
study’s focus on understanding the factors influencing the adoption of EMRs in private
dental clinics within Nairobi and Mombasa counties, Kenya. It establishes the
conceptual and empirical foundation for the research by examining key theories of
technology adoption, relevant global and regional studies, and the specific dynamics of

EMR integration in private healthcare settings.

Drawing on both the Diffusion of Innovations Theory (DOI) and the Technology
Acceptance Model (TAM), the chapter presents a theoretically grounded analysis of
how EMR systems are perceived, adopted, and utilized in dental care environments. It
also explores empirical evidence from high-income and low- and middle-income
countries (LMICs), identifying both generalizable trends and context-specific insights.
Special attention is given to the Kenyan private health sector, which, despite its
significant role in service delivery, remains underrepresented in digital health research.
Key gaps in the current literature are highlighted that underscore the relevance of the
current study and help justify its methodological approach, which seeks to generate

insights that are both locally grounded and theoretically informed.

2.2 Theoretical Review

The adoption of Electronic Medical Records (EMRs) in private dental clinics is
influenced by various theoretical perspectives that explain technology acceptance and
diffusion. To this end, this study draws on two complementary theories: the Diffusion
of Innovations Theory (DOI) and the Technology Acceptance Model (TAM). While
DOl offers a broad explanation of how innovations like EMRs are adopted across social
systems, TAM provides insight into the psychological and perceptual dimensions of
technology use. Using both frameworks provides a more comprehensive lens through

which to analyze EMR adoption in the distinct context of Kenya’s private dental sector.
2.2.1 Diffusion of Innovations Theory

The Diffusion of Innovations Theory (DOI), first developed by Everett Rogers in 1962

and later refined (Rogers, 2003), posits that the adoption of a new technology is
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influenced by five core attributes: relative advantage, compatibility, complexity,
trialability, and observability. These factors affect the speed and likelihood of adoption
by individuals or organizations. DOI is especially relevant in healthcare settings where
new technologies like EMRs must be integrated into complex clinical workflows and

institutional cultures.

In the context of private dental clinics in urban Kenya, DOI helps to conceptualize how
adoption decisions are made and diffused through professional networks. For instance,
relative advantage is evident in the perceived benefits of EMRs, such as improved
record-keeping, enhanced clinical decision-making, and better administrative
coordination (Ngugi et al., 2021). Compatibility plays a role in how well EMRs align
with existing practices, especially in clinics already using digital tools for billing or
appointments (Kariuki & Richard, 2024). However, complexity remains a barrier,
particularly when systems are perceived as difficult to use or require substantial

technical training (Owolabi et al., 2020).

Despite its strengths, DOI is often critiqued for its limited attention to individual
psychological factors and its assumption that all adopters are rational actors influenced
solely by innovation characteristics. The theory tends to underplay how crucial it is for
users to perceive a technology as useful and easy to use, as these are often central to
user engagement in technology adoption. This limitation is particularly salient in
clinical contexts, where personal experiences, attitudes, and resistance to change can

heavily influence adoption outcomes.
2.2.2 Technology Acceptance Model

To address the limitations of DOI, this study incorporates the Technology Acceptance
Model (TAM), introduced by Davis (1989). TAM focuses on two principal factors:
perceived usefulness (PU) and perceived ease of use (PEOU). These factors aim to
predict an individual's intention to use a technology based on their cognitive
evaluations. TAM has been widely applied in health informatics studies to understand
the psychological drivers behind EMR adoption, especially among clinicians.

In private dental clinics, TAM provides a valuable perspective on how individual
dentists and their staff perceive EMR systems. For example, even when systems offer
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clear functional advantages (as described in DOI), they may be rejected if users
perceive them as difficult to use or irrelevant to their daily tasks. This is particularly
relevant in resource-constrained clinics, where staff are often overburdened and less
inclined to adopt technologies that increase workload without clear personal benefit
(Dwivedi et al., 2019).

However, TAM also has notable limitations. It underestimates the impact of
organizational and social influences, which are crucial in healthcare settings where
adoption is often shaped by institutional policies, leadership, and peer norms (Owolabi
et al., 2020). Furthermore, TAM does not fully account for external factors such as
financial incentives, legal mandates, or infrastructural readiness, all of which are highly
relevant in the Kenyan context (Ngugi et al., 2021). This makes TAM insufficient as a
standalone framework for understanding EMR adoption at the organizational level.

2.2.3 Integration of DOI and TAM Theories

Given the complementary limitations of DOI and TAM, this study adopts a dual-theory
approach that uses each framework to compensate for the other's documented
weaknesses. This integration is not merely additive , it is structured so that each model's
explanatory gap is directly addressed by the other's strength.

DOI's primary limitation is its insufficient attention to individual psychological factors.
It assumes that adoption decisions are driven primarily by innovation characteristics
(relative advantage, compatibility, complexity, trialability, observability) without
accounting for how individual perceptions, attitudes, and cognitive evaluations shape
those decisions. TAM complements DOI by explaining how users' perceptions of
system usefulness, ease of use, and functionality influence acceptance and utilization
of EMR systems. (Davis, 1989).

Conversely, TAM's primary limitation is its underestimation of organizational, social,
and environmental influences. TAM treats adoption as an individual decision but does
not account for how institutional policies, leadership support, workflow constraints,
financial incentives, or regulatory environments shape whether individuals ever
encounter, evaluate, or have the opportunity to adopt a technology. DOI's innovation-
diffusion perspective directly addresses this gap by explaining how adoption spreads
through social systems and is shaped by organizational and environmental context
(Rogers, 2003).
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This mutual compensation has empirical precedent. Wiedenbeck et al. (2008) integrated
DOI and TAM into a unified EHR Acceptance Model and demonstrated that the
combined framework explained over 73% of variance in EHR acceptance attitudes —
substantially more than either model alone. Abdekhoda (2025), in a hybrid TAM and
DOI study among 330 physicians, found that DOI constructs (relative advantage,
compatibility, trainability) and TAM constructs (perceived usefulness, perceived ease
of use) each independently contributed to adoption attitudes, confirming that both sets
of predictors are necessary for a complete explanation. Ouheda et al. (2024) further
demonstrated that integrating TAM with DOI and organizational frameworks revealed
temporal and organizational dynamics invisible to single-model approaches.

In the context of private dental clinics in Nairobi and Mombasa, this integration is
especially appropriate. The variation in clinic size, staffing, infrastructure, and
professional culture means that some clinics may face primarily organizational barriers
(addressed by DOI) while others face primarily perceptual barriers (addressed by
TAM). By integrating both frameworks, the study is positioned to provide a more
comprehensive understanding of EMR adoption and identify the relative contribution

of system-related, organizational, and policy/environmental factors.

2.2.4 Critical Synthesis: Contradictions and Debates in EMR Adoption Research
While DOl and TAM provide complementary theoretical lenses, the empirical literature
applying these frameworks reveals persistent contradictions that caution against
treating either model as universally predictive. A critical reading of this evidence is
essential for understanding why a multi-dimensional, context-sensitive approach is
warranted for the current study.

One of the most debated questions concerns the relative predictive power of perceived
usefulness (PU) versus perceived ease of use (PEOU). Several studies in high-income
settings report PU as the dominant predictor of adoption intention (Moeinedin, 2011),
while others find that PEOU independently drives behavioral intention when usability
barriers are high (Listiowati et al., 2025). Critically, Moukoumbi Lipenguet et al.
(2022), studying health professionals in Gabon, found that perceived ease of use and
computer familiarity were not significantly associated with intention to use EMRs,
despite being central TAM constructs — suggesting that in African contexts, social

norms and perceived usefulness may outweigh ease of use as drivers of adoption.
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A second area of disagreement concerns whether individual or organizational factors
are the primary drivers of adoption. TAM privileges individual cognition, yet
Wiedenbeck et al. (2008), in an integrated DOI-TAM study, found that sociotechnical
and organizational factors — including management support, physician involvement,
and workflow concerns — accounted for more variance in EHR acceptance than
individual characteristics alone. This finding directly challenges the individual-centric
assumptions embedded in standard TAM applications.

The inconsistencies within the existing literature indicate that EMR adoption cannot be
adequately explained by a single theoretical perspective. Consequently, the present
study therefore integrates DOl and TAM as complementary explanatory theories, while
the Clinical Adoption Framework provides an organizing structure for classifying
determinants into system-related, organizational, and policy/environmental domains, to
examine the relative contribution of the factors influencing EMR adoption among

private dental clinics in Nairobi and Mombasa Counties.

2.3 Empirical Review

This empirical review synthesizes findings from global, regional, and local studies to
identify the key factors that influence EMR adoption, with a specific focus on the
applicability of these insights to private dental clinics in urban Kenya. The section is
structured thematically around three key areas. First, it explores how clinic-level
characteristics such as size, ownership, location, specialty, and ICT infrastructure
influence the likelihood and quality of EMR implementation. Second, it examines the
influence of individual, organizational, and environmental factors, including staff
attitudes, leadership engagement, policy context, and resource availability. Finally, the
review turns to inter-county comparisons, focusing on Nairobi and Mombasa to explore
how regional disparities in infrastructure, regulation, and market dynamics affect EMR

adoption.

Each subsection provides an overview of relevant empirical studies, highlighting the
methodologies employed, populations studied, and major findings. Particular attention
is paid to the contextual relevance of these studies to the Kenyan setting and the dental
health sector specifically. The review concludes with a critical synthesis of the literature
gaps, pointing to the need for localized, sector-specific, and theory-informed research

that can guide digital health strategy in Kenya’s private dental clinics. Through this
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structure, the section aims to build a robust foundation for the current study by situating
it within existing scholarship and identifying areas where new empirical evidence is

most needed.

2.3.1 Clinic Characteristics and EMR Adoption

Clinic characteristics refer to the structural and operational attributes that define a
healthcare facility’s configuration, including its size, location, type of ownership,
availability of specialty services, information and communication technology (ICT)
infrastructure, and staffing profile (Chauhan et al., 2018; Tsagaankhuu et al., 2021,
Majid et al., 2023). These factors are widely recognized as influential determinants in
the adoption of electronic medical records (EMRs), as they shape a clinic’s resource
capacity, technological readiness, and ability to implement innovations. Larger clinics,
for instance, often possess more robust financial and human resources, making it easier
to invest in EMR systems, while clinics situated in urban areas may benefit from better
ICT infrastructure and closer proximity to technical support services (Chauhan et al.,
2018; Tsagaankhuu et al., 2021). Likewise, clinics that provide specialized services,
such as dental care, may have unique record-keeping requirements that necessitate
tailored digital systems (Majid et al., 2023).

Several empirical studies conducted in high-income countries have explored the
relationship between clinic characteristics and EMR adoption. Kawaguchi (2019), in a
longitudinal observational study in Japan, analyzed EMR use trends between 2011 and
2014. The study found that larger clinics with higher patient volumes were significantly
more likely to adopt EMRs, attributing this to economies of scale that allow such clinics
to absorb the high implementation costs. While the study provides valuable evidence
linking clinic size and adoption, it is situated in a high-income context with strong ICT
infrastructure and government incentives—factors not consistently present in
developing countries. Furthermore, it does not address how adoption varies by medical

specialty, thereby limiting its relevance to specific sectors such as dentistry.

Boonstra and Broekhuis (2010) conducted a systematic review of physician practices
in North America and Europe, identifying clinic size, financial capacity, and practice
type as key predictors of EMR adoption. Their analysis revealed that smaller,

independently owned clinics experienced greater challenges due to capital constraints
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and limited administrative resources. However, the study is largely descriptive and
lacks empirical differentiation across clinical specialties. Moreover, the review
primarily synthesizes data from large healthcare systems, which may not reflect the
conditions under which small, private dental clinics operate in low-resource settings

like Kenya.

In low- and middle-income countries (LMICs), comparable patterns have emerged. Thu
et al. (2017), in a cross-sectional study of 245 dental professionals in Myanmar, found
that small and poorly resourced clinics were significantly less likely to adopt EMRSs,
citing cost, inadequate ICT infrastructure, and insufficient training as major barriers.
This study is notable for its focus on the dental sector, which is often underrepresented
in EMR literature. However, its single-country focus and narrow scope on urban centers
limit its generalizability to other LMIC contexts. Furthermore, the study does not

explore inter-regional comparisons or policy-level influences that may affect adoption.

Within Sub-Saharan Africa, Owolabi et al. (2020) examined EMR adoption using the
Unified Theory of Acceptance and Use of Technology (UTAUT) in South African
clinics. The study found that urban-based facilities had higher adoption rates due to
stronger infrastructure, digital training programs, and alignment with national eHealth
initiatives. While insightful, the study focused on general outpatient clinics and did not
account for specialty-specific needs or challenges. Its generalizability to dental clinics,
which often operate independently and under different regulatory frameworks, remains

unclear.

In the Kenyan context, Chepkwony (2015) studied EMR implementation in public
health institutions in Nairobi. The study identified leadership commitment, staff
training, and infrastructure availability as key enablers. However, it lacked attention to
clinic size, location variation, or private sector dynamics. Its exclusive focus on the
public sector omits the unique operational models of private dental clinics, where

decision-making is often individualized and resources are limited.

Similarly, Njoroge (2014) investigated small private clinics in Ruiru Sub-County and
found that limited ICT infrastructure and financial barriers were major hindrances to
EMR use. While this study aligns more closely with the current research context, it does

not differentiate between types of clinical services offered and therefore overlooks the
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unique demands of dental care provision. Additionally, it focuses on a peri-urban

setting and does not offer comparative insights across counties or urban centers.

From this review, it becomes evident that although clinic characteristics significantly
influence EMR adoption, existing studies often focus on general healthcare facilities
and are limited in geographic or specialty scope. There is a noticeable lack of research
that specifically examines how factors such as clinic size, urban location, and dental-
specific operational structures affect EMR uptake in the private sector. This gap is
particularly apparent in Kenya, where private dental clinics form a growing segment of
urban healthcare provision. The present study addresses this shortfall by exploring these
variables within the context of Nairobi and Mombasa counties—two distinct yet

representative urban settings.

2.3.2 System-related, Organizational, and Environmental Factors Influencing
EMR Adoption

The adoption of Electronic Medical Records (EMRs) in healthcare settings is often
shaped by a complex interplay of individual, organizational, and policy or
environmental factors. System related factors include the include the usability,
information quality and ease of use, all of which can influence acceptance of new
technologies (Gagnon et al., 2014). Organizational factors encompass leadership
support, resource availability, staff training, and internal communication processes,
which determine whether institutions are structurally and culturally prepared to adopt
EMRs (Boonstra & Versluis, 2014). At the environmental or policy level, government
incentives, legal frameworks, and alignment with national eHealth strategies can create

enabling or constraining conditions for adoption (Ajami & Bagheri-Tadi, 2013).

In high-income countries, extensive empirical research has emphasized the role of these
factors. Gagnon et al. (2014) conducted a large-scale cross-sectional study in Canada
to evaluate determinants of EMR acceptance among physicians using an integrated
theoretical model. The study found that physicians’ perception of ease of use and
usefulness, along with previous exposure to technology, significantly influenced
behavioral intention. Although methodologically rigorous, the study was conducted in
a context of high digital literacy, strong technical support, and structured health

systems—conditions that differ from resource-constrained settings like Kenya.
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Additionally, the study did not disaggregate findings by type of clinic or specialization,
thereby overlooking variations in adoption across different healthcare sectors such as

dentistry.

In the United Kingdom, Cresswell and Sheikh (2013) conducted an interpretative
review exploring organizational-level issues in EMR implementation. The study
identified poor workflow integration, inadequate change management, and resistance
from clinical staff as major barriers. The findings reinforce the importance of
organizational readiness, yet the study was limited by its secondary nature and absence
of primary data from outpatient or private clinic settings. Furthermore, the research
focused largely on public sector reforms, failing to address the specific challenges of
independently operated private clinics, where adoption decisions are decentralized and

resource constraints may be more pronounced.

In Sub-Saharan Africa, Adu et al. (2018) examined EMR readiness in private health
facilities in Ghana. The study found that digital literacy, professional training, and
openness to innovation significantly predicted adoption intention among clinicians.
While this study is useful for drawing parallels with private health settings in Kenya, it
focused predominantly on general health facilities and did not explore specialty
contexts such as dental clinics. Additionally, it lacked comparative regional analysis
that might uncover variations in policy enforcement or infrastructural support between

cities or counties.

Mahomed et al. (2019) investigated EMR challenges in South Africa’s primary
healthcare system. Their findings emphasized that national eHealth strategies, while
ambitious, were insufficient to guarantee adoption at the clinic level without
accompanying investments in staff training, change management, and IT infrastructure.
Although the study addressed both policy and organizational variables, it was
conducted in the public sector and relied heavily on qualitative reports from policy
actors, with minimal input from clinicians directly involved in EMR use. This limits
the generalizability of findings to the small-scale private dental clinics in Kenya where

providers also serve as system implementers.

In Kenya, Omollo and Were (2020) explored EMR adoption barriers among private

healthcare providers in Nairobi. Their study revealed that inadequate training, limited
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IT support, and clinician resistance were major barriers at the individual and
organizational levels. While this study provides important insight into private practice
dynamics, it did not distinguish between different medical specialties or examine inter-
county differences. Moreover, it relied solely on qualitative interviews, which, although
rich in detail, may lack the generalizability and statistical robustness needed for broad

application across urban centers like Nairobi and Mombasa.

Kimani et al. (2022) studied organizational enablers of EMR adoption in Nairobi
private clinics. They found that strong leadership, internal IT support, and institutional
culture that promotes innovation were key drivers of EMR implementation. However,
the study was limited to general outpatient facilities and did not explore whether these
same enablers apply in specialized or dental settings. Additionally, no comparative
analysis was done across urban locations, which could have provided valuable insight

into regional variations in organizational capacity.

From this review, it is evident that individual, organizational, and policy factors
significantly influence EMR adoption. However, a substantial gap exists in the
literature with regard to specialty-specific analyses, especially within the private dental
sector. Furthermore, most Kenyan studies are centered on Nairobi, leaving out other
urban centers like Mombasa that may differ in infrastructure, leadership models, and
policy uptake. This study addresses these gaps by using an urban comparative approach
and applying the UTAUT model to assess how individual, institutional, and policy-

level factors intersect to shape EMR adoption in private dental clinics.

2.3.3 EMR Adoption in LMIC and African Contexts: Divergent Realities

While the theoretical foundations of TAM and DOI were developed and validated
primarily in high-income contexts, a growing body of evidence from LMICs
demonstrates that adoption dynamics differ in important ways. Understanding these
differences is essential for contextualizing the current study's findings within the

Kenyan private dental sector.

Odekunle et al. (2017) conducted a systematic review of EHR adoption in sub-Saharan
Africa and identified that the region lags significantly behind high-income countries,
not primarily due to user attitudes or perceived usefulness, but due to infrastructural

constraints, including unreliable power supply, poor internet connectivity, and

27



inadequate technical support, that are largely absent from TAM and DOI frameworks.
This finding suggests that structural barriers, rather than individual perceptions, may be

the primary adoption bottleneck in African contexts.

In Kenya specifically, Kumar et al. (2016) found that while mobile penetration is high,
scaled successes in digital health remain limited, constrained by human resources
shortages, political factors, ethical concerns around data privacy, and financial barriers
that are not captured by standard TAM constructs. The national KenyaEMR
deployment study (Science Journal of Public Health, 2023) similarly documented that
implementation costs and infrastructure requirements were the dominant challenges in

rollout, rather than clinician resistance or usability concerns.

In the dental sector, Farajollahi et al. (2024) examined barriers and facilitators for
implementing electronic dental record (EDR) systems in a developing-country context
and found that clinician-perceived barriers included system reliability, cost, and lack of
technical support, factors that align more closely with DOI's complexity and trialability
attributes than with TAM's psychological constructs. This finding is directly relevant
to the current study's focus on private dental clinics, where resource constraints and

system reliability are likely to be significant adoption barriers.

Ngusie et al. (2022), in a cross-sectional study in Ethiopia, found that only 52.8% of
healthcare providers were ready for EHR adoption, with readiness associated with age,
computer literacy, access to computers, attitude, perceived benefit, and self-efficacy.
This multi-factor readiness profile differs substantially from high-income country
studies where infrastructure readiness is typically assumed, underscoring the need for
context-sensitive frameworks like the CAF's micro-meso-macro categorization.

Taken together, this evidence demonstrates that LMIC and African contexts present a
distinct adoption landscape where infrastructural, financial, and systemic barriers
operate alongside, and sometimes dominate the individual perceptual factors
emphasized in TAM. The current study's integration of DOI, TAM, and CAF is
specifically designed to capture this multi-level complexity in the Kenyan private dental

context.
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2.3.4 Inter-County Comparison of EMR Adoption Between Nairobi and Mombasa
Geographic location plays a crucial role in influencing health technology adoption,
especially in decentralized health systems. Differences in infrastructure, administrative
capacity, workforce skills, and local governance between urban centers can result in
significant variations in electronic medical record (EMR) implementation outcomes
(Rahurkar et al., 2015). In the Kenyan context, Nairobi and Mombasa represent two
major urban counties with diverse socio-economic and institutional profiles, making

them ideal for comparative analysis of EMR adoption in private dental clinics.

Internationally, Rahurkar et al. (2015) conducted a comparative study on health
information exchange adoption across urban and rural settings in the United States. The
study reported that urban healthcare facilities had higher EMR adoption rates, largely
due to better funding, more technical expertise, and pressure to meet regulatory
standards. While this study provides valuable insights into location-based disparities, it
focused on the broader concept of health information exchange rather than EMRs alone.
Moreover, its findings are situated within a high-income context with nationwide
interoperability mandates, which limits its applicability to lower-resource settings such

as Kenya.

Cowie et al. (2017), examining urban versus rural practices in Australia, found that
EMR adoption was more prevalent in urban clinics due to improved access to vendor
support and a higher demand for digital services among urban populations. Although
this study offers useful parallels, it centered on general medical practices and did not
consider the influence of administrative policies at the sub-national level, which are
highly relevant in Kenya’s devolved healthcare system. Furthermore, the study did not
address the private sector or dental specialty practices, which often operate under

different logistical and professional conditions.

In the African context, Abubakar et al. (2021) carried out a comparative study between
Abuja and Lagos in Nigeria, reporting that Lagos-based private hospitals had
significantly higher EMR adoption rates. The authors attributed this to more active
investment in ICT infrastructure, a more competitive private health sector, and greater

support from local government initiatives. While informative, the study did not include
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dental practices and focused solely on large private hospitals, potentially missing the

nuanced challenges of smaller, independently managed clinics.

Nyandoro et al. (2020), in a South African study comparing urban and peri-urban health
facilities, found that infrastructural reliability—especially electricity and internet
availability—played a determining role in EMR adoption. Although the study
highlights critical operational variables, it does not account for county-level
administrative differences or variations in policy enforcement, which are central to the
Kenyan devolved health model. Additionally, the study focused only on public sector

clinics, limiting its relevance to privately run dental facilities.

In Kenya, Mugo and Otieno (2021) compared EMR adoption between Nairobi and
Kisumu counties, concluding that Nairobi clinics had higher adoption rates due to better
access to training, more exposure to digital systems, and existing public-private
partnerships that encouraged uptake. However, the study did not include Mombasa,
leaving a gap in understanding inter-county differences among the country’s major
urban hubs. Moreover, the research emphasized general outpatient services without
disaggregating findings by clinical specialty.

A more recent study by Hassan et al. (2022) explored EMR use in Mombasa-based
private clinics and observed that while there was growing interest in digital health
solutions, actual adoption remained low. Barriers identified included lack of peer
benchmarking, insufficient access to EMR vendors, and low engagement with county-
level digital health strategies. However, the study was limited in scope and did not
include a comparative analysis with Nairobi or other counties, making it difficult to

isolate location-specific challenges or best practices.

From this discussion, it is clear that while geographic disparities in EMR adoption are
well-documented globally and regionally, comparative studies within Kenya—
especially between Nairobi and Mombasa—are extremely limited. Existing research
tends to focus on public facilities, lacks specialty-specific data, or omits key counties
such as Mombasa altogether. Moreover, the private dental sector remains
underrepresented despite its growing role in urban healthcare delivery. This study seeks

to fill this gap by directly comparing EMR adoption experiences in Nairobi and
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Mombasa’s private dental clinics, with a focus on identifying location-specific barriers
and enablers within the framework of Kenya’s devolved health system.

2.4 Gaps in Literature

The review of empirical literature reveals several important gaps that this study seeks
to address. First, although clinic characteristics have been shown to influence EMR
adoption globally, most studies focus on general medical practices and rarely consider
specialty clinics such as dental facilities. Second, while individual, organizational, and
policy factors are recognized as key determinants of EMR use, there is a limited
understanding of how these operate within the unique context of small, privately owned
dental clinics in developing countries. Finally, comparative studies between counties in
Kenya, particularly Nairobi and Mombasa, are sparse. Most studies are Nairobi-centric,
with Mombasa often excluded or underrepresented. The table below summarizes these

gaps based on conceptual, contextual, and methodological dimensions:

Table 2.1 Summary of Gaps in Literature and Implications for Current Study

characteristics, system-
related, organizational,
and
policy/environmental
factors influencing EMR
adoption among private
dental clinics in Kenya.

organizational, or policy
factors influencing
EMR adoption.

(2024); Njoroge
(2014)

Identified Research | Definition / Nature of | Source(s) Relevance to
Gap the Gap Current Study
Limited focus on EMR [Most EMR studies in  [Chepkwony Fills sector-specific
adoption in private Kenya focus on public |(2015); Kang’a [gap by focusing on
dental clinics hospitals or general etal. (2016); |EMR adoption in
outpatient departments, [Ahmed etal. [private dental
not on specialized (2022) clinics, a neglected
private practices like but important
dental clinics healthcare segment
Limited evidence Previous studies Wolverton & [This study
simultaneously primarily examined Lanier (2019); [examined the
examines clinic isolated technological, |Danso et al. association between

clinic
characteristics and
multiple domains of
factors within a
single analytical
framework.

Mombasa, despite their
distinct urban health
environments

Absence of comparative [No known peer- Okumu etal.  |Provides first cross-

data between urban reviewed studies (2022); county comparison

counties in Kenya directly compare EMR [Waronja & on EMR adoption
adoption in Nairobi vs. |Mogote (2024) |dynamics in

Kenya’s urban
private dental
clinics
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Limited evidence
examining policy and
environmental
determinants of EMR
adoption within private
dental clinics in LMICs.

Environmental
influences such as
regulation, data
protection, and
infrastructure are
frequently
underrepresented in

EMR adoption studies,

especially in LMICs

Kruse et al.
(2016); Musabi
& Kipkebut
(2024);
Vijayanthi &
Vidhukumar
(2020)

Incorporates policy
and regulatory
environment to
explore broader
systemic enablers
or barriers to EMR
adoption in private
practice

Outdated or generalized
data on EMR adoption
trends

Earlier studies are dated
or too general to guide

current practice in the

rapidly evolving digital

health landscape

Tchaiwe
(2021);
Malhotra &
Lassiter (2014)

Generates updated,
context-specific
evidence reflecting
2025 realities in
Nairobi and

Mombasa

2.5 Conceptual Framework:
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Figure 2.1: Conceptual Framework

Dependent Variable

EMR Adoption

Full Adoption
Partial Adoption
No Adoption

The conceptual framework presented above illustrates the relationship between the

independent variables—clinic characteristics, individual factors, organizational factors,

and environmental factors—and the dependent variable, EMR adoption.
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Table 2.2: Mapping of Study Variables to Theoretical Constructs

Study Variable Theoretical Construct Source Theory
System usability, information Perceived usefulness &

. . TAM
quality, ease of use perceived ease of use

Leadership support, workflow

. . L Organizational readiness DOI / CAF
integration, resource availability

Government support, regulation, Policy and environmental

infrastructure context CAF

Clinic size, ownership, location Clinic str_uc_tural CAF
characteristics

The conceptual framework presented in Figure 2.1 integrates constructs drawn from the
Technology Acceptance Model (TAM), the Diffusion of Innovations (DOI) theory, and
the Clinical Adoption Framework (CAF), as mapped in Table 2.3 above. Within the
System-related Factors domain, the variables measuring system usability, reliability,
ease of learning, and information quality correspond to TAM's core constructs of
Perceived Ease of Use (PEOU) and Perceived Usefulness (PU), respectively (Davis,
1989). The perceived benefits of EMR over paper-based systems, including improved
record-keeping, clinical decision support, and workflow efficiency, operationalize
DOI's construct of Relative Advantage, while the alignment of EMR systems with
existing clinic workflows reflects DOI's Compatibility construct (Rogers, 2003).

The Organizational Factors domain, encompassing leadership support, resource
availability, workflow integration, and staff training, corresponds to the meso-level
determinants of the Clinical Adoption Framework, which positions organizational
readiness as an important determinant of technology adoption in healthcare settings
(Gagnon et al., 2012). Environmental and policy factors map onto CAF's macro-level
enablers, including regulatory frameworks, government incentives, and national digital
health infrastructure. This study grounds each domain of the conceptual framework in

its corresponding theoretical construct.
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Clinic characteristics, including clinic size, geographical location, ownership type, and
healthcare worker demographics, provide the contextual setting within which EMR
adoption occurs. System-related factors, including system usability, ease of use,
reliability, information quality, and perceived usefulness, are derived from the
Technology Acceptance Model and represent users' perceptions of the EMR system.
Organizational factors, including leadership support, resource availability, workflow
integration, and staff training, reflect the organizational readiness required to support
successful EMR implementation, consistent with the Diffusion of Innovations Theory
and the Clinical Adoption Framework. Policy and environmental factors, such as
regulatory support, government incentives, and digital infrastructure, represent the
broader external environment within which clinics operate. Together, these domains
provide the theoretical basis for examining factors associated with EMR adoption

among private dental clinics in Nairobi and Mombasa Counties.

The dependent variable, EMR adoption, is operationalized into three categories: full
adoption, partial adoption, and no adoption, which together capture both dimensions of
the study's definition of EMR adoption. Specifically, 'no adoption' reflects the absence
of both system availability and active use; 'partial adoption' reflects availability with
limited active use across selected functions, such as billing only; and ‘full adoption’
reflects availability combined with active, routine use across most clinical and
administrative operations. The framework guides the study in examining how these
multidimensional factors are associated with varying levels of EMR adoption among

private dental clinics.

Table 2.3 Operationalization of Study Variables

Operational Description

Domain Subdomain (Indicators)
- No adoption
EMR Adoption Level Extent of - Partial adoption (limited use,
(Dependent Variable) Adoption e.g., billing only)

- Full adoption (used across
clinical workflows)

Individual/System Factors

(Independent Variable) Familiarity - Self-reported familiarity with

EMRs

- Ease of learning

System Usability |- Ease of mastering functions
- Perceived user-friendliness
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Domain

Subdomain

Operational Description
(Indicators)

Performance &

- Speed of system

Reliability - Reliability during use
- Accuracy and
. comprehensiveness of patient
Information
: data
Quality

- Sufficiency for clinical
documentation

Service Support

- Responsiveness of technical
support
- Quality of vendor customer
service

Usage Behavior

- Frequency of EMR use
- Dependence on EMR for daily
tasks

- Perception of management’s

Organizational Factors Leadership support for EMR use
(Independent Variable) Support - Encouragement of digital
solutions in the clinic
Resource - Availability of infrastructure
Availability (computers, internet, electricity)
Workflow - Degree to which EMR is
Integration integrated into clinic operations

Training Support

- Availability of ongoing EMR
training opportunities

Policy/Environmental Factors
(Independent Variable)

Government &
Policy Support

- Awareness of incentives or
subsidies

- Perceived impact of national
health policies

Regulatory
Challenges

- Barriers related to compliance,
licensing, and data protection

External Funding

- Influence of donor or external
funding support

- Improved patient care

Outcome Perceptions Perceived - Operational efficiency
(Additional Exploratory Data) [Benefits - Data security
- Decision-making support
- Cost barriers
Perceived - Staff resistance
Challenges - Technical issues

- Privacy concerns

It is important to note, however, that the literature reviewed in this chapter does not

converge on a single, universally applicable explanation for EMR adoption. Existing
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evidence demonstrates important inconsistencies regarding the factors influencing
adoption across different healthcare settings. For example, perceived ease of use a core
construct of the Technology Acceptance Model was found to be non-significant in an
African healthcare context (Moukoumbi Lipenguet et al., 2022), while other studies
reported organizational factors such as leadership support and workflow integration to

exert a greater influence than individual system perceptions (Wiedenbeck et al., 2008).

Similarly, studies conducted in low- and middle-income countries have shown that
infrastructural limitations, financial constraints, and organizational readiness frequently
outweigh technological perceptions that are more influential in high-income settings
(Odekunle et al., 2017; Ngusie et al., 2022). These contrasting findings suggest that
EMR adoption is highly context-dependent and cannot be adequately explained by a
single theoretical perspective. Consequently, the present study adopts an integrated
theoretical approach, drawing on the Technology Acceptance Model, the Diffusion of
Innovations Theory, and the Clinical Adoption Framework to examine the association
between system-related, organizational, and policy/environmental factors and EMR
adoption among private dental clinics in Nairobi and Mombasa Counties. By generating
context-specific evidence from Kenya's private dental sector, the study contributes to
the growing body of knowledge on digital health adoption and provides evidence to

inform future research, policy, and practice.

2.6 Chapter Summary

This chapter has reviewed both theoretical and empirical literature related to the
adoption of EMRs, with a particular focus on individual, organizational, and
policy/environmental factors. Theoretical frameworks such as the TAM and DOI were
explored to provide a conceptual foundation for understanding the dynamics of EMR
uptake. Empirical studies from global, regional, and local contexts highlighted key
trends, challenges, and gaps in existing research, particularly the limited focus on
private dental clinics in urban settings within low- and middle-income countries like
Kenya. The chapter also highlighted important conceptual, contextual, and empirical
gaps within the existing literature, thereby justifying the need for the present study.
These insights have informed the development of the study’s conceptual framework
and justified the need for a multidimensional investigation into the factors influencing
EMR adoption in private dental clinics in Nairobi and Mombasa Counties.
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CHAPTER THREE
RESEARCH METHODOLOGY

3.1 Introduction

This chapter presents the methodology employed to investigate the factors influencing
the adoption of Electronic Medical Records (EMR) among private dental clinics in
Kenyan cities. A cross-sectional quantitative research design was adopted to enable the
systematic data collection and analysis, allowing for the identification of patterns and
relationships among key variables. The methodology section outlines the research
design, the population, sampling, data collection tools, data analysis methods, measures

for research quality, and ethical considerations.

3.2 Research Philosophy

This study on the factors influencing the adoption of Electronic Medical Records
(EMRs) in private dental clinics in Kenyan cities adopted a positivist research
philosophy with a quantitative approach. Positivism is grounded in the belief that
knowledge is derived from observable phenomena and measurable facts, emphasizing
objectivity, rigor, and empirical evidence (Khanday et al., 2024). In the context of
healthcare informatics, this philosophy is particularly relevant as it facilitates the
systematic exploration of factors at the micro (system-related), meso (organizational),
and macro (policy/environmental) levels that influence EMR adoption through

measurable variables.

Under the positivist paradigm, the study focused on the collection of standardized data
from a representative sample of private dental clinics in Nairobi and Mombasa. This
data was obtained through structured tools, such as surveys, to ensure consistency,
reliability, and validity in capturing key factors such as system quality, leadership
support, resource availability, and the impact of policy incentives. The reliance on
quantifiable data enabled statistical analysis, which was instrumental in identifying
relationships, trends, and patterns relevant to EMR adoption.

Through adhering to a positivist approach, the study aimed to produce objective,
evidence-based insights that can guide healthcare policy, inform best practices, and
identify effective strategies for improving EMR adoption in resource-constrained

settings. This approach aligned with the study’s objective of contributing to the
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modernization of healthcare delivery systems, enhancing operational efficiency in
private dental clinics, and ultimately improving patient care through evidence-driven

solutions.

3.3 Research Design

According to Vijayanthi & Vidhukumar (2020), a research design is a systematic plan
to study a scientific problem, providing an appropriate framework for a study. It
integrates different components coherently to effectively address the research problem.
The choice of research design is indeed crucial as it dictates the methods and techniques
used to collect evidence pertinent to the research problem. It ensures that the insights
gained are accurate and unbiased, facilitating the evaluation of problems, testing of

theories, or description of phenomena (Nichols & Edlund, 2023).

This study adopted a quantitative analytical cross-sectional research design, which
involves collecting data at a single point in time to provide a snapshot of the variables
of interest within a defined population (Wang & Cheng, 2020). Descriptive research
focuses on identifying and describing patterns, relationships, or characteristics of a
population without manipulating any variables (Omair, 2015). This design is

particularly suited for exploring the "what,” "when," "who," and "where" aspects of
EMR adoption in private dental clinics, as it allows researchers to characterize
distributions and answer practical descriptive questions by measuring population
attributes at a single timepoint (Omair, 2015). It aligned with the study's aim, which
was to assess the prevalence and influencing factors of EMR adoption without
attempting to establish causal relationships — a recognized limitation of cross-sectional
designs, given that simultaneous measurement of variables produces temporal

ambiguity that prevents firm causal conclusions (Wang & Cheng, 2020).

Even though the selected design did not permit the establishment of definitive causal
relationships, methodological measures were adopted to strengthen the robustness of
the findings. These included the collection of data from multiple respondent categories
within participating clinics to reduce single-source bias, and the inclusion of open-
ended questions complemented the quantitative findings by providing contextual
explanations for observed quantitative patterns and strengthening interpretation. While

causality could not be inferred, these measures enhanced the credibility of observed
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associations and provided a stronger basis for understanding factors associated with
EMR adoption.

3.4 Population and Sampling

3.4.1 Target Population

Target population in research refers to specific subsets within a larger population,
delineated by predefined criteria that align with the research objectives (Willie, 2024).
The target population for this study comprised licensed private dental clinics operating
in Nairobi and Mombasa Counties. According to the Kenya Medical Practitioners and
Dentists Council (KMPDC, 2024), as of January 23, 2024, there were 230 private dental
clinics in Nairobi and 25 in Mombasa, totaling 255 clinics. These urban centers were
selected because they represented the highest concentration of private dental practices
in the country and have contrasting healthcare environments. The study targeted clinic
owners, lead dentists, dental assistants and administrators who are directly involved in

EMR-related decisions and operations.

3.4.2. Inclusion and Exclusion Criteria

Inclusion Criteria:

Licensed private dental clinics registered with the Kenya Medical Practitioners and
Dentists Council (KMPDC).

Clinics that have been in continuous operation for at least 12 months.

Clinics located within Nairobi or Mombasa Counties.

Exclusion Criteria:

Public or faith-based dental clinics.

Hospital-based dental clinics.

Clinics that are temporarily closed or undergoing renovation.

Locum and visiting staff whose engagement with the clinic was temporary and who
were not directly involved in routine EMR implementation, system administration,
policy development, or strategic decision-making.

The exclusion of the above respondents was intended to ensure that responses reflected
institutional experiences and organizational practices rather than intermittent exposure

to clinic operations.
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3.4.3 Sample Size Estimation:

The study targeted registered private dental clinics in Nairobi and Mombasa Counties.
Sample size estimation was informed by the total population of 255 licensed private
dental clinics identified through the Kenya Medical Practitioners and Dentists Council
(KMPDC, 2024) database. The two counties formed the primary study strata due to
their differing numbers of registered private dental clinics and contrasting healthcare
environments. A random sampling technique was applied to select the sample number

of clinics using the Yamane (1967) formula as computed below

"= N
1+ N(e)?

Where:

n = Sample Size.

N = Whole population under study.

e = Sampling Error of 0.05

A sampling error (e) of 0.05 was established to ensure acceptable accuracy in the

results.

255

= ~ 156
" 1+ 255(0.05)2

The calculated sample size was approximately 156 clinics.

To obtain multidimensional perspectives on EMR adoption, data was collected from at
least two knowledgeable respondents from each participating clinic where feasible.
These included one clinical respondent, such as a dentist, dental assistant, or community
oral health officer, and one administrative or technical respondent, such as a practice
manager, receptionist, or ICT personnel. This resulted in a target of 312 respondents

for the study.

The unit of analysis for the study was the private dental clinic, as the study sought to
examine EMR adoption at the facility level. However, the unit of observation
comprised individual respondents from whom information regarding EMR
implementation, organizational readiness, and system use was obtained. This approach
enhanced the depth, reliability, and internal validity of the findings while maintaining

the clinic as the primary analytical focus.
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3.5 Data Collection Methods

Data was collected using a structured online questionnaire developed using Google
Forms. The questionnaire (Appendix B) comprised 36 items grouped into five sections:
sociodemographic information, clinic characteristics, system-related factors,
organizational-level factors, and policy/environmental-level factors influencing EMR
adoption as well as EMR adoption outcomes. Questions included structured items and
5-point Likert scale statements to capture perceptions and experiences.

In addition to structured quantitative items, the questionnaire included open-ended
questions designed to capture deeper contextual insights on EMR adoption. These
questions elicited qualitative responses on barriers, facilitators, and user experiences
that could not be fully captured through Likert-scale items. The inclusion of qualitative
items was intended to enhance contextual understanding and support interpretation of
quantitative findings through methodological triangulation within a predominantly
quantitative study design.

The link to the online questionnaire was distributed through contact information
obtained from the KMPDC facility registry and professional networks such as the
Kenya Dental Association (KDA) and dental practitioners' WhatsApp groups. Before
accessing the questionnaire, participants were required to review an informed consent
form (Appendix A) that outlined the study purpose, procedures, voluntary nature of
participation, and assurances of confidentiality.

Participants completed the questionnaire using any internet-enabled device. The form
incorporated user-friendly features such as progress bars, tooltips, and automatic
validation to ensure usability and data quality. Responses were automatically
anonymized and securely stored on a password-protected platform accessible only to
the research team. Support contact information was provided for participants requiring
assistance.

3.6. Data Analysis

This section outlines the procedures for managing, processing, and analyzing the data
collected to evaluate the factors influencing the adoption of Electronic Medical Records
(EMRs) in private dental clinics in Kenyan cities. The analysis focused on establishing
the socio-demographic profile of participants, examining responses to Likert scale

items, and identifying relationships between dependent and independent variables. The
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data analysis process ensured accuracy, reliability, and alignment with the research

objectives.

3.6.1. Data Management

Collected data was securely stored and regularly reviewed for completeness. After
initial data cleaning to address missing or inconsistent entries, the dataset was exported
to SPSS for analysis. Identifiable information was removed to ensure anonymity. Data
was stored securely for approximately 7 years before its eventual deletion.

3.6.2. Descriptive Statistics

Descriptive statistics were employed to summarize the data and provide an overview of
the socio-demographic characteristics of the respondents as well as the distribution of
responses to the study variables. Categorical variables such as gender, professional role,
clinic size, clinic ownership, and clinic location were summarized using frequencies
and percentages, while continuous variables such as years of practice were described
using means and standard deviations. This provided a clear profile of the study
participants and the context within which EMR adoption was assessed.

In addition to descriptive profiling, the study developed composite indices to
operationalize the multi-item constructs measured using Likert-scale questions. These
constructs represented the individual/system-level factors, organizational-level factors,
and policy/environmental-level factors influencing the adoption of Electronic Medical
Records (EMRS) in private dental clinics. Each construct was measured using multiple
items rated on a five-point Likert scale ranging from 1 (Strongly Disagree) to 5
(Strongly Agree).

The construction of the composite indices followed a systematic procedure. First,
questionnaire items were grouped according to their theoretical domains as guided by
the Clinical Adoption Framework and previous studies on EMR adoption. The
Individual/System Factors Index comprised items measuring training and EMR
familiarity, system usability, system performance and reliability, information quality,
service and technical support, and usage behavior. The Organizational Factors Index
included items measuring leadership support, resource availability, workflow
integration, technical support, and staff readiness. The Policy/Environmental Factors
Index comprised items relating to government incentives, policy support, regulatory

environment, institutional support, and external funding mechanisms.
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All negatively worded items were reverse-coded to ensure consistency in interpretation,
such that higher scores uniformly represented more favorable conditions for EMR
adoption. Reverse coding was performed using the transformation formula (6 — original
response) for all items measured on the five-point Likert scale.

Further, the dataset was examined for missing values before index construction. Cases
with substantial missing data were excluded through listwise deletion. For isolated
missing responses within retained cases, mean substitution was applied. This approach
ensured data completeness while minimizing potential bias arising from missing
information.

The internal consistency reliability was assessed using Cronbach’s Alpha. A minimum
threshold of 0.70 was adopted to indicate acceptable reliability. Item-total correlations
and Cronbach’s Alpha-if-ltem-Deleted statistics were examined to identify items that
weakened construct reliability. Where necessary, poorly performing items were
removed, provided their exclusion was theoretically justified. Only constructs that
achieved acceptable reliability levels were retained for index construction.

Lastly, composite indices were computed using the mean-score approach. For each
respondent, the scores of all retained items within a construct were summed and divided
by the number of items. This generated a standardized index score ranging from 1 to 5
and preserved the original measurement scale, thereby facilitating interpretation and
comparison across constructs.

Finally, the resulting indices were interpreted such that higher mean scores indicated
stronger enabling conditions for EMR adoption, while lower scores reflected weaker
support for adoption. For descriptive purposes, mean scores below 2.5 were interpreted
as low levels of support, scores between 2.5 and 3.5 as moderate levels of support, and
scores above 3.5 as high levels of support. The three indices were subsequently used as
independent variables in the correlation and regression analyses to examine their
influence on EMR adoption among private dental clinics.

3.6.3. Analytical Approach

The analytical approach focused on examining the relationships between the dependent
variable, Electronic Medical Records (EMR) adoption, and the independent variables
derived from the study constructs. These constructs were operationalized as composite
indices representing individual/system-level factors, organizational-level factors, and

policy/environmental-level factors. The use of indices ensured that multi-item Likert-
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scale responses were consolidated into reliable and valid continuous variables suitable
for inferential statistical analysis.

Prior to analysis, the composite indices were computed and treated as continuous
variables. This allowed the study to retain the richness of the Likert-scale data while
ensuring statistical appropriateness for regression analysis. The indices formed the
basis for examining the influence of different contextual factors on EMR adoption
among private dental clinics.

Chi-square tests of independence were initially used to explore associations between
categorical variables such as clinic characteristics (e.g., size, location, ownership type,
gender, and age group) and EMR adoption status. Cross-tabulations were generated to
present the distribution of responses in terms of frequencies and percentages, providing
an initial descriptive understanding of patterns in the data.

Pearson correlation analysis was subsequently conducted to assess the direction and
strength of relationships among the composite variables and EMR adoption.
Correlation coefficients were used to determine whether statistically significant linear
relationships existed between individual/system factors, organizational factors,
policy/environmental factors, and EMR adoption.

For inferential analysis, both multiple linear regression and ordered logistic regression
techniques were employed. Multiple linear regression was used to examine the
influence of demographic characteristics, individual/system factors, organizational
factors, and policy/environmental factors on EMR adoption. The regression models
estimated the magnitude and direction of influence of each predictor variable on EMR
adoption while controlling for other variables in the model. Regression coefficients,
standard errors, p-values, R-squared values, F-statistics, and significance levels were
reported. Statistical significance was assessed at the 0.05 level.

In addition, ordered logistic regression was employed because the dependent variable,
EMR adoption, was ordinal in nature and categorized into ordered levels representing
no adoption, partial adoption, and full adoption. Ordered logistic regression was
considered appropriate because it accounts for the natural ordering of the outcome
variable while estimating the likelihood of clinics progressing from lower to higher
levels of EMR adoption.

The ordered logistic regression models included demographic variables,

individual/system factors, organizational readiness, and policy/environmental factors
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as predictor variables. The analysis estimated regression coefficients, standard errors,
z-statistics, p-values, likelihood ratio chi-square statistics, and pseudo R-squared
values. The ordered logistic regression approach enabled the study to determine the
factors significantly associated with higher levels of EMR adoption among private
dental clinics.

Qualitative data obtained from open-ended questions was analyzed using a structured
thematic content analysis approach. Responses were first read repeatedly to ensure
familiarity with the data. Initial codes were then generated inductively to capture key
ideas related to EMR adoption experiences. These codes were subsequently grouped
into broader themes reflecting individual/ system factors, organizational factors, and
policy/environmental influencing adoption.

The identified themes were used to complement and interpret quantitative findings
rather than to stand alone as a separate qualitative analysis. This approach enhanced
explanatory depth by providing context to statistical relationships identified in the
regression and correlation analyses. The integration of qualitative insights strengthened
the overall interpretation of results by revealing underlying reasons behind observed
patterns in EMR adoption.

Overall, the analytical framework ensured a robust and systematic examination of both
descriptive patterns and inferential relationships, thereby providing evidence-based
insights into the factors influencing EMR adoption among private dental clinics in

Nairobi and Mombasa Counties.

3.6.4. Presentation of Findings

The study findings were presented using tables, graphs, and figures to enhance clarity
and facilitate understanding. These presentations ensured that the data trends and
relationships were easily interpretable, allowing for actionable insights to address the
study objectives.

Employing robust statistical methods and clearly presenting the findings, the data
analysis gave a detailed insight on the factors influencing the adoption of EMRs in
private dental clinics in Kenyan cities.

The findings were used primarily for academic research as part of a Master’s thesis at
Strathmore University. In addition to fulfilling academic requirements, the findings will

be shared with relevant health authorities, professional associations, and stakeholders
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to help improve electronic medical record (EMR) adoption in private dental clinics and
strengthen digital health policies in Kenya.

3.7. Research Quality

3.7.1. Validity

To ensure the validity of the research, multiple strategies were employed to verify that
the data collected accurately reflected the constructs under investigation. Content
validity was addressed by aligning the questionnaire items with the conceptual
framework of the study, which focused on micro-level, meso-level, and macro-level
factors influencing the adoption of EMRs. Expert review by the study supervisors and
healthcare informatics professionals ensured that the items comprehensively cover the
dimensions of interest.

Construct validity was ensured by piloting the questionnaire and analyzing the
responses to verify that the items measure the intended constructs consistently. This
step included factor analysis to confirm that the questions align with the theoretical
domains identified in the Clinical Adoption Framework (CAF). Criterion-related
validity was also evaluated by comparing responses on the Likert scale to existing
benchmarks for EMR adoption, where applicable.

Cross-validation further enhanced the robustness of the findings. Through testing the
questionnaire across a subset of private dental clinics with varying characteristics, the
research ensured that the instrument captured differences related to clinic size, location,
and EMR adoption status, reflecting the diversity of the study population.

3.7.2 Reliability

Reliability was ensured through standardized data collection procedures and thorough
training of data collectors. The data collection team underwent a comprehensive
training program to ensure consistency in administering the online questionnaire,
handling participant queries, and addressing technical issues.

The reliability of the questionnaire was assessed during a pilot study. Internal
consistency was measured using Cronbach’s alpha, with a threshold of 0.7 or higher
indicating acceptable reliability. Test-retest reliability was also evaluated by
administering the questionnaire to a small subset of participants twice, at a two-week
interval, to ensure stable responses over time. These methods ensured that the
instrument produced consistent and dependable results. The reliability results are

indicated in Table 3.1 below
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Table 3.1 Reliability Test Results

Variables Cronbach’s  Critical Conclusion
Alpha Value

Individual/system characteristics  0.874 0.7 Reliable

Organizational Factors 0.832 0.7 Reliable

Policy & Environmental Factors  0.701 0.7 Reliable

The Cronbach’s alpha coefficients ranged from 0.699 to 0.874, indicating acceptable
internal consistency of the measurement scales since all values exceeded the
recommended threshold of 0.7.

Further measures included regular monitoring of data collection processes and auditing
responses to identify and address discrepancies or patterns of inconsistency promptly.
By adhering to these practices, the study maintained a high level of reliability and
generated trustworthy data.

3.7.3. Objectivity

The research prioritized objectivity by employing validated and reliable instruments to
minimize measurement bias. The use of a standardized online questionnaire reduced
variability in data collection and ensured that all participants received the same
questions in a consistent format.

Data collectors adhered to uniform procedures to avoid introducing personal biases
during participant interactions. Pilot testing of the questionnaire allowed for refinement
of ambiguous or leading questions, ensuring that all items were clear and unbiased.
Quantitative data collection, focusing on numerical and measurable responses, further
enhanced objectivity by reducing reliance on subjective interpretations.

Statistical analysis followed established protocols, with independent variables being
analyzed against the dependent variable using transparent and replicable methods. By
grounding the study in observable, empirical evidence, the research upheld its
commitment to objective and impartial findings.

3.8. Ethical Considerations

This study adhered to ethical guidelines for research involving human participants.
Informed consent was obtained electronically before participation. Participant
anonymity and data confidentiality was ensured through data anonymization, secure

storage, and restricted access protocols.
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Ethical approval was sought from the Strathmore University Institutional Ethics
Review Board (SU-IERC) and the National Commission for Science, Technology and
Innovation (NACOSTI) prior to data collection. The study complied with the Data
Protection Act (2019), including data minimization, transparency, and security
measures. Participants were informed of their rights, including the right to withdraw at

any time without penalty.
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CHAPTER FOUR
PRESENTATION OF RESEARCH FINDINGS

4.1 Introduction

The results are presented in this chapter based on the study's objective. The aim of the
study was to investigate the factors influencing the adoption of Electronic Medical
Records (EMR) among private dental clinics in Kenyan cities. It was to determine the
influence of clinic characteristics, system-related factors, organizational factors and
policy/environmental factors on EMR adoption among private dental clinics in Nairobi

and Mombasa. The results from the data analysis are presented.

4.2 Response Rate

A total of 312 questionnaires were issued to the respondents from the clinics selected
for the study. A total of 272 responses were obtained resulting in an 87% response rate
since 272 of the 312 submitted responses were complete. The response rate was
appropriate for concluding the information gathered. According to Kothari (2016), a
response rate of more than 70% in an investigation is deemed sufficient for data analysis
purposes. As a result, the study's questionnaire response rate fell within the permissible

range for conclusions and suggestions. The response rate is in table 4.1 below

Table 4.1: Response Rate

Department Number Percentage
Complete Responses 272 87%
Incomplete Responses 40 13%

Total 312 100%

4.3 Socio-demographic Information

To provide context for the study findings, the sociodemographic characteristics of the
respondents were analyzed across key variables, including gender, age, professional
role, years in healthcare, clinic ownership type, years of experience, clinic location,
clinic size, and EMR adoption level. The summarized distribution is presented in Table

4.2, which highlights the composition of the study sample.

The findings in Table 4.2 indicate that the majority of respondents were female (66%),

compared to 34% male, suggesting that the workforce within the selected private dental
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clinics is predominantly female. These findings indicate that the workforce in the
participating private dental clinics is largely female. This demographic profile provides
important context for interpreting the study findings but does not, on its own, imply any
difference in EMR adoption between male and female healthcare workers.

On age distribution, the majority of respondents were relatively young, with 40.8%
aged between 31-40 years and 39.1% aged between 20-30 years. Collectively, this
means that approximately 80% of the respondents were within the early-to-mid career
stage. Respondents aged above 50 years accounted for only 4.7% of the sample. The

findings indicate that the workforce was predominantly young.

On professional roles, dentists formed the largest proportion of respondents at 43%,
followed by administrative staff at 29%, dental assistants at 22.2%, and community oral
health officers at 5.8%. This distribution demonstrates representation from both clinical
and administrative personnel involved in clinic operations. The implication is that
successful EMR adoption requires coordinated participation across all professional
categories because both clinical and administrative staff play essential roles in data

entry, patient management, and records utilization.

The study further examined respondents’ years in healthcare. The findings revealed that
37.5% of respondents had worked in healthcare for between 5-10 years, while 37% had
less than 5 years of experience. Respondents with more than 10 years of healthcare
experience accounted for 25.5%. These findings suggest that the sampled clinics
possess a moderately experienced workforce capable of adapting to technological

changes while also benefiting from institutional knowledge accumulated over time.

On the clinic ownership demographic characteristic, the majority of clinics were sole
proprietorships (59%), while partnership-owned and corporate-owned clinics each
accounted for 20.5%. This indicates that private dental practice within Nairobi and
Mombasa is predominantly characterized by individually owned establishments. Such
ownership structures may experience financial and technical limitations that can
constrain full-scale EMR implementation compared to corporate-owned facilities,
which are more likely to possess structured systems, dedicated IT support, and stronger

financial capacity.
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The study also assessed respondents’ years of experience within their current work
settings. The findings showed that 38.2% had between 1-3 years of experience, 23.8%
had less than 1 year, 20.2% had between 4-6 years, while 17.8% had more than 6 years
of experience. This suggests that a considerable proportion of employees are relatively
early in their professional practice, which may positively influence adaptability to

digital systems and openness to technological change.

With regard to clinic location, most respondents were drawn from Nairobi County
(82%), while 18% were from Mombasa County. This distribution indicates that the
study largely captured experiences from urban-based private dental clinics, where
technological infrastructure and internet accessibility are generally more developed,

potentially influencing EMR adoption positively.

On clinic size, the majority of facilities were small clinics with between 1-5 staff
members (59.5%), followed by medium-sized clinics with 615 staff members (30.8%).
Only 9.7% of the clinics were classified as large facilities with more than 16 staff
members. These findings suggest that the private dental sector is primarily dominated
by small and medium enterprises. Smaller clinics may face constraints related to
finances, technological infrastructure, and specialized personnel, which can hinder
comprehensive EMR implementation. Conversely, larger clinics are more likely to
possess sufficient operational capacity and resources necessary to support EMR

systems effectively.

Finally, the study established that 39.3% of clinics had fully adopted EMR systems,
while 37.8% reported partial adoption and 22.9% indicated no adoption at all. These
findings suggest that although significant progress has been made toward digital
transformation within private dental clinics, a substantial proportion of facilities are still
either partially digitized or entirely reliant on manual systems. This indicates the need
for continued investment in infrastructure, technical support, and capacity building to
enhance full EMR adoption across the sector. The results of the socio-demographic

information are summarized in Table 4.2 below
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Table 4.2 Socio-Demographic Information

Variable Category Frequency (n) Percentage (%)
Gender Male 92 34
Female 180 66
Age 20-30 years 106 39.1
31-40 years 111 40.8
41-50 years 42 154
51+ years 13 4.7
Professional Role Dentist 117 43
Dental Assistant 60 22.2
Community Oral 16 5.8
Health Officer
Administrative Staff 79 29
Others 0 0
Years in Healthcare <5 years 101 37
5-10 years 102 37.5
> 10 years 69 25.5
Clinic Ownership Sole Proprietorship 160 59
Partnership 56 20.5
Corporate-owned 56 20.5
Years of Experience <1 year 65 23.8
1-3 years 104 38.2
4-6 years 55 20.2
> Byears 48 17.8
Clinic Location Nairobi 222 82
Mombasa 50 18
Clinic Size Small (1-5) staff 162 59.5
Medium (6-15 staff) 84 30.8
Large (16+ staff) 26 9.7
EMR Adoption No Adoption 62 22.9
Partial Adoption 103 37.8
Full Adoption 107 39.3
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In addition to the socio-demographic information presented above, the researcher was
interested in establishing the type of functionalities that are supported by EMR in the
different clinics in Nairobi and Mombasa. Figure 4.1 below illustrates these findings.
From the results, patient registration (95.7%), billing/invoicing (88.6%), and clinical
history/notes (84.8%) are the most commonly used EMR functionalities among private
dental clinics. This means that the majority of clinics that have adopted EMRs are
primarily using them for basic and essential operational tasks, particularly those related
to patient intake, record keeping, and financial transactions. Similarly, a high proportion
of clinics reported using EMRs for treatment planning (81.0%), indicating that EMR
systems are also being utilized in supporting clinical decision-making and patient
management processes.

However, comparatively lower usage was observed for data reporting and analysis
(72.4%) and appointment scheduling (69.5%). This suggests that while many clinics
have adopted EMRs, fewer are utilizing them for advanced or supportive functions,
such as analytics and workflow optimization. In addition, the finding that 2.9% of
respondents reported not using any EMR system indicates that a small proportion of
clinics remain fully non-digital, relying on alternative (likely manual) systems. These
findings support the operational classification of EMR adoption because clinics

demonstrated varying degrees of implementation across core EMR functions.
Functionalities Supported by EMR

Appointment scheduling

Data reporting & analysis

Treatment planning

M Percentage

Clinical history/notes

Billing/invoicing

Patient registration

o
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Figure 4.1 EMR Functionalities Supported
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4.3 Data Analysis

4.3.1 Effect of Clinic size, Location, and Healthcare Worker Demographics on
EMR Adoption

This section presents the analysis of the first objective, which was to analyze the
relationship between selected clinic characteristics and healthcare worker
demographics and the level of EMR adoption among private dental clinics in Nairobi
and Mombasa Counties. Specifically, the analysis examines whether factors such as
clinic size, clinic ownership, location, and respondents’ socio-demographic
characteristics are associated with the level of EMR adoption (partial or full). To
achieve this, cross-tabulation and the Chi-square test of independence were employed
to determine whether statistically significant relationships exist between the
independent variables and EMR adoption.

The Chi-square (%) test is a non-parametric statistical method used to assess whether
there is a significant association between two categorical variables. Developed by Karl
Pearson (1900), it compares observed frequencies in a contingency table with those
expected if the variables were independent. It is especially useful for cross-tabulated
survey data, such as Likert-scale responses across demographic groups. The statistical
significance derived from these tests (e.g., p-values < 0.05) supports or rejects
hypotheses of independence. This is critical in understanding whether targeted

interventions should be customized for specific subgroups.

Table 4.3 below summarizes the results of Chi-square tests assessing associations
between selected demographic variables and EMR adoption. The significance threshold

was set at p < 0.05.

Table 4.3 Chi-Square Tests

Demographic Chi2 Statistic | Degrees of | p-value Significant (p
Freedom <0.05)

Gender 0.096 2 0.953 No

Age Group 4.407 4 0.354 No

Years in Healthcare |7.992 4 0.092 No

Clinic Location 34.107 2 0.000 Yes

Clinic Size 44.402 6 0.000 Yes
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Clinic Ownership 22.337 6 0.001 Yes

The study examined the relationship between selected demographic and clinic
characteristics and the level of EMR adoption using the Chi-square test of
independence. The findings indicate that gender was not significantly associated with
EMR adoption (%* (2) = 0.096, p = 0.953), suggesting that EMR adoption levels did not
differ significantly between male and female respondents. Similarly, age group was not
significantly related to EMR adoption (¥*> (4) = 4.407, p = 0.354), indicating that
respondents across different age categories exhibited similar levels of EMR adoption.
Years in healthcare also showed no statistically significant relationship with EMR
adoption (¥ (4) = 7.992, p = 0.092), implying that differences in work experience did

not significantly influence adoption levels.

However, clinic location was found to have a statistically significant relationship with
EMR adoption (¥* (2) = 34.107, p < 0.001). This suggests that EMR adoption levels
varied significantly across different clinic locations, possibly due to differences in
infrastructure, technological access, institutional support, or resource availability.
Similarly, clinic size was significantly associated with EMR adoption (> (6) = 44.402,
p < 0.001), indicating that small, medium, and large clinics differed significantly in
their levels of EMR adoption. This finding suggests that larger clinics may possess
greater financial, technical, and human resource capacity to support EMR

implementation compared to smaller clinics.

The results further revealed that clinic ownership had a statistically significant
relationship with EMR adoption (y* (6) = 22.337, p = 0.001). This indicates that
adoption levels differed significantly across different ownership structures such as sole
proprietorships, partnerships, and corporate-owned clinics. The variation may reflect
differences in management structures, investment capacity, strategic priorities, and

organizational readiness among the ownership categories.

Clinic-related characteristics, particularly clinic location, clinic size, and clinic
ownership, exhibited statistically significant associations with EMR adoption,
suggesting that adoption is structurally conditioned by institutional capacity rather than
individual-level demographics. The absence of significance for gender, age group, and

years in healthcare further indicates that EMR adoption in the study context is not
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primarily driven by personal attributes of healthcare workers, but by organizational and
contextual enablers such as resource availability, infrastructure, and management

structure.

4.3.2 Effect of Individual, Organizational, and policy/environmental factors

affecting EMR adoption in the target clinics

The second objective of the study was to determine the effect of Individual,
Organizational, and policy/environmental factors affecting EMR adoption in the target
clinics in Nairobi and Mombasa. The descriptive statistics for these are described

below.

4.3.2.1 Overall Descriptive Statistics

Descriptive statistics were computed for the composite variables and the dependent
variable. The results showed that the mean score for EMR system characteristics was
4.279 (SD = 0.676), indicating that respondents generally perceived EMR systems
positively. Organizational readiness had a mean score of 4.113 (SD = 0.830),
suggesting relatively high levels of readiness among clinics. The policy environment
variable recorded a mean of 2.791 (SD = 0.935), indicating moderate perceptions
regarding policy support and external funding. The average coded adoption score for
EMR adoption was 1.849 (SD = 0.766), suggesting that most clinics were at low to
moderate levels of EMR adoption.

Table 4.4 Overall Descriptive Statistics

N Minimum [Maximum [Mean Std.

Deviation

Individual & SystemP10 2 5 1.278571 6761392

Factors

Organizational Factors 10 1 5 1.113492 (8303474

Policy & EnvironmentalR72 1 3] 2.79136 [9346195

factors

EMR Adoption P72 1 3 1.849265 [7655398

Valid N (listwise) P72
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Furthermore, descriptive statistics for the individual items in the individual/system
factors, organizational factors, and policy/environmental factors were computed to
determine how the respondents answered each of the individual statements in the
selected factors. The results are presented in the subsequent sections below:

4.3.2.2 Individual Factors Influencing EMR Use

The results established that respondents generally reported high levels of agreement
with statements related to individual factors influencing EMR use, as reflected by mean
scores above 4.0 for most statements. A significant proportion of respondents agreed
or strongly agreed that they were familiar with using EMR systems, with 46 (22%)
agreeing and 122 (58%) respondents strongly agreeing, reflected in a high mean score
(Mean = 4.27, SD = 1.05). Similarly, the majority indicated that the EMR system is
easy to learn, with 62 (30%) agreeing and 111(53%) strongly agreeing (Mean = 4.27,
SD = 0.98), and easy to master, with 54 (26%) agreeing and 108 (51%) strongly
agreeing (Mean = 4.20, SD = 0.99).

The system was also widely perceived as user-friendly, with 63 (30%) agreeing and
115 (55%) strongly agreeing (Mean = 4.32, SD = 0.93), and reliable in its performance,
with 72% agreeing and 107 strongly agreeing (Mean = 4.30, SD = 0.91). In addition,
55 (26%) agreed and 111 (55%) strongly agreed that the system speed is sufficient for
daily tasks (Mean = 4.26, SD = 0.93). On information quality, 47 (22%) agreed, and
120 (57%) strongly agreed that the EMR provides accurate and reliable information for
clinical decisions (Mean = 4.27, SD = 1.02), while 51(24%) agreed and 124 (59%)
strongly agreed that it provides comprehensive and relevant patient data (Mean = 4.36,
SD = 0.92). Similarly, 49 (23%) agreed and 127 (60%) strongly agreed that the

information is sufficient for clinical documentation needs (Mean = 4.34, SD = 1.01).

However, comparatively lower levels of agreement were observed regarding technical
support, where 53 (25%) agreed and 87 (41.4%) strongly agreed, while a notable
proportion expressed neutral or lower agreement (Mean = 3.87, SD = 1.32). Similarly,
for vendor support, 55 (26%) agreed and 91(43%) strongly agreed, with some variation
in responses (Mean = 3.99, SD = 1.11). Finally, on system usage, 46 (22%) agreed and
122 (58%) strongly agreed that they use EMR as part of their daily tasks (Mean = 4.21,
SD =1.14). However, responses were more varied for the statement “I cannot complete

my tasks without the EMR system,” where only 37 (18%) agreed and 88 (42%) strongly
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agreed, while a substantial proportion expressed disagreement (Mean = 3.58, SD =
1.32).

Overall, the findings show that a majority of respondents expressed agreement with
statements relating to EMR usability, reliability, and usefulness, while perceptions of
support and dependency on the system were comparatively less consistent. The results
are illustrated in Table 4.5 below

Table 4.5 Individual Factors influencing EMR use

Statement 1 /2 3 4 5 Mean | Std

Dev
| am familiar with using EMR systems. 5 14 23 46 122 427 1.05
The EMR system is easy to learn. 7 4 26 62 111 427 0.98

It is easy to master the functionsofthe EMR 4 9 35 54 108 4.20 0.99
system.
The EMR system is user-friendly. 5 5 22 63 115 432 0.93

The EMR system is reliable in its 5 4 22 72 107 430 0.91
performance.

The speed of the EMR system is sufficient 1 11 32 55 111 4.26  0.93
for my daily tasks.

The EMR provides accurate and reliable 5 10 28 47 120 4.27 1.02
information for clinical decisions.

The EMR provides comprehensive and 4 5 26 51 124 436  0.92
relevant patient data.

The information is sufficient for myclinical 6 9 19 49 127 434 1.01
documentation needs.

When there is a technical issue, the support 12 21 37 53 87 3.87 132
team resolves it promptly.

The EMR vendor provides reliable and 6 18 40 55 91 399 1.11
effective support.

| use the EMR as part of my daily tasks. 13 5 26 46 120 421 114
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| cannot complete my tasks without the 36 19 30 37 88 358 1.32
EMR system.

4.3.2.2 Organizational Factors and EMR Use

The findings on organizational factors indicate generally high levels of agreement
among respondents, with mean scores ranging from 3.77 to 4.22. Overall, the results
suggest that most private dental clinics have supportive organizational environments

for EMR use, although variation exists across specific dimensions, particularly training.

A majority of respondents agreed that clinic leadership supports EMR adoption, with
66 (42.3%) agreeing and 107 (34.0%) strongly agreeing (Mean =4.22, SD =1.02). This
indicates strong perceived leadership commitment to EMR implementation. Similarly,
51 (32.7%) agreed and 112 (42.3%) strongly agreed that the clinic provides adequate
resources for EMR use (Mean = 4.17, SD = 1.11), reflecting generally positive
perceptions of resource availability.

On system integration, 46 (29.5%) agreed, and 117 (40.4%) strongly agreed that the
EMR system is well integrated into clinical workflow (Mean = 4.22, SD = 1.08). This
suggests that most clinics have effectively embedded EMR systems into daily
operations. Regarding technical support, 49 (31.4%) agreed and 109 (35.0%) strongly
agreed that the clinic provides regular technical support (Mean = 4.11, SD = 1.16),

indicating that ongoing system support is relatively well established.

In relation to innovation, 45 (28.8%) agreed and 115 (39.1%) strongly agreed that the
clinic encourages innovation in digital health (Mean = 4.19, SD = 1.10), reflecting a

generally positive organizational culture toward digital transformation.

However, relatively lower levels of agreement were observed for continuous training
on EMR use. In this case, 43 (27.6%) agreed and 86 (20.5%) strongly agreed, while a
notable proportion selected neutral or lower response categories (Mean = 3.77, SD =
1.27). This indicates that although training exists in some clinics, it is not as consistently

implemented compared to other organizational support mechanisms.

Overall, the findings suggest that organizational support structures for EMR adoption
are largely present in private dental clinics, particularly in leadership support, resource

provision, workflow integration, and technical support. However, continuous training
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remains a weaker area, indicating a potential gap in sustaining effective EMR

utilization. The results are in Table 4.6 below

Table 4.6 Organizational Factors and EMR Use

Statement 1 2 3 4 5 Mean  Std
Dev

Clinic leadership supports EMR adoption. 6 12 19 66 107 4.22 1.02

The clinic provides adequate resources for 10 9 28 51 112 417 1.11
EMR use.

The EMR is well integrated into our 8 '8 31 46 117 422 1.08
workflow.

The clinic provides regular technical 12 9 31 49 109 4.11 | 1.16
support.

The clinic offers continuous training on 12 29 40 43 86 3.77 | 1.27
EMR use.

The clinic encourages innovation in digital 8 10 32 45 115 4.19 1.10
health.

4.3.2.3 Policy/Environmental Factors and EMR Use

The findings for policy and environmental factors indicate comparatively lower levels
of agreement among respondents, suggesting that external support structures for EMR
adoption are less developed compared to organizational factors. Overall, perceptions of
government and policy-level support were mixed, with notable variations across the

different dimensions assessed.

A substantial proportion of respondents indicated that there are limited government
incentives for EMR adoption, with 91 (58.3%) strongly disagreeing and 44 (28.2%)
disagreeing, while only 17 (10.9%) agreed and 18 (11.5%) strongly agreed (Mean =
2.18, SD = 1.30). This suggests that most private dental clinics do not perceive
meaningful financial or policy-based incentives from government to support EMR

uptake.

Regarding regulatory challenges, responses were more distributed. A total of 57
(36.5%) strongly disagreed and 35 (22.4%) disagreed that regulatory barriers
significantly hinder EMR implementation, while 50 (32.1%) were neutral, and 33
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(21.2%) strongly agreed or agreed to the presence of such challenges (Mean = 2.77, SD
= 1.42). This indicates mixed perceptions, suggesting that regulatory issues may affect

clinics differently depending on their context.

For national policy support, responses were moderately positive. A total of 33 (21.2%)
strongly disagreed and 31 (19.9%) disagreed that national policy supports EMR use in
private clinics, while 61 (39.1%) remained neutral. In contrast, 39 (25.0%) agreed and
46 (29.5%) strongly agreed that supportive national policies exist (Mean = 3.16, SD =
1.35). This reflects a divided perception, with a significant proportion of respondents

uncertain about the strength and visibility of national policy frameworks.

Similarly, external funding influence on EMR adoption showed a mixed pattern. A total
of 45 (28.8%) strongly disagreed and 29 (18.6%) disagreed that external funding plays
a role, while 50 (32.1%) were neutral. On the other hand, 38 (24.4%) agreed and 48
(30.8%) strongly agreed that external funding influences EMR adoption (Mean = 3.07,
SD = 1.45). This indicates that while funding mechanisms exist, their reach and

visibility may not be uniformly experienced across clinics.

Overall, the findings suggest that policy and environmental support for EMR adoption
in private dental clinics is perceived as relatively weak compared to organizational-
level support. In particular, government incentives and regulatory clarity appear to be
lacking or inconsistently experienced, while perceptions of national policy and external
funding remain divided among respondents. The results are in Table 4.7 below

Table 4.7 Policy/Environmental Factors

Statement 1 2 3 4 5 Mean Std
% % % % % Dev

There are government incentives for EMR | 91 44 50 17 18 2.18 1.30

adoption.

The clinic faces regulatory challenges in |57 35 50 35 33 277 142

implementing EMRs.

National policy supports EMR use inprivate 33 31 61 39 46 3.16 1.35

clinics.

External funding influences EMR adoption. 45 29 50 38 48 3.07 1.45
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4.3.2.4 Inferential Analysis

1. Correlation Analysis

Pearson’s correlation analysis was conducted to examine the relationships among
individual and system factors, organizational factors, policy and environmental factors,

and EMR adoption. The results are presented in Table 4.8 below.

The findings indicated a strong positive and statistically significant correlation between
individual and system factors and organizational factors (r = 0.730, p < 0.01),
suggesting that higher levels of favorable individual and system-related perceptions are
associated with more supportive organizational conditions within the sampled clinics.
With respect to EMR adoption, individual and system factors exhibited a weak but
statistically significant positive correlation (r = 0.251, p < 0.01), while organizational
factors demonstrated a moderate positive and statistically significant relationship (r =
0.385, p < 0.01). These results indicate that higher levels of positive individual/system
perceptions and organizational support are associated with higher levels of EMR

adoption.

In contrast, policy and environmental factors showed a weak, statistically insignificant
relationship with EMR adoption (r = -0.054, p = 0.439), suggesting no observable linear
association in the study sample. These findings reflected associative relationships rather
than causal effects, as correlation analysis does not establish causality, and therefore,
no inference can be made that changes in individual, organizational, or environmental
factors directly lead to changes in EMR adoption. The observed relationships merely

indicate the magnitude and direction of the variables within the sample.

Table 4.8 Correlation Analysis

Individual Organization Policy & EMR
& System  al Factors Environmenta Adoption

Factors | factors
System- Pearson 1 730" 107 251"
RelatedFacto Correlation
rs Sig. (2-tailed) .000 123 .000
N 210 210 210 210
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*% *%x

Organization Pearson 730 1 .093 .385
al Factors Correlation

Sig. (2-tailed) .000 179 .000

N 210 210 210 210
Policy/ Pearson 107 .093 1 -.054
Environment Correlation
al factors

Sig. (2-tailed) .123 179 439

N 272 272 272 272
EMR Pearson 2517 385" -.054 1
Adoption Correlation

Sig. (2-tailed) .000 .000 439

N 272 272 272 272

**_Correlation is significant at the 0.01 level (2-tailed).

The strong positive correlation between Individual/System Factors and Organizational
Factors (r = 0.730, p < 0.01) indicates substantial conceptual proximity between these
constructs, suggesting that respondents who perceive EMR systems positively are also
more likely to report supportive organizational environments. While this raises a
potential concern for multicollinearity, it does not automatically imply construct
redundancy, as both variables remained theoretically distinct under the adoption

framework.

However, the magnitude of this correlation suggested a possible overlap in perceptual
measurement, where organizational readiness may partially shape individual
perceptions of system usability and vice versa. This reinforced the need for
multicollinearity testing to ensure statistical independence in regression estimation.

This was done using the VIF and tolerance test. The results are in table 4.9 below

Table 4.9 Test of Multicollinearity

Variable VIF Tolerance
Individual & System factors 2.149 0.465

63



Organizational factors 2.143 0.467
Policy & Environmental Factors 1.012 0.988

Table 4.9 shows the VIF values ranging from 1.012 to 2.149, confirming the absence
of multicollinearity. The VIF values indicate that multicollinearity is not severe enough
to bias coefficient estimates or inflate standard errors. Although the correlation matrix
suggested moderate overlap between individual/system and organizational constructs,
the VIF results confirm that this overlap does not reach levels that would compromise
the stability or interpretability of the regression coefficients. Therefore, each predictor

retains sufficient unique explanatory contribution within the model.

2. Regression Analysis

Regression analysis was conducted to examine the influence of the independent
variables on EMR adoption among clinics. The analysis aimed to determine the extent
to which demographic characteristics, EMR individual & system characteristics,
organizational readiness, and policy/ environment factors predict the level of EMR
adoption. Both linear regression and ordered logistic regression techniques were

applied in the study.

The variation in sample size across regression models is due to differences in missing
data patterns across variables included in each model. Linear regression models
employed listwise deletion of incomplete cases, resulting in an analytical sample of 210
observations for models involving composite indices. In contrast, the ordered logistic
regression models utilized a larger number of observations (n = 272) due to the
inclusion of categorical variables and fewer missing data constraints. This reflects

variable-specific missingness rather than inconsistency in data handling procedures.

4.2.3.5 Linear Regression Analysis of Demographic Variables and EMR Adoption
A linear regression analysis was conducted to examine whether demographic and
workplace characteristics significantly influenced EMR adoption. The independent
variables included gender, age group, years of experience, clinic location, and tenure,

while EMR adoption was treated as the dependent variable.

The regression model was statistically significant (F(5,266) = 5.71, p < 0.001),
indicating that the demographic variables jointly contributed to explaining variations in
EMR adoption. However, the coefficient of determination (R? = 0.0969) showed that
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only 9.69% of the variation in EMR adoption was explained by the demographic
variables. This suggests that demographic factors alone had relatively weak explanatory
power regarding EMR adoption. The low R? value observed suggests that EMR
adoption is influenced by a broader set of factors not fully captured in the model. This
suggests that while individual constructs explain part of the variation, other

determinants may play a critical but unobserved role.

At the individual variable level, clinic location emerged as the only statistically
significant predictor of EMR adoption ( =-0.607, p < 0.001). The negative coefficient
suggests that clinics located in certain areas were less likely to report higher levels of
EMR adoption. This finding may reflect disparities in infrastructure, financial
resources, technological access, or management support across clinics in Mombasa and

Nairobi.

Gender had a positive but statistically insignificant effect on EMR adoption ( = 0.019,
p = 0.839), indicating that male and female respondents did not differ significantly in
their likelihood of adopting EMRs. Age group also had an insignificant effect (f = -
0.036, p = 0.656), suggesting that age differences among healthcare workers did not
substantially influence adoption levels.

Similarly, years of experience (B = 0.067, p = 0.447) and tenure within the clinic (f = -
0.052, p = 0.397) were statistically insignificant. These findings imply that work
experience and duration of employment did not significantly determine the level of
EMR adoption in the clinics studied. The results suggest that demographic
characteristics play a limited role in influencing EMR adoption, with clinic location
being the only important demographic determinant identified in the analysis. The
results are in Table 4.10 below

Table 4.10 Linear Regression: Demographic Variables and EMR Adoption

EMR Adoption Coef. Std. Err. P>t
Gender .01933 .09507 0.839
Age Group -.03634 .08145 0.656
Experience .06726 .08838 0.447
Clinic Location -.60684 11653 0.000
Tenure -.05189 06120 0.397
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_cons 2.3912 18995 0.000

Model Summary

R-squared 0.0969

F(5, 266) 5.71
0.001

Prob > F

Observations 210

4.2.3.6 Regression: EMR Individual & System Characteristics and EMR Adoption
A regression analysis was conducted to examine the effect of EMR system
characteristics on EMR adoption while controlling for demographic variables. The
model included gender, age group, experience, clinic location, tenure, and the

composite EMR system variable.

The overall model was not statistically significant (F(6,203) = 1.65, p = 0.1352),
indicating that the included variables jointly did not provide a strong explanation of
EMR adoption. The coefficient of determination (R? = 0.0465) showed that the
variables explained only 4.65% of the variation in EMR adoption, reflecting weak
explanatory power. The relatively low R2 values in the regression model indicates that
EMR adoption is a multifactorial phenomenon influenced by additional latent or
unmeasured variables not captured in the current model specification. This suggests
that while individual and system constructs explain part of the variation, other

determinants may play a critical role.

Despite the weak overall model fit, EMR system characteristics had a positive and
statistically significant effect on EMR adoption (§ = 0.133, p = 0.011). This finding
indicates that improvements in EMR system usability, reliability, speed, accuracy, and
information sufficiency increase the likelihood of EMR adoption. In practical terms,
clinics are more likely to adopt EMR systems when the systems are perceived as user-

friendly, efficient, and reliable.

All demographic variables remained statistically insignificant within this model,
suggesting that system-related characteristics were more influential than demographic

attributes in determining EMR adoption.
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Table 4.11 Regression Analysis: EMR Individual & System Characteristics and
EMR Adoption

EMR Adoption Coef. Std. Err. P>t
Gender -.02780 07284 0.703
Age Group -.02446 06331 0.700
Experience -.04413 .06838 0.519
Clinic Location -.06930 11226 0.538
Tenure .00237 .05103 0.963
Indiv& System 13267 .05156 0.011
_cons 1.1409 .28098 0.000
Model Summary
R-squared 0.0465
F(6, 203) 1.65

0.1352
Prob > F
Observations 210

4.2.3.7 Regression Analysis of Organizational Readiness and EMR Adoption

A subsequent regression model incorporated organizational readiness alongside EMR
system characteristics and demographic variables. The purpose was to determine
whether organizational factors improved the prediction of EMR adoption. The model
was statistically significant (F(7,202) = 5.61, p < 0.001), indicating that the predictors
jointly influenced EMR adoption. The R2 value of 0.1629 showed that approximately
16.29% of the variation in EMR adoption was explained by the variables included in

the model, representing an improvement over the previous regression model.

Organizational readiness had a positive and statistically significant effect on EMR
adoption (3 =0.271, p <0.001). This finding suggests that clinics with strong leadership
support, adequate technical infrastructure, continuous staff training, sufficient
resources, and supportive workflows were significantly more likely to achieve higher
levels of EMR adoption.

Table 4.12 Regression Analysis: Organizational Readiness and EMR Adoption
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EMR Adoption Coef. Std. Err. P>t

Gender -.05845 .06866 0.396
Age Group -.00650 .05958 0.913
Experience -.03624 .06425 0.573
Clinic Location -.08766 10551 0.407
Tenure -.00320 04794 0.947
Indiv & System -.07573 06239 0.226
Org Readiness 27067 .05108 0.000
_cons .92204 26714 0.000

Model Summary

R-squared 0.1629

F(7, 202) 5.61
0.0000

Prob > F

Observations 210

4.2.3.8 Multiple Regression Analysis Including Policy Environment

The final multiple regression model incorporated policy/environmental factors
alongside EMR system characteristics, organizational readiness, and demographic
variables.

The model was statistically significant (F(8,201) = 5.31, p < 0.001), indicating that the
predictors jointly explained variations in EMR adoption. The R2 value of 0.1745
indicates that the model explained 17.45% of the variation in EMR adoption,
representing the strongest explanatory model among the linear regression analyses
conducted.

Organizational readiness remained the strongest and only statistically significant
predictor of EMR adoption (f = 0.278, p < 0.001). This confirms that organizational
readiness is the strongest predictor identified influencing EMR adoption in clinics.
The policy environment variable had a negative but statistically insignificant effect (3
=-0.062, p = 0.094). Although the coefficient suggests that the respondents perceived

policy support as weak, the effect was not statistically strong enough to draw firm
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conclusions. EMR system characteristics also remained statistically insignificant (f = -
0.079, p = 0.203), further reinforcing the dominant role of organizational readiness over
technical system qualities in explaining EMR adoption.

Table 4.13 Multiple Regression Analysis Including Policy Environment

EMR Adoption Coef. Std. Err. P>t
Gender -.0683429 .0686099 0.320
Age Group -.0034944 .0593242 0.953
Experience -.0408414 .0640224 0.524
Clinic Location -.0796977 1051463 0.449
Tenure -.0169602 .0484260 0.727
Indiv & System -.0794358 0621513 0.203
Org Readiness .2780137 .0510402 0.000
Policy/Environmental -.0622836 .0370354 0.094
_cons 1.115809 2898299 0.000

Model Summary

R-squared 0.1745

F(8, 201) 5.31
0.0000

Prob > F

Observations 210

4.2.3.9 Ordered Logistic Regression

An ordered logistic regression analysis was conducted to examine the influence of EMR
system characteristics, organizational readiness, policy environment, and demographic
variables on the level of EMR adoption in clinics. Ordered logistic regression was
considered appropriate because the dependent variable, EMR adoption, was ordinal in
nature and categorized into three ordered levels representing no adoption, partial

adoption, and full adoption.

The first ordered logistic regression model included EMR system characteristics,

organizational readiness, policy environment, gender, age group, professional role,
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experience, clinic location, and tenure as predictor variables. The overall model was
statistically significant (LR ¥2(9) = 41.28, p < 0.001), indicating that the independent
variables jointly contributed significantly to explaining variations in EMR adoption
levels. The pseudo R? value of 0.1418 suggests that approximately 14.18% of the
variation in EMR adoption was explained by the variables included in the model.
Although pseudo R2 values are generally lower than R2 values in ordinary least squares
regression, the value indicates a reasonable explanatory power for an ordered logistic

regression model.

The relatively low R2 values indicate that EMR adoption is a multifactorial
phenomenon influenced by other variables not captured in the current model
specification. This suggests that while individual, organizational, and policy-related
constructs explain part of the variation, other determinants not included in the model

may play a critical but unobserved role.

The results showed that organizational readiness had a positive and statistically
significant effect on EMR adoption (B =1.411, p <0.001). This implies that an increase
in organizational readiness significantly increases the likelihood of higher levels of
EMR adoption. Specifically, clinics characterized by strong leadership support,
adequate resources, workflow integration, continuous training, technical support, and
innovation culture were more likely to move from lower levels of EMR adoption to
higher levels such as partial or full adoption. The large positive coefficient further
indicates that organizational readiness was the strongest predictor of EMR adoption

among all the variables included in the model.

EMR system characteristics had a negative but statistically insignificant effect on EMR
adoption (B = -0.399, p = 0.191). This finding suggests that although factors such as
system reliability, ease of use, speed, accuracy, and information sufficiency are
important operational features, they did not significantly determine whether clinics
achieved higher levels of EMR adoption. This may imply that the existence of favorable
technical system features alone is insufficient to drive adoption without adequate

organizational support structures.

Similarly, the policy/environment had a negative and statistically insignificant effect

on EMR adoption (B = -0.275, p = 0.119). This indicates that government incentives,
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regulatory frameworks, policy support, and external funding mechanisms did not
significantly influence the likelihood of clinics attaining higher levels of EMR
adoption. The insignificance of the policy/environmental factor may suggest limited
implementation or effectiveness of existing policy support structures within the study

context.

Among the demographic variables, gender (B = -0.356, p = 0.286), age group ( = -
0.034, p = 0.904), professional role (B = -0.066, p = 0.714), experience (f =-0.189, p =
0.535), clinic location (p =-0.422, p = 0.415), and tenure (f = -0.095, p = 0.679) were
all statistically insignificant. These findings indicate that personal and workplace
demographic characteristics did not significantly determine the likelihood of higher

EMR adoption levels once organizational and system-related factors were considered.

Organizational readiness consistently emerged as the most significant predictor of EMR
adoption across all model specifications, indicating that structural and managerial
capacity within clinics exerts a stronger influence on adoption outcomes than either
individual perceptions or external policy conditions. This finding suggests that EMR
adoption is less a function of technological acceptance alone and more a reflection of
institutional preparedness, including leadership commitment, resource allocation,

workflow integration, and internal capacity-building mechanisms.

Clinics with stronger organizational capacity and readiness are significantly more likely
to achieve advanced levels of EMR implementation compared to clinics with weaker
organizational structures.

The consistent insignificance of policy and environmental factors across both linear and
ordered logistic models suggests that external institutional frameworks have limited
direct influence on EMR adoption within the study context. This may indicate either
weak enforcement of existing digital health policies, limited visibility of government
incentives at facility level, or a gap between policy formulation and implementation. It
may also reflect that clinics prioritize internal readiness over external incentives when
making adoption decisions, especially in resource-constrained private healthcare
environments.

The overall insignificance of demographic variables across models suggests that EMR

adoption is not primarily determined by individual human capital characteristics such
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as age, gender, or professional experience. Instead, adoption appears to be structurally
embedded within organizational systems, implying that even highly skilled or
experienced personnel are constrained or enabled by the institutional environment in
which they operate.

Table 4.14 Ordered Logistic Regression

EMR Adoption Coef. Std. Err. P>t
Gender -.3558172 .3337685 0.286
Age Group -.0336313 2779511 0.904
Experience -.1888777 3041428 0.535
Clinic Location -.4224179 .5183083 0.415
Tenure -.0950254 04794 0.947
Professional Role -.0658606 1794192 0.714
Indiv & System -.3994587 .3058007 0.191
Org Readiness 1.411118 .2903889 0.000
Policy/Environmental -.2746586 1764102 0.119
Number of obs = 272

LR chi2(9) =41.28
Prob > chi2 =0.0000
Log likelihood = -124.88408 Pseudo R2 =0.1418

A second ordered logistic regression analysis was conducted using only demographic
variables, namely gender, age group, experience, clinic location, and tenure, to assess
their independent influence on EMR adoption. The model was statistically significant
overall (LR ¥*(5) =27.09, p <0.001), indicating that the demographic variables jointly
contributed to explaining differences in EMR adoption. However, the pseudo R? value
of 0.0465 indicates that the explanatory power of the model was very low, with
demographic factors accounting for only 4.65% of the variation in EMR adoption
levels.

The findings showed that clinic location had a negative and statistically significant
effect on EMR adoption (p = -1.597, p < 0.001). This suggests that clinics located in
certain geographical areas were significantly less likely to attain higher levels of EMR

adoption. The strong negative coefficient may reflect disparities in infrastructure
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availability, technological support, internet connectivity, financial capacity, or
institutional support across clinic locations.

On the other hand, gender (B = 0.057, p = 0.817), age group (p = -0.096, p = 0.649),
experience (B = 0.164, p = 0.464), and tenure (p = -0.123, p = 0.440) were not
statistically significant predictors of EMR adoption. This indicates that differences in
personal demographic characteristics among healthcare workers did not significantly
influence the likelihood of achieving higher EMR adoption levels.

Overall, the second ordered logistic regression model suggests that demographic
characteristics have limited explanatory influence on EMR adoption, with clinic
location emerging as the only important demographic factor affecting adoption levels

among clinics.

Table 4.15 Ordered Logistic Regression

EMR Adoption Coef. Std. Err. P>t

Gender .0565407 2442942 0.817

Age Group -.0955698 2097494 0.649

Experience 1641337 2241548 0.464

Clinic Location -1.596936 3212362 0.000

Tenure -.1231256 1593601 0.440
Number of obs = 272

LR chi2(9) = 27.09
Prob > chi2 =0.0001
Log likelihood = -277.98122 Pseudo R2 = 0.0465

4.3.3 A Comparison of EMR Adoption and Implementation Experiences
Between Nairobi and Mombasa Private Dental Clinics

The third objective of the study was to provide a comparison of EMR Adoption and
implementation Experiences between Nairobi and Mombasa private dental clinics.
Comparisons were made based on perceived Benefits of EMR Use, challenges in
adoption and differences in Experiences between Nairobi and Mombasa. These were

analyzed qualitatively under the three themes as shown below:
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4.3.3.1 Distribution of EMR Adoption Status by County

The study assessed the level of Electronic Medical Record (EMR) adoption among
private dental clinics in Nairobi and Mombasa Counties. As shown in Table 4.15, a
total of 272 responses were analyzed, comprising 222 respondents from Nairobi and 50

respondents from Mombasa.

Findings from Nairobi indicated relatively higher levels of EMR adoption compared to
Mombasa. Among respondents from Nairobi, 94 (42.3%) reported full EMR adoption,
while 93 (41.9%) indicated partial adoption. Only 35 respondents (15.8%) reported

having no EMR system in their clinics.

In contrast, Mombasa demonstrated lower levels of EMR adoption. More than half of
the respondents in Mombasa, 27 (54.0%), reported no EMR adoption. Partial EMR
adoption was reported by 10 respondents (20.0%), while only 13 respondents (26.0%)
indicated full EMR adoption.

Overall, the findings suggest that private dental clinics in Nairobi exhibited
substantially higher levels of EMR adoption compared to clinics in Mombasa. The
observed variation may reflect differences in infrastructural capacity, organizational
readiness, technological exposure, financial investment, and access to digital health

support systems between the two counties.

Table 4.16 Distribution of EMR Adoption Status in Private Dental Clinics by
County

EMR Adoption Status Nairobi n (%) [Mombasa n (%) |Total n (%0)
No EMR Adoption 35 (15.8%) |27 (54.0%) 62 (22.8%)
Partial EMR Adoption |93 (41.9%) 10 (20.0%) 103 (37.9%)
Full EMR Adoption 94 (42.3%) 13 (26.0%) 107 (39.3%)
Total 222 (100.0%) (50 (100.0%) 272 (100.0%)
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4.3.3.2 Perceived Benefits of EMR Use

Across both Nairobi and Mombasa, respondents consistently described EMR systems
as improving efficiency, documentation speed, and patient care. In Nairobi, many users
emphasized the operational advantages of EMRs, particularly in streamlining
workflows and reducing manual workload. For instance, one respondent noted that
“EMR has improved record keeping and accessibility of patient information,” while
another stated that it “makes my work easy as a receptionist.” These sentiments reflect
a strong appreciation of EMR systems as tools that enhance daily clinical operations

and administrative processes.

Similarly, Nairobi respondents frequently highlighted efficiency gains and improved
service delivery, with one participant observing that EMR use “makes work easier and
efficient” and another describing it as “a lifesaver & should be adopted by all
healthcare providers.” The perception of EMR as an essential component of modern
clinical practice was also evident in statements such as “EMR is an important tool in
the modern dental practice” and “EMR is the future of practice.” These expressions
indicate a high level of acceptance and normalization of digital systems within Nairobi-

based clinics.

In Mombasa, although fewer respondents had extensive hands-on experience, those
who had used EMRs reported similar benefits. One participant explained that “EMR
has been efficient and easy to use, making documentation easier to find and refer to,”
while another noted that “going paperless and having all data in just a click makes life
easier at the clinic.” Even among those anticipating adoption, EMR was viewed
positively as a system that would improve record-keeping and efficiency. A respondent
who had not fully implemented EMR stated that “record keeping would be more

seamless, ” indicating expectations of improved organizational performance.

Overall, the perceived benefits across both regions converge around improved
efficiency, faster documentation, better accessibility of records, enhanced data security,
and improved patient care. However, Nairobi respondents tend to articulate these
benefits from lived experience, whereas Mombasa respondents often express them as

anticipated or partially experienced outcomes.
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The observed inter-county differences further suggest respondents perceived that EMR
adoption is spatially stratified, reflecting broader inequalities in digital infrastructure,
investment capacity, and institutional maturity. Nairobi’s higher adoption levels likely
reflect its concentration of better-resourced facilities and stronger digital ecosystems,
whereas Mombasa’s mixed adoption patterns indicate uneven diffusion of health
digitalization technologies across less centralized or resource-limited clinical
environments. However, because infrastructure and digital ecosystem maturity were

not directly measured, these findings should be interpreted cautiously.

4.3.3.2 Challenges of EMR Adoption

Despite the generally positive perception, respondents from both Nairobi and Mombasa
identified several challenges that hinder effective EMR adoption. The most frequently
cited challenges relate to infrastructure limitations, particularly internet connectivity
and power supply. A Nairobi respondent stated that “internet/power outages”
significantly affect system use, while another emphasized that “internet failure greatly
affects this.” These disruptions were consistently reported as major barriers to

continuous and reliable EMR utilization.

Technical issues also emerged as a critical challenge. Respondents reported “fechnical
glitches,” “system downtime,” and instances where “data is sometimes lost” OccCurs.
One participant noted that “technical breakdowns’ interfere with operations, while
another highlighted that “when a patient revisits, it’s much easier to get their
information,” but only when the system is functioning properly, implying vulnerability
during system failures. These concerns point to reliability issues that can undermine

trust in EMR systems.

Cost-related challenges were more prominently emphasized in Mombasa, where
respondents frequently mentioned financial constraints as a barrier to adoption. One
respondent observed that “EMR are sometimes costly,” while another noted “high
maintenance cost... including Internet costs and infrastructure.” Similarly, a
participant indicated that “cost efficiency is very important for all clinics to adapt to
EMR in Kenya,” suggesting that affordability remains a key determinant of adoption in

resource-constrained settings.
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Training and capacity gaps were also widely reported in both regions. Nairobi
respondents expressed concerns such as “lack of training, ” and one noted that “we are
not well trained and haven’t consistently been active to utilize the other aspects.”
Another respondent emphasized that “regular training is missing,” highlighting the
need for continuous capacity building. In Mombasa, training challenges were often
linked to limited exposure and adoption, with one respondent stating “lack of training
of the assistant” as a barrier. These findings suggest that insufficient training not only

limits effective use but also contributes to the underutilization of system features.

Staff resistance and organizational culture further influenced adoption. In Nairobi,
some respondents pointed out that “staff resistance” and reliance on traditional
methods hinder full utilization of EMR systems. One participant explained that “the
Drs trust paper and are so used to the system,” while another noted that “most EMR
systems are built... not with the dentist in mind,” contributing to reluctance in adoption.
Similarly, in Mombasa, resistance was reflected in statements such as “staff resistance”
and “the leadership doesn’t support it and doesn’t wish to change from what is
written.” These narratives indicate that human and institutional factors play a

significant role in shaping adoption outcomes.

4.3.3.3 Differences in Experience Between Nairobi and Mombasa

A key distinction between the two regions was in the level of exposure and integration
of EMR systems. Nairobi respondents generally demonstrated deeper experience with
EMR systems, often using them as core components of clinical workflows. This was
reflected in statements such as “we depend on EMR for invoicing and billing,” and
“smooth workflow from one employee to another even after your shift has ended.” Such
comments indicated that EMR systems are embedded in daily operations, making

clinics highly dependent on their functionality.

In contrast, Mombasa respondents exhibited more varied experiences, with some clinics
fully adopting EMR while others have not implemented it at all. Several respondents
indicated limited or no usage, with statements such as “we don’t have a system yet, we
use only Excel sheets to summarize our patients,” and “we are hoping to install one as
the clinic grows.” Others expressed conditional adoption, suggesting that EMR would

be more suitable in larger or better-resourced settings: “for this clinic... I don’t think
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an EMR would contribute positively... since it’s small.” This reflected a more cautious

or gradual approach to adoption in Mombasa.

Another notable difference was the presence of offline or hybrid systems in Mombasa.
Some respondents reported using EMR systems that do not require internet
connectivity, with one stating, “Our EMR works offline, so we do not need internet.”
This contrasts with Nairobi, where cloud-based or internet-dependent systems appear
more common, making clinics more vulnerable to connectivity disruptions but also

more integrated into digital ecosystems.

Despite the challenges, overall attitudes toward EMR systems remained largely positive
in both regions. Many respondents expressed strong support for continued or increased
adoption. For example, one Nairobi respondent stated, “EMR is a lifesaver & should
be adopted by all healthcare providers,” while another emphasized that “EMR
improves staff coordination and reduces errors, thereby improving workflow.” These

statements reflect a belief in the transformative potential of EMR systems.

In Mombasa, positive perceptions were also evident, though often accompanied by
conditionality or future-oriented perspectives. One respondent noted that “EMR is good
and easy,” while another indicated that “it would be nice to have an EMR for the
clinic.” However, concerns about cost, infrastructure, and readiness contrasted these
positive reviews, suggesting that adoption is influenced not only by perceived
usefulness but also by contextual constraints.

4.4 Summary of Findings

The findings of the study indicate that Electronic Medical Records (EMR) adoption
among private dental clinics in Nairobi and Mombasa is shaped by a combination of
individual, organizational, and environmental factors, with organizational factors
emerging as the most influential. The findings for the first objective indicate that socio-
demographic and clinic characteristics have a limited influence on EMR adoption
among private dental clinics in Nairobi and Mombasa. The study established that most
of the workforce is relatively young, predominantly female, and moderately
experienced, with the majority of clinics being small or medium-sized sole

proprietorships.
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EMR adoption was almost evenly split between partial and full adoption, suggesting
gradual digital transformation across the sector. However, Chi-square analysis revealed
that among all the variables examined, only age group had a statistically significant
relationship with EMR adoption, while gender, years of experience, clinic size, clinic
ownership, and location showed no significant association. This implies that
demographic and structural characteristics of clinics do not independently determine
EMR adoption, and that adoption is likely influenced by other underlying factors
beyond basic socio-demographic attributes.

For the second objective, the findings show that individual, organizational, and
policy/environmental factors collectively influence EMR adoption, although their
effects differ in magnitude and significance. At the individual level, respondents
expressed strong agreement that EMR systems are user-friendly, reliable, easy to learn,
and useful for clinical decision-making, indicating positive perceptions that support
adoption. Similarly, organizational factors such as leadership support, availability of
resources, workflow integration, and technical support were highly rated, although
continuous training emerged as a relatively weaker area. In contrast, policy and
environmental factors were generally perceived as weak, with respondents reporting
limited government incentives, moderate policy support, and mixed views on
regulatory challenges and external funding. Inferential analysis further showed that
organizational factors had a significant positive effect on EMR adoption and were the
only statistically significant predictor in the regression model, while individual/system
and policy/environmental factors did not show significant independent effects. This
highlights the central role of internal organizational capacity in driving EMR adoption

compared to individual perceptions or external policy conditions.

On the final objective, the qualitative comparison of EMR adoption and implementation
experiences between Nairobi and Mombasa reveals both similarities and contextual
differences. In both regions, respondents consistently reported benefits such as
improved efficiency, faster documentation, better record accessibility, enhanced patient
care, and reduced workload. However, Nairobi clinics demonstrated deeper integration
of EMR systems into daily operations, with many respondents describing EMR as
essential to workflow, billing, and coordination of services. In contrast, Mombasa

clinics showed more varied experiences, with some fully adopting EMR systems while
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others relied on manual processes or were in the early stages of adoption. Common
challenges across both regions included internet and power outages, technical system
failures, inadequate training, staff resistance, and high costs, though cost and
infrastructure constraints were more prominently emphasized in Mombasa. Overall,
while attitudes toward EMR systems were largely positive in both regions, Nairobi
reflects more mature and experience-driven adoption, whereas Mombasa reflects a
more cautious, resource-constrained, and uneven adoption landscape shaped by

organizational readiness and infrastructural limitations.

CHAPTER FIVE
DISCUSSIONS, CONCLUSIONS, AND RECOMMENDATIONS

5.1 Introduction

This chapter concludes the study, summarizes its findings, draws conclusions based on
the results, and provides suggestions for future research and policy interventions in line
with the study's objectives. The chapter concludes with a discussion of the limitations
that were encountered and recommendations for further research based on these

limitations
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5.2 Summary of the Study

The main purpose of the study was to investigate the factors influencing EMR adoption
among private dental clinics in Nairobi and Mombasa Counties, Kenya. Guided by the
Diffusion of Innovations (DOI) theory and the Technology Acceptance Model (TAM),
the study examined how individual, organizational, and policy-level factors shape the
decision to adopt and integrate EMRs in routine dental practice. A quantitative
analytical cross-sectional quantitative design was employed, and data was collected
using a structured online questionnaire and analyzed using descriptive statistics, chi-
square distribution tests, and inferential analysis using chi-square tests, correlation
analysis, and ordered logistic regression analysis to determine the association and
predictive influence of individual and system-related, organizational, and
policy/environmental factors on varying levels of EMR adoption among private dental

clinics.

From the findings of the study, EMR adoption among private dental clinics in Nairobi
and Mombasa is influenced by a combination of clinic-related, organizational,
individual/system, and policy-level factors, with organizational readiness playing the
most central role in shaping adoption outcomes. The Chi-square analysis revealed
statistically significant associations between EMR adoption and clinic location, clinic
size, and clinic ownership, while socio-demographic variables such as gender, age
group, and years in healthcare did not show significant associations. This finding
suggests that structural and organizational characteristics of clinics, including
operational scale, ownership structure, resource capacity, and geographical context, are
more important in influencing EMR adoption than the personal demographic
characteristics of healthcare workers. Clinics located in Nairobi demonstrated higher
levels of EMR adoption than clinics in Mombasa. Although these regional differences
may reflect differences in contextual conditions, the present study did not directly

measure these factors.

The Pearson correlation analysis revealed that individual & system factors and
organizational factors have positive and statistically significant relationships with EMR
adoption. This indicates that improvements in user-related perceptions such as
usability, reliability, ease of learning, and perceived usefulness, as well as

organizational aspects like leadership support, resource availability, workflow

81



integration, and technical support, are associated with higher levels of EMR adoption.
Among the independent variables, organizational factors exhibited a stronger positive
relationship with EMR adoption compared to individual & system factors, suggesting
that organizational support plays a more influential role in shaping adoption outcomes.
In contrast, policy and environmental factors showed a weak and statistically
insignificant relationship with EMR adoption, implying that external regulatory and
environmental conditions have limited direct influence on adoption decisions within

the sampled clinics.

The regression analyses further revealed that organizational readiness was the only
consistent and statistically significant predictor of EMR adoption across the regression
models. This highlights the critical role of leadership support, workflow integration,
technical infrastructure, staff training, resource availability, and internal coordination
in influencing EMR adoption decisions. Although individual/system factors initially
demonstrated a positive and statistically significant effect on EMR adoption, their
influence became statistically insignificant after organizational readiness was
introduced into the regression models. Similarly, policy/environmental factors did not
show statistically significant independent effects on EMR adoption. Overall, the
regression results underscore that organizational readiness is the primary driver of EMR
adoption in private dental clinics, while individual/system and policy-related factors

play a comparatively limited role in predicting adoption outcomes.

The ordered logistic regression analysis further reinforced these findings by
demonstrating that organizational readiness significantly increased the likelihood of
clinics achieving higher levels of EMR adoption, including progression from no
adoption to partial and full adoption. The findings further showed that demographic
variables had limited explanatory power regarding EMR adoption, although clinic
location emerged as a significant determinant in the demographic-only ordered logistic
regression model, suggesting the existence of regional disparities in infrastructure,

technological access, and institutional support between clinics.

Quialitative insights complemented these quantitative findings by providing deeper
contextual understanding of the factors influencing EMR adoption. Respondents
consistently highlighted leadership support as a critical enabler, noting that clinics

where management actively championed EMR implementation experienced smoother
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transitions and higher levels of system utilization. Leadership commitment was
described as essential in ensuring that adequate resources are allocated, expectations
are clearly communicated, and EMR use is prioritized within daily operations. Staff
training also emerged as an important facilitator, with respondents indicating that
continuous training improved user confidence and reduced resistance among staff. Over
time, as users became more familiar with the system, adoption became more seamless

and integrated into routine clinical workflows.

Several barriers were identified across clinics in the study. High costs associated with
purchasing, implementing, and maintaining EMR systems were frequently cited as
major constraints, particularly for smaller clinics and clinics operating in resource-
constrained settings. Technical challenges such as unreliable internet connectivity,
power interruptions, and occasional system downtime were also reported to hinder
consistent use, often disrupting workflow and forcing clinics to revert temporarily to
manual record-keeping systems. Resistance to change among some staff members was
another recurring theme, commonly linked to fear of increased workload, preference
for traditional paper-based systems, and limited familiarity with digital technologies.
Additionally, inadequate technical support, inconsistent training, and limited
infrastructure were identified as challenges affecting the effective integration and
sustained utilization of EMR systems within daily clinical operations.

Overall, the qualitative findings reinforce the quantitative results by showing that while
EMR adoption is influenced by multiple factors, organizational readiness, leadership
involvement, internal capacity-building efforts, and institutional support structures are
the most critical drivers of successful implementation. Clinics that invest in training,
technical infrastructure, workflow integration, and supportive organizational cultures
are better positioned to overcome technical, financial, and behavioral barriers, thereby
enhancing the effective adoption and utilization of EMR systems.

5.3 Discussion of Results

5.3.1 Clinic Size, Location, and Healthcare Worker Demographics on EMR
Adoption

The first objective of the study aimed to examine the influence of clinic characteristics

and healthcare worker demographics on EMR adoption. Chi-square analysis was used
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to examine this relationship. The findings revealed that clinic location, clinic size, and
clinic ownership had statistically significant associations with EMR adoption, while
demographic variables such as gender, age group, and years in healthcare did not show
significant relationships with EMR adoption. This indicates that EMR adoption is
influenced more by institutional and structural characteristics of clinics than by personal

demographic characteristics of healthcare workers.

The significant relationship between clinic location and EMR adoption suggests that
geographical context influences the adoption of EMR systems. Clinics located in
different regions may experience variations in infrastructure availability, internet
connectivity, technical support, and access to digital health resources, which in turn
affect adoption levels. This finding is consistent with studies such as Rahurkar et al.
(2015) and Mugo and Otieno (2021), which found that healthcare facilities located in
areas with stronger ICT infrastructure and greater exposure to digital health initiatives

tend to exhibit higher levels of EMR adoption.

Similarly, the significant association between clinic size and EMR adoption indicates
that larger clinics are more likely to adopt EMR systems compared to smaller clinics.
Larger facilities may possess greater financial resources, technical capacity, and human
resources necessary to support EMR implementation. This finding aligns with Boonstra
and Broekhuis (2010), who found that larger healthcare facilities are better positioned
to adopt health information systems due to economies of scale and better organizational

capacity.

The findings also revealed that clinic ownership significantly influences EMR
adoption. Differences in ownership structure may reflect variations in management
style, investment priorities, organizational culture, and decision-making processes.
Corporate-owned or partnership clinics may have stronger financial and administrative
capacity to support EMR adoption compared to sole proprietorship clinics. Similar
findings were reported by Chauhan et al. (2018), who observed that organizational
structure and ownership influence technological readiness and adoption decisions in

healthcare institutions.

However, the absence of statistically significant relationships between EMR adoption

and demographic variables such as gender, age group, and years in healthcare suggests
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that personal characteristics of healthcare workers do not independently determine
EMR adoption. This finding contrasts with studies such as Venkatesh et al. (2003),
which emphasize the importance of user characteristics in technology acceptance. The
current findings imply that organizational and clinic-level conditions may outweigh
individual demographic differences in influencing EMR adoption among private dental

clinics in Nairobi and Mombasa.

5.3.2 Individual, Organizational, and Policy Factors and EMR Adoption

The correlation analysis revealed that both individual/system factors and organizational
factors were positively and significantly associated with EMR adoption, while policy
and environmental factors exhibited a weak and statistically insignificant relationship.
Organizational factors demonstrated a stronger association with EMR adoption than
individual/system factors. However, the strong correlation observed between
individual/system factors and organizational factors (r = 0.730, p < 0.001) suggests
substantial overlap between these constructs. Although multicollinearity diagnostics
indicated acceptable VIF values, the high correlation implies that the independent
contribution of each construct should be interpreted with caution because some of the

explanatory variance may be shared.

The regression analyses showed that organizational readiness remained statistically
significant  after controlling for demographic, individual/system, and
policy/environmental factors. This finding suggests that perceptions of leadership
support, resource availability, workflow integration, technical support, leadership
support, and staff training were more strongly associated with higher EMR adoption
levels than the other factors included in the models. However, given the cross-sectional
nature of the study, these findings should not be interpreted as evidence that
organizational readiness causes EMR adoption. Rather, they indicate that clinics
reporting stronger organizational readiness also tended to report higher levels of EMR
adoption.

These findings are broadly consistent with studies by Boonstra and Versluis (2014),
Kimani et al. (2022), and Cresswell and Sheikh (2013), which identify organizational
conditions as important correlates of successful health information system
implementation. Nevertheless, the current study measured respondents’ perceptions of

organizational readiness rather than objective measures of leadership behaviour,
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organizational investment, or implementation practices. Consequently, conclusions
regarding the actual effectiveness of leadership or organizational actions should be

made cautiously.

Although individual/system factors received highly positive ratings at the descriptive
level and demonstrated a significant bivariate relationship with EMR adoption, they did
not remain statistically significant in the multivariate models. One possible explanation
is that the effects of perceived usability, reliability, information quality, and ease of use
may partially overlap with organizational readiness, making it difficult to completely
disentangle their independent influences. Therefore, the finding that organizational
readiness remained significant should not be interpreted as evidence that
individual/system factors are unimportant. Instead, it suggests that organizational and

individual dimensions may operate jointly in shaping EMR adoption outcomes.

Similarly, policy and environmental factors did not emerge as significant predictors of
EMR adoption. Respondents generally reported weak government incentives and
mixed perceptions regarding policy support and external funding. However, the
absence of statistical significance should not necessarily be interpreted as evidence that
policy factors are irrelevant. The finding may reflect limited variation in respondents’
perceptions, measurement constraints, or the possibility that policy influences operate
indirectly through organizational processes rather than directly affecting adoption
decisions at the clinic level. Similar observations have been reported by Mahomed et
al. (2019), who found that national e-health policies alone are insufficient to guarantee

adoption unless accompanied by institutional implementation capacity.

Overall, the findings suggest that organizational readiness exhibits the strongest
statistical association with EMR adoption among the factors examined. However, the
results should be interpreted as evidence of association rather than causation, and
consideration should be given to the substantial overlap observed between
organizational and individual/system factors when drawing conclusions about their

relative importance.

5.3.3 Comparison of EMR Adoption Between Nairobi and Mombasa

The comparison of EMR adoption between Nairobi and Mombasa revealed notable

differences in adoption experiences and implementation patterns between the two
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counties. Qualitative findings showed that Nairobi clinics generally demonstrated more
advanced integration of EMR systems into routine operations, while Mombasa clinics

exhibited more varied and uneven adoption experiences.

The stronger integration of EMR systems in Nairobi may be attributed to better ICT
infrastructure, stronger digital ecosystems, improved access to vendors and technical
support, and greater exposure to digital health initiatives. Respondents from Nairobi
frequently described EMR systems as essential components of workflow management,
billing, coordination, and patient record management. These findings align with Mugo
and Otieno (2021), who reported that healthcare facilities in Nairobi exhibit higher
levels of digital health adoption due to stronger infrastructure and institutional support.

In contrast, Mombasa clinics reported greater challenges related to infrastructure
limitations, financial constraints, internet connectivity, and technical support. Some
clinics had not fully implemented EMR systems and continued to rely partly on manual
systems. These findings are consistent with Hassan et al. (2022), who found that
regional disparities in infrastructure and institutional support significantly affect digital

health adoption across counties in Kenya.

Both counties reported common challenges such as system downtime, internet and
power interruptions, insufficient training, staff resistance, and high implementation
costs. However, cost and infrastructural barriers appeared more pronounced in
Mombasa. These findings suggest that while perceptions toward EMR systems remain
generally positive across both regions, differences in contextual and institutional

conditions significantly shape adoption experiences.

The findings therefore demonstrate that EMR adoption is influenced not only by
internal organizational readiness but also by broader regional and infrastructural
environments. Clinics operating within stronger digital ecosystems are better positioned

to implement and sustain EMR systems effectively.
5.4 Conclusions

5.4.1 Clinic Size, Location, and Healthcare Worker Demographics on EMR
Adoption

The study concludes that clinic-related structural characteristics play a significant role

in influencing EMR adoption among private dental clinics. Specifically, clinic location,
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clinic size, and clinic ownership were found to have statistically significant associations
with EMR adoption, while healthcare worker demographic characteristics such as
gender, age group, and years in healthcare were not significantly associated with
adoption levels.

The findings suggest that institutional and structural conditions within clinics are more
important determinants of EMR adoption than individual demographic attributes of
healthcare workers. Clinics with stronger resource capacity, supportive ownership
structures, and favorable infrastructural environments are more likely to achieve higher
levels of EMR adoption. Therefore, EMR adoption in private dental clinics is shaped
more by organizational and contextual factors than by personal demographic

characteristics.

5.4.2 Individual, Organizational, and Policy Factors and EMR Adoption

The study concludes that organizational readiness is the strongest predictor identified
in this study. Organizational factors consistently emerged as the strongest and only
statistically significant predictor of EMR adoption across the regression models. This
indicates that leadership support, technical infrastructure, staff training, workflow
integration, innovation culture, and resource availability are critical drivers of

successful EMR implementation.

Although individual/system factors demonstrated positive perceptions and significant
correlations with EMR adoption, they did not independently predict adoption once
organizational factors were considered. Similarly, policy and environmental factors did
not significantly influence EMR adoption despite moderate perceptions regarding
policy support and external funding. These findings suggest that external policy
frameworks and favorable user perceptions alone are insufficient to drive EMR

adoption without strong internal organizational capacity.

The study therefore concludes that successful EMR adoption depends primarily on
organizational preparedness and institutional support systems within clinics.
5.4.3 Comparison of EMR Adoption Between Nairobi and Mombasa

The The study concludes that notable differences exist in EMR adoption and
implementation experiences between private dental clinics in Nairobi and Mombasa.
The findings showed that Nairobi clinics generally reported higher levels of EMR
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adoption and greater integration of EMR systems into routine clinical and
administrative operations. In contrast, Mombasa clinics exhibited more varied adoption
patterns, with a larger proportion of respondents reporting partial adoption or continued

reliance on manual systems.

Qualitative findings further revealed differences in implementation experiences across
the two counties. Respondents from Nairobi more frequently described EMR systems
as integral to daily workflows, billing processes, and patient record management,
whereas respondents from Mombasa more often discussed challenges associated with
adoption and the continued use of alternative record-keeping approaches. Despite these
differences, respondents from both counties generally perceived EMR systems
positively and acknowledged their potential benefits for improving efficiency, record

accessibility, and patient care.

While the study identified significant regional differences in EMR adoption and
implementation experiences, it did not directly measure factors such as ICT
infrastructure, availability of technical support, financial capacity, or digital health
ecosystem maturity. Consequently, the study cannot conclusively attribute the observed
differences to these factors. Future research should investigate these contextual
variables directly to better understand the mechanisms underlying regional variation in
EMR adoption.

The study therefore concludes that EMR adoption patterns vary across counties and that
contextual factors may play an important role in shaping adoption experiences.
However, additional evidence is required to establish which specific regional

conditions contribute to these differences.
5.5 Recommendations

5.5.1 Recommendations for Practice

Organizational readiness emerged as the strongest factor associated with EMR
adoption. As such, private dental clinics should prioritize organizational preparation
before investing in new EMR technologies. Private dental clinic owners should conduct
organizational readiness assessments before selecting or implementing EMR systems.

These assessments should evaluate leadership commitment, staff readiness, workflow
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compatibility, resource availability, and technical support requirements to ensure

successful implementation.

Clinic managers should establish structured EMR implementation committees
comprising clinical, administrative, and technical personnel to coordinate adoption
activities. These teams should oversee user training, monitor system utilization, address
implementation challenges, and facilitate communication between staff and system
vendors. Given that continuous training received comparatively lower ratings than
other organizational factors, clinics should implement regular refresher training

programmes rather than relying solely on initial training during system installation.

The findings also suggest the need for differentiated implementation approaches based
on clinic size. Small clinics and sole proprietorships should adopt phased
implementation strategies beginning with core functionalities such as patient
registration, billing, and clinical documentation before expanding to more advanced
functions. Larger clinics, which often possess greater organizational capacity, should
focus on optimizing workflow integration, data analytics, and advanced system

utilization to maximize the benefits of EMR adoption.

Furthermore, clinics should develop formal technical support mechanisms, including
designated EMR champions or super-users within the facility who can provide first-
line assistance to staff and promote consistent system utilization. Strengthening internal
support structures may enhance organizational readiness and improve long-term EMR

sustainability.

5.5.2 Recommendations for Kenya Dental Association

The Kenya Dental Association (KDA) should develop Continuing Professional
Development (CPD) programmes focusing on EMR implementation, digital record
management, and change management for private dental practitioners. In addition, the
Association should facilitate peer-learning forums where clinics with successful EMR
implementation can share practical experiences and lessons with clinics at earlier stages

of digital transformation.

5.5.3 Recommendations for EMR Venders
EMR vendors should tailor their products to the operational needs of private dental

clinics by providing structured onboarding, post-implementation technical support,
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periodic refresher training, and responsive maintenance services. Vendors should also
design scalable solutions that accommodate the varying financial and operational

capacities of small, medium, and large clinics.

5.5.4 Recommendations for Policy

Because policy and environmental factors were not statistically significant predictors
of EMR adoption in this study, policy recommendations should focus on creating
enabling conditions rather than assuming that policy interventions alone will increase
adoption. The Ministry of Health should continue strengthening the national digital
health agenda by developing implementation guidance tailored to private outpatient
facilities, including dental clinics. The Kenya Medical Practitioners and Dentists
Council (KMPDC) should encourage digital record management through professional
guidance, dissemination of best practices, and incorporation of EMR preparedness into
quality improvement initiatives for private dental facilities. County Departments of
Health should collaborate with professional associations to provide technical support,
awareness programmes, and implementation guidance for private dental clinics
transitioning to EMR systems. Such tools would assist facilities in identifying
weaknesses in training, workflow integration, leadership support, and resource

allocation before implementation.

Professional associations and regulatory agencies should also facilitate knowledge-
sharing platforms where clinics with successful EMR implementation experiences can
share lessons, challenges, and practical solutions with facilities at earlier stages of
adoption. This approach may be particularly beneficial for smaller clinics with limited

implementation experience.

Finally, future policy interventions should be informed by additional research
examining the specific contextual factors underlying regional differences in EMR
adoption. Since this study did not directly measure infrastructure quality, financial
capacity, or technical support availability, further evidence is needed before

recommending targeted infrastructure or funding interventions.

5.6 Limitations of the Study

Several limitations should be considered when interpreting the findings of this study.

First, the study employed a cross-sectional research design, which captured
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respondents’ perceptions and EMR adoption status at a single point in time.
Consequently, the study identified associations among variables but could not establish
causal relationships. For example, while organizational readiness was significantly
associated with EMR adoption, it cannot be concluded that organizational readiness
causes higher EMR adoption levels. It is equally possible that clinics with more
advanced EMR systems subsequently develop stronger organizational support
structures. A longitudinal design would have provided stronger evidence regarding the

direction and evolution of these relationships over time.

Secondly, the study relied heavily on self-reported data obtained through
questionnaires. As a result, the findings reflect respondents’ perceptions rather than
objective measures of organizational readiness, leadership behaviour, technical
capacity, or EMR utilization. Respondents may have overestimated or underestimated
the extent of organizational support, system effectiveness, or adoption levels due to
recall bias, social desirability bias, or subjective interpretation of survey items.
Although anonymity and confidentiality were emphasized during data collection to
reduce response bias, the possibility of perception-based measurement error cannot be

entirely ruled out.

Further, the study identified a relatively strong correlation between individual/system
factors and organizational factors. Although multicollinearity diagnostics indicated
acceptable statistical thresholds, the overlap between these constructs may have
reduced the ability to fully isolate their independent effects on EMR adoption.
Consequently, the finding that organizational readiness emerged as the only significant
predictor should be interpreted with caution, as some of its explanatory influence may

overlap with individual- and system-level factors.

Additionally, the study was restricted to private dental clinics located in Nairobi and
Mombasa Counties. While these counties represent important urban healthcare settings
in Kenya, the findings may not be directly generalizable to rural clinics, peri-urban
facilities, public healthcare institutions, or larger hospitals. Organizational structures,
resource availability, patient volumes, and technological environments may differ
substantially across these contexts. Therefore, the findings should be interpreted
primarily as evidence relating to urban private dental practice rather than the broader

Kenyan healthcare sector.
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Finally, although qualitative responses provided useful contextual insights, the study
relied primarily on brief open-ended questionnaire responses rather than on in-depth
qualitative methods such as interviews, focus group discussions, or case studies. This
limited the ability to explore complex organizational dynamics, leadership processes,
and contextual factors that may influence EMR adoption. A mixed-methods approach
incorporating richer qualitative data could have provided a more comprehensive

understanding of the mechanisms underlying the quantitative findings.

5.7 Suggestions for Further Studies

Future studies should employ longitudinal research designs to examine how EMR
adoption evolves over time and to establish clearer temporal relationships between
organizational readiness and adoption outcomes. Such studies would help determine
whether organizational readiness precedes adoption or develops as a consequence of

successful implementation.

Given the substantial overlap observed between individual/system factors and
organizational factors, future research should further investigate the interaction
between these constructs. Studies could examine whether organizational readiness
mediates or moderates the relationship between user perceptions and EMR adoption,

thereby providing a more nuanced understanding of the adoption process.

Future studies should also expand beyond urban private dental clinics to include public
hospitals, private hospitals, rural health facilities, and peri-urban clinics. Such
comparative studies would enhance the generalizability of findings and provide a
broader understanding of EMR adoption across different healthcare contexts within

Kenya.

In addition, future research should directly measure contextual factors that were not
objectively assessed in the present study, including ICT infrastructure quality, internet
reliability, technical support availability, financial capacity, vendor support, and
organizational investment in digital health systems. This would help explain regional
variations in adoption and provide stronger evidence regarding the determinants of

EMR implementation.

Finally, future studies should adopt mixed-methods approaches incorporating

interviews, focus group discussions, and case studies to explore how organizational
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culture, leadership practices, staff attitudes, and implementation experiences shape
EMR adoption. Such approaches would provide richer contextual insights and

complement quantitative findings on EMR adoption determinants.
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APPENDICES

Appendix I: Letter of Introduction & Consent form

Title of Study: Factors Influencing the Adoption of Electronic Medical Records

(EMRS) in Private Dental Clinics in Kenyan Cities

Dear Participant,

You are invited to participate in a research study conducted by Dr. Khadija Aliyan, an
MBA student specializing in Healthcare Management. This study is part of my
academic requirement and aims to explore the factors influencing the adoption of
Electronic Medical Records (EMRS) in private dental clinics within urban centers in

Kenya.

The purpose of this study is to understand the challenges and opportunities associated
with EMR adoption and how factors at the individual, organizational, and policy
levels affect the decision-making process. Insights from this research will contribute
to the development of strategies to improve the adoption and utilization of EMRs in
private dental clinics, ultimately enhancing service delivery and patient outcomes.

Participation Details:

e Participation in this study is voluntary.

e You will be required to complete a questionnaire that will take approximately
30 minutes of your time.

e The questionnaire includes questions about your perceptions, experiences, and

opinions regarding EMR adoption and use in your clinic.

Confidentiality:

e All information you provide will be kept strictly confidential.

e Your responses will be anonymized, and no personal identifiers, such as your
name or your clinic’s name, will be linked to the data.

e Data will be securely stored on password-protected servers and the
information you provide will be used primarily for academic research as part
of a Master’s thesis at Strathmore University. In addition to fulfilling

academic requirements, the findings will be shared with relevant health
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authorities, professional associations, and stakeholders to help improve
electronic medical record (EMR) adoption in private dental clinics and
strengthen digital health policies in Kenya.

Risks and Benefits:

There are no known risks associated with participating in this study.

When you contribute to this research, you will help provide valuable insights
that may improve the adoption and effectiveness of EMRs in private dental
clinics, ultimately benefiting the healthcare sector.

If you agree to participate, please confirm your consent by signing this form
(if administered physically) or selecting the consent checkbox before
proceeding to the online questionnaire.

Thank you for your time and valuable input. If you have any questions or
concerns regarding this study, please feel free to contact me at
kkaliyan@gmail.com or 0716765760.

You can also reach out to SU-ISERC in case of ethical concerns on
ethicsreview@strathmore.edu or +254730734418.

Sincerely,
Dr. Khadija Aliyan
MBA Student, Healthcare Management

Strathmore University.
Consent Statement:
I have read and understood the information provided above. | voluntarily agree

to participate in this research, with the understanding that I can withdraw at

any time and that my responses will remain confidential.

O I confirm and consent to the questionnaire.

[ 1 decline to consent the questionnaire.
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Appendix I1: Questionnaire

Research Title: Factors Influencing the Adoption of EMRs in Private Dental
Clinics in Kenyan Cities

Instructions for Respondents:

Complete all sections of the questionnaire.

Your responses will remain confidential and will be used for academic research
purposes only.

Section 1: Demographic and Clinic Information

1. Age:
[ 20-30 years
[1 31-40 years
(] 41-50 years

0 Above 50 years
2. Gender:

O Male
O Female

[ Prefer not to say
3. Professional Role:

[ Dentist

[0 Dental Assistant
0 Community Oral Health Officer
0 Administrative Staff
[ Other (please specify):

4. Years of Experience in the Healthcare Sector:
[ Less than 5 years
1 5-10 years
[0 More than 10 years

5. How long have you worked in this clinic?
(1 Less than 1 year
] 1-3 years
L] 4-6 years
[J More than 6 years

6. Clinic Location
O Nairobi
O Mombasa

7. Clinic Ownership Type:
[ Sole Proprietorship
O Partnership
O Corporate-Owned
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8.

9.

10.

Clinic Size (Number of Staff):
0 Small (1-5 staff)

0 Medium (6-15 staff)

[ Large (16+ staff)

What best describes the level of EMR adoption in your clinic?
O No EMR implemented

O Partial EMR implementation (limited functions only)

O Full EMR implementation (used across most clinical operations)

If EMR is used, what functionalities are active? (Select all that apply)
[ Patient registration

O Clinical history/notes
O Billing/invoicing

O Treatment planning

O Data reporting

[ Other (please specify):

If you selected “No EMR implemented,” please proceed to Section 4.

Sectio

n 2: Individual and System Factors

For clinics with EMR systems only.

Please indicate your level of agreement with each statement:
(1 = Strongly Disagree, 5 = Strongly Agree)

11

12.

13.

14.

15.

16.

17.

18.

19.

Statement 12345

. I am familiar with using EMR systems. Oooood
The EMR system is easy to learn. OoO0O00O0
It is easy to master the functions of the EMR system. OoO0O00O0
The EMR system is user-friendly. OoooonO
The EMR system is reliable in its performance. Ooooond

The speed of the EMR system is sufficient for my daily tasks. OO OO0

The EMR provides accurate and reliable information for clinical

. OoOo0oO0onO
decisions.
The EMR provides comprehensive and relevant patientdata. OO 000

The information is sufficient for my clinical documentation

ogooogono
needs.
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Statement 12345
: i ical i Ives it
20. When there is a technical issue, the support team resolves i Ooooog
promptly.
21. The EMR vendor provides reliable and effective support. OoOoood
22. | use the EMR as part of my daily tasks. Ooooond
23. | cannot complete my tasks without the EMR system. Ooooond
Section 3: Organizational Factors
Please indicate your agreement:
Statement 12345
24. Clinic leadership supports EMR adoption. OOooOooOod

25. The clinic provides adequate resources for EMR use. O O O O O

26. The EMR is well integrated into our workflow. OOooOooOod

27. The clinic provides regular technical support. OooOooOod

28. The clinic offers continuous trainingon EMRuse. OO OO O

29. The clinic encourages innovation in digital health. OO O OO

Section 4: Policy and Environmental Factors

Statement

30. There are government incentives for EMR adoption.

12345

oooon

31. The clinic faces regulatory challenges implementing EMRs. O O O OO

32. National policy supports EMR use in private clinics.

33. External funding influences EMR adoption.

Section 5: Perceived Outcomes

33. Benefits experienced from EMR use (Select all that apply)

O Improved patient care
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34.

35.

36.

[ Faster documentation
[0 Enhanced data security
[0 Reduced workload

O Increased efficiency

[ Better decision-making
O Other:

Challenges encountered (Select all that apply)
O High maintenance costs

O Staff resistance

O Internet/power outages

O Technical glitches

O Lack of training

[ Data security concerns

[ Other:

Statement

Overall, the EMR system has contributed positively to clinic
operations.

Please describe any other comments, experiences, or
suggestions regarding EMR use or challenges in your clinic.
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Appendix I11: SU IREC Ethical Approval Letter

Strathmore
UNIVERSITY

Ny

16% October 2025

Dr Alivan Khadija,
khadija.aliyané®strathmore.edu

Drear Dr Alivan,

RE: Factors Influencing Adoption of Electronic Medical Records Amongst

[t TS

This is to inform you that SU-I1SERC has reviewed and approved your above SU-masters research
proposal. ¥ our application reference number is SU-ISERC3023/25. The approval perind is from 16"™
Ocioher 2025 to 15" October 2026.

This approval is subject to compliance with the fn]hwing requirements:

i Omnly approved documents including (informed consents, study instruments, and MTA] will be
usedd

iil.  All changes including (amendments, deviations, and violations) are submitted for review and
approval by SU-ISERC,

iii.  Death and life-threatening problems and serious adverse events or unexpected adverse events
whether related or unrelated to the study must be reported to SU-ISERC within 72 hours of
notification

iw.  Anychanges, anticipated or otherwise, that may increase the risks or affect the safety or welfare
of study participants and others or affect the integrity of the research must be reported to 517-
ISERC within 72 hours

v.  Clearance for the export of binlogical specimens must be obtained from relevant institutions.

vi.  Submission of a request for renewal of approval at least 60 days prior to the expiry of the
approval peried. Attach a comprehensive progress report to support the renewal,

vii.  Submission of an executive summary report within 80 days of completion of the study 1o 50-
ISERC.

Before commencing your study, vou will be expected to obtain a research license from Mational
Commission for Science, Technology, and Innovation (NACOSTI) hitps:(research-

portalpacostigo ke! amd obtain other clearances needed,

Youry sincerely,

Mr Ambrose Rachier,
Chairperson; SU-ISERC

Ol Sangale Rd, Madaraka Estate. PO Box S9857-00000, Nairobi, Kemya, Tel +254 (0)203 034000
Email admissions@strathmore.edu wwow strathmore.edu
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Appendix IV: NACOSTI Ethical Approval Letter

i

NATIONAL COMMISSION FOR

el il bl SCIENCE TECHNDLOGY & INNOVATION

BefMo: 371467 Date of Issue: 12/November 2025

This is te Certify that Dr.. Khadija Khalid Aliyan of Sirathmore University, has been hcensed to conduct research as per the
provision of the Science, Technology and Inmovation Act, 2013 (Rev.2014) in Mombasa, Nairobi on the topic: FACTORS
INFLUENCING ADOPTION OF ELECTRONIC MEDICAL RECORDS AMONGST PRIVATE DENTAL CLINICS IN
NATROBI AND MOMBASA COUNTIES, EENYA. for the period ending - 12/ November 2026,

Licensa Mo: NACOSTI/P25/4182014

ITL4ET

Applicant Identificdtion Number
NATIONAL COMMISSION FOR
SCIENCE TECHNOLOGY &
NNOVATION

Verification QR Code

WA B N R L
| Y #*

WOTE: This is a computer geperated License. To verify the authenticity of this document,
Scan the QR Code using QF. scanner application.

See overleaf for conditions
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Appendix V: Similarity Report

Zﬂ tur"'"t""l Page 2 of 123 - Integrity Overview

12% Overall Similarity

The combined total of all matches, including overlapping sources, for each database.

Filtered from the Report
* Bibliography

* Quoted Text

* Cited Text

*  Small Matches {less than 8 words)

Match Groups Top Sources

. 266 Mot Cited or Quoted 12% 9%
Matches with neither in-text citation nor quotation marks

. 0 Missing Quotations 0%
Matches that are still very similar to source material

@ Internet sources
4% Publications
BY% = Submitted works (Student Papers)
= 0 Missing Citation 0%
Matches that have quotation marks, but no in-text citation

#® 0 Cited and Quoted 0%
Matches with in-text citation present, but no quotation marks
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