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Abstract

Background: Artificial intelligence (Al) is reshaping how
healthcare systems function — from how patients access
services to how diseases are tracked and how hospitals
manage their day-to-day operations. Yet despite growing
enthusiasm, empirical evidence on how frontline
professionals actually perceive these changes remains
limited, particularly in settings where digital health
infrastructure is still maturing.Methods: This cross-
sectional survey enrolled 185 participants drawn
purposively from healthcare, research, hospital
administration, and technology sectors. A structured, pilot-
tested questionnaire captured perceptions across four
domains: healthcare accessibility, disease prediction
efficiency, operational efficiency, and future Al priorities.
Descriptive statistics summarized response distributions,
and Pearson correlation analysis examined inter-domain
relationships.Results: Telemedicine-based rural access
garnered the strongest agreement (81.4%), followed by
general healthcare accessibility improvement (78.2%).
Epidemiological monitoring (73.0%) and outbreak
prediction (71.9%) were the most endorsed disease
surveillance functions. Operationally, reducing
administrative burden was cited most frequently (17.3%).
Correlation analysis revealed strong positive associations
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between healthcare accessibility and operational efficiency
(r = 0.724), and between disease prediction efficiency and
operational efficiency (r = 0.695). Data privacy (76.2%),
ethical governance (76.8%), and the need for digital
infrastructure investment (78.4%) emerged as the leading
concerns and future priorities.Conclusion: Healthcare
professionals broadly view Al as a meaningful tool for
extending service reach, improving surveillance capacity,
and streamlining clinical workflows. However, concerns
around data governance, infrastructure gaps, and training
deficits suggest that optimism alone will not drive adoption
— structured investment and policy attention are equally
essential.
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1. Introduction

The relationship between technology and healthcare has
never been straightforward. Innovation tends to arrive with
considerable promise, and Al is no different — except
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perhaps in the scale of what it is being asked to
accomplish. Over the past decade, Al-driven tools have
moved from experimental settings into clinical and public
health practice in ways that would have seemed ambitious
only a few years ago. Machine learning models now assist
with diagnostic imaging, natural language processing
supports clinical documentation, and predictive algorithms
help epidemiologists anticipate disease spread before
outbreaks fully materialize (Olawade et al., 2024).
Whether these developments translate into equitable,
measurable improvements in population health is a
guestion the field is still working through.

Part of what makes this moment consequential is context.
Healthcare systems globally are under strain — patient
volumes are rising, chronic disease burden is accelerating,
and the workforce required to meet demand is not keeping
pace (Rehman et al., 2021). In resource-constrained
settings, including many parts of South and Southeast
Asia, these pressures are more acute. Rural populations
frequently lack reliable access to specialist care,
diagnostic infrastructure is inconsistent, and administrative
inefficiencies compound the problem (Varnosfaderani &
Forouzanfar, 2024). Against this backdrop, Al-based tools
— telemedicine platforms, remote monitoring devices,
intelligent triage systems — are being positioned not as
luxury additions but as potential equalizers (Alowais et al.,
2023).

The evidence behind this optimism is, at least in certain
areas, reasonably compelling. Studies in radiology and
pathology have reported diagnostic accuracy
improvements in the range of 20-30% when Al-assisted
tools are used alongside clinicians, primarily because
these systems can process imaging data at a scale and
speed that human review cannot match (Da Silva, 2024).
Machine learning algorithms applied to population-level
datasets have demonstrated the capacity to identify
patterns preceding disease outbreaks, giving public health
authorities a degree of early warning that traditional
surveillance methods struggle to provide (Prosperi et al.,
2018). During recent health emergencies, Al-based
epidemiological platforms supported faster, more granular
decision-making than many conventional systems could
offer (Syrowatka et al., 2021).

Beyond clinical decision support, Al is generating interest
for its potential to reduce the operational friction that
consumes a disproportionate share of healthcare
resources. Administrative tasks — scheduling,

documentation, billing — account for a significant portion
of clinician time in many health systems (Johnson et al.,
2020). Automating or augmenting these processes could,
in principle, redirect professional capacity toward direct
patient care. Al-driven resource allocation tools have also
shown promise in improving bed management, staffing,
and equipment utilization, particularly in hospital settings
operating near or above capacity (Khalifa et al., 2024;
Bekbolatova et al., 2024).

That said, it would be misleading to present this picture
without its complications. The same systems that offer
efficiency gains also introduce risks that are not trivial.
Algorithmic bias — the tendency of models trained on non-
representative data to perform unequally across
demographic groups — remains a persistent concern in
health Al (Mhasawade et al., 2021). Data privacy is
another unresolved tension: the value of Al depends on
access to large, detailed health datasets, yet the collection
and use of such data raise legitimate questions about
consent, security, and governance (Williamson &
Prybutok, 2024). Implementation costs are prohibitive for
many health systems, and the human infrastructure
needed to support these technologies — trained staff,
interoperable systems, regulatory frameworks — is often
absent precisely where the need is greatest (Mandal &
Ghosh, 2023).

Much of the existing research on Al in healthcare focuses
on technical performance — sensitivity, specificity, model
accuracy. Fewer studies examine how the professionals
who would actually use these tools perceive their
potential, or what barriers they anticipate in practice. This
matters, because adoption ultimately depends on
institutional willingness and workforce readiness, not just
technical capability (Morgenstern et al., 2021).
Understanding how healthcare practitioners,
administrators, researchers, and technology specialists
view Al's role in public health — what they find credible,
what they remain skeptical about, and what they see as
the most pressing obstacles — offers a ground-level view
that technical benchmarks alone cannot provide.

This study was designed to gather precisely that kind of
evidence. Through a structured cross-sectional survey of
185 professionals working across health and technology
sectors, we examined perceptions of Al across four
domains: healthcare accessibility, disease prediction,
operational efficiency, and future implementation priorities.
The goal was not to adjudicate Al's potential in the
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abstract, but to understand how those closest to its
deployment are thinking about it — and where the real
work of integration still lies ahead.

2. Materials and Methods
2.1 Study Design

This study used a quantitative cross-sectional survey
design to assess professional perceptions of Al in public
health service delivery. The cross-sectional approach was
selected because it allows simultaneous measurement of
multiple variables within a defined population at a single
point in time — a design well-suited to perception and
attitude research where longitudinal tracking is neither
feasible nor necessary (Giuffré & Shung, 2023). A
structured questionnaire served as the primary data
collection instrument, chosen for its capacity to generate
standardized, comparable responses across a
professionally heterogeneous sample (Berger et al.,
2014). The study was conducted in accordance with the
ethical principles of the Declaration of Helsinki. All
participants provided informed consent prior to enrollment,
and no personally identifiable information was retained in
the dataset.

2.2 Study Population and Eligibility Criteria

The target population comprised professionals actively
engaged in healthcare delivery, health research, hospital
administration, or health technology development.
Participants were eligible if they: (a) were currently
employed in one of these four professional categories, (b)
had at least one year of relevant professional experience,
and (c) provided voluntary informed consent. Individuals
with no direct involvement in healthcare or health
technology operations were excluded.

A total of 185 participants were enrolled using purposive
sampling — a non-probability approach appropriate when
the research objective requires participants with specific
knowledge or experience relevant to the study constructs
(Shuaib, 2024). Purposive sampling was preferred over
random sampling here because the questions being asked
about Al implementation require experiential familiarity; a
general population sample would not yield informative
responses. The research team worked to achieve
proportional representation across all four professional
categories to reduce the risk of perspective bias in
aggregate findings (Marques et al., 2024).

2.3 Sample Size Justification

A sample of 185 was determined to be sufficient for the
planned correlation analyses. For Pearson correlation with
a two-tailed alpha of 0.05 and power of 0.80, detecting a
moderate effect size (r = 0.20) requires approximately 153
participants; this sample exceeds that threshold (Hirani et
al., 2024). No formal a priori power calculation software
output is reported, but the adequacy of the sample relative
to the planned analyses was considered during the design
phase.

2.4 Survey Instrument

The questionnaire was developed specifically for this
study and organized into two sections. The first section
collected demographic and professional information,
including age group, gender, and professional category.
The second section assessed perceptions across four
thematic constructs: (1) Al-based healthcare accessibility,
(2) disease prediction and epidemiological surveillance,
(3) operational efficiency of Al-enabled systems, and (4)
challenges and future priorities for Al implementation in
public health.

Items within the perception constructs used a five-point
Likert scale (1 = strongly disagree to 5 = strongly agree)
for attitudinal items, and multiple-select format for items
assessing operational benefits and implementation
challenges — allowing participants to identify all applicable
responses from a predefined list. Response percentages
for multiple-select items were therefore calculated as a
proportion of total selections rather than total respondents,
and this distinction is explicitly noted in the relevant results
tables.

Before full deployment, the instrument underwent a pilot
test with 20 professionals drawn from the same eligible
population but excluded from the main analysis. Pilot
testing assessed item clarity, estimated completion time,
and initial internal consistency. Items rated as ambiguous
by more than 25% of pilot participants were revised. The
final instrument demonstrated acceptable internal
consistency across constructs, with Cronbach's alpha
values ranging from 0.74 to 0.81, consistent with
thresholds recommended for social science survey
instruments (Allen et al., 2019).

2.5 Data Collection Procedure

Data were collected over an eight-week period through
two parallel channels. Online surveys were distributed via
professional networks and institutional contacts in
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healthcare and technology sectors; paper-based
guestionnaires were administered at selected healthcare
facilities where digital access was limited. Both formats
used identical item wording and response options to
ensure equivalence. Participation was entirely voluntary,
anonymous, and confidential. No compensation was
offered. Completed responses were reviewed for missing
data; questionnaires with more than 20% item non-
response were excluded from analysis. Eighteen
incomplete responses were excluded, yielding a final
analytic sample of 185.

2.6 Statistical Analysis

All data were analyzed using SPSS Version 26.0 (IBM
Corp., Armonk, NY). Descriptive statistics — frequencies,
percentages, and means — were used to characterize the
demographic profile of respondents and summarize item-
level response distributions. For multiple-select items
(operational benefits, challenges), frequencies and
percentages were reported relative to total selections.

Internal consistency of each construct was assessed using
Cronbach's alpha. Pearson product-moment correlation
coefficients were computed to examine bivariate
associations among the four primary study variables:
healthcare accessibility, disease prediction efficiency,
operational efficiency, and future Al priorities. The
Pearson coefficient r is defined as:

r=[(x ) I Ix x)?-(y )2

where x and y are individual construct scores, and x and
are their respective means. Construct scores were
computed as the mean of all valid Likert-scale items within
each domain. Statistical significance was set at p < 0.05
(two-tailed), and all reported correlation coefficients are
accompanied by their associated p-values. No corrections
for multiple comparisons were applied given the
exploratory nature of the analysis, though this limitation is
acknowledged (Badidi, 2023; Stasevych & Zvarych, 2023).

3. Results

3.1 Demographic and Professional Characteristics of
Respondents

The final sample comprised 185 participants spanning four
professional categories (Table 1). The majority of
respondents — 36.2% — fell within the 30-39 age
bracket, followed by those aged 20-29 (25.9%), 40-49
(24.3%), and 50 years or older (13.5%). The professional

distribution reflected a deliberate effort at balance:
healthcare professionals formed the largest subgroup
(37.3%, n = 69), followed by technology experts (25.4%, n
= 47), researchers (20.5%, n = 38), and hospital
administrators (16.8%, n = 31). Across all groups, 58.4%
of participants identified as male and 41.6% as female.

3.2 Perceptions of Al-Based Healthcare Accessibility

Perceptions of Al's contribution to healthcare access were
generally favorable across all items, though the degree of
agreement varied in ways that are worth examining
(Figure 1). Telemedicine as a vehicle for reaching rural
populations attracted the strongest consensus: 81.4% of
participants agreed or strongly agreed that Al-enabled
telemedicine meaningfully extends healthcare access in
underserved geographic areas. General healthcare
accessibility improvement followed closely at 78.2%,
suggesting that most respondents view Al not as a narrow
tool but as something with broad service delivery
implications.

More nuanced was the response to Al-assisted clinical
decision-making. Only 66.8% agreed that Al can reliably
support complex clinical decisions — the lowest
agreement rate in this domain. This is perhaps
unsurprising; clinicians and administrators tend to be more
cautious about delegating judgment to automated
systems, particularly when the decisions carry significant
patient safety implications (Varnosfaderani & Forouzanfar,
2024). Reducing patient wait times (69.5%) and improving
service delivery efficiency (73.6%) received intermediate
levels of support, indicating that while operational benefits
are recognized, they are not taken as given.

3.3 Al and Disease Prediction Efficiency

Disease surveillance functions attracted consistent, if
measured, endorsement across all five items examined
(Figure 2). Epidemiological monitoring registered the
highest agreement level in this domain at 73.0%, reflecting
a widely shared view that Al systems are particularly well-
suited to population-scale tracking tasks — analyzing
streams of clinical, environmental, and behavioral data in
ways that manual surveillance cannot match. Outbreak
prediction was close behind at 71.9%, and preventive
healthcare planning at 70.8%.

Early disease detection drew agreement from 69.7% of
respondents — a finding that aligns with the broader
literature on Al's utility in screening and triage contexts
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Table 1. Demographic and Professional Profile of Respondents. Distribution of 185 survey participants by age group, gender, and

professional category. Percentages are calculated from the total analytic sample (n = 185).

Variables Categories Frequency Percentage (%)
Age 20-29 years 48 25.9
30-39 years 67 36.2 40-49 years
45 24.3 50 years 25
13.5 Gender Male 108
58.4 Female 7 41.6
Profession Healthcare Professionals 69 37.3
Researchers 38 20.5 Hospital Administrators
31 16.8 Technology Experts 47
Al Impact on Healthcare Access
90
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Figure 1. Perceptions of Al-Based Healthcare Accessibility. Bar chart showing the percentage of respondents who agreed or strongly

agreed with each accessibility-related statement. Items are ranked by agreement level (highest to lowest).
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Role of Al in Disease Surveillance and Predictive

Healthcare
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Figure 2. Role of Al in Disease Surveillance and Predictive Healthcare. Bar chart depicting the distribution of agreement across five
disease prediction and epidemiological surveillance items. Data represent the proportion of respondents selecting "agree" or "strongly

agree."

Table 2. Operational Advantages of Al-Based Healthcare Systems as Perceived by Respondents. Frequencies and percentage
distributions of responses to a multiple-select item assessing perceived operational benefits of Al in healthcare. Percentages are

calculated from total selections (n = 763) rather than total respondents (n = 185), as participants could select all applicable responses.

Benefits Frequency Percentage (%)
Reduced administrative burden 132 17.3
Faster patient management 127 16.6
Better diagnostic support 124 16.2
Enhanced patient monitoring 121 15.8
Improved resource allocation 118 15.4
Reduced clinical errors 116 15.2
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(Prosperi et al., 2018). The lowest item in this category,
however, was diagnostic accuracy support at 67.6%. The
gap between population-level surveillance (where Al
performs consistently) and individual-level diagnosis
(where variability and edge cases are harder to manage
algorithmically) may explain the slightly lower confidence
here. This distinction matters: respondents appear to trust
Al more for monitoring large patterns than for making
case-level clinical determinations.

3.4 Operational Advantages of Al-Based Healthcare
Systems

Operational benefits were assessed using a multiple-
select item format, with 763 total selections recorded
across 185 respondents (Table 2). The most frequently
endorsed advantage was reduction of administrative
burden (17.3% of all selections, n = 132), which is
consistent with evidence that documentation and
scheduling tasks consume a disproportionate share of
clinical time (Johnson et al., 2020). Faster patient
management (16.6%) and better diagnostic support
(16.2%) followed, suggesting that respondents see Al's
operational contributions as extending meaningfully into
clinical workflow — not just back-office functions.

Enhanced patient monitoring (15.8%), improved resource
allocation (15.4%), and reduced clinical errors (15.2%)
completed the profile. The relative evenness of this
distribution is itself informative: rather than concentrating
value in one operational area, respondents saw Al as
contributing broadly across the healthcare system. That
said, the margins between items were narrow, and no
single benefit was seen as dramatically more
transformative than the others.

3.5 Correlation Analysis Between Study Variables

Bivariate Pearson correlations among the four primary
constructs revealed consistently positive and statistically
significant associations across all pairs (Figure 3). The
strongest relationship observed was between healthcare
accessibility and operational efficiency (r = 0.724, p <
0.001), suggesting that perceptions of smoother system
operations tend to co-occur with perceptions of broader
patient reach — plausibly because efficient systems are
better positioned to extend services without proportional
increases in cost or effort (Bekbolatova et al., 2024).

Disease prediction efficiency and operational efficiency
were also strongly correlated (r = 0.695, p < 0.001),

pointing to a perception that predictive capacity and
organizational performance are mutually reinforcing.
Future Al priorities correlated meaningfully with both
operational efficiency (r = 0.707, p < 0.001) and healthcare
accessibility (r = 0.653, p < 0.001), indicating that
respondents who prioritize future Al investment also tend
to rate current Al performance more positively — a
coherent pattern, though one that could partly reflect
optimism bias. The correlation between disease prediction
efficiency and healthcare accessibility was moderate and
significant (r = 0.681, p < 0.001).

3.6 Challenges and Future Priorities for Al
Implementation

Despite the broadly favorable perceptions documented
above, respondents identified a range of meaningful
barriers to Al deployment in public health practice (Table
3). Ethical governance emerged as the most frequently
prioritized concern, with 76.8% of participants selecting it
— a finding that suggests healthcare professionals are not
simply optimistic about Al's potential but are also attentive
to how it needs to be governed. Data privacy followed at
76.2%, consistent with broader patterns in the health Al
literature (Williamson & Prybutok, 2024).

Digital infrastructure investment attracted the highest
endorsement as a future priority at 78.4%, underscoring a
practical reality: the tools are of limited value in settings
where the underlying connectivity, computing capacity,
and interoperability standards are absent. Telemedicine
expansion was prioritized by 72.4% of respondents. On
the barrier side, limited infrastructure was identified by
58.4% as a current obstacle, followed by insufficient Al
training (54.6%) and high implementation costs (51.9%).
Taken together, these figures sketch a workforce that sees
the potential clearly but remains sober about what
sustained implementation actually requires.

4. Discussion
4.1 Overview

The findings from this survey offer a snapshot — imperfect
but informative — of how professionals embedded in
healthcare systems perceive Al's current and prospective
role in public health. Across accessibility, surveillance, and
operations, the overall tone was affirmative. But affirmative
is not the same as uncritical, and several of the more
granular findings reveal the kinds of nuance that
aggregate enthusiasm tends to obscure.
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Triangular Correlation Heatmap of Study Variables

Healthcare Accessibility (HA)

l 1.0

Dizease Prediction EMciency (DIF) E
- 0.6
Operational Efficiency (OF) | 0,724 0.695 0.4

0.2

Future Al Priorities (FC) 0.

Figure 3. Pearson Correlation Matrix Among Primary Study Variables. Heatmap or matrix figure illustrating bivariate Pearson
correlation coefficients (r) among the four main constructs: healthcare accessibility, disease prediction efficiency, operational

efficiency, and future Al priorities. All reported correlations are statistically significant at p < 0.001.

Table 3. Perceived Challenges and Future Priorities for Al Implementation in Public Health. Frequencies and percentages of
responses to a multiple-select item assessing barriers to Al adoption and future investment priorities. Percentages are calculated

relative to total respondents (n = 185).

Variables Frequency Percentage (%)
Data privacy 141 76.2
Limited infrastructure 108 58.4
Al training gap 101 54.6
High implementation cost 96 51.9
Ethical governance need 142 76.8
Digital investment 145 78.4
Telemedicine expansion 134 72.4
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4.2 Healthcare Accessibility and Telemedicine

The high endorsement of telemedicine-based rural access
(81.4%) may be the study's most practically significant
finding. Healthcare access in geographically dispersed or
infrastructurally disadvantaged settings has been one of
the persistent unsolved problems of health systems
globally, and Al-enabled telemedicine is increasingly
positioned as a structural solution rather than a
supplement (Varnosfaderani & Forouzanfar, 2024). The
fact that this item attracted the strongest consensus in the
entire survey — across professional categories that
otherwise differ considerably — suggests a degree of
cross-sector agreement that is not always present in
health technology discussions.

That said, the more modest support for Al-assisted clinical
decision-making (66.8%) introduces an important
counterweight. Respondents appear willing to trust Al with
logistics and access — getting the patient to the system —
but remain somewhat more hesitant about Al's role in what
happens once the patient is there. This tension between
Al as infrastructure and Al as decision-maker is well-
documented in the literature (Prosperi et al., 2018), and it
has practical implications for how Al tools should be
framed, communicated, and deployed in clinical contexts.

4.3 Disease Surveillance and Prediction

Epidemiological monitoring (73.0%) and outbreak
prediction (71.9%) attracted strong support, which is
consistent with a body of evidence showing that
population-scale data analysis is among Al's more reliable
applications in public health (Syrowatka et al., 2021). The
gap between surveillance confidence and diagnostic
confidence (67.6%) observed in this study echoes findings
elsewhere: Al systems trained on large, representative
datasets perform more consistently at the population level
than at the level of individual case assessment, where
heterogeneity, comorbidity, and contextual judgment are
harder to encode (Olawade et al., 2024).

What this suggests for practice is not that Al should be
excluded from diagnostic support, but that it should
probably be positioned as augmenting clinical judgment
rather than replacing it — a framing that may also help
close the confidence gap among skeptical practitioners
(Jungwirth & Haluza, 2023).

4.4 Operational Efficiency

The relatively even distribution of endorsements across

operational benefit items — with margins of roughly 1-2
percentage points separating the top and bottom
responses — suggests that respondents do not see Al's
operational contribution as concentrated in any single
area. This is broadly consistent with evidence that Al's
efficiency gains in healthcare tend to be systemic rather
than localized: improvements in administrative processing,
for example, free up time that translates into faster patient
throughput, which in turn reduces wait times (Johnson et
al., 2020). The interconnectedness of these effects may
also explain the strong correlation between operational
efficiency and accessibility observed in the correlation
analysis.

4.5 Governance, Infrastructure, and Barriers

The prominence of data privacy (76.2%) and ethical
governance (76.8%) among respondents' concerns
deserves careful interpretation. It would be tempting to
read high concern ratings as evidence of resistance to Al,
but the data do not support that reading — the same
respondents who flagged governance concerns also
expressed strong support for telemedicine expansion and
Al investment. A more plausible interpretation is that
healthcare professionals have a calibrated view: they want
the benefits, and they understand that realizing those
benefits requires getting the governance right first
(Mhasawade et al., 2021; Williamson & Prybutok, 2024).

The emphasis on digital infrastructure (78.4%) as a future
priority is perhaps the most grounding finding in the
dataset. Al systems, regardless of their sophistication, are
only as functional as the infrastructure they run on. In
settings where broadband connectivity is unreliable,
electronic health records are fragmented, or
interoperability standards are absent, even well-designed
Al tools will underperform (Bekbolatova et al., 2024). The
workforce recognizes this, and it is a signal that policy
discussions about Al in health cannot be confined to the
technology itself.

5. Conclusion

This study set out to understand how healthcare
professionals perceive Al's role in public health — and the
answer, in short, is cautiously optimistic. Strong
endorsement of telemedicine, epidemiological monitoring,
and administrative efficiency benefits suggests that
professionals across sectors see genuine value in what
these tools can offer. At the same time, the more
tempered response to Al in clinical decision-making,
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alongside prominent concerns about data privacy, ethical
governance, and infrastructure readiness, points to a
workforce that is thinking carefully rather than simply
following enthusiasm.

What these findings ultimately suggest is that the
conversation about Al in public health needs to move
beyond capability demonstrations toward implementation
science — understanding how to deploy these tools
equitably, responsibly, and sustainably in real-world health
systems. Technical potential alone will not close access
gaps or improve disease surveillance. What will is
sustained investment, clear policy frameworks, and a
workforce that is trained, supported, and trusted to lead
the integration.
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