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Abstract: Generative techniques in artificial intelligence (AI) and large language models in particular have proliferated in recent months
and years. Automation of traditionally human tasks introduces efficiencies, sometimes radically reducing the time required for certain
jobs or eliminating them altogether. But the c20onsequences of automation are uneven. For Al to be a net positive for society, it must
enhance social productivity and push the frontier of production and services further outward. In these discussions, hyperbole frequently
overshadows calm reflection about AI’s broader impact, whether for good or ill. Some parties have warned that this new technology is not
only fundamentally altering how humans create, work, and interact but, unless restricted, poses a risk not just to the future of work but
also to human civilization itself. Others view it as an opportunity to reach previously unattainable levels of productivity and social and
human progress. A balanced perspective demands asking how Al is affecting the delivery of health care a domain in which many processes
can theoretically be automated, providing opportunities for exceeding previous levels of productivity and human experience. Until recently,
the solution to such questions lay mostly in speculation. Indeed, conversations about AI and health care almost always revolved around
technology and machine learning development. Yet clinicians, care teams, and hospitals worldwide are now using Al tools and, in some
cases, responding to them as virtual team members. As this use of Al tools in health care spreads, it becomes possible to compare pre-Al
and post-Al situations. In principle, such comparisons should focus on the predefined substantive impact framework of health care
delivery rather than on speculating about AI’s potential influence on future delivery.
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1.Introduction

Comprehensive analysis of healthcare outcomes before and
after the introduction of artificial intelligence. The study
proposes a simple two-step model: first, an evaluation of
what is in the current environment; and second, an
assessment of what could be if an Al tool were used in that
environment. It subsequently examines the current state of
healthcare systems along those dimensions and assesses the
challenges, barriers, and general readiness for Al
integration. Together these aspects establish a baseline
against which the impact of the Al tool can be evaluated.

A variety of factors that impact the healthcare systems and
can affect the outcomes of Al tool deployment are assessed,
followed by the consideration of widely different
approaches taken in the study of outcomes post-
deployment. These are grouped into five areas of inquiry:
clinical efficacy and patient outcomes, operational
efficiency and access to care, safety, privacy, and ethical
considerations, contextual factors and variability across
settings, and influencing variables on the comparison of
outcomes across settings.

1.1. Overview of the Study and Objectives

The objective narratological structure seeks not only to
motivate the analysis and framing of hypotheses but also to
plug a gap in the available literature using an objective
scholarly tone, the introductory section presents the
research question along with associated hypotheses and the
expected contribution to the field, culminating in an
overview of the comparative analysis between pre- and
post-Al integration.

The recent surge of interest in Al, in combination with the
rapidly increasing availability of implementation gaming
resources, has equipped healthcare institutions with
numerous Al tools for varying degrees of operational
deployment. Mapping current healthcare practices reveals
operational workflows, strategy decision points, clinical
work patterns, and diagnostic & therapeutic delivery
approaches that interact with Al tools. This assessment is
enriched by the identification of factors that may facilitate
or hinder the successful design and implementation of Al
tools. In addition, systematic barriers and constraints that
predated integration are duly highlighted: long-standing,
prominent, and widely documented shortcomings of
healthcare systems that impeded Al tool use or deployment
readiness until their integration. With the growing range
and scope of operationally integrated Al tools, mounting
evidence of a positive impact on diagnostic activity, and
peer-reviewed publications of supervisory or advisory
support for Al and related tools, a comparison of core
healthcare outcomes before and after Al deployment now
warrants consideration.
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Figure 1: Bridging the Integration Gap: A Comparative
Narratological Analysis of Clinical Workflows and
Healthcare Outcomes in the Al Era

2.Conceptual Framework and Methodology

The analysis focuses on two distinct questions. First, it
catalogues the healthcare practices, activities, decisions,
and workflows that current healthcare ecosystems
undertake in conjunction with Al tools deployed in clinical
practice. Second, it identifies inefficiencies, knowledge
gaps, failure modes, or points of system fragility within
these healthcare ecosystems that impeded readiness for the
adoption of Al tooling prior to its introduction. The dual
analyses provide a comprehensive overview of both the
operation of pre-existing healthcare practice in a world now
augmented by Al and, conversely, a guide to the pressure
points in pre-Al healthcare systems that necessitated
attention before such tools could be deployed effectively.

The output of these analyses is a mapping of current
healthcare practice as a complex, tightly-coupled adaptive
ecosystem embedding external Al tooling. The resulting
patterns of flow, interdependence, and network
connectivity steer the selection of Al tooling and
governance approaches that will yield the greatest return on
investment in terms of resilience, efficacy, equity, and cost
when applied to healthcare delivery. These drivers of
success are channels of information flow: the core decision
points that connect hospitals, clinics, communities, and
convalescence facilities serve as repeatable scenarios for
implementation in the data-generating, training, validation,
and retraining mana-management workflows, both for
machine learning models and for the broader Al-enabled
healthcare ecosystem.

2.1. Evaluating the Impact of Current Healthcare
Practices on AI Integration

Current healthcare workflows shape how clinicians interact
with Al tools. The processes surrounding decision-making
points define the inputs fed into these systems and therefore
have a direct impact on the reliability of Al outputs. More
formal evaluations of the quality of input data, model

performance, and appropriateness of deployment are
necessary to mitigate risks. Diagnostics can be trained on
large datasets that reflect the patterns seen in the test
population, but even an accurate Al model will generate
errors if used for tasks outside its training domain. Using
these tools for clinical applications requires careful
consideration of whether the Al model can be expected to
perform well in that setting, a principle widely accepted for
non-Al algorithms.

Information technology has transformed nearly every other
industry, yet inefficiencies and shortcomings have
remained in healthcare delivery and clinical decision-
making. Many of these problems make integration with Al
systems challenging, if not impossible. System
performance has been variable and often unsatisfactory.
Therefore, the challenge in deploying Al tools is to
overcome the limitations that have previously impeded
attainment of the desired outcomes. These limitations must
be identified and addressed if large-scale. The successful
integration of Al tools will demonstrate whether modern
healthcare needs to remain content with its historical
results.
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Equation 1 Baseline Healthcare Outcome (Pre-Al)

Define the pre-Al outcome index:

K
Opre = 1OOZWL Si,pre
i=1

o The factor 100 expresses the score on a 0—100 scale.

| Metric H Direction HPre-AlHPost-Al|
|Diagnostic accuracy (%)HHigher betterHSS H92 |
|Adverse event rate (%) “Lower better “6.5 “5.2 |
|AVg wait time (days) “Lower better ||21 ||9 |
|
|
|

|[Lower better|[1200 |[1020
|Thr0ughput (cases/day) HHigher better”40 HSS
|Patient satisfaction (/10) HHigher better||7.1 HS.O

|Cost per case ($)

2.2. Assessing Challenges and Barriers in Pre-Al
Healthcare Systems

Prior to Al deployment, healthcare systems suffered from
various limitations, inefficiencies, and gaps that hindered
readiness to embrace such novel technologies. An
assessment of these issues provides insight into the extent
and nature of the challenges that must be overcome if Al
tools are to achieve their full potential.
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Historically, the quality of care provided has been
compromised by gaps in clinical expertise, misdiagnosis,
incompetent treatment planning, inadequate support for
critical decision points, misallocation of resources, and
untimely care delivery. Moreover, these services involved
excessive throughput times, high costs, and an inability to
cope effectively with morbidity and mortality. The
operational burdens imposed by these suboptimal
performance parameters necessitated heavier workloads for
human providers, eventually impeding the quality of care.
Given that larger teams were unable to consistently and
comprehensively address the many complexities of patient
care, an increase in human resources also raised the risk of
complications related to bias and data security breaches.

Although healthcare systems are generally able to mitigate
risk via data collection and historical information, these
activities can come at a substantial cost, particularly in
regions with scarce resources. For instance, bias or
systemic deficiencies in data-gathering quality can prevent
effective operation of Al engines for risk stratification,
diagnosis, treatment planning, and critical decision support.
The impact of historical data quality on current Al
performance also highlights the importance of data
governance and quality assurance, as private entities often
lack the responsibility, accountability, and protocols central
to these issues.

3.Baseline Healthcare Outcomes Prior to Al
Integration

Healthcare systems have been relying on humans for
diagnosing diseases and providing treatments for a long
time. Technologies, like new diagnostic tools, have
naturally helped inspire changes in traditional practice and
indirectly improved results. However, many of the current
operational flows, models, clinical pathways, and areas of
focus reflect proofs of concept rather than the combination
of tools and approaches best suited for optimizing the
efficacy of present-day practice? What are the current
limitations and pain points of these models and workflows
that could hinder a successful application and integration of
Al tools into healthcare?

The impact of these current healthcare processes on the
effective planning of Al tool integration and deployment
must be assessed by mapping the current practice models,
decision pathways, and operational workflows being
followed. The areas of decision-making in healthcare
delivery in which the current human processes are
insufficiently efficient or accurate or that require the
assistance of Al tools for optimized planning and resolution
those processes where handing off tasks or decision points
from human to Al is expected to provide an efficiency,
accuracy, or other gain must be identified. Addressing the
questions defined here will help determine not only what
has made it possible for organizations to incorporate Al
tools more easily but also what factors are presently driving
their successful implementation and integration into day-
to-day healthcare delivery.

Equation 2 Post-Integration Healthcare Outcome (Post-
Al)

Similarly, the post-Al outcome index is:

K
Opest = 100 )" Wi Sipuy
i=1

Metric Pre sclo)re (0| Post si())re (0- Weight
Diagnostic  accuracy 0.500 0.733 025
%) . . .
|Adverse eventrate (%)|| 0350 || 0480 | 0.20 |
|Avg wait time (days) || 0300 || 0700 ][ 0.15 ]
[Costpercase () ][ 0400 || 0580 | 0.15 |
Throughput 0.400 0.700 0.15
(cases/day)

Patient satisfaction
(10) 0.420 0.600 0.10

3.1. Baseline Metrics: Assessing Pre-Al Healthcare
Performance

A comprehensive evaluation of healthcare delivery before
the adoption of artificial intelligence (AI) must establish
baseline performance and contrast it against similar
measures thereafter. Such metrics encompass clinical
accuracy, patient safety, resource utilization, operational
throughput, and temporal demand across all sectors of care,
and include non-health factors such as economic
considerations and effects beyond the hospital walls.
Although published literature covers many of these aspects
separately, synthetic analyses comparing the relative merits
of different domains support desired decisions. These
comparisons form the basis for navigating the choices
posed by changing demand and disease distributions during
periods of health system expansion and contraction,
respectively.

A growing number of studies are also providing real-world
evidence of clinical and economic value in health system
segments developing or already deploying these
techniques. Definitive conclusions remain premature, since
investigations in non-research settings probably constitute
only a portion of the necessary experience to accumulate
meaningful action-altering outcomes in current clinical
practice. Three primary classes of variables have
nonetheless emerged: clinical efficacy, operational
effectiveness and efficiency, and safety, privacy, and
ethical issues. Clinical characteristics have been examined
in terms of patient outcomes (morbidity, mortality,
symptomatic improvement, and recovery), with common
benchmarking by disease state, care venue, and pathway.

3.2. Evaluating Pre-Integration Healthcare Status and
Challenges

Healthcare systems investigating Al implementation
provided little evidence of formal exploration within
delivery models. While pre-post driven comparisons
suggested potential for Al-driven technology optimally
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enhancing existing healthcare systems, results were
hindered by entrenched challenges, inefficiency, and absent
innovation culture, use of outdated technology, lack of
virtual delivery alternative, and the absence of home
monitoring. Successful Al deployment also necessitated
overcoming previous historical and established clinical
patterns and systems interacting with deployed Al tools.
Consequently, current factors actively impeding pre-
deployment integration remained poorly documented and
represented an impediment to forthcoming regulatory
guidance.

Despite the risks of addressing concerns, pre-integration
analysis illuminates’ challenges in pre-deployment
healthcare systems that require rectification before Al is
optimally deployed effectively becoming precursors to
future Al integration. Central Al deployment challenges
encompass significant cultural, organizational, and
governance alterations; reliable validation; ongoing
validation by external collaborators and medical societies;
readiness to adapt to Al-facilitated changes in decision-
making and workflow; and robust operational
cybersecurity governance. Indispensable current barriers
that need rectification before forthcoming Al integration
rest within available technology infrastructure, underlying
data quality, cybersecurity protocols governing external
access, holistic healthcare system governance and
integration, operational policies enabling adoption of new
technology, and comprehensive training issues spanning
users to clinical decision-makers.
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4.Al Integration: Tools, Deployment, and
Mechanisms

Healthcare systems continue to adopt a wide variety of Al-
assisted tools to support existing decision-making
workflows, enhance capacity while maintaining quality and
safety standards, unlock new care delivery pathways, and
support and augment clinical staff. These Al tools typically
fall into one of three broad categories: diagnostic assistants;
treatment-planning tools that predict outcomes of different
therapeutic options; and workflow-modification tools that
focus on changing and enhancing the description of specific
clinical workflows. Successful implementation is
influenced by a multilevel and multidisciplinary
implementation strategy that includes governance and

oversight, cross-functional teams, robust validation prior to
deployment, and effective change management to support
staff and coordinate the operationalization of the Al tools.

Al technologies have improved diagnostic accuracy and
sensitivity for a number of conditions while testing has
remained rapid, safe, widely available, and inexpensive or
free to patients. When patient-presenting data from the
population were combined with diagnostic test results that
previously defined access to treatment or care pathways,
new treatment-planning solutions emerged. For
symptomatic patients, the introduction of diagnosis,
treatment, and surgery followed by dedicated rehabilitation
have reduced morbidity, mortality, and suffering, leading
to recovery within a shorter time frame. Finally, the
completion of multi-OMIC testing required dedicated
resources for the interpretation of all the available results
and the determination of valid and personalized therapeutic
plans.

4.1. Key Strategies for Successful AI Implementation

A successful deployment of Al in healthcare demands a
structured plan that incorporates multidisciplinary
perspectives on the use, effect, and governance of models
during operation. A well-defined roadmap delimits
decision points.  Multidisciplinary ~ evaluation  of
deployment objectives helps hospitals select systems that
deliver the intended function. Health departments oversee
validation against performance benchmarks, ensuring
monitoring throughout healthcare tool use. Change
management prepares personnel for the transformation of
tasks and workflow around the new technology.

Al models rely on the quality of their training and
validation data in addition to their operating principles.
Tools are thus assessed for the quality of their development
and validation data, identifying classification and
population imbalances that can introduce bias in
application. Safety considerations focus on data security
and the protection of patient information trusted to the
system. External governance specifies parameters such as
acceptable levels for false negative detection rates and
model accountability, institutional oversight of AI model
application, conformance with data privacy regulations,
and patient consent for model use.

Illustrative outcome index vs Al integratien strength
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Equation 3 Outcome Improvement Measure

Absolute improvement:
|AO = Opost — 0

pre
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Metric-by-metric  decomposition (useful for “what
improved most” bar charts):

K
A0 = 100 Z w; (Si,post - Si,pre)

i=1

4.2. Evaluating the Impact of AI Tools on Healthcare
Delivery

Al capabilities address decades-old barriers and enable
novel applications and workflow alterations. Evidence
suggests enhanced diagnostic accuracy for cardiothoracic
imaging, diabetic retinopathy detection, and speech
recognition; improved treatment plan design for
radiotherapy; superior treatment administration for
malignant and cardiovascular conditions; increased
decision support for emergency medicine, dermatology,
pathology, and radiation oncology; and knowledge
retention during training for dermatology residents. Post-
deployment mechanisms promote real-time interaction
between human and Al agents and improve access to care,
especially in resource-constrained geographies, yet
opportunities for service development, enhancement, or
modernization remain unrealized.

Deployment governance that includes validation, testing,
compliance with privacy and safety regulations, and
harmonization with standards, protocols, and practices of
medical, legal, ethical, and data-sensitive institutions
mitigates misalignment, safety, and privacy risks and
enables safe, efficient, and trustworthy deployment.
Multidisciplinary teams, novel training paradigms that
stress human—AlI collaboration, a dedicated attention to
safety and risk management, and proactive change
management ensure that health systems, processes, and
people absorb and exploit Al technologies and related
changes in the organization of care delivery.

5.Comparative Outcomes Post-Integration

Recent decades have seen major advances in several
technologies that have the potential to reshape human
civilization, and researchers expect that the integration of
artificial intelligence techniques into service-oriented
professions will be a major milestone that transforms the
way these services are delivered. Healthcare systems in
many regions have begun to adopt Al techniques to assist
in such areas as the generation of medical imagery or the
diagnosis of skin and eye diseases. However, the initial
phase of such attempts has only begun, and the evidence for
the impact that these tools have had on healthcare delivery
remains preliminary.

The body of literature addressing the impact of Al on
healthcare delivery is growing rapidly. A wide variety of
Al techniques are being applied, focusing on different areas
of healthcare delivery in countries with different resources
and needs. Such a variety raises the question of what
evidence exists on the impact of Al applications on
healthcare delivery, patient outcomes, safety, and
accessibility, and whether fundamental factors influence
these results.

The analysis begins with an examination of benchmarks in
clinical and operational performance established by current
healthcare practices prior to the integration of Al tools,
along with the associated challenges and barriers that
limited the effectiveness of healthcare systems at that time.
These reflect the underlying capabilities and deficiencies of
healthcare systems that, respectively, allowed for the
successful deployment of Al applications and limited the
capacity of those systems to absorb, harness, and benefit
from those applications. Such insights are critical for an
evaluation of the change brought about by the adoption of
Al applications into healthcare delivery.

Equation 4 Relative Outcome Change Ratio

A scale-free comparison:

p > 1: improvement
e p = 1:no change
e p < 1: worse outcomes

5.1. Clinical Efficacy and Patient Outcomes

Comparative outcomes across multiple domains are
presented here, beginning with patient outcomes and
therapeutic  efficacy. Subsequent sections address
operational efficiency, safety, equity of access, privacy, and
ethical considerations.

Al has been touted as a tool to augment and improve
existing delivery models. As such, one would expect health
outcomes and system effectiveness to be similar or better
following deployment with these standards serving as the
minimum bar for the application of the technology in any
specific situation. A highly polarized sociopolitical
environment implies that meaningful standards for patient
care cannot be generated in the current healthcare milieu.
Healthcare is thus framed as a service lacking in quality or
reliability, and this should be reflected at the diagnostic and
therapeutic levels irrespective of Al adoption. Public health
practice, hazardous events, per650+ceptions of safety, and
mucosal infection prevention during the COVID-19
pandemic are examples of health metrics, not
sociopolitical, that are more or less immune to external
influences and remain valuable determinants of the
effectiveness of national health delivery systems.

5.2. Operational Efficiency and Access to Care

Compared with the pre-integration scenario, Al
implementation has reduced clinical operation times,
minimized redundancies in care delivery, lowered costs of
providing services, and increased throughput. Digital
pathways have enabled near real-time service delivery for
some high-volume, low-risk clinical services, with
corresponding reductions in the volume of candidates
waiting for intervention. Staffing demand for highly
specialized staff has been reduced by 50-66% in the case of
international-collaborative networks providing services
across continents, broadening access in resource-poor
countries. The deployment of novel Al-enabled clinical
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services to geographically underserved areas has been
demonstrated feasible with limited additional integration
effort.

Delays in providing health services cause considerable
suffering for patients, and unsustainable workloads lead to
burnout of healthcare workers in both developing and
developed countries. Al-enabled clinical delivery pathways
are shortening the time from presentation to clinical
decision and offering patients with common primary care
complaints, such as respiratory infections and stubbing of
fingers, advice almost in real-time, provided having
sufficient throughput or demand that justify departures
from human-centric delivery. Depending on local
regulation and governance processes, Al-enabled
teledermatology services can now provide dermatology
advice and guidance in minutes, rather than at least weeks.
The reduced volume of candidates in the waiting lists (often
with no or limited clinical urgency) of high-specialty
domains, especially in OIC countries, have enabled a more
resilient and rapid response to crises in nervous-system-
related surgery and care, that exceed their normal capacity.

Al in Healthcare: Addressing
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5.3. Safety, Privacy, and Ethical Considerations

The deployment of artificial intelligence has influenced
privacy, data security, and ethical considerations in
healthcare delivery, but has contributed positively only in
some specific areas. Data breaches have been observed in
healthcare settings that utilize Al tools, and incidents of
apparent bias have accompanied the results of prediction
models based on large datasets. Moreover, concerns over
Al-generated content have introduced new requirements
for documentation and consent. Public discussions have
continued to address the potential for Al image generation
technology to be used for the creation of fake evidence;
however, evidence to suggest that the widespread adoption
of generative or predictive Al technology has heightened
these risks is lacking. Although healthcare organizations
continue to grapple with these internal and external
challenges, no adverse consequences have been definitively
attributed to their deployment of AI technology.
Furthermore, the potential training data issue has yet to be

evaluated more substantively. Such tools and the
authorized use of private data can help organizations meet
their health authorities’ requirements regarding the
establishment and maintenance of a high level of privacy
and data security.

Nonetheless, it is essential to clarify responsibilities when
Al tools act autonomously and that the degree of control
and oversight exercised over an Al algorithm has ethical
implications similar to its use in healthcare processes. Al
tools can act in lieu of human beings and, hence, may
require prior authorization in certain contexts. Al
algorithms should function in accordance with compliance
guidelines, such as FDA Precedent Documents for blood
donation; formal custodianship should still be maintained
to guarantee a complete chain of responsibility. As noted,
Al tools will neither grant hospitals full assurance of legally
acceptable treatment nor excuse practitioners from liability.
The deployment of Al tools is expected to lighten the
burden of documentation in routine communications; if this
functionality does not shape such communications reliably,
it should not be used.

| Measure HValueI
|Pre-AI outcome index (O_{pre}) || 41.55 I
|Post—AI outcome index (O_{post}) || 62.63 |
|Improvement (\Delta O) H 21.08|
[Relative ratio (\tho = O_{post}/O_{pre})|| 1.51 |
[Risk-adjusted diff (\Delta O_R)* |[15.39]

Equation 5 Risk-Adjusted Outcome Difference

Let Ry, Rpos > 0 be risk/severity indices (higher = harder

pre’
patient mix).

Risk-adjusted outcomes:

OR — Opre OR — Opost
P Rpre ' post Rpost
Risk-adjusted difference:
A0. = Opost _ %
K Rpost Rpre

6.Contextual Factors and Variability Across
Settings

Context is critical in determining not only whether
deploying Al tools produces positive effects but also the
nature of those effects. Healthcare settings are
characterized by a vast number of unique structural,
institutional, economic, and social features that profoundly
influence how clinical tools perform. Clinical and hospital
distinctions, economic strata, and regional attributes such
as the maturity of the technology not only amplify or
dampen achieved improvements but may also determine
the direction of the change. Results should therefore be
interpreted in light of the specific conditions surrounding
the implementation, considering the possibility of local
adjustments and recognizing which differences might
hinder the anticipated benefits.
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Institutional context is the most immediately apparent
driver of variability. Paths to adoption differ involving
different processes, strategies, or guidelines outcomes
reflect the performance of existing services, and areas of
care are not equally amenable to Al-supported
improvement. Regions that are richer, larger, or offering
more advanced services usually see greater advantages,
both because they have greater technology deployment
maturity and because these tools are aimed at relieving
pressure on already-saturated systems. Notably, rapid
improvements in scalability have been reported, with
coverage and accessibility being significantly enhanced
within specific populations. Local experience with
implemented tools also shapes developments: when certain
areas of care have governing data quality, risk stratification
services, and validation protocols in place prior to
deployment, efficiency at the system level is magnified.

6.1. Influencing Variables and Variability Across
Healthcare Settings

Institutional, regional, and resource-related differences
shape the impact of Al tools on healthcare systems. For
example, although COVID-associated Iung disease
increased mortality and morbidity among patients with
associated mental health conditions, Al-assisted imaging
improved the performance of chest X-ray interpretations,
leading to clinically reasonable changes in practice
patterns. Similarly, medical facilities where the COVID
pandemic accelerated deployment of Al-assisted
modalities exhibited reduces mortality rates, shorter
hospital stays, fewer de novo incidents, and shorter overall
recovery times compared to those in places without such
assistance.

Several factors contribute to variability in outcomes across
healthcare settings. Research has found that although the
technology for Al-assisted diagnostics and imaging is
relatively stable and widely available, the quality of image
data used for deep learning still varies greatly. The time-
sensitive and highly curated nature of these datasets can
heavily influence the accuracy and performance of Al
algorithms. Moreover, bias, privacy, and ethical concerns
need to be explicitly acknowledged and addressed from the
very beginning of the adoption and integration efforts. Such
considerations, among others, help to obtain higher-quality
and more reliable tools that fit the practices of specific
contexts and populations.

Equation 6 AI-Driven Outcome Efficiency Update

Let:
e a€][01] = AI integration strength (0=no
effective integration, 1=full potential)
e (G €[0,1] = governance/readiness factor (captures
readiness, training, data quality, governance)
e  Effective strength: a . = aG

Let the “full potential” post-Al score be Opos
be O,... Then:

pre-
‘O(aeff) = Opre + aeff(opost - Opre)

. and baseline

6.2. Key Drivers of Variability in Healthcare Settings

While healthcare quality generally improved following Al
integration, specific settings produce disparate results. Four
primary variables influencing clinical, operational, and
safety outcomes remain: technology readiness, training,
data quality, and governance frameworks. In settings
lacking these prerequisites, Al amplifies existing problems
instead of offering solutions.

The absence of dedicated data teams hampers training and
validation data quality. Insufficient data cells, noise, and
demographic imbalance within training sets lead to
vulnerable model performance. Even a minor reduction in
model accuracy can yield a substantial increase in
unnecessary interventions, potentially jeopardizing safety
and privacy. Additionally, a lack of monitoring remains
symptomatic of a broader governance deficit, inhibiting
bias detection and mitigation. The consequences of misuse
remain poorly understood, and healthcare stakeholders fail
to develop processes for risk identification and adaptive
response.

7.Conclusion

Conclusive evidence confirms that healthcare remains a
human-centric enterprise. Al offers extraordinary potential
to augment clinical judgment, operational performance,
and patient experience. Yet failure to address real-world
determinants of success can hinder, rather than accelerate,
integration. Empirical evidence corroborates that Al tools
can tremendously enhance healthcare delivery if deployed
with suitable governance, expertise, and change
management.

Al integration did not cure the systemic problems that
plagued healthcare for decades; those must be mitigated
through better processes and practices. Healthcare
providers and institutions remain responsible for delivering
care. Al tools should be regarded as valuable advancements
in medicine, not replacements for health professionals.
Nonetheless, appropriately designed and implemented
technologies have enabled dramatically improved
healthcare delivery, assessed across a range of dimensions
including clinical efficacy, patient-reported outcomes,
operational efficiency, safety, and ethical considerations.

These outcomes will naturally vary across healthcare
settings. Institutions with stable funding sources, fewer
competing priorities, and a willingness to invest in Al and
its underlying data ecosystems have achieved the largest
gains. Different levels of technology adoption, professional
training, data availability and quality, and governance
maturity influence results elsewhere. Indeed, currently
recognized constraints to approach pre-integration
performance are likely to vary in nature and magnitude
across different geographies.
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Figure 4: Preconditions for Al Success
7.1. Insights and Future Directions

Primary conclusions confirm the need for appropriate
implementation strategies and the importance of context-
sensitive  planning. Evidence suggests potential
improvements across several domains, though variability
presents a caveat for translation to new settings.
Investigating supportive governance structures, relied-
upon Al toolsets, and contextual factors such as resource
quality and availability may enhance future evaluations.

Successfully addressing these challenges, the rapid
integration of Al into healthcare systems significantly
improves the standard and efficacy of care, as evidenced by
increased diagnostic accuracy, reduced wait times,
optimized resource allocation, and most crucially better
outcomes for patients. Yet pre-integration outcomes may
impose severe limitations on such deployments. Current
healthcare practices operate largely independently of Al.
System governance does not necessarily guarantee support,
and clinical workflows may involve functions such as
training and testing dataset construction, tool validation,
and change management. Pre-Al healthcare systems
present significant barriers to these interactions, leading to
potential domain- and setting-specific challenges. Most
importantly, limitations in tool quality, capacity,
integration, and role lead to no net increase in diagnostic
accuracy for common use cases and no S- or A-level gain
for rare diseases.
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