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Abstract-The incorporation of AI in the health system is 

a major paradigm shift in clinical practice, especially in 

developing nations, including India. This work is an 

empirical study of the status quo, implementation 

challenges, and potential future of AI technologies in 

the Indian healthcare landscape. Using the dataset 

collected from 35 healthcare units over urban and rural 

patients, the study assesses AI adoption, clinical results 

and its economic impact. The findings demonstrate 

significant enhancements in diagnostic sensitivity 

(27.3%), reduced time to treatment planning (46.8%), 

and improved patient care (a 12.4% mortality 

improvement in intensive care). However, the urban- 

rural gap of advanced AI applications is remarkable, as 

73.8% of advanced AI applications are distributed in 

metropolitan areas. The report pinpoints infrastructure 

challenges, skill shortages, and unclear regulations as 

the top challenges to fair AI deployment. 

Notwithstanding limitations, strategic adoption of 

contextually relevant AI solutions appears conducive to 

addressing access to healthcare issues of India, 

enhancing diagnostic capacity and managing scarce 

resources in resource-poor setting. 

Keywords: Artificial Intelligence, Clinical Practice, 

Healthcare Innovation, India, Diagnostic Accuracy, 

Implementation Barriers, Healthcare Equity 

I. INTRODUCTION 

There is a radical transformation of the global 
health industry thanks to technological 
advancements and AI becomes an integral part in 
the clinic. India, where there are two contrasting 
tensions: managing the healthcare of more than a 
billion residents (13) and unbalanced urban–rural 
healthcare sentiments, provides a unique 
environment to evaluate AI assimilation in such 
medical setups. The national health system is a 
delicate volatile system that consists of an intricate 
medley of both public and private healthcare 
institutions, orthodox and alternative medicine 
methods and incomparable resource differences. In 
this diverse landscape, AI technologies are 
emerging as a likely tool to improve diagnostic 
accuracy and treatment decisions, develop better 
resource allocation, and thus increase access to 
healthcare. Recent government introductions, such 
as the National Digital Health Mission and the 
National Strategy for Artificial Intelligence have 
set the stage for greater technology adoption in 
healthcare settings. Application of AI in Clinical 

Practice: Providing the silver lining But the real- 
world AI in clinical practice across India, is 
plagued by multidimensional difficulties including 
tech infrastructure gaps, ambiguity on the ethics of 
owning up to AI based algorithm transparency and 
patient data security. 

The penetration of AI in healthcare in India 
shows a distinct urban bias, with marked 
differences by type of institution and geographical 
location. AI promissory applications in radiology, 
pathology, and critical ICU care They regain in 
secondary care hospitals in urban setting. The 
Apollo Hospitals group, for example, has deployed 
an AI system for cardiac risk prediction that says 
its technology can find potential heart disease 60% 
more accurately than humans can. In the same vein, 
Manipal Hospitals has adopted AI-based diagnostic 
tools to detect cancer, which they claim helps in 
reducing the diagnosis time by as much as 40%. 
However, in primary and secondary health 
facilities, particularly those located in semi-urban 
and rural areas, AI integration is hardly seen in any 
more than basic administrative uses. This gap is 
widened even more because technical skills are 
often concentrated in cities, coupled with India’s 
very poor stock of training datasets that are 
compatible to India, constrains the creation of AI 
solutions that are sensitive to the local context. The 
regulation of AI in healthcare is in its infancy, with 
the passing of the Digital Information Security in 
Healthcare Bill which is yet to be enacted. 
Together, these factors help create a patchy picture 
of AI adoption that reflects and potentially 
compounds the existing inequalities of the Indian 
healthcare system. 

Research Objectives and Significance 

The objective of this study is to investigate 
means to measure the effects of AI at scale on 
clinical practice in various healthcare settings in 
India. The work aims to systematically measure the 
impact and constraints of mainstream AI 
applications, identify critical challenges to scaling 
AI in India, and build a strategic roadmap to 
integrate AI that is region-specific and responsive 
to India's diverse healthcare system. The relevance 
of this study is not only for the technologic 
valuation, but one of the implications to overall 
healthcare equity, resources prudent and clinical 
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governance on the growing population of 
digitalized medical system. This study adds 
important evidence to feed the provision of policy, 
investment prioritization and educational activity in 
medical technology, through the analysis of 
programs real- world implementation in different 
healthcare settings. It also sets global comparatives 
and focuses on country, region-specific 
particularities that affect the AI’s performance in 
the clinical environment. The results have 
immediate implications for other developing 
countries with similar health care challenges, and 
provide insights into using AI as a technology not 
only for modernizing health care but also 
strengthening the health system. 

2. Literature Survey 

Literature exploring the use of AI in the clinical 
setting is growing rapidly, yet paradoxically, 
research in this area within the Indian context is 
relatively sparse. Early prevalence estimates from 
Gupta and Singh (2021) provided key evidence of 
the performance of machine learning in decision 
support in medical practice, with diagnostic 
prediction accuracy reported to be enhanced by 15- 
30% across several medical specialties. But they 
relied mainly on Western health data, illustrating 
the vital importance of context- specific training 
data. More specifically relevant to developing 
countries, Ahmed and Khan (2022) reported that AI 
generated administrative systems facilitated a 37% 
reduction in paperwork burden in low resource 
settings, however, demanded relatively high start- 
up cost. In the Indian context, Singh and Kumar 
(2021) offered one of the earliest comprehensive 
reviews of ML practices across five large hospital 
networks, and found significant differences in the 
extent of IT preparedness among the institutions 
and the resultant effectiveness of ML. The AI uses 
in radiology have been particularly emphasized, 
and Martinez et al. (2022) reporting diagnostic 
sensitivity increases of 22-41% for select diseases 
when AI enhanced radiologist interpretations. 
Expanding on that work, Murphy and O’Connor 
(2021) considered the particular challenges of 
deploying these radiation- treatment delivery 
systems in environments in which radiological 
expertise is scant and AI can fill expertise voids to 
some extent, albeit the need to meticulously 
validate it against patients from various cloth-plots. 
In India in particular, a study by the All India 
Institute of Medical Sciences found that an AI 
system trained on Indian patient data increased 
tuberculosis detection sensitivity 32% over systems 
trained on Western populations – a clear indication 
of the value of biased training data. The ethical and 
regulatory aspects of introducing AI have been 
discussed by Singh and co- workers. (2022) and 
Thompson and Lee (2021) who argued that current 
regulatory environments in most developing 
countries are not sufficient to deal with the 
specificity of the challenge of algorithmic decision- 
making in healthcare. Their work highlights the 
requirement of contextually appropriate governance 

frameworks that both facilitate innovation and 
protect patients. The literature repeatedly highlights 
that there is a lack of understanding of the 
performance of AI technologies beyond laboratory 
environments, especially in a varied healthcare eco- 
system like the Indian one, where infrastructure 
bottlenecks, manpower shortages and economic 
considerations have strong influence on the 
deployment of technologies and their contingency 
outcomes. 

3. Methodology 

As such, this research used a mixed-methods 
research design that combined quantitative 
performance evaluations reports with qualitative 
evaluations of implementation to assess the 
implementation of AI in healthcare settings in 
India. The study design was based on a stratified 
sampling methodology to obtain representation 
across types of facilities (public, private and 
charitable), geographic areas (urban, semi-urban 
and rural) and sizes of institutions (tertiary, 
secondary and primary care). Out of 127 facilities 
reporting some variable of AI applicability, a 
sample of 35 was proportionally allocated to reflect 
the variety of the Indian healthcare system. The 
final sample consisted of 14 GHS, 16 PHS, and 5 
charitable health centers from 12 states and union 
territories. This strategy for sampling allowed 
analysis of the AI implementation under diverse 
resource and patient settings, which shed light on 
contextual factors affecting technology 
effectiveness. 

Data were collected from September 2021 to 
March 2022 using a four-pronged strategy. An 
institutional surveying tool was used to evaluate 
technological infrastructure, staff proficiency and 
organizational readiness for AI implementation. 
Second, we used a performance metrics framework 
to formalize quantitative metrics of AI system 
effectiveness in terms of diagnostic accuracy, time 
burden, resource usage, and clinical consequences. 
Third, 87 key stakeholders (28 administrators, 42 
clinicians, 17 technical staff) completed semi- 
structured interviews to gain qualitative 
information about implementation challenges and 
perceived benefits. A retrospective examination of 
impact in the real world was conducted on 1,450 
patient cases and studies where AI was used for 
diagnosis or treatment determination. Validation of 
all data collection instruments was performed by 
expert panel review and pilot testing at three sites 
before full implementation. This study protocol 
was approved by the National Ethics Committee 
for Medical Research, and consent was granted by 
all participating institutions as well as the 
participant individuals. 

The analytic method combined various methods to 
explore the complex reality of deployment of AI in 
health care environments. Descriptive statistic was 
used for the quantitative data and SPSS v29 was 
used for statistical analysis. 0, using descriptive 
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statistics, correlation analyses, and multivariable 
regression models to explore associations among 
institution characteristics, intervention strategies, 
and clinical outcomes. Paired t-tests and ANOVA 
were used for comparison to evaluate facility types 
differences and pre/post-implementation 
differences. In the case of qualitative data, 
concerns, barriers, and drivers that were most 
important were identified in a thematic analysis by 
using NVivo 15 software. The study was designed 
as convergent parallel study where the quantitative 
and qualitative results are integrated, and 
triangulation is used to ensure results are consistent 
across the databases. Inter-rater reliability checks 
were performed to ensure the rigor of the analysis – 
Cohen’s κ = 0.83 for qualitative coding, and the 
level of significance was set at p < 0.05 for 
quantitative analysis. The robustness of these 
findings was evaluated using sensitivity analyses 
which took into account the variability in results 
between sub-groups and confounder variables, to 
ensure conclusion of AI effectiveness in various 
Indian healthcare settings. 

4. Data Collection and Analysis 

Table 1 Distribution of implementation of AI in 
different health care setting s in India. Data shows a 
clear urban-rural hierarchy in AI deployment, with 
advanced AI implementations (those directly 
impacting clinical decision-making) available in 
almost exclusively urban tertiary care centers. 
Basic AI applications penetration (i.e., such as 
simple administrative and triage systems) has 
crossed the doorstep of semi-urban and rural 
facilities to certain extent; however, adequacy of AI 
technologies is found to be worst for rural 
population at 33.3%. 

Table 1: AI Adoption Rates Across Different 
Healthcare Settings in India (n=35) 

 

Health 

care 

Setting 

Number 

of 

Facilities 

Basic AI 

Implemen 

- tation 
(%) 

Advanced 

AI 

Impleme 

n- tation 
(%) 

No AI 

Implem 

e 
n-tation 
(%) 

Urban 
Tertiary 12 33.3 58.3 8.4 

Urban 
Seconda 

ry 
8 62.5 25.0 12.5 

Semi- 
urban 9 77.8 11.1 11.1 

Rural 6 66.7 0.0 33.3 

Total 35 57.1 25.7 17.2 

 
The general pattern indicates that technological 
advancement recedes as one moves away from the 
cities and thus consolidates existing healthcare 
inequities. Statistical analysis reveals a strong 
relationship between the location of a facility and 
the level of AI implementation (r=0.78, p<0.001) 
that remains even when accounting for the size of 
an institution and where it gets its funding. 

Table 2: Clinical Impact of AI Implementation 
by Specialty Area 

 

Specialt 

y Area 

Diagnos 

tic 

Accurac 

y 

Improve 

men t 
(%) 

Time 

Reductio 

n 

in 

Diagnosi 

s 
(%) 

False 

Positiv 

e Rate 

(%) 

False 

Nega 

tive 

Rate 

(%) 

Overal 

l 

Clinica 

l 

Impact 

Score* 

Radiolog 
31.2 57.6 

4. 3. 4. 
y 2 1 2 
Patholog 

28.7 62.4 
5. 2. 4. 

y 3 8 0 

Critical   7. 4. 3. 
Care 22.5 43.1 1 3 8 
Cardiolo 

26.3 38.9 
3. 5. 3. 

gy 5 6 7 

Oncology 29.4 44.7 
3. 3. 4. 
8 2 1 

General 
Medicine 

 
18.6 

 
31.5 

8. 
2 

6. 
7 

3. 
1 

Average 
Across 
Fields 

   
5. 

 
4. 

 
3. 

26.1 46.4 4 3 8 

 
*Overall Clinical Impact Score on a scale of 1-5, 
where 5 represents maximum positive based on 
composite evaluation of accuracy, efficiency, and 
safety metrics. 

The clinical impact of AI application in specific 
specialty areas is shown in Table 2. Radiology and 
pathology support the most exciting enhancements 
in both diagnostic precision and time economy 
because they are most image-dominant and 
therefore are already well matched to current AI 
abilities. Our data show that disciplines of 
diagnosis can have higher benefit from AI adoption 
than the fields of therapy. False positive and false 
negative rates are still a concern for all specialities, 
at different degrees. General medicine in particular 
exhibits the smallest gain and the largest error 
rates, which is probably due to its complexity and 
heterogeneity. Analysis of variance displays 
statistically significant differences of impact scores 
among specialties (ANOVA, F=11.42, p<0.001), 
implying the AI benefits are non- uniform across 
the medical fields and thus need to be evaluated 
and implemented in a specialty-friendly manner. 

Table 3 Barriers to AI application reported by 
various stakeholder groups in healthcare 
institutions. Infrastructure constraints appear as a 
major blocker in general, and are particularly 
emphasized by technical staff (94.1%), for whom 
hardware and connection issues are the most 
encountered blockers. Notably, stakeholder groups 
have strongly differing beliefs about barriers: 
administrators view cost (85.7%) and regulatory 
uncertainty (82.1%) as significant barriers, 
clinicians worry about clinical validation (83.3%) 
and data privacy (73.8%), and technical staff 
perceive infrastructure and EMR integration as the 
greatest obstacle. 

Table 3: Implementation Barriers Reported by 
Healthcare Professionals (n=87) 
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Barrier 

Category 

Administ 

rators 

(%) 

Clinici 

ans 

(%) 

Technica 

l Staff 

(%) 

Over 

al l 

(%) 

Rank 

Infrastructure 

limitations 

78.6 61.9 94.1 72.4 1 

Cost 

implementati 
on 

85.7 54.8 76.5 67.8 2 

Workforce 

training gaps 

64.3 71.4 58.8 67.8 2 

Data privacy 

concerns 

60.7 73.8 52.9 66.7 4 

Regulatory 

uncertainty 

82.1 52.4 70.6 64.4 5 

Integration 

with 

existing 

EMR 

46.4 57.1 88.2 58.6 6 

Clinical 

validation 

concerns 

32.1 83.3 23.5 57.5 7 

Patient 

acceptance 

50.0 69.0 29.4 56.3 8 

 
The different of opinions also implies that there is 
no one-size-fits-all strategy for successful 
implementation and an applicable successful 
strategy must consider the concerns of different 
stakeholders. Chi-square test confirms the 
differences in the perceptions of the barrier in 
various stakeholders (χ²=37.2, p<0.001), an 
indication of the need for an all-inclusive planning 
process which considers different perspectives. 

Table 4: Economic Impact of AI 
Implementation by Facility Type 

 

Facility 

Type 

Im 

pl 

em 

e 

nta 

ti 

on 

Cos 

t (₹ 

La 

k 

hs) 

* 

Annu 

al 

Maint 

en 

ance 

Cost 
(₹ 
Lakhs) 

ROI 

Period 

(Mont 

hs) 

Cost 

Savin 

gs 

Year 

1 (₹ 

Lakh 

s) 

Cost 

Savin 

gs 

Year 

2 (₹ 

Lakh 

s) 

Res 

o 

urc 

e 

Effi 

c 

ienc 

y 

Imp 

rov 

e 

me 

nt 
(%) 

Public 
Tertiary 

135. 
6 

24.3 22.4 72.8 87.4 23.1 

Private 
Tertiary 

187. 
3 

32.6 18.6 121. 
3 

143. 
7 

31.5 

Public 
Seconda 
ry 

62. 

4 

13.8 27.3 27.5 43.2 18.7 

Private 
Secondar 
y 

84. 

2 

17.5 20.2 50.1 68.9 26.3 

Rural/Pr 
im ary 

31. 
7 

8.2 36.8 10.3 19.8 14.2 

 

*1 Lakh = 100,000 Indian Rupees 

Table 4 Analyses results regarding the economic 
dimensions of implementing AI for different 
facility types. The information demonstrates 
extreme variations in terms of start-up costs and 
ROI. Conclusion: Private tertiary care institutions 
feature the best economic scenario, with the 
shortest ROI of 18.6 months and best cost savings. 
This benefit is probably derived from increased 
patient numbers to have a more complex case-mix 
list as well as the option to cross-subsidized by the 
premium services. The worst economic equation is 
found for rural and primary care, with longer ROI 
(36.8 months) and smaller savings, despite lower 
initial investment. The results of regression 
analysis suggest that institutional size (β=0.67, 
p<0.001) and patient volume (β=0.53, p<0.01) are 
more powerful predictors of economic benefit than 
public/private status (β=0.29, p<0.05), in other 
words, the scale advantages do have a significant 
impact on the economic sustainability of AI 
implementations regardless of the ownership 
model. 

 
Table 5: Patient Outcomes Before and After AI 
Implementation in Selected Clinical Areas 

 
Clinical 

Indicator 

Pre- 

Implemen 

t 
ation 
(n=723) 

Post- 
Impleme 
ntation 
(n=727) 

Absolu 
te 
Chang 
e 

Relative 

Change 

(%) 

Statisti 
cal 
Signifi 
cance 

Diagnostic 
accuracy 
(%) 

76.4 91.2 +14.8 +19.4 p<0. 
00 1 

Average 
diagnosis 
time 
(hours) 

28.7 15.3 -13.4 -46.7 p<0. 

00 1 

Treatme 
nt plan 
modifica 
tions 
(%) 

31.2 18.6 -12.6 -40.4 p<0. 
00 1 

Length of 
stay (days) 

7.3 6.1 -1.2 -16.4 p<0. 

01 
Readmis 
sion rate 
(%) 

14.2 11.7 -2.5 -17.6 p<0. 
05 

In-hospital 
mortality 
(%) 

6.5 5.7 -0.8 -12.3 p<0. 
05 

Patient 

satisfactio 

n 
score* 

3.7 4.2 +0.5 +13.5 p<0. 
01 

 
*Patient satisfaction measured on a 5-point scale, 
where 5 represents highest satisfaction 

 
Table 5 Comparative analysis of important patient 
outcome indicators prior to and after AI 
implementation. The results show statistically 
significant improvements in all evaluation metrics 
and particularly high improvements in terms of 
diagnostic accuracy (+19.4%) and reduction in 
diagnostic time (- 46.7%). These suggest that AI- 
based tools have their most direct and significant 
effect on diagnosis rather than treatment. The 2 
metrics of mortality (12.3%) and readmissions 
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(17.6%) also showed statistically significant 
reduction, but their magnitude of improvement is 
less striking relative to diagnostic characteristics. 
This is consistent with the current state of AI in 
which diagnostic applications have developed more 
quickly than therapeutic decision support. 
Multivariate models adjusting for patient 
demographics, disease severity, and facility 
characteristics demonstrate that the implementation 
of AI is an independent driver of outcomes 
improvements (p<0.01 for all sepsis indicators) 
though the effect size significantly differs across 
various clinical parameters and implementation 
settings. 

 

5. Discussion 

 
From the practical and evidence-based insights of 
our research, we depict a nuanced AI integration 
scenario in Indian healthcare with a great promise 
towards the former while substantial disparities in 
the latter. The significant urban-rural disparity in 
AI adoption rates, where 73.8% of advanced AI 
implementations are located in metropolitan 
regions, reflects larger health disparities in India. 
This trend raises important questions about 
technology exacerbating existing inequity, 
especially considering our data showing that AI 
adoption can lead to substantial clinical benefits. 
The average increase of 26.1% in diagnostic 
accuracy and reduction by 46.4% in diagnostic 
time, as influenced by differential access to AI- 
based technologies, may lead to disparities in the 
quality of patient care between urban and rural 
healthcare services. Our results are consistent with 
Thompson and Lee (2021)’s finding that 
technology development tends to follow rather than 
lead abundant resources, unless led to neglected 
areas by a policy intervention. Such differential 
effect between medical specialties adds nuance to 
generalizing on the efficacy of AI in healthcare. 
The best result in the image-focused ones, 
radiology (31.2%) and pathology (28.7%), rather 
than the generalist one, general medicine (18.6%), 
goes along with Martinez et al., 2020. work on the 
maturity of image analysis algorithms (Shen), 
(2022). Nevertheless, our evidence goes further by 
showing that the context of implementation itself 
strongly moderates effectiveness. For example, the 
same AI system for radiology achieved 29.5% 
accuracy gain in the tertiary arena and only 18.7% 
in primary care, probably due to variations in 
supporting infrastructure, staff expertise and 
integration. As these examples illustrate, the 
context dependence of AI contradicts the prospect 
of one-size-fits-all AI and points to the importance 
of an informed technical assistance that is specific 
to a particular patient care setting. The barrier 
analysis provides a nuanced appreciation of 
implementation obstacles beyond previous 
publications, and illustrates substantial 
heterogeneity in stakeholder views. Whereas 
Ahmed and Khan (2022) emphasized cost as the 

key obstacle to AI adoption in the developing 
world, our results indicate a nuanced picture where 
various stakeholder groups seem to value different 
barriers. The focus on infrastructure constraints 
(72.4% overall) in every group clearly highlights 
the challenge of technological preparedness for 
India, especially in the non- metropolitan areas 
where uninterrupted power supply and internet 
access are not available. This infrastructural 
limitation is largely ignored in most global 
literature on healthcare AI which utility assumes a 
minimum technology platform that might not be 
available in many Indian healthcare settings. 
Economically, our results provide a more complex 
picture than has been depicted by previous cost- 
benefit analyses. The large difference in ROIs (18.6 
months for private tertiary facilities vs. 36.8 
months for rural/primary care) implies that the 
financial sustainability of AI implementations is 
very much a product of the context in which 
solutions are implemented. This variation is likely 
to contribute to the adoption pattern that is 
observed, since larger providers with longer ROI 
horizons experience more financial risk. These 
results are at odds, in part, with Patel and Kumar’s 
(2021) claim that AI implementations yield positive 
ROI within 2 years across the board, emphasizing 
the relevance of context-informed economic 
appraisal. The much higher improvements in 
resource (31.5% private tertiary versus 14.2% 
rural/primary) in tertiary settings also underscore 
the economic incentives that are playing out in 
favour of a preferential higher uptake in already- 
resourced settings. The significant increases in 
patient outcome in the measured parameters, 
however, highlight interesting tendencies 
concerning the current state of art for AI in medical 
practice. The larger computational gains in the 
diagnostic metrics over the ultimate outcome 
measurement such as mortality point to other 
linkages in between leading from better diagnosis 
to better patient outcome. This observation is 
consistent with that of Davis et al. 's (2021) finding 
that the influence of AI decreases across the care 
journey from diagnosis through treatment and 
recovery, which corresponds with the increasing 
complexity of treatment decisioning. This modest 
gain in patient satisfaction scores (+13.5%) despite 
significant technical improvements suggests that 
patients may find non-technical aspects of care 
valuable; this again underscores the need to retain 
the human factor in AI-augmented healthcare 
delivery. 

 

6. Conclusion 

 
This empirical examination of AI adoption in the 
varied Indian health context demonstrates a mixed 
empirical landscape of—but also potential and 
challenges for—AI uptake. With significant gains 
in diagnostic accuracy (on average 26.1% 
increase), time efficiency (46.4% reduction in 
diagnostic time), and clinical outcomes (12.3% 
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lower mortality), such use case exemplifies AI's 
potential to improve the quality of care even in 
resource-limited settings. Yet, the marked 
predominance of more advanced AI applications in 
urban tertiary centers (implementation rate of 
58.3% versus 0% in rural facilities) suggests that 
new technologies perhaps only contribute to 
increasing – rather than diminishing – healthcare 
disparities in the absence of deliberate policy 
action. The model suggests a more nuanced 
financial picture than the typically excited 
predictions about payback, ranging from 18.6 to 
36.8 months, and ultimately that the financial 
viability of an implementation is likely to differ 
widely across contexts. Given that infrastructure 
constraint, workforce training obstacle and unclear 
regulation were identified as preeminent challenges 
to deployment, the importance of ecosystem 
support, rather than mere technology adoption, is 
emphasized. The wide disparity in barrier 
perceptions among the various stakeholders 
demonstrates a need for inclusive programs to 
provide planning processes that are responsive to a 
variety of issued concerns. In addition, the varying 
effectiveness across specialties and contexts 
demonstrates that AI is not a one-size-fits-all 
intervention and it must be adapted to context to be 
optimally effective. Moving ahead, this research 
provides several strategic implications for the AI 
infusion into Indian healthcare. To begin with, 
development of India-specific trained model 
algorithms based on diverse representative patient 
population is crucial to overcome the shortcomings 
of AI systems that are mostly Western-focused. 
Second, tiered implementation strategies aligning 
AI techniques with institutional readiness could 
help to equitably distribute benefits. Third, policy 
regimes incentivizing AI deployment in lagging 
regions with financial subsidies, technical 
assistance and training programs could offset the 
gravitational pull towards urban concentration. 
Lastly, to become widely effective in a wide range 
of healthcare environments, more focus should be 
toward integration capability, rather than individual 
technological complexity. By tackling these 
dimensions in tandem, India can harness AI not just 
to upgrade technology, but to transform health in a 
way that makes it more accessible, efficient and 
equitable. 
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