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A B S T R A C T 

Background: Generative artificial intelligence (GenAI) tools such as ChatGPT, Gemini, and Copilot are 

rapidly entering clinical workflows worldwide. Their real-world reception among Indian physicians — 

who work under distinctive resource, cost, and volume pressures — remains under-explored. 

Objective: To assess Indian physicians' perceptions of GenAI in terms of clinical productivity, 

documentation burden, administrative workload, information access, cost efficiency, and readiness for 

routine integration. 

Methods: A cross-sectional online survey was conducted among 53 practising physicians across 

government, private, corporate, and academic settings in India. The instrument comprised five 

demographic items, one usage-frequency item, nine five-point Likert statements, and one open-ended 

question. Descriptive statistics, Cronbach's alpha, Spearman correlation, Kruskal–Wallis, Mann–Whitney 

U, and chi-square tests were applied at α = 0.05. 

Results: Daily GenAI users accounted for 45.3% of respondents; only 3.8% were non-users. Physicians 

reported strongest agreement that GenAI reduces documentation time (mean 4.19 ± 0.71) and improves 

medical writing quality (4.19 ± 0.79), followed by administrative workload reduction (4.09 ± 0.63) and 

clinical information access (4.04 ± 0.65). Perceived impact on patient-facing time (3.38 ± 0.93) and 

operational cost reduction (3.59 ± 0.80) was more modest. Internal consistency was good (Cronbach's α = 

0.80). Frequency of GenAI use correlated positively with future-use intention (ρ = 0.415, p = 0.002), 

integration readiness (ρ = 0.328, p = 0.016), medical writing benefit (ρ = 0.359, p = 0.008), productivity (ρ 

= 0.302, p = 0.028), and documentation efficiency (ρ = 0.282, p = 0.041). Attitudes did not differ 

significantly by qualification, practice setting, age, or experience (all p > 0.05). 

Conclusion: Indian physicians hold predominantly favourable views of GenAI, particularly for 

documentation and knowledge-work efficiency, with more cautious appraisals of its economic and patient-

time dividends. Higher exposure is linked to greater acceptance, supporting structured training, ethical 

governance, and pilot integration into routine clinical practice. 

 

 

Introduction 

Healthcare in India is undergoing a compressed digital transition. The 

Ayushman Bharat Digital Mission, expanding electronic health record 

(EHR) adoption, and rising outpatient volumes have made the interface 

between clinicians and digital tools a decisive determinant of care 

quality [20,22]. Simultaneously, the public release of large language 

models (LLMs) — ChatGPT in November 2022, followed by Gemini, 

Copilot, and Claude — has moved artificial intelligence (AI) from 

radiology labs into everyday physician workflows for note-writing, 

patient education, literature review, and administrative correspondence 

[1,2,14,16]. 

Documentation and administrative load are consistently identified as 

the largest non-clinical drains on physician time and among the 

strongest predictors of burnout. Ambient AI and generative 

documentation tools have already been shown to shorten note times, 

decrease after-hours charting, and reduce self-reported burnout in 

ambulatory clinicians in the United States [3,4,5]. Health-system 

leaders in the US now rank generative AI for clinical documentation as 

the single most widely deployed AI use case, ahead of even diagnostic 

imaging [6]. A 2024 American Medical Association survey reported 

that 66% of US physicians used health-AI in 2024 , a 78% increase 

over 2023, driven largely by generative tools [7]. 

Physician attitudes, however, are shaped by more than technical 
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capability. Recent international cross-sectional studies show that 

acceptance is predicted by AI literacy, ethical sensitivity, perceived 

usefulness, and organisational readiness [8,9,12]. Concerns about 

hallucination, accountability, data privacy, medico-legal exposure, and 

the risk of clinician deskilling remain material and unresolved 

[2,10,17,21,24]. 

Indian evidence, however, is thin. Most published work is narrative or 

opinion-based; primary survey data from Indian physicians on GenAI's 

effects on productivity, resource optimisation, and cost efficiency are 

scarce. Given India's constrained per-capita clinician availability, cost 

sensitivity, and documentation-heavy public sector, physician 

perceptions here may diverge meaningfully from Western datasets. 

This study addresses that gap. 

Objectives: (i) to quantify Indian physicians' agreement with GenAI's 

impact on productivity, documentation, patient time, medical writing, 

administrative workload, information access, cost, and integration; (ii) 

to test whether frequency of GenAI use predicts more favourable 

perceptions; (iii) to examine whether perceptions vary by qualification, 

practice setting, age, or experience; and (iv) to extract qualitative 

themes on the greatest benefit and biggest challenge. 

Materials and Methods 

Study Design and Setting 

A cross-sectional, questionnaire-based, observational study was 

conducted online among Indian physicians during the survey period 

recorded in the response log. Reporting follows the Strengthening the 

Reporting of Observational Studies in Epidemiology (STROBE) 

guideline (Appendix A). Figure 1 presents the participant flow 

diagram. 

Participants 

Inclusion criteria: MBBS, BDS, MD/MS/DNB, MDS, and DM/MCh 

qualified physicians currently in clinical practice in India who provided 

informed consent. Exclusion criteria: non-clinical roles, students 

without a primary medical qualification, and incomplete consent. 

Convenience and snowball sampling were used via professional 

networks. The final analysable sample comprised 53 respondents. 

Instrument 

The self-designed instrument, administered through Google Forms, 

included: an informed-consent statement; demographic items (age 

group, medical qualification, years of clinical experience, type of 

practice); frequency of GenAI use 

(Never/Rarely/Monthly/Weekly/Daily); nine five-point Likert items 

(Strongly Disagree – Strongly Agree) covering overall clinical 

productivity, documentation time, patient time, medical writing quality, 

administrative workload, clinical information access, operational cost, 

integration readiness, and future-use intention; and one open-ended 

question on the perceived greatest benefit or biggest challenge. The 

complete questionnaire is provided in Supplementary Material 

 

Ethical Considerations 

Participation was voluntary and informed consent was mandatory. 

Responses were anonymised and no personal identifiers were used in 

analysis. The study followed the principles of the Declaration of 

Helsinki. 

Statistical Analysis 

Analyses were performed in Python (pandas, SciPy) with outputs 

verified against standard SPSS-equivalent computations. Categorical 

data are presented as frequencies and percentages; Likert responses 

were coded 1–5 and summarised using mean, standard deviation (SD), 

median, and the proportion responding Agree or Strongly Agree. 

Internal consistency of the nine-item attitude scale was assessed with 

Cronbach's alpha. Spearman's rank-order correlation examined 

associations between frequency of GenAI use and each item. Kruskal–

Wallis H tests compared composite attitude scores across qualification, 

practice setting, age, and experience subgroups. Mann–Whitney U 

compared Under-30 versus 30–39 year respondents. Chi-square 

evaluated the association between daily use and future-use intention. 

Statistical significance was set at p < 0.05 (two-tailed). Open-ended 

responses were analysed by inductive thematic coding. 
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Results 

Sample Characteristics 

Fifty-three physicians completed the survey. Table 1 shows the age and 

experience distribution; Table 2 presents medical qualification and 

practice setting. The sample was young (71.7% under 30 years) and 

predominantly early-career (77.4% with less than five years of 

practice). Table 3 summarises the frequency of GenAI use. 

Table 1. Demographic Characteristics of Respondents 

(N = 53). 

Variable Category n % 

Age Group 
Under 30 

years 
38 71.7 

 30 to 39 years 15 28.3 

Years of 

Clinical 

Experience 

Less than 5 

years 
41 77.4 

 5 to 10 years 10 18.9 

 11 to 20 years 2 3.8 

n, number of respondents. Percentages are rounded to one 

decimal place. 

Table 2. Participant Characteristics: Medical 

Qualification and Practice Setting (N = 53). 

Variable Category n % 

Medical 

Qualification 
BDS 23 43.4 

 
MD / MS / 

DNB 
13 24.5 

 MBBS 7 13.2 

 DM / MCh 6 11.3 

 MDS 4 7.5 

Practice Setting 
Government 

Hospital 
27 50.9 

 
Medical 

College 
11 20.8 

 
Private 

Hospital 
7 13.2 

 
Corporate 

Hospital 
4 7.5 

 Private Clinic 3 5.7 

 Other 1 1.9 

BDS, Bachelor of Dental Surgery; MBBS, Bachelor of 

Medicine, Bachelor of Surgery; MDS, Master of Dental 

Surgery; MD, Doctor of Medicine; MS, Master of Surgery; 

DNB, Diplomate of National Board; DM, Doctor of Medicine 

(super-specialisation); MCh, Master of Chirurgiae. 

 

 

Table 3. Frequency of Generative AI Use for 

Professional Purposes (N = 53). 

Frequency n % 

Daily 24 45.3 

Weekly 16 30.2 

Monthly 6 11.3 

Rarely 5 9.4 

Never 2 3.8 

Daily or weekly use combined accounted for 75.5% of 

respondents. 

Table 4. Productivity Outcomes: Descriptive 

Statistics for Perceived Impact of Generative AI on 

Clinical Productivity (N = 53). 

Ite

m 
Statement 

Mea

n 
SD 

Media

n 

% 

Agree/S

A 

Q1 

Improves 

overall 

clinical 

productivity 

3.98 
0.6

7 
4 86.8 

Q2 

Reduces 

time spent 

on 

documentati

on 

4.19 
0.7

1 
4 86.8 

Q3 

Allows more 

time with 

patients 

3.38 
0.9

3 
4 50.9 

Scale: 1 = Strongly Disagree; 5 = Strongly Agree. SD, 

standard deviation; SA, Strongly Agree. 

Table 5. Information Quality and Communication: 

Perceived Impact of Generative AI (N = 53). 

Item Statement Mean SD Median 
% 

Agree/SA 

Q4 

Improves 

quality of 

medical 

writing / 

educational 

material 

4.19 0.79 4 90.6 

Q5 

Reduces 

administrative 

workload 

4.09 0.63 4 88.7 

Q6 

Improves 

access to 

relevant 

clinical 

information 

4.04 0.65 4 84.9 

 

Scale: 1 = Strongly Disagree; 5 = Strongly Agree. 



65 

 

Journal Of Applied Dental and Medical Sciences 12(2);2026 

 

Table 6. Cost Efficiency: Perceived Impact of 

Generative AI on Operational Costs (N = 53). 

Ite

m 
Statement 

Mea

n 
SD 

Media

n 

% 

Agree/S

A 

Q7 

Can 

reduce 

operationa

l costs in 

healthcare 

3.59 
0.8

0 
4 56.6 

Cost reduction had the second-lowest endorsement in the scale. 

Table 7. Thematic Analysis of Open-Ended 

Responses (N = 53). 

Theme 
Frequency of 

Mention 

Illustrative 

Quotation 

Efficiency / 

Time Saving 
14 

"AI has reduced 

clerical workload 

tremendously." 

Accuracy / 

Hallucination 
9 

"Generative AI is 

never accountable 

for its work and 

produces false 

statements 

frequently." 

Information 

Access 
8 

"Real-time help 

with quick 

information leading 

to improved 

decision making." 

Medical Writing 

Support 
6 

"It reduces my time 

on sentence 

framing, improves 

my writing work." 

Deskilling / 

Overreliance 
6 

"Overdependence 

on AI reduces 

clinicians' thinking 

ability." 

Ethics / Privacy 

/ Data Security 
5 

"Ethical issues and 

plagiarism, data 

security is 

questionable." 

Empathy / 

Workforce 

Displacement 

3 

"Practising 

medicine requires a 

lot of empathy." 

Patient-facing 

Risks 
3 

"Patients using AI 

at home as medical 

counsel." 

Frequencies reflect the number of respondents who explicitly 

referenced the theme. Quotations are verbatim; minor 

grammatical edits for readability. 

 

 

Table 8. Future Adoption: Integration Readiness and 

Intention (N = 53). 

Ite

m 

Statemen

t 

Mea

n 
SD 

Media

n 

% 

Agree/S

A 

Q8 

Should be 

integrated 

into 

routine 

clinical 

practice 

3.89 
0.6

7 
4 75.5 

Q9 

Intend to 

increase 

future use 

4.09 
0.5

6 
4 88.7 

Future-use intention was the item most strongly associated with 

current frequency of use (ρ = 0.415, p = 0.002). 

Table 9 presents reliability statistics including item–total correlations 

and Cronbach's α if the item is deleted. All items contributed positively 

to scale reliability. 

Table 9. Reliability Analysis of the 9-Item Attitude 

Scale (N = 53). 

Item 

Corrected Item–

Total 

Correlation 

Cronbach's α if 

Item Deleted 

Q1 0.421 0.789 

Q2 0.502 0.779 

Q3 0.539 0.775 

Q4 0.477 0.782 

Q5 0.533 0.776 

Q6 0.489 0.781 

Q7 0.473 0.783 

Q8 0.545 0.774 

Q9 0.482 0.783 

Overall 

Cronbach's α 
— 0.800 

Cronbach's α ≥ 0.70 is considered acceptable; ≥ 0.80 good; ≥ 

0.90 excellent. 
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Table 10. Correlation and Subgroup Analysis: 

Frequency of Use, Composite Attitude, and 

Demographic Comparisons (N = 53). 

Test 

Statistic 

(ρ / H / U 

/ χ²) 

p-

value 
Significance 

Spearman: Q1 

Productivity vs 

Use Frequency 

0.302 0.028 
* 

Spearman: Q2 

Documentation 

vs Use 

Frequency 

0.282 0.041 
* 

Spearman: Q3 

Patient time vs 

Use Frequency 

0.033 0.813 ns 

Spearman: Q4 

Medical writing 

vs Use 

Frequency 

0.359 0.008 
** 

Spearman: Q5 

Admin 

workload vs 

Use Frequency 

0.067 0.635 ns 

Spearman: Q6 

Info access vs 

Use Frequency 

0.223 0.108 ns 

Spearman: Q7 

Cost reduction 

vs Use 

Frequency 

0.010 0.942 ns 

Spearman: Q8 

Routine 

integration vs 

Use Frequency 

0.328 
0.016 

* 

Spearman: Q9 

Future intent vs 

Use Frequency 

0.415 
0.002 

** 

Spearman: 

Composite 

Score vs Use 

Frequency 

0.305 
0.027 

* 

Kruskal–Wallis 

(Composite by 

Qualification, 

H) 

0.42 0.980 ns 

Kruskal–Wallis 

(Composite by 

Practice Setting, 

H) 

2.06 0.725 ns 

Kruskal–Wallis 

(Composite by 

Age Group, H) 

0.38 0.539 ns 

Kruskal–Wallis 

(Composite by 

Experience, H) 

0.33 0.850 ns 

Mann–Whitney 

U (Under 30 vs 

30–39) 

254.0 0.545 ns 

Chi-square 

(Daily use vs 

Future intent 

Agree/SA) 

1.12 0.289 ns 

*p < 0.05; **p < 0.01; ns, not significant. ρ, Spearman rank 

correlation coefficient; H, Kruskal–Wallis H statistic; U, 

Mann–Whitney U statistic; χ², chi-square statistic. 

Attitudes Toward Generative AI 

Internal consistency of the nine-item attitude scale was good 

(Cronbach's α = 0.80; Figure 10 and Table 9). Tables 4–6 and Table 8 

present item-level descriptives grouped by construct; Figure 4 shows 

the distribution of Likert responses, and Figure 5 the mean scores with 

error bars. 

Frequency of Use Versus Attitudes 

Table 10 summarises Spearman correlations between frequency of 

GenAI use and each attitude item, together with subgroup comparisons. 

Figure 6 provides a correlation heatmap for the full item set. Physicians 

who use GenAI more frequently expressed significantly more positive 

perceptions of productivity, documentation, medical writing, 

integration readiness, and — most strongly — future-use intention. 

Perceptions of patient-time, administrative workload, information 

access, and cost were not associated with frequency, suggesting these 

are structurally rather than experientially determined. 

Subgroup Comparisons 

Kruskal–Wallis tests on the composite score showed no statistically 

significant differences across qualification (H = 0.42, p = 0.98), 

practice setting (H = 2.06, p = 0.73), age group (H = 0.38, p = 0.54), or 

experience (H = 0.33, p = 0.85). The Mann–Whitney U test between 

Under-30 (M = 3.92) and 30–39 (M = 3.99) year respondents was non-

significant (U = 254, p = 0.55). The chi-square test between daily use 

and future-use intention (Agree/SA vs other) was non-significant (χ² = 

1.12, p = 0.29), although the direction favoured daily users (95.8% vs 

82.8%). 
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. 

Thematic Analysis of Open-Ended Responses 

Inductive coding of the open-ended item generated eight themes (Table 

7 and Figure 9). Efficiency and time saving emerged as the dominant 

perceived benefit, followed by improved information access and 

support for medical writing. The most frequently expressed concern 

was accuracy and hallucination, followed by risks of clinician 

deskilling and unresolved questions on ethics and data privacy. 

Discussion 

Principal Findings 

This study is among the first primary-data surveys quantifying Indian 

physicians' perceptions of GenAI across productivity, resource, and 

cost dimensions. Three findings stand out. First, uptake is already high: 

75.5% of respondents use GenAI at least weekly, mirroring — and 

possibly outpacing — recent US rates where 66% of physicians 

reported any AI use in 2024 [7]. Second, perceived benefits cluster 

around cognitive-administrative work rather than economic or patient-

facing outcomes. Documentation, medical writing, administrative 

workload, and information access all scored above 4.0 on the Likert 

scale, consistent with international evidence that ambient and 

generative AI's most reliable near-term gains are in note-writing and 

clerical offloading [3,4,5,11]. Third, exposure predicts acceptance: the 

composite score correlated significantly with frequency of use (ρ = 

0.305, p = 0.027), and the strongest association was with future-use 

intention (ρ = 0.415, p = 0.002), echoing international findings that 

hands-on experience is a leading predictor of acceptance [8]. 

Contextualising Concerns 

Qualitative themes on hallucination, accountability, and data privacy 

replicate concerns raised in AMA guidance for physicians [2], the 

ICMJE 2024 framework on AI in publications [10], and a 2025 

physician survey where roughly half of respondents worried about 

GenAI increasing patient anxiety [9]. The Indian sample adds a 

distinctive economic worry — subscription creep and workforce 

displacement — that deserves policy attention as public-sector 

procurement scales up. This is consistent with EY and PwC analyses 

projecting GenAI-driven productivity gains of 30–32% in Indian 

healthcare by 2030 while cautioning about legacy-system integration 

costs. 

Non-significant Subgroup Effects 

The absence of significant differences by qualification, setting, age, or 

experience is itself informative. It suggests that GenAI perception is 

currently shaped less by clinical identity and more by tool familiarity 

— a pattern earlier reported for EHR acceptance [19]. It should be 

interpreted cautiously given modest cell sizes (e.g., only two 

respondents with 11–20 years of practice). 

Limitations 

The convenience sample of 53 physicians limits generalisability, 

especially to senior specialists (only 3.8% had more than 10 years of 

practice). Self-report bias and social-desirability effects are possible. 

The cross-sectional design cannot establish causality between use 

frequency and acceptance. The BDS-heavy sample (43.4%) partially 
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reflects the author's professional network. No objective outcome 

measure (e.g., documentation minutes, RVUs) was collected — a 

limitation shared with most international physician-attitude surveys and 

one that studies such as Husa et al. and Olson et al. have begun to close 

with EHR-metadata designs [3,4]. 

Implications for Policy and Practice 

Four implications follow. First, structured training in prompt 

engineering, hallucination management, and PHI-safe use should be 

embedded in undergraduate and postgraduate curricula. Second, 

institutional GenAI-use policies are needed to standardise consent, data 

handling, and audit trails. Third, pilot ambient-documentation 

deployments in Indian tertiary settings — with pre/post EHR-metadata 

evaluation — would generate the first objective productivity evidence 

in this system. Fourth, formal economic evaluations are required to test 

whether GenAI is a net cost-saver or cost-shifter in the Indian public 

sector. 

Conclusion 

Indian physicians view Generative AI favourably, particularly as a 

documentation and knowledge-work accelerator, and intend to increase 

its use. Enthusiasm is tempered by well-founded concerns about 

accuracy, accountability, data privacy, cost creep, and clinician 

deskilling. Higher exposure predicts stronger acceptance, supporting a 

structured, ethically governed pathway for integrating GenAI into 

routine Indian clinical practice. 
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