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Abstract
This paper investigates whether access to a general-purpose large language model (LLM) improves physicians’ clinical reasoning across diverse healthcare contexts, as well as the possible implications of using an LLM in healthcare settings. Using a randomized controlled trial with 249 physicians in Indonesia, Kenya, and the Netherlands, the study finds that LLM access enhances performance on standardized clinical vignettes in all three countries. The magnitude of improvement varies, with the largest gains observed in Kenya (+18%), followed by Indonesia (+10.7%) and the Netherlands (+7.2%). 
The results, however, reveal substantial heterogeneity. Performance distributions overlap, and some physicians with LLM access perform worse than those without, indicating that access alone does not guarantee improvement. Higher usage is associated with better outcomes, and less specialized physicians appear to benefit more, implying that LLMs may help reduce skill gaps. Importantly, the findings emphasize that LLMs function as complements rather than substitutes for clinical expertise. However, the study identifies important risks, including automation bias, hallucinations, and context misalignment, underscoring the importance of careful integration, training, and governance. 
The paper concludes that while LLMs can enhance clinical reasoning, their effectiveness depends critically on how they are implemented within healthcare systems. The paper recommends that policymakers prioritize structured integration of LLMs as decision-support tools, combined with targeted training, local validation, and safeguards against automation bias rather than relying on access alone. It also emphasizes the need for investment in infrastructure, continuous monitoring, clear liability frameworks, and inclusive governance to ensure equitable, safe, and context-appropriate deployment. It argues for the importance of social dialogue in managing the process.
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Introduction
By 2030, the World Health Organization estimates a shortfall of roughly 11 million healthcare workers, with the burden concentrated in low and lower-middle-income countries (WHO, 2024). Beyond high patient-to-provider ratios, many health systems face an uneven distribution of medical expertise and limited access to diagnostic technologies. These constraints contribute to persistent deficiencies in the quality of care. Physicians are often required to make complex diagnostic and treatment decisions under time pressure, with incomplete information and limited specialist support, increasing the risk of misdiagnosis, delayed treatment, and inappropriate management.
Against this backdrop, attention has increasingly turned to whether recent advances in generative Artificial Intelligence (GenAI) can support clinical work. LLMs have been demonstrated to have expert-level medical knowledge (Singhal et al. 2022; 2023). Indeed, empirical studies have shown that LLMs can aid doctors in core clinical tasks, such as clinical reasoning and the generation of differential diagnoses, and LLMs have performed strongly in simulated clinical settings (Brodeur et al., 2025; Cabral et al., 2024, McDuff et al., 2025; Nori et al., 2023; Singhal et al., 2025). Recent research indicates that LLMs can enhance quality of care by supporting physicians’ clinical decision-making in both diagnostic and management tasks (Everett et al., 2025; Goh et al., 2024; 2025; Korom et al., 2025).
While the capacity of LLMs to improve physicians’ quality of care seems well established, it remains uncertain whether these effects are influenced by cultural differences in clinical reasoning (Findyartini et al., 2016; Karunaratne et al., 2025). This matters because innovations in Generative AI, and specifically Large Language Models (LLMs), have been proposed for application worldwide, as tools that could strengthen healthcare delivery by assisting physicians in their work (Ali et al., 2023, Lam, 2023; Tripathi et al, 2025).
This paper examines whether access to a large language model improves physicians’ clinical reasoning performance in a controlled experimental setting. Using standardized clinical vignettes, we conduct a randomized controlled trial with physicians in Indonesia, Kenya, and the Netherlands. By comparing performance with and without model access across these three contexts, the study provides evidence on the potential of GenAI to augment clinical reasoning and on the extent to which such tools may help reduce or reinforce existing differences in quality of care in different cultural and institutional contexts. We also consider how physicians feel about using the tool and some policy implications from integrating LLMs into diagnostics.


What Doctors Do: Physicians’ tasks and the scope for automation
One of the principal approaches in assessing the possible effects of technology on jobs is to analyse the ability of a specific technology to automate tasks within an occupation. Such an approach is based on the insight that jobs are best understood as “bundles of tasks” (Autor, 2015). As such, the question of whether task automation leads to job automation depends on the extent to which tasks within an occupation can be automated and the importance of such automatable tasks to the occupation (Autor and Thompson 2025). Jobs evolve over time, thus automation of tasks within an occupation does not necessarily imply the disappearance of the job itself, particularly if such tasks are peripheral or if there are other tasks within the occupation that continue to require human input (Autor et al. 2024).
Following this approach, Gmyrek et al. (2025) use machine learning and human judgement to derive scores of exposure to GenAI for the tasks of internationally standardized ISCO-08 occupations.1 Each of the 436 4-digit occupations in the ISCO-08 structure is classified on an exposure gradient that ranges from no or minimal exposure to gradient 4 (highest exposure to potential automation). The assessment is a theoretical estimate of what tasks can currently be performed using the technology rather than its application in practice, which may be constrained by an interplay of factors, including inadequate infrastructure or skills, high costs, competing organizational priorities, or even disappointing performance of the technology.
The occupation of “generalist medical practitioner” (ISCO 2211), is defined in ISCO-08 as family and primary care doctors who “diagnose, treat and prevent illness, disease, injury and other physical and mental impairments and maintain general health in humans through application of the principles and procedures of modern medicine” (ILO, 2012).2 Specialist physicians (2212) are classified separately at the 4-digit level, while national classifications will often elaborate significantly more detailed levels. For example, the Polish 6-digit system distinguishes more than 80 physician occupations, the majority corresponding to specialised fields.
The task descriptions associated with physicians’ work in ISCO-08 therefore reflect a set of generic, cross-cutting medical activities rather than the full procedural specificity of individual specialisations. They provide an aggregated representation of core clinical, diagnostic and administrative functions that characterise medical practice at the international classification level. Despite substantial variation in clinical focus and procedural intensity, diagnostic reasoning and treatment decision-making, remain core components of work across these roles.
The average potential task automation score for generalist medical practitioner (2211) at 0.29 is relatively low, compared with other ISCO-08 occupations in the ILO index. Dispersion across tasks is also limited (standard deviation of 0.1), indicating that exposure to GenAI is not driven by a small subset of highly automatable tasks but rather reflects the overall structure of medical work. (See Appendix Table 1).3
A more granular view, using the detailed 6-digit classification from the Polish 6-digit system, helps clarify this structure (Figure 1). Across physician occupations, tasks cluster into three broad functional categories: diagnostic and clinical reasoning tasks; administrative and documentation-related tasks; and manual or procedural tasks. These categories exhibit distinct exposure patterns. Administrative and information-processing activities tend to receive relatively higher scores, while diagnostic and treatment decision-making tasks, as well as manual and embodied procedures, consistently fall at the lower end of the distribution. By contrast, tasks central to medical practice (physical examinations, surgical and clinical procedures, diagnosis, treatment planning, and patient interaction) consistently receive low scores in the ILO framework, reflecting the need for judgment, ethical responsibility, and human engagement. Even where AI can contribute to diagnostic support, referrals, counselling, or preventive planning, its role remains complementary rather than substitutive. The lowest scores are generally assigned to manual and procedural tasks that depend on hands-on clinical practice and in-person patient interaction.
Figure 1. Distribution of Potential Task Automation Scores in 6-Digit Medical Occupations in Poland 

As a result of this scoring distribution, most medical professions are not classified as exposed to the risk of automation by the ILO. Potential augmentation benefits, where identified, are concentrated primarily in administrative and documentation-related tasks. Nevertheless, even if GenAI cannot substitute for the core clinical functions that are central to the profession, there remains scope for the technology to support decision-making. Many recent investments in healthcare AI have been focused on developing such tools, including AI-enabled medical devices that assist diagnosis, particularly in imaging-heavy specialties. Regulators have been keen to support these developments; for example, the U.S. FDA approved 223 AI-enabled medical devices in 2023, primarily in the areas of detection and clinical interpretation support (Stanford HAI, 2025).4
At the same time, important questions arise when considering the deployment of such tools in developing countries. Some of the strongest claims regarding AI in health concern its potential to expand access in contexts characterized by weak healthcare coverage and low physician density. In such settings, partial automation or decision-support systems are often presented as a means of extending diagnostic capacity, reducing misclassification, lowering unnecessary testing costs, and improving quality of care.
However, most currently deployed AI-supported healthcare systems have been developed and validated in high-income countries, raising questions about their ability to perform well in lower-middle-income countries (Riang’a et al., 2025). Such concerns relate not only to differences in disease profiles and clinical practice patterns, but also to language, infrastructure, and data availability. Tools optimized for one regulatory, epidemiological, or linguistic context may not translate seamlessly to another.
Whether these expectations are realistic remains an open empirical question. The analysis presented here does not assess health system infrastructure or regulatory integration. Instead, it focuses on a narrower but central issue: whether access to a large language model improves individual physicians’ clinical reasoning performance in controlled vignette-based assessments across three countries. While this approach does not capture the full complexity of real-world deployment, it provides evidence on a core dimension of medical work.

1 
         Each task within an occupation is assigned a score ranging from 0 to 1, where 0 is no possibility for automating the specific task with generative AI technology and 1 represents full automation potential. The task scores are then averaged and based on the average score and its standard deviation (i.e., the range of scores of each of the tasks within an occupation). See Gmyrek et al. (2025) for methodological details.
2 
         The ISCO-08 classification is hierarchical, organised into major groups (1-digit), sub-major groups (2-digit), minor groups (3-digit), and unit groups (4-digit). Health professionals are located within Major Group 2 (Professionals), specifically under Sub-major Group 22 (Health Professionals). Within this structure, separate 4-digit unit groups distinguish Generalist Medical Practitioners (2211) from Specialist Medical Practitioners (2212) and other health occupations.
3 
         Appendix Table 1 presents the scores for 10 tasks associated with this occupation, based on the ILO methodology.
4 
         There have also been commercial investments in scheduling, revenue-cycle and prior-authorization automation, and patient engagement or education assistants. Most of these investments have been framed as improving efficiency, standardization, and access to information rather than replacing clinical judgment (Stults et al, 2025; Kunze et al. 2025).


Testing the potential of Generative AI to improve clinical reasoning: A randomized control trial (RCT) in Indonesia, Kenya and the Netherlands
Clinical reasoning lies at the heart of physicians’ work. It involves seeing and hearing the patient, probing for vital information, coming to a diagnosis, and managing the outcomes. Effective clinical reasoning is essential for high quality of care. Yet, clinical reasoning is a highly complex, multifaceted and idiosyncratic skill (Pelaccia et al., 2011). How physicians end up with their final differential diagnosis is of some debate. Drawing on dual process theory, most models of clinical reasoning distinguish between two separate modes: the intuitive mode and the analytical mode. With the intuitive mode, physicians draw on their experience to make links between the problem they are presented with and patterns stored in long-term memory. The analytical mode relies on hypothetico-deduction, a process where diagnostic hypotheses are generated and then tested by the physician. These two models are not mutually exclusive and often used in conjunction (Eva, 2005). Utilising both modes during clinical reasoning processes increases the performance of the physicians compared to employing either one alone (Ark et al., 2006; Norman et al., 1999; Norman & Eva, 2010).
The relationship between LLMs and clinical reasoning is not yet entirely clear. LLMs can potentially employ both analytical and intuitive reasoning approaches. By identifying statistically important correlations between patient information and potential diagnoses, LLMs rely on large-scale pattern recognition to identify diagnoses. An overreliance on pattern recognition and data retrieval could limit LLMs abilities in the face of logical errors and changing contexts, requiring human oversight (Christof & Armoundas, 2025). Evidence suggests that LLMs demonstrate biases toward inflexible pattern matching, rather than engaging in flexible reasoning (Kim et al., 2025). However, advanced prompting strategies such as chain-of-thought or retrieval augmented generation may be able to mimic certain aspects of the reasoning process (Lewis et al., 2021; Wei et al., 2023).5 
Additionally, LLM models are available that are explicitly trained to respond to medical questions, with some studies suggesting that the most up-to-date medical trained models can outperform the generalist models such as GPT-4o or GPT-o3 (e.g., see McDuff et al, 2025; Wang et al, 2025), but other studies, including a benchmark review, finding that generalist foundation models (such as GPT-4o) outperformed specialist trained models (Nori et al, 2023).  In either case, LLMs matched or exceeded medical student performance when tested on international, diverse clinical vignette datasets designed to assess how new information adjusts diagnostic or therapeutic judgments under uncertainty (McCoy et al., 2025). Whether through pattern recognition or intuitive reasoning, LLMs offer an opportunity to augment physician clinical reasoning.
Despite this augmentation potential, there are significant risks associated with LLM use. For example, LLMs may provide inappropriate and poor-quality answers, as illustrated in attempts of diagnosing complex urology cases (Cocci et al., 2025). Other studies show that it failed to accurately diagnose patients across various pathologies, performing significantly worse than physicians (Hager et al., 2025). One issue is that LLMs’ outputs are biased by the type of medical data they are trained on, which reflect the characteristics of the individuals in the training data (Zhang et al., 2024). When information on patients’ disease history is biased, LLMs are equally likely as human doctors to reach fallacious conclusions (Schmidt et al., 2024). Another reason for caution is that hallucination is an intrinsic feature of LLM models (Yao et al., 2023) that seriously hampers LLM’s ability to reliably process and communicate medical information (Gilbert, Kather and Hogan, 2024). Furthermore, LLMs can introduce new biases into the clinical reasoning process. Automation biases can occur when physicians over-rely on LLM output, not engaging in mega-cognitive processes and critically evaluating their own reasoning and the information and clinical reasoning provided by the LLM. The risk of indolence is not just problematic in the short run, but also for building doctors’ skills over time. Some studies show that physicians can perform worse when provided with deliberately incorrect AI advice, suggesting the automation biases combined with the hallucinatory nature of LLMs could lead to reduced performance (Jussupow et al., 2021; Qazi et al., 2025). These benefits and risks highlight the need for empirical evidence on the augmentative ability and limitations of LLMs across various stages of the clinical reasoning process.
2.1. The design of the RCT
To test the augmentative abilities of LLMs across the clinical reasoning process, we designed a randomized controlled trial whereby participants were randomly allocated to receive LLM support or not. Through university networks in the participating institutions, we recruited 249 physicians to complete 4-5 clinical patent vignettes in controlled environments: computer labs in Indonesia and the Netherlands, and educational consultation rooms in Kenya. Table 1 reports sample characteristics for participants recruited across the three sites, Indonesia enrolled 81 residents (41 intervention, 40 control) with a median of approximately 13 years since starting medical education; Kenya enrolled 60 residents (30 intervention, 30 control) with a median of 11 years; and the Netherlands enrolled 109 participants (50 intervention, 58 control), comprising mostly residents (84%) alongside some attendings (16%), with a median of 11 years since starting medical education.
Table 1. Baseline Characteristics
	 
	Indonesia
	Kenya
	Netherlands 

	 
	Intervention
	Control
	Intervention
	Control
	Intervention
	Control

	Career Stage

	Attending
	0 (0%)
	0 (0%)
	0 (0%)
	0 (0%)
	8 (16%)
	9 (16%)

	Resident
	41 (100%)
	40 (100%)
	30 (100%)
	30 (100%)
	42 (84%)
	49 (84%)

	Specialty

	Internal/Family
	41 (100%)
	40 (100%)
	18 (60%)
	9 (30%)
	50 (100%)
	58 (100%)

	Other
	41 (100%)
	40 (100%)
	30 (100%)
	30 (100%)
	50 (100%)
	58 (100%)

	Years Since Start of Medical Education

	Mean (SD)
	12.9 (3)
	13 (3.5)
	11.8 (3)
	11.8 (3.9)
	14.6 (8.8)
	13.3 (8)

	Median(IQR)
	13 (12-15)
	13 (11.5-14)
	11 (10-13)
	11 (9-13)
	11 (9-15)
	11 (9-13)


Clinical vignettes are short narrative descriptions of patient encounters that describe symptoms, history, and findings to test how physicians synthesize clinical information and formulate management plans. Clinical vignettes have been used extensively to assess both the performance of LLMs and their augmentative abilities (see, e.g., Brodeur et al, 2025; Singhal et al, 2025; Selin et al, 2025; Goh et al, 2024; Goh et al, 2025). Our study uses a validated vignette design that mimics patient-physician interactions from the initial patient encounter, through the clinical reasoning steps, to final diagnosis and management. We follow the structure of clinical performance and value vignettes, a vignette design validated to perform well against the gold standard assessment methodology, standard patient designs that has established usage in global settings (Peabody et al., 2000). 
The vignettes were designed to capture the entire clinical workflow, from the initial patient encounter, through to diagnosis and therapeutic management. Information was provided sequentially; at each stage participants listed the actions they would take. This allows us to measure at which stage of the clinical process LLM support may be most effective. The provided information was static, meaning that at each step every participant saw the same information regardless of their answers in previous steps. All clinical vignettes were presented to participants in English, participants were allowed to respond either in English or their own language.
Each case was developed for this trial by a group of co-authors. Following the clinical performance and value vignette design, we created four cases (Peabody et al., 2000). The selected conditions (cardiovascular, respiratory, musculoskeletal disease and a viral infection) were chosen as they are globally prevalent and can be diagnosed and treated in primary care without the need for expensive treatments, advanced technology, or specialized care, a design specification used previously in the literature (Peabody & Liu, 2007). Participants in each county were presented with the same cases. To assess the validity of the case selection both geographically and for our sample of physicians, participants were asked whether the patient cases presented were representative of those typically encountered in clinical practice. Participants across all three countries reported high levels of agreement: 89% in Indonesia, 92% in Kenya, and 94% in the Netherlands.
A central rubric for each case based on evidence-based best practices was developed by an experienced vignette creator in the Netherlands, drawing on comprehensive national guidelines and evidence-based best practices, i.e., the Dutch College of General Practitioners (NHG) and the UK’s National Institute for Health and Care Excellence. These best-practice rubrics were then adapted by domain experts in each country to reflect local clinical contexts. Each rubric item was applied to a weighting based on its clinical significance, using a standardized scale of 0.33, 0.5, or 1. Participants were randomly assigned either to the control or intervention group (“with access”) using simple randomization and asked to complete the vignettes in an online environment. Intervention group participants were given access to an LLM (GPT-4o) via the OpenAI API through an interface developed by Maastricht University. This interface was integrated into the online Qualtrics environment. There was no affiliation with OpenAI. 
The intervention group participants were instructed that they could optionally use the LLM, and were provided with prompting instructions. Due to the widespread availability of LLMs (including integration into popular search engines), control group (those “without access”) participants were asked not to use internet search to avoid contamination. To allow us to isolate the effect of LLM usage across our samples, participants were also asked to not use traditional resources such as scientific manuals. This design feature allows any statistically significant differences between groups to be attributed to LLM access under controlled conditions. However, it also departs from routine clinical practice, where physicians typically consult guidelines, reference materials, or colleagues when uncertain. As such, the control group’s performance may underestimate what would be observed under normal working conditions, and the estimated treatment effect should be interpreted as the impact of LLM access relative to a resource-restricted baseline rather than to fully supported clinical practice.
Open-ended participant responses were independently graded by two reviewers using the locally adapted rubrics. Graders were recruited through university networks and included recently graduated internal medicine physicians in Indonesia (n=11) and Kenya (n=4), and final-year medical students in the Netherlands (n=8). Each rubric item was assessed as present (1) or absent (0) by the reviewers. The primary outcome was calculated as the weighted sum of present items divided by the weighted sum of total possible items, creating a percent correct score per vignette. This was then averaged across participants.
After completing the vignettes, participants in all three countries were asked to complete a short survey. The survey was split into two parts, first we asked all participants regarding demographic information, experimental experience, and beliefs on and prior exposure to AI. Second, intervention group participants reported on whether using the LLM made their diagnostic work faster, easier, and more effective (Venkatesh & Bala, 2008), and whether the LLM chatbot provided insights or changed their assessment. As an additional analysis, teams in Indonesia and Kenya conducted qualitative studies to understand how physicians responded to the AI and their views on the trustworthiness, helpfulness, and usefulness of the tool.

5 
         Chain-of-thought (CoT) prompting is a prompt engineering technique that instructs AI models to break down complex problems into intermediate, step-by-step logical steps before delivering a final answer; Retrieval-Augmented Generation (RAG) is the process of optimizing the output of a large language model, so it references an authoritative knowledge base outside of its training data sources before generating a response.


Quantitative Findings
The results of the experiment demonstrated that overall physicians in all three countries “with access” to the LLM performed better than those without access. Figure 3 displays the distributions of our samples and intervention effects comparing physicians with and without LLM access, showing higher medians, interquartile ranges (IQRs), and boxplot tails in each country. We also present linear regression model estimates for the effect of LLM access on physician average vignette scores in Figure 2. We observed the largest difference between physicians with and without LLM access in the Kenyan sample 18%, followed by Indonesia 10.7% and the Netherlands 7.2%. All results were statistically significant. 
Figure 2. Performance results of physicians with LLM access compared with those without LLM access, Indonesia, Kenya and the Netherlands

Table 2 reports on the descriptive statistics for each group. In Indonesia, we found a larger dispersion of scores or Inter-quartile Range (IQR) for physicians with access (17.7%) compared to those without (10.1%). In contrast, for the Kenyan samples the dispersion (IQR) was narrower for those with access (9.7%) compared to those without (16.9%). In the Netherlands, we observed a similar IQR for those with access (10.8%) to those without (9%). Standard deviations were larger for physicians with access in Indonesia (12.9) compared to those without (9.5) and also for those with access in the Netherlands (10.9) compared to without (6.5). Standard deviations were broadly similar in Kenya.
In the Indonesian sample, the difference between the lowest and the highest scorers was greater for those with access (49.5%) than without (42.2%) (See Table 2) . This was even more pronounced for the Netherlands, where the difference for those with access (55.9%) was larger than for those without (25.4%). In Kenya, we detected a similar difference for those with access (39.9%) compared to those without (37.4%).
Importantly, we found that the distributions of physicians with and without access overlapped in all three countries, with the best performing physicians without access outperforming a proportion of physicians with access. Intriguingly, in the Netherlands, we found the lowest scores in the group with access (24.4%).
Table 2. Scores of those doctors “without access” and those “with access” 
	
	Without Access
	With Access

	Indonesia
	
	

	Mean score (Std. Dev)
	39.2 (9.5)
	49.9 (12.9)

	Median score (IQR)
	38.9 (34.4-44.5)
	49.0 (39.7-57.4)

	Min-Max diff. (Min-Max)
	42.2 (17.6-59.8)
	49.5 (27.1-76.6)

	Kenya
	
	

	Mean score (Std. Dev)
	47.0 (10.0)
	65.0 (10.4)

	Median score (IQR)
	48.1 (37.8-54.7)
	66.8 (62.7-72.4)

	Min-Max diff. (Min-Max)
	37.4 (27.1-64.5)
	39.9 (41-80.9)

	The Netherlands
	
	

	Mean score (Std. Dev)
	54.2 (6.5)
	61.4 (10.9)

	Median score (IQR)
	55.5 (50.6-59.6)
	61.9 (57.9-68.7)

	Min-Max diff. (Min-Max)
	25.4 (39-64.4)
	55.9 (24.4-80.3)


3.1. Effect of LLM Access on Cross-Country Differences
Investigating cross-country differences, we found that physicians without LLM access had the lowest mean score in Indonesia (39.2%), followed by those in Kenya (47%) and in the Netherlands (54.2%). For those with access, we found the lowest mean score in Indonesia (49.9%), followed by the Netherlands (61.4%), and Kenya (65%).
Table 3 reports on the statistical significance of cross-country differences. We found a significant reduction in the cross-country difference in mean physicians scores between the Kenyan and Dutch samples (-10.8%). We found a smaller, but still negative, effect for the difference between the Indonesian and Dutch physicians of -3.5% and a corresponding larger difference between the Indonesian and Kenyan physicians of 7.3%. 
Table 3. Cross-country differences in scores
	Indonesia - Kenya
	7.3% (95% CI: 0.1 to 14.5, p=0.05)

	Indonesia - The Netherlands
	-3.5% (95% CI: -9.6 to 2.5, p=0.25) 

	Kenya - The Netherlands
	-10.8% (95% CI: -17 to -4.6, p<0.001)


3.2. LLM Vignette Performance
To assess the baseline performance of the LLM alone, we input the vignette cases exactly as they were shown to physicians into GPT-4o just once, using no fine-tuned prompting (i.e. zero shot learning). Returning to Figure 2, we see that the model outperformed the highest-scoring physicians who did not have access to an LLM in Indonesia (LLM=66.7%, Best Physician=59.8%), Kenya (LLM=70.2%, Best Physician=64.5%), and the Netherlands (LLM=74.2%, Best Physician=64.4%). 
Comparing physicians with access to the LLM, we detect that the LLM outperformed most physicians. However, the highest scoring physicians with access in each country outperformed the LLM score. In Indonesia, the LLM scored 66.7%, putting it below the 90th percentile (69.4%). In Kenya, the LLM scored 70.2%, putting it below the 75th percentile (72.4%). While, in the Netherlands the LLM scored 74.2%, putting it above the 90th percentile (72.9%), but below the 95th percentile (77.4%).
3.3. Relationship between LLM Usage on Vignette Performance
Participants in the intervention group were provided with LLM access and usage was encouraged but not required. Hence, we present an intent-to-treat analysis. Differences in usage patterns were observed when analyzing the data, which helped to explain some of the cross-country differences in our results. We used the average of the percentage of steps per vignette for which the participant made use of the LLM. For Indonesia, the median use was for 44% of steps (IQR 0.19 to 0.83) the lowest in our sample; Kenya had the highest use, using it on average for 93% of steps (IQR 0.78 to 0.97); physicians in the Netherlands used it in 68% of steps (IQR 0.44 to 0.88). We then classified participants into two subgroups, based on the median value for each country. If the participant was above the median, they were classified into a High Usage subgroup, if they used below, they were classified into a Low Usage subgroup. We then compared the impact of the LLM on the scores of high and low use participants.
Figure 3 displays performance outcomes for High and Low Usage across countries. Due to the small sample sizes, estimates may be more sensitive to outliers and should therefore be interpreted with caution. Nevertheless, average scores were consistently higher for High Usage physicians in all three countries. Figure 3 reports the estimated additional score difference between the high and low use groups. In Indonesia, we found that the High Usage sub-group scored higher than the Low Usage subgroup on our vignettes by 16.1%. In Kenya, the estimated difference was 8.4%. In the Netherlands, the difference was 7.5%. These results indicate that higher levels of LLM use are descriptively associated with higher average performance. However, some physicians in the Low Usage and no access groups achieved higher scores than some in the High Usage group, suggesting that access to an LLM alone is not a necessary condition for high-quality performance. 
Figure 3. Physician performance with LLM depending on degree of usage

3.4. Relationship between Specialisation, LLM use and Vignette Performance
We next investigate the relationship between two subgroups in our data and vignette performance: the internal medicine residents and residents specialising in other areas, or pre-residency physicians (referred to as non-specialists). This has two primary aims. First, the unbalanced sample distribution across intervention and control could be potentially confounding for a number of conclusions we draw in the paper. This is because internal medicine residents may have been exposed to training on guidelines that cover the four patient conditions used in this study. Second, due to this training, internal medicine residents have more relevant experience. Thus, we are able to investigate the relationship between LLM use and task-specific training. 
We explore the impact in Figure 4. Within the intervention group Internal Medicine specialists and non-specialists exhibit similar performance outcomes, with comparable medians and ranges of dispersion (IQRs). By contrast, the group without LLM access show substantial differences between the two subgroups of internal medicine specialists and non-specialists. This indicates that LLM access may reduce performance variability between internal medicine specialists and non-specialists. As is to be expected, the intervention effect is larger for those in the non-specialist subgroup, however, we still see a significant effect for the internal medicine subgroup. The estimated mean difference for the internal medicine subgroup in Kenya is 10.7, while for the physicians in other specialisations the effect is 20.4. This suggests that the LLM is more useful for those without specialised training, in line with findings from the literature showing higher returns for those with lower skills (Brynjolfsson et al, 2025; Noy & Zhang, 2023; Peng et al, 2024).
Figure 4. Performance of physicians in internal medicine and other specializations

Note: This figure presents distributions of average physician vignette scores across sub samples within Kenya, grouped by those who are specialising in Internal Medicine, and those who are not yet specialised or in other specialisations (i.e., surgery, anesthesiology, and pediatrics). Boxes span the IQR; whiskers extend to 1.5×IQR. Individual scores are overlaid alongside cumulative distribution functions (CDFs). The GPT-4o benchmark score is included in both groups as a reference.


Doctors’ perception of the AI assistance 
The results of the analysis are promising, particularly in Indonesia and Kenya. But whether a technology “succeeds”, depends on users’ perceptions. A technology can be forced onto a workplace, but for it to be accepted and used effectively, users’ need to feel that it is useful. The ‘Technology Acceptance Model’, introduced in 1986, argues that there are two main features that determine technology’s acceptance: its ease of use, or in other words, whether it is free from effort, and a second related, but distinct feature, which is its perceived usefulness – whether the user perceives the system to be useful to aid them in the performance of their job. User perception can be influenced by a host of determinants including subjective norms, image, job relevance, whereas ease of use will depend more on the interface, but also the reliability of the technology and its supportive infrastructure (Davis, Granić, and Marangunić 2024).
To ascertain physician’s perception of using ChatGPT for diagnosis, the study included a follow-up survey that asked the doctors about their experience using the technology, their perception of its usefulness, as well as other questions about prior experience with Generative AI and individual characteristics. In addition, in-depth, qualitative interviews were undertaken with 15 doctors in Indonesia and 19 doctors in Kenya.6
Overall, the doctors were not concerned that the technology would replace their jobs, and most felt it would make them more productive. In response to the statement: “My occupation is at the risk of being replaced by Generative AI in the next 10 years,” most doctors in all three countries disagreed with the statement; views were even more sanguine in the Netherlands, with the majority disagreeing or strongly disagreeing. In Indonesia and Kenya, these sentiments were slightly stronger amongst the treatment group than the control group (See Figure 5).
Figure 5. Responses to “my occupation is at risk of being replaced by Generative AI”

The majority of doctors in all three countries agreed with the statement, “Generative AI will make workers in my occupation more productive in the next 5 years,” with the treatment group responding slightly more positively in Kenya and the Netherlands in comparison with Indonesia. Only a few disagreed with the statement, indicating doctors’ recognition of the potential of the technology for their work. (See Figure 6).
Figure 6. Responses to “Generative AI will make workers in my occupation more productive”

Another dimension of perceived usefulness is whether the doctors agree with the statement, “Using Generative AI at work will reduce my stress.” (See Figure 7). For this question, doctors in the Netherlands, particularly in the treatment group, are overwhelmingly neutral (neither disagree nor disagree), with the remaining split between agreeing and disagreeing. In Indonesia and Kenya, on the other hand, most doctors agreed that it would reduce their stress.
Figure 7. Responses to “using Generative AI at work will reduce my stress”

Doctors had mixed responses in response to the statement that “Using Generative AI at work for medical analysis will increase the prestige of my job.” The mixed responses could reflect a belief by using AI that doctors will appear in step with technological advances, but it could also reflect their concerns about how their patients perceive the doctor’s role. In the qualitative interviews in Indonesia and Kenya, some doctors expressed concern over potential credibility loss if the patient knew they were using AI in supporting their decision-making. As the doctors explained,
“A lot of patients expect you to be all knowing and have all the information. And when they see you referring, it's like you lose your credibility as a doctor... if we outrightly say that we are using AI, then the patient asks you, then what's your purpose? Can't I just sit at home and put all my information, and the AI tells me what to do?” (doctor, Kenya)
“…if the doctor is seen asking AI for answers, it might even raise doubts in the patient’s mind, like, Is this doctor competent?”(doctor, Indonesia)
The doctors were also asked about their perceptions about the overall usefulness of the LLM in improving performance.7 In Indonesia, 60% agreed and 10% strongly agreed with the statement that it improved performance, whereas 10% disagreed. Kenyan doctors were also overwhelmingly positive with 70% agreeing, 10% strongly agreeing and 10% disagreeing. (See Figure 8). Other questions on whether the LLM chatbot “increased productivity” and “enhanced effectiveness” had similar results. For the question on whether it “was useful”, 80% of Indonesian and Kenyan doctors agreed or strongly agreed with the statement.
Figure 8. Responses to “using the chatbot improved my performance in this experiment”, Indonesia and Kenya only

With respect to the tasks that it was most useful for, doctors in Indonesia and Kenya overwhelmingly reported that it was useful for diagnoses (see Figure 9].  As a Kenyan doctor explained, “It gave me more differentials than I had in mind. I had maybe two, but the AI suggested five or six, and most of them were actually clinically reasonable.” An Indonesian doctor remarked how it was particularly useful for complex cases: "For complex cases, such as genetic diseases or syndromes, AI can be especially beneficial for doctors who are less familiar with them.”
Indonesian and Kenyan doctors also appreciated its utility in taking patient history.  As one Kenyan doctor explained, “I tend to ask general questions during history-taking, but the AI helped me focus. It prompted specific symptom characteristics that I hadn’t initially considered.”
Figure 9. Responses to “using the chatbot was useful in providing diagnosis”, Indonesia and Kenya only

Nevertheless, there were also concerns about the accuracy of some of the responses and the potential risk from hallucinations. The potential for inaccuracy is perhaps the greatest weakness of the technology, particularly in clinical settings where the risk of error has serious consequences.
“Yes, it’s quite helpful. But around 20% of the responses don’t seem accurate, and when we cross-check manually, the answers often don’t match.” (doctor, Indonesia)
“There were some gaps—it didn’t always ask about radiating pain, which is important.” (doctor, Kenya)

6 
         The results of these interviews have been prepared as two separate journal articles (Arif, forthcoming; Riang’a et al, forthcoming). This section and the one that follows includes some of the findings from the interviews.
7 
         The sample size for the questions on usefulness was too small in the Netherlands to include the data from this country.


AI use by doctors: Policy considerations
The findings presented in this paper have implications beyond the experimental setting. While the randomized trial was conducted under controlled conditions, it provides structured insights on how access to a general-purpose large language model shapes physicians’ clinical reasoning performance across different health system contexts.
The trial demonstrates that access to a large language model improved physician performance on standardized clinical vignettes. These results are consistent with findings from other experimental studies. They do not, however, establish that LLM-assisted clinical reasoning improves patient outcomes in routine practice, where diagnostic uncertainty, time pressure, incomplete information, and resource constraints operate simultaneously. The observed gains therefore represent performance improvements under controlled conditions rather than demonstrated system-level effects.
In this context, the following policy recommendations are informed by both the empirical findings of this study and by emerging evidence on large language models in healthcare, labour markets, and digital health governance. They are intended to guide governments, social partners, health-system authorities, and technology developers in shaping the responsible deployment of large language models, with particular attention to health workers’ roles, decent work, and equity within and between countries
1. Integration design is critical for ensuring meaningful physician autonomy
The trial findings show that LLM access improved physician performance across all three study countries, while the highest-performing physicians with access still outperformed the model alone, confirming that expert clinical judgement remains indispensable. These findings are in line with the WHO guidance on ethics and governance of artificial intelligence for health, which describes large language models as clinical decision-support tools, not autonomous decision-makers (WHO, 2021).
Yet the results show that the same tool, in different hands, either improved or degraded performance: Indonesian physicians with LLM access exhibited greater score dispersion than those without, and the worst-performing Dutch physicians were in the access group. These patterns are consistent with a broader evidence base suggesting that how LLMs are integrated into clinical workflows matters more than whether they are made available. Goh et al. (2024) found that giving physicians in the United States unstructured access to GPT-4 produced no significant improvement in diagnostic reasoning, despite the model alone scoring substantially higher. By contrast, structured collaborative workflows in which clinician and AI assessments are generated independently and then synthesised have achieved markedly higher accuracy (Everett et al., 2025), and background designs in which the LLM monitors clinical decisions and intervenes only when detecting likely errors have reduced diagnostic and treatment errors in real-world settings in low- and middle-income countries (Korom et al., 2025).8
Policymakers should therefore go beyond mandating human oversight in the abstract and specify the integration architectures under which clinical LLM use is permitted. Designs that place the burden of managing the human–AI boundary entirely on individual physicians in real time represent the weakest governance model. Those that structure the interaction through independent reasoning steps, automated safety checks, or explicit synthesis protocols offer stronger protection for both patients and clinicians. Regulatory frameworks in this area will need to be sufficiently flexible to accommodate rapid technological change while maintaining clear minimum standards for clinical safety.
2. Invest in structured AI competency development for health workers, recognising the limits of training alone
The study results show that more intensive and consistent LLM use was associated with greater performance gains: high-usage physicians outperformed low-usage physicians by 16.1 percentage points in Indonesia, 8.4 in Kenya, and 7.5 in the Netherlands. At the same time, many physicians remained unsure how to integrate the tool effectively. As one Indonesian doctor explained, “I didn’t know what prompt I should use” (Arif et al., forthcoming). Recent reviews confirm that safe LLM use requires competencies that most clinicians do not currently possess, including prompt design, critical appraisal of model outputs, recognition of hallucinated content, and understanding of data provenance (Roustan and Bastardot, 2025). Governments, medical schools, and professional councils should embed AI literacy and LLM-specific skills into undergraduate and postgraduate curricula, continuing professional development requirements, and specialty board examinations, consistent with the ILO’s decent work agenda on skills and lifelong learning (ILO, 2019).
While training is essential, it does not fully mitigate risk. Qazi et al. (2025) observed that physicians who completed 20 hours of AI-literacy instruction continued to demonstrate marked automation bias in the face of erroneous AI recommendations (see recommendation 3). Thus, competency development should be integrated with structural safeguards designed to address the cognitive factors underlying over-reliance, rather than regarded as an isolated solution.
Training should be oriented towards the specific clinical tasks where physicians themselves report the greatest value. The qualitative data collected for this study indicate that doctors found LLMs most useful for expanding differential diagnoses (“It gave me more differentials than I had in mind”) and for focused history-taking (“The AI helped me focus. It prompted specific symptom characteristics that I hadn’t initially considered”) (Riang’a et al., forthcoming). Training programmes anchored in these concrete use cases are likely to be more effective than generic AI literacy modules. Ministries of Health should fund train-the-trainer programmes to address the faculty gap. One recent review found that fewer than 15 per cent of medical faculty globally have received formal AI training (Tolentino et al., 2024). Nevertheless, the scale of investment required to close this gap, and the opportunity costs relative to other health education priorities, have not yet been systematically assessed.
The effectiveness of such training will itself be context dependent. Cross-country differences in LLM-assisted performance may partly reflect variation in how strongly pre-service and in-service education systems emphasise clinical reasoning, evidence appraisal, and digital competencies. Where curricula already integrate critical thinking and structured diagnostic approaches, health workers may be better positioned to use LLM tools productively and to recognise their limitations. Training programmes should therefore be locally grounded and account for differences in clinical guidelines, language and data representation, health system organisation, workload pressures, and prior exposure to digital tools.
3. Mitigate automation bias through structural safeguards, not just procedural reminders
In the study, a subset of physicians with LLM access performed worse than peers without access. While the mechanisms behind this finding are not fully established, it may reflect automation bias, selective disengagement from the tool, or other behavioural responses. Whatever the underlying reason, the result underscores that LLM access does not uniformly improve performance and that safeguards against potential harms are warranted. As one Kenyan doctor reflected: “It made me lazy; at some point I stopped thinking and just followed the prompts. That was a bit worrying” (Riang’a et al., forthcoming). Empirical studies have documented measurable rates of automation bias in both real and simulated clinical settings. Jabbour et al. (2023), in a randomised clinical vignette study involving 457 clinicians in the United States, found that exposure to systematically biased AI predictions reduced diagnostic accuracy by 11.3 percentage points, and that providing explanations for AI decisions did not mitigate this effect. Recent safety frameworks for large language models further highlight how hallucinated and plausible but spurious recommendations can cause patient harm if left unchecked (Abdelwanis et al., 2024; Asgari et al., 2025). Recent evaluations of consumer-facing LLM triage tools reinforce these concerns. Ramaswamy et al. (2026) stress-tested ChatGPT Health using clinician-authored vignettes and found that over half of emergency presentations were under triaged, while anchoring cues from family or friends significantly shifted triage recommendations in ambiguous cases, suggesting that both the models and their users remain vulnerable to contextual manipulation.
The evidence suggests that awareness-based interventions alone are insufficient. Qazi et al. (2025) tested automation bias directly in a single-blind randomised controlled trial: 44 Pakistani physicians who had completed 20 hours of AI-literacy training received deliberately flawed ChatGPT-4o recommendations and scored 14 percentage points lower than controls. If targeted training does not prevent uncritical deference to erroneous AI, the implication is that safeguards must be structural rather than purely educational. Health authorities should require documented independent clinical reasoning alongside AI-supported recommendations, promote verification protocols for high-risk decisions, and update professional codes of conduct to specify duties regarding AI-related incident reporting and patient communication, in line with WHO principles on transparency, explainability, and accountability (WHO, 2021). The stronger policy lever, however, lies in the integration design itself (see recommendation 1): systems that generate physician and AI assessments independently before synthesis, or that run in the background rather than as consultative oracle, might reduce the cognitive conditions under which automation bias arises.
4. Prioritise equitable access while confronting infrastructure constraints and opportunity costs
The study demonstrates that LLM access produced the largest performance improvement in Kenya (+18 percentage points) and reduced cross-country gaps in average physician scores. The Kenya improvement was concentrated among non-specialists, who constituted a larger share of the Kenyan sample; the finding therefore reflects the composition of the study population rather than lower baseline capability among Kenyan physicians as such. Nevertheless, the findings are consistent with evidence from other domains that generative AI disproportionately benefits lower-baseline performers (Brynjolfsson et al., 2025) and suggests that well-governed deployment could help narrow quality-of-care disparities where specialist access is limited. However, it is important to note that these gains were observed on standardised clinical vignettes under experimental conditions; whether they translate into reduced morbidity or mortality in routine clinical practice, where physicians face competing demands and infrastructure limitations that no vignette study can replicate, is an open question that warrants further investigation. Moreover, systematic reviews of AI in low- and middle-income countries highlight that most tools are designed and validated in high-income settings and may underperform or exacerbate inequities where data, infrastructure, and regulatory capacity are weaker (Wahl et al., 2018; Yu and Zhai, 2024). Complementary labour market evidence indicates that digital infrastructure gaps substantially constrain the ability of workers and health systems in developing economies to benefit from GenAI augmentation. Even where task-level exposure suggests potential productivity gains, limited internet connectivity, inadequate hardware, and restricted access to advanced model versions can prevent those gains from materialising in practice. Infrastructure quality therefore shapes not only access to AI tools, but the magnitude and distribution of their realised benefits.
Affordable access to safe LLM-based clinical support tools is thus needed, accompanied by investments in connectivity, hardware, and interoperable digital health infrastructure. These efforts should explicitly target underserved regions and facilities and be linked to broader strategies to address global health-worker shortages. In the same way, the role of social dialogue and worker representatives should be considered when applicable. They should require the early, continuous, and meaningful involvement of health workers and their representative organisations in the design, testing, deployment, and oversight of clinical AI tools, through social dialogue. Without such engagement, there is a risk that scarce resources are diverted towards technologies that are underutilised, misaligned with service delivery needs, or that ultimately weaken workforce capacity (see also recommendation 8).
Two challenges have to be mentioned here. The first concerns opportunity costs. Kenya has roughly 2 physicians per 10,000 population. Resources invested in LLM infrastructure, connectivity, training, and ongoing operational costs are resources not spent on additional community health workers, drug supply chains, or basic diagnostic equipment. Cost-effectiveness analysis of clinical LLM deployment relative to alternative health investments is largely absent from the current evidence base and is urgently needed before scaling commitments are made. It should be acknowledged that the present paper’s own recommendations, including investments in training, monitoring systems, and regulatory infrastructure, themselves carry costs that have not been quantified; fiscal realism requires that these be assessed alongside projected benefits.
The second concerns digital sovereignty. Deploying commercial LLMs developed in high-income countries within low and middle-income countries’ (LMIC) health systems creates dependence on foreign infrastructure, foreign training data, and corporate decisions about model updates, deprecation, and pricing over which local health authorities have no influence. There is thus a need to support the development and deployment of open-weight clinical AI models that can be validated, adapted, and operated locally, consistent with the WHO’s concept of ‘democratised sovereign AI.’ 9 Open-weight models offer meaningful advantages for local governance: they can be audited, fine-tuned to local clinical guidelines, and run on domestic infrastructure without reliance on external API access. At the same time, this approach carries risks that should be confronted rather than minimised. Open-weight models typically lag behind proprietary frontier models in clinical reasoning capability, and this performance gap may be consequential in settings where the model is being relied upon to compensate for scarce specialist expertise. Local fine-tuning requires technical capacity that is itself scarce in many LMIC health system. Even among frontier proprietary models, benchmarking on clinically derived electronic health record tasks reveals substantial performance ceilings, with the best-performing model achieving a 70 per cent success rate across 300 physician-written scenarios underscoring that the gap between open-weight alternatives and proprietary systems compounds an already incomplete level of reliability (Jiang et al, 2025). The proliferation of locally adapted model derivatives can also create interoperability challenges and make it more difficult to track model provenance, reproduce results, or apply consistent safety standards across facilities and jurisdictions. A realistic strategy should therefore combine support for open-weight model ecosystems with investment in the governance infrastructure, including registries, validation protocols, and interoperability standards, needed to manage the risks that openness itself introduces.
5. Require local adaptation, clinical validation, and bias assessment before routine deployment
The qualitative evidence collected for this study documents this problem concretely. Physicians in both Kenya and Indonesia cited instances where the LLM recommended tests and treatments that were unavailable in their settings. As one Kenyan doctor explained: “Some of the diagnostic and treatment suggestions were ideal in theory, but unrealistic here. Either we don’t have the test, or the patient can’t afford it” (Riang’a et al., forthcoming). Indonesian physicians reported that the model’s recommendations were insufficiently aligned with local clinical practice and context (Arif et al., forthcoming). These are not edge cases; they reflect a structural feature of LLMs trained predominantly on data from high-income countries.
Broader reviews confirm that LLM performance, error profiles, and biases differ substantially by specialty, language, and population group (Shool et al., 2025; Al Nazi and Peng, 2024; Busch et al., 2025). A systematic review of 24 studies evaluating demographic disparities in medical LLMs found measurable biases in over 90 per cent of cases examined (Omar et al., 2025). There is need to ensure that any LLM used in clinical care be adapted to local clinical guidelines, formularies, and diagnostic availability, and be prospectively validated on representative local data, including stratified analyses by gender, age, ethnicity, and socioeconomic status, before routine use, in line with WHO recommendations on equity and non-discrimination (WHO, 2021; Bedi et al., 2025). Training data standards should explicitly require documentation of coverage of social determinants of health. Where regulatory capacity is limited, governance requirements should be imposed through procurement contracts, including independent auditing rights, training data disclosure, limitation documentation, and continuous post-release monitoring.
6. Establish transparent, iterative monitoring and evaluation mechanisms for LLM use in health systems
The heterogeneous distributional effects observed in the trial, with reduced performance dispersion in Kenya but increased dispersion in Indonesia, demonstrate that the same technology can have different equity and quality implications across contexts. Systematic reviews of LLM use in patient care report similarly variable effects across clinical domains and settings, underscoring the need for continuous post-deployment monitoring rather than one-off pre-market evaluation (Busch et al., 2025; Meng et al., 2024). Health ministries, regulators, and provider organisations should establish monitoring systems that track usage patterns, clinical outcomes, safety incidents, and distributional impacts by cadre, facility level, and region, with clear pathways for corrective action, withdrawal, or model retraining when harms or inequities emerge, consistent with WHO’s call for auditability and the OECD AI principles on accountability and transparency (WHO, 2021; OECD, 2024). Aggregated findings should be made publicly available and shared across countries to support collective learning.
Monitoring frameworks should also anticipate the trajectory of the technology. The recommendations in this paper address LLMs as tools that physicians query through a conversational interface. The frontier is moving towards agentic clinical AI systems that monitor patient data streams continuously, generate alerts, pre-populate clinical orders, and act with minimal physician input. Regulatory and monitoring frameworks should be designed with sufficient flexibility to accommodate this trajectory, recognising that the governance challenges of agentic systems, in which the physician is no longer choosing whether to consult the tool, will differ qualitatively from those examined in this paper.
7. Clarify liability frameworks before widespread deployment
If a physician follows an LLM recommendation that harms a patient, liability currently rests with the physician. If a physician ignores an LLM recommendation that would have prevented harm, the legal position is undefined in most jurisdictions. This ambiguity will become untenable as LLM use becomes widespread. The EU Product Liability Directive’s extension of strict liability to AI software provides a starting model, but healthcare-specific frameworks are needed that distribute responsibility appropriately among AI developers, health system deployers, and individual clinicians. Clear liability rules are a prerequisite for responsible deployment and for physician trust in AI tools. National governments should address this gap proactively rather than allowing liability norms to emerge through litigation.
8. Prioritize social dialogue in the design, integration and governance of AI systems at work
Task-level exposure analyses from the ILO indicate that generalist medical practitioners face low risk of full automation by generative AI but significant task reconfiguration, particularly around documentation, information retrieval, and coordination (Gmyrek et al., 2025). Evidence on digital health technologies more broadly shows that, depending on design and implementation, such technologies can either alleviate administrative burden and cognitive load or create new sources of stress, time pressure, and techno-overload (Sarraf and Ghasempour, 2025; HIMSS, 2024). In line with the ILO Centenary Declaration for the Future of Work, governments and social partners should use social dialogue and collective bargaining to anticipate and manage LLM-induced changes in work organisation, skill requirements, supervision, and performance management, ensuring that adoption does not erode job quality, professional autonomy, or occupational safety and health, and that the potential productivity gains from AI deployment can be realized.
The qualitative evidence gathered for this study highlights dimensions of this challenge that quantitative analyses miss. Physicians in Kenya and Indonesia expressed concern that could undermine patients’ trust in clinical authority, noting that patients often expect clinicians to be omniscient, and that openly disclosing AI use risks undermining the perceived purpose and authority of the physician (Riang'a et al., forthcoming). Others reported concern about cognitive atrophy from sustained reliance on the tool. These problems indicate that there is a genuine tension between AI-augmented productivity and professional identity that will shape how adoption unfolds in practice. The finding that most physicians perceive LLMs as productivity-enhancing but not job-threatening can be leveraged to design participatory implementation processes, but only if the concerns about deskilling, surveillance, and liability that accompany those perceptions are addressed through institutional mechanisms rather than dismissed. Social dialogue should be leveraged to identify and address concerns, ensuring that the integration of the technology responds to the concrete needs of the health professionals and that there is continuous follow-up, evaluation and fine-tuning of its use. 

8 
         It should be noted that both of these studies are currently available only as preprints and have not yet undergone peer review; the integration architectures they describe remain promising but cannot yet be considered established.
9 
         An open-weight model is one where the AI’s learned parameters (its weights) are made public.


Conclusion
This study provides experimental evidence that access to a large language model can improve physicians’ clinical reasoning performance on standardized clinical vignettes. Across Indonesia, Kenya, and the Netherlands, physicians with access achieved higher average scores than those without access, with the largest gains observed in the resource-constrained settings. At the same time, the highest-performing physicians continued to outperform the model itself, underscoring that generative AI functions as a complementary input rather than a substitute for clinical judgment.
The results also point to important risks. Performance gains were heterogeneous, score distributions overlapped substantially across groups, and some physicians with access performed worse than peers without access. These patterns indicate that access alone is insufficient and that poorly designed integration can introduce automation bias or increase variability in quality of care.
Further research is needed to determine whether the performance gains observed in controlled vignette-based assessments translate into sustained improvements in patient outcomes in routine clinical practice. Nonetheless, the findings indicate that, when thoughtfully integrated into clinical workflows and adapted to local contexts, generative AI can meaningfully augment physicians’ work, strengthen clinical reasoning, and help address quality-of-care challenges in health systems facing persistent workforce and resource constraints. Nevertheless, its adoption on the ground needs to be accompanied by institutional safeguards and a continuous process of social dialogue. 


Annex
Table A.1. Potential task automation score and justification, Generalist Medical Practitioner (ISCO 2211)
	Tasks of Generalist Medical Practitioner (2211)
	Score
	Justification summary10

	Conducting physical examinations of patients and interviewing them and their families to determine their health status;
	0.155
	Primarily a hands-on, human-centric task requiring significant medical expertise, interpersonal skills, and real-time decision-making.  Generative AI could potentially assist with some aspects, such as summarizing patient history or generating preliminary reports based on symptoms.

	Ordering laboratory tests, X-rays and other diagnostic procedures and analysing findings to determine the nature of disorders or illnesses;
	0.35
	Requires significant expertise and clinical judgment. Generative AI can aid in the processing and analysis of medical data, suggesting preliminary interpretations or highlighting potential issues based on extensive data sets. However, the nuanced understanding of patient history, symptoms, and complex medical data needed for accurate diagnosis remains largely dependent on human expertise.

	Providing continuing medical care for patients including prescribing, administering, counselling on and monitoring curative treatments and preventive measures;
	0.215
	Requires a high degree of medical expertise, clinical judgment, and interpersonal skills.  While Generative AI could potentially assist with certain administrative tasks (e.g., accessing patient records, generating summaries of medical literature), the core aspects of this task—diagnosis, treatment planning, patient interaction, and monitoring—demand human expertise and cannot be fully automated.

	Performing surgery and other clinical procedures;
	0.13
	Requires precise manual dexterity, real-time decision-making, and patient interaction—all areas where Generative AI currently offers minimal direct automation potential. While AI might assist in pre-operative planning, data analysis, and supporting decision-making processes, the core surgical activities remain fundamentally human-centric.

	Advising individuals, families and communities on health, nutrition and lifestyle which aid prevention or treatment of disease and disorders;
	0.31
	Involves significant human interaction, personalized guidance, and adaptability, which are challenging for Generative AI to fully automate. However, AI can play a supportive role in providing content and data analysis.

	Providing referrals to patients and families for specialized care in hospitals, rehabilitation centres or other types of health care centres;
	0.31
	Involves clinical assessment and referral decisions based on patient-specific factors. AI may assist with information retrieval and administrative streamlining, but decision authority remains with the physician.

	Identifying, managing and providing referrals for complications before, during and after childbirth;
	0.22
	Requires diagnosis, risk assessment and personalised care planning under uncertainty. GenAI can assist with information retrieval, but core clinical judgment remains essential.

	Recording patients' medical information and history and exchanging information with specialist practitioners and other health workers as required for continuing medical care;
	0.355
	While Generative AI can assist with data entry, summarizing patient histories, and potentially generating standardized reports, it cannot replace the human element of clinical judgment, patient interaction, and the need to handle sensitive medical information responsibly.  Considering the balance between automatable and non-automatable aspects, the score reflects a moderate potential for automation, acknowledging AI's supportive role but emphasizing the continued importance of human medical professionals.

	Reporting births, deaths and notifiable diseases to government authorities to meet legal and professional requirements;
	0.373
	Includes structured reporting and compliance activities where AI can support drafting and data processing. Human judgment remains necessary to ensure accuracy, legal compliance and case interpretation.

	Conducting research in human health and medical services and disseminating the findings such as through scientific reports
	0.478
	Involves several steps amenable to Generative AI assistance but also retains crucial elements requiring human expertise. The task requires human oversight to ensure accuracy, interpret complex data, and provide nuanced insights, though there is potential for AI to contribute to the writing and data analysis aspects.

	Planning and participating in programmes designed to prevent the occurrence and spread of common diseases.
	0.313
	Generative AI can assist in aspects like generating educational materials, analyzing epidemiological data, and potentially optimizing resource allocation. However, the crucial elements of program design, implementation, and adaptation to specific contexts require human expertise and judgment.




10 
         From Gmyrek et al. 2025. See full justifications in 4-digit scores here: https://github.com/pgmyrek/2025_GenAI_scores_ISCO08


References
Abaluck, Jason, Robert Pless, Nirmal Ravi, Anja Sautmann, and Aaron Schwartz. 2026. "Does LLM Assistance Improve Healthcare Delivery? An Evaluation Using On-Site Physicians and Laboratory Tests." NBER Working Paper No. 34660. https://doi.org/10.3386/w34660.
Abdelwanis, M., Alarafati, H. K., Tammam, M. M. S., & Simsekler, M. C. E. 2024. "Exploring the risks of automation bias in healthcare artificial intelligence applications: A Bowtie analysis." Journal of Safety Science and Resilience, 5(4), 460–469. https://doi.org/10.1016/j.jnlssr.2024.06.001 
Al Nazi, Z., & Peng, W. 2024. "Large language models in healthcare and the medical domain: A review." Informatics, 11(3), 57. https://arxiv.org/abs/2401.06775
Ali, Mohammad R., Claire A. Lawson, Angela M. Wood, and Kamlesh Khunti. 2023. "Addressing Ethnic and Global Health Inequalities in the Era of Artificial Intelligence Healthcare Models." Journal of the Royal Society of Medicine, 116(8), 260–62. https://doi.org/10.1177/01410768231187734.
Arif, L. et al. Forthcoming. "Exploring Physicians' Perspective, Human Agency and Cognitive Process in Using an AI Chatbot during Clinical Diagnostic Decision-Making: A Qualitative Study." Draft manuscript. 
Ark, T. K., Brooks, L. R., & Eva, K. W. 2006. "Giving Learners the Best of Both Worlds: Do Clinical Teachers Need to Guard Against Teaching Pattern Recognition to Novices?" Academic Medicine, 81(4), 405–409. https://doi.org/10.1097/00001888-200604000-00017
Asgari, E., Montaña-Brown, N., Dubois, M., Khalil, S., Balloch, J., Yeung, J. A., Pimenta, D. 2025. "A framework to assess clinical safety and hallucination rates of LLMs for medical text summarisation." NPJ Digital Medicine, 8(1), 274. https://doi.org/10.1038/s41746-025-01670-7 
Autor, David H. ‘Why Are There Still so Many Jobs? The History and Future of Workplace Automation’. Journal of Economic Perspectives 29, no. 3 (2015): 3–30. https://doi.org/10.1257/jep.29.3.3.
Autor, D., Chin, C., Salomons, A., & Seegmiller, B. 2024. "New frontiers: The origins and content of new work, 1940–2018." Quarterly Journal of Economics, 139, 1399–1465. https://doi.org/10.1093/qje/qjae008 
Autor, D., & Thompson, N. 2025. "Expertise." Journal of the European Economic Association, 23(4), 1203–1271. https://doi.org/10.1093/jeea/jvaf023 
Bedi, S., Liu, Y., Orr-Ewing, L., et al. 2025. "Testing and evaluation of health care applications of large language models: A systematic review." JAMA, 333(4), 319–328. https://doi.org/10.1001/jama.2024.21700
Brodeur, Peter G., Thomas A. Buckley, Zahir Kanjee, et al. 2025. "Superhuman performance of a large language model on the reasoning tasks of a physician." arXiv:2412.10849.
Brynjolfsson, Erik, Tom Mitchell, and Daniel Rock. 2018. "What Can Machines Learn and What Does It Mean for Occupations and the Economy?" AEA Papers and Proceedings, 108, 43–47. https://doi.org/10.1257/pandp.20181019.
Brynjolfsson, E., Li, D., & Raymond, L. 2025. "Generative AI at work." Quarterly Journal of Economics, 140(2), 889–942. https://academic.oup.com/qje/article/140/2/889/7990658
Busch, F., et al. 2025. "Current applications and challenges in large language models for patient care: A systematic review." Communications Medicine, 5(1), 26. https://doi.org/10.1038/s43856-024-00717-2
Cabral, Stephanie, Daniel Restrepo, Zahir Kanjee, et al. 2024. "Clinical Reasoning of a Generative Artificial Intelligence Model Compared With Physicians." JAMA Internal Medicine, 184(5), 581–83. https://doi.org/10.1001/jamainternmed.2024.0295.
Christof, M., & Armoundas, A. A. 2025. "Implications of integrating large language models into clinical decision making." Communications Medicine, 5(1), 490. https://doi.org/10.1038/s43856-025-01216-8
Cocci, Andrea, Marta Pezzoli, Mattia Lo Re, et al. 2024. "Quality of Information and Appropriateness of ChatGPT Outputs for Urology Patients." Prostate Cancer and Prostatic Diseases, 27(1), 103–8. https://doi.org/10.1038/s41391-023-00705-y.
Davis, F. D., Granić, A., & Marangunić, N. 2024. The Technology Acceptance Model: 30 Years of TAM. Springer.
Eva, K. W. 2005. "What every teacher needs to know about clinical reasoning." Medical Education, 39(1), 98–106. https://doi.org/10.1111/j.1365-2929.2004.01972.x
Everett, Selin S., Bryan J. Bunning, Priyank Jain, et al. 2025. "From Tool to Teammate: A Randomized Controlled Trial of Clinician-AI Collaborative Workflows for Diagnosis." medRxiv. https://www.medrxiv.org/content/10.1101/2025.06.07.25329176v1 
Felten, Edward W., Manav Raj, and Robert Seamans. 2023. "How will Language Modelers like ChatGPT Affect Occupations and Industries?" SSRN Electronic Journal.
Findyartini, Ardi, Lesleyanne Hawthorne, Geoff McColl, and Neville Chiavaroli. 2016. "How clinical reasoning is taught and learned: Cultural perspectives from the University of Melbourne and Universitas Indonesia." BMC Medical Education, 16(1), 185.
Gilbert, Stephen, Jakob Nikolas Kather, and Aidan Hogan. 2024. "Augmented Non-Hallucinating Large Language Models as Medical Information Curators." NPJ Digital Medicine, 7(1), 100. https://doi.org/10.1038/s41746-024-01081-0.
Gmyrek, P., Berg, J., Kamiński, K., Konopczyński, F., Ładna, A., Nafradi, B., Rosłaniec, K., Troszyński, M. 2025. Generative AI and Jobs: A Refined Global Index of Occupational Exposure. ILO Working Paper No. 140. Geneva: ILO. https://doi.org/10.54394/HETP0387 
Goh, Ethan, Robert Gallo, Jason Hom, Eric Strong, Yingjie Weng, Hannah Kerman, Joséphine A. Cool, Zahir Kanjee, Andrew S. Parsons, Neera Ahuja, Eric Horvitz, Daniel Yang, Arnold Milstein, Andrew P. J. Olson, Adam Rodman, and Jonathan H. Chen. 2024. "Large Language Model Influence on Diagnostic Reasoning: A Randomized Clinical Trial." JAMA Network Open, 7(10), e2440969. https://doi.org/10.1001/jamanetworkopen.2024.40969 
Goh, Ethan, Robert J. Gallo, Eric Strong, et al. 2025. "GPT-4 assistance for improvement of physician performance on patient care tasks: a randomized controlled trial." Nature Medicine, 1–6.
Hager, Paul, Friederike Jungmann, Robbie Holland, et al. 2024. "Evaluation and Mitigation of the Limitations of Large Language Models in Clinical Decision-Making." Nature Medicine, 30(9), 2613–22. https://doi.org/10.1038/s41591-024-03097-1.
HIMSS. 2024. The Impact of AI on the Healthcare Workforce: Balancing Opportunities and Challenges. Chicago: HIMSS. https://www.himss.org/resources/impact-ai-healthcare-workforce-balancing-opportunities-and-challenges
ILO. 2012. International Standard Classification of Occupations: ISCO-08. Geneva: ILO.
ILO. 2019. ILO Centenary Declaration for the Future of Work. Geneva: ILO. https://www.ilo.org/about-ilo/mission-and-impact-ilo/ilo-centenary-declaration-future-work-2019
ILO. 2026. Gen AI, Occupational Segregation and Gender Equality in the World of Work. Research Brief. Geneva: ILO. https://doi.org/10.54394/00033798 
Jabbour, S., Fouhey, D., Shepard, S., Valley, T. S., Kazerooni, E., Banovic, N., Wiens, J., & Sjoding, M. 2023. "Measuring the Impact of AI in the Diagnosis of Hospitalized Patients: A Randomized Clinical Vignette Survey Study." JAMA, 330(23), 2275–2284. https://doi.org/10.1001/jama.2023.22295 
Jiang, Y., Black, K. C., Geng, G., et al. 2025. "MedAgentBench: A Virtual EHR Environment to Benchmark Medical LLM Agents." NEJM AI, 2(9). https://doi.org/10.1056/AIdbp2500144.
Jussupow, E., Spohrer, K., Heinzl, A., & Gawlitza, J. 2021. "Augmenting Medical Diagnosis Decisions? An Investigation into Physicians' Decision-Making Process with Artificial Intelligence." Information Systems Research, 32(3). https://doi.org/10.1287/isre.2020.0980
Karunaratne, Dilmini, Matthew Sibbald, and Madawa Chandratilake. 2025. "Understanding Cultural Dynamics Shaping Clinical Reasoning Skills: A Dialogical Exploration." Medical Education, 59(1), 75–82. https://doi.org/10.1111/medu.15479.
Kim, J., Podlasek, A., Shidara, K., et al. 2025. "Limitations of large language models in clinical problem-solving arising from inflexible reasoning." Scientific Reports, 15(1), 39426. https://doi.org/10.1038/s41598-025-22940-0
Korom, Robert, Sarah Kiptinness, Najib Adan, et al. 2025. "AI-Based Clinical Decision Support for Primary Care: A Real-World Study." arXiv:2507.16947. https://doi.org/10.48550/arXiv.2507.16947 
Kunze, K. N., Bepple, J., Bedi, A., Ramkumar, P. N., & Pean, C. A. 2025. "Commercial products using generative artificial intelligence include ambient scribes, automated documentation and scheduling, revenue cycle management, patient engagement and education, and prior authorization platforms." Arthroscopy, 41(11), 4950–4955. https://doi.org/10.1016/j.arthro.2025.05.021
Lam, Kyle. 2023. "ChatGPT for Low- and Middle-Income Countries: A Greek Gift?" The Lancet Regional Health – Western Pacific, 41, 100906. https://doi.org/10.1016/j.lanwpc.2023.100906.
Lewis, P., Perez, E., Piktus, A., et al. 2021. "Retrieval-Augmented Generation for Knowledge-Intensive NLP Tasks." arXiv:2005.11401. https://doi.org/10.48550/arXiv.2005.11401
McCoy, L. G., Swamy, R., Sagar, N., et al. 2025. "Assessment of Large Language Models in Clinical Reasoning: A Novel Benchmarking Study." NEJM AI, 2(10), AIdbp2500120. https://doi.org/10.1056/AIdbp2500120
McDuff, Daniel, Mike Schaekermann, Tao Tu, et al. 2025. "Towards Accurate Differential Diagnosis with Large Language Models." Nature, 642(8067), 451–457. https://doi.org/10.1038/s41586-025-08869-4.
Meng, X., Yan, X., Zhang, K., et al. 2024. "The application of large language models in medicine: A scoping review." iScience, 27(5). https://doi.org/10.1016/j.isci.2024.109713
Norman, G. R., Brooks, L. R., Colle, C. L., & Hatala, R. M. 1999. "The Benefit of Diagnostic Hypotheses in Clinical Reasoning." Cognition and Instruction, 17(4), 433–448. https://doi.org/10.1207/S1532690XCI1704_3
Norman, G. R., & Eva, K. W. 2010. "Diagnostic error and clinical reasoning." Medical Education, 44(1), 94–100. https://doi.org/10.1111/j.1365-2923.2009.03507.x
Nori, Harsha, Nicholas King, Scott Mayer McKinney, Dean Carignan, and Eric Horvitz. 2023. "Capabilities of GPT-4 on Medical Challenge Problems." arXiv:2303.13375. http://arxiv.org/abs/2303.13375.
Noy, Shakked, and Whitney Zhang. 2023. "Experimental Evidence on the Productivity Effects of Generative Artificial Intelligence." Science, 381(6654). https://doi.org/10.1126/science.adh2586.
OECD. 2024. OECD AI Principles, Updated May 2024. Paris: OECD. https://oecd.ai/en/dashboards/policy-initiatives/oecd-ai-principles-9705
Omar, M., Sorin, V., Agbareia, R., et al. 2025. "Evaluating and addressing demographic disparities in medical large language models: A systematic review." International Journal for Equity in Health, 24, 57. https://doi.org/10.1186/s12939-025-02419-0
Peabody, J. W., & Liu, A. 2007. "A cross-national comparison of the quality of clinical care using vignettes." Health Policy and Planning, 22(5), 294–302. https://doi.org/10.1093/heapol/czm020
Peabody, J. W., Luck, J., Glassman, P., Dresselhaus, T. R., & Lee, M. 2000. "Comparison of Vignettes, Standardized Patients, and Chart Abstraction: A Prospective Validation Study of 3 Methods for Measuring Quality." JAMA, 283(13), 1715–1722. https://doi.org/10.1001/jama.283.13.1715
Pelaccia, T., Tardif, J., Triby, E., & Charlin, B. 2011. "An analysis of clinical reasoning through a recent and comprehensive approach: The dual-process theory." Medical Education Online, 16. https://doi.org/10.3402/meo.v16i0.5890
Qazi, I. A., Ali, A., Khawaja, A. U., Akhtar, M. J., Sheikh, A. Z., & Alizai, M. H. 2025. "Automation Bias in Large Language Model Assisted Diagnostic Reasoning Among AI-Trained Physicians." medRxiv. https://doi.org/10.1101/2025.08.23.25334280 
Ramaswamy, Ashwin, Alvira Tyagi, Hannah Hugo, et al. 2026. "ChatGPT Health Performance in a Structured Test of Triage Recommendations." Nature Medicine, ahead of print. https://doi.org/10.1038/s41591-026-04297-7.
Riang'a, R. et al. Forthcoming. "Physicians' Experiences and Perceived Benefits of AI during the experiment and applicability in the Kenyan healthcare context." Draft manuscript. 
Roustan, D., & Bastardot, F. 2025. "The clinicians' guide to large language models." Interactive Journal of Medical Research, 14(1), e59823. https://doi.org/10.2196/59823
Sarraf, B., & Ghasempour, A. 2025. "Impact of artificial intelligence on electronic health record-related burnouts among healthcare professionals: Systematic review." Frontiers in Public Health, 13. https://doi.org/10.3389/fpubh.2025.1628831
Schmidt, Henk G., Jerome I. Rotgans, and Silvia Mamede. 2025. "Bias Sensitivity in Diagnostic Decision-Making: Comparing ChatGPT with Residents." Journal of General Internal Medicine, 40(4), 790–95. https://doi.org/10.1007/s11606-024-09177-9.
Shool, S., Adimi, S., Saboori Amleshi, R., et al. 2025. "A systematic review of large language model (LLM) evaluations in clinical medicine." BMC Medical Informatics and Decision Making, 25. https://doi.org/10.1186/s12911-025-02954-4
Singhal, Karan, Shekoofeh Azizi, Tao Tu, et al. 2022. "Large Language Models Encode Clinical Knowledge." arXiv:2212.13138. http://arxiv.org/abs/2212.13138.
Singhal, Karan, Tao Tu, Juraj Gottweis, et al. 2025. "Toward Expert-Level Medical Question Answering with Large Language Models." Nature Medicine, 1–8. https://doi.org/10.1038/s41591-024-03423-7. 
Stanford HAI. 2025. The 2025 AI Index Report. Stanford Institute for Human-Centered Artificial Intelligence. https://hai.stanford.edu/ai-index/2025-ai-index-report
Stults, C. D., Deng, S., Martinez, M. C., et al. 2025. "Evaluation of an ambient artificial intelligence documentation platform for clinicians." JAMA Network Open, 8(5), e258614. https://doi.org/10.1001/jamanetworkopen.2025.8614
Tolentino, R. S., Baradaran, A., Gore, G., Pluye, P., & Abbasgholizadeh-Rahimi, S. 2024. "Curriculum Frameworks and Educational Programs in AI for Medical Students, Residents, and Practicing Physicians: Scoping Review." JMIR Medical Education, 10, e54793. https://doi.org/10.2196/54793 
Tripathi, Satvik, Dana Alkhulaifat, Meghana Muppuri, Ameena Elahi, and Farouk Dako. 2025. "Large Language Models for Global Health Clinics: Opportunities and Challenges." Journal of the American College of Radiology, ahead of print. https://doi.org/10.1016/j.jacr.2025.04.007.
Venkatesh, V., & Bala, H. 2008. "Technology Acceptance Model 3 and a Research Agenda on Interventions." Decision Sciences, 39(2), 273–315. https://doi.org/10.1111/j.1540-5915.2008.00192.
Wahl, B., Cossy-Gantner, A., Germann, S., & Schwalbe, N. R. 2018. "Artificial intelligence (AI) and global health: How can AI contribute to health in resource-poor settings?" BMJ Global Health, 3(4), e000798. https://pubmed.ncbi.nlm.nih.gov/30233828/
Wang, Shirui, Zhihui Tang, Huaxia Yang, et al. 2025. "A Novel Evaluation Benchmark for Medical LLMs Illuminating Safety and Effectiveness in Clinical Domains." Digital Medicine, 9(1), 91. https://doi.org/10.1038/s41746-025-02277-8.
Wei, J., Wang, X., Schuurmans, D., et al. 2023. "Chain-of-Thought Prompting Elicits Reasoning in Large Language Models." arXiv:2201.11903. http://arxiv.org/abs/2201.11903
WHO. 2021. Ethics and Governance of Artificial Intelligence for Health: WHO Guidance. Geneva: WHO. https://www.who.int/publications/i/item/9789240029200
WHO. 2024. "Global strategy on human resources for health: Workforce 2030." WHO Executive Board, 156th Session EB156/15, 20 December 2024.
Yao, Jia-Yu, Kun-Peng Ning, Zhen-Hui Liu, Mu-Nan Ning, Yu-Yang Liu, and Li Yuan. 2024. "LLM Lies: Hallucinations Are Not Bugs, but Features as Adversarial Examples." arXiv:2310.01469. https://doi.org/10.48550/arXiv.2310.01469.
Yu, L., & Zhai, X. 2024. "Use of artificial intelligence to address health disparities in low- and middle-income countries: A thematic analysis of ethical issues." Public Health, 234, 77–83. https://doi.org/10.1016/j.puhe.2024.05.029
Zhang, Peng, Jiayu Shi, and Maged N. Kamel Boulos. 2024. "Generative AI in Medicine and Healthcare: Moving Beyond the 'Peak of Inflated Expectations.'" Future Internet, 16(12), 462. https://doi.org/10.3390/fi16120462.

	Does a General-Purpose Large Language Model Improve Physicians’ Clinical Reasoning? Evidence and considerations for policy from a randomized trial in Indonesia, Kenya and the Netherlands	Abstract*	Abstract


	About the Authors*	About the authors


	Introduction*	Introduction


	Chapter 01*	What Doctors Do: Physicians’ tasks and the scope for automation


	Chapter 02*	Testing the potential of Generative AI to improve clinical reasoning: A randomized control trial (RCT) in Indonesia, Kenya and the Netherlands	2.1. The design of the RCT




	Chapter 03*	Quantitative Findings	3.1. Effect of LLM Access on Cross-Country Differences
	3.2. LLM Vignette Performance
	3.3. Relationship between LLM Usage on Vignette Performance
	3.4. Relationship between Specialisation, LLM use and Vignette Performance




	Chapter 04	Doctors’ perception of the AI assistance 


	Chapter 05	AI use by doctors: Policy considerations


	Conclusion	Conclusion


	Annex	Annex


	References*	References





OEBPS/images/26014.png
Kenya

Indonesia

100

80

sjuepuodsay Jo abejusoiad

20+

100

80

sjuepuodsay Jo abejusoiad

20

0

Neutral

Disagree

Neutral Agree

Disagree





OEBPS/images/26012.png
Percentage of Respondents

Using Generative Al at work will reduce my stress

Indonesia Kenya The Netherlands
1004 1004 100
80 80| 80-
2 2
c c
() ()
2 2
60 S 60 S 60-
0 0
Q Q
[iq [iq
k] k]
Q Q
40 g 401 g 40-
f= f=
[ [
o o
] ]
['% ['%
20 20 I 20-
0_—.' 0---. 0_—I I

Dlsagree Neutral Dlsagree Neutml Agree Disagree  Neutral Agree





OEBPS/images/26013.png
Kenya

Indonesia

100

80

sjuepuodsay Jo abejusoiad

T
o

100

80

sjuepuodsay Jo abejusoiad

04

Neutral

Disagree

Neutral Agree

Disagree





OEBPS/images/26010.png
Percentage of Respondents

100

80

60

40

20+

Indonesia

Dlsagree Neutral

Percentage of Respondents

1004

80

601

404

204

04

Kenya

Percentage of Respondents

1004

80

60

40

04

The Netherlands

Dlsagree Neutml

Disagree

Neutral

Agree





OEBPS/images/26011.png
Percentage of Respondents

100

80

60

40

20+

Indonesia

Dlsagree

Neutral

Percentage of Respondents

1004

80

601

404

204

04

Kenya

Percentage of Respondents

1004

80

60

40

20

04

The Netherlands

Dlsagree Neutml

Disagree

Neutral

Agree





OEBPS/images/26135.png
Average Physician Vignette Score

Internal Med Other
Without Access With Access Without Access With Access
s0d Intervention Effect: 10.7***(3.5) [CI 95%: 3.5 - 17.9] s04 Intervention Effect: 20.4***(3.4) [CI 95%: 13.5 5 27.4]
a
W~
ant .
704 ° ol A 704 ° . e
- co?
a las . o
60+ — 60
s .
.o
N -
504 . 504
N
204 * = 104 °
K
oo

30 30
20+ 20+

T T T T T T T ™ T T T

0 5 1.0 5 1 0 5 10 5 1

Cumulative Distribution Function

A Internal Med

e Other

& GPT4





OEBPS/images/26132.png
Density

Diagnostic support |

Core clinical tasks Administrative tasks & documentation managgément

\ PR

I |
0.00 0.25 0.50 0.75 1.00
Potential task automation score (Gmyrek et al., 2025)





OEBPS/images/26133.png
Average Physician Vignette Score

Indonesia Kenya Netherlands

Without Access  With Access Without Access ~ With Access Without Access ~ With Access
Intervention Effect: 10.7*(2.5) [CI 95%: 5.7 - 15.7] Intervention Effect 17.9"(2.6) [CI 95%: 12.7-23. Intervention Effect 7.1*%(1.8) [CI 95%: 3.7 - 10.7]
804 80 N 80 e
2 3
[ - .
. $ * ' d
704 - 704 °* f * 704 -
> > L |
N
604 i d £
60 “ 60 i
»
/ ;o
| ’ N .
50 504 &
Vi .
.
N
[
404
4 wls o
304 ’
304
. N .
.
20 &
3 204 204
0 5 1 0 5 1 0 5 1 0 5 1 0 5 1 0 5 1

Cumulative Distribution Function

® |ndonesia A Kenya * Netherlands & GPT-4





OEBPS/images/26134.png
Average Physician Vignette Score

801

704

204

Indonesia
Low Usage High Usage

Score Difference: 16.1°**(3.2) [C1 95%: 9.7 - 22.5]

L

Kenya
Low Usage High Usage

‘Score Difference: 8.4**(3.5) [CI 95%: 1.2 - 15.6]
80 =
a
4
N

704

60

50

404

304

204

80

704

60

50+

404

304

204

Netherlands

Low Usage High Usage

Score Difference: 7.5%/(2.9) [C1 95%: 1.6 - 13.3]

’ G

P

Cumulative Distribution Function

® |ndonesia A Kenya * Netherlands

@ GPT-4





OEBPS/images/cover.jpg
WY

4 -

(TTONy igrotiona!
v y Labour

QV} Organization

Sisad June 7 2026

> Does a General-Purpose Large
Language Model Improve
Physicians’ Clinical Reasoning?

Evidence and considerations for policy from a randomized trial
in Indonesia, Kenya and the Netherlands

Authors / Nicholas Rounding, Luthfi Saiful Arif, Janine Berg, Jochen Cals, Diederik De Boer,
Eefje De Bont, Sander Dijksman, Ardi Findyartini, Didier Fouarge, Marie-Christine Fregin,
Pawel Gmyrek, Nadia Greviana, Ralph Leijenaar, Soraiya Maniji, Anastacia Mbithi,

Norah Obungu, Arierta Pujitresnani, Roselyter Rianga, Diantha Soemantri,

Sairabanu Mohamed Rashid Sokwalla, Sanne Steens, Lucia Velasco, Ardy Wildan,
Prasandhya Astagiri Yusuf, Mark Levels

—/

S —
S

\

yra
[ |
\_A
D&






