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Abstract

We evaluate the impact of large language model-based clinical decision support in live care. In
partnership with Penda Health, a network of primary care clinics in Nairobi, Kenya, we studied AI
Consult, a tool that serves as a safety net for clinicians by identifying potential documentation and
clinical decision-making errors. AI Consult integrates into clinician workflows, activating only when
needed and preserving clinician autonomy. We conducted a quality improvement study, comparing
outcomes for 39,849 patient visits performed by clinicians with or without access to AI Consult across
15 clinics. Visits were rated by independent physicians to identify clinical errors. Clinicians with access
to AI Consult made relatively fewer errors: 16% fewer diagnostic errors and 13% fewer treatment errors.
In absolute terms, the introduction of AI Consult would avert diagnostic errors in 22,000 visits and
treatment errors in 29,000 visits annually at Penda alone. In a survey of clinicians with AI Consult, all
clinicians said that AI Consult improved the quality of care they delivered, with 75% saying the effect
was “substantial”. These results required a clinical workflow-aligned AI Consult implementation and
active deployment to encourage clinician uptake. We hope this study demonstrates the potential for
LLM-based clinical decision support tools to reduce errors in real-world settings and provides a practical
framework for advancing responsible adoption.1

1 Introduction

Artificial intelligence (AI) systems have the potential to widen access to reliable health information and high-
quality care (Beam and Kohane, 2018; Topol, 2019; Rajkomar et al., 2019). Large language models (LLMs)
have recently experienced significant leaps in performance, reliability, and safety for health applications
(Arora et al., 2025; Nori et al., 2025; Singhal et al., 2023, 2025). These advances suggest new opportunities
for improving healthcare delivery—including supporting clinicians in delivering better care.

Despite research progress, scaled real-world deployment of AI tools in clinical environments remains limited.
State-of-the-art LLMs now often outperform physicians on benchmarks (Goh et al., 2025; Arora et al., 2025;
Nori et al., 2025; Van Veen et al., 2024), but these gains have yet to translate into measurable benefits for
patients and clinicians in live care settings. The most critical bottleneck in the health AI ecosystem is no
longer better models, but rather the model-implementation gap: the chasm between model capabilities and
real-world implementation.

Closing the model-implementation gap necessitates the responsible study of LLM implementations in frontier
health AI use cases. One example is clinical decision support (CDS) systems (Sutton et al., 2020; Middleton
et al., 2016), which provide clinicians with relevant knowledge at the point of care. Efforts to measure
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Figure 1: AI Consult is a safety net that runs in the background of a patient visit to identify potential
errors. It was iteratively designed with clinicians, providing outputs with green/yellow/red severity and
issuing alerts only when needed to reduce errors. In this example, AI Consult provided a red flag that
helped a clinician identify and remove an unnecessary antibiotic prescription.

how well LLMs can help with clinical decisions so far have used offline evaluations, often measuring model
capabilities on clinical vignettes without capturing the unique challenges of designing and deploying an
implementation for real-world care (Benary et al., 2023; Goh et al., 2025; Oniani et al., 2024).

In this study, we examine the impact of an LLM-based clinical decision support tool in live care. Penda
Health, where several authors are affiliated, is a network of high-volume clinics in Nairobi, Kenya that
delivers 24-hour primary and urgent care to a broad range of Nairobi residents. We studied Penda’s AI
Consult, which serves as a clinical safety net to prevent errors. The system is triggered asynchronously
during key clinical workflow decision points in the electronic medical record (e.g., diagnosis, treatment). It
surfaces guidance through a tiered traffic-light interface (green: no action, yellow: advisory, red: requires
review), and is explicitly designed to minimize cognitive burden and preserve clinician autonomy. The tool
was developed through iterative co-design with frontline clinicians and tailored to local epidemiology, Kenyan
clinical guidelines, and Penda’s care protocols.

To assess the tool’s impact, we conducted a pragmatic cluster-assigned study of 39,849 visits, comparing
outcomes for patient visits managed by clinicians with and without access to AI Consult. We aimed to
evaluate three primary domains: (i) clinical quality, as rated by independent physicians reviewing clinical
documentation with patient identification removed; (ii) use and usability, based on a clinician survey and
AI Consult usage data; and (iii) patient-reported outcomes collected via routine follow-up calls. We find
meaningful reductions in clinical errors for clinicians with the tool (“AI group”) vs those without (“non-
AI group”) and encouraging feedback from clinicians using AI Consult. We did not detect a significant
difference in patient-reported outcomes. This study was conducted with the approval and consultation of
Kenya’s Ministry of Health, Kenya’s Digital Health Agency, Nairobi County, AMREF Health Africa Ethical
and Scientific Review Committee, Kenya’s National Commission for Science, Technology and Innovation
(NACOSTI), and other local stakeholders to ensure it aligned with national priorities, ethical standards,
and data protection requirements.

This study makes three key contributions:
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• We describe a live deployment and study of an LLM-powered clinical decision support tool across
39,849 patient visits, 106 clinicians, and 15 clinics.

• We report findings:

{ We observe significant relative reductions in errors, including 32% for history-taking errors (num-
ber needed to treat [NNT] 11.3), 10% for investigation errors (NNT 27.8), 16% for diagnostic
errors (NNT 18.1), and 13% for treatment errors (NNT 13.9) for clinicians in the AI vs the non-
AI group. In absolute terms, the introduction of AI Consult would avert diagnostic errors in
22,000 visits and treatment errors in 29,000 visits annually at Penda alone.

{ AI group clinicians saw significant reductions in important clinical failure modes, including incor-
rect primary diagnosis, inappropriate medications, missing patient education and follow-up plan,
key history details missing, and key investigations missing.

{ The effect of the tool became more pronounced after an initial induction period, when Penda
rolled out active strategies to drive clinician uptake.

{ LLMs evaluating study visits found a greater difference in clinical errors between the AI group
and the non-AI group than the difference found by physician evaluators (e.g., 22% reduction in
treatment errors and 19% in diagnostic errors according to GPT-4.1).

{ In routine follow-up calls, 3.8% of patients treated by AI group clinicians said they were not feeling
better, compared to 4.3% for the non-AI group, a difference that was not statistically significant.

{ All survey respondents in the AI group said AI Consult helped them improve the quality of care
they could deliver, with 75% saying the effect was “substantial”.

{ Over the study, AI group clinicians learned to avoid “red” outputs even before receiving them
(the fraction of AI group visits with initial red outputs decreased from 45% to 35% during the
study), suggesting the tool helped clinicians improve their own practice.

{ In patient safety reports, there were no cases where AI Consult advice actively caused harm.

• We describe the key factors for success: a capable model, a clinically-aligned implementation, and
active deployment strategies.

This work offers an early demonstration of the potential for LLM-based tools to serve as real-time copilots for
delivering care and a practical framework for advancing responsible adoption in real-world health systems.

2 Background

2.1 Primary care

Primary care clinicians see patients across every age group, organ system, and disease type, often in the
same day, requiring broad knowledge. The breadth of practice contributes to primary care quality challenges
worldwide, with the WHO reporting substantial rates of preventable patient harm (WHO, 2023). This
suggests that AI systems could be especially useful in primary care.

In Kenya, primary care is largely delivered by clinical officers: clinicians who complete three years of aca-
demic training followed by a one-year supervised internship. They manage the full breadth of acute and
chronic conditions across the life course. Structural challenges in Kenyan primary care (late presentation,
high patient volumes, limited diagnostics) compound this wide scope of practice to create a sizable quality
gap: Studies suggest low adherence to national guidelines by healthcare workers across multiple levels of
Kenya’s healthcare system, with frequent errors such as missed comorbidities, antibiotic overprescription,
and diagnostic delays (Marete et al., 2020; Krüger et al., 2017; Kiener et al., 2025).

2.2 Penda Health

Penda Health is a Nairobi-based social enterprise founded in 2012 that delivers comprehensive, 24-hour
primary and urgent care services through a network of fully-licensed medical centers distributed across the
city. The organization presently operates 16 clinics and records over 1000 patient visits a day, supported by
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a clinical workforce of more than 100 licensed clinical officers. For a video and photos depicting Penda’s care
context and AI Consult, see the blog post that accompanies this paper.

2.3 Digital infrastructure and clinical decision support at Penda

Penda has invested substantially in its digital infrastructure and quality improvement programs over the
years, and has been a pioneer in implementing clinical decision support tools.

Electronic medical record (2017). A cloud-hosted electronic medical record (EMR), Easy Clinic, was
introduced in 2017, supporting all patient visits and enabling real-time monitoring of quality metrics and
operations.

Rule-based system (2019-2020). Penda implemented an early non-AI CDS system before its first iter-
ation of AI Consult (Korom and Njue, 2020). In this system, decision trees embedded in the EMR provided
point-of-care reminders for some common conditions. Similar early approaches have been employed and
studied in other contexts for many years (Papadopoulos et al., 2022; Bright et al., 2012; Musen et al., 2021).

The rule-based system and concurrent quality improvement efforts had a large effect. Within 12 months
of deployment, guideline adherence at Penda rose from the national baseline of 40% to over 90%. While
the rule-based system was very effective for improving adherence to specific national practice guidelines, it
was narrow in scope: there was still a significant quality gap in clinical officers’ history taking, diagnostic
accuracy, and patient management. Rule-based systems struggled to effectively support the wide variety of
situations a Penda clinician faces daily.

AI Consult v1 (February 2024). Penda Health implemented an early version of an LLM copilot prior
to the version studied in this work. AI Consult v1 provided feedback from an LLM on the current visit at
clinician request. Clinicians clicked a button within the EMR during a patient visit, chose an area to receive
feedback on (including documentation, patient management, and overall visit), and received structured
feedback from an LLM. Similar to Penda’s other CDS iterations, clinicians reviewed the output of the tool
and made all clinical decisions.

During the early deployment of AI Consult v1, Penda performed an internal safety audit of 100 randomly
selected cases. Each of these cases included (1) patient documentation state before AI Consult use, (2)
AI Consult response, and (3) final documentation state, including any changes resulting from AI Consult.
These cases were reviewed by Penda’s quality team. Each AI Consult output was scored from 1–5, where
5 was outstanding feedback from the LLM on the case (relevant, locally-appropriate, comprehensive, and
actionable); 3 was neutral; and 1 was actively harmful (e.g., encouraging the clinician to perform unnecessary
tests, offering an inappropriate diagnosis, or an incorrect or not locally appropriate treatment plan). Cases
were also annotated with qualitative notes on how clinicians may have acted on AI Consult responses.

In that audit, Penda assigned 64 outputs a rating of 5, 21 a rating of 4, and 14 a rating of 3 (one visit lacked
sufficient clinical documentation to be analyzed). No AI responses were unsafe, and the team did not find
any instances where the effect of AI Consult was harmful. Penda did find some qualitative improvements in
care after clinicians received AI feedback.

Despite showing early promise in terms of patient safety and quality improvement, AI Consult v1 only
achieved adoption in about 60% of visits. Qualitative notes showed many cases in which AI feedback was
not heeded despite being correct and clinically actionable. There was a need to further optimize the AI
Consult workflow to seamlessly intervene at key decision points without creating alert fatigue, and to work
closely with clinician users to increase uptake. These analyses gave Penda’s quality team the confidence they
needed to further develop and test AI Consult.

AI Consult v2 (January 2025). To create a universal “safety net” in the EMR workflow without increas-
ing cognitive load, AI Consult was re-engineered to run silently in the background at key workflow inflection
points (documentation of vitals and chief complaint, documentation of history and physical examinations,

4

https://openai.com/index/ai-clinical-copilot-penda-health/


ordering diagnostic tests, diagnosis, management plan). Outputs are surfaced through a tra�c-light inter-
face: green: no action, yellow: advisory, red: mandatory review before proceeding. This design couples high
coverage with minimal interruption, and leaves the clinician with ultimate control over all clinical decisions.
For a video of AI Consult, see the blog post that accompanies this paper. In this work, we refer to this
version of the tool as \AI Consult". The tool is described further in Section 3.1.

2.4 Motivation for the present study

Collectively, Penda's large patient volumes and a highly variable disease mix, in combination with its strong
quality program, digital maturity, and CDS experience make Penda's clinics an informative setting for
evaluating the impact of LLM-based clinical decision support on patient care.

In addition to evaluating the impact of LLMs in real-world settings, this study focuses on two additional
factors driving the successful uptake of AI-based CDS:clinically-aligned implementation (Section 3.2), or
highly iterative development of a tool well-integrated into clinical work
ows, and active deployment (Sec-
tion 3.4), or strategies to build clinician understanding of and buy-in for a tool. We �nd all three factors
(model performance, clinically-aligned implementation, and active deployment) are crucial for successful
implementation and adoption.

3 Methods

Here, we describe AI Consult, how Penda integrated it into its clinical work
ow, Penda's rollout of the tool
to half of clinicians, and the design and methods for our study of that rollout. For images of AI Consult, see
Figs. 9 to 13. For a video of AI Consult, see the blog post that accompanies this paper.

3.1 AI Consult

Design rationale. Penda's AI Consult tool is conceived as a continuously-running safety net. Its core
objectives are to:

1. Maximize coverage: the model reviews every visit and each major decision node, and this review
does not require active clinician requests.

2. Minimize cognitive load: model feedback interrupts the clinical work
ow only when it identi�es
material risk.

3. Maintain clinician autonomy: the system issues recommendations, but all �nal decisions remain
the clinician's.

There are three types of responses that can be returned, following a three-color tra�c light interface:

ˆ Green: indicates no concerns; appears as a green checkmark.

ˆ Yellow: indicates moderate concerns; appears as a yellow ringing bell that clinicians can choose whether
to view.

ˆ Red: indicates safety-critical issues; appears as a pop-up that clinicians are required to view and
acknowledge before continuing.

Classi�cation thresholds must balance sensitivity against alert fatigue. The tra�c-light approach helps create
this balance: red alerts are cases with high probability or severity of harm, meaning that alerts are likely to
be true positives and therefore can safely interrupt the clinician work
ow. Yellow events are in an ambiguous
middle region, and the bell helps engage clinician judgment without interrupting. Green events con�rm that
AI Consult is running correctly while fading into the background.

Asynchronous, event-driven architecture. AI Consult is embedded in Penda's cloud-hosted EMR
(Easy Clinic). The EMR triggers AI Consult calls in response to prede�ned events: whenever the user
�nishes typing and navigates away from a critical �eld (i.e., chief complaint, clinical notes, investigations,
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diagnosis, and medications), AI Consult will run in the background with the documentation state up until
that point and return a response to the clinician.

Prompt engineering. The LLM prompt contextualizes the patient visit and contains Penda-speci�c
context as well as a summary of relevant clinical practice guidelines. It then includes the task for the model,
the de�nition of each clinical category, and few-shot examples of red, yellow, and green responses for each
category. The model is asked to return a color (alert severity level), a rationale for that color, and an action
for the clinician to consider. For the full prompts used in AI Consult, see Appendix E.

Model-agnostic. The design of AI Consult|in particular, its reliance on a prompted general model rather
than a specialized or �ne-tuned model|permits any model to easily be used. This allows more performant
models, cheaper models, or models that meet other speci�c needs to easily be substituted in.

Penda opted to use GPT-4o as the default model for AI Consult due to its strong few-shot reasoning and
low latency. At the time of the study, more performant models like GPT-4.1, o3, and o4-mini were not yet
available. While reasoning models o�er advantages in terms of nuanced performance on challenging health-
related questions, Penda found that minimizing latency was more important for the tool to give feedback
timely enough to be actionable to ensure clinician adoption, and thus maximize downstream impact of the
tool.

Development. AI Consult was developed in partnership with Penda's EMR vendor and Penda's clinical
quality and IT teams.

3.2 Iteration towards clinically-aligned implementation

To achieve the clinically-aligned implementation of AI Consult used in the present study, Penda went through
numerous iterative development cycles. Penda's clinical quality team initially documented the proposed
product speci�cations and user acceptance criteria for the end-to-end tool. After initial development and
prior to deployment to the production environment, Penda's clinical quality and IT teams used, tested, and
red-teamed AI Consult extensively in order to maximize safety and usability for frontline clinicians. During
the study's induction period (described in Section 3.3), Penda's teams also continued to iterate on AI Consult
with real user feedback.

Hundreds of design decisions were made during this process; here, we document the most important cate-
gories.

AI Consult triggers. A fundamental challenge in designing AI Consult is knowing when to call the model
(i.e., when to have the model review documentation and return a response). If it is called prematurely,
feedback is returned before it is useful to the clinician. If it is called (or returns feedback) too late, the
clinician's decision-making moment has passed, and it can be challenging to reverse decisions already made.
Penda initially explored the possibility of making model calls only at the point that a patient is sent to a
di�erent physical location (e.g., pharmacy or laboratory). Testing revealed that by then, the clinician has
often already explained the next steps to the patient; it can be uncomfortable for clinicians to walk those next
steps back if AI Consult recommendations con
ict, making AI Consult less useful. After several iterations,
Penda decided to trigger when users navigate away (\focus out") from speci�c EMR �elds.

One example of a speci�c technical challenge Penda faced in its implementation of triggers: if a user was
typing in a decision-triggering box (say, the clinical notes) and a red response appeared for a previous
work
ow stage, acknowledging that red alert was considered an event which triggers AI Consult for the
current work
ow. This results in another model call, even if the clinician user was not done with that
section. In testing, this behavior could lead to a painful cycle of red-alert pop-ups that were clinically
inappropriate and led to alert fatigue. Identifying this in testing allowed engineers to modify the criteria for
AI Consult triggers to exclude the acknowledgment of previous AI Consult alerts.
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Threshold-setting. In live testing with clinicians, the overall usability of the tool was highly dependent
on the red/yellow/green severity thresholds. When the threshold for problems is set too low, over-triggering
of the system becomes apparent immediately and clinicians may begin to ignore alerts.

Given the design of AI Consult, threshold-setting to avoid alert fatigue while still surfacing the most critical
clinical problems is primarily a prompt engineering problem. Clear explanations and few-shot prompting
allowed Penda to precisely de�ne which gaps ought to trigger a red alert. For example, Penda included
few-shot examples to ensure that missing vital signs would trigger red alerts. Vital signs are so critical to
choosing diagnostic tests and making a diagnosis that a history and physical exam could not be considered
complete if vital signs were absent. On the other hand, Penda had to moderate its expectations on the
comprehensiveness of history and physical examination. In initial testing, red alerts were over-triggering for
missing components of the clinical history. While the missing history components were not unreasonable,
fully acting on these alerts would have required too dramatic of a shift in the documentation of history for
Penda's practice setting, so a more lenient threshold was selected here.

User interface. Subtle design decisions for the user interface can substantially impact the user experi-
ence and adoption of a new tool. Penda's �rst iteration of the tool focused only on red-alert pop-ups for
serious problems. However, many opportunities for clinical quality improvement are of intermediate (yel-
low) severity. Pre-deployment testing showed a need to allow these quality improvement opportunities to
surface to clinicians at the right moment without forcing a pop-up. Similarly, the initial UI did not include
a green checkmark for green model outputs, which caused clinicians to wait in case a yellow or red alert was
incoming. The �nal iteration of AI Consult included this green checkmark to reduce cognitive overhead for
clinicians.

Penda also made �nal implementation improvements early in the rollout of the AI Consult tool, as described
in Section 3.3.

3.3 Quality improvement rollout

Penda's audit of AI Consult safety (Section 2.3) and the design of AI Consult as a safety net, with all �nal
decisions made by Penda clinicians, gave the Penda leadership team the con�dence in AI Consult it needed to
pilot the tool more broadly. As part of its quality improvement practice, Penda decided to roll out AI Consult
to half of its clinicians from January 30 2025 to April 18 2025. It rolled out AI Consult at the clinician level:
half of clinicians in each clinic were randomly assigned to have access to AI Consult (AI group), while their
colleagues did not (non-AI group).2 As a further assurance during this rollout, Penda actively monitored
model outputs throughout the course of the study through its established patient safety reporting process,
rapidly reviewing any case where a patient experienced an adverse event. This process found no cases where
a model recommendation directly caused patient harm; see Section 4.3.2 for full �ndings.

Figure 2: Timeline of AI Consult deployment and quality
improvement evaluation.

The �rst part of this rollout, from January 30
2025 to February 28 2025, was an induction
period for clinicians to familiarize themselves
with the tool. It included up-front training
but no active change management. The pri-
mary period of the quality improvement eval-
uation was from March 1 2025 to April 18 2025,
and included active deployment to drive adop-
tion from Penda quality and branch leadership
(Section 3.4). A diagram of the timeline is in
Fig. 2.

2Clinicians were split at the clinic-level across 15 clinics because di�erent Penda clinics serve populations with di�erent
demographics. The way Penda implemented this was equivalent to randomly allocating clinicians strati�ed by clinic, with block
size 2 and a 1:1 allocation ratio at the clinic level. Note that some randomized providers left Penda before the rollout started
and are therefore not included in the study analysis.
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Shadow mode. AI Consult was also built with a shadow mode, where AI Consult would operate as normal
in the background of a visit, calling an LLM and logging responses, but no alerts (whether red, yellow, or
green) were shown to clinicians. When Penda ultimately rolled out AI Consult to the AI group, it also
used shadow mode for the non-AI group providers, enabling Penda to compare AI group clinicians with
non-AI group clinicians by understanding triggers that would haveoccurred if non-AI group clinicians had
AI Consult. This is used in reporting several of the results in Section 4.

Final implementation improvements during the induction period. Continuing to iterate on AI
Consult after it was �rst deployed to clinicians in live care was also essential to make it as useful as possible.
The �rst part of Penda's deployment was an induction period, intended to familiarize clinicians with the
tool and to iterate given feedback.

Penda continuously collected feedback from clinicians through online surveys and virtual roundtable discus-
sions. This feedback surfaced further areas for improvement on AI Consult thresholds and prompting to
prevent alert fatigue. For example, this helped Penda ensure AI Consult did not ask for patient history not
routinely collected at Penda or diagnostics unavailable in the Penda setting.

During this time, Penda also shadowed clinicians at every clinic to see how they engaged with the tool
during their typical work
ow. Clinician shadowing revealed a challenge not seen in pre-deployment testing:
in real-world practice, many clinicians were facing system slowness that led to the AI Consult not providing
near-real-time feedback. Due to a combination of technical factors, the time taken to return AI Consult
responses had increased dramatically with the number of simultaneous API calls that were now being made.
Penda re-engineered AI Consult's code to improve its speed and asynchronous functionality, allowing the
API call to return, on average, in under three seconds.

3.4 Active deployment

Following the initial deployment of AI Consult to Penda's production EMR, Penda monitored the adoption
of the tool, the safety and helpfulness of its outputs, and the extent to which clinicians acted on model
outputs. Penda's approach had three pillars:

ˆ Connection : Peer champions and branch managers explained why the copilot mattered, walked
colleagues through its strengths and limitations, and o�ered one-on-one coaching to support uptake.

ˆ Measurement : Penda tracked how often clinicians interacted with AI Consult recommendations and
reached out with personalized coaching.

ˆ Incentives : Penda quality leadership recognized clinicians and clinics that used the tool well.

Connecting with clinicians to share AI Consult strengths and limitations. The Penda team made
considerable e�orts to connect clinicians with AI Consult's value.

In Penda's continuing medical education sessions, clinical leaders identi�ed real examples where an AI
Consult clinician had received a red response and acted on it, and discussed with teams how this choice
improved the quality of care delivery. These examples built tangible buy-in for clinicians who could see in
real practice and hear from their peers about how the tool improved quality. Penda also nominated high-
performing peer champions at each clinic, who shared how they had learned to use AI Consult well and
provided suggestions and feedback to other clinicians to encourage successful uptake.

Penda's work to connect with clinicians also identi�ed other factors that made it di�cult for clinicians to act
on AI Consult. For example, some clinicians were accustomed to documenting patient visits asynchronously,
meaning a patient may have gone to receive medications before a provider documented medications and
received AI Consult feedback. This and related patterns sometimes made AI Consult challenging to act on.
Penda coached providers to document in real-time and trigger AI Consult before taking the next steps to
ensure AI Consult recommendations were considered. While a major work
ow change for some, this was
essential to enabling clinicians to act on the feedback in real time.
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Data and measurement. Penda's data infrastructure was crucial to building the metrics required for
monitoring: the data backend allowed Penda clinical leadership to view AI inputs, red/yellow/green model
outputs, and �nal patient documentation for over 8000 model calls per day.

To summarize this data, Penda's clinical leadership team developed a single north star indicator: the \left
in red" rate. This metric tracked the fraction of patient visits where the �nal AI Consult model call for any
category was red. Recall that when a red pop-up occurs, the clinician must acknowledge it, but then has the
option to either leave things as they are or change a decision. If a decision is changed, AI Consult will run
again, again returning a color for severity. If the issue causing the red alert was addressed, AI Consult will
likely return yellow or green, and would no longer be \left in red." Thus, the left in red rate is a useful metric
for understanding the extent to which clinicians with AI Consult are acting on the most severe alerts. A
high left in red rate could re
ect that clinicians were not seeing AI Consult alerts, that they were not reading
these alerts, or that they were intentionally choosing not to act on the feedback from these results|each of
which is valuable to understand to increase the tool's impact. Improving this single metric enabled Penda's
team to identify and improve instances of each of these failure modes.

In the �rst month of piloting the tool, Penda noticed that clinicians with AI Consult had only a slightly
lower left in red rate compared to clinicians in the non-AI group (where the left in red rate could be
calculated because AI Consult was running in shadow mode, with data logged but without outputs shown
to providers). Penda reviewed AI Consult's red alerts and found them to be generally high quality, which
made it concerning that clinicians were often not heeding AI recommendations. Penda therefore entered a
period of active change management to further drive adoption.

Creating positive incentives. To socially incentivize use of AI Consult, Penda also shared individual
left in red rates with each AI group clinician and included their decile of performance compared to their
peers. This approach provided positive encouragement for clinicians who were among the best in acting
on AI Consult feedback. It also showed clinicians who were not acting on the AI Consult outputs that
there was room for improvement relative to their peers|in many cases, clinicians were surprised about their
relative performance. These steps, combined with peer champion weekly coaching feedback, helped Penda
substantially reduce the left in red rate for clinicians with AI Consult (Fig. 6).

3.5 Study of AI Consult

Penda and OpenAI embarked on a research study of the rollout across 15 clinics using routinely-collected
patient documentation and outcomes. The study compared providers with and without access to AI Consult.
We examined the e�ects of the tool on (i) quality of care, including diagnosis and treatment errors (using
clinical documentation with patient identi�ers removed); (ii) patient-reported outcomes (using routinely-
collected patient outcomes data); and (iii) clinician work
ows (using anonymous clinician surveys and clinical
work
ow data).

Ethical considerations. This study was approved by the AMREF Health Africa Ethical and Scien-
ti�c Review Committee (approval number ESRC P1795/2024) and conducted under a research license
from the National Commission for Science, Technology, and Innovation in Kenya (license number NA-
COSTI/P/25/415242). This research was also approved by the Ministry of Health in Kenya, Kenya's Digital
Health Agency, and Nairobi County.

Only patients who agreed to Penda's general patient consent form|which includes consent for use of data
without patient identi�ers for research purposes and to follow-up calls to collect patient-reported out-
comes|were included in this analysis. Patients were also able to withdraw their consent for the use of
data in this study until 15 days after the end of the study period.

Given that the research involved no deviation from the care that patients would otherwise receive during
the phased rollout, all patient data used for study analysis was routinely-collected, and the analyzed data
were stripped of patient identi�ers, the AMREF Health Africa Ethical and Scienti�c Review Committee
determined that additional consent particular to this study was not needed beyond Penda's existing consent
form.
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The study also included a survey of clinicians to understand their satisfaction with Penda's EMR and AI
Consult. As these surveys are not ordinarily done, we sought explicit written consent from clinicians. These
surveys were fully anonymous.

Funding. Funding for this study was provided by OpenAI. OpenAI was involved in the study analysis and
reporting.

Reporting. The reporting of this quality improvement study was guided by the SQUIRE 2.0 statement
(Ogrinc et al., 2016).

3.6 Study population and data

For this study, we included data from all 15 Penda clinics in Nairobi County, Kenya.3 These centers provide
both primary and urgent care services, and also have laboratory and pharmacy services onsite. In most
cases, these centers are located within Nairobi's urban low- and middle-income demographic communities.

We included in-person visits at Penda where clinicians actively document in the Penda EMR. This means
that we excluded visit categories where clinicians generally do not actively document in the EMR, e.g.,
over-the-counter medication requests, laboratory self-requests, as well as patients in Penda's blood pressure
chronic care management program \BP Sawa" and routine well-baby care. Finally, we excluded telemedicine
visits because they are not in person, and dental visits because of their more narrow focus.

From January 30 2025 to April 18 2025, a total of 87931 patient visits were recorded at all of Penda's clinics
(Fig. 3). Of these, 52409 visits (59.6%) met the study eligibility criteria (Fig. 3). The remaining 35522 visits
(40.4%) were excluded either because (1) they occurred at Penda's single clinic outside Nairobi County (3878
visits, 4.4%); (2) they had an ineligible visit category (29210 visits, 33.2%); or (3) the patient was not seen
by a clinical o�cer in the course of their visit (2434 visits, 2.8%). Among the 52409 eligible visits, 40745
(77.7%) were visits where patients agreed to Penda's general consent form and so were included in the study.

Across the study, 57 clinicians in the AI group had access to AI Consult, while the 49 clinical o�cers in the
non-AI group did not. Each clinician contributed a median of 395 visits in the AI arm and 428 visits in the
non-AI arm.

Patient visits were split into the \AI" group if all clinicians who saw them had access to AI Consult and into
the \non-AI" group if no clinician who saw them had access to AI Consult. The AI group included 20589
visits (50.5% of visits with general consent), with clinician documentation available for 20589 (100.0%) and
structured outcome data for 7918 (38.5%). The non-AI group included 18990 visits (46.6% of visits with
general consent), with patient documentation available for 18990 (100.0%) and structured outcome data for
7331 (38.6%). A small portion of visits (1166, 2.2%) were attended by clinicians in both groups, primarily
due to handover at shift change, and were excluded from analysis.

Patient age, insurance vs cash-pay mix, and 8-day follow-up call response rates were generally well-balanced
between the non-AI and AI arms (Table 1).

Visits were distributed across Nairobi's three service regions. Comparatively more patient visits in the AI
group occurred in clinics in the Thika Road Corridor (42.8% AI vs 34.2% non-AI), while comparatively fewer
were in Eastlands clinics (38.4% vs 43.6%) and Southwest clinics (18.8% vs 22.2%) (Table 1).

3.7 Data analysis

Statistical analysis for this study was done using Python 3.12, usingscipy for statistical testing, statsmodels
for statistical modeling, and a threshold of p = 0 :05 in determining statistical signi�cance. We conducted

3The speci�c clinics included span Penda's three service regions: Eastlands (Tassia, Umoja 1, Umoja 2, Embakasi, and
Pipeline); Southwest (Kangemi, Kawangware, Kimathi Street, and Lang'ata), and the Thika Road Corridor (Mathare North,
Kasarani, Sunton, Lucky Summer, Zimmerman, and Kahawa West). This is all but one of Penda's facilities; the remaining one,
Githurai 45, is located in Kiambu County and was excluded as we sought approval for this study speci�cally in Nairobi County.
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Figure 3: Flow diagram showing visit eligibility, consent, group assignment, and data availability.
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Variable Non-AI AI

n 18,990 20,589

Induction period (before March 1 2025) 7,773 (40.9%) 8,201 (39.8%)
Main study period (March 1 2025 or later) 11,217 (59.1%) 12,388 (60.2%)

Visit location: Eastlands clinics 8,277 (43.6%) 7,911 (38.4%)
Visit location: Southwest clinics 4,223 (22.2%) 3,867 (18.8%)
Visit location: Thika Road Corridor clinics 6,490 (34.2%) 8,811 (42.8%)

Age (years), median [q25, q75] 20.8 [4.0, 32.2] 20.7 [3.9, 31.6]

Female 10,505 (55.3%) 11,282 (54.8%)
Male 8,485 (44.7%) 9,307 (45.2%)

Insurance visit 10,501 (55.3%) 11,713 (56.9%)
Cash visit 8,489 (44.7%) 8,876 (43.1%)

Did respond to 8-day follow-up call 7,333 (38.6%) 7,919 (38.5%)
Did not respond to 8-day follow-up call 11,657 (61.4%) 12,670 (61.5%)

Table 1: Demographics of visits included in this study.

an intent-to-treat analysis, comparing patient visits seen only by clinicians in the AI group with those seen
only by clinicians in the non-AI group.

3.8 E�ects on quality of care

We examined the e�ects of AI Consult on quality of care by having independent physicians rate visit docu-
mentation stripped of patient identi�ers.

We selected a random sample of 5666 visits recorded during the study. We then presented these to a panel
of 108 physicians for review of documentation and clinical decision-making quality, including diagnosis and
treatment errors.4

Physician rater panel. The 108 physician raters included sta� physicians and senior residents from
around the world, including 29 from Kenya. The vast majority of these were family physicians, emergency
physicians, internists, pediatricians, or general practitioners. The remaining physicians had practice expe-
rience in other relevant specialties: obstetrics, preventative medicine, physical medicine and rehabilitation,
general surgery, and public health. These physicians were selected by OpenAI using a multi-step process to
ensure their quality and performance. For more details on selection and the physician panel, see Arora et al.
(2025).

Blinding. Raters were blinded to whether the patient visit was in the AI or non-AI group. They also had
no information about the quality improvement study, AI Consult, or study hypotheses. Raters were told
these visits occurred in a primary/urgent-care setting in Kenya and the resources available in the setting, so
they had enough information to rate visits.

The rating task. Physician raters were presented with a form containing patient documentation stripped
of patient identi�ers, which included the patient history (age, gender, vital signs, chief complaint, and clinical
note), any diagnostic investigations done with results, the clinician-assigned diagnosis, and management plan
including medications, referrals, and any diagnostic investigations that could not be done in that clinic.

4One consequence of this approach is that we have physician-assessed outcome data for a random sample of visits. We
present an analysis of all complete cases for this outcome, as is valid for data missing at random (Ross et al., 2020).
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Clinical Category Description

History &
Examination

The patient's presenting chief complaint, vital signs, past medical history, social and
family history, and physical exam �ndings. A thorough history and physical examination
is essential for high-quality clinical reasoning.

Investigations Diagnostic tests ordered or performed, including laboratory investigations, imaging, and
point-of-care tests. These investigations are critical to con�rming or ruling out clinical
hypotheses.

Diagnosis Most likely clinical condition(s) given history and investigations. A high-quality diagnosis
captures both primary and any clinically-relevant comorbid conditions with appropriate
speci�city.

Treatment Clinical management plan, including medications prescribed, procedures performed, refer-
rals made, patient education, and follow-up instructions. Treatment should be individu-
alized and guideline-concordant.

Table 2: Descriptions of the four core clinical categories used to evaluate visit quality.

Physicians were asked to give a �ve-point Likert rating for (1) the depth and appropriateness of the history
and physical exam; (2) whether appropriate investigations were done and inappropriate investigations were
not; (3) whether the diagnosis assigned was likely correct, and whether relevant additional diagnoses were
captured if present (e.g., anemia being captured if present on blood testing, even if the chief complaint was
a respiratory illness); and (4) whether the management plan was correct and high quality. A score of 1 or
2 on any of these Likert scales was intended to correspond to a clinically meaningful error.5 For full Likert
scale de�nitions for each category, see Tables 15 to 18. For the reference examples provided to physicians of
each Likert value for each category, including examples of Likert 1 and 2 errors, see Appendix I.

For each of these categories, physicians were also asked to enumerate the failure modes present (i.e., the
speci�c errors made in each category above), if any. For example, for the \diagnosis" category, physician
raters were asked to choose as many options as applicable from the below. For all options across categories,
see Table 19.

ˆ Primary diagnosis is likely incorrect

ˆ Primary diagnosis is missing

ˆ Primary diagnosis is too speci�c to be supported based on current documentation or investigations (e.g.,
using \allergic rhinitis" as the diagnosis where it's clear that rhinitis is present but documentation does
not support a speci�c etiology)

ˆ Primary diagnosis is too broad when a more speci�c diagnosis is supported

ˆ Additional diagnosis is likely incorrect

ˆ Clinically relevant additional diagnosis is missing (e.g. anemia)

ˆ None of the above

Finally, we asked physicians to rate the acuity of the clinical scenario as \low", \medium", or \high", to
enable analysis strati�ed by severity. For the full form shown to physicians, including examples and full
question text, please see Appendix I.

5For cases after April 9, the structured chief complaint �eld was missing, so we omitted data from April 10 onward in analysis
of History Likert and multiple-choice question data; su�cient information was still available about the history from the clinical
notes and other history �elds to enable assessment of the patient note, and so we still included the investigations, diagnosis,
and treatment data for these cases.
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Rater agreement. The physician rater panel was trained to reduce subjectivity and improve reliability.
For each Likert scale, we established golden examples for each Likert value based on the consensus of
three physician investigators, and shared these golden examples with the panel as reference points (see
Appendix I). In addition to the multi-step onboarding and quality-�ltering described in Arora et al. (2025),
we also provided detailed training on how to review clinical documentation to evaluators. This included
upfront training over video call, frequent \o�ce hours", and ongoing clari�cations when ambiguities arose.

We evaluate rater agreement by having a portion of unique tasks be completed by two independent raters.
Of the 5666 visits rated, 1387 (about 25%) were rated by two physicians; the remaining 4279 of these were
rated by a single physician. We calculated inter-rater agreement for the Likert scales, de�ning \agreement"
as cases where the Likert values that two physician raters chose were within one point of one another. We
also calculate agreement on error (i.e., whether raters agreed on an instance being Likert 1/2 vs Likert 3/4/5)
between two raters compared to the agreement that would be expected by chance using Fleiss'� .

Statistical analysis. Our primary outcome measure is the relative risk reduction (RRR) in clinically
meaningful errors (i.e., Likert 1/2) for each category (history, investigations, diagnosis, and treatment)
between the AI and non-AI groups.

We report the proportion of clinically meaningful errors in each group and the corresponding 95% Wilson
con�dence intervals, comparing this between the non-AI and AI groups using Fisher's exact test. We also
compute the relative risk reduction for errors in the AI group compared to the non-AI group, with its 95%
con�dence interval computed using the Katz method. For cases rated by two physicians, we assign each
rating weight 0:5 so that each visit ultimately has equal weight in the �nal analysis. We use the Benjamini-
Hochberg procedure to control the false discovery rate between the four clinical domains that we measure.

We also report covariate and clustering-adjusted measures of e�ect size. To do so, we �t a generalized linear
model, using generalized estimating equations (GEE) to �t the model to account for within-clinician e�ects
while yielding population-average e�ects. We �t a log-binomial GEE model, using a log link to estimate risk
ratios and calculate the relative risk reduction as 1 minus the risk ratio. We �t this model with grouping at
the clinician level, specifying an exchangeable covariance structure to account for clinician e�ects. The �xed
e�ects we include in this model are AI vs non-AI (reference: non-AI), age (in years, continuous), gender
(reference: male), and insurance vs cash visit (reference: cash). We also include clinic as a �xed e�ect
in this model, both in order to estimate e�ects for speci�c clinics, and recognizing that we observe all of
Penda's Nairobi County clinics in this study.6 We use sum-to-zero coding for clinic, with Zimmerman as the
necessary omitted clinic.

Finally, for robustness and to evaluate sensitivity to modeling assumptions, we also �t and report results from
a modi�ed Poisson regression model with cluster-robust standard errors. The modi�ed Poisson approach has
become a common method to estimate relative risks in binary outcome studies (Zou, 2004; Zou and Donner,
2013). We specify this analysis with the �xed e�ects speci�ed above and include clinicians as clustering
variables.

Additional analyses. Our primary analysis was of the main study period, after the induction phase
(March 1 2025 to April 18 2025).

To examine whether AI Consult signals correlate with clinical quality, we also study the physician-rated
quality of cases that were \left in red" (i.e., where the �nal AI Consult response was red for at least one of
the �ve AI Consult categories, or would have been red for cases in the non-AI group) vs cases that were not
left in red. This measures how well the tool's responses match the clinical judgment of our physician rater
panel.

We also do sensitivity analyses to examine the e�ect of AI Consult in visits where there was at least one red
AI Consult response, and in visits during the induction period only.

6At Penda, clinicians operate across multiple clinics, so we cannot consider clinicians to be a level of grouping nested within
a clinic.
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LLM rater analysis. We also conduct a version of this analysis where we have LLMs rate clinical docu-
mentation, enabling rating of all patient documentation and the evaluation of LLM ability to conduct such
ratings. We conduct independent ratings using two di�erent OpenAI models: o3, which is currently Ope-
nAI's most capable model in health, and GPT-4.1, which the HealthBench paper established as a strong
grader for health-related tasks (Arora et al., 2025).

For each rater model, we conduct analysis as described above, including computing risk ratios and �tting
modi�ed Poisson regression and GEE models. We also study the agreement of each model-based rater with
physicians who rated the same visit, computing the rate of model agreement with physician ratings within
one Likert point, and again evaluating whether models agreed with physician ratings on whether a given
task contained errors (Likert 1/2 vs Likert 3/4/5) vs chance agreement with Fleiss' � .

3.9 Use and usability analysis

Clinician survey. At the end of the rollout period, we invited Penda clinicians in both the AI and non-AI
groups to participate in an anonymous, consented survey.

We asked both groups about their experience with Penda's EMR (including AI Consult) and whether it
changes the quality of care that they deliver on a �ve-point scale. We compare this between groups with a
Mann-Whitney U -test. We also asked the AI group about AI Consult: whether it changes the quality of
the care they deliver (�ve-point scale), whether they'd recommend AI Consult to others (to compute net
promoter score), and their satisfaction (�ve-point scale). Finally, we solicited qualitative feedback from both
groups. The full text of the clinician survey is available in Appendix G.

Usage data. We also examine di�erences in the median visit duration and median clinical documentation
length between groups, as well as the fraction of AI Consult responses given \thumbs up" ratings vs \thumbs
down" ratings by clinicians.

3.10 Patient outcomes

Patient-reported outcomes. As part of standard care, Penda Health makes calls to all eligible and
consenting patients by telephone 8 days after an index visit to collect patient-reported outcomes. Patients
who respond are asked whether they are feeling better on a �ve-point Likert scale (5 = \much better", 4 =
\a bit better", 3 = \about the same", 2 = \a bit worse", 1 = \much worse"), with patients who report 3 or
less de�ned as \not feeling better". Patients are also asked whether they visited another pharmacy or went
to another clinic themselves (without Penda's referral; see Appendix F for the full script).

Penda also identi�es patients with more clinically severe presentations as possible candidates for one-day
follow-up calls, as described in Appendix H. Clinicians in Penda's call centers ultimately decide which patients
to follow up with, and call to ask whether patients' conditions have worsened since their visit.

We compare these outcomes between the AI and non-AI groups with Fisher's exact test. Given the high
rates of missingness in patient outcome data (about 60%), we report a complete-case analysis that we treat
as exploratory rather than con�rmatory, following recommendations from Jakobsen et al. (2017).

Serious escalations. We also monitored the frequency of serious escalations reported to Penda as part of
routine patient care through Penda's patient safety reporting (PSR) system. This system, which has been
in e�ect since 2020, allows any sta� member at Penda to raise a quality or patient safety concern. PSRs are
often raised by Penda's customer service team when a patient experiences harm or potential harm that could
be related to their care at Penda. This includes harm that is deemed unavoidable (e.g., a new medication
allergy) and serious errors that did not result in harm (\near miss" events).

Penda's clinical quality team reviews all PSRs to identify any safety or quality gaps that need to be addressed.
We examined the frequency and severity of such reports in the non-AI and AI groups. For reports in the
non-AI group, we examine whether AI Consult alerts that would have been raised during the patient's visit
could have prevented harm or a near miss from occurring, if the clinician was able to see them and acted on
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RRR: all visits NNT Yearly errors averted at Penda

History 31.8% (21.9%-40.5%) 11.3 35383
Investigations 10.3% (1.0%-18.8%) 27.8 14388
Diagnosis 16.0% (6.9%-24.2%) 18.1 22102
Treatment 12.7% (6.8%-18.3%) 13.9 28880

Table 3: Relative risk reduction in clinical errors. Includes overall e�ect size and number needed to treat for
the main study period. Also includes the absolute number of errors we would expect to be averted if this
tool were widely deployed in the 400,000 annual patient visits at Penda.

them. For reports in the AI group, we examine whether the AI alerts raised during the patient's visit could
have (i) been responsible for the harm experienced; (ii) failed to prevent harm; or (iii) have prevented harm
but failed to because the clinician did not see them or chose not to act on them.

3.11 Data management and privacy

We handled, stored, and processed all participant data following Kenya's Data Protection Act. Patient
data was fully stripped of patient identi�ers (e.g., patient names, date of birth, phone numbers, national
ID numbers, medical record numbers, speci�c geography) as well as clinician identi�ers. This removal was
accomplished in two steps. First, Penda clinician training includes speci�c instructions not to use patient
identi�ers in their free-text clinical notes. Secondly, the Penda data team reviewed the patient notes used in
this study to ensure privacy. They identi�ed a very low rate of cases where possible patient identi�ers were
used (approximately 5 per 10,000 notes). In these cases, any identi�ers present were redacted. The research
team had access only to this research dataset stripped of identi�ers.

Participants were able to request that we remove their data from this study until 15 days after the AI Consult
rollout ended. After that period, the data from participants was fully processed and anonymized, meaning
it was not possible to remove it. No participant requested that we remove their data at any time.

Study data will be retained for a 5-year period after publication of the results to enable research reproducibil-
ity. After this period, all study-related data will be securely destroyed to ensure privacy and compliance
with data protection standards.

4 Results

We present results on quality of care (Section 4.1), use and usability (Section 4.2), and patient outcomes
(Section 4.3).

4.1 E�ects on quality of care

AI Consult reduced clinical error rates. Error rates across each of the four clinical categories were
signi�cantly reduced in the AI group compared to the non-AI group. The relative risk reduction for AI
compared to non-AI was 31.8% (95% CI 21.9%-40.5%,p = 0 :000) for history-taking, 10.3% (1.0%-18.8%,
p = 0 :034) for investigations, 16.0% (6.9%-24.2%,p = 0 :001) for diagnostic errors, and 12.7% (6.8%-18.3%,
p = 0 :001) for treatment errors (Fig. 4, Table 3). All four p-values remain signi�cant after applying the
Benjamini{Hochberg procedure with FDR 5% across these tests.

Notably, the number needed to treat (NNT) for AI Consult was low, particularly for a tool with such broad
e�ects: 18.1 for diagnostic errors and 13.9 for treatment errors. If Penda adopted AI Consult across its
400,000 annual visits, this would correspond to about 22102 fewer diagnostic errors annually and 28880
fewer treatment errors annually (Table 3).

We also examined the e�ect size during the induction period. The error rate reduction for history, diagnosis,
and treatment is much higher in the main study period compared to the induction period (e.g., for treatment,
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Figure 4: Clinical error rates for history-taking, investigations, diagnosis, and treatment, comparing the AI
group to the non-AI group. Error bars show 95% Wilson con�dence intervals. * indicates p < 0:05, **
p < 0:01, *** p < 0:001.

Main period, all visits Induction period Main period, only visits with reds

History 31.8% (21.9%-40.5%) 16.7% (4.5%-27.3%) 30.8% (12.8%-45.1%)
Investigations 10.3% (1.0%-18.8%) 13.8% (2.7%-23.6%) 17.9% (-72.6%-60.9%)
Diagnosis 16.0% (6.9%-24.2%) 6.4% (-5.6%-17.1%) 31.5% (14.0%-45.5%)
Treatment 12.7% (6.8%-18.3%) 4.3% (-3.0%-11.1%) 18.0% (9.4%-25.9%)

Table 4: Relative risk reduction in clinical errors across each category for all visits during the main study
period, all visits during the induction period, and only visits with reds for the relevant category during the
main study period.

12.7%, 95% CI 6.8%-18.3% during the main study period compared to 4.3%, 95% CI -3.0%-11.1% during
the induction period), providing evidence for the value of active deployment (Table 4).

We also examined the e�ect size in visits where there was at least one red AI Consult response for each
category. The e�ect sizes for diagnosis and treatment were considerably higher in such visits (diagnosis:
RRR 31.5% for visits with at least one red vs 16.0% for all cases; treatment: 18.0% vs 12.7%; Table 4).
There were no obvious trends in e�ect size by physician-rated acuity (Table 20).

We also �t statistical models to account for clinician clustering, clinic e�ects, and patient covariates, which
yielded similar results to the unadjusted analysis. For diagnosis and treatment, GEE model e�ect sizes
were of the same magnitude and retained statistical signi�cance: for diagnosis, 16.8% (GEE �t) vs 16.0%
(unadjusted e�ect); and for treatment, 12.2% vs 12.7%. For history, the e�ect size was somewhat smaller
(25.3% vs 31.8%), but retained statistical signi�cance. For investigations, the e�ect size was similar (9.8%
vs 10.3%), but had 0:05 < p < 0:1. Examining other model coe�cients, there was notable variation in error
rates across clinics for all categories. For the treatment category, we also observed a higher risk of errors in
younger patients. Full GEE results are available in Tables 21 to 24. Results from modi�ed Poisson models
(which are largely similar) are in Tables 25 to 28.
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Figure 5: Rates of selected clinical failure modes in the AI group compared to the non-AI group. Error bars
show 95% Wilson con�dence intervals. * indicatesp < 0:05, ** p < 0:01, *** p < 0:001. For a full table of
failure modes and their rates in both groups, see Table 29.

Lastly, we also repeated this analysis using a large language model rather than physician ratings. We report
�ndings from this analysis in Table 6.

The rate of common clinical failure modes was lower in the AI group. We also had raters identify
the speci�c clinical failure modes present in the visit documentation. We �nd that several error categories
are less common in the AI group, including the rate of key details missed in the history, key investigations
missed, or incorrect main diagnoses (Fig. 5). We also �nd that AI group visits were less likely to have the
wrong medications prescribed or important patient education omitted. No failure modes are more common
in the AI group compared to the non-AI group. For a full table of failure modes and their frequency between
groups, see Table 29.

Fewer visits were left with red AI Consult responses in the AI group. To understand how AI
Consult achieved this e�ect, we examined how many visits had any calls left in red{that is, where the �nal
AI Consult call in the visit was red, for any of history, investigations, diagnosis, or treatment.

At the start of the induction period, the left in red rate was similar between groups at 35-40%, suggesting
that clinicians in the AI group were only sometimes seeing or acting on the red alerts displayed to them.
Once Penda iterated on AI Consult to improve reliability and started active deployment, the left in red rate
in the AI group dropped to 20% while the non-AI group rate stayed at 40% (Fig. 6a). This was also the
case when looking at cases where the treatment speci�cally was left in red (Fig. 19). This di�erence helps
explain AI Consult's e�ects and also emphasizes the importance of user testing and active deployment.

Clinicians in the AI group learned to avoid common mistakes over time. We also examine the
proportion of visits where AI Consult started red{that is, where the �rst AI call for any category was red.
In the AI group, this rate drops from 45% at the start of the study to 35% at the end of the study, while
staying steady at 45-50% in the non-AI group during the study (Fig. 6b). This suggests that AI Consult
is training clinicians to avoid common mistakes even prior to AI Consult alerts. We see this training e�ect
even when only looking at the history-related AI Consult categories, indicating that this e�ect cannot just
be explained by AI Consult history popups leading to better initial diagnoses and treatments (Fig. 17). We
also see this training e�ect when looking at cases where the treatment speci�cally started red (Fig. 18).

To further interrogate this training e�ect, we examine the distribution of the left in red rate across clinicians
over time. We �nd that the active deployment period led to a considerable drop in the left in red rate for
the 10th percentile clinician from 20% at the start of the study to 0% at the end (Fig. 20). The 25th, 50th,
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Left in red Left in yellow Left in green p: R vs Y p: Y vs G

History 33.3% (28.5%-38.6%) 22.7% (21.0%-24.5%) 14.5% (11.0%-18.9%) 0.000 0.000
Investigations 29.4% (19.9%-41.1%) 32.5% (29.3%-35.8%) 30.7% (27.6%-33.8%) 0.686 0.456
Diagnosis 46.2% (40.7%-51.7%) 35.3% (32.8%-37.8%) 20.5% (18.4%-22.9%) 0.000 0.000
Treatment 68.1% (64.1%-71.9%) 54.0% (51.7%-56.3%) 33.6% (29.6%-37.9%) 0.000 0.000

Table 5: Clinical error rates in cases where the �nal AI Consult response was red, yellow, or green for the
relevant category. p-values calculated by Fisher's exact test.

and 75th percentiles also improved considerably. In contrast, the 90th percentile (clinicians with the highest
left in red rate) regressed towards the end of the active deployment period, suggesting that these clinicians
may have been generally disengaged.

(a) Left in red rate: rate of visits where the �nal call
for any of the AI Consult categories is red, for AI and
non-AI groups over time.

(b) Started red rate: rate of visits where the �rst call
for any of the AI Consult categories is red, for AI and
non-AI groups over time.

Figure 6: Rates of visits left in red and started in red over time for AI and non-AI groups.

AI Consult severity corresponds to clinician-graded severity. Our analysis of visits left in red raises
the question of whether AI Consult responses (and left in red rates) correlate with clinical quality. To answer
this question, we examined the clinical error rate in cases where AI Consult was left in red, yellow, or green.
For history, diagnosis, and treatment, error rates were substantially higher in visits that were left in red vs
yellow, and for visits that were left in yellow vs green (Table 5). For example, for the diagnosis category, the
clinical error rate was 46.2% (95% CI 40.7%-51.7%) for reds, 35.3% (95% CI 32.8%-37.8%) for yellows, and
20.5% (95% CI 18.4%-22.9%) for greens.

Inter-rater reliability. We examined inter-rater agreement using the 1387 cases where two physicians
independently assigned ratings to the same case, for each of the four Likert types (history, investigations,
diagnosis, and treatment). We �rst examined the within-1 agreement: the proportion of cases in which the
two Likert ratings di�ered by no more than one point. Inter-rater agreement for the history Likert was 77.8%
(95% CI: 76.2%- 79.4%); for the investigations Likert, it was 66.0% (64.2%- 67.8%); for the diagnosis Likert,
it was 69.1% (67.3%- 70.8%); and for the treatment Likert, it was 67.1% (65.3%- 68.9%). Full confusion
matrices are in Appendix D.1 (Fig. 14).

We also computed Fleiss'� to examine how much two physician raters agreed as to whether an error was
present (i.e., whether a Likert was 1/2 vs 3/4/5) compared to the agreement expected by chance. Fleiss'�
ranges from� 1 to 1, with negative values indicating less agreement than by chance, zero indicating chance
levels of agreement, and positive values indicating more agreement than by chance. Fleiss'� indicated fair
agreement between two human raters for each category: 0.260 for history errors, 0.285 for investigation
errors, 0.232 for diagnosis errors, and 0.223 for treatment errors.
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Physician raters GPT-4.1 o3

History 31.8% (21.9%-40.5%) 46.5% (42.5%-50.2%) 46.4% (42.5%-49.9%)
Investigations 10.3% (1.0%-18.8%) 9.9% (6.8%-12.9%) 13.7% (9.5%-17.6%)
Diagnosis 16.0% (6.9%-24.2%) 19.4% (15.5%-23.2%) 16.4% (12.7%-19.9%)
Treatment 12.7% (6.8%-18.3%) 21.5% (19.4%-23.7%) 19.1% (17.1%-21.1%)

Table 6: Relative risk reductions based on clinical ratings provided by physicians,GPT-4.1, and o3.

Language model ratings agree with physician ratings and suggest a stronger AI Consult e�ect.
We were interested in whether our �ndings were robust to di�erent raters and the quality of large language
models' ratings compared to human expert ratings. To examine this, we providedGPT-4.1 and o3 with
the same instructions as our physician raters, asked them to rate clinical documentation, and examined the
resulting agreement with human raters and relative risk reduction.

We found that the agreement between model ratings and physician ratings exceeded the agreement between
two physicians: for example, the within-1 agreement for history was 87.0% forGPT-4.1 and physicians and
86.6% for o3 and physicians, compared to 77.8% for physician-physician agreement (Table 30). This was
also true for Fleiss' � on whether an error was present:GPT-4.1 and physicians had� = 0 :283 ando3 and
physicians had� = 0 :306, while the physician-physician� = 0 :260 (Table 31).

Both the GPT-4.1 and o3 analyses �nd that AI Consult signi�cantly reduces clinical errors across categories,
and generally �nd larger e�ect sizes compared to physician raters. For example, physician raters found a
treatment error RRR of 12.7% (6.8%- 18.3%). ForGPT-4.1, the corresponding RRR was 21.5% (19.4%-
23.7%) and foro3, it was 19.1% (17.1%-21.1%; Table 6 and Figs. 21 and 22).

We also ran modi�ed Poisson regression and GEE regression models for bothGPT-4.1 and o3 graders. These
show a statistically signi�cant and favorable e�ect from AI Consult. Modi�ed Poisson models generally have
similar e�ect sizes to the unadjusted analysis; the e�ect sizes for the GEE models are sometimes similar (e.g.,
GPT-4.1 diagnosis) and sometimes smaller (e.g., GPT-4.1 treatment), but retain statistical signi�cance. Full
regression tables are available in Tables 32 to 47.

4.2 Use and usability

We surveyed clinicians in both groups to ask them how the EMR a�ects the quality of care that they deliver.
We also asked clinicians in the AI group for their feedback on AI Consult. Note that response rates for this
anonymous survey were relatively low, with 23 clinicians in the non-AI group (47%) and 36 clinicians in the
AI group (63%) responding, meaning that these results should be interpreted with caution.

(a) Impact of the EMR (including AI Consult, if
present), on quality of care in both the AI and the non-
AI group.

(b) Impact of AI Consult speci�cally on quality of care.

Figure 7: Clinician survey results: impact of AI Consult on quality of care.
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Clinicians felt that AI Consult improved quality of care. Signi�cantly more respondents in the AI
group than in the non-AI group noted that the EMR (including AI Consult) improved the quality of care
they were able to deliver (p = 0 :046, Fig. 7).

In their qualitative EMR feedback, the non-AI group mostly emphasized operational improvements|speed,
tidy documentation, easier stock checks|and in one case asserted that theEMR doesn't give option in terms
of treatment. The treatment depends on me.In contrast, the AI group framed the EMR as an active clinical
partner: \It has helped me in multiple occasions to make the correct clinical judgment,"and highlighted
support for \comprehensive management . . . from nutrition [to] pharmacological" alongside provision of
\real-time evidence-based practices". Both cohorts stressed time savings, work
ow e�ciencies, and improved
documentation: \EMR is fast as compared to manual system."

Overall feedback on AI Consult was quite positive. All clinicians in the AI group said that AI Consult
improved quality of care, with 75% saying that it substantially improved care (Fig. 7). Clinician net promoter
scores for AI Consult were also favorable, with an overall net promoter score of 78 (minimum possible� 100,
maximum possible 100; for reference, the average net EHR experience score, a similar construct, was 33 in
one study across multiple EMR implementations (KLAS, 2003); Fig. 23). While satisfaction was generally
high, more clinicians noted that they were \somewhat satis�ed" with AI Consult (58%) than \very satis�ed"
(42%), indicating that room for improvement remains (Fig. 24). In qualitative feedback, clinicians described
AI Consult as \helpful, easy to use, and improves the quality of care." One clinician \noted an improvement
in our clinical notes, which has had a ripple e�ect on non users of AI" (Table 7).

Opportunities for improvement included localization, alert fatigue, and work
ow integration.
Constructive feedback covered broader clinical re�nement (\Although there are errors or AI hallucination
cases, overall performance . . . has done tremendous improvement in service delivery"), error-detection
enhancement, and localization needs (e.g.,\keep updating the software to include locally available drugs and
management options available in a resource limited medical centers"). Clinicians also cited alert fatigue
and shifting recommendations (\At some point it keeps on changing the approach of management. . . "),
documentation burden, and work
ow integration gaps (e.g., \In cases where you give a stat dose. . . it 
ags
red saying the management is incomplete").

Clinicians in the AI group had longer attending times, which they used to resolve AI Consult
triggers and improve quality. EMR data reveal that the clinician attending time is higher for visits
in the AI Consult group (median 16.43 minutes) compared to the non-AI Consult group (13.01 minutes;
p = 0 :000).

To examine how AI Consult a�ects this, we plot median clinician attending time by number of AI Consult
triggers in both the non-AI and AI groups (Fig. 8a). This includes red, yellow, and green triggers, re
ecting
case complexity as clinicians revisit and change the documentation over time. We see very similar attending
times between groups for a small number of AI Consult triggers. The AI group attending time increasingly
exceeds the non-AI group attending time with more triggers, suggesting that this increased time is being
spent by clinicians in responding to AI Consult feedback. Moreover, we also see improved clinical performance
for cases with a higher number of AI calls: the rate of treatment errors (here based onGPT-4.1 ratings, to
increase sample size and reduce noise) is similar for low numbers of AI Consult triggers and increases more
rapidly for the non-AI group compared to the AI group (Fig. 8b). We also observe that the rate of treatment
errors in the AI group is less than in the non-AI group in visits with the same attending time, suggesting
that AI Consult reduces errors even when controlling for visit duration (Fig. 25).

Clinical notes were typically longer for clinicians in the AI group. AI Consult encouraged clinicians
to provide more detail in their clinical notes. The median clinical note length was higher in the AI group
than the non-AI group over the course of the study (initially, 500 vs 400 characters in the AI vs non-AI
group), and this di�erence grew larger when the active deployment period started (during the week of March
10th, 600 vs 450 characters; at the end of the study, 600 vs 490 characters; Fig. 26).
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Theme Representative positive quotes Representative constructive quotes

Patient Safety

ˆ \It always alerts whenever there is a
quality concern. . . can see the small
things we overlook."

ˆ \Good reminder in case I miss
something."

ˆ \I have been able to identify gaps in
treatment and this improved treatment
quality."

ˆ \Acts like a consultant in the room."

ˆ \It improves quality but also can
mislead."

ˆ \It is not 100% detecting errors."

ˆ \When am prescribing injectables to my
patients the AI rates me red even after
documenting that my patient vomits
everything and can't retain any
medication."

ˆ \The Ai tool can work on not
exaggerating certain conditions that
require simple management"

Knowledge and
Professional
Development

ˆ \It's very informative and broadens my
knowledge."

ˆ \It sharpens my skills."

ˆ \Helps one know when they are on the
right track, as it also guides on what next
step to take or forgotten inputs."

ˆ \It's also a learning tool."

ˆ \If possible you update it with the
current guidelines of management for
selective groups e.g. Pregnant mothers."

Guideline-Based
Management and
Stewardship

ˆ \Has made me be thoughtful on
prescriptions of medication that we
unnecessarily administer for certain
conditions."

ˆ \It keeps one in line with the current
guidelines."

ˆ \Aligning it more to our protocol and
guidelines managements published in
Kenya would be amazing."

ˆ \Needs to be updated with Kenyan
guidelines on disease management. . . I
encountered [issues] on meningitis, heart
attack, hypertensive emergency."

Work
ow and
E�ciency

ˆ \Helps... make better decisions and
reduce errors."

ˆ \It takes much time because it requires
adequate documentation in history and
examination bucket."

ˆ \Would be nice if the speed is enhanced
and red alerts come before the other
alerts."

Overall
Enthusiasm

ˆ \It's one of the best innovation to
happen at Penda."

ˆ \It should be provided to all health care
providers."

ˆ \AI is a good idea whose time has come."

ˆ \AI is a good tool in clinicals because it
provides thoughtful information. . . but
key factor is to make diagnosis more
broader and reducing prompts otherwise
it is generally a good tool."

Table 7: Representative clinician user quotes on AI Consult, grouped by theme.
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(a) Median clinician attending time by number of AI
Consult triggers in the non-AI and AI groups. 95% CIs
calculated with 1000 bootstrap samples. Includes only
visits with 12 or fewer AI Consult calls.

(b) Rate of treatment errors from GPT-4.1 by number of
AI Consult triggers in the AI vs non-AI groups. 95% CIs
calculated with 1000 bootstrap samples. Includes only
visits with 12 or fewer AI Consult calls.

Figure 8: Median clinician attending time and rate of treatment errors by number of AI Consult triggers
in the non-AI and AI groups. Results suggest that in visits where there were more AI Consult triggers,
clinicians in the AI group spent time responding to AI alerts and made fewer treatment errors as a result.

Rate in non-AI group Rate in AI group p

Rate of patients not feeling better 4.3% (3.7%-4.9%) 3.8% (3.3%-4.4%) 0.234

Saw a pharmacist 3.5% (3.0%-4.1%) 3.4% (2.9%-3.9%) 0.687

Self-referred to another clinic or hospital 2.9% (2.4%-3.4%) 3.0% (2.5%-3.5%) 0.803

Unplanned visit at penda 6.2% (5.8%-6.7%) 6.0% (5.6%-6.5%) 0.532

Feeling worse on one-day follow-up 2.2% (0.8%-6.3%) 3.3% (1.5%-7.1%) 0.737

Table 8: Rates of patient outcomes in the AI vs non-AI group.

Clinicians generally gave positive feedback on AI Consult responses. When clinicians received
an AI Consult response, they could give feedback by clicking thumbs up or thumbs down buttons. Among
155450 AI Consult responses in the AI group, raters gave feedback on 19493 (12.5%). Of these, they gave
thumbs up feedback on 18424 (94.5%), and thumbs down feedback on the remaining 1069 (5.5%). Much of
the thumbs down feedback happened within the �rst two weeks of the induction period, while the prompts
were still being iterated on (thumbs down rate of about 13%); after that period, the thumbs down rate was
between 4% and 7% in any given week (Fig. 27).

4.3 Patient outcomes

4.3.1 Patient-reported outcomes and unplanned follow-up visits

There were no statistical di�erences in patient-reported outcomes. The share of patients who
still felt unwell seven days after the visit fell slightly from 4.3% (95% CI 3.7% {4.9%) in the non-AI arm to
3.8% (95% CI 3.3% {4.4%) in the AI arm (Fisher's exact test p = 0 :234; Table 8), re
ecting no statistical
di�erence. The present study was not powered to detect an e�ect of this magnitude. Moreover, this analysis
should be treated as exploratory rather than con�rmatory given the high rate of missingness (Jakobsen et al.,
2017).

The rates of patients who sought unplanned, unreferred follow-up care was also quite similar between groups
(Table 8). The sample size of patients who responded to one-day follow-up calls at Penda was quite low
(about 500) with low outcome rates, making it challenging to draw conclusions.
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Patients were less likely to seek care outside Penda if inappropriate medications were given.
We conducted a post-hoc analysis to investigate how often patients sought care outside Penda depending on
whether inappropriate medications were given, as rated by a physician. This rate was lower if inappropriate
medications were given (7.9%, 95% CI 6.7%-9.4%) than if only appropriate medications were given (12.3%,
95% CI 10.4%-14.4%;p = 0 :000), suggesting that these patient-reported outcomes are tied to patient per-
ception of the care they received and whether they feel their needs for medication were met, regardless of
whether the needs were well-justi�ed.

4.3.2 Patient safety reports

Across the 10-week study, 12 patient safety reports (PSRs) were documented: �ve in the non-AI group and
seven in the AI group. Each event was independently reviewed for (i) whether a clinical quality lapse was
present, (ii) severity of the event, and (iii) whether AI Consult contributed to harm (if present) or could
have mitigated harm.

AI Consult advice could have prevented errors in some cases if available or heeded. In the
non-AI group, three events had AI Consult reds not visible to the clinician that, if visible and followed, might
have prevented the lapse (missed anemia work-up, unsafe neonatal prescription, and unrecognized high-risk
chest pain). This included one mortality event, in a young adult with chest pain and tachycardia, where
AI Consult (which was silent to the clinician) 
agged multiple red alerts regarding closer cardiopulmonary
evaluation.

In the AI group, there were similarly three cases where AI Consult issued red or yellow-alert guidance
that, if seen by clinicians or heeded, would likely have averted or reduced harm. This also included one
mortality event, during the induction period. This event was in an infant with vomiting, fever, and low
oxygen saturation. AI Consult produced multiple red alerts recommending respiratory reassessment and
oxygen administration. It is unclear whether these alerts were acknowledged or seen by the clinician, as this
event occurred early in the induction period before acknowledgment was tracked and when AI Consult red
alerts were not reliably visible.

While AI Consult failed to prevent harm in some cases, it did not actively cause harm in any
cases. Three AI group patient safety reports revealed limitations of AI Consult in which it did not prevent
harm. In these three cases-pediatric peptic-ulcer misdiagnosis, use of a contraindicated medication in the
�rst trimester of pregnancy, and a missed positive H. pylori test-the AI system failed to suggest a safer
alternative. These were all cases where AI Consult did not change the course of the clinical encounter. In
no patient safety report did AI Consult make suggestions that created new risk for patients.

AI Consult advice could not have prevented errors in other cases. Two non-AI group events and
one AI group event centered around limited history or documentation. In these visits, AI Consult could not
have changed the outcome because the necessary clinical detail was never entered or the patient left before
care could be completed.

5 Discussion

Our �ndings demonstrate that a large language model{based clinical decision support tool can meaningfully
reduce diagnostic and treatment errors when deployed in live outpatient care. This improvement occurred
not in simulation or review of EMR data, but in the context of routine, real-world practice across nearly
40,000 patient visits in 15 clinics|supporting our view that AI systems, when carefully implemented in
clinician work
ows, can enhance care quality.

The scale and scope of AI Consult are also notable. Unlike prior decision support systems which target
narrow conditions, specialties, or work
ows|such as drug interactions or chronic disease screening|AI
Consult operated continuously, across all patient visits and key decision points.
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One of the most important implications of this work is the potential for AI tools to further improve the
quality of care delivered by primary care clinicians. By functioning as an asynchronous safety net and
surfacing real-time feedback at decision points, AI Consult provides lightweight supervision that improved
care without undermining clinician autonomy. In this sense, the system serves not only as a quality assurance
mechanism but as an empowering tool for clinicians.

Beyond reducing errors in real-time, AI Consult appeared to foster substantial skill gains. During the
study period, the proportion of visits that \started red"|a proxy for clinicians missing a critical issue on
�rst pass|for treatments speci�cally fell by about 10{15 absolute percentage points in the AI group while
remaining 
at in the non-AI group. Because these initial alerts precede AI feedback on treatments, the decline
signals that clinicians internalized the system's feedback and preemptively avoided common failure modes.
The magnitude of the e�ect is notable; for every 7-10 patients AI group clinicians saw, they avoided one
important initial treatment error. Such learning e�ects were evident not only for treatment decisions but also
for history-taking, suggesting AI Consult facilitates broader learning rather than narrow protocol adherence.
These �ndings, together with survey responses citing the tool as \very informative," \a learning tool," and
helpful in \sharpening my skills," support the view that well-designed copilots can function as continuous,
case-based education|uplifting individual competence while simultaneously safeguarding patients.

Clinically-aligned implementation was a key factor in the e�ectiveness of AI Consult. Penda's previous
iteration of AI Consult (Section 2.3) achieved limited uptake because it required clinicians to interrupt the

ow of a patient visit to request AI feedback. The iteration we studied here provided a tiered, low-friction
interface, enabling broad coverage with minimal disruption and alert fatigue. These changes re
ect learnings
from the implementation science literature, which has found that avoiding alert fatigue and surfacing CDS
recommendations automatically instead of on demand improved clinician adherence (Kawamoto et al., 2005;
Van de Velde et al., 2018; Seidling et al., 2011). Clinician feedback a�rmed the utility of the tool{all AI
group survey respondents reported that AI Consult improved the quality of care they could deliver{and
indicated overall enthusiasm (\It should be provided to all health care providers").

Active deployment was another key factor for the success of AI Consult. The tool had a signi�cantly greater
e�ect during the main study period (when active deployment strategies were employed) compared to the
induction period (Table 4), with a clear divergence between AI and non-AI groups for left in red rate and
started red rate over the seven weeks of the main period (Fig. 6). Based on these strong improvements over
a short period, we would expect further gains from longer active deployment e�orts. We expect the change
management pillars introduced in Section 3.4{connection, measurement, and incentives{to be similarly im-
portant for future AI CDS tools.

Patient safety reports show that AI Consult has clear potential to reduce patient harm. In half of the
reviewed reports, harm might have been prevented if AI Consult had been used and its guidance followed.
Both deaths reviewed were judged to be potentially preventable with correct AI Consult use. The reports
highlight the importance of adherence: AI group users ignored critical alerts in some cases, highlighting the
need for improved clinician trust and responsiveness to AI recommendations as part of active deployment
e�orts. While there were no cases where AI Consult recommendations actively caused harm, in some reports,
AI Consult failed to prevent minor or moderate harm, suggesting room for improvement. In other cases,
AI Consult was unable to help due to inadequate clinician documentation, emphasizing the importance of
clinician buy-in and training.

Localization to Penda's clinical context was important to clinicians. A considerable amount of variation in
medical care can be explained by di�erent norms between facilities and geographies, and systems that are
acceptable to end users need to be responsive to this variation. With today's capable and steerable models,
localization may not require �ne-tuning or specialized models{our experience was that prompting the model
to share the Kenyan epidemiological context, provide details about Penda's setting and care protocols, and
outline local clinical practice guidelines were all helpful steps towards localization.

5.1 Limitations

AI Consult represents an early, promising archetype of an AI-powered clinical copilot. While the results
are encouraging, we emphasize that this is a �rst step. Continued iteration will be essential|to reduce
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documentation burden, improve contextual relevance, and align more closely with local practice norms. Fu-
ture implementations may include voice-�rst interfaces, real-time charting assistants, or agents that execute
clinician-con�rmed actions in electronic medical records.

Although AI Consult was associated with reduced diagnostic and treatment errors, we did not observe
statistically signi�cant di�erences in patient-reported outcomes during the study period. This may re
ect
limitations in measurement sensitivity, response rates (response rates were 40%), short follow-up period,
or the relatively short duration of the study. Further work|particularly large studies powered for patient
outcomes|will be needed to assess the downstream impact of AI-assisted care.

Physician panel inter-rater reliability was fair but not excellent, despite shared golden examples, multi-
step onboarding and quality-�ltering, task-speci�c training, and ongoing \o�ce hours". Interestingly, when
provided the same form as the physician panel to review visits (Appendix I), o3 and GPT-4.1 both displayed
greater rater agreement with physicians than other physicians. Both models also found larger e�ect sizes
for AI Consult than physicians did (Table 6). While greater e�ect sizes may be the result of Goodhart's
Law (clinician documentation is assessed by an LLM in AI Consult as well), the greater model-physician
agreement compared to physician-physician agreement suggests that LLM ratings, if validated via physician
agreement on a subset of cases, may be a way to scale up both routine quality improvement and studies like
this one.

Clinician survey response rates were somewhat low{63% of clinicians in the AI group and 47% in the non-AI
group responded. While clinicians were broadly positive about the utility and usability of AI Consult in their
responses, they also reported areas of improvement, particularly around response time and localization. We
observed that clinicians with many AI Consult triggers had longer visit times but also a greater reduction in
treatment errors (Fig. 8), suggesting a quality-time tradeo� in the design and deployment of AI-based CDS
tools that needs additional study.

Broader generalizability also requires further research. Penda Health is a particularly strong setting for
digital health implementation, given Penda's dedicated technical infrastructure investments and its focus on
highly a�ordable care. Penda's implementation of AI Consult was tailored to its local context, and clinician
uptake required active deployment work from Penda's team. Validating and deploying implementations of
AI CDS tools in other clinical environments, care settings, and health systems remains an important area
for future work.

6 Related work

O�ine evaluation of LLMs for health. Advances in LLMs have spurred many works evaluating them
for health applications. Prior works have evaluated health performance broadly (Arora et al., 2025; Bedi
et al., 2025) or for speci�c tasks, including di�erential diagnosis (McDu� et al., 2025; Nori et al., 2025;
Goh et al., 2025), clinical summarization (Van Veen et al., 2024; Zaretsky et al., 2024), radiology report
generation (Tanno et al., 2025; Tu et al., 2024), and Q&A (Ayers et al., 2023; Nori et al., 2023; Pfohl et al.,
2024). Some works have focused on specialized models (Moor et al., 2023; Li et al., 2023; Singhal et al., 2023,
2025; McDu� et al., 2025; Tu et al., 2025, 2024; Saab et al., 2024; Yang et al., 2024) and others on general
models (Ayers et al., 2023; Nori et al., 2025, 2023; Saab et al., 2025; Arora et al., 2025; Johnson et al., 2023).
Evaluation in many works relies heavily on narrow automated benchmarks that measure clinical knowledge
(Nori et al., 2023; Singhal et al., 2023). Some works have evaluated models across many benchmarks, o�ering
more robust characterizations of model performance across tasks (Bedi et al., 2025; Saab et al., 2024; Tu
et al., 2024). Other works have employed human evaluation with physicians or patients, sometimes employing
realistic clinical vignettes or electronic medical record data (Goh et al., 2025; Ong et al., 2024; Dash et al.,
2023; Ayers et al., 2023; Singhal et al., 2025; Pfohl et al., 2024). Some recent works have combined human
and automated evaluation towards clinician-aligned evaluation at scale (Arora et al., 2025; Fleming et al.,
2024). All of these works involve \o�ine" evaluation of LLMs, which do not enable the study of the unique
challenges of bringing model advances into clinical practice, including real-world patient diversity, designing
for and learning from clinician work
ows, and deployment towards successful clinician uptake. Unlike prior
evaluations of LLMs, the present study examines outcomes of using an LLM-based tool live during patient
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care at scale, addressing the unique challenges of real-world implementation.

Clinical decision support. AI Consult is an example of a clinical decision support system. Such systems
have been used in various forms since the 1970s (Sutton et al., 2020; Middleton et al., 2016; Shortli�e,
1977; Bright et al., 2012; Musen et al., 2021). These systems support clinicians with knowledge and tools
at the point of care. CDS systems have traditionally drawn on explicit knowledge bases (Papadopoulos
et al., 2022; Jing et al., 2023), typically represented as rules / decision trees (Silva et al., 2023; Rommers
et al., 2013; Gholamzadeh et al., 2023) or cases (Altho� et al., 1998; Frize and Walker, 2000; Kumar et al.,
2009), rather than the distributed representations of LLMs. They have often been restricted in scope to
particular conditions (Levra et al., 2025; Rajashekar et al., 2024; Oniani et al., 2024; Kaiser et al., 2024),
specialties (Ong et al., 2024; Lammert et al., 2024; Miller et al., 2024; Benary et al., 2023), or work
ows
(Slight et al., 2013; Kublanov and Dolganov, 2019; Cheng et al., 2013; Rommers et al., 2013). There are
several works that evaluate LLMs \o�ine" for decision support tasks (Ong et al., 2024; Gaber et al., 2025;
Lammert et al., 2024; Bhimani et al., 2025; Levra et al., 2025; Rajashekar et al., 2024; Oniani et al., 2024;
Miller et al., 2024; Kaiser et al., 2024; Benary et al., 2023); these studies measure model performance on
tasks that could support clinicians, using electronic medical record datasets, clinical vignettes, or �ctional
patients. Similar to other studies evaluating LLMs for health, these do not capture the unique challenges
of real-world implementation and deployment. To the best of our knowledge, this is the �rst study of an
LLM-based CDS used in live patient care. Additionally, unlike other CDS systems that provide assistance for
targeted work
ows or specialties, AI Consult serves to broadly assist primary care clinicians with all major
aspects of their patient care work
ow, including history-taking, investigations, diagnosis, and treatment.

Implementation science. Implementation science examines methods to promote uptake of evidence-
based �ndings into routine care practice and policy (Eccles and Mittman, 2006; Bauer and Kirchner, 2020;
Grimshaw et al., 2012; Olswang and Prelock, 2015). This literature often produces structured frameworks
(Damschroder et al., 2009; Greenhalgh et al., 2017) which identify key factors in
uencing adoption and
sustainability of health interventions. Several works have studied factors speci�c to clinical decision support
(Kawamoto et al., 2005; Van de Velde et al., 2018; Castillo and Kelemen, 2013; Murphy, 2014; Kilsdonk et al.,
2017; Sittig et al., 2006; Seidling et al., 2011). A recurring theme is that technology alone is insu�cient to
change clinician behavior; e�ective uptake requires attention to usability, work
ow �t, leadership buy-in,
iterative training, contextual adaptation, and other factors (Ross et al., 2016; Smith et al., 2021; Greenhalgh
et al., 2017; Ojo et al., 2021). These insights are particularly critical in low-resource contexts, where health
systems face workforce shortages, limited infrastructure, and competing priorities (Ojo et al., 2021; Yapa and
B•arnighausen, 2018). In works studying implementation of clinical decision support, avoiding alert fatigue
and surfacing computerized CDS recommendations automatically at relevant points (instead of on demand)
have been shown to improve clinician adherence (Kawamoto et al., 2005; Van de Velde et al., 2018; Seidling
et al., 2011). Our implementation design and deployment approach|embedding AI into clinical work
ows,
iterative user-centered development, automatically surfacing targeted AI responses via a tra�c light system,
and pairing the tool with change management strategies|takes inspiration from these prior e�orts to study
the translation of research into clinical impact.

7 Conclusion

We have presented a real-world evaluation of a large language model-based clinical decision support tool
deployed in live patient care, with a meaningful reduction in diagnostic and treatment errors. Our �ndings
underscore three critical components: (1) capable models, which are now widely available; (2) clinically-
aligned implementation, which supports the user rather than distracting them; and (3) active deployment,
including building clinician connection, measurement, and incentives. Clinical impact does not emerge solely
from model performance, but from a con
uence of technical, human, and organizational factors.

With advancements in model capabilities, closing the model-implementation gap has become the most im-
portant challenge for the health AI ecosystem. This study provides a template for how AI systems can be
safely and e�ectively embedded into clinical work
ows. Further progress requires coordinated e�orts across
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the ecosystem, including policymakers developing regulatory frameworks, engineers designing better imple-
mentations, and healthcare systems driving thoughtful deployments. Ultimately, we hope that systems like
AI Consult will become the standard of care, supporting clinicians in delivering safer, more consistent, and
more accessible care worldwide.

Code

We have released code used for analysis and plotting to foster transparency of the results in this study. Raw
study data cannot be released due to privacy and data protection requirements. Code can be found at:
https://github.com/openai/penda_code .
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A Images of AI Consult in use

Figure 9: Image of AI Consult yellow noti�cation.

Figure 10: Image of AI Consult yellow popup, after clicking on the noti�cation bell.
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Figure 11: Image of AI Consult red popup.

Figure 12: Image of AI Consult green noti�cation.
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