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Although large language models have shown promise in diagnostic dialogue’, their

capabilities for effective management reasoning, including disease progression,
therapeutic response and safe medication prescription, have remained underexplored.
We have advanced the previously demonstrated diagnostic capabilities of the
Articulate Medical Intelligence Explorer (AMIE)'® using a new large-language-
model-based agentic system optimized for multivisit clinical management and
dialogue. To ground the reasoning of AMIE in authoritative clinical knowledge, we
leveraged the long-context capabilities of Gemini*, combining in-context retrieval
with structured reasoning to align its output with up-to-date clinical practice
guidelines and drug formularies. Inarandomized, blinded virtual Objective
Structured Clinical Examination study, AMIE was compared to 21 primary care
physicians (PCPs) across 100 multivisit case scenarios designed to reflect the
guidance of the UK National Institute for Health and Care Excellence and BMJ Best
Practice guidelines. AMIE was non-inferior to PCPs in management reasoning,

as assessed by specialists, and scored better both with respect to preciseness of
treatment and investigation, and in terms of its alignment with and grounding in
clinical guidelines. To benchmark medication reasoning, we developed RxQA,
amultiple-choice question benchmark that was derived from two national drug
formularies (from the USA and UK) and validated by board-certified pharmacists.
Although AMIE and PCPs both benefited from the ability to access external drug
information, AMIE outperformed PCPs on higher-difficulty questions. Although
further research will be needed before real-world translation of AMIE, its strong
performance across evaluations marks a significant step towards use of conversational
artificial intelligence as atool in disease management.

There have been rapid advances with respect to the potential clinical
applications of large language models (LLMs), with studies demon-
strating not only that these models can render accurate differential
diagnoses when given curated patientinformation, but that LLM-based
artificialintelligence (Al) systems can actively collect medical history
through conversations in a natural empathetic style that builds trust
and rapport**®, This process, which can be described as clinical
history-taking and diagnostic reasoning, is necessary but not suffi-
cient for providing clinical care. In addition to taking a history, physi-
cians must select appropriate investigations for a patient, create an
acceptable care plan that takes patient preferences and system con-
straintsintoaccount, and consider the progression of the disease and
itstreatment over time, including making decisions such as ‘watchful
waiting’ or interval follow-up. This cognitive process, known as man-
agement reasoning, requires complex synthesis of relevant clinical

guidelines, new and evolving evidence in medical literature, and local
patient-specific context’.

Although the study of diagnostic reasoning has along history, and
there are many validated measures for both human and Al evalua-
tion®, there has been comparatively little investigation of evaluation
of management reasoning (Supplementary Information section 1).
Thisislargely because managementreasoninginvolves considerable
amounts of context specificity; thatis, two physicians given the same
patient and information might make different decisions because of
differing contextual factors’. Most research on management reasoning
has focused on medical education; the current gold standard in assess-
ment is the Objective Structured Clinical Evaluation (OSCE), inwhich
astudent interviews a patient actor and makes management deci-
sions and is evaluated by means of a standardized rubric. There have
been few rigorous investigations of the abilities of LLMs to perform
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Fig.1|Overview of contributions. The capabilities of AMIE were advanced
towards management of disease over the course of multiple visitsand in
concordance with authoritative knowledge in the form of clinical guidelines.
AMIE leverages an agentic system incorporating a dialogue agent for
conversational interaction and amanagementreasoning (Mx) agent for
evidence-based reasoning and generation of management plans. A simulated

management reasoning, and the studies that have been performed

have relied on static non-conversational settings'™.

In this paper, we detail our progress towards optimizing the capa-
bilities of the Articulate Medical Intelligence Explorer (AMIE), an
LLM-based research Al system with physician-like performance on
conversational diagnostic tasks, for management reasoning over time.
Inthis work we developed an LLM-based agentic system optimized for
clinical management and dialogue, incorporating reasoning over the
longitudinal evolution of disease and multiple patient visit encoun-
ters, response to therapy and professional competence in medication
prescription. Using a randomized, blinded virtual OSCE study as an
analogue, we compared AMIE with primary care physicians (PCPs)
and evaluated their behaviour on multiple domains of management
reasoning.

Our contributions are summarized in Figs. 1-3.

« Weadvance the previously demonstrated diagnostic capabilities
of AMIE through a new LLM-based agentic system (Extended Data
Fig. 1) optimized for clinical management and dialogue, incor-
porating reasoning over the longitudinal evolution of disease
and multiple patient visit encounters, response to therapy and
professional competence in medication prescription. To ground
the reasoning of the system in authoritative clinical knowledge,
we leveraged the long-context capabilities of Gemini, combining
in-context retrieval with structured reasoning to align its output

AMIE outperforms PCPs on multiple
evaluation axes for disease management

dialogue environment enabled refinement of the capabilities of AMIE across
diverse medical contexts. During online inference, AMIE uses the long-context
capabilities of Gemini to reason over multiple clinical guidelines and generatea
comprehensive management plan. The performance of AMIE was evaluated
using amultivisitremote OSCE study, in which it was compared with 21PCPs on
the basis of N=100 scenarios (3 visits per scenario).

withrelevant and up-to-date clinical practice guidelines and drug
formularies (Fig. 2).

* We conducted arandomized, blinded virtual OSCE study (Fig. 3),
comparing AMIE with 21 PCPs across 100 multivisit case scenar-
ios and five medical specialties, which were developed to involve
decision-making as discussed in UK National Institute for Health
and Care Excellence (NICE) guidance and BMJ Best Practice guide-
lines. On the basis of the OSCE interactions, specialist physicians
and patient actors assessed AMIE and PCPs with respect to mul-
tiple domains of management reasoning. To benchmark medi-
cation reasoning, we used RxQA, a challenging multiple-choice
question benchmark derived from two national drug formular-
ies (from the USA and UK), which was validated by a panel of
board-certified pharmacists (https://github.com/google-health/
rxqa).

« We demonstrate that the management reasoning capabilities of
AMIE were overall non-inferior to those of PCPs in the OSCE study,
and AMIE scored better in terms of preciseness of treatment and
investigation and alignment with and grounding of management
plans in clinical guidelines. For medication reasoning (RxQA),
whereas AMIE and PCPs both benefited significantly from the
ability to access external drug information, AMIE outperformed
PCPs on the subset of question rated as higher difficulty by
pharmacists.
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Fig.2|Reasoning and planning under structural constraints. Inference-
time decoding constraints are applied to constrain the model outputtoa
predefined JSON structure and sets of values. The structures are defined in
Python code, generated on the basis of the set of retrieved guidelines and
automatically converted into decoding constraints. The corresponding
JSONschemaisappendedto the prompt. a, Target structure represented as

Management plan quality

Specialists (Supplementary Information section 11) evaluated man-
agement quality using triplicate ratings (see the interrater reliability
in Supplementary Information section 10) across the 100 multivisit
scenarios (Supplementary Information section13) using the interface
shown in Extended Data Fig. 6. The evaluation axes shown in Fig. 4
pertainto three categories, with five evaluation axes per category: the
overall quality of the management plan, the quality of investigation
recommendations and the quality of treatment recommendations. For
each of thethree categories, two evaluation axes specifically related to
the use of clinical guidelines were included (Fig. 4, right).

AMIE plans non-inferior to PCPs. Across all 15 evaluation axes and
3 visits, the management plans produced by AMIE scored at least as
well as those from PCPs. AMIE scored significantly higher than PCPs
on appropriateness of the overall plan (95% versus 72%, P < 0.001, for
visit1;96% versus 80%, P= 0.002, for visit 2; 98% versus 81%, P< 0.001,
for visit 3) and recommended treatments (87% versus 66% for visit
1;90% versus 62% for visit 2; 94% versus 71% for visit 3; all P< 0.001)
across all three visits. The investigation recommendations by AMIE
were also scored as appropriate significantly more frequently across
the two follow-up visits (94% versus 75%, P < 0.001, for visit 2; 92% versus
79%, P=0.009, for visit 3). For at least one of three visits, AMIE scored
significantly higher than PCPs with respect to being free of significant
errors (98% versus 89%, P=0.019, for visit 3), providing appropriate
follow-up recommendations (100% versus 97%, P < 0.001, for visit 2)
and avoiding inappropriate treatments (99% versus 91%, P= 0.035,

1294 | Nature | Vol 655 | 30 July 2026

1
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Pythoncode.b, Illustration of areasoning trace generated using this structure,
represented asatree. ¢, generated case analysis as part of the reasoning chain.
d, generated high-level management goalsincluded in the reasoning chain.

e, Asectionof the generated plan. Each planitemisannotated with generated
references to the source documents through in-context reasoning over the set
ofretrieved guidelines.

for visit 2). PCPs scored marginally higher than AMIE on some axes,
including avoiding inappropriate investigations during follow-up visits
(88% versus 90%, P = 0.841, for visit 3), but the differences were not
statistically significant.

AMIE had more precise recommendations. A key strength of AMIE
wasits level of preciseness in recommending investigations and treat-
ments at the end of each visit. For investigations, AMIE consistently
received higher preciseness scores than PCPs for all three visits, with
the gap widening during follow-up visits (98% versus 87%, P = 0.008, for
visit1;99% versus. 82%, P < 0.001, for visit 2; 98% versus 82%, P< 0.001,
for visit 3). The difference was more pronounced for preciseness of
treatment recommendations. with large gaps across all three visits
(96% versus 62% for visit 1; 95% versus 65% for visit 2; 95% versus 67%
for visit 3; all P< 0.001).

AMIE had superior guideline alignment. With respect to use of clinical
guidelines, AMIE and PCPs achieved similar high scores for selection
of applicable guidelines, with PCPs scoring marginally though not sig-
nificantly higher during follow-up visits (91% versus 87%, P = 0.541, for
visit1; 92% versus 94%, P = 0.841, for visit 2; 91% versus 92%, P=1.000
forvisit3). For all three visits, AMIE received significantly higher scores
for recommending treatments that were aligned with the guidelines
(91% versus 87%, P=0.014, for visit 1;93% versus 75%, P< 0.001, for visit
2;97% versus 79%, P< 0.001, for visit 3) and supported by explicit refer-
encestoaguideline (100% versus 92%, P= 0.015, for visit 1;100% versus
91%, P=0.0009, for visit 2;100% versus 86%, P < 0.00L, for visit 3). Similar
thoughless consistent and less pronounced trends were observed for
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Fig.3|Overview of randomized study design. APCP and AMIE performed (in
randomized order) 3 virtual remote OSCE visits with 100 simulated patients
through online multiturn synchronous text chat, building on aninitial patient
presentation with subsequent updates onsymptoms, treatmentresponses and
testresults. Both the PCP and AMIE had access to a corpus of clinical guidelines.

recommending investigations that were aligned with the guidelines
(91% versus 77%, P=0.007, for visit 1; 94% versus 76%, P < 0.001, for
visit2;93% versus 82%, P= 0.014, for visit 3) and supported by explicit
references to a guideline (99% versus 88%, P=0.008, for visit 2).

Ablations of model and agents. As described in Supplementary
Information section 14, we ablated the effects of the posttrained model
(Supplementary Information sections 5-8), the dialogue agent (Supple-
mentary Information section 9) and the management reasoning agent
(Mx agent) (Fig.2and Supplementary Information section4). Further
ablations of the Mx agent are provided in Extended Data Fig. 2, with
details in Supplementary Information section 3. Example reasoning
traces are shown in Extended Data Figs. 3-5, and an example manage-
ment planis presented in Supplementary Information section 2.

Management Reasoning Empirical Key Features

The relative performance of PCPs and AMIE on each of the ten Man-
agement Reasoning Empirical Key Features (MXEKF) evaluation
axes (Extended Data Table 1) was measured in terms of preferences
expressed by specialist physicians and patient actors, respectively.
Figure 5 provides a visualization of preference rates for a total of 51
unique combinations of MXEKF axis, scenario visit and rater per-
spective (3 visits x 10 MXEKF axes for specialist physicians + 3 visits x
7 MXEKF axes for patient actors).

AMIE preferred by patient actors and specialists. In roughly half
of cases, no clear preference could be determined between AMIE and
PCPs, resulting in a median tie rate of 49% (95% Cl: 37%-62%; n = 51).
However, when a preference was expressed, AMIE, with a median win
rate of 47% (95% Cl: 33%-58%; n = 51), was preferred significantly more

- Investigations and treatment
- Clinical guidelines

Evaluation

- DDx accuracy and quality
- Guideline entailment

- MXEKF

- PACES

PCP/AMIE
post-questionnaire

Specialist
physician

Evaluates PCP and
AMIE in randomized
blinded sequence

After each visit, the PCP and AMIE completed a post-questionnaire, and both
were evaluated by patientactors and specialist physicians across arange of
axes, including diagnostic accuracy, guideline entailment, management
reasoning and clinical communication skills.

oftenthan PCPs, who had amedianwin rate of only 7% (95% CI: 2%-13%;
n=>51).Thistrend was consistent across specialist physician and patient
actor perspectives. Extended Data Figs. 7 and 8 show the full distribu-
tions of patient actor and specialist physician ratings, respectively.

MXEKF scores evolved across visits. For certain MXEKF axes,
especially those pertaining to the temporal aspects of management
reasoning, preference rates exhibited distinctive patterns across the
three visits per scenario. For example, preferences for ‘Monitoring
and adjustment of management plan’ and ‘Organization of the clini-
cal encounter’ became more pronounced over the course of several
visits, with tie rates shrinking and preference rates increasing for both
PCPs and AMIE, as measured from the patient actor perspective. For
‘Relationship fostering’, preference rates for AMIE increased across
visits, whereas PCP scores remained consistent, as measured from a
specialist physician perspective.

Medicationreasoningaccuracy

We present medication reasoning accuracy on the RxQA bench-
mark (Supplementary Information sections 15 and 16) separately for
lower-difficulty (n = 282) and higher-difficulty (n = 318) questions in
Extended Data Fig. 9. We compare a ‘closed-book’ setting, in which nei-
ther PCPs nor AMIE had access to external knowledge resources, withan
‘open-book’ setting, in which PCPs were given the relevant medication
labels for each question, and AMIE was permitted to retrieve relevant
information from the OpenFDA and British National Formulary (BNF)
drug formularies. Supplementary Table 33 provides detailed results for
allcomparisons. Inaddition, Supplementary Table 34 provides results
onthis benchmark compared with other LLMsincluding DeepSeek-V3,
o-3and GPT-5.
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Fig.4|Management plan quality. The quality of management plans for
eachofthree visits per scenario was measured as the proportion of cases
inwhich AMIE or PCPs received favourable median ratings froma panel of
threeindependent specialist physicians. We present overall quality criteria
alongside criteriaspecific toinvestigations and treatments, respectively.
Foreach category, weinclude two quality criteriaaddressing the use of clinical
guidelines (right). Of 15 evaluation axes tested, 9 were based onyes/no ratings
scales. The remaining ones were binarized using the top two options on the

RxQA is hard for both PCPs and AMIE. We observed that RxQAwas a
challenging test for both AMIE and PCPs, leaving ample room for future
improvements. Although test accuracy differed significantly between
closed-book and open-book settings as well as between difficulty lev-
els, peak performance was below 75% for both PCPs (67.4%) and AMIE
(73.8%) evenin the lower-difficulty open-book setting.

AMIE wins on the more difficult subset. For the subset of questions
rated by pharmacists as higher difficulty, AMIE was significantly
more accurate than PCPs in both the closed-book setting (50.6% ver-
sus 41.5%, P=0.013) and the open-book setting (57.9% versus 47.8%,
P <0.001). No significant difference was detected for questions of
lower pharmacist-rated difficulty, for either the closed-book setting
(52.8% versus 46.5%, P=0.147) or the open-book setting (73.8% versus
67.4%,P=0.071).

External knowledge helps PCPs and AMIE. Both PCPs and AMIE
benefited significantly from the ability to access external knowledge
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respective scales: ‘overall appropriate’ (five-pointscale), ‘selected applicable
guidelines’ (five-point scale), ‘aligned with guidelines’ (five-point scale) and
‘references guidelines’ (four-point scale). For each evaluation axis, cases with
‘NA’ratings on either study arm were excluded for each visit. The sample size
wasn =100 scenarios for all evaluation axes and visits, except ‘sufficiently
precise’ (investigations:n=100,n =98, n =99 for 3 visits; treatments: n =98,
n=99,n=100 for 3 visits). Pvalues from two-sided McNemar’s tests are shown
for allcomparisons with P<0.05 after false discovery rate correction.

resources. For lower-difficulty questions, both PCPs (46.6% versus
67.4%,P<0.001) and AMIE (52.8% versus 73.8%, P < 0.001) significantly
increased their accuracy (by more than 20%) when transitioning from
the closed-book to the open-book setting. We observed the same
effect with higher-difficulty questions, for which differences were less
pronounced yet statistically significant for both PCPs (41.5% versus.
47.8%, P=0.045) and AMIE (50.6% versus 57.9%, P= 0.010).

Discussion

In this study, we showed that AMIE performed consistently well across
avariety of management reasoning challenges, conducting clinical
conversations that spanned multiple visits per patient and produc-
ing management plans that were non-inferior to those produced by
board-certified PCPs.

The non-inferior performance of AMIE compared with PCPs was
maintained throughout longitudinal clinical encounters. For the initial
consultation, in particular, AMIE outperformed PCPs with respect to
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Fig. 5| MXEKF performance. Relative performance of PCPs and AMIE on
each of the ten MXEKF evaluation axesin terms of preferences expressed by
specialist physicians and patient actors, respectively. Preferences were
derived fromindependent ratings (onafive-pointscale ranging from ‘Poor’
to ‘Excellent’) for each of three visits per scenario. Specialist physician
preferences werebased on medianscores across threeindependentraters.

the overall appropriateness of the plan and provision of appropriate
follow-up recommendations, although the performance gap with PCPs
closed over the subsequent encounters. There were no domains in
which PCPs outperformed AMIE. The use of AMIE in longitudinal care
settings, including successful interpretation of further diagnostic
information such as laboratory results and information from other
medical consultants, was animportant test of a potential real-world use
case for conversational Al. Health systems worldwide are experienc-
ingincreased care fragmentation, which is associated with worsened
morbidity for patients with chronicillnesses. In the real world, it is often
more likely that a patient has seen different clinicians over sequential
visits". Al systems have not previously been specifically evaluated for
this crucialunmet need. Our resultsindicate that AMIE and other con-
versational management agents could eventually provide continuity in
otherwise fragmented health systems, eitherindependently or working
with clinicians. If such systems could be developed and tested with care
androbust clinical evidence, they would have the potential to address
growing unmet clinical needs caused by global shortages and inequali-
ties of supply of PCPs, which are exacerbated by concerns of physician
burnout and increasingly complex populations under management'.

There were important differences between the management plans
produced by AMIE and those produced by human clinicians; for exam-
ple, AMIE was considerably more precisein recommending both treat-
ments and investigations, a trend that held over all three clinic visits.
This improved preciseness, which involved giving specific and clear
instructions for medications, follow-up plans, and contingencies, rep-
resented a change from generalized recommendations to actionable
clinical directives. Previous versions of AMIE' might have offered broad
suggestions, such as ‘prescribe an antibiotic’ for abacterial infection or

For three of the ten MXEKF evaluation axes (contrast and selection, illness-
specificknowledge, and prognostication), ratings were collected only from
specialist physicians. Cases withiidentical ratings and those including at least
oneNArating were grouped together as ‘Tie or NA". Error bars represent 95%
confidence intervals for binomial proportions.

‘recommend a follow-up appointment’ for a patient requiring further
monitoring. Although directionally correct, such recommendations
have limited practicality in actual clinical care situations. By contrast, the
enhanced variant of AMIE proposed in this work generates plans with a
level of granularity that directly supports clinicalimplementation, such
asnamingthe precise antibiotic, its dose, the duration of treatment and
administrationroute, and any monitoring or follow-up actions thatare
required.Inaddition to clinical acceptability, preciseness hasimportant
implications for care engagement, especially given theincreasing move-
ment for patients to have access to their own medical notes. Precise, clear
languageis preferred by patients™ and might drive increased completion
of follow-up visits and ordered diagnostics and tests™.

AMIE also selected the appropriate guidelines better than PCPs for
the first visit, and its management decisions were better aligned with
guidelines for all three visits. Management reasoning encompasses far
more than guidelines, which often do not apply to individual practice
settings, and experienced clinicians deviate from guidelines more often
than novices™". However, implementation of clinical practice guide-
lines has been associated with higher quality of care” and can reduce
patient morbidity and mortality in cases of complex chronicillnesses®.
AMIE’s guideline selection and alignment shows promise for increas-
ing the feasibility of quality initiatives that might seek to implement
guideline-directed medical management of chronic medical conditions
such as congestive heart failure and diabetes mellitus, or to assistin the
study of unwarranted variation from such recommendations. AMIE’s
use of clinical guidelines also allows considerable flexibility and cus-
tomization, asthese guidelines canbe easily revised: a clinicinalow-or
medium-income country, for example, could easily switch from NICE
guidance or BMJ Best Practice guidelines to World Health Organization
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guidelines more relevant totheir care setting. Similarly, drug shortages
have continued to be aglobal problem affecting health systems® and can
present challenges to correct implementation of practice guidelines;
health systems using AMIE could just as easily revise their guidelines as
they provide practice updates to clinicians. Although NICE guidance
and BMJ Best Practice guidelines are primarily authored by UK-based
institutions, they are applied or adaptedin other parts of the world. We
acknowledge that PCPs participatingin this study were basedin Canada
andIndia; thus, their familiarity with these guidelines obtained through
everyday practice may have been limited. However, all participating PCPs
were givenaccesstothe corpus of guidelines throughout the entire study
period and were free to peruse the guidelines without time limitation
after thevirtual consultations. We encourage future work to explore the
use oflocalized guidelinesin specific geographies and contexts of care.

Inthis study, we also developed the MXEKF rubric, whichwas derived
from psychological research involving out-patient clinicians’. This pilot
evaluation rubric addresses some of the main challenges in measure-
ment of management reasoning quality: that decisions are subject to
considerable amounts of context specificity, and that there is often no
single answer to the best management plan. LLMs have generally fared
less well on management tasks than diagnostic tasks compared with
humans. However, onblinded ratings of MXEKF by specialist physicians,
AMIE was preferred to PCPs significantly more oftenthan PCPs were pre-
ferred, although they were tied inabout half of the cases. These results
require further exploration in follow-up studies but suggest that AMIE
has potential to exhibit PCP-like quality in management reasoning.

The abilities of AMIE reflect the growing capabilities of LLMs for
clinical conversation and reasoning. Its capabilities are intrinsically
linked to advances across various domains, including reasoning”*and
long-context processing*?***. For this reason, we suspect that current
limitations (particularly confabulations, which represent considerable
risksin clinical medicine) could be mitigated through steady improve-
ment of the state-of-the-art LLMs underpinning the AMIE system.
AMIE’s multiagent system and its ability to cite guidelines seem to have
had asignificantimpact: confabulation rates were comparable between
PCPs and AMIE and considerably lower than those reported in other
studies®?®. The rapid progress of state-of-the-art LLMs shows promise
for factual summarization. Whereas our backbone model, Gemini 1.5
Flash, exhibited a hallucination rate above 5% on the Hughes Hallucina-
tion Evaluation Model leaderboard?, this rate was reduced to 0.7% for
the updated Gemini 2.0 Flash. Our ablation analysis (Supplementary
Information section 14) further demonstrated this rapid evolution, with
Gemini 2.5 Flash substantiallyimproving conversational performance
compared with the AMIE system built on Gemini 1.5 Flash. For AMIE,
withthe exception of afew criteria, the agent scaffolding substantially
improved the agent’s history-taking (Supplementary Table 30). By con-
trast, when this scaffolding was provided to Gemini2.5Flash, there was
littletonoimprovementin our auto-evaluated simulations. Although
our Mx agent-specific ablation analysis (Supplementary Information
section 2) quantitatively demonstrated the value of agentic guideline
retrieval and reasoning leveraging long-context capabilities of base
models, our auto-evaluated ablations, taken together, challenged the
strict necessity of certain aspects of posttraining and multiagent setups
as base models continue to improve. This research demonstrates the
potential applications of conversational Al in disease management
using agentic reasoning and long-context processing. The durable
contributions of this research are the evaluation paradigm, rigorous
ablationtechniques, careful assessment of the safety-critical longitudi-
nal capabilities of Al systemsinacritical task for practising medicine, as
well asthe demonstration of the physician-level management reasoning
capabilities of an Al system at a snapshot in time.

We also introduced a benchmark for medication reasoning, RxQA.
Thesaturation of traditional medical reasoning benchmarks has added
urgency to the need for development of new and more discriminant
benchmarks??. It also demonstrates a new reality involving previously
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unseen capabilities of Al systems with human-like performance in
domains that were once thought to be out of reach of machines. RxQA
benchmarks knowledge of and reasoning about the use of medications.
Derived from the national drug formularies of two countries, it is not
intended to be fully comprehensive but rather to be revised over time
usinglocal data. RxQA was achallenging benchmark for both AMIE and
humanPCPs, with equivalent performance on the less difficult questions.
However, AMIE outperformed human PCPs on the more difficult ques-
tions, both open-and closed-book. Notably, contemporary foundation
models, including Gemini2.5Pro, 03 and GPT-5, achieved performance
largely comparable with that of the AMIE system built on Gemini 1.5Flash
(Supplementary Table 34). This indicates that the relative performance
gain provided by the AMIE systemis modulated as the underlying founda-
tion models become more capable. However, unlike base models, which
were evaluated withmedication labels provided directly in the context,
AMIE uses dynamic retrieval to actively search for relevant informa-
tion. This mimics amorerealistic and challenging clinical workflow and
remains a critical component of a deployable clinical system.

Despite these promising results, our study had several limitations.
Although patient actors are a gold standard in medical education for
the assessment of trainee clinicians, they are not representative of
clinical care. Clinical scenarios were constructed, meaning that they
had definitive answers, and were constrained for reliability in scor-
ing. Owing to this, cases lacked much of the chart review to determine
clinical history that characterizes real patient care. The case mix was
also notindicative or representative of a real clinical practice setting.
Our cases used guidelines from the UK, whereas our PCPs were from
North America and India. Although PCPs were given relevant guidelines
to review for each case as a method of mitigating these differences,
this was not fully consistent with clinical practice, in which clinicians
areunconstrained by guidelines and use their personal experience or
point-of-care reference tools to aid management decisions.

Inaddition, although our cases unfolded over the course of weeks or
monthsin the narrative specified in scenarios, the actual time between
visits in our study was 1-2 days. This probably increased human perfor-
mance onthese cases, asit wasnotarealistic test of humanmemory. The
interval history was also considerably constrained to the patient’s main
complaint, in contrast to the open-ended paths of real patient care.

Although use of patientactorsin an OSCE format mirrors standards
forevaluation of physicians’ consultations, our results require further
contextualization. Patient actors communicated with both AMIE and
PCPsthrough atext-based chatinterface. Despite theincreased popu-
larity of text-based patient portals for communication with PCPs*,
telehealth visits are generally conducted using either audio or video
chatand are by nature multimodal. Telehealth has grownin both popu-
larity and importance since the COVID-19 pandemic®, spurring the
development of telehealth OSCEs for health professions students®.
The use of a text-only interface for AMIE was selected because of the
convenience of this modality in communicating with achatbot and the
relative uniformity of the interaction compared with the complexities
of intonation, body language and other cues in a multimodal audio/
visual setting. It would also be significantly harder to blind both the
patient actors and specialist raters to the source of the conversation
ina multimodal setting.

The user interface configured for AMIE in this study has considerable
differences compared with actual patient care. As mentioned above,
telehealthis generally conducted by means of audio or video chat, not
atextinterface. Orders are not entered as free text but using an elec-
tronic provider order entry system. This is an important agentic task
and constrains order entry ina manner that would be likely toimprove
the performance of AMIE, because such systems often contain order
sets and only allow medication from acceptable drug formularies, as
well as including prepopulated doses and clinical decision support.
Practice alerts and oversight from pharmacists in health systems also
improve accuracy; these were absent from our study.



Althoughwe have attempted to develop and validate atool for global
measures of management reasoning that has construct validity, more
work is necessary to demonstrate the reliability of MXEKF in the real
world and to further describe its psychometric characteristics. This
should be seen as afirst step in the measurement of management rea-
soning. In this work, we assessed management reasoning on the basis
of conversation content and post-questionnaire responses from both
AMIE and PCPs. In addition, the AMIE system produced structured rea-
soning traces at several points throughout each conversation. Although
we provide qualitative examples of these reasoning traces and highlight
the possibility of latent errors within such traces, a comprehensive
quantitative analysis of such traces was beyond the scope of this work.
We encourage future work to study reasoning traces of medical Al sys-
tems in a comprehensive and quantitative manner and to test system
architectures that further reduce errors in latent reasoning traces.
Such approaches could involve agentic components that proactively
critique the system’s reasoning traces and verify the correctness of
guideline citations during inference time. Although such approaches
wouldincur further computational or latency cost, they have the poten-
tial, ifimplemented in an efficient manner, to further mitigate latent
reasoning errors and are therefore suitable candidates for future work.

We emphasize that this researchis an art-of-the-possible demonstra-
tion of the capabilities and limitations of AMIE in longitudinal manage-
ment reasoning using simulated settings with patient actors. Although
the system shows promises, it is not ready for real-world translation
andrequires further research to mitigate issues such as latent reason-
ingerrors, aswell as prospective clinical studies to provide real-world
evidence.

The RxQA benchmark also had several limitations. Selecting ques-
tions for which Geminiinitially required medicationlabels to select the
correct answer probably skewed the questions to be relatively harder
and not necessarily representative of typical practice. Although each
question was revised and validated by a board-certified pharmacist,
there may have been significant interpharmacist variability. Further-
more, although we benchmarked against PCPs, medication decisions
in the real world are often made with guidance and oversight from
pharmacists. We do not suggest that these examples of human per-
formance indicate any measure of real-world competence but rather
intend them to serve as an experimental control group or baseline
assessment to help contextualize comparisons of various Al systems
in medication knowledge retrieval tasks.

Conclusion

Inthis work, we demonstrated the ability of AMIE to both take histories
and form differential diagnoses and to make nuanced management
decisions that meet or exceed those of PCPs, including in cases that
involve visits. Our findings do not suggest that AMIE is ready for clinical
care. Our study was intended to explore possibilities,and many further
steps, including prospective feasibility studies involving patients with
appropriate ethical and safety oversight, will be necessary to ensure
that AMIE can function as part of a healthcare team. Nonetheless, this
study represents a milestone towards the goal of safe, equitable and
ethical agentic health Al systems that can scale quality healthcare in
increasingly fragmented health systems.
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Methods

Conversational Al for disease management

Inthis work, we optimized AMIE for asetting in which it would converse

with a patient by means of synchronous text chatinreal time and over

the course of multiple patient visit encounters. To reconcile the need
for swift responses in synchronous conversation with the need for
in-depth clinical reasoning, we used a multiagent system, inspired
by the dual-process theory of cognition popularized by Kahnemanin

Thinking, Fast and Slow* and also discussed in the context of diagnosis

inref. 34. AMIE with management reasoning capabilities is a system

composed of two agents (Extended Data Fig. 1):

(1) adialogue agent, which engages in fast, intuitive and empathetic
dialogue with the patient while maintaining a persistent conversa-
tional state across multiple visits;

(2) an Mx agent, which plans patient care through more extensive
inference-time computation. It continuously analyses the patient’s
case, reasons about clinical guidance fromacorpus of authoritative
clinical knowledge (for example, clinical guidelines), and generates
detailed and structured management plans.

Inadual-process theoryanalogy, the dialogue agent and Mx agent cor-
respondto ‘system1’ and ‘system 2’ respectively. Bothagents are builton
Geminilanguage models® and use reasoning toimprove response qual-
ity. The dialogue agent, which builds on work by Tu et al.!, is fine-tuned
for multivisit medical conversations and diagnostic dialogue, whereas
the Mx agent is optimized for complex reasoning and long-context
understanding in multivisit patient contexts and hundreds of pages
of full-text clinical guidelines. The Mx agent is invoked as a tool by the
dialogue agent, whereas the dialogue agent references the latest man-
agement plandelivered by the Mx agent as aninput to the conversation.

Dialogue agent

Thedialogue agent has tworoles. First, it functions as a conversational
interface, quickly generating appropriate responses to the user’s mes-
sages. Second, it orchestratestherest of the system, internally manag-
ingthe memory and state of theinteraction, as well as pulling the latest
plan from the specialized Mx agent.

Posttraining. We extended the simulated learning framework
described by Tu et al.' to optimize the LLM powering the dialogue agent
for a multiturn, multivisit conversational setting and scale learning
across a wide range of medical contexts and specialties (Supplemen-
tary Information sections 5and 6). Asin the work of Tuet al.!, we relied
heavily on simulated doctor-patient dialogues and other clinically
relevant datasets to train our model; however, we made a few notable
changes toimprove its performance in this setting.

(1) Base model: we built ontop of Gemini1.5 Flashinstead of the previ-
ously used PaLM-2 (ref.36) (refer to the Gemini technical report for
more details on the base LLM architecture*). We chose to use Gemini
1.5Flashfor this study primarily owing to its long-context capabili-
ties, which are necessary for inference-time reasoning across alarge
corpus of medical knowledge. Thisisakey capability studied in this
work and would not have been possible with PaLM-2.

(2) Multivisit simulated dialogues: we developed a new set of simu-
lated dialogues (Supplementary Information section 5.2) to
improve multivisit reasoning. Prompts for dialogue generation and
auto-evaluationarelisted in Supplementary Information sections
7 and 8, respectively. The final datasets used to fine-tune the base
model for this study are a superset of those described by Tu et al.!
and include various medical question-answering tasks, electronic
health record summarization tasks, real-world medical dialogues®
and the simulated dialogue datasets.

(3) Reinforcement learning with human/Al feedback: following su-
pervised fine-tuning (Supplementary Information section 6.1),

we performed reinforcement learning with human/Al feedback’®,
curating medically relevant tasks to further enhance the con-
versational and disease-management capabilities of the model
(details are provided in Supplementary Information section
6.1). Here the reward model is trained from both human- and
LLM-generated pairwise preferences for dialogue responses, case
management recommendations®*° and more (Supplementary
Table 8).

Chain of reasoning. During inference, the dialogue agent uses a
sequence of model calls, or a ‘chain of reasoning’ to generate its ulti-
mate response to the patient (see Supplementary Information section
9.1for specific prompting details). These model calls are low latency;
the response of the dialogue agent can be output a few seconds after
anew patient message is received. Unlike the previous version of the

AMIE system', each chain-of-reasoning step in the dialogue agent is

dependent not only on the full dialogue history up to that point but

alsoonaninternally managed state that is maintained across multiple
patient visit encounters.
The chain-of-reasoning steps for this agent are as follows.

(1) Planresponse: the dialogue agent reasons about what it should
do next, including details to enquire about, patient questions
torespond to, and deciding whether to wrap up or continue the
conversation.

(2) Generateresponse: withits output from the previous stepin context,
the dialogue agent drafts aresponse to the patient’s last message.

(3) Refineresponse: before sending out the drafted response, the dia-
logue agent revises it against aset of criteriato ensure the response
meets quality standards.

Agent state. The agent stateis amodular datastructure that represents
the agent’s beliefs about the current and past conversations. This state
isaccessible to both the dialogue agent and the Mx agent. State fields
arerevised periodically throughout the dialogue by an asynchronous
background reasoning subroutine. The state decomposes into the
following fields.

(1) Current patient summary, which condenses all confirmed positive
and/or negative symptoms, demographics, medical, drug, family
and social history, and more into a concise summary.

(2) Current differential diagnosis: this lists what AMIE believes to be
the most probable diagnosis and other plausible diagnoses that
should be considered at a given point in time.

(3) Current management plan, including investigations to be done
during the visit, investigations to be ordered after the visitand rec-
ommended actions following the visit. Rather than being gener-
ated by the dialogue agent itself, this task is outsourced to the Mx
agent, which more thoroughly and carefully reasons over clinical
guidelines to formulate this plan.

The specific prompts used to update the agent state are described
in Supplementary Information section 9.2. Further attributes of
the agent state, such as ‘visit number’, are also used to enable more
context-specific logic, for instance, unique prompts for initial versus
follow-up visits.

Mx agent

The goal of the Mx agent is to plan the patient’s care. Building on Gem-
ini’s state-of-the-art long-context capabilities*, this agent synthesizes
and reasons over large amounts of information, comprising patient
contextacross several visit encounters and hundreds of pages of clini-
cal guidelines, to craft a management plan tailored to the patient’s
specific context. The resulting management plan is a structured set
of investigations and interventions. Individual recommendations in
the management plan are annotated with citations to the reference
documents, such as clinical guidelines, to provide interpretability



and traceability. An example is provided in Supplementary Informa-
tion section 2.

Design optimization. The Mx agent was designed to use the maximum
computational power permissible under real-time user interaction
constraints, on the basis of the expectation that management reasoning
capabilities would improve withincreasing test-time computation®#*,
For thiswork, wetargeted aresponse time of nomore than1 mintoavoid
dissociationbetween the two agents. We used auto-evaluation to guide
our search over potential parameters (for example, context length,
prompts, inference strategy, structural constraints) for the optimal
agent design. Details of this optimization process are described in
Supplementary Information section 3.

In the final design, the Mx agent operates in overlapping stages
(Extended Data Fig.1). First, it retrieves clinical guideline documents
on the basis of generated queries and abstract embeddings. Second,
it produces four draft management plans. Third, it refines and merges
the drafts into a final management plan using a final generation step
conditioned on retrieved documents. Plan drafting and refinement
are analogous to ‘ensemble refinement’* and allow diverse manage-
mentstrategies to be explored concurrently. Each planis generated by
chaining long reasoning and plan construction within a single model
call; thisis enabled by structural constraints.

Long-context reasoning. We designed the Mx agent to tap into Gem-
ini’s long-context reasoning capabilities*?>* rather than investingin
engineering complex retrieval pipelines*, which come with inherent
performance limitations?**® (for example, compounding errors),
technical dilemmas (for example, choice of chunking algorithm) and
often higher latency (that is, extra communication costs). In addi-
tion to the shared agent state (which holds patient-specific informa-
tion), we provide various clinical guideline documents as input to
the model; these are minimally converted from their original source
format to Markdown while retaining key elements of the document
structure such as section headings, lists and tables, to allows preserva-
tion of global semantic coherence within asingle document. Clinical
guideline documents can be extensive, with a typical range of 30 to
50 pages. Our approach enables the model to interact with in-context
dataateverystep of the generation process for rich cross-document
reasoning.

Inthe context of management reasoning, multidocument reasoning
is often crucial for addressing complex presentations. For instance,
determining the optimal treatment for a patient with comorbidities
may necessitate integrating information from distinct guidelines, at
aminimum of one for each condition. Nevertheless, tracing manage-
mentrecommendations back to reference documents remainsanopen
problem, especially when using alarge number of in-context sources.
Rather thaninvolving specialized tools for post hoc citation attribution,
we generate citations as anintegral part of the reasoning process. Each
citation task can be viewed as an instance of in-context retrieval®, at
which long-context models like Gemini already perform on par with
specialized methods*.

Long-context capabilities allow reasoning models to interact with
large amounts of data through repeated in-context interactions.
This reasoning process can be seen as emulating multistep agentic
workflows. In a single call, the model can look up key information
in source documents, summarize and reference multiple passages,
and search the documents again following preliminary conclusions.
Long-context models are competitive with specialist systems on
corpus-in-context tasks such as open-domain question answering®.
To make our system more robust, we used decoding constraints to
enforce target behaviours, including citing sources and summariz-
ing high-level management strategy on the basis of in-context docu-
ments (more details are provided in the ‘Structured generation’
subsection).

Coarse retrieval. The corpus of clinical guidelines used in this study
accounts for a total of 10.5 million tokens (across 627 documents),
which exceeds Gemini’s 2 million context window. Therefore, a pre-
liminary retrieval step was required to coarsely filter out irrelevant
documents. We built a simple retriever system using Gecko 1B text
embeddings*, which we use toindex all guidelines on the basis of titles
and abstracts. The abstracts are generated ahead of time, emphasizing
clinically relevant features such as target demographics, clinical goals
and relevant conditions, symptoms, tests and interventions. Upon
receiving a new patient case, the Mx agent generates up to five search
queries in natural language. We used auto-evaluation (Supplementary
Information section 3) to determine the optimal number of context
tokens (256,000) to allocate for external knowledge resources. On
average, this corresponds to six clinical guideline documents, which
can all be synthesized and reasoned over in context simultaneously.
The prompts for query and abstract generation are provided in Sup-
plementary Information section 4.

Structured generation. Prompting alone does not offer guarantees
with respect to the structure used for internal reasoning steps or the
generated output. This can be problematicin cases in which a certain
structureis expected, either for reasons of interpretability and trace-
ability (forexample, arequirement for explicit citations) or toserve an
interface betweentwo components (for example, between the dialogue
agentand Mx agent). To enable controllable multistep reasoning with
structural guarantees, we used decoding constraints® to guide the
model output using a predefined JSON schema®. Chaining a predefined
number of reasoning steps and final plan construction together within
asingle model call guarantees a valid plan structure and also ensures
that predicted leaf values, such as citations, match a predefined format
or range of values. Chaining multiple steps in a single model call also
reduces latency, as it requires encoding the documents only once.
Figure 2aprovides a visualization of the reasoning structure imposed
by the Mx agent. The structure is defined in Python code and automati-
cally converted along with docstrings to JSON-equivalent decoding
constraints. Auto-evaluation (Supplementary Information section 3)
was used to determine the reasoning structure for this task. We illus-
trate a reasoning trace generated using this structure in Fig. 2b. The
reasoning trace consists of three components:
(1) analyse patient (evaluate symptoms, medical history and overall
clinical picture) (Fig. 2c);
(2) set objectives (define high-level management goals) (Fig. 2d);
(3) planand cite (plan management steps and cite appropriate clinical
guidelines) (Fig. 2e).

The model prompt for this approach is available in Supplemen-
tary Information section 4. Several examples of reasoning traces and
management plans are presented in Supplementary Tables 21-23, and
further modelling details are provided in Supplementary Information
section 3.

Evaluation

Inthis work, we sought to evaluate AMIE’s capabilities in conversational
Alfor disease management, extending our evaluation beyond diagnos-
ticaccuracy to encompass longitudinal reasoning and guideline-driven
clinical decision-making. To this end, we adapted and extended the
remote virtual OSCE paradigm introduced in ref. 1. To assess medica-
tion reasoning specifically, we developed RxQA, a multiple-choice
question benchmark derived from drug formularies and validated by
board-certified pharmacists.

Multivisit OSCE study

We used arandomized, blinded design comparing AMIE with PCPs with
respect to their performance of multivisit consultations with trained
patient actors through a synchronous text-chat interface (Fig. 3).
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Thisapproachallowed us to simulate the longitudinal nature of disease
management and assess ability to adapt plans and recommendations
on the basis of evolving patient information that was revealed in an
incremental manner. Patient actors completed each multivisit scenario
twice, once with AMIE and once withaPCP, inablinded and randomized
order. Eachscenario completioninvolved three text-chat conversations
corresponding to visits 1, 2 and 3, with an interval of around 2 days
(minimum 24 h) between visits. The exact interval depended on the
availability of patient actors and PCPs during a given week. For logistical
reasons, the between-visit intervals enforced in the OSCE study were
staticand did not necessarily reflect the duration of time between visits
specified by the narrative of the case scenario (for example, follow-up
after 2weeks). Patient actors, PCPs and AMIE were instructedtoact on
thebasis of the time intervals described in the scenarios. To simulate the
patient-physicianrelationship and assess longitudinal reasoning, the
same patientactor was used for all three visitsinagiven scenario and for
both scenario completions (one with AMIE and one with a PCP) to ensure
consistency in how scenarios were enacted. For PCP interactions, the
same PCP was paired with the same patient actor for all three scenario
visits. PCPs were allowed to take notes and review them between visits.
Inaddition, the interface displayed full conversation transcripts from
all previous visits during each session to allow PCPs to review details
from previous conversations about the case as needed.

Scenarios. Scenario packs were prepared by clinical providersin Canada
andIndiaand designed to describe the evolution of a patient’s condition
over three distinct visits. Each scenario specified the chief concern,
symptoms and medical history at the initial visit, as well as changes in
these factors, treatment responses, test results and imaging findings
available at the beginning of subsequent follow-up visits. In total, 100
scenarios were used. The scenarios were equally distributed between
providers in India and Canada and across five medical specialties (20
scenarios each): cardiology; pulmonology; obstetrics, gynaecology and
urology; gastroenterology; and neurology and musculoskeletal. This
balanced design ensured a comprehensive evaluation across diverse
medical domains and clinical contexts. To assess ability to handle the
complexities of real-world practice, we designed scenarios with varying
difficulty levels, many of which included information inconsistency
(for example, a patient not sharing all information truthfully) and/or
multimorbidity (for example, several copresenting diseases requiring
treatment trade-offs). We provide an overview of all 100 evaluation
scenarios and 20 validation scenarios in Supplementary Information
section 13, including metadata such as medical specialty, provider
location, underlying condition, relevant clinical guidelines and types
ofadded difficulty. For illustrative purposes, we also provide adetailed
view of two sample scenarios, including all information given to the
patient actor, as well as multiturn conversations, post-questionnaire
responses, and gradings from specialist physicians and patient actors
forallthree visits and for AMIE and PCPs, respectively (Supplementary
Datal).Forall120 scenarios, we provide scenario details and AMIE out-
putinSupplementary Data2and 3in PDF and CSV format, respectively.

Clinical guidelines. Incorporation of clinical guidelines was a key
aspect of the study design. Each scenario was designed to have a spe-
cific ground truth diagnosis, and was grounded in a pair of clinical
practice guidelines, one from the UK NICE Guidance corpus (https://
www.nice.org.uk/guidance) and one from the BMJ Best Practice cor-
pus (https://bestpractice.bmj.com). The NICE guidanceis a corpus of
evidence-based recommendations for the healthcare and social care
sector, developed by independent committees including professionals
andlay members and consulted on by stakeholders. BMJ Best Practice
isaclinical decision supporttool that supports healthcare profession-
als tomake evidence-based decisions about diagnosis, treatment and
prevention. For cases inwhich evidence is scarce or equivocal, expert
opinion is provided in BMJ Best Practice. For each visit, the scenario

specified areference treatment plan consistent with these guidelines,
outlining appropriate investigations and tests to perform during the
visit, investigations to order after the visit, and action and treatment
recommendations. This approach ensured that the consultations were
grounded in established evidence-based practices and allowed us to
test the consistency of the systems involved with respect to clinical
guidelines.

The guideline corpus used in this study was a limited sample of the
content covered by the NICE guidance and BM]J Best Practice collec-
tions. To simulate information resources and the lookup tasks faced
by clinicians, both PCPs and AMIE had access to a corpus of 627 clinical
guidelines, comprising 527 NICE guidance and 100 BMJ Best Practice
documents. These included 50 NICE guidance and 50 BMJ Best Prac-
tice guidelines that were directly relevant to the scenarios, aswell as a
sample of less relevant guidelines. Both PCPs and AMIE were instructed
to reference this corpus during the study and ground their clinical
decision-makinginthe guidelines as appropriate. We report statistics
about the corpus of guidelines in Supplementary Information sec-
tion12. Guideline content was used by AMIE at test time.

Participants. The study involved 21 board-certified PCPs and 21 vali-
dated patientactors, equally distributed across India and Canada. PCPs
had a median of 9 years of postresidency experience (interquartile
range: 5-12 years). To assess the quality of AMIE and PCP consulta-
tions and responses to post-questionnaires, we recruited 30 specialist
physicians from India and North America, ensuring a range of clinical
perspectives, with 3 specialist physicians for each of the combinations
of medical specialty and geographic location (5 medical specialties,
2geographiclocations and 3 specialist physicians each). These special-
ists were matched to evaluation tasks on the basis of medical specialty
andgeographiclocation (for example, cardiologists inIndia evaluated
cardiology scenarios enacted by patient actorsand PCPsinIndia). Spe-
cialist physicians had amedian of 7 years of postresidency experience
(interquartile range: 4-12 years). Further metadata of PCP participants
and specialist physician raters are provided in Supplementary Infor-
mation section11.

Evaluation measures. For each scenario visit, data were collected
from various sources, including patient actors, AMIE or PCPs, and
specialist physicians. In addition to the consultation transcripts,
dataincluded responses to post-questionnaires from AMIE and PCPs.
Post-questionnaires were completed by both AMIE (by offline genera-
tion) and PCPs (manually) after each visit. Post-questionnaires asked
foradifferential diagnosis list (atleast one and up to tenitems), the set
of clinical guidelines deemed most applicable (at least one and up to
three from NICE guidance and BMJ Best Practice each) and a manage-
ment plan consisting of a list of investigations performed during the
visit, as well as investigations, treatments and follow-up actions recom-
mended for after the visit. To enable assessment of MXEKF rubrics from
aspecialist physician perspective, the post-questionnaire also asked
about aspects of management reasoning including whether and how
AMIE and PCPs intentionally deviated from one of the selected clinical
guidelines, as well as comments about other acceptable management
plans, competing priorities, the cost, effectiveness and side effects of
the proposed plan, the prognosis of the patient with and without treat-
ment, and recommendations for escalation and follow-up. The evalua-
tion framework considered both clinician-centred and patient-centred
perspectives to provide a holistic assessment, with raters blinded to
the source of the data (AMIE or PCP) in both cases.

At the patient actor level, we assessed conversation quality and
patient experience using rubrics fromref. 1, including the General
Medical Council Patient Questionnaire, which evaluates aspects such
as being polite and making the patient feel at ease; and the Practi-
cal Assessment of Clinical Examination Skills (PACES) rubric, which
assesses skillsin eliciting information and managing patient concerns.
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However, we replaced the Patient-Centered Communication Best
Practice rubric fromref. 1 with a new pilot evaluation rubric, which
we refer to as MXEKF. The MXEKF rubric (Extended Data Table 1) was
designed to specifically capture key aspects of management reason-
ing. MXEKF was inspired by previous work* that identified 12 empiri-
cally determined key features. Of these 12 features, we retained 10
for MXEKF: (1) contrast and selection among several reasonable and
defensible solutions; (2) prioritization of preferences, constraints and
values; (3) communication and shared decision-making; (4) continu-
ing monitoring and adjustment of the management plan; (5) dynamic
interplay among people, systems, settings and competing priorities;
(6) illness-specific knowledge; (7) clinicianroles as patient, teacher and
salesperson; (8) clinician-patient relationship; (9) prognostication; and
(10) organization of the clinical encounter. We chose not toinclude the
other two features identified in ref. 52: process knowledge (assessing
understanding of systems of care), because it would be specific to par-
ticular clinical environments; and management scripts (understanding
of conceptual knowledge structures and clinician tasks), because it
would have been infeasible to collect management scripts from PCPs
as part of the OSCE study. The MXEKF rating questions are detailed in
Extended Data Table 1. Patient actors completed the full General Medi-
cal Council Patient Questionnaire rubric and subsets of the PACES and
MXEKEF rubrics after each of the three scenario visits.

Atthe specialist physicianlevel, evaluations focused on consultation
quality, guideline adherence, and the appropriateness of diagnostic
and management decisions. Specialist physicians assessed AMIE and
PCPs on the basis of their consultation transcripts and responses to
the post-questionnaires using various rubrics. In addition to the full
MXEKF and PACES rubrics, these included an expanded version of the
‘Diagnosis and management’ rubric from’. The extrarating questionsin
thisexpanded rubric are detailed in Extended Data Table 1. Inaddition
toaccuracy and completeness of the differential diagnosis, and appro-
priateness of escalation, investigations and treatments, the expanded
rubricincorporated detailed evaluation axes related to guideline entail-
mentandimplementation, the preciseness of recommended investiga-
tions and treatment, and ability to remember relevant information from
previous visits. Specialist physicians rated all rubric items for each visit
separately (and considering past visits). During the evaluation task,
information for all three visits per scenario was presented to specialist
physicians at once to enable a holistic assessment based on full infor-
mation. Each rating task was completed by aset of three independent
specialist physicians. For robustness, results are reported using the
median rating score (or majority vote for binary ratings) among the
threeindependent raters. We also provide evidence of interrater reli-
ability for our framework in Supplementary Information section 10.
Theevaluationinterface for specialist physiciansis shownin Extended
DataFig. 6. Beforeinvolvementin the final evaluation study, specialist
physicianraters completed a set of pilot rating tasks (based on the 20
scenariosinthe validation set) to familiarize themselves with the task
setup and instructions. Detailed rating instructions were embedded in
theratinginterfaceitself, along with tooltips contextualizing specific
rating prompts. Although we leveraged one specific model and agent
configuration in the final study, we conducted an ablation analysis
of various configurations using an entirely Al-simulated end-to-end
recreation of our OSCE study and corresponding auto-evaluations.
The methods and results for this ablation analysis are detailed in Sup-
plementary Information section 14.

RxQA medication reasoning benchmark

To assess AMIE’s medication reasoning further, we developed a
multiple-choice question benchmark, RxQA, which consisted of 600
questions derived from national drug formularies across two jurisdic-
tions: OpenFDA (https://open.fda.gov/) and the BNF (https://bnf.nice.
org.uk/). We used Gemini 1.5 Flash*, with access to these medication
labels, to draft and filter the questions, which were further refined

by board-certified pharmacists in each jurisdiction (Supplementary

Information section 16). The dataset was built as follows.

(1) Medication labels: we ingested the OpenFDA and BNF drug for-
mularies, formatting the medication labels in a clean format and
sampling a subset of labels from each source.

(2) Question generation: from each label, we generated five short ques-
tions, each with four answer choices, using the prompt shown in
Supplementary Information section 16.1, and three longer ques-
tions using the process shown in Supplementary Information
section16.2.

(3) Question filtering: we validated question quality by asking Gemini
to confirmthat each question was adequately specified and that the
listed answer was unambiguously correct among the four choices.

(4) Question selection: we randomly selected 100 ‘short questions’
and 200 ‘long questions’ from each jurisdiction for which Gemini
required the corresponding medication context to answer correctly.

(5) Pharmacist revision: we recruited four board-certified pharmacists
ineachjurisdictiontorevise the question wording, answer options
and correct answer. The pharmacists rated the difficulty of each
question (trivial, easy, medium, hard orimpossible). For subgroup
analyses, trivial and easy were mapped to lower difficulty, whereas
medium, hard and impossible were mapped to higher difficulty.

An example question, derived from OpenFDA, is shown in Supple-
mentary Fig. 2. We assessed the performance of AMIE on RxQA by
ingesting the OpenFDA and BNF drug formularies with the Mx agent
and prompting the systemwiththe questionin azero-shot manner. As
abaseline of human test-taking performance, we also asked agroup of
three PCPsin each jurisdiction to answer each question, first without
thereference medication contextand then with access to this context.
The OpenFDA portion of the RxQA dataset is available at https://github.
com/Google-Health/rxqa.

Statistical analysis
The quality of management plans for each of three visits was measured
asthe proportion of cases with favourable ratings from specialist physi-
cians. Of15evaluation axes tested, 9 were based on yes/noratingscales.
The remaining ones were binarized using the top two options on the
respective scales: ‘overall appropriate’ (five-point scale), ‘selected appli-
cable guidelines’ (five-pointscale), ‘aligned with guidelines’ (five-point
scale), ‘references guidelines’ (four-point scale). For each evaluation
axis, cases with ratings of ‘NA’ on either study arm were excluded for
each visit. The McNemar test was used for each evaluation axis and
visit,and Pvalues were adjusted using false discovery rate correction.

Therelative performance of PCPs and AMIE on each of the ten MXEKF
evaluation axes was measured in terms of preferences expressed by
specialist physicians and patient actors, respectively. Preferences were
derived fromindependent ratings (on afive-point scale ranging from
‘poor’ to ‘excellent’) for each of the ten axes and each of three visits
per scenario. For three of the ten MXEKF evaluation axes (contrast
and selection, illness-specific knowledge, and prognostication), rat-
ings were collected from specialist physicians but not patient actors.
In total, we computed preference rates for 51 unique combinations
of MXEKF axis, scenario visit and rater perspective (three visits with
ten MXEKF axes for specialist physicians; and three visits with seven
MXEKEF axes for patient actors). Summary metrics for preference rates
refer to the spread of preferences across these 51 sets of preference
rates.

For comparisons of RxQA medication reasoning accuracy, the
McNemar test was used with question-level pairing, and Pvalues were
adjusted using false discovery rate correction.

Reporting summary
Furtherinformation onresearch designis available in the Nature Port-
folio Reporting Summary linked to this article.
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Data availability

Some of the datasets usedinthe development of AMIE were open-source
(MedQA, MultiMedQA, MIMIC-III). Details of the 120 OSCE scenarios
usedin thiswork (20 for validation and 100 for evaluation) are available
aspart ofthis publication, including AMIE output for all 120 scenarios.
For two sample scenarios, we also share PCP output and ratings from
patientactors and specialist physicians. These OSCE study details are
provided as part of the Supplementary Information. The OpenFDA
portion of the RxQA dataset is available at GitHub (https://github.com/
Google-Health/rxqa). Owingto licensing restrictions, the BNF portion
cannot be shared directly by Google. However, we have shared this
portion with BNF itself, and the interested reader is encouraged to
contact BNF to request access to the data.

Code availability

AMIE is an LLM-based research Al system for conversational disease
management. We have not open-sourced the model code or weights
owingto the safety implications of unmonitored use of such asystemin
medical settings. Inthe interest of responsible innovation, we will work
withresearch partners, regulators and providers to validate and explore
safe onward uses of AMIE. For reproducibility, we have documented
technical deep learning methods while keeping the paper accessible
toaclinical and general scientific audience. Our work builds on Gemini
1.5, for which technical details have been described extensively in the
technical report*.
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The patient, Tyson Wilson, is a 47-year-old male who underwent a successful laparoscopic adrenalectomy for pheochromocytoma.
He is currently asymptomatic and reports feeling well. His blood pressure and heart rate are stable. The pathology report
confirms the diagnosis of pheochromocytoma, with clear surgical margins and no evidence of malignancy. The patient's main
concern is recurrence.

Given the patient's history of pheochromocytoma and his concern about recurrence, the management plan should focus on
long-term monitoring, patient education, and promoting a healthy lifestyle to prevent potential complications. Key elements
of the plan include monitoring blood pressure and arranging biochemical testing to check plasma metanephrines and
normetanephrines. Checking liver and kidney function is also a sensible precaution to future proof against potential
complications.

The patient has a family history of hypertension, so reinforcing healthy lifestyle choices is important.

Educating the patient about the signs and symptoms of both hyper- and hypo-adrenal states will help to address the anxiety
and promote patient engagement.

Finally, regular follow-up appointments should be scheduled to provide continued support and monitoring for recurrence.

The 2017 ACC/AHA guideline recommends a blood pressure target of <130/80 mmHg for adults, regardless of age, with confirmed
hypertension and known cardiovascular disease. The patient should be given a home blood pressure monitor, as well as a
reminder of what reading would be cause for alarm. Reassurance is important, given high levels of anxiety.

Monitor for recurrence of pheochromocytoma.

Ensure adequate blood pressure control.

Promote healthy lifestyle.

Educate on signs and symptoms of abnormal adrenal states.

Schedule appropriate follow-up.

Measure blood pressure and heart rate to assess current status.
Check incision site for signs of infection or bleeding (patient can self-assess).

Instruct the patient to monitor for any new or recurring symptoms such as headaches, palpitations, excessive
sweating, or elevated blood pressure and to report them immediately. Provide a written list of these symptoms.

Educate the patient regarding lifestyle modifications, including maintaining a healthy weight, regular exercise, and
a balanced diet, to promote overall health and well-being, and on how to measure blood pressure at home using the a
validated device.

"bmj26']

Check for symptoms of adrenal insufficiency and provide information. Provide a written list of these symptoms

Order plasma metanephrines and normetanephrines to check for normalization and to monitor for recurrence. Sample:
blood. Purpose: to assess for recurrence of pheochromocytoma.

bmj16

Order a comprehensive metabolic panel (CMP) to assess kidney and liver function and electrolyte balance. Sample:
blood. Purpose: to assess overall health.

Order a lipid panel to assess cardiovascular risk factors. Sample: blood.
'bmj163']

Order a CBC (complete blood count) to assess overall blood health. Sample: blood. Purpose: to evaluate red blood cell
count, white blood cell count and platelet count

Schedule a follow-up appointment in 6 months for review of symptoms, blood pressure, and blood test results. Refer to
endocrinology if recurrence is suspected at any point during the follow-up.

'bmj163']

Advise the patient to maintain a healthy lifestyle, including regular exercise (as tolerated post-surgery, after
clearance from the surgeon), a balanced diet, and stress management techniques.

Explain the possible, although rare, long-term effects of adrenalectomy, such as adrenal insufficiency, and advise
them to seek prompt medical attention if they develop symptoms such as fatigue, weakness, loss of appetite, weight
loss, nausea, vomiting, diarrhea, abdominal pain, dizziness, and salt cravings.

Advise a target blood pressure of less than 130/80 mmHg, in line with current guidelines for cardiovascular risk
reduction.
'ng136']

Advise the patient to wear a medical alert bracelet indicating that they have had an adrenalectomy and may be at risk
for adrenal insufficiency.

Provide the patient with information about support groups or resources for patients who have had pheochromocytoma to
address anxiety and promote coping.

"bmj163']

Instruct the patient to remain abstinent from tobacco and limit alcohol intake.

Extended DataFig.3|Mx Agent reasoning trace and plan. A fictive patient control, healthy diet, and smoking cessation. Note the imperfection that
treated for pheochromocytoma. Inthis example, Mx Agent considers recommendationsin thissample plan do notinclude genetic testing which
appropriate post-surgical follow up, including counseling about unlikely lo couldbe considered appropriatein this setting.

termside effects, while also following recommendations for blood pressure
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The patient reports excellent control of his COPD symptoms with his current medications and lifestyle. He's also actively

engaged in a smoking cessation program using nicotine gum,

indicating a strong commitment to quitting. Given his stable

condition, the focus should be

efforts, monitoring for potential

on reinforcing adherence
long-term complications,

his existing treatment regimen,

supporting his smoking cessation

The COPD is well-controlled with the LABA/LAMA combination

and answering his specific question about his medication.

(umeclidinium/vilanterol) and prn SABA (salbutamol).

Hypertension is well-controlled with Losartan. Switching from Metoprolol was appropriate to avoid potential
bronchoconstriction exacerbations, and Losartan is known to be cardioprotective (bmj26, ngi36).
Hyperlipidemia is well-controlled with Atorvastatin.

It is important to reinforce his smoking cessation efforts and provide resources and education about the benefits of

quitting and how to manage withdrawal symptoms (bmj7, ng209). A referral to a specialist smoking cessation program can be

beneficial (ng209).

Umeclidinium/vilanterol is effective for the patient, so we continue the prescription. Patient asked how it works and for
possible side effects: It is a combination of two bronchodilators, a long-acting muscarinic antagonist (LAMA) and a

long-acting beta2-agonist (LABA). The medication relax the muscles around the airways so more air can flow into the lungs,
improving breathing (bmj7, ng115). Common side effects include dry mouth, cough, and headache, so the patient should stop

the medication and report any adverse effects to you (ng11s).

He is at risk for lung cancer and should be ered a low dose CT scan to look

Recommend annual influenza vaccination and pneumococcal vaccination to prevent
promptly report any signs of infection (ng115, bmj7).

He is concerned about potential complications with his health condition and he

recommendations,

so we should address this and provide support and education

for any potential early signs (ng115).

respiratory infections, and remind him to

is asking for personalized lifestyle

We should encourage a balanced diet, low in

salt and saturated fats (DASH diet),

and regular exercise within his abilities (30 minutes of dog walking daily) (bmj7,

ng115).

He needs a follow-up visit in 2-3 months to s his overall progress and monitor for any changes. is important to also

monitor his progress on quitting smoking.

Maintain control of COPD symptoms.

Support and monitor smoking cessation efforts.

Monitor for medication side effects.

Provide clear and comprehensive patient education.

Manage hypertension and hyperlipidemia effectively.

Prevent COPD exacerbations and complications.

Encourage and reinforce healthy lifestyle choices

Order a low-dose CT scan of the chest to screen for lung cancer, given the patient's long smoking history. Collect

images of the lungs for analysis of any potential malignancy

, 'bmj

Continue Losartan 50mg daily for hypertension management. Monitor blood pressure at home and report any significant
changes.

bm;

Continue Atorvastatin 20mg daily for hyperlipidemia management.

Continue Salbutamol inhaler 100mcg every 4 to 6 hours as needed for acute symptoms.

Continue umeclidinium/vilanterol inhaled (62.5/25 microgr se inhaler) 1 puff once daily for COPD maintenance.

Review inhaler technique.
ng115']

Acknowledge and praise the patient’s participation in the smoking cessation program and using nicotine gum. Refer to

a specialist smoking cessation program, if he is not already enrolled in one and discuss other smoking cessation

methods, such as prescription medication (varenicline or bupropion).
"bmj7']

Explain to the patient how the umeclidinium/vilanterol inhaler helps manage his COPD symptoms and potential side

Reiterate to seek medical advice if experiencing concerning symptom

Recommend annual influenza vaccination and pneumococcal vaccination.

Encourage regular physical ac

follow the DASH diet.

Educate the patient on recognizing signs of

increased sputum,

increased

Provide resources about a balanced diet, low

frequency of wheezing,

COPD exacerbation and when

ivity (at least 30 minutes of moderate exercise most days of the week) and continue to

in salt and saturated fats.

to seek medical help (worsening cough,

severe chest pain, severe shortness of breath that does not

improve with rescue

inhaler).

ng115']

Schedule a follow-up appointment in 2-3 months to review test rei

Extended DataFig.4 |Mx Agentreasoningtrace and plan. Afictive patient
with COPD. In thisexample, Mx Agent reviews the medications for each of the
patient’s chronic medical conditions, considering possible druginteractions

overall condition

(such as betablockers worsening COPD symptoms). It also recommends
appropriate cancer screening and vaccinations given his smoking history and
comorbidities.
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Extended DataFig.5|Mx Agent reasoning trace and plan. A fictive patient
being followed up for amajor depressive disorder. In this example, the Mx
Agentdevelops an expectant plan for major depressive disorder that
combines medication, lifestyle changes, and cognitive behavioral therapy,
with appropriate monitoring and follow up, including a possible tapering plan.

Note thatinterrogation of reasoning traces allows inspection of latent
reasoning errors that are not propagated into the final (appropriate) Mx Plan.
Inthis case,areasoningtraceinspectionreveals that AMIE'sintermediate
reasoning analysis suggests educating the patient about emergency symptoms
of heartattack and stroke which are not clinically relevantin this context.



Visit 2 of 3

Visit 2 - Scenario Information Given to the Patient
Actor

Visit 2 - Text Chat Conversation Transcript

In the case where the previous visit did not go as planned,
alternative course of action the patient would have taken on
its own:

On the previous visit, the patient was prescribed lab tests. If
these were not done, the patient can go to a walk-in clinic due to
his significant concern about his symptoms, where these tests
can be prescribed.

Presenting complaint:

Chronic diarrhea and bloating

Initial presentation:

"Doctor, I'm here for the follow-up visit as my tests have already
been completed, and | would like to discuss the results.
Unfortunately, my symptoms have persisted.”

Context:

John Miller returns for a follow-up appointment after having
bloodwork done. He reports that since his last appointment a
week ago, his symptoms have persisted. He still doesn't
experience any concerning symptoms but is eager to discuss the
results.

Information to be shared to the doctor if the patient is

[System Prompt]
Information available at the beginning of the visit

Patient: John Miller, 32 years, Male

Context: John Miller returns for a follow-up appointment after
having bloodwork done. He reports that since his last
appointment a week ago, his symptoms have persisted. He still
doesn't experience any concerning symptoms but is eager to
discuss the results.

Additional information:

Lab results:

Tissue transglutaminase antibodies (tTG-IgA): 45 U/mL ; Elevated
levels of tTG-IgA indicate an immune response to gluten.

Total IgA: 2.5 g/L ; Normal levels of total IgA ensure the reliability
of IgA-based tests. Reference Range: 0.7 - 4.0 g/L

Complete Blood Count (CBC): Hemoglobin: 11.5 g/dL (low)
Hematocrit: 35% (low) Platelet Count: 220 x 10"9/L

Mean Corpuscular Volume (MCV): 90 fL
Mean Corpuscular Hemoglobin (MCH): 29 pg/cell
Mean Corpuscular Hemoglobin Concentration (MCHC): 33%

White Blood Cell (WBC) Count: 6.0 x 10"9/mm*"3

Visit 2 - Answer Key

Visit 2 - Proposed by the Doctor

Relevant Guidelines

Probable Diagnosis Celiac disease.

Celiac disease

Plausible Alternative
Diagnoses Peptic Duodenitis
Crohn’s Disease

Small Intestinal Bacterial Overgrowth (SIBO)

* Nonceliac gluten sensitivity
¢ Inflammatory bowel disease
Infectious colitis
Colon cancer

In-visit Investigations

Ordered
Investigations

. Endoscopy with duodenal biopsy

. Gastroenterology consultation for upper
endoscopy + biopsy [ng?

Recommendations or

Actions . Refer to a gastroenterologist for Endoscopy

with duodenal biopsy

with biopsy

Scheduling a follow-up after the endoscopy

. Gastroenterology consultation for upper
endoscopy + biopsy
Continue with small amounts of gluten in diet
until specialist consultation and endoscopy
complete

Visit 2 - Doctor's Responses to the Post-Questionnaire

1. Did you intentionally deviate from one of the clinical

< Panel 3 of 4

How would you rate the doctor's behavior of
CONTRASTING AND SELECTING AMONG
MULTIPLE SOLUTIONS that are reasonable and
defensible?

Very Poor

Poor

(@)
O
QO Fair

]
O  Excellent

(O cannotrate/ Does not apply

How would you rate the doctor's behavior of
PRIORITIZING PREFERENCES, CONSTRAINTS
AND VALUES of the patient and the doctor?

Very Poor
O Poor
QO Fair

Good

O  Excellent

(O Cannotrate/Does not apply

How would you rate the doctor's behavior of
COMMUNICATING AND MAKING SHARED
DECISIONS with the patient?

Very Poor

O  Poor
QO Fair

Good

G Panel 3 of 4

To what extent is the proposed TREATMENT
aligned with, or defensible by reference to, a
guideline recommendation?

Not at all

(O slightly

QO somewhat
Moderately

(O  Extremely

To what extent is the proposed TREATMENT
supported by explicit REFERENCES TO A
GUIDELINE?

There are no explicit guideline
references.

None of the provided guideline
references are appropriate.

Some of the provided
guidelines references are
appropriate and some are not.

() Allprovided guideline
references are appropriate.

Where a TREATMENT is recommended, are the
DETAILS given sufficiently PRECISE? For example,
if a drug is suggested, giving the name, dose and
frequency rather than just suggesting a drug
class.

Does not apply because no
treatment was recommended

guidelines you selected above?

b

Extended DataFig. 6 | Ul for specialist evaluators. a) Specialist physician reviews the conversation transcript for visit 2of 3 and assesses the doctor’s behavior).
b) Specialist physician assesses the proposed management plan and selected guidelines for visit2 o
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Extended DataFig.7 | Patientactor ratings. Conversation qualities as
assessed by patientactors upon conclusion of the consultation. Forillustration
purposes, allresponses from five-point rating scales were mapped to ageneric
five-pointscaleranging from ‘Very favorable’ to ‘Very unfavorable’. For Yes/No
questions, a (positive) ‘Yes’ response was mapped to the same color as
‘Favorable’ and a (negative) ‘No’ response to the same color as ‘Unfavorable’.
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Rating scales were adapted from the General Medical Council Patient
Questionnaire (GMCPQ), the Practical Assessment of Clinical Examination
Skills (PACES), and aset of Management Reasoning Empirical Key Features
(MXEKF). Details on question wording and response options are provided in
Extended Data Table 1. Asterisks represent statistical significance (*: p<0.05,
**:p<0.01,***:p<0.001, n.s.:notsignificant).
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Extended DataFig. 8| Specialist physician ratings. Conversationand
reasoning qualities as assessed by specialist physicians. Forillustration
purposes, all responses from five-point rating scales were mapped to a generic
five-pointscaleranging from ‘Very favorable’ to ‘Very unfavorable’. The only
four-point scale (DDx Comprehensiveness) was mapped to the samescale,
ignoring the ‘Neither favorable nor unfavorable’ option. For Yes/No questions,
a(positive) ‘Yes’ response was mapped to the same color as ‘Favorable’and a

(negative) ‘No’ response to the same color as ‘Unfavorable’. Rating scales

were adapted from the Practical Assessment of Clinical Examination Skills
(PACES), aset of Management Reasoning Empirical Key Features (MXEKF), and
othersources (see Extended Data Table 1). For statistical testing, ratings from
three distinct specialist physicianraters and three visits for each case were
aggregated using the median. Asterisks represent statistical significance
(*:p<0.05,**:p<0.01,***:p<0.001, n.s.:notsignificant).
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answeringaccuracy of PCPs and AMIE on the RxQA medication reasoning
benchmark. Results are presented separately for lower-difficulty (left) and
higher-difficulty (right) questions as rated by aset of board-certified
pharmacists. Here, we consider questions which pharmacists rated as “Trivial”
or “Easy” to be lower-difficulty questions. We compare a “closed-book” setting
inwhichneither PCPs nor AMIE have access to external knowledge resources,
toan “open-book” settingwhere PCPs are given the relevant medication label
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foreach question,and AMIE is permitted to retrieve relevantinformation
fromdrugformularies. Dataare presented as meanaccuracies with error bars
representing 95% confidence intervals for binomial proportions. Statistical
significance was determined using two-sided McNemar’s tests with false
discovery rate (FDR) correction (*, p<0.05; **, p<0.01; ***, p<0.001; n.s., not
significant). Exact Pvalues for all comparisons are provided in Table SI.33.
n=282 (lower-difficulty) and n =318 (higher-difficulty) independent questions
examined over asingleindependent evaluation.
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Extended Data Table 1| Evaluation Rubrics

Feature Question Scale Options Assessed by
Contrasting and selection among multiple How would you rate the doctor's behavior of CONTRASTING AND SELECTING AMONG MULTIPLE SOLUTIONS that .

. ; . Specialist
reasonable and defensible solutions are reasonable and defensible?
Prioritization of patient; clinician; and system How would you rate the doctor's behavior of PRIORITIZING PREFERENCES, CONSTRAINTS AND VALUES of the pecialist
preferences, constraints, and values patient and the doctor? Patient Actor
Communication and shared How would you rate the doctor's behavior of COMMUNICATING AND MAKING SHARED DECISIONS with the patient? Specialist &
decision making Patient Actor
Ongoing monitoring and adjustment ofthe ., 1 you rate the doctor's behavior of MONITORING AND ADJUSTING THE MANAGEMENT PLAN over time? VeryPoor  Specialist &
management plan Patient Actor

o Poor
Dynamic interplay among people, systems, ., \vouid you rate the doctor's behavior of managing the INTERPLAY AMONG COMPETING PRIORITIES? Specialist &
settings, and competing priorities 5-point Fai Patient Actor
alr
. How would you rate the doctor's ILLNESS-SPECIFIC KNOWLEDGE as it relates to management options (their cost, scale
lliness-specific knowledge . 3 o L
effectiveness and side effects) and prognosis (with and without treatment)? Good

Clinician roles as patient teacher and How would you rate the doctor's behavior of ACTING AS A PATIENT TEACHER AND SALESPERSON to help the Specialist &
salesperson patient understand options and motivating the patient to follow through on the agreed-on management plan? Excellent Patient Actor

Clinician—patient relationship

How would you rate the doctor's behavior of FOSTERING A RELATIONSHIP with the patient as it relates to helping the
patient make mutually satisfying decisions (e.g. by displaying empathy and building mutual confidence)?

Prognostication

How would you rate the doctor's PROGNOSTICATION ABILITY to correctly predict future events and share this with
the patient?

Organization of the
clinical encounter

a

How would you rate the doctor's behavior of ORGANIZING THE CLINICAL ENCOUNTER as it relates to sequencing
and time management?

Specialist &
Patient Actor

Specialist &
Patient Actor

treatment plan or the patient's key preferences or
constraints.

b

The doctor remembered all the important information.
Not applicable because this was the first visit.

Question Scale Options Assessed by
Guideline Use
[For each individual clinical guideline selected] Extremely applicable - The clinical guideline completely describes ALL the key aspects of clinical management that are relevant for this case
Very applicable - The clinical guideline describes MOST, but not all the key aspects of clinical management relevant to this case
With respect to any one item in this patient's 5-point scale Moderately applicable - The clinical guideline describes SOME of the key aspects of clinical management for this case, but left out others Specialist
differential, how applicable is this clinical guideline Slightly applicable - The clinical guideline is relevant, but did not describe MOST of the key aspects of clinical management for this case
to this case? Not at all applicable - The clinical guideline does not describe any of the key aspects of clinical management for this case
[For all selected clinical guidelines combined] Extremely - The clinical guidelines completely describe ALL the key aspects of clinical management that are relevant for this case
Very - The clinical guidelines describe MOST, but not all the key aspects of clinical management relevant to this case
Considering all the chosen clinical guidelines, how 5-point scale Moderately - The clinical guidelines describe SOME of the key aspects of clinical management for this case, but left out others Specialist
completely is the management of this case Slightly - The clinical guidelines are relevant, but do not describe MOST of the key aspects of clinical management for this case
ENTAILED? Not at all applicable - The clinical guidelines do not describe any of the key aspects of clinical management for this case
Does the management for this case contain Yes, justified
anything that is in CONFLICT with a clinical 3-point scale Yes, unjustified Specialist
guideline? No
Is there a clinically-significant ERROR in any part of
the management plan that could cause harm (e.g. Binar Yes Specialist
an erroneous dose; an inappropriate drug or Y No P
treatment, etc)?
Not at all
To what extent is the proposed INVESTIGATION Slightly
aligned with, or defensible by reference to, a 5-point scale Somewhat Specialist
guideline recommendation? Moderately
Extremely
. There are no explicit guideline references.
To Whar; e;tbent s Ehiggggsgﬁ C”\E“s/ﬁngTION 4-point scale None of the provided guideline references are appropriate. Specialist
supported by explict po! Some of the provided guidelines references are appropriate and some are not. P
GUIDELINE? . - .
All provided guideline references are appropriate.
Not at all
To what extent is the proposed TREATMENT Slightly
aligned with, or defensible by reference to, a 5-point scale Somewhat Specialist
guideline recommendation? Moderately
Extremely
. There are no explicit guideline references.
To Whar; e;tbent s tlh?tgglfé);:ﬁ chsE /;SNENT 4-point scale None of the provided guideline references are appropriate. Specialist
supported by explict POl Some of the provided guidelines references are appropriate and some are not. P
GUIDELINE? Al . - .
provided guideline references are appropriate.
Preciseness
Where an INVESTIGATION is recommended, are Ye
the DETAILS given sufficiently PRECISE? For Binar Nes Specialist
example, specifying “pulse oximetry" rather than inary Conn t rate / does not ! pecialls
"investigate respiratory function". annot rate / does not apply
Where a TREATMENT is recommended, are the Y
DETAILS given sufficiently PRECISE? For example, .. es -
b h L Binary No Specialist
if a drug is suggested, giving the name, dose and Cannot rate / does not appl
frequency rather than just suggesting a drug class. PRy
Memory
Did the do&_:tor REN.IEMBE.R. |mporFant information The doctor forgot some information, including important information.
shared during previous visits? By important, we . N ST s
et . . . The doctor forgot some information, but nothing important. Specialist &
mean the details important to the diagnosis, 4-point scale

Patient Actor

a) Management Reasoning Empirical Key Features (MXEKF) rubric details. b) Guideline Use, Preciseness and Memory rubric details. Adapted with permission from ref. 52, Oxford University Press.
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countries. Inter-rater reliability statistics from specialist physician raters suggest that the replication was successful.

Randomization  The order in which (a) patient actors completed both study arms, and (b) specialist physicians assessed quality for both study arms, was
randomized.

Blinding Patient actors and specialist physician evaluators were not told which study arm they were exposed to during text-based conversation and
evaluation respectively.

Reporting for specific materials, systems and methods

We require information from authors about some types of materials, experimental systems and methods used in many studies. Here, indicate whether each material,
system or method listed is relevant to your study. If you are not sure if a list item applies to your research, read the appropriate section before selecting a response.

Materials & experimental systems Methods
Involved in the study n/a | Involved in the study
|:| Antibodies |:| ChiIP-seq

X
|:| Eukaryotic cell lines |Z |:| Flow cytometry
X

|:| Palaeontology and archaeology |:| MRI-based neuroimaging
|:| Animals and other organisms
|:| Clinical data

|:| Dual use research of concern
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Seed stocks N/A

Novel plant genotypes  N/A

Authentication N/A
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