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Abstract

Doctor-patient communication involves more
than medical correctness. Behaviours such
as active listening, empathy, reassurance, and
clear explanation play an important role in
building patient trust and supporting clinical
decision-making. However, most existing med-
ical large language model (LLM) benchmarks
focus primarily on factual reasoning and di-
agnostic capability, with limited evaluation of
communication quality and behavioural con-
sistency in multi-turn interactions. We intro-
duce a persona-grounded benchmark for doctor-
patient conversations in the Indian clinical con-
text. We further develop a rubric-based evalua-
tion framework with explicit four-level scor-
ing and principle-adherence filtering across
five dimensions: conversation initiation, re-
sponsiveness, empathy and emotional align-
ment, communication quality, and persona ad-
herence. Using a synthetically generated bench-
mark of 150 persona-grounded doctor-patient
conversations, we evaluate nine open-source
and proprietary foundation models on their
ability to distinguish desirable and intention-
ally poor clinical communication behaviours.
The results show that several models assigned
high behavioural scores even in conversations
containing intentionally poor doctor personas,
indicating difficulty in reliably separating so-
cially aligned communication from persona-
specific behaviour patterns. Overall, the bench-
mark highlights the importance of structured
behavioural evaluation for clinical dialogue sys-
tems.

1 Introduction

Doctor-patient interaction is one of the main inter-
faces through which healthcare is delivered, and
the social skills displayed in that interaction-how
the doctor greets the patient, elicits symptoms, ac-
knowledges emotions, explains procedures, han-
dles consent, and closes the encounter-shape clin-
ical outcomes, matters as much as the underlying

medical knowledge. This is especially consequen-
tial in overburdened healthcare systems such as
India, where short consultations, uneven access
to specialists, varied levels of health literacy, and
strong family involvement amplify the impact of
social-skill failures on patient trust, adherence, and
care experience.

Foundation models are becoming increasingly
capable of producing fluent medical dialogue, and
recent work has shown strong progress on medi-
cal question answering and diagnostic conversa-
tion systems (Singhal et al., 2023; Tu et al., 2025).
A model that performs well on biomedical ques-
tion answering, however, is not necessarily able
to demonstrate clinically appropriate social skills
when placed in the role of a doctor. Existing medi-
cal benchmarks largely measure factual recall and
diagnostic reasoning. They do not directly evaluate
whether a model can initiate a consultation, follow
patient leads, acknowledge emotions, explain pro-
cedures in accessible language, handle consent in
sensitive contexts, or maintain a specified clinical
persona across a full interaction.

This gap matters for social-good applica-
tions of foundation models. Synthetic doctor-
patient conversations underlie medical education,
communication-skills training, dataset augmenta-
tion, red-teaming, and the development of clinical
Al systems. These use cases require an evaluation
framework that measures social skills directly-not
as a byproduct of fluency or politeness. A model
that is uniformly warm and helpful may appear
safe on the surface, but if it cannot be evaluated on
whether it greets the patient, reflects their concern
back, or explains confidentiality in a sensitive set-
ting, an important class of clinical failure modes
remains invisible.

We address this gap with a benchmark for evalu-
ating the social skills exhibited by foundation mod-
els in doctor-patient conversations, situated in the
Indian clinical context. The benchmark is built



around a rubric-driven LLM-as-judge framework
that scores doctor turns on five dimensions of clin-
ical social skills: conversation initiation, respon-
siveness, empathy, communication accessibility,
and adherence to a specified persona and context.
Each dimension is operationalized through observ-
able behavioral signals drawn from the clinical-
communication literature, and several metrics in-
corporate a principle-adherence check that first de-
termines whether a behavior is contextually appli-
cable, so that models are not penalized for omitting
empathy when no emotional cue is present or for
not explaining confidentiality when the context is
not sensitive.

To make this evaluation possible, we construct a
test corpus of 150 synthetic doctor-patient conver-
sations grounded in a few anonymized seed scripts
from an Indian clinical setting, reviewed and val-
idated by practicing Indian clinicians. The cor-
pus pairs scenarios with desirable and undesirable
doctor personas across twenty-one clinical condi-
tions and diverse patient profiles. The corpus it-
self is not the primary contribution; it is the test
bed that makes the social-skill evaluation possible.
Earlier experiments with a GEval-style continuous
LLM evaluator (Liu et al., 2023) produced high,
poorly separated scores for conversations that dif-
fered meaningfully in social-skill quality, motivat-
ing the move to a categorical rubric with explicit
decision boundaries.

The benchmark is organized around three re-
search questions. RQ1: How reliably can LLM
judges distinguish desirable from intentionally un-
desirable doctor social skills in clinical conversa-
tions? RQ2: Which dimensions of doctor social
skills remain weak despite strong general fluency?
RQ3: Can compact local models serve as reli-
able judges of clinical social skills, enabling cost-
sensitive and privacy-sensitive evaluation in low-
and middle-income clinical settings? These ques-
tions connect directly to the FMSG setting: the
work concerns reliable and efficient foundation-
model use for healthcare, with attention to cultural
context, practical deployment constraints, and the
risks of evaluating only surface-level language qual-
ity.

The main contributions are:

* An evaluation framework for doctor social
skills. A rubric-driven LL.M-as-judge frame-
work that scores doctor-patient conversations
along five behavioral dimensions of clinical

social skills, using categorical 0-3 anchors and
principle-adherence checks that prevent penal-
ization when a behavior is not contextually
applicable.

* A benchmark of nine foundation models on
doctor social skills. A behavioral profile of
where local and frontier systems succeed and
where they fail, including a recurring conflict
between helpfulness-tuned alignment and the
faithful representation of undesirable clinical
personas.

* A localized Indian-context evaluation cor-
pus. 150 doctor-patient conversation scripts
grounded in a clinician-reviewed seed, with
paired desirable and undesirable doctor per-
sonas across twenty-one clinical conditions
and diverse patient profiles, released to sup-
port future work on Indian clinical communi-
cation.

* A methodological analysis of LLM-judge
limitations in this setting. Documentation
of why GEval-style continuous LLM scor-
ing proved insufficiently discriminative for
clinical social-skill evaluation and how an an-
chored categorical rubric addresses the ob-
served failure modes.

2 Related Work

2.1 Medical foundation models

Large language models have been evaluated exten-
sively on medical knowledge tasks. Med-PaLM
and MultiMedQA demonstrated that instruction-
tuned LLMs can perform strongly on medical
question-answering benchmarks and long-form
consumer medical questions (Singhal et al., 2023).
More recent conversational diagnostic systems
such as AMIE focus directly on clinical dialogue,
combining simulated interaction, automated feed-
back, and human evaluation across diagnostic and
communication axes (Tu et al., 2025). Comple-
mentary efforts such as Healthcare Copilot further
explore the use of general-purpose LLMs for end-
to-end medical consultation workflows, highlight-
ing their ability to structure multi-turn interactions
while maintaining clinical relevance (Zhang et al.,
2024).

Recent work has also emphasized the need for
systematic evaluation of medical LLMs. A com-
prehensive taxonomy of evaluation methods cat-



egorizes benchmarks across knowledge, reason-
ing, safety, and interaction dimensions, highlight-
ing gaps in dialogue-level assessment (Silva et al.,
2025). Similarly, task-oriented evaluation frame-
works such as MMDEVval introduce interactive di-
alogue settings to assess model performance in
realistic clinical tasks (Wang et al., 2025). Despite
these advances, most systems remain focused on
diagnostic correctness or task completion. The
present work asks a complementary question: can
foundation models exhibit clinically appropriate
social skills, including in scenarios where the pre-
scribed persona is intentionally undesirable, and
can those social skills be evaluated at scale?

This distinction matters because medical com-
petence and social competence are not identical.
A model may recommend a plausible test while
failing to ask an open-ended question, acknowl-
edge fear, explain confidentiality, or check whether
the patient understood the proposed procedure.
Conversely, a model may sound warm and fluent
while failing to maintain a deliberately undesir-
able persona needed for simulation. The proposed
benchmark is therefore positioned closer to clinical-
communication-skills evaluation than to factual
medical QA.

2.2 Clinical communication assessment

Medical education has long treated communication
as a trainable and assessable clinical skill. The
Kalamazoo Consensus Statement identifies core
physician communication tasks, including building
the relationship, opening the discussion, gathering
information, understanding the patient’s perspec-
tive, sharing information, reaching agreement, and
providing closure (Makoul, 2001). Protocols such
as SPIKES similarly operationalize difficult com-
munication tasks such as breaking bad news (Baile
et al., 2000). These frameworks motivate the social-
skill dimensions used in this work: initiation, re-
sponsiveness, empathy, accessible communication,
and consent-related behaviours.

Recent benchmarks such as MedDialogRubrics
and MEDPI extend this line of work by proposing
structured evaluation frameworks for multi-turn
medical consultations and patient-facing interac-
tions, emphasizing rubric-based scoring and sce-
nario diversity (Chen et al., 2026; Kumar et al.,
2026). Unlike traditional checklists used in hu-
man training, these principles are adapted into an
automated rubric for evaluating generated conver-
sations.

The clinical-communication literature also mo-
tivates the emphasis on observable behaviours.
Rather than asking whether a conversation is gener-
ally “high quality,” the rubric asks whether the doc-
tor greets the patient, invites the chief concern, uses
open-ended questions, follows patient cues, reflects
understanding, explains risks and benefits, and pro-
vides reassurance when appropriate. This makes
the rubric closer to a clinical communication-skills
checklist while remaining scalable through LLM-
assisted scoring.

2.3 Persona-conditioned generation

Persona conditioning is commonly used to make
dialogue agents consistent, controllable, and realis-
tic. In healthcare simulation, persona fidelity is not
merely stylistic. It determines whether a generated
interaction can support training, evaluation, or red-
teaming. Desirable doctor personas should demon-
strate empathy, clarity, and patient-centredness,
while undesirable doctor personas may display dis-
missiveness, bluntness, poor listening, or rushed
consent. A model that collapses all personas into
generic helpfulness can obscure clinically relevant
failure modes.

Recent work such as Roleplay-doh enables
domain experts to construct simulated personas
grounded in explicit principles, improving con-
trollability and realism in generated interactions
(Louie et al., 2025). Similarly, selective prompting
approaches for personalized conversations demon-
strate how LLMs can be guided to maintain con-
sistent behavioural traits across turns (Huang et al.,
2025). These approaches reinforce the importance
of controllable persona adherence, which is central
to the social-skill evaluation proposed in this work.

2.4 LLM-as-judge evaluation

LLM-as-judge methods offer scalable reference-
free evaluation and have been applied to summa-
rization, dialogue, alignment, and open-ended gen-
eration (Liu et al., 2023; Li et al., 2024). However,
prior work also notes reliability concerns, including
bias, calibration instability, and weak reproducibil-
ity in some settings (Bavaresco et al., 2025). Pre-
liminary GEval experiments in this project showed
a domain-specific version of this problem: continu-
ous numeric scoring saturated around moderate-to-
high values and failed to separate conversations that
were meaningfully different in clinical social-skill
quality.



Recent simulation benchmarks such as Agent-
Clinic further highlight the importance of struc-
tured evaluation in realistic clinical environments,
combining multimodal interaction and task-driven
assessment (Schmidgall et al., 2025). The frame-
work developed here therefore uses explicit cate-
gorical rubrics and structured justifications rather
than free numeric scores.

The approach does not claim that LLM judges
replace expert clinical review. Instead, it treats the
judge as a scalable first-pass evaluator whose de-
cisions are constrained by explicit rubrics with an-
chored behavioral signals. This is especially useful
during dataset and prompt iteration, where teams
need to inspect many model outputs quickly. The fi-
nal benchmark should still be strengthened through
clinician validation, which remains an important
next step.

3 Evaluation Corpus

3.1 Design Goals

The corpus was designed to support a rubric-based
evaluation of doctor social skills in three respects.
First, the conversations must contain enough in-
teractional structure for the rubric’s behavioral
signals-greeting, paraphrasing, emotional acknowl-
edgement, consent discussion-to be meaningfully
present or absent. Second, the conversations must
be localized to Indian clinical settings, where
family involvement, respect for medical author-
ity, home remedies, language mixing, and access
constraints shape how patients behave and what
doctors are expected to do. Third, the corpus must
include both desirable and undesirable doctor per-
sonas in matched proportions, so that the same
evaluation rubric can be applied across the social-
skill spectrum without being driven by selection
bias toward idealized examples.

These goals led to several construction con-
straints. Conversations had to be long enough for
relationship-building and consent behaviours to ap-
pear, so very short single-turn exchanges were ex-
cluded. The patient was given enough agency to
ask questions, hesitate, challenge, or defer to fam-
ily, because such behaviours reveal whether the
doctor follows patient leads or not. The doctor per-
sona was required to influence the whole conver-
sation rather than only the first utterance. Finally,
the corpus had to include sensitive contexts-HIV
testing, reproductive health, psychiatric treatment,
genetic testing-where confidentiality and consent

Axis Examples

Patient persona  Fearful, skeptical, informed, reluctant,
demanding, non-compliant

Desirable: empathetic, supportive, in-
vestigative;

Undesirable: authoritative, blunt, pes-

simistic, busy

Doctor persona

Condition Cancer treatment, HIV testing, dialysis,
anesthesia, blood transfusion
Diversity Age, gender, economic status, health

literacy, support system, urban/rural ac-
cess

Table 1: Corpus design axes used to construct persona-
grounded doctor-patient conversations for evaluation.

are not optional embellishments but core clinical
behaviours.

3.2 Seed Script and Taxonomy

Corpus construction began from an anonymized
seed consultation script obtained from a practic-
ing Indian clinician. The seed focused on a minor
procedure and included several behaviours rele-
vant to social-skill evaluation: greeting, symptom
elicitation, explanation of a procedure, risk-benefit
discussion, patient hesitation, reassurance, consent,
and closure. The seed was used as an interaction
template, not as a memorized example. All identi-
fying details were removed before further use, and
the corpus consists entirely of synthetic conversa-
tions.

A taxonomy of patient and doctor profiles was
constructed from project attribute sheets. Patient
personas span emotional and interactional stances
including fearful, frustrated, angry, embarrassed,
overwhelmed, confused, skeptical, informed, reluc-
tant, defensive, demanding, silent, non-compliant,
and care-seeking. Doctor personas are divided
into desirable and undesirable. Desirable doctor
personas include empathetic, reassuring, support-
ive, investigative, patient-centred, optimistic, holis-
tic, and detail-oriented styles. Undesirable doc-
tor personas include authoritative, pessimistic, di-
rect/blunt, and busy/rushed styles. Each conversa-
tion also samples a clinical condition (cancer treat-
ment, tuberculosis treatment, kidney transplant,
HIV/AIDS testing, blood transfusion, psychiatric
treatment, reproductive health, cardiac procedures,
dialysis, anesthesia, pain management, severe in-
fections, among others) and a set of diversity at-
tributes spanning age group, gender, economic sta-
tus, health literacy, support system, and urban/rural
access.



Stage Main refinement

v1-v3 Seed-script prompting and manual prompt
shaping for consent-oriented dialogue

v4-v7 Larger script batches with randomized patient

and doctor attributes
\ Hypothesis split and Western-to-Indian conver-
sion experiment
Explicit desirable/undesirable doctor branches
and larger balanced script sets
Small controlled regeneration passes for
branch-specific debugging
vl4 Final 75/75 split with structured diversity sam-
pling and persona-specific undesirable-doctor
prompts

vO-vll

v12-v13

Table 2: Summary of corpus-construction iterations.

The seed script and the generated corpus were
reviewed by practicing Indian clinicians, who con-
firmed that the conversations were realistic to In-
dian clinical settings, captured culturally appropri-
ate patient behaviours, and faithfully represented
the prescribed doctor persona in both the desirable
and undesirable branches. This clinician review is
the basis on which the corpus is used as a reliable
test bed for the social-skill evaluation that follows.

3.3 Corpus Construction Pipeline

The corpus was built across fifteen iterations of
prompt design. Early iterations generated a small
number of scripts from the seed consultation and
focused on producing realistic consent-oriented
doctor-patient dialogue. Subsequent iterations ex-
panded the number of scripts, added random sam-
pling from the attribute sheets, and introduced ex-
plicit patient persona, doctor persona, age, condi-
tion, and diversity fields. A middle phase experi-
mented with cultural transfer: scripts were first gen-
erated in a Western clinical-communication style
and then rewritten into an Indian context. This in-
termediate step helped identify which cultural ele-
ments should be represented directly in the prompt,
including family consultation, home remedies, re-
spectful address, fear of procedures, and doctor-as-
authority dynamics. Later iterations removed the
two-stage conversion and generated Indian-context
conversations directly. A summary of the iterations
appears in Table 2.

Several candidate models were considered for
corpus generation, including GPT-40-mini, GPT-
40, 01, and ol-mini. They were compared qualita-
tively during prompt development on their ability
to produce natural multi-turn conversations, pre-
serve the prescribed patient and doctor personas,

maintain Indian cultural grounding, follow the de-
sirable/undesirable doctor split, and scale to a 150-
script corpus without excessive cost or latency.
GPT-40-mini was selected for the final corpus be-
cause it produced fluent conversations that pre-
served the requested metadata, consistently sur-
faced Indian-context cues such as family involve-
ment and home-remedy references, and was more
reliable for batch generation than the reasoning-
oriented variants. This selection is reported for
transparency about how the corpus was built; it is
not a claim about which model is the best clinical-
dialogue generator, and corpus generation is not
the task that this paper evaluates.

The final phase split corpus construction into
desirable and undesirable doctor branches. The
desirable branch prompted for empathy, clarity,
professionalism, accessible explanations, patient
questions, and meaningful consent. The undesir-
able branch introduced persona-specific behaviour
guides for authoritative, pessimistic, blunt, and
busy doctors, instructing the generator to preserve
these traits throughout the conversation. The final
version also made diversity sampling more struc-
tured: instead of selecting a single broad diver-
sity phrase, it sampled one value from each of six
categories-age, gender, economic status, health lit-
eracy, support system, and location.

The final corpus contains 150 conversations:
75 with desirable-doctor personas and 75 with
undesirable-doctor personas. Each conversation
contains approximately 15 doctor turns and 15 pa-
tient turns, with metadata specifying the sampled
patient persona, doctor persona, age, condition, and
diversity profile. The corpus is synthetic and in-
tended for research and evaluation only; it should
not be treated as clinical advice.

3.4 Why Persona Contrast Matters for
Evaluation

The 75/75 desirable/undesirable split is not an en-
dorsement of poor clinical communication. It is
an evaluation design choice. If all scripts in the
corpus contained idealized doctors, the rubric and
any LLM judge applied to it would tend to reward
generic politeness, fluency, and medical relevance.
Paired desirable and undesirable scenarios create
a sharper test: the evaluation must distinguish a
model that genuinely demonstrates patient-centred
social skills from a model whose outputs are merely
fluent, and it must also detect when a model has
failed to maintain an undesirable persona that was



explicitly prescribed.

The undesirable branch also exposes a subtle
alignment behaviour. Many instruction-tuned mod-
els have been optimized to avoid harmful or im-
polite responses. That objective is valuable for
direct deployment, but it conflicts with educational
and red-teaming use cases. A model that rewrites
an authoritarian doctor into a supportive one may
appear safer, yet it fails to demonstrate the persona-
controlled behaviour that a training or red-team set-
ting needs to study. For this reason, the evaluation
treats persona fidelity as a social-skill dimension in
its own right, separate from whether the underlying
clinical behaviour is desirable.

4 Evaluation Framework

4.1 Evaluation Objectives

The evaluation framework was designed to assess
behavioural aspects of clinical conversations rather
than general response quality alone. The primary
objective was to evaluate whether foundation mod-
els could reliably identify desirable and intention-
ally poor doctor behaviours across longer multi-
turn interactions.

Unlike traditional dialogue evaluation settings
that focus primarily on fluency, coherence, or fac-
tual correctness, our framework focuses on observ-
able communication patterns within the consulta-
tion. These include behaviours related to empathy,
responsiveness, conversational structure, patient
engagement, and adherence to the intended doctor
persona.

The framework was also designed to support
interpretable scoring. Instead of relying on un-
restricted quality judgments, evaluation was per-
formed using explicit behavioural rubrics tied to
clinically meaningful interaction patterns.

4.2 Behavioural Dimensions

The evaluation pipeline measures five high-level
behavioural dimensions:

* Conversation Initiation: evaluates how the
doctor begins the interaction, including greet-
ing behaviour, introduction quality, patient
acknowledgement, and consultation setup.

* Responsiveness: measures whether the doc-
tor appropriately responds to patient concerns,
emotional cues, follow-up questions, and con-
textual information shared during the interac-
tion.

Dimension Metrics

Initiation Greeting, opening question, open-
ended question

Responsiveness  Active listening, paraphrasing, follow-
ing leads, topic redirection

Empathy Personalization, emotion recognition,
empathy, reassurance

Communication Language complexity, fluency, confi-
dentiality explanation

Persona Doctor/patient persona and parameter

adherence

Table 3: Five-dimensional evaluation framework for
clinical conversation quality.

* Empathy and Emotional Alignment: eval-
uates emotional acknowledgement, reassur-
ance, supportive communication, and the abil-
ity to respond appropriately to patient distress
or anxiety.

* Communication Quality: focuses on clar-
ity of explanation, patient-friendly language,
engagement quality, conversational structure,
and the ability to maintain meaningful inter-
action throughout the consultation.

* Persona Adherence: evaluates whether the
doctor consistently maintains the intended be-
havioural persona across the conversation, in-
cluding both desirable and intentionally poor
communication styles.

These dimensions were further divided into 15
fine-grained behavioural metrics used during scor-
ing, as shown in Table 3.

4.3 Rubric-Based Scoring

Initial experiments used GEval-style continuous
scoring for behavioural assessment. However, this
approach produced weak score separation across
conversations with meaningfully different commu-
nication behaviours. Conversations that were fluent
and coherent often received favorable scores even
when important behavioural patterns were absent.

To improve interpretability and behavioural dis-
crimination, the final framework uses explicit four-
level behavioural rubrics for each metric. The scor-
ing levels are shown in Table 4.

The rubric definitions were designed to priori-
tize observable behavioural cues instead of overall
conversational fluency.



Score Interpretation Model Category

0 Behaviour absent or contradictory to expected Llama 3.1 8B Local 8B instruct model
interaction pattern Qwen3 8B Local 8B Qwen-family model

1 Limited or inconsistent behavioural alignment Mistral 7B Local 7B instruct model
with noticeable communication deficiencies Nemotron Nano 8B Compact instruction-following

2 Generally appropriate behavioural alignment model
with minor limitations Gemini 2.5 Flash Frontier API model

3 Strong and consistent behavioural alignment with Gemini 3 Flash Frontier preview API model

intended interaction style

Table 4: Four-level rubric used for behavioural evalua-
tion.

4.4 Principle-Adherence Filtering

Not all behavioural metrics are applicable to ev-
ery clinical conversation. Certain interactions may
not contain emotional distress, confidentiality con-
cerns, or sensitive decision-making scenarios re-
quiring evaluation of specific communication be-
haviours.

To address this, the evaluation pipeline includes
a principle-adherence filtering mechanism. During
scoring, non-applicable metrics are dynamically ex-
cluded from aggregation instead of being assigned
low scores. In implementation, such metrics are
represented using a sentinel value of -1 before final
score computation.

This prevents conversations from being penal-
ized for behavioural dimensions that are irrelevant
to the interaction context and improves fairness
across diverse clinical scenarios.

4.5 Evaluation Pipeline

The proposed framework was used to evaluate nine
open-source and proprietary foundation models
as behavioural evaluators on the 150-conversation
benchmark. The evaluated systems included both
compact local models and larger frontier API mod-
els spanning different model families, scales, and
alignment strategies.

Each evaluator model independently assessed
all benchmark conversations using identical be-
havioural metrics, rubric definitions, and scoring
instructions. The evaluation prompts explicitly de-
fined the expected interaction behaviour for each
metric together with the corresponding four-level
rubric criteria in order to reduce ambiguity and
improve scoring consistency across models.

During evaluation, models first identified the
relevant portions of the interaction for a given met-
ric and then assigned a categorical score based
on observable behavioural evidence. Metrics that
were not applicable to a particular conversation

Gemini 3.1 Pro
DeepSeek Chat
DeepSeek Reasoner

Frontier large-scale API model
Frontier conversational model
Reasoning-oriented frontier model

Table 5: Foundation models evaluated using the pro-
posed behavioural evaluation framework.

were excluded dynamically through the principle-
adherence filtering mechanism described earlier.

The evaluated models are listed in Table 5.

Scores were aggregated at the metric, dimen-
sion, and model levels. In addition to overall aggre-
gated scores, good-doctor and bad-doctor conversa-
tions were analyzed separately to evaluate persona
preservation capability across different interaction
settings.

The framework was designed to measure be-
havioural separation rather than binary good-
versus-bad classification alone. Instead of assign-
ing a single pass/fail label, the rubric provides
a fine-grained behavioural profile across dimen-
sions such as responsiveness, empathy, communi-
cation quality, and persona adherence. This en-
ables more detailed analysis of evaluator strengths,
behavioural biases, and failure modes across clini-
cally relevant communication scenarios.

S Results and Analysis

5.1 Overall Behavioral Separation

The results show a clear variation in how effectively
different foundation models distinguish between
desirable and intentionally poor doctor behaviors.
Since all evaluated models act as behavioral eval-
uators rather than conversation generators, the pri-
mary objective was to measure how reliably each
model could identify clinically meaningful inter-
action patterns and preserve behavioral separation
across good-doctor and bad-doctor scenarios.
Overall, frontier proprietary models demon-
strated strong performance in fluency-oriented and
language-oriented metrics. However, several of
these models also showed weaker separation be-
tween good and bad doctor personas, particularly
when poor-doctor conversations remained conver-
sationally coherent and medically informative.



In contrast, local models demonstrated compara-
tively stronger persona discrimination and behav-
ioral consistency despite lower overall conversa-
tional sophistication.

5.2 Conversation Initiation and
Responsiveness

Table 6 summarizes the results for conversa-
tion initiation metrics. Mistral 7B achieved the
strongest overall performance across greeting qual-
ity, opening-question quality, and open-ended en-
gagement, followed closely by Llama 3.1 8B and
Qwen3 8B. Most other models showed moderate
performance differences across these metrics.

Responsiveness-related metrics are shown in Ta-
ble 7.

Qwen 3 8B, and Mistral 7B demonstrated
strong performance in active listening and patient-
following behaviour, followed by Llama 3.1 8B.
However, paraphrasing quality remained inconsis-
tent across several models, suggesting that reflec-
tive conversational grounding is harder to evaluate
reliably than general conversational continuity. For
Qwen3 8B, paraphrasing scores are omitted be-
cause the evaluator consistently marked the metric
as “Not Applicable” across benchmark conversa-
tions.

5.3 Empathy and Communication Quality

Empathy-related results are shown in Table 8.
Qwen 3 8B, Mistral 7B, and Llama 3.1 8B consis-
tently achieved the strongest scores in emotional ac-
knowledgement, reassurance, and supportive com-
munication. Nemotron Nano 8B also demonstrated
a better performance across empathy-oriented met-
rics against the proprietary models. Examining
scores assigned to intentionally poor doctor conver-
sations on Personalization specifically, Nemotron
Nano 8B (2.25), Gemini 2.5 Flash (2.99), Gemini 3
Flash (2.99), Gemini 3.1 Pro (2.63), and DeepSeek
Reasoner (2.12) assigned scores in the 2 to 3 range,
while Llama 3.1 8B (0.88), Qwen3 8B (0.12), Mis-
tral 7B (0.08), and DeepSeek Chat (1.60) assigned
scores below 1.6 on the same conversations. The
first group of judges fails to penalize undesirable
doctor behavior on socially-loaded metrics such
as personalization, empathy, and reassurance, even
when the prescribed persona is intentionally poor.
This suggests that highly aligned conversational
models may sometimes prioritize socially support-
ive interpretation over strict persona-sensitive eval-
uation.

Communication-quality results are summarized
in Table 9. Most frontier models achieved near-
maximum fluency scores regardless of persona set-
ting, indicating strong conversational smoothness
across interactions. However confidentiality expla-
nation showed substantially different behavior.

Overall, Qwen 3 8B consistently achieved strong
scores in this set of metrics, followed by Nemotron
Nano 8B and the proprietary models, receiving
good scores. This indicates that conversational flu-
ency alone does not necessarily correspond to a
stronger evaluation of clinically relevant communi-
cation behaviors.

5.4 Persona Adherence

Persona adherence emerged as one of the most
challenging dimensions overall. Table 10 shows
that strong performance in empathy and fluency did
not consistently translate into reliable evaluation of
intentionally poor doctor personas.

Gemini 2.5 Flash and DeepSeek Chat achieved
the strongest overall persona-adherence perfor-
mance, while Nemotron Nano 8B demonstrated
comparatively balanced behaviour across both
good-doctor and bad-doctor settings.

In contrast, models such as Qwen3 8B and Mis-
tral 7B showed substantial performance degrada-
tion in bad-persona evaluation, indicating weaker
behavioural separation despite acceptable perfor-
mance in supportive conversational settings.

5.5 Summary

The results indicate substantial variation in how
different models evaluated clinically meaningful
conversational behavior. The results indicate that
strong conversational fluency and supportive lan-
guage generation do not necessarily correspond to
strong behavioral discrimination between appropri-
ate and intentionally poor doctor interactions.

Open-weight models like Llama 3.1 8B, Qwen3
8B, and Mistral 7B demonstrated strong per-
formance across initiation, responsiveness, and
empathy-oriented metrics. Qwen3 8B achieved
especially strong results in open-ended question-
ing, emotional recognition, empathy, reassurance,
and active listening behaviours.

In contrast, proprietary models consistently
achieved near-maximum fluency scores and highly
polished conversational outputs. However, several
of these models demonstrated weaker behavioral
separation between good-doctor and bad-doctor



Model Greeting Quality Opening Question Open-Ended Questions
Llama 3.1 8B 2.55 2.07 2.13
Qwen3 8B 2.34 1.89 2.51
Mistral 7B 2.69 2.05 227
Nemotron Nano 8B 1.67 1.37 1.95
Gemini 2.5 Flash 1.51 1.56 1.39
Gemini 3 Flash 1.43 1.54 1.48
Gemini 3.1 Pro 1.50 1.54 1.50
DeepSeek Chat 1.55 1.53 1.49
DeepSeek Reasoner 1.48 1.56 1.47

Table 6: Model performance evaluated using metrics covering conversation initiation.
Model Active Listening Paraphrasing Following Leads Topic Redirection
Llama 3.1 8B 2.29 1.82 2.13 2.01
Qwen3 8B 2.82 NA 2.82 2.00
Mistral 7B 2.65 2.00 2.14 2.46
Nemotron Nano 8B 1.73 1.41 1.62 1.35
Gemini 2.5 Flash 1.51 1.40 1.57 1.63
Gemini 3 Flash 1.50 1.51 1.51 1.00
Gemini 3.1 Pro 1.47 1.51 1.48 0.00
DeepSeek Chat 1.59 1.46 1.55 1.00
DeepSeek Reasoner 1.50 1.41 1.46 0.00

Table 7: Performance of various models across metrics covering responsiveness of a conversation.

personas, particularly when poor-doctor conversa-
tions remained conversationally coherent or medi-
cally informative. As summarized in Table 11, lo-
cal models, particularly Qwen3 8B, outperformed
several proprietary models, likely due to their
stronger adherence to explicit behavioural cues and
reduced tendency toward alignment-driven reason-
ing that smooths undesirable personas.

These findings suggest that behavioral evalua-
tion depends on more than general conversational
quality alone. Models optimized for fluency and so-
cially supportive interaction may struggle to consis-
tently identify subtle but clinically important neg-
ative conversational behaviors. Empathy-focused
evaluation settings may benefit from frontier con-
versational models, whereas simulation-oriented
applications requiring reliable negative-persona as-
sessment may benefit more from models demon-
strating stronger behavioral separation and persona
adherence consistency.

6 Discussion

Implications for Indian clinical settings. The
benchmark emphasizes culturally situated social
skills rather than generic medical helpfulness. In-
dian clinical interactions can involve family consul-
tation, deference to doctors, fear of procedures, re-
liance on home remedies, and uneven access to care.
Models that ignore these factors may still sound

fluent but fail to reproduce the social-interaction
context that trainees or evaluators need. Evaluating
doctor social skills in this context is therefore not a
stylistic preference; it is a precondition for trustwor-
thy use of foundation models in Indian healthcare
applications.

Helpfulness alignment can reduce social-skill
controllability. The most striking finding is that
models often resist undesirable-doctor behaviour
by making the doctor warmer, more polite, or more
supportive than prescribed. This may be desirable
for direct patient-facing deployment, but it is a
limitation for simulation, red-teaming, and training-
data generation. Social-good uses of foundation
models require the ability to exhibit harmful or
suboptimal social-skill patterns under controlled
conditions so that they can be detected, studied,
and mitigated.

Rubric design materially changes what evalu-
ation can reveal. The move from GEval-style
continuous scoring to anchored categorical rubrics
changed what the evaluation could reveal about
doctor social skills. Continuous LLM-judge scores
rewarded fluency and produced weak discrimina-
tion across social-skill quality. The anchored rubric
exposed concrete failure modes: missing greetings,
absent paraphrasing, weak confidentiality expla-
nations, and persona collapse in undesirable sce-



Model Personalization Emotion Recognition Empathy Reassurance
Llama 3.1 8B 1.99 2.28 2.29 2.65
Qwen3 8B 2.75 2.61 2.94 2.96
Mistral 7B 2.49 1.95 2.46 2.70
Nemotron Nano 8B 1.57 2.17 1.82 1.59
Gemini 2.5 Flash 1.51 1.63 1.51 1.51
Gemini 3 Flash 1.51 1.54 1.49 1.50
Gemini 3.1 Pro 1.47 1.59 1.53 1.50
DeepSeek Chat 1.57 1.51 1.52 1.57
DeepSeek Reasoner 1.54 1.57 1.53 1.50

Table 8: Comparison of model performance on metrics across empathy and communication quality.

Model Language Complexity Fluency Confidentiality Explanation
Llama 3.1 8B 1.89 1.88 1.98
Qwen3 8B 2.44 2.80 1.53
Mistral 7B 2.45 1.30 1.58
Nemotron Nano 8B 1.73 2.98 1.58
Gemini 2.5 Flash 1.53 2.99 1.53
Gemini 3 Flash 1.51 3.00 1.51
Gemini 3.1 Pro 1.43 3.00 1.52
DeepSeek Chat 1.54 2.99 1.54
DeepSeek Reasoner 1.61 2.99 1.52

Table 9: Overall communication-quality scores across evaluated models.

Model Persona Adherence Model Good Bad Gap(G—B)
Llama 3.1 8B 1.80 Qwen3 8B 235 052 1.83
Qwen3 8B 1.81 Mistral 7B 1.87 0.28 1.59
Mistral 7B 1.18 Llama 3.1 8B 2.08 0.85 1.23
Nemotron Nano 8B 1.95 Nemotron Nano 8B 2.65 2.36 0.29
Gemini 2.5 Flash 2.28 Gemini 2.5 Flash 2.19 212 0.07
Gemini 3 Flash 1.39 DeepSeek Chat 1.72  1.66 0.06
Gemini 3.1 Pro 1.09 DeepSeek Reasoner  1.83 1.83 0.00
DeepSeek Chat 2.15 Gemini 3 Flash 205 201 0.04
DeepSeek Reasoner 1.93 Gemini 3.1 Pro 1.92  1.95 —-0.03

Table 10: Table of model score on the persona-
adherence metric.

narios. This suggests that domain-specific LLM-
as-judge evaluation should be grounded in explicit
behavioural signals rather than generic quality judg-
ments.

Ethical considerations. The corpus is syn-
thetic and should not be used as clinical advice.
Undesirable-doctor scripts are included only for
research, simulation, and safety evaluation. Any
release will document intended uses and prevent
presentation of poor doctor behaviour as acceptable
practice. The seed script was anonymized, and no
protected health information appears in the released
data. For double-blind submission, repository links
and institutional identifiers remain anonymized.

Limitations. The corpus contains 150 scripts and
is not a comprehensive representation of Indian

Table 11: Judge discrimination on the persona-grounded
benchmark. Good and Bad are mean scores assigned by
each judge to desirable-doctor and undesirable-doctor
conversations, respectively. Gap (G—B) is the discrim-
ination gap: a higher gap indicates a judge that more
reliably separates desirable from intentionally undesir-
able clinical social skills. A near-zero or negative gap
indicates a judge that fails to discriminate.

healthcare. The conversations are derived from
one seed interaction and a finite taxonomy of per-
sonas and conditions. The evaluation relies on an
LLM judge, which can carry its own biases despite
the anchored rubric. Formal clinician-rater valida-
tion of the judge’s social-skill scores is ongoing
and should be added before using these metrics
in deployment-facing settings. The benchmark
is currently English/Hinglish-oriented and does
not cover the full multilingual diversity of Indian
healthcare. Per-conversation, per-judge raw score
distributions are released alongside the corpus and



prompts at the project repository, enabling inde-
pendent inspection of judge behavior on individual
conversations and dimensions.

7 Conclusion and Future Work

This paper introduced a rubric-driven LLM-as-
judge benchmark for evaluating the social skills
exhibited by foundation models in doctor-patient
conversations, grounded in the Indian clinical
context. Across nine local and frontier foun-
dation models, the evaluation reveals that sys-
tems are often fluent and empathetic but inconsis-
tently reliable on structured clinical social skills
such as initiation, paraphrasing, confidentiality
explanation, and undesirable-persona discrimina-
tion. Qwen3 8B is among the most discriminating
judges of clinical social skills despite its compact
size, suggesting that smaller open-weight mod-
els can be viable for cost-sensitive and privacy-
sensitive clinical evaluation. The rubric definitions,
prompts, evaluation outputs, and corpus are re-
leased at https://github.com/DhruvAwasthi/
DocPersona-IN to support reproducibility. Future
work will scale the evaluation corpus, add formal
clinician-rater validation of judge scores, expand
to Indian languages, and evaluate multilingual and
speech-based interactions.
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A Evaluation Logs

To enable independent inspection of the judge be-
havior described in Section 4, the full evaluation
logs containing one entry per (judge, metric, con-
versation) tuple are released at https://github.
com/DhruvAwasthi/DocPersona-IN.
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