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Abstract

Patient-facing medical LLMs are typically eval-
uated for clinical knowledge and safety, but
clinically correct answers can still fail patients
by missing fear, mishandling uncertainty, or
offering emotionally unsafe reassurance. We
introduce MedEQ, a benchmark for clinical
emotional intelligence in medical communica-
tion. MedEQ includes 413 clinically grounded
consultation scenarios across 51 specialties and
7,336 expert-refined rubric items over 21 core
dimensions. These expert-validated rubrics
operationalize emotional cue recognition, em-
pathic adequacy, ethical emotional regulation,
and affective safety, enabling diagnostic eval-
uation rather than a single holistic empathy
score. Using an LLM-as-judge rubric pipeline,
we find that strong contemporary models of-
ten handle surface compassion, safety, and re-
sponse structure, yet remain weak on deeper
emotional inference, personalization, mixed
emotions, cultural context, and real-time re-
sponses to illness-related distress. We further
conduct a proof-of-concept rubric-guided rein-
forcement learning study, showing that MedEQ-
derived rubric signals can transfer to an in-
dependent emotional intelligence benchmark:
rubric-guided training of Qwen3-32B improves
EQ-Bench performance from 42.42 to 81.49
while preserving or slightly improving standard
medical benchmark scores. MedEQ1 therefore
makes clinical emotional intelligence measur-
able and decomposable, and provides evidence
that expert-refined rubrics can support the eval-
uation and improvement of patient-facing med-
ical AI.

1 Introduction

Empathy is not merely a conversational style in
medical applications. It shapes whether patients
disclose symptoms, understand risk, trust advice,

1We have already published the code and data at https:
//github.com/AQ-MedAI/MedEQBench. The Chinese and
English versions are aligned at the scenario level.

and follow care guidance, especially when they
are anxious, ashamed, in pain, or facing uncer-
tain outcomes (Riess, 2017; Derksen et al., 2013;
Street Jr et al., 2009). For patient-facing LLMs,
this means that a clinically correct answer can still
fail as medical communication: it may overlook
fear, respond to shame with generic reassurance,
make uncertainty sound falsely resolved, or miss
emotional cues that change how a patient should
be supported.

Recent healthcare LLM benchmarks have moved
beyond exam-style QA toward realistic multi-turn
conversations scored by physicians (Arora et al.,
2025; Hicks et al., 2026; Bedi et al., 2025; Tu
et al., 2025). In parallel, emotional-intelligence
benchmarks have expanded from emotion recogni-
tion to rubric-guided empathetic dialogue (Paech,
2023; Chen et al., 2024; Hu et al., 2025a; Yuan
et al., 2025). Yet the two lines of work remain
largely separate: medical benchmarks primarily as-
sess correctness, safety, and broad communication
quality without isolating emotional intelligence,
while EI benchmarks lack the clinical constraints—
uncertainty communication, role boundaries, reas-
surance without false guarantees—that make em-
pathy in medicine distinct.

This gap matters because clinical empathy is not
equivalent to warmth. A useful medical response
must recognize the patient’s emotional state, ex-
plain uncertainty without over-reassurance, remain
within the clinician’s role, and preserve safety when
distress, misconceptions, or urgent symptoms are
present. The missing piece is a benchmark that
brings fine-grained, rubric-centered evaluation to
the affective layer of clinical care.

To address this gap, we introduce MedEQ, a
benchmark that makes clinical emotional intelli-
gence the primary target of medical LLM eval-
uation. Here, “EQ” refers to emotional intelli-
gence. Rather than assigning a single empathy
score, MedEQ decomposes medical emotional in-
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telligence into fine-grained, expert-validated rubric
dimensions that score responses, diagnose failure
modes, and provide structured signals for model
improvement. Our contributions are:

• MedEQ Dataset: 413 clinically grounded
consultation scenarios covering 51 specialties,
capturing diverse emotional and psychologi-
cal challenges without containing real patient-
identifying information, with both Chinese
and English versions planned for release.

• Clinical Emotional Intelligence Rubrics:
7,336 expert-refined rubric items across 21
core dimensions that operationalize emotional
recognition, empathic adequacy, ethical regu-
lation, and affective safety.

• Diagnostic Evaluation: A fine-grained evalu-
ation framework that identifies distinct failure
modes instead of collapsing medical empathy
into a single holistic preference score.

• Rubric-Guided RL Validation: A proof-of-
concept reinforcement learning study show-
ing that MedEQ-derived rubric signals can
improve performance on an independent emo-
tional intelligence benchmark while preserv-
ing standard medical QA performance.

2 Related Work

2.1 Medical LLMs and Patient-Centric
Clinical Dialogue

Medical LLM evaluation has evolved from exam-
style clinical knowledge tests toward richer assess-
ments of patient-facing behavior. Med-PaLM 2
and GPT-4 medical evaluations established strong
performance on clinical reasoning, factuality, and
safety-oriented expert preference judgments (Sing-
hal et al., 2023; Nori et al., 2023), while MedDi-
alog enabled training and evaluation on doctor–
patient dialogue data across specialties (He et al.,
2020). More recent benchmarks make this shift ex-
plicit: HealthBench uses realistic multi-turn health
conversations with physician-written rubric crite-
ria, HealthBench Professional evaluates real clini-
cian chats with adjudicated physician rubrics, and
MedHELM proposes a broader clinician-validated
taxonomy for medical language model evalua-
tion (Arora et al., 2025; Hicks et al., 2026; Bedi
et al., 2025). Conversational diagnostic AI further
evaluates interactive systems using patient-centered

clinical criteria, including communication and em-
pathy (Tu et al., 2025; Chen et al., 2025). However,
these benchmarks primarily target medical quality,
diagnostic process, safety, or broad communica-
tion behavior; they do not systematically decom-
pose clinical emotional intelligence into scenario-
specific, safety-aware rubric dimensions.

2.2 Emotional Intelligence, Empathy, and
Supportive Dialogue Benchmarks

Research on empathy and emotional intelligence
(EI) in dialogue systems has progressed from con-
textually grounded empathetic response generation
and large-scale emotion annotation (Rashkin et al.,
2019; Demszky et al., 2020) toward broader evalu-
ation of emotional understanding and expressed be-
havior. Psychometric-style benchmarks such as SE-
CEU and EQ-Bench assess EI using standardized
tests and emotion intensity prediction (Wang et al.,
2023a; Paech, 2023). Recent frameworks increas-
ingly evaluate empathy as observable response
quality, including EmotionQueen, causally en-
riched empathetic datasets such as ECC, and large-
scale synthetic empathy data construction (Chen
et al., 2024; He et al., 2025; Wang et al., 2025;
Liang et al., 2024). Multimodal EI benchmarks
such as EmoBench-M and MME-Emotion further
extend evaluation to audio-visual affective sig-
nals (Hu et al., 2025a; Zhang et al., 2025). These
studies show rapid progress in general EI evalua-
tion, but their settings typically lack the clinical
constraints that make empathy in medicine dis-
tinct: uncertainty communication, role boundaries,
urgent-risk framing, reassurance without false guar-
antees, and disease-specific emotional reasoning.

2.3 Rubric-Guided Evaluation and Alignment
for Empathy

Alignment methods such as reinforcement learn-
ing from human feedback and rule-based frame-
works demonstrate that structured preference sig-
nals and explicit principles can shape LLM be-
havior (Ouyang et al., 2022; Wang et al., 2023b;
Schulman et al., 2017). Preference optimization
approaches, including DPO and GRPO, further im-
prove alignment efficiency by learning from com-
parative or grouped feedback (Rafailov et al., 2023;
Shao et al., 2024). In evaluation, rubric-based judg-
ing has become a major direction for making LLM
assessment more interpretable and scalable; recent
work such as Autorubric explicitly studies rubric
calibration, bias mitigation, and psychometric relia-
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bility for LLM-as-judge systems (Rao and Callison-
Burch, 2026). In emotional support, Kardia-R1
introduces explainable rubric-based rewards for re-
inforcement learning of empathetic dialogue (Yuan
et al., 2025), while mental-health-oriented work
argues that empathy must be evaluated together
with therapeutic intent and safety (Lai et al., 2023;
Hu et al., 2025b). Recent health-evaluation frame-
works similarly identify rubric design as a key bot-
tleneck for scalable and reliable assessment (Malli-
nar et al., 2025).

In contrast to prior work that primarily targets
general-domain empathy or correctness-driven clin-
ical benchmarks, MedEQ focuses on the affective
layer of clinical dialogue. Its expert-refined rubrics
enable structured evaluation of emotional recogni-
tion, empathetic adequacy, ethical emotional regu-
lation, and affective safety, providing a principled
basis for both diagnosis and optimization in patient-
facing medical LLMs.

3 MedEQ Dataset

3.1 Data Source, Screening, and Statistics

MedEQ was constructed from an initial pool of
approximately 5,000 real patient consultations.
These consultations were neither written by the
researchers nor generated by LLMs. All records
were de-identified before screening by removing
names, medical record numbers, contact details,
and other personally identifiable information.

Three researchers independently screened the
de-identified consultations and resolved disagree-
ments through discussion. Inclusion required a
patient-originated medical inquiry, sufficient con-
textual information, and an explicit or implicit need
for emotionally appropriate communication. We
excluded duplicates, non-medical or purely admin-
istrative queries, records with insufficient context,
queries without a meaningful emotional-support
requirement, and records that could not be reliably
de-identified. Screening and subsequent rubric val-
idation yielded the final 413 scenarios across 51
specialties.

Each instance is paired with a set of fine-grained
evaluation rubrics, resulting in 7,336 rubric items,
with an average of 17.8 rubric criteria per dialogue.
Rather than assigning a single emotional label,
MedEQ decomposes emotional intelligence into
atomic, assessable components across 21 core eval-
uation dimensions. Additional raw annotation la-
bels are used internally for organization and quality

control, but they are not treated as core evaluation
dimensions.

Figure 1 summarizes the overall dataset, rubric-
construction, and evaluation pipeline.

3.2 Dataset coverage and distribution

MedEQ includes scenarios from 51 specialties,
with counts varying according to the distribution
of eligible consultations after screening. Figure 2
should therefore be interpreted as showing breadth
of coverage rather than uniform representation.
Rubric density also varies because individual di-
mensions are not equally applicable to every clini-
cal context.

3.3 MedEQ vs Others

As summarized in Table 1, MedEQ differs from ex-
isting emotional intelligence and empathy-related
benchmarks along several key dimensions (Paech,
2023; Liu et al., 2025; He et al., 2025; Yuan et al.,
2025). Unlike recognition-based benchmarks such
as EQ-Bench and EMO-Reasoning, MedEQ evalu-
ates models in a generation setting, reflecting real-
istic medical conversational use cases. Compared
to prior generation-focused datasets (e.g., ECC and
Kardia-R1), MedEQ provides a substantially more
structured evaluation framework, with 21 explicitly
defined evaluation dimensions rather than coarse
or holistic scoring.

In terms of data provenance, most existing
benchmarks rely on manually constructed or syn-
thetic conversations, whereas MedEQ is grounded
in real clinical service needs across 51 special-
ties while excluding patient-identifying informa-
tion. Although MedEQ contains fewer instances
than some large-scale generation datasets, its dense
evaluation design enables fine-grained diagnosis of
model behavior, trading horizontal scale for vertical
evaluation depth. We note that recent medical eval-
uation frameworks such as HealthBench and AMIE
do incorporate communication and empathy axes;
however, their primary objectives remain medi-
cal correctness, diagnostic workflow, and broad
communication quality rather than systematic, fine-
grained assessment of clinical emotional intelli-
gence. MedEQ is, to our knowledge, the first
benchmark in the medical domain that makes pa-
tient emotional care its central and decomposable
evaluation target.
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Figure 1: Overview of the MedEQ rubric construction and training pipeline. (A) Rubric development combines
EQ benchmarks, clinical needs, expert experience, and user feedback. (B) Automatic generation uses an agent
LLM to draft rubrics from filtered, anonymized queries. (C) Expert verification retains only rubrics unanimously
approved after expert review. (D) Rubric-guided reinforcement learning converts rubric-based judge scores into
reward signals for model optimization.

Table 1: Comparison between MedEQ and representative emotional intelligence and empathy-related benchmarks.

Aspect EQ-Bench EMO-Reasoning ECC Kardia-R1 MedEQ

Publication year 2023 2025 2025 2025 2025
Primary task Recognition Recognition Generation Generation Generation
Data source Manually constructed Synthetic LLM-generated Synthetic 51 clinical specialties
Number of instances 60 ∼200 2,398 ∼22000 413
Evaluation granularity 4 ∼6 classification classification 21

4 Method

4.1 Task Definition and Evaluation
Formulation

We formulate emotional intelligence (EI) in clini-
cal dialogue as a conditional language generation
task grounded in realistic patient–provider interac-
tions. Given a patient-side conversational context
that may include medical information needs and
implicit or explicit emotional cues (e.g., concern,
distress, or uncertainty), the goal is to generate a re-
sponse that is both clinically appropriate and emo-
tionally competent. Unlike emotion recognition
or classification, this task does not require predict-
ing explicit emotional labels; instead, evaluation
focuses on properties of the generated response.

Evaluation Formulation. Evaluation is framed
as a rubric-based assessment to reflect the absence
of a unique correct response. For each input–output
pair (x, y), responses are evaluated against a pre-
defined set of rubric criteria {r1, . . . , rK}, each
corresponding to a distinct aspect of emotional

competence in clinical communication (e.g., recog-
nition of emotional cues, proportional empathy, or
adherence to clinical norms).

Each criterion is assessed independently, yield-
ing a vector of rubric-level scores

s(x, y) = (s1, . . . , sK).

Aggregate scores can be computed across criteria
or instances, but the primary signal is the structured
rubric profile, which preserves fine-grained infor-
mation about model behavior. This formulation
enables diagnostic analysis by distinguishing dif-
ferent sources of failure, such as missed emotional
cues or inappropriate tone, that are obscured by
single-score metrics.

4.2 Rubric Design and Construction

Building on the screened scenario set described
above, the rubric system is designed to operational-
ize emotionally competent medical communication
in an interpretable and automatable manner. It
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(a) Specialty–dimension coverage.

Internal Medicine  (101, 24.5%)
OB/GYN & Reproductive  (70, 16.9%)
Pediatrics  (66, 16.0%)
Surgery  (56, 13.6%)
Oncology  (48, 11.6%)
Head, Neck & Sensory  (28, 6.8%)

Other Specialties  (15, 3.6%)
Emergency & Critical Care  (11, 2.7%)
Infectious Disease  (6, 1.5%)
Psychiatry  (5, 1.2%)
Diagnostics & Support  (4, 1.0%)
TCM  (3, 0.7%)

(b) Specialty distribution.

Figure 2: Specialty and rubric coverage in MedEQ. Top: distribution of scenarios across grouped clinical specialties.
Bottom: coverage over 51 specialties and 21 rubric dimensions, where cell intensity denotes the number of rubric
items for each specialty–dimension pair. Department group definitions are provided in Table 4.

consists of 21 evaluation dimensions grouped un-
der three macro-competencies, with behaviorally
grounded criteria used for scenario-level scoring.
The taxonomy was developed through a review of
emotional-intelligence and clinical-empathy frame-
works, analysis of patient-facing communication
needs, and iterative expert validation. The initial
taxonomy contained nearly 30 candidate dimen-

sions; experts merged redundant dimensions and
removed those that could not be reliably opera-
tionalized, yielding the final 21 dimensions.

For analysis, rubric dimensions are grouped into
three macro-competencies: Empathic Communi-
cation, Clinical Emotional Literacy, and Affective
Safety, which together capture complementary re-
quirements for emotionally appropriate clinical di-
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alogue. Each dimension is decomposed into mini-
mal, observable criteria to support diagnostic eval-
uation and error analysis. Full rubric definitions
and design rationale are provided in Appendix C.

4.3 Human-in-the-Loop Rubric Validation
As shown in Figure 1, to ensure that automatically
generated rubrics were clinically meaningful and
operationally precise, we employed a human-in-
the-loop validation procedure centered on expert
review and consensus formation.

Expert composition. Validation was conducted
by a panel of 30 domain experts, comprising 12
physicians from tertiary teaching hospitals with
direct patient-facing clinical experience and 18 li-
censed psychological counselors with training in
behavioral measurement and affective assessment.
This composition was intended to balance clini-
cal plausibility and safety considerations with con-
struct validity and annotation clarity. Experts were
asked to assess whether each rubric could be ap-
plied reliably by a trained annotator using only the
written definitions, without relying on implicit or
contextual knowledge.

Annotation and validation process. Following
initial screening, the annotation pipeline began with
500 candidate clinical queries, each paired with
approximately 21 candidate rubric items generated
by an LLM, yielding roughly 10,500 initial rubric
entries. The validation proceeded in two stages.

In the discussion stage, each rubric item was
reviewed by at least two experts who jointly ex-
amined construct definitions, scoring descriptions,
and decision boundaries. Experts edited items to re-
duce ambiguity and clarify inclusion and exclusion
criteria, with emphasis on conservative revisions
that improved operational clarity even at the cost
of increased annotation effort.

In the verification stage, each revised rubric item
was independently assessed by three additional ex-
perts. We applied a strict unanimity rule: only
rubric items accepted by all three verifiers were
retained in the final set. Items rejected by any
verifier were either revised and re-submitted or per-
manently removed.

At the query level, candidate queries whose as-
sociated rubric items exhibited a high rejection
rate were discarded entirely, as such patterns typi-
cally indicated that the underlying clinical scenario
was insufficiently specified to support reliable emo-
tional intelligence evaluation.

This pipeline reduced the initial pool of 500
queries and approximately 10,500 rubric items to
the final set of 413 queries and 7,336 validated
rubric items, corresponding to a 30.1% rubric re-
jection rate under the unanimity requirement.

4.4 LLM-as-Judge Evaluation
We adopt an LLM-as-judge approach for scalable,
rubric-based evaluation of model responses. For
each input–output pair (x, y), a judge language
model receives the clinical scenario x, the model
response y, and the corresponding rubric criteria.
The judge is not given a reference answer; it in-
dependently scores whether the response satisfies
each criterion.

Given a rubric with K criteria, the judge assigns
a discrete score sk(y) ∈ {0, 1, 2, 3, 4, 5} to each
criterion k, with an associated weight wk. The
normalized score is

Snorm(y) =

∑K
k=1wk sk(y)∑K

k=1 5wk

∈ [0, 1].

Here, 5 is the maximum value on the 0–5 Likert
scale. We use uniform weighting throughout, with
wk = 1 for every rubric criterion. Outputs violat-
ing hard constraints (format, repetition, language)
receive a fixed penalty score. Unless otherwise
stated, all reported MedEQ scores are normalized
to percentages. To validate automated scoring, 20
domain experts and 20 general-public annotators
evaluated 100 stratified instances spanning high-,
medium-, and low-scoring responses across multi-
ple dimensions, yielding 3,632 rubric-level annota-
tions. We select GPT-4.1 for its balance of expert
agreement, stability, and efficiency; it also belongs
to the highest-consensus judge cluster, with pair-
wise Kappa values of 0.736–0.784. Further details
are provided in Appendices D and E.

5 Experiments

We evaluate a diverse set of state-of-the-art large
language models (LLMs) on MedEQ, a benchmark
designed to assess clinical emotional intelligence
in generated medical consultation responses.

5.1 Experimental Setup
The evaluated models span multiple families, pa-
rameter scales, and release periods, including both
proprietary and open-source systems. For models
that provide explicit reasoning or “thinking” modes,
we enable the provider-recommended default con-
figuration. All models are evaluated in a zero-shot
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setting without task-specific fine-tuning, external
tools, or retrieval augmentation. A unified instruc-
tion template is used for all models, with identical
inputs and output constraints.

We report normalized rubric score (%) on the
MedEQ test set as the primary evaluation metric.
For each response, the judge receives the scenario,
the model response, and the corresponding rubric
criteria, assigns a 0–5 score to each rubric item,
and the weighted normalized score Snorm is com-
puted as described in Section 4.4. Instance-level
scores are averaged across the test set and reported
as percentages. Invalid outputs that violate hard
constraints such as language, format, or excessive
repetition receive the fixed invalid-output reward
before aggregation. All results are obtained using
the same evaluation pipeline to minimize imple-
mentation variance. For clarity, abbreviated model
names are used in tables and figures; full model
identifiers and release details are provided in Ap-
pendix A.

5.2 Main Results

Figure 3 reports the performance of state-of-the-art
LLMs on MedEQ.

Qwen3 achieves the best overall performance.
Qwen3-235B obtains the highest normalized rubric
score (55.5%), only slightly ahead of Qwen3-30B
(55.3%), suggesting that scale helps but does not
fully explain MedEQ performance.

Newer and reasoning-oriented models per-
form better. DeepSeek-V3.1 improves over
DeepSeek-R1-0528 by more than 6.6 percentage
points, and models with explicit reasoning mecha-
nisms, such as Qwen3, Gemini-2.5-Pro, Baichuan-
M2-32B, and DeepSeek-V3.1, outperform general-
purpose models including GPT-4o and Claude-
Sonnet-4.5.

GPT-family models underperform on MedEQ.
This may reflect differences in training emphasis
and response style: Qwen may better capture hu-
manistic concern, whereas GPT models tend to
adopt a more formal and serious tone in medical
contexts. We further analyze these failure modes
in the case study section.

5.3 Dimension-Level Analysis of MedEQ

Fine-Grained Dimension Analysis. We further
analyze model performance across 21 core MedEQ
evaluation dimensions. A clear contrast emerges
between dimensions related to surface-level com-

munication quality and those requiring deep emo-
tional inference and personalization.

High-performing dimensions. Across mod-
els, performance is consistently strong on dimen-
sions related to normative and stylistic aspects
of medical communication, including Safety- and
Compassion-Oriented Care, Structure and Empha-
sis in Presentation, Tone Adaptation in Clinical
Contexts, and Translation of Medical Terminology
into Lay Language. Most models achieve near-
saturated scores (often exceeding 90%) on these
dimensions, indicating that contemporary LLMs
are already proficient in clarity-oriented and form-
driven medical communication.

Low-performing dimensions. In contrast, per-
formance remains uniformly low on dimensions
that require latent emotional reasoning and per-
sonalization, such as Cultural Context Considera-
tion, Individual Emotional Value, Understanding
Emotional Attribution, Mixed Emotions, Emotional
Transition, and Real-Time Emotional Response to
Illness. Average scores on these dimensions are typ-
ically below 30%, suggesting that current models
struggle to infer implicit beliefs, evolving affective
states, and patient-specific emotional meaning.

Implications. The observed gap indicates that
while existing LLMs excel at surface-level emo-
tional expression and communication structure,
they remain limited in deeper emotional under-
standing and adaptive personalization. Notably,
even the strongest models show only marginal im-
provements on low-performing dimensions, high-
lighting these competencies as key open challenges
for emotionally competent medical AI systems.

5.4 Case Study
We present a pediatric case involving high fever
and ankle swelling with suspected osteomyelitis
to qualitatively illustrate differences captured by
MedEQ. The scenario requires both accurate medi-
cal reasoning and emotionally appropriate commu-
nication.

High-scoring models provide structured explana-
tions that combine clinical reasoning with explicit
emotional acknowledgment and guidance, helping
caregivers understand the situation while reducing
anxiety. In contrast, lower-scoring responses focus
primarily on differential diagnosis or factual listing,
with limited emotional framing or personalization.

Notably, although GPT-5 demonstrates strong
emotional consideration in general conversational
settings, it exhibits a clear style shift in medical con-
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texts. Its responses adopt a more formal and safety-
oriented tone, emphasizing urgency and procedural
guidance while reducing warm and approachable
language. Full response examples are provided in
Appendix F.

6 Rubric Validation via Reinforcement
Learning

Beyond evaluation, we investigate whether the
expert-validated rubrics can serve as effective
reward signals for reinforcement learning (RL),
thereby providing an independent validation of
rubric quality. If the rubrics capture clinically
meaningful emotional intelligence criteria, optimiz-
ing against them should improve emotional compe-

Table 2: Comparison of medical capability and emo-
tional intelligence across representative models. Qwen3-
32B (trained with rubrics) denotes the model fine-tuned
via reinforcement learning using rubric-based reward
signals.

Model MedQA MedMCQA CMMLU (Med) EQ-Bench

Qwen3-235B 91.98 56.44 90.03 48.8
Gemini-2.5-Pro 89.08 83.96 89.91 66.1
DeepSeek-R1 93.64 79.20 90.15 61.6
Qwen3-32B 85.47 72.27 89.18 42.42
Qwen3-32B (rubrics) 88.14 73.20 89.16 81.49

tence without degrading medical knowledge.

Design rationale. MedEQ is designed as a pure
evaluation benchmark: the 413 expert-validated
rubric instances constitute a held-out test set, not
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a training resource. In this section, we repurpose
the rubric scoring function as a reward signal to
validate whether the rubrics encode learnable emo-
tional intelligence criteria. Because the rubric items
themselves serve as the reward during training,
reporting MedEQ scores for the resulting model
would conflate the optimization objective with the
evaluation target. We therefore assess general-
ization on the independent EQ-Bench benchmark,
which measures emotional intelligence through a
different task format and data distribution, provid-
ing an uncontaminated signal of whether rubric-
guided training transfers beyond the reward source.

Training procedure. We apply Group Relative
Policy Optimization (GRPO) (Shao et al., 2024)
to Qwen3-32B using the rubric-based normalized
score (Section 4.4; full formulation in Appendix D)
as the reward signal R(x, y). For each input x, a
group of N candidate outputs is sampled from the
current policy πθ, and advantages are computed
relative to the group Ai =

Ri−µR
σR

, where µR and
σR are the group mean and standard deviation. Be-
cause advantages are computed within each prompt
group, GRPO is less sensitive to prompt-specific
reward scaling and stochastic variation in the judge,
making it suitable for noisy rubric-based rewards.

Results. As shown in Table 2, rubric-guided RL
does not degrade medical performance. On core
medical benchmarks including MedQA, MedM-
CQA, and CMMLU (Med), the rubric-trained
model achieves comparable or slightly improved
results relative to the base Qwen3-32B. In contrast,
the same training procedure yields a substantial
improvement in emotional intelligence: on EQ-
Bench, Qwen3-32B trained with rubrics improves
from 42.42 to 81.49, significantly exceeding the
EQ performance of larger frontier models.

These results provide two-fold validation: (1)
the expert-refined rubrics capture meaningful emo-
tional intelligence criteria that can be optimized
via RL, and (2) rubric-guided training improves
emotional competence without sacrificing medical
knowledge, confirming that clinical emotional in-
telligence and medical accuracy are not inherently
in tension.

7 Conclusion

We introduced MedEQ, a benchmark for evaluat-
ing clinical emotional intelligence in patient-facing
medical LLMs. Using expert-refined rubrics, it

assesses emotion recognition, empathetic commu-
nication, uncertainty handling, and affective safety.
Current LLMs perform well on surface-level as-
pects (clear structure, safe wording, general com-
passion) but struggle with deeper emotional under-
standing, personalization, cultural context, mixed
emotions, and illness-related distress. A proof-
of-concept RL experiment showed that MedEQ-
derived rubric signals can boost performance on
an independent EQ benchmark without degrading
standard medical QA. Overall, MedEQ offers a
structured framework to measure and analyze emo-
tional intelligence in medical LLMs.

8 Limitations

The benchmark contains 413 scenarios, which en-
ables dense rubric coverage but remains smaller
than broad open-domain dialogue datasets. Mean-
while, the rubric-based evaluation can favor explicit
emotional acknowledgment, so models that com-
municate empathy in more concise or culturally
implicit ways may be under-scored. The six-point
scale has no neutral midpoint and may force bor-
derline cases toward one side of the scale. We
use it to distinguish complete absence from graded
criterion satisfaction, but alternative scale designs
should be examined in future work. Experts re-
vised LLM-generated rubric drafts, and no inde-
pendently human-authored rubric set was created
for comparison. The initial drafts may therefore
have anchored subsequent expert judgments. Al-
though every retained rubric item underwent ex-
pert revision and validation, we did not include
a fully human-authored control condition, so the
extent of this automation bias remains unknown.
Finally, the GRPO validation uses one base model
and one external EI benchmark; whether the ob-
served gains generalize to other model families,
languages, training settings, and clinical contexts
remains unknown.
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A Model Details and Name Mapping

For readability, abbreviated model names are used
throughout the main paper. This appendix pro-
vides the exact correspondence between abbre-
viated names and full model identifiers, along
with approximate release dates and brief descrip-
tions. All evaluations are conducted using the exact
model versions listed below.

Qwen3-235B Full name: Qwen3-235B-A22B-
Thinking-2507
A very large-scale reasoning-oriented model from
the Qwen3 series, featuring explicit thinking mech-
anisms and a mixture-of-experts architecture, opti-
mized for complex multi-step reasoning.

Qwen3-30B Full name: Qwen3-30B-A3B-
Thinking-2507
A smaller reasoning-focused variant within the
Qwen3 family, sharing the same architectural de-
sign as Qwen3-235B with reduced model capacity.

Baichuan-M2-32B Full name: Baichuan-M2-
32B-Thinking
An open-source medical-oriented model designed
to integrate domain knowledge with structured rea-
soning for clinical and biomedical tasks.

Gemini-2.5-Pro Full name: Gemini-2.5-Pro-
With-Thinking
A proprietary large language model optimized for
advanced reasoning and long-context understand-
ing across complex domains, including medicine.

DeepSeek-V3.1 Full name: DeepSeek-V3.1-
Terminus-Thinking
An updated reasoning-centric model from the
DeepSeek series, incorporating architectural and
training improvements over earlier versions.

GPT-5 Full name: GPT-5-2025-08-07-
Thinking-High
A next-generation proprietary model with en-
hanced reasoning capabilities enabled via a
high-level reasoning configuration.

DeepSeek-R1 Full name: DeepSeek-R1-0528
An earlier reasoning-oriented model in the
DeepSeek family, with weaker long-horizon rea-
soning compared to later versions.

Doubao-Seed-1.6 Full name: Doubao-Seed-1.6-
thinking-2025-07-15

A general-purpose large language model with op-
tional reasoning modes, not specifically optimized
for medical reasoning.

GPT-4.1 Full name: GPT-4.1-2025-04-14
An incremental update to the GPT-4 series focusing
on improved instruction following and efficiency.

Claude-Sonnet-4.5 Full name: Claude-sonnet-
4.5-20250929
A mid-sized proprietary model optimized for safety
and conversational quality rather than domain-
intensive reasoning.

GPT-4o Full name: GPT-4o-2024-11-20
A multimodal general-purpose model emphasizing
speed and versatility over deep domain-specific
reasoning.

B Category Definitions

Tables 3 and 4 detail the dimension and depart-
ment taxonomies used in the coverage heatmap
(Figure 2a).

B.1 Evaluation Dimensions

We organize the 21 evaluation dimensions into
three categories that reflect complementary aspects
of affective competence in clinical communication:

Empathic Communication Competence cov-
ers the foundational skills required for effective
physician–patient interaction, including the ability
to respond to disease-related emotions in real time,
guide clinical inquiries, affirm patient behaviors,
translate medical jargon into accessible language,
adapt register and tone to the clinical context, and
structure information with emotional sensitivity
throughout the encounter.

Clinical Emotional Literacy captures a clin-
ician’s capacity to perceive, interpret, and rea-
son about complex affective states. This cate-
gory encompasses recognizing emotional transi-
tions and mixed affect, anticipating counterintuitive
emotional outcomes, accounting for cultural back-
grounds and personal values, analyzing role-driven
influences, decoding implicit signals, understand-
ing emotional attributions, navigating miscommu-
nication contexts, inferring atypical pathology-
related affect, and correcting medical misconcep-
tions.
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Affective Safety Praxis addresses the action-
oriented competencies that translate emotional un-
derstanding into safe, patient-centered care, includ-
ing self-regulation in emotionally charged clinical
contexts, adherence to safety-centric care protocols,
and the design of personalized intervention plans.

B.2 Clinical Department Groups
The 51 clinical departments appearing in our
dataset are consolidated into 12 groups based on
medical specialty affinity (Table 4). Core clinical
disciplines—Internal Medicine, Surgery, and Pe-
diatrics—each encompass multiple sub-specialties
and account for the largest share of scenarios.
Population-specific departments are grouped un-
der OB/GYN & Reproductive. Oncology, Infec-
tious Disease, and Psychiatry are kept as separate
groups due to their distinct emotional dynamics.
TCM (Traditional Chinese Medicine) is isolated
to reflect its unique diagnostic and communicative
paradigms. Departments involving the head, neck,
and sensory organs are combined into Head, Neck
& Sensory. Acute-care settings form the Emer-
gency & Critical Care group. Non-clinical or ancil-
lary departments such as laboratory, imaging, and
radiology are placed under Diagnostics & Support,
while remaining specialties are collected in Other
Specialties.

C MedEQ Rubric Taxonomy

Table 5 summarizes the 21 foundational dimen-
sions used in the MedEQ rubric.

The MedEQ rubric is designed to operationalize
emotionally competent medical communication in
a manner that is both interpretable and amenable to
automated evaluation. The rubric contains 21 pri-
mary evaluation dimensions. Macro-competencies
and thematic groups provide an organizational view
of these dimensions rather than additional nested
scoring levels.

Macro-Competency Structure. For analysis,
rubric dimensions are grouped into three macro-
competencies: Empathic Communication, Clinical
Emotional Literacy, and Affective Safety. These
categories correspond to distinct but interrelated
requirements for emotionally appropriate clinical
dialogue.

Empathic Communication. Empathic Commu-
nication concerns the expression of emotional
awareness while maintaining clarity and clinical
relevance. Prior work in health communication
shows that empathic language improves patient ex-
perience even when controlling for informational
content (Riess, 2017; Derksen et al., 2013). In this
rubric, empathy is treated as a composite capacity
that includes affective acknowledgment, register
adaptation, information structuring, and translation
of technical content into accessible language. From
a cognitive load perspective, emotional distress can
impair information processing, making readability
and organization integral components of effective
communication rather than optional stylistic fea-
tures (Sweller, 1988; Street Jr et al., 2009).

Clinical Emotional Literacy. Clinical Emo-
tional Literacy captures the inferential aspects of
emotional competence, including the ability to rea-
son about implicit, mixed, or dynamically evolv-
ing emotional states. Clinical psychology research
indicates that patient emotions often cannot be in-
ferred from surface sentiment alone, particularly
in cases involving serious or chronic conditions
(Lazarus, 1991; Eatough and Smith, 2017). Ac-
cordingly, the rubric includes criteria related to
emotional transitions, belief-driven interpretation,
perspective-taking, and the resolution of common
medical misconceptions, which are known con-
tributors to emotional distress and communication
breakdowns (Kleinman, 1980; Epstein and Street,
2011).
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Table 3: Evaluation dimension taxonomy. Each of the 21 fine-grained dimensions is grouped into one of three
overarching categories.

Category Dimension

Empathic Communication
Competence

Disease-Related Emotional Responsiveness
Clinical Inquiry Navigation
Therapeutic Affirmation
Jargon-to-Lay Translation
Clinical Register Adaptation
Content Structuring
Emotionally-Integrated Interaction

Clinical Emotional
Literacy

Emotional Transition
Mixed Affect States
Counterintuitive Emotional Outcomes
Cultural Contextualization
Personal Value Recognition
Role-Driven Affect Analysis
Implicit Signal Decoding
Attributional Reasoning
Clinical Miscommunication Contexts
Atypical Pathology-Affect Inference
Medical Misconception Resolution

Affective Safety
Praxis

Self-Regulation in Clinical Contexts
Safety-Centric Care Protocols
Personalized Intervention Design

Affective Safety. Affective Safety provides a
normative constraint on emotional engagement.
While emotional responsiveness is generally benefi-
cial, uncalibrated reassurance or excessive affective
alignment can inadvertently reinforce maladaptive
beliefs or obscure medical uncertainty (Redelmeier
et al., 1993; Gordon et al., 2000). This category
evaluates whether emotional language is appropri-
ately regulated, aligned with safety-oriented care
principles, and consistent with the clinician’s role.
Its inclusion is informed by work on risk communi-
cation emphasizing the balance between emotional
support, accuracy, and caution in high-stakes clini-
cal contexts (Gigerenzer et al., 2007).

Fine-Grained Criteria and Diagnostic Use.
Across all macro-competencies, each rubric dimen-
sion is decomposed into minimal, observable cri-
teria. Broad labels such as “empathetic” or “emo-
tionally aware” conflate distinct behaviors and fail-
ure modes, limiting their utility for evaluation and
model improvement. Both measurement theory
and interpretability research emphasize the impor-
tance of fine-grained, behavior-linked criteria for
attribution, error analysis, and system comparison
(Doshi-Velez and Kim, 2017; Lipton, 2018).

Overall, the rubric is intended as a diagnostic
framework rather than a purely aggregative scoring
tool. This organization enables analysis at multiple
levels of abstraction, which is particularly impor-

tant in medical applications where understanding
the source of a failure is often as important as mea-
suring its frequency.
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Table 4: Clinical department taxonomy. The 51 fine-grained departments are organized into 12 groups along the
horizontal axis of the heatmap.

Department Group # Included Departments

Pediatrics 6 Pediatric Medicine, Pediatric Surgery, Pediatric ENT, General Pediatrics, Child Healthcare,
Neonatology

OB/GYN & Reproductive 5 Obstetrics, OB/GYN, Women’s Healthcare, Gynecology, Reproductive Medicine

Internal Medicine 6 Endocrinology, Pulmonology, Cardiology, Gastroenterology, Neurology, Hematology

Surgery 10 General Surgery, Urology, Thyroid & Breast Surgery, Neurosurgery, Hepatobiliary Surgery,
GI Surgery, Thoracic Surgery, Vascular Surgery, Orthopedics, Anorectal Surgery

Oncology 2 Medical Oncology, Oncology

TCM 3 TCM Internal Medicine, TCM OB/GYN, TCM General Clinic

Head, Neck & Sensory 4 ENT & Head/Neck Surgery, Ophthalmology, Stomatology, Dermatology

Emergency & Critical Care 2 Emergency Medicine, Critical Care

Infectious Disease 2 Infectious Disease, Infection

Psychiatry 1 Psychiatry

Diagnostics & Support 3 Clinical Laboratory, Medical Imaging, Radiology

Other Specialties 7 Rehabilitation, Nutrition, Pain Medicine, Allergy, Laser Therapy, Multidisciplinary Clinic,
Other

D Scoring Details

This section provides the full formal specification
of the rubric-based scoring procedure summarized
in Section 4.4.

Rubric-Weighted Scoring. Given a rubric with
K criteria, the judge assigns a discrete score

sk(y) ∈ {0, 1, 2, 3, 4, 5}

to each criterion k. A score of 0 indicates that the
criterion is absent or not applicable, while scores
from 1 to 5 indicate increasing levels of criterion
satisfaction. We use uniform weights, with wk = 1
for all criteria. The weighted score is

Sraw(y) =

K∑

k=1

wksk(y),

and the maximum possible score is

Smax =
K∑

k=1

5wk.

We normalize the score as

Snorm(y) =
Sraw(y)

Smax
∈ [0, 1].

All reported MedEQ scores are normalized to per-
centages by multiplying Snorm by 100 and averag-
ing across instances.

Hard Constraints. Let {cm(y)}Mm=1 denote bi-
nary indicators for hard constraints such as format
validity, repetition limits, or language requirements.
An output is considered invalid if any constraint is
violated:

Iinvalid(y) = 1−
M∏

m=1

cm(y).

Invalid outputs receive a fixed penalty score Rneg <
0.

Final Score. The overall evaluation score for an
output is

R(x, y) =

{
Rneg, if Iinvalid(y) = 1,

Snorm(y), otherwise.

Judge Selection and Reliability. We use GPT-
4.1 as the primary judge because it combines strong
expert agreement (F1 = 0.855, Kappa = 0.601),
low repeated-run variance, high cross-judge con-
sistency, and practical evaluation efficiency. Prior
work suggests that LLM-based judges can exhibit
moderate to strong agreement with human evalu-
ators for rubric-based judgments, while offering
greater scalability. However, such judges may dis-
play biases toward fluent or verbose outputs and
sensitivity to prompt design. Accordingly, we treat
the resulting scores as noisy proxies for human
judgment rather than ground-truth signals, and
combine them with normalization and hard con-
straints to mitigate known failure modes.
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Table 5: Organizational view of the MedEQ rubric. The 21 evaluation dimensions are presented with their macro-
competency categories and thematic groupings; these groupings support presentation and analysis rather than define
three nested scoring levels.

Macro-competency Thematic Group Evaluation Dimension

Empathic
Communication
Competence

Disease-Related Emotional
Responsiveness

Guided Questioning in Clinical Communication
Positive Reinforcement of Health Behaviors
Safety- and Compassion-Oriented Medical Care
Real-Time Emotional Response to Illness

Readability Optimization
Translation of Medical Terminology into Lay Lan-
guage
Tone Adaptation in Clinical Context
Structure and Emphasis in Presentation

Clinical Emotional
Literacy

Pathology-Linked Emotional
Complexity

Emotional Transition
Mixed Emotions
Unexpected Emotional Outcomes
Emotionally Continuous Experience

Illness Belief Mapping
Cultural Context Consideration
Individual Emotional Value
Role Influence

Affective Cue Detection Suggestive Cues
Understanding Emotional Attribution

Perspective-Taking

Medical Communication Misstatement Scenarios
Atypical Emotional Reasoning in Illness
Misconceptions About Illness
Content Structure

Affective Safety Praxis Self-Regulation in Clinical Con-
texts

Personal Emotion and Behavior Regulation

Personalized Intervention Design Personalized Care Plan

E Human–LLM Agreement Evaluation

This evaluation is separate from the 30-expert
rubric-construction process in Section 4.3. We se-
lected 100 evaluation instances using stratified sam-
pling across score ranges and rubric dimensions.
Twenty domain experts with clinical or psychology
backgrounds and 20 general-public annotators inde-
pendently applied the finalized rubrics, producing
3,632 rubric-level annotations.

Each “Clinical Question” in Appendix H repre-
sents the complete de-identified scenario presented
to the model, preserving the information available
in the original consultation query without adding
inferred contextual details such as the identity or
role of the questioner.

A well-designed rubric should be executable:
given the rubric text alone, both trained human
professionals and capable language models should
arrive at consistent judgments without relying on
implicit knowledge or ad-hoc interpretation. We
evaluate this executability property along three
axes: (1) alignment between LLM judges and
domain-expert annotations, (2) the contrast be-
tween domain-expert and general-public alignment,

and (3) inter-model consensus among diverse judge
LLMs.

Together, these analyses demonstrate that the
MedEQ rubrics are highly executable for both do-
main professionals and state-of-the-art language
models: experts and top-performing judges con-
verge on the same assessments, while general-
public annotators show substantially lower agree-
ment, confirming that the rubrics encode domain-
specific criteria rather than surface-level heuristics.

Metrics. We report F1 score, Precision, Recall,
Cohen’s Kappa, and Matthews Correlation Coeffi-
cient (MCC). Kappa and MCC explicitly correct
for chance agreement and class imbalance, provid-
ing robust measures of true concordance.

We first examine alignment between model judg-
ments and expert annotations. Table 6 reports the
F1 score of each model against expert labels. All
evaluated models achieve high F1 scores, indicat-
ing strong overall agreement with expert judgment.

Tables 7 and 8 further report Precision and Re-
call with respect to expert annotations, revealing
that while models exhibit different evaluation ten-
dencies, all remain consistent and well aligned.
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Table 6: F1 score between model judgments and expert
annotations.

Model F1

kimi_k2 0.862
ds_v31 0.861
gpt_4.1 0.855
gemini_2.5_pro 0.853
gemini_3_pro_preview 0.842
qwen3_235b_a22b 0.823
ds_r1 0.811

Table 7: Precision with respect to expert annotations.

Model Precision

ds_v31 0.847
ds_r1 0.841
gemini_3_pro_preview 0.832
kimi_k2 0.819
gpt_4.1 0.802
gemini_2.5_pro 0.800
qwen3_235b_a22b 0.775

Cohen’s Kappa and MCC, shown in Table 9,
indicate moderate to strong agreement beyond
chance for all models.

We additionally evaluate alignment with general-
public annotations. As shown in Table 10, agree-
ment scores decrease uniformly across all mod-
els: domain-expert-aligned Kappa values of 0.517–
0.646 drop to 0.341–0.419 against general-public
labels. This gap is consistent across all seven
judge models and indicates that the rubrics en-
code domain-specific clinical criteria that trained
professionals and capable LLMs can reliably ap-
ply, whereas general-public annotators interpret the
same criteria with substantially greater subjectivity.

To assess stability, each model is evaluated three
times on identical rubric instances. Table 11 re-
ports the mean standard deviation and variance of
the resulting scores, showing that top-performing
judges exhibit highly stable behavior.

Inter-model consensus. Beyond human–model
alignment, we examine whether different judge
LLMs reach consistent conclusions when apply-
ing the same rubrics independently. Table 12
reports pairwise Cohen’s Kappa for the highest-
consensus cluster identified among the seven evalu-
ated judge models. Kimi-K2, DeepSeek-V3.1, and
GPT-4.1 form a tightly aligned group with pair-

Table 8: Recall with respect to expert annotations.

Model Recall

gpt_4.1 0.916
gemini_2.5_pro 0.915
kimi_k2 0.909
qwen3_235b_a22b 0.878
ds_v31 0.876
gemini_3_pro_preview 0.852
ds_r1 0.783

Table 9: Cohen’s Kappa and MCC between model judg-
ments and expert annotations.

Model Kappa MCC

ds_v31 0.646 0.647
kimi_k2 0.629 0.635
gpt_4.1 0.601 0.612
gemini_3_pro_preview 0.601 0.601
gemini_2.5_pro 0.596 0.606
ds_r1 0.554 0.556
qwen3_235b_a22b 0.517 0.525

wise Kappa values of 0.736–0.784, substantially
exceeding their agreement with other models. No-
tably, these three models are also the top-ranked
judges in expert alignment (Table 9), confirming
that their consensus reflects convergence toward
expert-calibrated judgment rather than shared bias.

Finally, Table 13 reports approximate wall-clock
time for a full evaluation run. GPT-4.1 achieves a
favorable balance between evaluation quality, sta-
bility, and efficiency.

Overall, across human alignment, intra-model
stability, and inter-model consensus analyses, we
find consistent evidence that the MedEQ rubrics
are highly executable: trained professionals and
state-of-the-art LLMs converge on the same as-
sessments (domain-expert Kappa 0.517–0.646; top
inter-model Kappa 0.736–0.784), while general-
public annotators show substantially lower agree-
ment (Kappa 0.341–0.419). This gap between do-
main experts and general-public annotators con-
firms that the rubrics encode clinically meaningful
criteria rather than surface heuristics, and that their
executability scales to automated evaluation. In par-
ticular, GPT-4.1 lies within the highest-consensus
group of judges, aligns closely with expert judg-
ment, and exhibits low variance under repeated
evaluations, making it a well-justified choice for
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Table 10: Cohen’s Kappa and MCC between model
judgments and general-public annotations.

Model Kappa MCC

kimi_k2 0.419 0.423
ds_v31 0.413 0.413
gpt_4.1 0.410 0.417
gemini_2.5_pro 0.380 0.386
gemini_3_pro_preview 0.378 0.378
ds_r1 0.362 0.363
qwen3_235b_a22b 0.341 0.345

Table 11: Intra-model variance across three repeated
evaluations.

Model Std. Dev. Variance

ds_r1 0.101 0.058
ds_v31 0.032 0.018
gemini_2.5_pro 0.042 0.024
gemini_3_pro_preview 0.0003 0.00018
gpt_4.1 0.016 0.009
kimi_k2 0.026 0.015
qwen3_235b_a22b 0.101 0.058

automatic evaluation.

Table 12: Inter-model Cohen’s Kappa. The highest-
consensus cluster (Kimi-K2, DS-V3.1, GPT-4.1)
achieves pairwise Kappa 0.736–0.784.

DS-V3.1 GPT-4.1 Kimi-K2

DS-V3.1 — 0.736 0.779
GPT-4.1 0.736 — 0.784
Kimi-K2 0.779 0.784 —

Table 13: Approximate wall-clock time required for full
evaluation.

Model Time

ds_r1 5–5.5 h
ds_v31 1.5–2 h
gemini_2.5_pro 3–3.5 h
gemini_3_pro_preview 3.5–4 h
gpt_4.1 1–1.5 h
kimi_k2 < 1 h
qwen3_235b_a22b 2.5–3 h

F Case Study Responses

This appendix provides the full responses under-
lying the qualitative analysis in Section 5.4. The
high- and low-score labels refer to MedEQ rubric
scores rather than clinical correctness, and the color
highlights are explanatory annotations that do not
affect scoring. The GPT-5 response illustrates the
safety-oriented style shift discussed in the main
text.
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Table 14: Translated case study responses for a pediatric patient with high fever and ankle swelling and suspected
osteomyelitis. Blue text highlights empathic and emotionally supportive language; red text marks overly safety-
strict or urgency-focused language that lacks emotional warmth. The low-score response contains no emotionally
supportive language and is therefore shown without color annotation.

Response Type Response Content (English Translation)

Clinical Question A child presents with high fever accompanied by ankle joint swelling, and the clinician suspects
osteomyelitis.

High-Score Re-
sponse

Seeing a child with persistent high fever accompanied by ankle joint swelling is indeed a situation
that requires serious attention. As a parent, the anxiety and concern at this moment are completely
understandable. High fever in children combined with swelling, pain, and restricted movement of
a single joint—especially the ankle—is a classic presentation that necessitates urgent evaluation
for osteomyelitis. At the same time, it is also important to differentiate this condition from several
other critical diseases.
The following is a detailed analysis to help you understand the clinician’s reasoning and what may
happen next.
Acute osteomyelitis in children often has a sudden onset and is commonly associated with high
fever (usually above 38.5◦C), chills, and other systemic signs of infection. In pediatric patients,
the metaphysis of long bones is the most frequently affected site. The distal tibia and fibula near
the ankle joint are among the most common locations for metaphyseal infection.
The affected area, such as the ankle region, lower leg, or area above the heel, typically exhibits
severe and persistent pain. Children may refuse to move the affected limb or bear weight, and
even slight touch or passive movement can trigger intense pain and crying. Marked swelling, skin
redness, and increased local temperature may be observed in the infected area and surrounding
soft tissue. Ankle joint mobility is often significantly restricted.

Low-Score Re-
sponse

When a child presents with high fever accompanied by ankle joint swelling, the following
conditions should be considered.
Septic arthritis is characterized by infection within the joint cavity. Typical manifestations include
redness, swelling, warmth, and pain of the joint, with marked limitation of movement, especially
severe pain during passive motion. High fever and systemic signs of infection are common. The
hip and knee joints are more frequently affected.
Acute osteomyelitis is characterized by infection of the bone marrow and bone tissue. Clinical
manifestations include bone pain and localized tenderness. Swelling of adjacent joints may occur;
however, joint mobility is often relatively preserved.

GPT-5 Response A child presenting with high fever and ankle joint swelling requires immediate medical attention
and emergency evaluation. This presentation suggests possible acute osteomyelitis or septic
arthritis, both of which are pediatric orthopedic emergencies. Delayed treatment may result in
joint destruction, impaired bone growth, or systemic infection.
Immediate actions include proceeding to the emergency department or following the physician’s
recommendation for hospitalization. If the child is unable to walk or bear weight, has obvious
redness, swelling, warmth of the ankle, persistent high fever (at or above 39◦C), poor mental
status, or chills, urgent evaluation is essential.
During transport, antipyretic and analgesic treatment may be administered, such as acetaminophen
at 10–15 mg/kg every 6–8 hours or ibuprofen at 10 mg/kg every 8 hours, without exceeding
recommended doses. Ibuprofen should be avoided in children with dehydration, renal disease,
or gastrointestinal conditions. Aspirin should never be given to children. The child should rest,
movement of the affected limb should be restricted, and hydration should be encouraged with
small, frequent fluid intake.
In the hospital, evaluation typically includes blood tests such as complete blood count, C-reactive
protein, erythrocyte sedimentation rate, and possibly procalcitonin, with blood cultures obtained
before antibiotic administration whenever possible. Imaging studies may include radiographs,
which are often normal early on, ultrasound to detect joint effusion, and MRI, which is the most
sensitive modality for assessing the extent of osteomyelitis and detecting abscess formation.
In some cases, joint aspiration or bone or soft tissue drainage may be required for diagnostic
confirmation and decompression, with samples sent for culture. Empiric intravenous antibiotics
should be initiated promptly and adjusted based on culture results. Coverage typically includes
Staphylococcus aureus, including methicillin-resistant strains. In preschool-aged children, Kingella
kingae should also be considered. In children with sickle cell disease, Salmonella species must be
considered.
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G Bilingual Dataset Release

MedEQ is annotated and released in both Chinese
and English. All rubric items, scenario descrip-
tions, and evaluation criteria are provided in both
languages. The results reported in this paper are
based on the English version of the dataset. Both
versions will be made publicly available upon pub-
lication. The dataset will be released under the CC
BY-NC 4.0 license for non-commercial research
use.

H Rubric Case Examples

To illustrate the depth and clinical sophistication
of MedEQ rubrics, we present two representative
cases with selected rubric items. These examples
demonstrate how the rubric system operationalizes
nuanced emotional intelligence requirements that
go far beyond surface-level empathy detection. The
examples below present rubric criteria without pre-
assigned point values. During evaluation, every
criterion is independently scored on the same 0–5
scale and assigned unit weight (wk = 1).

H.1 Case 1: End-of-Life Caregiving

Clinical query. “For an elderly person with
stage 4 heart failure and 90% lung cancer, how
long can they live?”

This scenario involves a family caregiver con-
fronting terminal illness in an elderly relative. The
question “how long can they live?” appears to
request a prognosis, but its emotional subtext en-
compasses anticipatory grief, caregiver guilt, help-
lessness, and the need for actionable guidance. The
rubric must capture not only empathic acknowl-
edgment but also the ability to navigate implicit
meanings, conflicting emotions, role-specific pres-
sures, and the ethical boundary between honesty
and emotional safety. The following selected rubric
items highlight these requirements:

1. Mixed Emotions. Deeply understands
the asker’s conflicting psychological state—
holding onto “hope for a miracle” while si-
multaneously preparing for the worst. The
response skillfully addresses this emotional
complexity, neither offering false hope nor
completely extinguishing their emotional an-
chor, but instead guiding them to focus energy
on more meaningful actions.

2. Suggestive Cues. Accurately interprets the
underlying meanings behind the question
“How long can they live?”—such as “How
should I prepare?”, “How much time do I
have left?”, or “What can I do to ensure their
final days are as pain-free as possible?” The
core of the response centers on these implicit
concerns rather than fixating on the “timeline”
itself.

3. Understanding Emotional Attribution. An-
ticipates the profound harm that a direct, spe-
cific answer (even a range like “3–6 months”)
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could cause, and clearly, gently explains why
doctors cannot and should not deliver a defini-
tive “death sentence.” At the same time, skill-
fully shifts the focus from “length of life” to
“quality of life.”

4. Unexpected Emotional Outcomes. Family
members may repeatedly blame themselves—
“Did I fail to detect the illness earlier?” or
“Should I have pushed harder for the elder
to quit smoking?”—even when these factors
are not directly linked to the illness. Over
long-term caregiving, family members con-
stantly absorb the patient’s negative emotions,
compounded by their own worries, making
them prone to “emotional exhaustion.” The re-
sponse advises caregivers to allow themselves
to “occasionally show vulnerability,” such as
confiding in someone trusted, to avoid bearing
all the pressure alone.

5. Role Influence. Accurately empathizes with
the role pressure of the asker as a “child” or
“younger family member.” The response re-
flects an understanding of cultural expecta-
tions of filial duty, feelings of helplessness
in the face of a loved one’s decline, and pos-
sible anticipatory grief and guilt associated
with “wanting to care for one’s parent, but the
parent is no longer there.”

6. Emotionally Continuous Experience. Main-
tains a consistent tone of care and empathy
from beginning to end. At the conclusion,
offers emotional support and encouragement
again—such as “This journey is tough; please
remember to take care of yourself—you’re not
facing it alone”—creating a complete emo-
tional loop.

7. Personalized Care Plan. While offering gen-
eral recommendations (e.g., focusing on pal-
liative care), encourages the user to explore
the unique, personalized needs of this particu-
lar elder. For example: “Has the elder recently
mentioned wanting to see someone? Is there
a particular food they’d like to eat? Any un-
finished wishes?” This ensures care is truly
centered on one specific individual.

8. Safety- and Compassion-Oriented Care.
All recommendations strictly uphold “safety
first” and “compassionate care.” It clearly
states that treatment decisions must be made

jointly with the medical team and aligns the
goal with palliative care philosophy—in the
final stage of life, the focus should be on pain
control, maintaining dignity, and fulfilling fi-
nal wishes, rather than extending life at all
costs.

H.2 Case 2: Adolescent Hygiene in a
Boarding School

Clinical query. “As a boarding student, there’s
no place to shower at school, so I use baby wet
wipes to clean my private area before going to bed
at night.”

This scenario involves an adolescent navigating
intimate hygiene under constrained living condi-
tions. The emotional complexity lies in the inter-
section of potential embarrassment, limited auton-
omy, environmental constraints, and a common
misconception (“baby products are always safe for
sensitive areas”). The rubric requires sensitivity to
cultural and situational context, recognition of the
student’s resourcefulness despite limited options,
and correction of misconceptions without blame.
The following selected rubric items illustrate these
requirements:

1. Cultural Context Consideration. Incorpo-
rates cultural and environmental factors com-
mon among boarding students, such as dor-
mitory living and limited facilities. Reflects
this understanding in responses, for example:
“In a shared school environment, living condi-
tions may be limited, and hygiene can present
real challenges.”

2. Individual Emotional Value. Emphasizes
the importance of private area health to a
boarding student’s personal quality of life and
academic performance. For example: “Main-
taining intimate health helps you feel more
comfortable in daily life and studies, reduces
distractions from physical discomfort, and al-
lows you to better enjoy campus life.”

3. Role Influence. Considers the student role
of boarding students, and tailors advice to fit
their academic and daily routines. Recom-
mends simple, time-efficient cleaning meth-
ods, for example: “Using warm water to clean
is convenient and won’t take up much of your
study time.”

4. Mixed Emotions. Anticipates and addresses
parents’ “unexpected emotions.” Understands
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that parents might feel their concern is be-
ing dismissed if the advice seems “too sim-
ple” (e.g., just recommending water), and ex-
plains accordingly: “Although it sounds sim-
ple, water is actually the gentlest and safest
option. . . ”

5. Misconceptions About Illness. Gently antic-
ipates and corrects potential misconceptions
without blame. For instance, if a parent as-
sumes “baby products are always safest,” the
response might explain: “While baby wipes
are gentle, they are designed for different
purposes than intimate care. . . ” rather than
bluntly stating, “You can’t use them.”

6. Emotional Transition. Transforms potential
anxiety of boarding students into a sense of
reassurance. For example: “Although the cur-
rent cleaning method may have some draw-
backs, we can better protect intimate health
by making a few simple adjustments—there’s
no need to feel overly anxious.”

7. Understanding Emotional Attribution. Ac-
curately understands the root cause of the
boarding student’s anxiety: “No access to
showers at school leads to improper cleaning,
which in turn causes health concerns.” For ex-
ample: “I understand your anxiety stems from
not having shower access at school, forcing
you to use baby wipes on sensitive areas, and
worrying this might affect health.”

8. Suggestive Cues. Accurately interprets the
underlying sense of helplessness behind a
brief question. The response not only answers
“Can I use it?” but proactively offers alter-
natives (“What to use instead if not?”), long-
term solutions, and fills in the gaps left by
the parent’s anxiety, addressing unasked ques-
tions.
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