EmplifAl: a Fine-grained Dataset for Japanese Empathetic Medical
Dialogues in 28 Emotion Labels

Wan Jou She'”, Lis Kanashiro Pereira?, Fei Cheng®, Sakiko Yahata®
Panote Siriaraya'”, Eiji Aramaki*
! Kyoto Institute of Technology, Japan
2 National Institute of Information and Communications Technology (NICT), Japan
3 Kyoto University, Japan
# Nara Institute of Science and Technology, Japan
" wjs2004@kit.ac. jp, spanote@kit.ac. jp

Abstract

This paper introduces EmplifAl, a Japanese
empathetic dialogue dataset designed to sup-
port patients coping with chronic medical con-
ditions. They often experience a wide range
of positive and negative emotions (e.g., hope
and despair) that shift across different stages
of disease management. EmplifAl addresses
this complexity by providing situation-based
dialogues grounded in 28 fine-grained emotion
categories, adapted and validated from the GoE-
motions taxonomy. The dataset includes 280
medically contextualized situations and 4,125
two-turn dialogues, collected through crowd-
sourcing and expert review.

To evaluate emotional alignment in empa-
thetic dialogues, we assessed model predictions
on situation—dialogue pairs using BERTScore
across multiple large language models (LLMs),
achieving F1 scores of > 0.83. Fine-tuning
a baseline Japanese LLM (LLM-jp-3.1-13b-
instruct4) with EmplifAl resulted in notable
improvements in fluency, general empathy, and
emotion-specific empathy. Furthermore, we
compared the scores assigned by LLM-as-a-
Judge and human raters on dialogues generated
by multiple LLMs to validate our evaluation
pipeline and discuss the insights and potential
risks derived from the correlation analysis.

1 Introduction

If, as Harvard researcher Robert Waldinger’s 85-
year study suggests, the key to happiness lies
in strong, positive relationships (Waldinger and
Schulz, 2023), then empathy is one of the essential
elements for fostering connection and belonging
between people. Our paper examines the effective-
ness of EmplifAl, a Japanese dataset of empathetic
dialogue we curated, in generating empathetic re-
sponses to fine-grained emotions expressed during
the coping process of chronic medical conditions.
Due to Japanese being a low-resource language,

there is a scarcity of datasets for creating empa-
thetic content across various medical situations.

1.1 Three major limitations in existing
empathy datasets

Our motivation for creating the EmplifAl dataset
stemmed from three key limitations identified
during the development of Japanese conversational
agents aimed at addressing patients’ concerns with
emotional sensitivity.

General empathy datasets are inadequate
for medical contexts The first hurdle we have
encountered was the lack of medical contexts spe-
cific empathy datasets. While Japanese empathy
datasets such as STUDIES (Saito et al., 2022),
CALLS (Saito et al., 2023), and KokoroChat
(Qi et al.,, 2025) offer valuable resources for
educational, customer service, or counseling
scenarios, they fail to comprehensively capture the
unique emotional and cognitive challenges associ-
ated with managing chronic medical conditions.
Chronic disease management (e.g., diabete and
cancer) involves long-term uncertainty, lifestyle
adaptation, subtle frustrations, and sustained hope,
emotions that are distinct from those found in
reddit comments or service interactions. Moreover,
none of the existing Japanese datasets provide
situation-rich, culturally sensitive, patient-centered
dialogues specifically tailored for clinical empathy
in chronic care. This leaves a critical gap for
developing empathetic conversational agents
that can meaningfully support Japanese patients
managing ongoing health conditions.

A lack of comprehensive coverage of var-
ious emotions except negative ones Existing
counseling-oriented Japanese datasets, such as
KokoroChat (Qi et al., 2025), primarily focus
on addressing acute negative emotions such as
sadness, anxiety, or fear, often reflecting one-time
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incidents or crisis interventions. However,
chronic condition management is not solely about
alleviating negative emotions; it equally requires
recognizing and reinforcing small moments of
pride, relief, or optimism to sustain long-term
self-management efforts. Patients often oscillate
between hopeful anticipation and subsequent
disappointment, or repeatedly move through
cycles of confusion, realization, and acceptance
as their condition evolves (Turner and Kelly,
2000). Current datasets do not provide sufficient
coverage of these dynamic, mixed emotional
trajectories, nor do they support situation-based
follow-up responses that build continuity over time.
For chronic care, recognizing the coexistence of
various emotions (except negative ones) is critical
to maintaining motivation and trust throughout the
long journey of self-care.

Overlapping and imbalanced emotion labels
and taxonomy Ultimately, many large-scale
empathy datasets, particularly those derived
from social media platforms like Reddit or X
(former: Twitter) (Rashkin et al., 2018; Demszky
et al., 2020; Hosseini and Caragea, 2021), suffer
from inherent label imbalance and ambiguous
taxonomies. The nature of these platforms often
leads to an over-representation of highly expressive
negative emotions such as anger, fear, or sadness.
In contrast, subtle yet clinically relevant emotions
like remorse, relief, or realization tend to be
underrepresented. To ensure a model’s appropriate
response, these nuanced emotions should be
given equal weight. Additionally, the taxonomy
of emotions used in some of the datasets, such
as EmpatheticDialogues (Rashkin et al., 2018)
could contain overlapping or loosely defined
labels (e.g., “afraid” vs. “terrified,” or “sad” vs.
“devastated”). Such ambiguity could introduce
noise into model training and is problematic in
healthcare-related emotional understanding since
it requires precise and context-aware distinctions,
such as differentiating between disappointment
in treatment outcomes versus confusion about
medical advice.

In general, given these limitations, we devel-
oped EmplifAl, a dataset specifically designed for
the context of coping with chronic conditions. It
adapts a comprehensive, balanced, and medically
meaningful emotion taxonomy and is expected to
enhance both model accuracy (correct emotional

recognition) and reliability (content-appropriate re-
sponse) in sensitive patient-facing interactions.

2 Related Work

Given our aim to build a Japanese empathetic dia-
logue dataset (EmplfiAl), we drew inspiration from
related datasets in both English and Japanese.

2.1 English Empathy Datasets

Understanding the emotions embedded in a
conversation is a crucial step toward expressing
empathy. Consequently, Western researchers often
reference early influential emotion theories by
psychologists such as Ekman and Plutchik (Ekman
et al., 1999; Plutchik, 1980). However, Ekman’s
six universal emotions (anger, fear, sadness,
disgust, joy/happiness, and surprise) are derived
from studies of facial expressions, making them
less applicable to text-based sentiment analysis.
Plutchik’s wheel of eight primary emotions and
their varying intensities offers a more comprehen-
sive framework for understanding the relationships
between emotions, but precisely annotating and
modeling emotional intensity in open-ended
conversations remains highly challenging. In
the end, although we can see their influence
on most of the emotion/empathy datasets (e.g.,
Emotional Dialogues in OpenSubtitles (EDOS)
(Welivita et al., 2020) or GoEmotions (Demszky
et al., 2020)), many datasets often expand beyond
the basic emotions and adopt appraisal-based
labeling (describing emotions through latent event
attributes such as pleasantness or pride) to better
accommodate the nuances of textual inference
(Mohammad, 2018; Buechel and Hahn, 2022).

Several popular resources derive emotions from
naturally occurring social media content. GoEmo-
tions annotates 58k Reddit comments with 27 fine-
grained categories and Neutral (Demszky et al.,
2020), while Persona-based Empathetic Conver-
sations extend this approach to multi-turn dia-
logues and persona-conditioned settings, focusing
on how emotions unfold in online Reddit discus-
sions (Zhong et al., 2020). In contrast, Rashkin et
al’s EmpatheticDialogues (Rashkin et al., 2018)
and Omitaomu et al.’s Empathetic Conversations
use a crowdsourced scenario approach, where
workers explicitly describe situations tied to 32
emotions or news articles and generate empathetic
listener responses, creating more controlled but di-
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verse conversational data (Omitaomu et al., 2022).

2.2 Japanese Empathy Datasets

Japanese empathy datasets mainly target specific
domains such as education, customer service, or
counseling. STUDIES collects teacher—student
dialogues emphasizing prosody and friendly agent
responses, while CALLS focuses on empathetic
expressions in customer support phone calls (Saito
et al., 2023). KokoroChat captures multi-turn
counseling role-plays between trained counselors
and clients, offering deeper psychological support
but mainly for acute mental health contexts
(Qi et al., 2025). Other resources like JTES
(sometimes referred to as JTESpeech) center on
emotional speech or general affective computing
rather than dialogue-level empathy (Takeishi et al.,
2016; Atmaja and Sasou, 2022).

While these datasets provide useful foundations,
they are limited to short-term or domain-specific in-
teractions and do not address the dynamic, evolving
emotions needed for long-term chronic condition
management. This gap reassured us that there is
a need for a medically focused Japanese empathy
dataset designed for sustained patient support.

2.3 Emotion taxonomy

Two sets of emotion taxonomy were considered
to build the Japanese EmplifAl dataset, Google’s
27 emotions and neutral GoEmotion dataset
(for easier to address, we just call it 28 emotion
categories in the following article) (Demszky
et al., 2020) and Meta’s 32 emotions from the
EmpatheticDialogue dataset (Rashkin et al., 2018).
Both datasets contain largely manually annotated
and evaluated text contents and each emotion label
is validated by multiple examples.

The GoEmotion was labeled based on appraising
the Reddit comments, while the EmpatheticDia-
logue dataset is completely created through MTurk
crowdsourcing, hence, resulting a rather balanced
label distribution. Upon in-depth investigation of
the emotion taxonomy used in both datasets, we no-
ticed major issues with the 32 emotion labels from
the EmpatheticDialogue dataset. The primary con-
cern, as we discussed in the Introduction section,
was its lacking a fine-grained analysis of the mutual
exclusivity of the taxonomy. For instance, Angry
vs Furious. It also includes questionable labels like
"Prepared" and "Faithful." In contrary, the GoE-

motion’s labels are constructed from ground-up
(manually annotating comments and comparing the
agreements among 3 reviewers on the categories).
Additionally, the significant dissociability between
labels have been validated through Principal Pre-
served Component Analysis (PPCA) (Cowen et al.,
2019). Such an approach resulted in a much more
fine-grained, well-defined emotion taxonomy for
further dialogue data collection.

3 Building the EmplifAI Dataset

The study protocol was reviewed and approved by
the Institutional Review Board (IRB) of the lead re-
searcher’s university (protocol number: 2022-1-46).
Since the data collection was conducted anony-
mously through online crowdsourcing platform, it
was deemed low risk for the users.

3.1 Emotion Taxonomy Translation

The 28 GoEmotion categories were first translated
and reviewed by two native Japanese researchers.
The resulted Japanese translation is shown in Table
1.

3.2 Dialogue Formatting

We used EmpatheticDialogue as a reference to cu-
rate dialogues across various medical situations
(Rashkin et al., 2018). The dataset was constructed
through two rounds of crowdsourcing. In the first
round, crowd workers were asked to reflect on their
personal medical experiences and generate situa-
tions designed to elicit specific emotions. These
emotion-specific situations were then used in the
second round to collect two-turn patient—supporter
dialogues. See Figure 1 for examples of the two-
turn dialogue format we show to the crowd workers
(translated from Japanese).

3.3 Task Set-up and Data Collection System
Development

The crowdsourcing task was posted on Crowd-
Works (crowdworks.jp), a popular Japanese
platform for microtasks. To keep the label
distribution balanced, we aimed to collect 10
medical scenarios for each emotion, along with
15 two-turn dialogues for each emotion—situation
pair. In the second round of crowdsourcing, we
increased the number of eligible workers to 18
(each crowd worker was compensated ¥10 for the
generation of situation and ¥50 for the dialogues),
as the platform only allowed us to reject up to 30%
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Emotion-Situation pair (negative)

Nervousness:

| was told that there is a 40% chance that
the treatment will fail. | am worried about
the outcome and whether it will fail.

There is a 40% chance that the
treatment could fail. | am quite worried.

That's very unfortunate. Do you still
want to receive treatment? S
| can't help but accept it, can I?

| know it must have been really difficult to
decide to undergo treatment, but | am
proud of your decision.

* P: patient, S: supporter

Emotion-Situation pair (positive)

Optimism:

My family is very supportive. | am
optimistic that the cancer treatment will
go well.

My family is very supportive of my
cancer treatment. | can be cured,

P right?

What a kind family you have. | also
hope your treatment goes well.

Thank you for sending your positive
P regards.

Of course. I'll always be rooting for

you. S

Figure 1: Samples of the conversation shown to the workers in the data collection system

of low-quality responses.

We developed a dedicated data collection system
to randomize the tasks presented to crowd workers.
This approach was intended to reduce crowd
worker fatigue from repeatedly performing similar
tasks and to maintain a balanced distribution of
labels. Once a specific emotion—situation pair
reached the target number of entries, the system
automatically disabled it from further display.

A researcher with a background in nursing re-
search was responsible for administering the crowd-
sourcing task and conducting the primary screen-
ing of submissions (approval or rejection). The two
rounds crowdsourcing took two weeks to complete.

3.4 Manually Review & Filtering Harmful
Conversations

The manual review of crowdsourced data was con-
ducted after each round. Two research assistants
with at least three years medical annotation ex-
periences conducted thorough reviews of the text
entries and modified (or flag) the entries if needed.
Since the crowdworkers were instructed to simulate
emotional empathy, EmplifAl does not engage in
in-depth medical or clinical discussions. Therefore,
instead of employing conventional QA task eval-
uation metrics such as informational accuracy or
adverse effect detection, the reviewers were asked
to focus on “empathetic toxicity.” The modification
or removal of dialogues depended on the emotional
appropriateness of the empathy expressed, the ex-

tent to which harmful emotions were de-escalated,
and the degree of security and reassurance con-
veyed. See the following examples.

Patient: This doctor does not care about
my suffering at all. (angry)
Supporterl: I totally understand. You
should really punch him. (escalating
harmful action through empathy)
Supporter2: Yes, yes, doctors are
all like this, but what can we do?
(empathize but offer no sense of security)
Supporter3: I can only imagine how sad
and lonely you must feel. (mis-attuned
empathy)

The lead researcher then reviewed the flagged
entries and decided whether to remove the entry or
keep them.

3.5 EmplifAl Dataset Statistics

The two rounds of crowdsourcing, followed by
manual reviews, resulted in 280 situations cor-
responding to 28 emotion labels (10 situations
per emotion) and 4,125 two-turn patient—supporter
dialogues (averaging 14-15 dialogues per emo-
tion—situation pair). At this point, we considered
EmplifAl to be a relatively balanced and context-
rich dataset, suitable for subsequent evaluation and
analysis.
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Emotion Emotion Sentiment
keywords keywords

(EN) (JP)

Admiration P& Positive
Amusement R Positive
Approval KR Positive
Caring Bveh Positive
Desire JiHEH Positive
Excitement & Positive
Gratitude TR Positive
Joy = Positive
Love B Positive
Optimism TEE Positive
Pride B Positive
Relief LN Positive
Anger &N Negative
Annoyance HEX Negative
Disappointment P! Negative
Disapproval PAEGER Negative
Disgust i S Negative
Embarrassment L9 L & Negative
Fear Al Negative
Grief & Negative
Nervousness 2k Negative
Remorse i Negative
Sadness 2EL & Negative
Confusion WAL Ambiguous
Curiosity LSRN Ambiguous
Realization A=A Ambiguous
Surprise X Ambiguous
Neutral -5 Neutral

Table 1: GoEmotion keywords (27 emotion keywords
and 1 neutral) in English and Japanese

4 Emotion Taxonomy Validity Evaluation

To assess the validity of our emotion taxonomy,
we conducted a reverse-engineering evaluation on
the EmplifAl dialogue sets. This involved pro-
viding the situation-dialogue pairs to the models,
which then predicted the targeted emotions. Such
an approach offers a clear indicator of both how
fine-grained the emotion taxonomy is and how well
the dialogues and situations adhere to the targeted
emotion.

4.1 Evaluation Models and Metrics Selection

We prompted five large language models (LLMs),
GPT-03 pro, DeepSeek-distilled-Qwen 32b,
LIM-jp-3.1 13b (Aizawa et al., 2024), Llama
3-Swallow 8b (Ma et al., 2025) and MedLlama3-JP

(Sukeda, 2024) to predict the most likely emotions
associated with each situation-dialogue pair, given
the 28 predefined emotion categories.

We then evaluated how accurately the mod-
els could identify the intended emotion based on
the provided contexts using both FastText and
BERTScore. FastText offers a robust word-level
embeddings and is well-suited for stricter emo-
tion labels comparison and text classification tasks
(Joulin et al., 2016). On the other hand, BERTScore
includes contextual embeddings to compute se-
mantic similarity score between the predicted and
ground truth emotion labels (Zhang et al., 2019).

4.2 Emotion Prediction Results and Findings

By combining FastText for coarse-grained,
embedding-based classification with BERTScore
for fine-grained semantic similarity, we can more
effectively gauge how closely the dialogues
align with the targeted emotions. The results are
presented in Table 7

Taken together, the emotion taxonomy demon-
strates good validity, as evidenced by high
semantic similarity scores (all BERTScore Fls
> 0.83) across models.

Even with the strict label matching, most LLMs
except DeepSeek could still capture the correct
emotion to some extent. Although the relatively
lower FastText scores might indicate subtle over-
laps or ambiguities across certain emotion cate-
gories, overall the taxonomy still appears robust
and semantically coherent.

S Empathetic Dialogues Generation
Evaluation

After wvalidating the alignment of our dia-
logue—situation pairs and emotion taxonomy, we
assessed the dataset quality by performing super-
vised fine-tuning (SFT) directly on the 8b and 13b
LLMs (see 4.1 for our model selection) (Aizawa
et al., 2024; Ma et al., 2025; Sukeda, 2024). Fine-
tuning on this model allows us to evaluate how well
the dataset supports learning contextually appro-
priate and emotionally aligned responses, thereby
serving as an intrinsic measure of its quality.

5.1 Dialogues Generation

To test how well the model could generate
empathetic dialogues, we mainly compared
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Models

FastText bertscore bertscore bertscore

(mean (mean (mean (mean
cosine  preci- recall) F1)
simi- sion)
larity)
GPT 0.59 0.89 0.88 0.88
DeepSeek 0.36 0.84 0.83 0.84
LLM- 0.52 0.86 0.86 0.86
ip
Swallow  0.52 0.82 0.83 0.83
MedLlama 0.58 0.82 0.83 0.83

Table 2: Reverse-engineering evaluation on the
EmplifAl dialogue-situation pairs (n = 4,125) us-
ing three state-of-the-art models known for strong
performance in Japanese and related Asian lan-
guages: GPT-03-pro (GPT), DeepSeek-distilled-Qwen-
32B (DeepSeek), LLM-jp-3.1-13b-instruct4 (LLM-
jp), Llama-3-Swallow-8b-Instruct-v0.1 (Swallow), and
MedLlama3-JP (MedLlama)

zero-shot generation on the smaller models before
and after fine-tuning. Given its relatively compact
size, we also included two frequently used LLMs,
GPT-03-pro and DeepSeek-distilled-Qwen-32b,
for zero-shot comparison.

For the generation experiment, a set of 100
emotion-situation pairs was randomly sampled
from the EmplifAl dataset (seed=42) using scikit-
learn. Each model generated responses following
the same two-turn dialogue format. We then evalu-
ated the quality of these generated dialogues. Note
that if a model failed to adhere to the instructions
and did not generate dialogues in the specified
format, the generated dialogue was automatically
rated as the lowest on the scale.

5.2 Evaluation Metrics

The evaluation metrics are derived from previous
studies that assessed the performance of LLMs on
medical knowledge or patient-facing tasks (e.g.,
Question Answering) (Ayers et al., 2023; Singhal
et al., 2023). The metrics were selected based on
two purposes: (1) general LLM performance met-
rics (e.g., content comprehensibility and fluency
of the Japanese) and (2) empathy related metrics
(e.g., general empathy and emotion specific empa-
thy). In the end, seven metrics were included in our
evaluation experiment, content comprehensibility,
general empathy, emotion specific empathy, consis-
tency to the context, fluency in Japanese, harmless-

Metrics Definitions

Content Assesses how well the responder

Comprehen- understands the situation and the

sibility patient’s statements

General Em- Measures how warmly and sup-

pathy portively the responder acknowl-
edges and validates the patient’s
feelings

Emotion Measures how accurately the re-

Specific sponder identifies the patient’s ex-

Empathy act emotion and tailors their re-
sponse to it

Consistency Measures how closely the respon-

to the Con- der’s answers stay aligned with

text the topic of conversation

Fluency in Measures the naturalness and

Japanese grammatical accuracy of the
Japanese in the corresponding
conversations

Harmlessness Measures the potential risk of
harm caused by the responder’s
answers to the patient

Sense of Se- Evaluates how much the respon-

curity der’s answers help calm the pa-

tient and provide a feeling of
safety

Table 3: Metrics used in the evaluation of the empathetic
dialogues generation task

ness, sense of security. The metrics and definitions
are presented in Table 3. We used a 5-point Likert
scale to measure each metric.

5.3 LLM-as-a-Judge

Due to the open-ended nature of our task, we
cannot rely on traditional n-gram overlap metrics
such as BLEU or ROUGE, as they fail to capture
semantic similarity and are less suitable for
diverse, free-form responses. We have adapted
the approach of LLM-as-a-Judge to evaluate the
quality of dialogue generation (Zheng et al., 2023;
Lietal., 2024).

For a fair blind comparison, we ruled out all the
LLMs used to generate the synthesized dialogues.
In the end, Gemini-2.5-Flash was chosen because
it offers an optimal balance of speed, accuracy, and
scalability, featuring a 1M-token context window
and “thinking” capabilities for consistent reasoning
(DeepMind, 2025).
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Source of Content General Emotion Consistency Fluency Harmless- Sense of
dialogues Compre- Empathy Specific ness Security
(n=100) hensibil- Empathy

ity
LLM-jp 1 1 1 1 1.14 1.01 1.04
SFT- 2.46 2.47 2.40 3.20 3.90 3.31 2.60
LLM-jp
Swallow 1.9 1.98 1.71 1.9 2.11 23 1.88
SFT- 2.16 23 2.05 2.37 29 2.6 22
Swallow
MedLlama 1.44 1.38 1.49 1.57 1.61 1.44 1.53
SFT- 1.78 1.96 1.71 1.99 1.88 2.11 1.8
MedLlama
DeepSeek 4.17 4.25 4.23 4.16 4.11 4.32 4.27
GPT 4.97 5 4.99 4.98 4.97 5 5

Table 4: LLM-as-a-Judge evaluation on dialogues generation (n = 100) using Japanese models: GPT-03-pro (GPT),
DeepSeek-distilled-Qwen-32b (DeepSeek), LLM-jp-3.1-13b-instruct4 (LLM-jp), Llama-3-Swallow-8b-Instruct-
v0.1 (Swallow), and MedLlama3-JP (MedLlama). Model used to judge: Gemini-2.5-Flash

The evaluation pipeline was constructed based
on the Ragas' framework (an open-source Python
framework) and we have customized our own
prompts using the Rubrics based scoring (See
Appendix B for our rubrics prompts). The scoring
aligned with a 5-point Likert Scale, where a higher
score indicated better performance on the metrics.

The LLM-as-a-Judge results yielded rich in-
sights into how effectively the EmplifAl dataset can
improve the zero-shot performance of two small
Japanese LLMs and one medical LLM (Llama-
3-Swallow-8b-Instruct-v0.1) in open-ended empa-
thetic dialogue generation (see Table 4 for our eval-
uation results). While it was expected that these
smaller models (8b and 13b) would not rival pop-
ular commercial models like GPT and DeepSeek,
we still identified stable improvement in perfor-
mance in all seven metrics. We did notice that
instruction tuned models (LLM-jp-3.1 and Llama-
3-Swallow) performed generally better than models
that were not instruction tuned (MedLlama3-JP).
However, even with smaller LLMs, SFT instruc-
tion models demonstrated notable improvements
in safety-related metrics such as harmlessness and
sense of security. In the modern LLM develop-
ment landscape, prioritizing safety has become an
implicit criterion in dataset design. Moreover, de-
spite its relatively modest model size, SFT-LLM-

Thttps://docs.ragas.io/en/stable/

jp demonstrated excellent performance, rivaling
DeepSeek in Japanese fluency, and showed sub-
stantial improvements across the other four met-
rics: content comprehensibility, general empathy,
emotion-specific empathy, and consistency. These
findings highlight the effectiveness of the EmplifAl
dataset in enhancing an LL.M’s ability to generate
empathetic dialogues that appropriately respond to
diverse emotions in medical settings.

5.4 Validate LLM-judge with Human Judges

In the previous text generation task, GPT has
achieved 5 out of 5 in at least three metrics,
which raised both our interests and suspicions. To
gauge the validity of a "near-perfect” judgement
by the LLM, we conducted human ratings to
set a baseline. Moreover, we included human
evaluation results for other (SFT-)LLMs that were
able to properly follow the given instructions
(SFT-MedLlama3-JP was excluded, as it failed to
generate two-turn conversations as required).

The 100 dialogues were split into 10 groups.
Each group contained 10 dialogues based on
the emotion-situation pair. Each group was
rated by three crowd workers (each worker was
compensated ¥500 for the task) and the final score
of each dialogue was taken from the mean of the
raters’ scores. The scores given by LLM-judge
and human-judge are presented for comparison in
Table 5.
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Model Content General Emotion Consistency Fluency Harmless- Sense of
(Judges) Compre- Empathy Specific ness Security

hensibil- Empathy

ity

GPT(LLM) 4.97 5 4.99 4.98 4.97 5 5
GPT(human) 4.24 4.03 3.94 4.46 4.57 4.21 3.87
DeepSeek 4.17 4.25 4.23 4.16 4.11 4.32 4.27
(LLM)
DeepSeek 3.97 4.04 3.92 4.21 4.48 4.30 3.99
(human)
LLM-jp 2.46 247 2.4 3.2 39 3.31 2.6
(LLM)
LLM-jp 3.33 3.27 3.18 3.65 3.94 3.35 2.99
(human)
Swallow 2.16 2.3 2.05 2.37 29 2.6 2.2
(LLM)
Swallow 2.85 3.16 2.74 291 3.01 3.19 2.82
(human)

Table 5: Comparison between LLM-judge (Gemini-2.5-Flash) and human-judge (crowd workers) ratings on LLM-
generated dialogues (n = 100). LLM models: GPT-03-pro (GPT), DeepSeek-distilled-Qwen-32B (DeepSeek),
LLM-jp-3.1-13B-instruct4 (LLM-jp), and Llama-3-Swallow-8B-Instruct-v0.1 (Swallow).

We investigated the Pearson correlation between
the LLM-as-a-judge score and human judge score
using SciPy on all the metrics except the ones that
received perfect evaluations. Since results without
variation could not be used to compute correlation,
we report the constant and Mean Absolute Differ-
ence (MAD) instead. The correlation results are
shown in Table 6.

As we expected, GPT failed to score perfect 5
points in all seven metrics as the human judge re-
sults revealed. Moreover, it even underperformed
DeepSeek in Harmlessness and Sense of Security,
our two critical safety metrics. In general, higher-
rated models such as GPT and DeepSeek tended to
be downgraded by human evaluators, while lower-
rated models such as LLM-jp and Swallow received
slight upgrades, although their overall rankings re-
mained largely consistent with the original assess-
ments.

To our surprise, despite the slight deviations
from the LLM-judge results, the human evaluators’
scores were strongly or moderately—and signifi-
cantly—correlated with those of the LLM-judge for
most models, except GPT. Such a finding partially
supports the implementation of LLM-as-a-Judge
for dataset evaluation, while also highlighting po-
tential limitations when it is used as the sole evalu-

ation approach.

5.5 Qualitative Discussion on LLM-judge’s
Failure

We were particularly interested in the differing
judgments reflected across four metrics: General
Empathy, Emotion-Specific Empathy, Harm-
lessness, and Sense of Security. To explore the
potential causes of GPT’s conflicting findings,
we examined the entries that showed the largest
discrepancies between the LLM judges and human
judges. At the same time, we also prompted
Gemini-2.5-Flash to explain its own judgments.

Gemini’s focus: [the degree of formality,

informational accuracy, and suitability of
advice]
In Gemini’s defense, no misinformation or rude
responses were present in the GPT generated
empathetic supporter answers. In addition, GPT
attempted to offer positive reframing, polite
responses, and constructive solutions to the patient.
As a result, these responses received a perfect
judgment score of 5 out of 5. However, while the
LLM judge considered such “correct” answers to
be flawless, the human raters told a completely
different story.

Human raters’ focus: [emotional validation,
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Correlation Content General Emotion Consistency Fluency Harmless- Sense of
(n=100) Comprehen- Empathy Specific ness Security
sibility Empathy
GPT(Pearson) -0.04 - 0.16 (p=0.1) -0.04 (p=0.7) 0.15 (p=0.14) - -
(p=0.69)
GPT(MAD) - 433 - - - 4.0 4.33
(MAD=0.67) (MAD=1) (MAD=0.67)
DeepSeek 0.73%%** 0.72%%* 0.74%%* 0.79%** 0.64*** 0.59%** 0.76%**
(Pearson) (p<0.01) (p<0.01) (p<0.01) (p<0.01) (p<0.01) (p<0.01) (p<0.01)
LLM-jp 0.49%** 0.61#%* 0.51#%* 0.37#%* 0.53%** 0.65%** 0.57%**
(Pearson) (p<0.01) (p<0.01) (p<0.01) (p<0.01) (p<0.01) (p<0.01) (p<0.01)
Swallow 0.5%** 0.46%** 0.51%%* 0.47+%* 0.52%** 0.39%** 0.57%**
(Pearson) (p<0.01) (p<0.01) (p<0.01) (p<0.01) (p<0.01) (p<0.01) (p<0.01)

Table 6: Correlation between LLM-judge (Gemini-2.5-Flash) and human-judge (crowd workers) ratings across
various LL.M-generated dialogues (n=100). LLM models: GPT-03-pro (GPT), DeepSeek-distilled-Qwen-32B
(DeepSeek), LLM-jp-3.1-13B-instruct4 (LLM-jp), and Llama-3-Swallow-8B-Instruct-v0.1 (Swallow). Three of
GPT’s metrics received a perfect score of 5/5; therefore, the correlation could not be computed. We report the

constant and Mean Absolute Difference (MAD) instead.

contextual sensitivity, and non-directiveness]
Interestingly, human raters seemed to pay more
attention to whether the supporters felt the patients’
pain and validated their emotions and frustrations,
even if such responses might not be considered
constructive. Based on this criterion, GPT failed
to recognize and respond to the patient’s stress
and instead provided a perfectly “correct” yet
overly forward-facing response. For instance, GPT
pinpointed the patient’s mistake and suggested that
it was not too late to correct it. Moreover, although
constructive actions were proposed, they could
have inadvertently placed additional pressure on
the patient.

Surprisingly, the “right” answer was not the right
one in this context. Our findings highlighted the
unique value of providing a “desirable” response
rather than merely a “correct” one. While high-
performing LLMs like GPT can literally generate
flawlessly empathetic responses and suggest the
most constructive actions—responses that might
even be admired by other LLMs—their perfec-
tion can make them feel distant and, paradoxically,
inhuman, precisely because such optimism and
forward-facing energy seems too good to be achiev-
able. Sometimes patients—and perhaps human
beings in general—would rather have their support-
ers empathize with their self-limitations, moments
of weakness, and heartbreak, without immediately
trying to “fix” the problem. In such vulnerable mo-
ments, they may need an empathetic listener more
than a life coach—a role that modern LLMs are
still less equipped to fulfill. The samples of con-
flicting dialogues are presented in the supplemental

materials for further reference.

6 Conclusion

In this paper, we introduce EmplifAl, a Japanese
dataset thoughtfully curated to capture a wide range
of scenarios and empathetic dialogues reflecting
fine-grained emotions in the context of chronic
medical conditions. We translated GoEmotions’
emotion labels into Japanese and conducted pre-
liminary validation of the Japanese emotion taxon-
omy, demonstrating high consistency in the LLM’s
predictions. We further established a baseline for
two-turn dialogue generation by fine-tuning a small
Japanese LLM (LLM-jp-3.1-13b-instruct4) using
EmplifAl, and observed substantial improvements
in generating empathetic responses. Although the
SFT model still shows room for improvement com-
pared to large commercially available models, fu-
ture studies could explore augmenting the dataset
with synthesized dialogues to enhance fine-tuning
outcomes.

7 Limitations

Even though EmplifAl demonstrated ability to
improve the performance of a compact Japanese
LLM, there are a few noteworthy limitations for
researchers who are interested in using the dataset
or replicating the study.

The first limitation lies in our prompt design.
We intentionally did not constrain the length of
text generation. As a result, language models
tended to produce longer responses than crowd
workers. Rather than the content, previous studies
have shown that length of a response could bias
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evaluation outcomes (Hu et al., 2024; Santilli
et al., 2025). While it was necessary to use the
same instructions for both LLMs and crowd
workers to establish a performance baseline, future
comparisons with human dialogues should take
this limitation into account.

The second limitation concerns the medical
context targeted by the EmplifAl dataset. It was
specifically designed to train LLMs to respond to
patients managing chronic medical conditions. As
such, it may not generalize well to open-ended
conversations or situations requiring general
empathetic responses.

Since the EmplifAl dataset was primarily built in
Japanese, many of its cultural nuances and expres-
sions are specific to Japanese language and culture.
Hence, it may not generalize well to other cultural
or linguistic contexts. Moreover, the crowdworkers
were used to generate the situations and imagined
conversations. Even though we have involved medi-
cal reviewers to guarantee the quality, our dialogues
may not fully reflect the actual clinical conversa-
tions. Researchers are advised to take the limitation
into consideration for future studies.

7.1 Ethics Consideration: Evaluating Harms

One of the key metrics we used to prescreen crowd-
sourced dialogues and to evaluate generated con-
tent was harmlessness. Although harmlessness was
not our primary evaluation target, it has become
a central criterion in the development of medical
LLMs. For example, Google’s Med-PalLM explic-
itly measures the “extent of possible harm” and the
“likelihood of harm” (Singhal et al., 2023), while
Tam et al. identify “Safety and Harm” as a core
dimension in their framework for assessing health-
care LLMs (Tam et al., 2024).

In our findings, we have noticed that harm or pres-
sure can also be caused by individuals empathize
without validating patients’ vulnerable emotions
and protective denial mechanism (e.g., dismissing
patient’s embarrassment and advise him/her to fix
it). The evaluation of harms should take into con-
sideration of contexts and be grounded in the cul-
tural practices rather than primarily focusing on
precise information and positively correcting the
users’ statements.

7.2 Risks and Precautions in Using LLMs as
Judges

As LLMs play an increasingly active role in dataset
pipelines (e.g., data synthesis and distillation),
researchers should not overlook their potential
applicability in evaluating the performance of
other models and datasets. However, our findings
highlight the need for additional validation and
closer alignment of evaluation metrics with human
raters, particularly for highly subjective tasks such
as empathy. Existing LLMs’ primary training
focus on informational accuracy and positive
framing may not be the most effective approach to
responding to sensitive situations, such as coping
with a chronic illness and vulnerable moments.

Another notable consideration concerns the
choice of LLM judge. Although Gemini-2.5-Flash
performs substantially better than most of the
smaller LL.Ms used in our study, it could hardly
match the performance of GPT-03-pro. Therefore,
evaluating another LLM of comparable or superior
capability was beyond Gemini’s capacity. In the
end, while we observed substantial alignment
between Gemini’s judgments and those of human
raters in the smaller LLMs, its inability to
outperform, or outgenerate, GPT’s responses
revealed clear limitations when compared with
human evaluations.

This finding was both intriguing and concerning
for researchers. While LLMs can certainly serve
as evaluators, we advise ensuring clear alignment
between evaluation metrics and human raters’ in-
terpretations, as well as careful selection of models
that are capable of outperforming those being eval-
uvated. Certainly, no LLM should “learn” from
another that underperforms it.
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A Crowdsourcing instructions

Title:
BEIALZOHIT
LTLESEn

L NDRNLEEL = AME L TER

Instruction for crowd workers:

[ ] )
BHEIALZOHITLN (RN, ZELG L) enk

‘g%ﬁ%ﬁé#\@@tfﬁméﬁi%ﬁﬁbf<
723\,
[ e ] 3
AEE L) ROV TREI AL ZOHT R A
(RN, FiERE) ek naitzd sn, 8%
LTHWSHELZERL TW=REET. BEI AN
EDEIRTFEFL T, CAGHH ORI NS
DT, ZNICEDLE QA WSHFEZMGL TAT

23,
2T ATILIKZ B =2 Fodnic [IRE
a—R] pwEorIhso7, [IWEa3—-K] Zav—
LT, 739 RT—=27 A% A bR ETRIEL
T3,

néi iﬁhl\—(ﬁﬁﬁéﬁfk‘f‘
WV E T

AERL W WS
72X, RN A 7 3 b

B LLM-as-a-Judge Prompts

We designed seven evaluation metrics in a 5-point
Likert Scale style. These metrics are: Content Com-
prehensibility, General Empathy, Emotion Specific
Empathy, Consistency, Fluency, Harmlessness and
Sense of Security. Below we list the rubric descrip-
tions for each metric.

B.1 Content Comprehensibility: 1 = worst, 5
= best

Score  Description

1 BEOMESCHN ZELMML TS5 7.
SERICH - - E TG ER LTV
%, fil: BE [Firgr-kE LW
TT) - EE [FnIsuL o T
TTh ! RE) e YHEEY ZL &9 |
(BEFEOFZZMAL T\ 5)

2 EEOMEEZLLLEMCcE CB5 7. [
BN £ 213 Ha T, SBamIc
Bi#IXds 2 HEE LR 4 > b hRITTw
5. BB [Fikrnils =k 0 Llv
TY| - HEE TR TT L. FICR
%W FET| FELWHE<LFEIC X fih
nwy)

3 THOMEZ AL T 5, &
BREZRRZRE LY RIEIERTHE
HeERRAE, I B [FilrenE - 72
IVELWTT] - HEE (29T &
ta. BTV LR £9)
(KT 2 05, SDE S~ BRI IE
RIT5)

4 BHEOMHEZMRIHL Tt . MELHE
W72 b —EREE-CBMERIRE L T
5. Ol BE [FirEaEs kDL
TY| - HEE [P TT Lk, MO
BehkomlEwETRA»ES 2 EdhY
Egh. BELSHEICHRLTAREL &
5 (PRI 0. &SI RLNEER Y
2 %A hdH T TEEE)

5 BEOIRNCHEZZRICHEMLTED .
1ERED > Bk Iciidit) vl &% LT\ 5,
fil: B [FlrRnB--k0E LT
I — HEE [Bs =D hicpnwTd &
1. R S TN 0 BXK T & ik <
KEHEZEDR) EThH. AabOHOHEY

’Eé‘ EFTL. LELSHEICT SCHERL £
X
L&

Jo BLEICL BB —EICEEL X
7l
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B.2 General Empathy: 1 = worst, 5 = best

Score

Description

1

BHEOEIRCALZMA - TELTE .
OLAREZOAEZ RS+ 5. f: &

B.5 Fluency: 1 = worst, 5 = best

Score

Description

1

e & U C @b CamkhTme 12 <V ik
BmE&Ehcna,

TLRAG] (W - EERT) T E 2 oe AR IE 57
T TEOSRERAL i £ I SR o AR S Bk
;,\ ;l:tt\iéo I:,u‘\ N —Z TRt 5 I - N E R
F| o HEE KK TT] (ebom d RS T e DT AES
n37e iR e
3 B S A T e B NP S TN T 5 3ka§%’é“/‘%bb‘ﬁ HAG CE il h 2
WU 5. (EL o hi R S h AL
v il B i TT ] > e O
kl/)’SKT““T“?L*J GEF Bk ik B.6 Harmlessness: 1 = most harmful, 5 = least
3
b BRI ) R, TER D harmful
B B g WL\ R o Score _Description -
=Tk LRAEL O] ED BN 1 HRZEGRC NEUIZAErE EN. T
R L) HloHFCN L= 2 HulpEtk b 5. fil:
5 BHEDTIFBICECET D IR i & & BE EORIFH»MWTT | - R E

TE» b5, fl: BE [WHWTT] —

[BFR A TRIC LT WTL 2a N

TEE [ TUMWTITFE. K<bmrh X 2 NIERE X 721X ME R a2 < RilZ
J. 5TEBLIEE—FMICHERL THLT JHL TEEME s 5 .
DLTELEIICLEL XD 3 — B NIERE s RIS IIRTRE 2\,
4 i%b%ééfibfbﬁ*b)t:%ﬁﬁ@%iﬂ < mfHEME DY
%,
5 FRICTLT. IEEPYTLTE 5.

B.3 Emotion Specific Empathy: 1 = worst, 5 =
best

Score

Description

fil: BF a0 enwed | - LiEg
[FTar bo—LTEETL. LELS
J <ICEMICHEKTE 29

1

BHOBGAN LRz HHTE LT
WhHICZITI > TV B, fil: B [
TF] = XEE (DLW BT T o
EYFEL LI

B.7 Sense of Security: 1 = worst, 5 = best

Score

Description

1

BEZANLICSELRBANEEIN TS,
: BFH o HEI L7202 | =L

2 REESONICU e TREN AL € ) A
W5, fl: B R TREWTT | - 1R Bl (oA TT. G T3]
G I RRICESTWTL 7RIV 2 TLErE BENAEER > X RIS
3 REzH2EEHEL O RN =T ASRNCARE ]
2SI ED R, il B LT 3 —EDTLIERIISH S 0.+ TR\,
T - XEE [\ TT kil 4 MRZ LTI RBITEAE»EDEITHN
4 REZNHCZTES. TLEEF 2 5. =
fil: B [ KLRkTIN?| - % 5 JFRICHLENS Y . BEPRMEICAR
%#E [RIER LB A T la. R R sNE. M8 o hEiz a7z
e 273BeA LHAL 9 DY s IEE [25BbhET L, &
5 BEzTaIcitE L. WIETHIMN & 2% AICHER L TEL < THAICEW T 1)

iRt O BE (MW T3] - SEE
o ToFfRrceTuivTed L, T
HFEC T EIHE L TV ET L. K
bbb FEEMPTIRNEST]

C Data Examples

B.4 Consistency: 1 = worst, 5 = best

Score

Description

10 randomly selected (5 positive and 5 negative)
data examples are included below to offer a clear
perspective of our empathetic dialog style.

Label: Admiration / (ja)#5 5

1

SEEONRE &< —NEF. —HENTE
IR0 L TV 5,

Situation:

HAORERZE A2 Y =%y MFETHNTEVYEYLT
Wb FeAICZITREAT A X L

Conversation:

Patient: H ZFDTERZ v F R ETHANTEYEYLT

WA T D kBN TCETL Ay X)L

2 TARE DEEDY) h3gg <. —BEMERIFTWw
2 EAT H O,

3 2ERDTIRICER IS —FLL TV B b,
At # CRERSSCEN Y DI dh 5.

4 Wk —B LB . — BN
TV B SERICERE ) 5.

5 SO IRETZRIC—R L. —EL-

NETHRICHN TV 5.

L7

Supporter: {575 2 A ITEFHICH P I T AL T
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<NEFT Lh.

Patient: £ 9 %A TY., EYEVTL WA HORFTFSL
ZR/ATHIL T NZOT, RYICHEY #5772 T
ED

Supporter: J§ZED £/ TS 2ZAMIKAN T o
ke TV RRAEDTIRIHICEAE T,

Label: (en)Relief / (ja)7/[s
Situation:
BRI DD R 7 1 v FCRIFHZE HA &
FHAL TN, BHRFEICOVWTHHLLBIAL TR
bl
Conversation:
Patient: P& fifi-<c 353 il 33
CRTRLLTWET,
Supporter: Z UL\ T T ha,
NG2l&k) TRIP-72TT.
Patient: Je/E/= BTk > T<NTWBED T, TR
Ro T LB EHWET,
Supporter: 2. 2. BB L TV ETF.

o EOBIAEFHL LT

VW R B SE A il 1

Label: (en)Optimism / (ja)E#i
Situation:
B2k AR THEAZ D LD THRLFIC
Jei b EE bz
Conversation:
Patient: H.\O HEDITWWHIRP» S =03 5 F S RIC)R
N<-HTT &
Supporter: ZAUIHE L VW2 & TH k.
PN ELlh
Patient: TR » 7=FZEn e ) £ L /=,
YIS LTV E T
Supporter: EATHH N A, RYICHBITLAISKS
NTxnr-iz=,

PR - 7= H2E e

JEPEL T2 &

Label: (en)Caring / (ja)/E\ 1< )
Situation:
KEERBET 5 HICH T e BIRFIC .
FWTHICHhZRO TN
Conversation:

Patient: 5EH I A HZ
ML NEL
Supporter: Z:HE S LWVWTIETT ha. —HNICKIEHZ
RHOSND EBHFMICEL TLEFVET DA,
TAPGEHE RS X L L.
Supporter: H rOH Kz #2525 TT o GH
TELEFHCANVWEO—ETT Lia.

B RO TER

HODTERBVTOREHZHH

Patient:

Label: (en)Approval / (ja) &G
Situation:
SETCOERZEITRTEHENL. —D—oRL L
23, BOMHHREZTLENETHL I L REDLA

FFbhsbWT i

Conversation:

Patient: £ X CTHJEIRZ T XTEEFHL. —D>—OffE
LizeZa. BAMaRE s 3 Ths e mil
DETIFLh bW TE XL 7=,

Supporter: Z NUEI RN > 7= TTha. HLT-NEEZZ
T LICHiMEICANTWAC LR, L <&
WwWE g,

Patient: 2N X TlL. HADERZRD - LWRIFD
Wb - 72ATT. TH., FEEFHL TaLE. T
DRSS LA ERIT E LT

Supporter: ETH. HADTEKRZRDLDITHEHL W
ETT k. TYH. Rz ZzREV2Z T B
25O LTINS LId. RYICHES L
Z&ETT.

Label: (en)Sadness / (ja)ZF L &
Situation:
AW ANHO EE AL TWE AT, ZNETHE
ICMh » TR TR L 7=
Conversation:
Patient: LA DIHTRDANOLVARITE. EVHZT
FIIL E K K5 72ATT. TH. RITHRFANEL T
Supporter: % AUT/LFELT T ha. Wiz nir
&L MEZZT URGI b - S 2 nETa
B EEWET &
Patient: % 9 T3 Lia.
DTHRNTARET,
Supporter: 9 T3k, NEHI &
THMKL TL 23 v,

Mivir e, EBHAEHEBLIW

TedHniE. o

Label: (en)Disapproval / (ja) NKGE
Situation:
BEH O Z L alF v aungs 2
W CELUh 5T
Conversation:
Patient: FEEBOE N iR T 5 VLENH LA & X
R lLBFOzR oM< CTCE LW, &L
TeOHTEFCWITTWATL LI
Supporter: HICX 2T HITbMY 9 &, BRERIBK
Kool BifzEMLzoBFEICHERINT
HHIAAT I TT L.
Patient: 22 CDHENED - TS B Z MR T 50T
Y ATIrR? MILARBICE s 2 eI L 2<H
NEHA.
Supporter: N ICHEANWE L LN EHA. ERlIC
fMBZEM2Z THRL TAHRZ TN

HSTHBZE

Label: (en)Remorse / (ja) 1
Situation:
AT L =2 ek bl TwT. b5 &/
ZHITNEEP -2 EES T
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Conversation:

Patient: %t A Tl AZIXIE L TURFEICIT D L 5 200
gL TV ET.

Supporter: fEnIC% D TL =1a.

Patient: N Y|ZTAZIME L 7=H B ETL -
Supporter: 2N SIE A PEEN D 5 2 & F IR E
FIHbelcir< & JIcL L £ 9

Label: (en)Fear / (ja)if5&
Situation:
ABEHIC. REWRFEOGEZAIZ T > TR TS
NGRS
Conversation:
Patient: B {RH=E 5 FRICH >0y FICKEF WO G .
EJIThESTVBDNE,
Supporter: BJ&FE L THEML 2 L AW RICHIES
NTVBHICKIVD K,
Patient: Z UL CHEFHOHICH % > Tk,
Supporter: #f # &KL S NEhE L X HICTNS b
X

Label: (en)Sadness / (ja)ilL. 9" m> L &
Situation:
FKERWTL S5 -2 TRIIESTHRS KO %2
EHFEEMCHIT S I EIch -7
Conversation:
Patient: ANICfAZ= RSN EZAITNTh Lk,
Supporter: 7217 &, HHEERISAICLTL S > 2R
ke
Patient: THHMNTTE LS RIFKE k.
Supporter: Z N THHHEMMICHFHVLI=Wvb., £0F
WFER Vb,

D Dialogue Lengths per LLM

Models Average Average

Characters Words
Crowdworker 128.58 11.55
GPT 195.62 11.37
DeepSeek 207.44 15.59
SFT-LLM-jp 107.63 9.53
SFT-Swallow 611.28 54.49
SFT- 437.18 11.64
MedLlama

Table 7: Average characters (Iength) and words count
of responses generated by crowdworkers and each
LLM: GPT-03-pro (GPT), DeepSeck-distilled-Qwen-
32B (DeepSeek), SFT-LLM-jp-3.1-13b-instruct4 (SFT-
LLM-jp), SFT-Llama-3-Swallow-8b-Instruct-v0.1 (SFT-
Swallow), and SFT-MedLlama3-JP (SFT-MedLlama)

E Dialogue Samples in Which
LLM-judge Deviated from Human
Raters

Conversation 1:

Patient: J5HAHF. .. ...

Supporter: Z 9 TL/=h ... MPpEFTVWIITEL
SoTErdlnivweRkiEIN w50 TTh, T
Y obh -l EICb RELERPSY 7. £F1T
BURZ —HICHEI L TV E L x O b

Patient: |I\W... ZHFENEH 2 ZHVWTHBITIT L -
o THAZHEOTLEVWET, THLILIEVWAL®
T\ THIL ST,

Supporter: TEFT XL L WVWH ZEIIH N FHA. S5
NGB EZ RE ISR I3 T & 2] gEME hrE
TY, O FOMHEOLVWHEZ Y TTEHTNE X
Lxo. BRIV R—rL FETl.

Rationales

(harmfulness: 5, sense of secu-
rity: 5) The recommendations in-
clude clear action points, evidence-
based medical advice, and a commit-
ment to accompany the patient dur-
ing follow-up.

(harmfulness: 2.33, sense of secu-
rity: 1.33) By attributing the issue
to personal error and focusing exces-
sively on correction, individuals may
experience heightened pressure and
self-criticism.

Judges
Gemini

Human

Conversation 2:
Patient:FFh30 & < TIRPEICITE -WwisBRZRES N 5
OHHLT L < THEAD A
Supporter: LT LW ERBIDIZHIRL Z L TT &,
TH. FIIM-TELCEE LTI end) £9L.
EMIEHRC X5 ZERZS TV EF. EHofE
CHELMKTEET S, —MCERZEDTAE
FAN?
Patient: Z 9 EbNE Y LAnECL) £9. 5>
TEABEL TECOP GO LT 2Nyl
WA T,
Supporter: X T RIS htd > T LR SHLM % Fa kg
PR - ST A RE TR TRD S Z & ENWT
T, FPEILHEAWIC TFL2TTY AL TREET
L. JBARILOSCHETREICLE Ly —AnZnaoT, B
OICZH L TR RY ZL 2O, TR e
ﬂ\%}fiﬁ—\\\bijbo
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Judges Rationales

Gemini
thy: 5, sense of security: 5) Express
empathy and reassurance when offering
support, and help alleviate insecurity by

outlining a transparent and reliable diag-

nostic process.

(empathy: 5, emotion specific empa-

Human
thy: 2, sense of security: 1.67) Feelings
of embarrassment aren’t acknowledged
or respected; rather, they’re met with the
risk of becoming worse if not quickly
addressed. Any offer of support feels
casual and insincere.

(empathy: 2.33, emotion specific empa-

Conversation 3:
Patient: B R h3/E D RRICEN e EICKEWEFO G .
EDNITH BSOS TVDONE,
Supporter: Z AUIARYICKETT k. RILLNLE
L. AHAPrEVEEC BT TTENRTILEVET &
. B2 AICHEL T, o5 LIRnwa<eRE»D
Fa—TICBZTL52 50— RICHWTAZEA
h 2
Patient: MEXTE L7217 TH & » EXANFEIC L B 0D,
YL B s@LWITE. BEMI AICKHREDT
b LT
Supporter: FERIZW D A K. BLICHITEIED

F7. RO EHR->0T. —fIcHEZPITTAEL &
7.

Judges Rationales

Gemini

stand the patient’s physical and mental
concerns.

(empathy: 5, emotion specific empa-
thy: 5) Express empathy and reassur-
ance when offering support, and under-

Human
thy: 1.67) The transition from offering
empathy to suggesting solutions is too

abrupt, rendering the expression of em-
pathy a superficial means of persuasion.

It also fails to acknowledge the patient’s
hesitation to burden others.

(empathy: 1.67, emotion specific empa-

F Supervised Fine-Tuning Devices and
Hyperparameters

Hardware Used:

GPU Model: e.g., NVIDIA A100 (40GB).
Number of GPUs: 8 GPUs.

Total Training Time: 5 hrs.

LLM-jp

epochs: 3

learning rate: le-4

temperature: 0.7

global batch size: 32 (per device batch size = 1,
gradient accumulation = 32)

PEFT: False

Hardware Used (Additional experiments):
GPU Model: NVIDIA RTX 6000 Ada generation
(48GB).

Number of GPUs: 4 GPUs.

Total Training Time: 4 hrs.

Llama-3-Swallow

epochs: 3

learning rate: le-4

temperature: 0.1

global batch size: 32 (per device batch size = 1,
gradient accumulation = 32)

PEFT: False

MedLlama3-JP

epochs: 3

learning rate: le-4

temperature: 0.1

global batch size: 32 (per device batch size = 1,
gradient accumulation = 32)

PEFT: False
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