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Abstract. Breast cancer care depends on patient–oncologist commu-
nication that can address medical concerns while also helping patients
manage anxiety. Building conversational agents for this setting is diffi-
cult because real consultations are private and available dialogue cor-
pora rarely represent emotional concerns across the care pathway. We
present a multi-agent framework that converts patient narratives ac-
cessed with permission into evidence-constrained longitudinal conver-
sations and compares support agents through a simulated expressed-
anxiety proxy. Quality control retained 275 of 284 generated sessions
(96.8%), yielding 1,650 support-agent responses with 74.5% scheduled-
fact coverage and 99.1% correct prior-session references. The support
agent was adapted using conversations from 21 training patients. The
base and adapted agents were then evaluated on 14 unseen patients under
matched scenarios, evidence, seeds, and dialogue length. Of 224 matched
pairs across two seeds, 218 met the eligibility criteria. On the secondary
final-turn measure, the adapted agent had lower proxy anxiety in 109
pairs and the base agent in 77; 32 were tied. Supportive prompting re-
duced the mean trajectory proxy from 7.774 to 7.296, whereas uniformly
rewriting training responses into a fixed supportive structure increased
repetition and worsened simulated outcomes.

Keywords: Anxiety Reduction · Breast Cancer · Multi-Agent Simula-
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1 Introduction

Anxiety can persist across diagnosis, treatment, and follow-up in breast cancer,
particularly when patients face uncertainty or fear of recurrence [12, 6]. Clinician
communication can affect anxiety after consultation [10], but opportunities for
support during and between visits are limited. Conversational agents may pro-
vide a controlled setting for studying supportive communication, provided that
they remain grounded in the patient’s history and are evaluated on more than
how empathetic their responses sound. The development of such an agent faces
two obstacles.
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First, suitable training data are not readily available. Real patient–clinician
consultations contain sensitive medical and personal information and are rarely
available for model development. Note-conditioned methods such as NoteChat
and SynDial generate medically grounded conversations, but provide limited
information about patients’ emotional experiences over time [16, 5]. General
emotional-support datasets capture distress but lack cancer-specific medical ground-
ing [11]. Public patient narratives contain both medical events and personal
concerns, but they must be organized into time-ordered sessions and restricted
to information available at each stage. Synthetic generation introduces further
risks, including unsupported details, generic reassurance, and repeated response
templates.

Second, supportive language is not itself a patient outcome. Existing medical
simulators often emphasize diagnostic accuracy or patient realism [14, 8], while
general emotional-support datasets may track distress or emotion change with-
out the longitudinal medical constraints of breast-cancer care [11, 19]. Our ques-
tion is therefore narrower: under matched simulated conditions, does a support
agent’s communication change the simulated patient’s expressed-anxiety trajec-
tory? This requires paired interactions and a fixed outcome definition, while
treating the resulting score only as a simulation-based evaluation measure.

To address the data challenge, we convert public breast-cancer patient nar-
ratives into longitudinal support sessions and restrict each session to patient-
specific evidence available at that stage. To address the evaluation challenge, we
compare support-agent conditions through matched six-round interactions and
track the simulated patient’s expressed-anxiety trajectory. The resulting frame-
work supports pre-deployment research on supportive medical communication;
it is not an autonomous oncology service. We then use the framework to ex-
amine how support-focused adaptation and the extent of conversation rewriting
affect response diversity and simulated an expressed-anxiety trajectories. The
complete framework is shown in Fig. 1. The main contributions of our work are:

– Longitudinal lived-experience dialogue construction. We convert pub-
lic breast-cancer narratives into temporally ordered support sessions with
patient-specific evidence constraints, producing 275 quality-controlled ses-
sions spanning diagnosis, treatment, and follow-up.

– Outcome-oriented paired simulation. We compare doctor models on
matched fixtures using changes in a fixed simulated patient’s turn-level
expressed-anxiety proxy rather than response-level empathy alone.

– Evidence on training-data design. We conduct a controlled analysis of
how the composition and structural diversity of synthetic support conversa-
tions affect the adapted agent’s response patterns and simulated expressed-
anxiety trajectory.

2 Related Work

Emotional support and cancer chatbots. ESConv annotates support strate-
gies and changes in seeker emotion across a conversation [11], while FEEL uses
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multiple language-model judges to assess support quality [19]. SocialSim gener-
ates persona-conditioned emotional-support dialogues [3], and evaluation with
difficult seekers shows that apparent effectiveness can depend on how readily
the simulated user accepts support [18]. Cancer-focused trials also suggest that
digital counseling and educational chatbots may reduce distress in specific set-
tings [1, 9]. These studies motivate emotion-aware evaluation, while work with
difficult seekers cautions that simulated outcomes may depend on how readily
the user model accepts support.
Synthetic medical dialogue and patient simulation. NoteChat and Syn-
Dial construct medical conversations from clinical documents using multi-agent
generation or iterative refinement [16, 5]. PatientSim constructs and evaluates
persona-grounded simulated patients, whereas AgentClinic uses simulated en-
counters to evaluate sequential diagnostic decisions [8, 14]. These systems primar-
ily emphasize source fidelity, patient realism, or diagnostic performance. Model-
based simulation and evaluation also raise validity concerns: patient responses
may depend on how readily the simulator accepts support, while support-quality
judgments may vary with the model-based evaluation procedure [19, 18]. Matched
conditions and a condition-blind observer support controlled comparison but do
not clinically validate the resulting proxy. Our work differs by jointly study-
ing breast-cancer lived-experience narratives, stage-specific evidence constraints,
continuity across multiple sessions, and matched evaluation of simulated an
expressed-anxiety trajectories.

3 Proposed Framework

Our goal is to construct longitudinal support conversations that remain faithful
to a patient’s experience while allowing us to study whether different support
strategies change the simulated patient’s expressed anxiety. This requires con-
trolling both the information available to the agents and the quality of the gener-
ated conversations. We therefore build the framework in three stages: construct-
ing temporally grounded dialogue sessions, filtering the resulting conversations,
and using an anxiety-based proxy to select and evaluate support strategies.
Longitudinal dialogue construction. We first convert each patient narra-
tive into a structured profile containing supported clinical facts, concerns, and
recurring experiences. These are ordered along the patient’s care journey and
used to construct session fixtures that contain the current focus, evidence avail-
able at that stage, a summary of prior sessions, and an initial simulated anxiety
state. At each session, the support agent receives the current fixture, dialogue
history, and retrieved supportive-care guidance, while the patient simulator re-
ceives its profile, state, and conversation history. Importantly, information from
later stages of the patient’s journey is withheld until the corresponding session.
This temporal restriction prevents future events from leaking into earlier con-
versations and ensures that patient-specific claims can be traced to the source
narrative. Grounding the dialogue in this way controls what information the
agents can use, but it does not by itself guarantee that a generated conversation
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Fig. 1. Overview of the proposed framework. Public breast-cancer narratives are con-
verted into structured patient profiles and temporally constrained support sessions.
Quality-controlled doctor responses are used for model adaptation. The base and
adapted doctor models are then compared through matched interactions with the
same patient simulator, and a fixed, condition-blind observer evaluates their simu-
lated expressed-anxiety trajectories.

is suitable for training. Responses may still be incomplete, unsafe, inconsistent
with earlier sessions, or overly repetitive. We therefore apply a second stage of
conversation-level quality control.
Conversation quality control. Each generated conversation is checked for
grounding, safety, completeness, continuity, and repetition. Let qm(c) ∈ {0, 1}
indicate whether conversation c satisfies check m. We retain

DQ =

{
c : Q(c) =

M∏
m=1

qm(c) = 1

}
, (1)

and reject or regenerate conversations that fail any check. We also monitor re-
curring openings and response patterns to ensure that quality filtering does not
collapse support-agent responses into a small set of templates. These checks
determine whether a conversation is sufficiently grounded and coherent to be
considered further, but they do not tell us whether the interaction had a fa-
vorable effect on the simulated patient. To make that distinction, we separately
measure the simulated patient’s expressed anxiety. This allows two responses
that are both safe and grounded to be distinguished by how the subsequent
patient responses evolve.
Expressed-anxiety proxy and conversation selection. HADS-A is a seven-
item self-report instrument covering symptoms over the preceding week [13, 15].
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We do not administer HADS-A. Instead, a fixed GPT-5.5 observer applies a
HADS-A-inspired rubric to each generated patient response. The patient simu-
lator generates the dialogue but never evaluates itself. Each item is scored three
times, and the turn-level score is obtained by taking the median score for each
item and then summing across the seven items:

Ât =

7∑
ℓ=1

median3k=1 a
(k)
t,ℓ , B(c) =

1

6

6∑
t=1

Ât. (2)

Here, B(c) summarizes the expressed-anxiety trajectory over the six patient
turns. It is a simulation-based proxy rather than a clinical HADS-A score. We
use this proxy during conversation selection by comparing each candidate con-
versation c with a reference conversation r generated under the same patient,
evidence, initial state, random seed, and dialogue length. After requiring repli-
cated observer scores to satisfy the stability criterion R, the retained outcome
set is

DO = {c ∈ DQ : R(c) = R(r) = 1, B(c) ≤ B(r)} . (3)

Thus, the training corpus contains conversations that satisfy the grounding and
quality requirements while not producing a worse simulated anxiety trajectory
than their matched references. Because this outcome proxy is also used during
conversation selection, a fair comparison of the resulting adapted agent requires
controlling the interaction conditions at evaluation time. We therefore compare
the base and adapted agents through matched simulations.
Matched evaluation. For each patient and session, the base and adapted sup-
port agents interact with the same patient simulator using the same evidence,
initial state, random seed, and conversation length. A pair is included only when
both six-round conversations are complete and their replicated observer scores
satisfy the stability criterion. For patient i, session s, and seed z, we define the
gain

Gi,s,z = B(cbasei,s,z)−B(cadaptedi,s,z ),

Gi =
1

|Ei|
∑

(s,z)∈Ei

Gi,s,z, G =
1

Np

Np∑
i=1

Gi,
(4)

where Ei contains the eligible session–seed pairs for patient i. A positive gain
therefore indicates a lower expressed-anxiety proxy for the adapted agent. We
first average sessions and seeds within each patient and estimate confidence in-
tervals by resampling patients. Mean six-turn gain is the primary endpoint, while
final-turn gain and win–tie–loss counts are reported as secondary comparisons.
The GPT-5.5 observer remains fixed and blinded to agent condition throughout
evaluation.

4 Experiments

Data and patient-level split. We use 35 breast-cancer narratives from the
Health Experiences Canada Breast Cancer in Women module with permission
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from the data provider [2]. Before adaptation, patients were divided by identity
into 21 training patients and 14 evaluation patients; no separate development-
patient cohort was used. Every derived profile, evidence packet, session fixture,
and dialogue retained its patient’s assignment, and no evaluation-patient ma-
terial entered adaptation. Scenario entry priors follow HADS-A distributions
reported for breast-cancer cohorts before surgery, during treatment, and in sur-
vivorship [4, 7, 17, 12]. They initialize simulated states only and are not HEC
participant labels or clinical HADS-A measurements.

Evaluation protocol. Base and adapted agents interact with the same patient
simulator for six rounds under matched profile, evidence, scenario, entry state,
seed, and response limit (200 new tokens). Across the 14 held-out evaluation
patients, 112 unique patient–session fixtures were each run with two random
seeds, yielding 224 matched base–adapted pairs and 448 individual conversations.
Of these, 218 pairs satisfied the prespecified completeness and replicated-score
stability criteria and were included in the analysis.

The fixed observer is blinded to agent condition and scores each patient re-
sponse three times. Patient simulators produce dialogue only; they do not assign
anxiety scores. GPT-5.5 is the sole prespecified evaluator for the primary and
secondary comparisons and remains fixed when the patient simulator changes.
Mean six-turn trajectory gain is the primary endpoint; final-turn gain is sec-
ondary. Session and seed gains are averaged within patient before computing the
patient-weighted mean, and 95% confidence intervals use patient-level bootstrap
resampling. Win–tie–loss counts are descriptive. Because GPT-5.5-based scoring
also influenced conversation selection, the evaluation is an internally consistent
simulation measure rather than independent clinical validation.
Implementation. Dialogues were generated with GPT-4, and Qwen2.5-14B-
Instruct acted as the patient simulator. Qwen3-8B was the primary base support
agent and was adapted with response-only LoRA (r = 8, α = 16, dropout 0.05)
under 4-bit quantization. Training used AdamW, a learning rate of 5 × 10−5,
effective batch size eight, five epochs, and a 2,048-token context. Gemma-2-2B
used the same response-only adaptation protocol. Training and inference used
one NVIDIA B200 GPU.

4.1 Results and Discussion

Conversation quality. Quality control retained 275 of 284 sessions (96.8%),
yielding 1,650 support-agent turns across 275 six-turn conversations (Table 1).
No retained session triggered the deterministic grounding filter; because failures
were regenerated or removed, this reflects the admission gate rather than an inde-
pendent factuality estimate. Dialogues covered 74.5% of scheduled facts and ob-
tained source-to-dialogue ROUGE-1/2/L scores of 0.364/0.097/0.163, indicating
moderate lexical overlap with the supporting evidence. Prior-session references
were correct in 99.1% of longitudinal sessions. Support-agent turns were less
repetitive than the source narratives (Self-BLEU-4: 0.544 versus 0.577), while
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Table 1. Intrinsic evaluation of the generated conversation. Arrows mark the preferred
direction (↑ higher is better, ↓ lower is better); extractiveness carries no arrow because
moderate values are desirable.

Axis Metric Result

Factuality Unsupported clinical claims (deterministic audit) ↓ 0
Scheduled-fact coverage in doctor turns ↑ 74.5%

Extractiveness ROUGE-1/2/L F1, source facts → dialogue 0.364 / 0.097 /
0.163

Diversity Self-BLEU-4, doctor / patient / all ↓ 0.544 / 0.442 /
0.516

Self-BLEU-4, source narratives (reference) ↓ 0.577
Continuity Prior-session reference rate ↑ 99.1%
Anxiety
rendering

Sessions with robust HADS-inspired measurements ↑ 275/275

Measurement
agreement

Item-score vs. linguistic observer, mean |∆| ↓ 0.373

patient turns were more diverse than support-agent turns (0.442 versus 0.544),
providing no evidence of corpus-wide template collapse.
Prompting and training-data design. With matched fixtures, the mean tra-
jectory proxy decreased from 7.774 under detached instructions to 7.526 un-
der the standard prompt and 7.296 under supportive instructions (Table 2).
The support-focused corpus produced the largest selection-stage gain (+1.417),
whereas grounded-varied and warmth-weighted corpora remained near the base
agent (−0.050 and −0.324). Uniform rewriting produced a −0.863 gain (95% CI
[−1.195,−0.562]), together with fewer question-ending turns (45.2% to 17.6%),
higher Self-BLEU-4 (0.442 to 0.595), and one recurring template in 13.2% of
turns.
Evaluation and robustness. The final evaluation included 218 matched pairs
from 14 unseen patients across two seeds. For the primary six-turn trajectory
endpoint, the patient-weighted gain was −0.042, indicating near parity. For the
secondary final-turn endpoint, the adapted agent had the lower proxy score in
109 pairs, the base agent in 77, and 32 were tied.

Gemma-2-2B, evaluated on 10 non-training patients and 92 pairs, showed
no clear adaptation advantage (−0.175, 95% CI [−0.536, 0.174]). Its base and
adapted arms moved from a mean entry prior of 10.09 to final proxy scores of
1.68 and 1.84, respectively, with 47/92 pairs (51.1%) indistinguishable, suggest-
ing a floor effect that limited separation. On the same pairs, the internal and
external observers produced opposite base–adapted gains (+0.163 and −0.152)
and agreed on only 45/92 outcomes (48.9%), showing sensitivity to evaluator
choice. We therefore use one prespecified, condition-blind observer consistently
while treating the resulting effects as observer-dependent simulation outcomes.
At the turn level, question-ending support turns were followed by larger proxy
decreases than other turns (−1.629 versus −0.646), whereas response length
showed little association with next-turn change (ρ = 0.079; 1,980 turns).
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Table 2. Effects of prompting and training-corpus construction. Panel (a) reports mean
trajectory scores (lower is calmer); panel (b) reports the gain, base minus adapted,
where positive favours the adapted agent.

Condition What was changed Result

(a) Prompt comparison: mean trajectory proxy score ↓

Detached prompt Accurate and safe responses, without an instruction to
provide emotional support

7.774

Standard prompt Default doctor instructions used by the base model 7.526
Supportive prompt Recognize the concern, provide bounded reassurance, and

offer one manageable action
7.296

(b) Selection-stage base–adapted proxy gain ↑

Support-focused Emotional recognition, bounded reassurance, one action,
and gentle closure

+1.417

Grounded varied Patient-specific evidence, natural wording, varied
responses, and follow-up

−0.050

Warmth-weighted The same grounded corpus, with warmer and more
reassuring responses sampled more often

−0.324

Heavily rewritten Doctor responses rewritten to follow a similar
validation–action–closure structure

−0.863

Language changes after heavy rewriting

Turns ending with a
question

Base doctor → heavily rewritten doctor 45.2% → 17.6%

Self-BLEU-4 Base doctor → heavily rewritten doctor; higher means
more repetition

0.442 → 0.595

Most frequent
template

Percentage of heavily rewritten doctor turns using the
same recurring template

13.2%

Table 3. Cross-model robustness and turn level sensitivity. Positive proxy gain favors
adaptation; more negative next-turn change is better.

Analysis Scope Result

Second support model: Gemma-2-2B
Base–adapted final-turn proxy gain 10 patients, 92 pairs −0.175
Patient-bootstrap 95% CI 10 patients [−0.536, 0.174]
Indistinguishable final states External observer 47/92 (51.1%)
Entry prior → final proxy Base / adapted 10.09→1.68 / 1.84

Evaluator and turn-level sensitivity
Base–adapted gain, internal / external Same 92 pairs +0.163 / −0.152
Evaluator outcome agreement Same 92 pairs 45/92 (48.9%)
Next-turn change: question / other 7 patients, 3 seeds −1.629 / −0.646
Length vs. next-turn change 1,980 turns ρ = 0.079

5 Conclusions

We built a multi-agent framework that converts public breast-cancer stories into
grounded, longitudinal support conversations. Instead of judging agents by how
supportive their wording appears, we selected training data and compared mod-
els using the simulated patient’s measured anxiety. Training on conversations
that recognized the patient’s concern, offered bounded reassurance, and closed
with one manageable step produced the largest gain. When every response was
rewritten into the same structure, the agent repeated itself and outcomes de-
clined. Warmth helped when it addressed the concern, and stopped once it be-
came a template. Future work should include independent human and clinical
review of naturalness, faithfulness, safety, and support quality, with inter-rater
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agreement analysis. Prospective validation is needed before these trajectories
can be linked to real patient outcomes.
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