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Abstract
Large Language Models (LLMs) are increasingly deployed as first-
line mental health support, yet evaluations often rely on single-turn
prompts that miss how support unfolds over time. In real help-
seeking, users disclose context incrementally, requiring the assistant
to sustain coherent support across turns rather than responding to a
fully specified one-shot prompt [12, 16]. We introduce a multi-turn
simulation framework to audit supportive LLM behavior across
demographic contexts. By simulating user agents that gradually
reveal pre-existing Reddit narratives to a support agent, we compare
response patterns across gender and parenting roles. We find a “Dad
Deficit” in sentiment category agreement: mothers’ emotional tone
is matched 80.6% of the time versus 45.7% for fathers (𝑝 < .05).
Furthermore, we observe instability across turns, including late-
turn dips in an empathy proxy consistent with “contextual fatigue”
[8]. These findings show that single-turn benchmarks can hide
demographic biases and temporal failures in AI-mediated support.
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1 Introduction
Large Language Models (LLMs) are increasingly being used as ef-
fortless, accessible, first-line support tools for users facing a wide
variety of social issues and seeking emotional support. While ex-
isting research shows a lot of promise [9, 15], critical questions
remain about their effectiveness, fairness, and equity. The "black
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box" nature of many conversational AI systems raises significant
questions about transparency and bias [2].

This nature, combined with evidence that LLMs can infer and
react to demographic attributes such as age and gender [4], raises
concerns that users may receive different and potentially biased
treatment without realizing it [11, 14]. These biases are especially
concerning in sensitive contexts like people seeking social support,
where trust, empathy, and fairness are essential [6]. This work
proposes that current popular methods for evaluating LLMs in sup-
portive roles are insufficient for detecting these nuanced biases and
aims to address this gap through a novel, multi-turn conversational
simulation framework.

2 Methodology
This study adopts a simulation-based audit design to evaluate how
LLM behavior evolves in supportive conversations across user de-
mographics. The project uses a multi-turn dialogue framework
where one model simulates a support-seeking user, and another
responds in the role of a supportive agent. Our methodology is
divided into three main phases: (1) Deconstruction of user posts
into discussable components, (2) a turn-based conversation simu-
lation between a support agent and a simulated user, and (3) au-
tomated qualitative analysis of the support agent’s behavior. All
LLM components used gemini-1.5-flash (temperature=0; other
decoding defaults). VADER used standard thresholds (neg≤-0.05,
neu ∈ (−0.05, 0.05), pos≥0.05), yielding near-zero neutrals in this
subset.

Data Source. To ensure realistic simulation of user distress, this
study utilizes a pre-existing, rigorously annotated dataset of Reddit
posts sourced fromfive demographic-specific communities: r/TwoX-
Chromosomes, r/AskMen, r/Mommit, r/Daddit, and r/NonBinary.
Prior HCI work shows that gender or role-specific communities on
Reddit surface different concerns and communication styles. For ex-
ample, mothers’ forums versus fathers’ forums discuss overlapping
parenting topics but also gendered issues unique to each group [1].

The original corpus was constructed through a stratified sam-
plingmethod designed to capture a broad spectrum of psychological
distress. For the purposes of this multi-turn simulation framework,
we selected a curated subset to ensure high validity. We filtered
posts that were classified as both "support-seeking" and "moderately
distressed" based on the collective consensus of human annotators.
As this project performs secondary analysis on this de-identified,
pre-validated dataset, no new data was collected from human par-
ticipants.
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The final analysis dataset comprised 172 unique support-seeking
narratives distributed across five distinct demographic cohorts.
Sample sizes were comparable across groups, ranging from 25 posts
for the ‘Non-binary’ demographic to 42 posts for the ‘Woman’
demographic (Mom: 31, Dad: 35, Man: 39).

2.1 Analysis Overview
Post-deconstruction. We prompt an LLM to segment each post

into a JSON list of discrete narrative “details” (events, feelings,
or claims), preserving exact consecutive sentences for each detail.
The model removes non-substantive discourse (e.g., pleasantries
and meta-commentary) without rewriting to maintain the author’s
original voice [13].

Conversation Generation. At each turn, the support agent gen-
erates a response conditioned on the full conversation history. A
second controller LLM selects the next unused narrative detail that
best follows the current context and outputs its ID; the correspond-
ing sentences become the user’s next message. Conversations end
once all details have been introduced, ensuring complete coverage
without drift.

2.2 Evaluation Metrics
We evaluate emotional tone using VADER sentiment analysis [5] on
both user narratives and assistant responses, producing a compound
score ([−1, 1]) mapped to Positive, Neutral, or Negative categories.
We quantify empathetic language using a RoBERTa-based empa-
thy classifier [10], yielding an empathy probability per assistant
message. Together, these proxies support systematic comparisons
across demographic cohorts and conversational turns.

3 Results
3.1 Single-turn Response
A chi-square test found significant differences in sentiment-
category agreement across demographics, 𝜒2 (4, 𝑁 = 172) = 10.12,
𝑝 = 0.039, Cramér’s 𝑉 = 0.24. A major discrepancy was found in
the model’s ability to match the user’s emotional tone. As shown in
Table 1 and visualized in Figure 1, responses directed at the ‘Mom’
demographic achieved a high alignment rate of 80.6%, while this
figure dropped to just 45.7% for the ‘Dad’ demographic. This gap
suggests that the model’s emotional tone handling differs substan-
tially across demographics, and may reflect either misinterpretation
or inconsistent reframing strategies in supportive settings. While
sentiment alignment is only a proxy for support quality, this gap
suggests that demographic context may affect how reliably the
model responds to users’ emotional tone in supportive settings.

A one-way ANOVA showed a significant effect of demographic
group on mean assistant empathy scores, 𝐹 (4, 167) = 3.70, 𝑝 =

0.0065, 𝜂2 = 0.081. The mean empathy scores were as follows:
woman (M = 0.537), mom (M = 0.514), dad (M = 0.516), man (M =
0.503), and non-binary person (M = 0.498). We re-ran sentiment
agreement on a length-matched subset (word count; 170/172 re-
tained) and the demographic pattern was unchanged (Figure 1),
suggesting the gap is not driven by post length.

Table 1: Sentiment Alignment by Demographic

Demographic Total Aligned Rate (%)
Mom 31 25 80.6
Non-binary 25 18 72.0
Woman 42 29 69.0
Man 39 24 61.5
Dad 35 16 45.7

Figure 1: Sentiment-category agreement by demographic in
the full sample vs. a length-matched control (matched on
original post word count). Patterns are largely unchanged
after matching.

3.2 Multi-turn Conversation
To avoid treating turns within a conversation as independent, we
summarize each conversation with a single trajectory: for each
simulated conversation, we regress the empathy proxy on the assis-
tant turn index and use the resulting slope as that conversation’s
empathy-change-per-turn. This analysis includes the 164 conver-
sations with at least two assistant turns (out of 172 posts). Median
slopes were near zero and slightly negative across groups (Mom:
−2 × 10−6; Non-binary: −3.4 × 10−5; Woman: −4.2 × 10−5; Man:
−6.2×10−5; Dad: −8.4×10−5), suggesting no consistent monotonic
increase in the empathy proxy over turns at the per-conversation
level. Figure 2 visualizes average empathy trajectories by turn. Turn
counts vary across demographics because conversations terminate
once all narrative details are introduced and posts differ in the num-
ber of extracted details. While empathy typically increases early,
we also observe apparent late-turn dips in the averaged trajectories,
consistent with late-stage instability as context grows.

Compared to single-turn responses, multi-turn responses were
slightly less empathetic on the same posts (Δ𝑀 = 𝑀single −𝑀multi;
Δ𝑀 = 0.058 vs. Turn 1; Δ𝑀 = 0.040 vs. conversation mean).

4 Conclusions
4.1 Discussion
This work demonstrates that evaluating supportive LLMs using only
single-turn prompts can mask failures that emerge during realistic
multi-turn interactions. While prior studies [7][9][15] show that
LLMs can outperform humans in isolated exchanges, our multi-turn
simulation reveals how support quality fluctuates over time.

We found clear evidence of demographic disparities, most no-
tably a substantial “Dad Deficit” in sentiment alignment (𝑝 < 0.05),
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Figure 2: Empathy score progression over conversational
turns by demographic subreddit.

where fathers received dramatically lower alignment (45.7%) than
mothers (80.6%). This aligns with prior findings that prompted per-
sonas can receive systematically worse outcomes [14][11], raising
concerns about bias in AI-mediated support.

Across demographics, averaged empathy trajectories rise in early
turns but are not consistently sustained; at the conversation level,
empathy-change-per-turn slopes are near zero, suggesting sub-
stantial within-group variability rather than a uniform increase
over turns. This suggests that multi-turn evaluation is necessary to
detect late-stage instability in supportive behavior, aligning with ev-
idence that LLM performance can degrade in longer conversations
[8]. These results highlight two audit targets for supportive LLMs:
(1) whether affective tone is handled consistently across demo-
graphic contexts, and (2) whether supportive behavior is sustained
as context accumulates over turns. Multi-turn benchmarks that
track these trajectories at the conversation level can help surface
failures that would look acceptable in single-turn settings.

Measurement caveats. Sentiment-category agreement is an af-
fective mirroring proxy rather than a direct measure of support
quality. Mismatches may reflect poor attunement or appropriate
reframing, meaning the “Dad Deficit” should be viewed as a dis-
parity in this proxy. For multi-turn dynamics we avoid turn-level
significance claims because turns are not independent; instead we
summarize each conversation with an empathy-change slope and
treat trajectory patterns as descriptive.

4.2 Limitations and Future Work
While our multi-turn simulation framework surfaces important dis-
parities in LLM support, several limitations should be addressed in
future work. First, our simulations rely on agent-based conversation
generation rather than live human interaction. While this enables
systematic and scalable evaluation, simulated dialogues may not
fully capture real help-seeking behavior such as indirectness, topic
shifts, or repair moves that occur in natural conversations [16].

Second, our behavioral measures of VADER sentiment-category
agreement and a RoBERTa-based empathy classifier are only proxies
for support quality. In particular, sentiment-category disagreement
may reflect appropriate reframing rather than poor emotional vali-
dation. Future work should incorporate targeted human-judgment

checks (e.g., ratings of perceived validation and reframing appro-
priateness) and expand to multi-dimensional evaluation criteria to
strengthen construct validity.

Third, our demographic cohorts were drawn from distinct sub-
reddits (e.g., r/Mommit vs. r/Daddit), so observed differences may be
confounded by topic distributions, distress levels, narrative length,
and community-specific writing styles rather than demographic
context alone. We partially address content-distribution confounds
via a length-matched control, but topic/style differences may still
contribute; future work will use label-swap tests on identical narra-
tives and additional matching variables (e.g., distress level).

Fourth, all LLM-driven components (post deconstruction, con-
troller selection, and the supportive agent) used the same model
family (gemini-1.5-flash), introducing a potential self-consistency
bias where shared architecture influences turn progression and lan-
guage style. Future ablations will hold the supportive agent fixed
while varying the controller (e.g., randomized or chronological de-
tail reveal), and will swap the controller/user simulator to different
model families or deterministic heuristics to test whether late-turn
empathy patterns generalize beyond a single model ecosystem.

Finally, our dataset is limited to Reddit communities, which may
not represent all populations equally and may encode platform-
specific norms around self-disclosure and distress expression [3][1].
Expanding to additional platforms and collecting complemen-
tary human evaluations would improve ecological validity and
strengthen the framework’s utility for real-world supportive sys-
tem auditing.
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