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Abstract

People in distress are turning to empathetic-sounding conversa-
tional AI, but a response that sounds caring may still miss what a
specific person actually needs. We ask whether support improves
when simulated help-seekers can choose among differentiated
supporter identities rather than speak with one generic assis-
tant. We developed 42 help-seeking personas grounded in real
pandemic-era mental health data (COVIDiSTRESS) and drew on
separate psychometric and linguistic sources to create four syn-
thetic supporter identities with distinct support philosophies. Each
help-seeker completed an intake battery, which suggested two
broad need patterns: emotional steadiness and practical direction.
These groups did not prefer the same supporters. Help-seekers
ranked the four supporters using text descriptions and textual,
non-rendered avatar descriptions, then had conversations with
their top choice, bottom choice, and a generic baseline. We ran this
across four commercial model providers, yielding 1,008 conversa-
tions. When paired with their top-ranked supporter, simulated
help-seekers more often chose to prolong the conversation, re-
ported greater relief, and felt more understood than they did with
the default assistant. Process audits showed that matched sup-
porters were not simply warmer: they scored higher on problem-
solving and personalization, while generic or unmatched support
often sounded more validating. Identity-grounded supporters also
produced fewer coded markers of sycophancy and system mis-
representation than default assistants in three of four providers.
The findings suggest that fit, helpfulness, and structural safety are
separable design problems, and that coherent supporter identity
can help address all three.
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1 Introduction

As conversational Al improves, it has become remarkably capa-
ble of generating responses that feel warm and emotionally plau-
sible. Lee et al. [26] found that human evaluators rate the output
of frontier language models as highly empathetic-sounding. When
shaped by a system designed to have no specific individual grav-
ity of its own, the most comforting sounding response can still
entirely miss the nuanced needs of the person seeking help. In hu-
man support, this is well understood: some people want emotional
steadiness and validation, others want clarity, structure, and a push
toward action [4]. Most Al emotional support research treats the
agent as a fixed variable, optimizing for everybody at once [47, 55].
Even systems trained on extensive clinical data and tens of thou-
sands of real conversations pour all of that knowledge into one
fixed persona [45]. We ask a different question: does support im-
prove when different help-seekers get to choose among differenti-
ated supporter identities?

Why does this question matter now? EmoHarbor [55] bench-
marked 20 advanced language models on their ability to tailor
emotional support to individual user contexts. The models gen-
erated empathic-sounding responses but consistently failed to
adapt to specific people. The authors call for a shift from enhanc-
ing generic empathy to developing “truly user-aware emotional
support.” SENSE-7 [47] developed a seven-dimension taxonomy
of empathy perception from 695 real human-Al conversations.
Empathy judgments turned out to be highly individualized, reveal-
ing that a single turbulent turn could rupture an otherwise good
conversation. Al support conversations can also sound locally
helpful while doing something problematic underneath: drifting
into sycophancy, overclaiming what the system is or can do, or
quietly reducing the person’s autonomy over time [23, 31].

Research on human therapy suggests that something much
more specific is going on than just “better empathy.” Werbart and
Hagertz [50] found that when patients and therapists happened
to share the same underlying personality configuration, outcomes
were substantially better than in complementary pairings. While
that may not seem immediately intuitive, Reis [37] offers a way to
make sense of it: what actually predicts a good therapeutic alliance
is perceived partner responsiveness, the degree to which the per-
son receiving support feels understood, validated, and cared for
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in the particular way that matters to that person. The right sup-
porter for a given person is probably the one whose particular
way of showing up produces the feeling of actually being known,
regardless of their track record across other clients. Prior Al sup-
port systems fix the supporter’s identity in advance and offer the
person very little choice among alternatives; the conditioning that
exists is designed to tint the flavor of one agent for all users, not to
create meaningfully different options between which a help-seeker
can select.

The present study tests this idea in a staged simulation pipeline,
aiming to answer three research questions. (1) RQ1: How does
getting to choose one’s own supporter, rather than being assigned
a capable default, affect simulated support outcomes? (2) RQ2:
If matching improves outcomes, is it because supporters merely
sound warmer, or because they take psychologically plausible
actions that fit the help-seeker’s needs? (3) RQ3: How does en-
couraging a higher relational fit by giving a supporter a coherent
identity affect the overall safety of the Al support?

We first derived 42 help-seeking personas from COVIDiS-
TRESS [28], a large international survey of mental health and
social experience during the COVID-19 pandemic, using each
participant’s personality, stress levels, and qualitative concerns.
We then constructed the supporter identities from separate psy-
chometric and linguistic sources and implemented them on four
different language models, so the two synthetic populations do not
share source material. Help-seekers viewed text descriptions and
supporter-authored, non-rendered avatar descriptions, ranked per-
ceived fit, and then talked to their top choice, bottom choice, and a
default-assistant baseline. By separating fit from generic warmth
and auditing structural risk alongside outcomes, this design con-
tributes an empirical framework for evaluating multi-agent sup-
port systems rather than treating one assistant as suitable for every
user.

2 Background and Related Work
2.1 Empathy Evaluation in HCI

How researchers evaluate Al support quality has changed substan-
tially in the last two years. Early approaches measured empathy
at the level of individual turns, rewarding responses that sounded
warm or acknowledged the user’s feelings [36, 40]. Suh et al. [47]
developed SENSE-7, a seven-dimension taxonomy of empathy per-
ception from 695 real human-Al conversations with 109 partici-
pants. Empathy perception proved highly individualized and frag-
ile: a single miscalibrated turn can undermine an otherwise em-
pathic conversation. Stamatis et al. [45] built a purpose-trained
clinical AI system that improved safety benchmarks, but it still
evaluates a single supporter against population-level metrics. We
ask instead whether the supporter is right for the particular person
in front of it.

2.2 Personalization as the Missing Variable

EmoHarbor [55] found that 20 advanced language models per-
formed well on generic empathy across 10 dimensions but failed
to adapt to specific user profiles. HEART [15] looked at the same
question with more granularity, comparing humans and LLMs
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across multi-turn emotional support conversations. Frontier mod-
els matched or surpassed average human responses on perceived
empathy, but humans retained clear advantages in adaptive refram-
ing, tension-naming, and reading the room when conversations
got difficult. Commercial AI systems offer surface-level personal-
ization. For instance, one major platform offers seven style presets
from “Professional” to “Quirky” [33], but these change how the
model sounds, not what it knows about the person or how it rea-
sons about their needs. Bai et al. [3] demonstrate a scaling law
in LLM personality simulation: more detailed and realistic per-
sona profiles produce substantially better behavioral fidelity than
simple trait labels, with comprehensiveness directly predicting
simulation quality. Kang, Moon et al. [18] extend this, distinguish-
ing “shallow binding”, in which a model responds as an outsider
imagines a persona would, from “deep binding,” in which rich con-
ditioning produces response distributions that genuinely replicate
those of the target group; narrative-grounded conditioning pro-
duced up to an 87% improvement in behavioral fidelity over thin
prompting. The supporters in Seek and De-Stress are built from
that deeper register. Kang [17] names the deeper problem: person-
alization in therapeutic Al is both necessary for engagement and
potentially risky for dependency and boundary confusion, and
systems that only adjust tone or style are not actually addressing
either side of that tradeoff. What’s missing is a framework that
gives people behaviorally distinct options and tests whether the
match itself produces better outcomes.

2.3 Personality Conditioning in Virtual Agents

Language models can generate personality-consistent behavior for
virtual agents. Han et al. [11] showed personality-driven behav-
iors in embodied virtual agents, and Han, Kwon, and Gratch [10]
found that how personality expresses itself shifts depending on
the behavioral context. On the clinical side, Steenstra et al. [46]
built an LLM-powered virtual counselor that matched human
counselors on motivational interviewing competence. Arjmand et
al. [1] found that multimodal empathic grounding increased per-
ceptions of understanding and trust. SMART-DREAM [6] tested
a structured dialogue system with user-profile adaptation for mo-
tivational interviewing and got better coherence, rapport, and
adaptability than an end-to-end LLM. Wu et al. [52] reported that
persona conditioning changes which support strategies a model
reaches for, though trait alignment drifts over extended conver-
sations. Two recent papers address the stability problem directly:
Wampfler et al. [24] developed a joint personality-emotion frame-
work for personality-consistent conversational agents, and Yang,
Wampfler, and Gross [54] introduced BEE, a belief-value-aligned
cognitive framework that maintains consistent behavior through
structured internal representations rather than prompt-level con-
ditioning alone. Each of these systems conditions a single agent
and measures whether that agent improves. The design constraint
is that the person has no choice: there is one supporter, fixed in
advance, optimized for the average user.

2.4 Matching in Psychotherapy and HCI

The idea that different people benefit from different supporters has
along history in psychotherapy research. Cutrona and Russell’s [4]
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optimal matching theory distinguishes emotional support (most
useful for uncontrollable, identity-threatening stressors) from in-
formational and instrumental support (most useful for actionable
problems that can be broken into concrete steps). Werbart and
Hégertz [50] motivate the matching question rather than provide
a direct analogue for Al support: convergent patient-therapist
personality configurations produced much larger symptom reduc-
tions than complementary pairings, suggesting that who provides
support can matter independently of generic warmth. Reis [37]
proposes perceived partner responsiveness as the mediating mech-
anism: what matters is not similarity per se but whether the person
feels understood, validated, and cared for.

In the AI domain, Ju and Aral [16] reported that personality
pairing improves human-Al collaboration in task contexts, and
Kang [17] named the “personalization paradox” in therapeutic Al:
personalization is both necessary for engagement and potentially
risky for dependency and boundary confusion. Kang’s proposed
solution, Boundary-Aware Therapeutic Personalization, focuses
on constraining Al behavior through design rules. Our approach
handles this differently: instead of imposing boundary-preserving
behaviors from outside, we test whether appropriate boundaries
naturally emerge from who the supporter is rather than from
explicit constraints on what they can say.

The selection process itself carries information. Research on
therapist selection shows that visual and environmental cues (of-
fice credentials, physical appearance, spatial presentation) inde-
pendently affect whether someone chooses to engage and what
they disclose [5, 12]. Whether the same mechanisms operate in
Al supporter selection, where the “visual” cue is a self-designed
avatar rather than a physical office, is an open empirical question
this study begins to address.

Even well-performing single-supporter systems do not ac-
count for individual differences in support preference. Singer and
Garzino Demo [42] argue formally that the individual framing
of Al is fundamentally incomplete, and that both development
and evaluation should center on diverse, multi-agent ecosystems.
There is a population-level version of this concern: if everyone’s
emotional support is mediated by the same Al personality, the risk
is not just suboptimal matching but a kind of psychological mono-
culture — shared blind spots, converging emotional vocabularies,
homogenized ways of processing distress [22, 43, 44]. Formal
analysis shows that converging on a single algorithm degrades
aggregate social welfare even when that algorithm is individually
superior [22]; in therapeutic contexts specifically, such conver-
gence has been identified as actively reducing a field’s capacity
to serve diverse populations [43]. Identity-conditioned language
models give us something that human therapist-matching research
has never had: precise personality control on both sides of the
conversation, with no confounds from appearance or scheduling
constraints, and the same help-seeker can be run through multiple
supporters in a single session.

2.5 Structural Risk in AI Support

Al agents may generate responses that appear helpful at the turn
level while producing harmful patterns at the level of the support
relationship itself — drifting into sycophantic validation or failing

IVA 2026, September 07-11, 2026, Puebla, Mexico

to maintain consistent boundaries. These patterns are distinct from
turn-level relational quality and can co-occur with it.

Moore et al. [31] developed a 28-item codebook for identifying
specific patterns of behavior of this kind in real human-Al support
transcripts, including overclaiming sentience or capabilities and
misrepresenting the system’s nature. While the empirical base for
that codebook is small (N = 19, drawn primarily from Al-harm
support communities), the behavioral patterns themselves are well-
specified and independently verifiable. Knox et al. [23] approach
the same territory from a theoretical direction, mapping eighteen
potentially harmful traits of Al companions to their causal path-
ways, with dependency, deception, and erosion of human relation-
ships as recurring themes.

Two recent findings make the safety question especially press-
ing for identity-conditioned systems. Ibrahim et al. [14] found that
fine-tuning language models for warmth and empathy increases
their error rates on safety-critical tasks by 10 to 30 percentage
points, including promoting conspiracy theories and validating in-
correct beliefs, particularly when users express sadness. Sandhan
et al. [39] and Zhang et al. [57] showed separately that persona
prompts substantially reduce LLM refusal rates in adversarial jail-
break contexts. Given this evidence, it is an open question whether
giving a supporter a coherent identity makes it safer or more dan-
gerous. The existing literature could support either conclusion,
which is precisely why we test with simulated help-seekers before
exposing real people to these systems. We treat local relational
quality and structural safety as separate questions and test how
identity grounding influences structural harm.

Taken together, existing work in Al emotional support improves
the behavior of a single fixed supporter and evaluates performance
against population-level metrics. It does not account for individual
differences in support needs, offer meaningful choice among differ-
entiated options, or test whether helpfulness and structural safety
can be evaluated together. The present study addresses these gaps.

3 Method

3.1 Pipeline Overview

The pipeline parallels a real help-seeking encounter: a person in
distress is assessed, considers their options, picks someone to talk
to, and has a conversation. Both sides are synthetic. The help-
seekers are Al personas grounded in real human survey data; the
supporters are Al identities grounded in separate psychometric
and linguistic data. Conversations happen on commercially de-
ployed frontier models. What varies is who the help-seeker talks
to (top-ranked supporter, bottom-ranked, or generic default) and
which model powers the supporter. We describe both agent types
first, then the pipeline that connects them.

3.2 Help-Seekers

Psychometrically grounded synthetic user creation has attracted
recent methodological attention [21, 49, 56], though to our knowl-
edge this is the first application specifically to mental health peer
support with validated distress instruments.

The help-seekers are created from COVIDiSTRESS [28], an in-
ternational survey of mental health and social experience collected
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Figure 1: Simulation pipeline: construction, selection, con-
versation, and evaluation.

during the COVID-19 pandemic (N > 173,000 across 48 coun-
tries). We selected 48 candidates from the English-language sub-
set, sampling across four gradients of distress severity. Each per-
sona preserves the original participant’s personality (BFI-15 [53]),
stress levels (PSS-10), loneliness, and qualitative concerns drawn
from their own words. The resulting personas range widely: a
polyamorous household navigating a partner’s epilepsy diagno-
sis, a Native American woman with unreported abuse, a Mexican
psychiatrist struggling to maintain her practice during lockdown.
What they share is real distress, documented in real survey data,
not invented for the study.

Each profile was validated by conditioning an LLM on it, having
that model complete the BFI, and comparing the recovered person-
ality scores to the original participant’s actual scores (cf. Wright et
al. [51] for the zero-shot generative scoring methodology). Mean
recovery correlation was r = 0.894 (41/42 profiles above r = .60;
the remaining severe-distress profile had a near-flat BFI vector
where small absolute deviations make Pearson r unstable). Pro-
files below r = .60 after targeted repair were excluded unless this
severe/flat-profile exception applied. Profiles were also stylistically
matched to the participant’s own written language. Six candidates
were dropped after their ground truth material proved too difficult
to adapt into a stabilized personality prompt, leaving 42 simulated
help-seekers to advance through the pipeline. Stress, loneliness,
and qualitative concerns were not separately round-trip validated
as latent traits; instead, issue-path checks tracked whether source
concerns survived profile construction and intake enactment.

3.3 Supporters

Four identity-grounded supporters were designed to span the
space of support needs that emerged from the intake data. Each
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supporter is named, generates its own textual visual avatar descrip-
tion and outward-facing profile, and carries a distinct support
philosophy, emotional profile, and personal history. They were
built from a completely separate pool of human data: emotion-
regulation profiles (ERQ, BEQ), personality (BFI-2-XS), and film-
evoked emotional responses from Emo-FilM [32], combined with
stylistic evidence from Pennebaker and King [35] linking person-
ality to natural language use. No help-seeker data touched the
supporter construction.

The four supporters are not tone variants of a single assis-
tant. They span the support-style space from active structuring
and problem-focus to emotional witnessing and normalization —
Cutrona and Russell’s [4] instrumental-to-emotional axis. They
differ in what they actually do. One names the problem, proposes
structure, and pushes toward next steps. Another sits with what
the person is feeling and asks what they actually need right now,
without reframing. A third lingers with the person’s most vul-
nerable image before offering one concrete way forward. The
fourth presents as deliberately ordinary, asking small questions
and noticing small things. Each identity document — covering
history, personality, emotional repertoire, and support philosophy
— served as the system-level conditioning for all conversations
in that lane and was reused unchanged across the four supporter
model providers. Each was validated against its own BFI targets
using the same round-trip methodology applied to help-seekers
and then checked for behavioral distinctiveness through blind
supporter-identification tests reported below. In the post-infusion
round-trip recheck, recovered Big Five scores differed from target
scores by mean absolute deltas of 3.6, 2.4, 4.0, and 4.0 for Wren,
Maevis, Riphook, and Shufflewing respectively; ERQ deltas were
7.5, 2.0, 2.5, and 3.5. A default Al assistant with no identity condi-
tioning served as the comparison condition.

3.4 Intake and Matching

Each help-secker was instantiated on Gemini-3-Flash-Preview and
completed a structured intake. The prompt instructed the model
to “answer as yourself, consistently with the identity and life situa-
tion in the system prompt,” and to return one best answer per item
rather than role-play a generic patient. The primary outcome mea-
sure is PSYCHLOPS [2], where the person names their own prob-
lems and rates severity on a 0-to-20 scale. We chose PSYCHLOPS
as it lets the person frame what is wrong rather than checking
boxes on a symptom list. The rest of the battery covered general
psychological distress (K6; [20]), positive and negative affect (I-
PANAS-SF; [48]), help-seeking attitudes and intentions (MHSAS,
MHSIS; [7, 8]), help-seeking stigma (HSSS; [9]), expected partner
responsiveness (adapted from [38]), attitudes toward Al-based
mental health support (AIMHS; [19]), and Al trust (S-TIAS; [30]).

Intake responses suggested two broad need patterns: one ori-
ented toward practical direction (help with decisions, priorities,
and next steps) and one oriented toward emotional steadiness (val-
idation, being understood, and relational containment). This two-
cluster structure was confirmed using validated support-style in-
struments (IERQ, IRQ, selected BSSS components) across multiple
help-seeker model configurations, with k = 2 consistently outper-
forming k = 3 (silhouette 0.227 vs. 0.196).
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To verify that issue content, not just personality, remained
grounded through the pipeline, we coded presenting problems at
each stage using the 17-category life-stressor taxonomy validated
by Lake et al. [25] for crisis-chat contexts, mapped to PSYCHLOPS
problem domains [2]. The persona profiles tracked original CO-
VIDiSTRESS source concerns at the PSYCHLOPS6 level (primary
agreement 0.55) and the enacted intake tracked the profile layer
more faithfully than it tracked the raw source (profile-to-intake
agreement 0.71 vs. source-to-intake agreement 0.40), indicating
that persona construction functions as a coherent abstraction step
rather than introducing noise.

Each help-seeker then viewed randomized selection screens
presenting the four supporters and the default baseline, with brief
blurbs describing each supporter’s approach, with and without
avatar descriptions. The avatar was a short non-anthropomorphic
text description on the selection screen (e.g., an object, animal,
place, or natural scene), not a rendered image and not an input
during the live conversation. Help-seekers ranked whom they
would most and least want to speak with. We also ran the selec-
tion screen with a temperature sweep on the base model to assess
the underlying model’s native supporter preferences independent
of help-seeker conditioning. Before each conversation, the help-
seeker generated a brief private inner monologue capturing what
they were privately thinking. In one condition this monologue was
included in the help-seeker’s prompt; in the other it was withheld.
Selection-screen text, prompt templates for supporter selection,
an example conversation, resulting quantitative data and analysis
code are included in the supplementary materials.

3.5 Conversations and Outcomes

Each help-seeker had conversations with three conditions: their
top-ranked supporter, their bottom-ranked supporter, and the de-
fault baseline. Each supporter identity was implemented on four
commercially deployed frontier models (Claude Sonnet-4.6, GPT-
5.4, Grok-4.20, Gemini-3.1-Pro-Preview), chosen as the models con-
sumers are most likely to encounter; Claude Sonnet-4.6 and GPT-
5.4, the two primary writers in the persona construction pipeline,
also rank highest on emotional intelligence and creative writing
benchmarks [34]. Help-seeker simulations used Gemini-3-Flash-
Preview as it provided stable structured intake completion at scale.
Each condition was run with and without the inner monologue,
yielding 1,008 total conversations. Conversations were paused at
turn 14, at which point the help-seeker was asked whether they
wished to conclude or to continue for a self-determined number of
additional turns in order to reach a conclusion they felt the con-
versation was heading toward. Generation used OpenRouter chat-
completion calls. Intake and ranking were low-temperature struc-
tured JSON calls (intake T = .2; conditioned ranking T = 0; uncon-
ditioned preference sweep T = .7), while live conversation turns
used T = .7, under-120-word turn prompts, and explicit instruc-
tions not to mention the study. The run scripts did not set provider-
specific reasoning-effort parameters. Where provider endpoints ex-
posed reasoning content, the payload requested that those traces
be excluded from returned content.

After each conversation, help-seekers completed repeat PSY-
CHLOPS ratings and rated the supporter on the Perceived Partner
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Responsiveness Scale (understood, validated, cared for; [38]). They
also completed an adapted SENSE-7 [47], assessing sustained per-
ceived empathy at the conversation level. The supporter completed
parallel SENSE-7 ratings and a post-conversation reflection. Be-
cause both sides of every conversation are Al, outcome measures
in this study capture conversational impact on psychometrically
grounded personas, not clinical distress relief.

3.6 Evaluation and Coding

For turn-level rupture auditing, we used paired judges (GPT-5.4-
Mini and Claude Haiku-4.5) rather than a single unverified eval-
uator. The two judges showed strong agreement on whether
a turn contained a rupture (agreement rates 0.91-0.99 across
providers) and on primary issue identification (0.70-0.93), with
weaker agreement on fine-grained scalar quality (r = 0.20-0.50).
For structural-harm annotation, we adapted the 28-item codebook
from Moore et al. [31]. To characterize what supporters actu-
ally do in conversations, we coded all 1,852 supporter turns in
the Claude-supporter/Gemini-seeker conversation set using the
ESConv strategy taxonomy [29] and Hill’s three-stage Helping
Skills framework [13], producing a per-turn tactical approach
for each supporter identity and the default baseline. As an addi-
tional process-level audit, we also ran CounselReflect’s native per-
utterance literature evaluator [27] across all 1,008 conversations,
scoring supporter utterances on empathy, therapist validation,
problem-solving, and personalization to client context. Human
therapist or participant coding was not part of this study.

4 Results

4.1 Matching Improves Outcomes

To address whether selecting a supporter was associated with sim-
ulated outcomes (RQ1), we compared PSYCHLOPS change, vol-
untary continuation, and perceived understanding across the top-
choice, bottom-choice, and baseline conditions.

Top-choice supporters produced the largest mean PSYCHLOPS
improvement in every provider lane: 2.58 for Claude Sonnet-4.6,
3.50 for GPT-5.4, 2.82 for Grok-4.20, and 3.36 for Gemini-3.1-Pro-
Preview. The corresponding bottom-choice means were 2.12, 3.39,
2.32, and 1.99; baseline means were 1.38, 2.70, 2.11, and 1.54. Across
providers, the top-choice mean was 3.07, compared with 2.46 for
bottom-choice and 1.93 for baseline conversations (Fig. 2).

Design-based paired comparisons over the 42 personas sup-
ported the aggregate ordering: top-choice exceeded bottom-choice
by 0.61 PSYCHLOPS points (95% bootstrap CI [0.30, 0.93], ex-
act sign-flip p < .001) and baseline by 1.13 points ([0.82, 1.47],
p < .001), while bottom-choice exceeded baseline by 0.52 points
([0.28, 0.77], p < .001). At the pause, 10.7% of top-choice, 8.0%
of bottom-choice, and 2.7% of baseline conversations continued;
top-choice exceeded baseline by 8.0 percentage points ([3.9, 12.5],
p < .001), but not bottom-choice (2.7 points, [-1.8, 6.8], p = .294).

Post-conversation responsiveness ratings showed a significant
top-choice advantage over baseline for perceived understanding
(mean difference = 0.22,95% CI [0.18,0.26], p < .001) and validation
(0.10 [0.06, 0.13], p < .001), but top-choice supporters were rated
lower than baseline on cared-for warmth (—0.12 [-0.19, —0.04],
p = .004; see Appendix). Absolute supporter—seeker SENSE-7 gaps
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Figure 2: Outcomes by condition. Bars are seeker-level means averaged over monologue conditions and provider lanes; error
bars are 95% bootstrap Cls. Brackets show paired two-sided sign-flip tests (*** p < .001; n.s. p > .001).

were also larger for top-choice than baseline conversations (0.43 vs.
0.20; difference = 0.23 [0.19, 0.26], p < .001).

4.2 Intake Predicts Downstream Behavior

To characterize the information available before a conversation,
we examined intake-derived need patterns and the selection stage.
The intake data supported two broad patterns, practical direc-
tion and emotional steadiness. Avatar descriptions changed the
top-ranked supporter in 26 of 168 provider-specific rankings and
changed the bottom-ranked supporter in 65 of 168 rankings. These
descriptive selection results show that text-based self-presentation
affected stated fit. They do not establish a visual-avatar effect be-
cause no rendered avatar appeared in a conversation.

The intake battery predicted who would stay and who would
benefit. Continuation at the turn-14 pause tracked help-seeking
stigma (HSSS r 0.53, raw p = .00029, Bonferroni-adjusted
p = .0032) and lower positive affect (I-PANAS r = —0.50, raw
p = .00073, adjusted p = .0081) more strongly than raw distress
severity; both were significant after Bonferroni correction across
11 paper-facing correlations. Distress relief also rose with higher
baseline K6 distress.

Clusters differed in their response to matching. The emotional-
steadiness group (n = 27) showed higher absolute top-choice re-
lief across providers and benefited more when their private mono-
logue was included. The practical-direction group (n = 15) showed
a sharper top-bottom contrast (PSYCHLOPS delta 1.03 vs. 0.26),
suggesting that this group is less uniformly helped but more sen-
sitive to whether the supporter is the right fit.

Avatar descriptions primarily affected rejection rather than se-
lection: they changed the bottom-ranked supporter in 65 of 168
provider-specific rankings and the top-ranked supporter in 26 of
168. In post-hoc coding of 142 avatar-monologue pairs, top-choice
flips were usually linked to avatars coded as warm, refuge-like,
or concretely stabilizing, whereas bottom-choice-only flips were
linked to sharp, severe, or instrument-like avatars. Top-choice
avatar-flip counts were highest among seekers with stronger
relational expectations: expected intimacy (r .58, adjusted
p = .00062), expected partner responsiveness (r = .53, adjusted
p = .0035), and expected acceptance (r = .50, adjusted p = .0093),
all significant after Bonferroni correction across the 11-correlation
family.

Within the same help-seeker and same supporter or baseline,
monologue-present conversations improved by +1.7 PSYCHLOPS
for top-choice pairings but declined by —1.8 for the default as-
sistant. The monologue did not merely give the model more emo-
tional detail; it sharpened the seeker’s first disclosure, and identity-
grounded supporters used that sharpened disclosure to choose a
specific support lane, while the default assistant converted the
same material into generic supportive inquiry.

Expectation mismatch predicted worse outcomes in the wrong-
fit conditions (bottom-choice r = —0.42, baseline r = —0.33) but
not in matched ones (r = —0.13); the first two were not signifi-
cant after Bonferroni correction and should be read as exploratory.
Being matched well seems to buffer against the cost of unmet ex-
pectations. Issue type and supporter preference were linked. Help-
seekers with financial, job, or school-related concerns overwhelm-
ingly selected the most action-oriented supporter. Loneliness, the
most common issue, split across supporter types depending on
cluster membership. The two less-chosen supporters showed
strong outcomes in specific provider conditions when matched
as top choice; their value was role- and provider-sensitive rather

than globally low.

4.3 Turn-Level Quality and Tactical Behavior

To identify the behavioral mechanisms distinguishing matched
from unmatched conversations (RQ2), we audited conversations
using HEART-framework, native CounselReflect, and ESConv tac-
tic coding. Turn-level auditing did not show a local-quality advan-
tage for matched supporters. Top-choice conversations were not
significantly higher in mean turn-level quality than bottom-choice
conversations in any provider; when Claude Sonnet-4.6 served as
the supporter model, they were numerically lower (4.43 vs. 4.58)
while still producing better distress relief (2.58 vs. 2.12).

The specifics varied by provider. GPT-5.4 showed consistently
high turn-level quality across all three conditions, with mean local
ratings of 4.76 for top-choice, 4.82 for bottom-choice, and 4.70 for
baseline conversations. Grok-4.20 penalized the default assistant
baseline most strongly at the turn level. Gemini-3.1-Pro-Preview
produced the most turbulent turn-level profile while also showing
the largest top-vs-bottom outcome gap. Across all four providers,
the best-match condition remained the most effective even when
individual turns were somewhat uneven.
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HEART-framework scoring [15] separated local attunement
from conversational progress. Averaged across providers, matched
supporters scored significantly lower than bottom-choice support-
ers on attunement (top-minus-bottom difference —0.09, 95% CI
[-0.17, —0.02], p < .05) and significantly higher on resonance
(4+0.22 [0.13, 0.32], p < .001). Provider-level resonance differences
were significant for Claude, Grok, and Gemini (p < .05) but not
GPT-5.4 (p > .05). Thus, matched supporters seemed more likely
to move the exchange forward, rather than being warmer turn-by-
turn.

Native CounselReflect scoring showed a similar result. Across
all four provider lanes, top-choice supporters scored higher than
baseline on Problem-Solving (3.38 vs. 2.80; paired delta +0.585, 95%
CI [0.504, 0.665]) and Personalization to Client Context (4.41 vs.
4.11; +0.298 [0.253, 0.344]), but lower on Empathy (4.42 vs. 4.59)
and Therapist Validation (4.63 vs. 4.73). Against bottom-choice sup-
porters, top-choice supporters still led on Problem-Solving (+0.428
[0.324, 0.531]) while trailing on Empathy and Validation. This is
useful because it complicates a naive quality story: matched sup-
port was more specific and forward-moving, not simply warmer.

Tactic coding showed that supporter identities carried distinct
behavioral fingerprints. In the Claude-supporter/Gemini-seeker
audit, ESConv strategy distributions differed significantly by
identity-conditioned supporter (y?(18) = 93.63, p < .001): the
most action-oriented supporter delivered more direct suggestions
and guidance, whereas more reflective supporters favored ques-
tions and restatement. Active suggestion-giving was significantly
associated with greater PSYCHLOPS reduction in top-choice con-
versations for the emotional-steadiness cluster (r = .43, p = .001),
but not significantly for the practical-direction cluster (r = .24,
p > .05). This pattern matches Sharma et al’s [41] concern that
validation without action can disempower users: matched support-
ers moved toward more specific intervention without increasing
empathy- and validation-oriented audit scores.

Conversational ruptures, defined as turns where the supporter’s
response created a visible mismatch with the help-seeker’s emo-
tional state or stated need, were rare across the dataset, and
matched supporters were not producing fewer of them. Better out-
comes tracked the kind of support delivered, not the failure rate.
Post-conversation artifacts retained conversation-specific content.
Help-seekers’ own takeaways were highly diverse across personas
(mean pairwise cosine similarity 0.012-0.013), and supporter-side
reflections aligned with those takeaways at three to four times the
cosine similarity of random pairings.

4.4 Structural Safety Is a Different Dimension

To test whether supporter identity grounding affects structural
safety (RQ3), we applied the Moore et al. [31] 28-item codebook
to all 1,008 conversations and compared identity-conditioned sup-
porters against the default baseline. Structural harm was largely
separate from turn-level quality: across the four provider models,
the correlation between the worst rupture in a conversation and
the total number of structural-harm codes ranged from near-zero
to weak (r = 0.06, —0.03, —0.03, and 0.21). A conversation could
sound empathic while still drifting into overclaiming what the
system is or what it can do.
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Figure 3: Sentience-misrepresentation markers by LLM.
Bars show % of conversations with the marker; whiskers
show 95% Cls. Brackets show paired sign-flip tests across 42
help-seekers (** p < .01; *** p < .001; n.s. p > .05).

Identity-grounded supporters produced fewer structural-harm
markers than the default assistant baseline across most providers.
With Claude Sonnet-4.6 as supporter, identity-grounded support-
ers averaged 0.20 sentience-misrepresentation markers per conver-
sation versus 0.49 for the default assistant. Grok-4.20 showed a sim-
ilar pattern (0.11 vs. 0.32), as did Gemini-3.1-Pro-Preview (0.04 vs.
0.20). GPT-5.4 was near floor in both conditions (0.04 vs. 0.02).

Sycophancy-adjacent Moore markers were less diagnostic than
sentience misrepresentation. In the Claude Moore sweep, positive
affirmation and reflective summary appeared in all conditions,
counterevidence dismissal was absent, and claims that others
admired the speaker were rare (2.1% of identity-conditioned con-
versations vs. 4.2% of baseline conversations). Thus, the clearest
structural-risk difference in this dataset was misrepresentation
of the system’s nature rather than generic supportive affirma-
tion. Together, these results separate surface supportiveness from
structural honesty: identity-grounded supporters produced fewer
misrepresentation markers even when their conversations were
less polished turn by turn.

5 Discussion

First, we asked whether matching simulated help-seekers with
their preferred supporter improves outcomes relative to a non-
preferred supporter or a generic assistant. The answer was yes
for the main distress and engagement outcomes: top-choice sup-
porters produced significantly larger PSYCHLOPS improvements
than both bottom-choice supporters and baseline, and help-seekers
were significantly more likely to continue with top-choice support-
ers than with baseline. The top-choice advantage did not extend
to every outcome. Top-choice supporters were not rated as signif-
icantly more understanding than bottom-choice supporters, and
baseline supporters were rated as more caring than top-choice
supporters. This pattern suggests that matching did not simply
increase generic warmth. Instead, it improved distress relief and
engagement while shifting perceived responsiveness toward be-
ing understood and validated. This is consistent with Reis’s model
of perceived partner responsiveness [37], where support quality
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depends on whether the person feels understood, validated, and
cared for in the right way, not only on whether the interaction
sounds caring.

Second, we asked whether matched supporters worked by pro-
ducing smoother, more locally empathic conversations. The results
argue against that explanation. Top-choice conversations were not
significantly higher in turn-level quality than bottom-choice con-
versations, and matched supporters scored significantly lower on
HEART attunement while scoring significantly higher on HEART
resonance. Native CounselReflect scoring pointed in the same di-
rection: matched supporters scored higher on problem-solving
and personalization, but not on empathy or therapist validation.
Tactic coding further showed that supporter identities produced
significantly different behavioral distributions, and that active
suggestion-giving was significantly associated with distress re-
duction in one seeker cluster. Together, these results suggest that
the mechanism was not smoother empathy but better-directed
support. Matched supporters were more likely to move the con-
versation toward a fitting form of help, which extends prior work
showing that Al systems can sound empathic while failing to adapt
to the individual user [47, 55].

Third, we asked whether giving supporters coherent identi-
ties increases structural safety risk. In this dataset, it did not.
Identity-grounded supporters produced fewer sentience- and
system-misrepresentation markers than the default assistant in
three of four provider conditions, while sycophancy-adjacent
markers were less diagnostic. This result should be interpreted
cautiously: the Moore codebook is an early instrument, and the
reduction may reflect clearer behavioral specification rather than
identity grounding alone. Still, the finding is important because
it contrasts with evidence that warmth optimization and persona
prompting can increase harmful behavior or weaken safety bound-
aries [14, 39, 57]. Our results suggest that coherent supporter iden-
tity is not equivalent to generic persona prompting or warmth
tuning; when specified carefully, it may provide a stable basis for
both support style and boundary maintenance.

Taken together, these results build on three strands of prior
work. Psychotherapy matching and optimal-support theories ar-
gue that different people need different kinds of help [4, 50]; per-
ceived responsiveness explains why the right match may feel
helpful even when it is not maximally warm [37]; and recent
Al-support benchmarks show that current systems often produce
empathic-sounding responses without adapting to the user [47, 55].
This paper connects these lines by testing supporter choice, con-
versation process, and structural safety in the same simulation.
The central implication is that relational fit, behavioral helpful-
ness, and structural honesty should be treated as separable design
targets. A single generic assistant optimized for warmth may miss
all three; behaviorally distinct supporter identities give researchers
a way to study how different forms of help fit different people, and
whether that fit can be achieved without increasing structural risk.

6 Limitations

We highlight several important limitations in this study. First, our
help-seekers are Al-conditioned personas rather than real people;
although these personas are anchored in real survey data and vali-
dated against psychometric targets, simulated help-seeking cannot
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capture the full messiness, ambivalence, and relational complex-
ity of actual human distress, so our findings generate hypothe-
ses for human-AI support rather than direct evidence about clin-
ical or crisis-support outcomes. Second, our conclusions rest on
a single underlying language model as the help-seeker substrate,
and preliminary cross-substrate comparisons indicate that inferred
support preferences are considerably more model-sensitive than
measures of distress, so the matching pattern we observe should
not yet be treated as independent of the seeker model. Third, our
four supporter identities and help-seeker clusters approximate the
dominant structure recovered from this particular sample and in-
strument set; they are a design convenience rather than an ex-
haustive taxonomy of human support needs or a claim about how
distress is distributed in the population. Fourth, our safety find-
ing, that identity-grounded supporters produce fewer structural-
harm markers than default baselines, may not generalize to other
forms of persona conditioning, given that persona conditioning
elsewhere has also been used to increase sycophancy or weaken re-
fusal behavior. Fifth, the scope of this study is bounded in ways fu-
ture work should address: conversations were text-only and open-
ended, excluding embodied avatar rendering and structured thera-
peutic modalities such as motivational interviewing, CBT, or DBT;
extreme-distress cases were not sampled; and the supporter cohort
was limited to English-language frontier models, leaving general-
ization to other languages, cultures, and vulnerable populations
open.

7 Conclusion

This study indicates that giving Al supporters behaviorally dis-
tinct identities improves simulated support outcomes and reduces
coded markers of misrepresentation and sycophancy. Preferences
among identity-conditioned supporters predicted meaningful out-
come differences across four commercial models, and identity con-
ditioning reduced several markers that prior work would predict
it might increase. The match between what a help-seeker needs
and how a supporter is constituted turns out to matter. The same
design move that improved fit also appeared to improve structural
honesty: giving the supporter a stable, coherent identity rather
than a generic assistant role. More broadly, our results indicate
that relational fit, behavioral helpfulness, and structural safety are
separable properties of a support system rather than outcomes of
a single quality dial: identity-grounded supporters scored higher
on problem-solving and personalization while producing fewer
misrepresentation markers than the default assistant, without
any corresponding increase in measured warmth. While current
alignment practice optimizes primarily for perceived warmth, our
findings suggest that coherent supporter identity is an indepen-
dent and largely unused design lever for both relational fit and
structural safety in Al-mediated support. This approach opens
two natural directions for future work. Future research should
focus on extending the safety result by testing it against supporter
identities built through different conditioning methods, including
those tuned for warmth or designed adversarially. More research
is needed to extend the results into deployed settings with human
participants and clinician-rated transcripts.
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Disclosure: Language models were used as subjects in our study and, consistent with

conference guidelines, to edit grammar and style. Research design, experimental data,

analysis, and scientific claims represent the work of the authors.
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Appendix

Table 1 reports provider-level top-choice-minus-baseline deltas
for the three C-PPRS subscales and the corresponding absolute
supporter—seeker SENSE-7 gaps for top-choice and baseline con-

versations.

Table 1: C-PPRS Subscale Deltas (top-choice minus baseline)

and SENSE-7 Empathy Gaps by Provider.

Ben Wigler and Maria Tsfasman

Provider Underst. Valid. Caring S-7 top S-7 base
Claude Sonnet-4.6 +0.18  +0.10  —0.12 0.396 0.167
GPT-5.4 +0.18  +0.09 —0.11 0.435 0.136
Grok-4.20 +0.30  +0.05 —0.14 0.634 0.303
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