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Abstract

The increasing use of large language models
in mental health applications calls for princi-
pled evaluation frameworks that assess align-
ment with psychotherapeutic best practices be-
yond surface-level fluency. While recent sys-
tems exhibit conversational competence, they
lack structured mechanisms to evaluate adher-
ence to core therapeutic principles. In this pa-
per, we study the problem of evaluating Al-
generated therapist-like responses for clini-
cally grounded appropriateness and effective-
ness. We assess each therapists utterance along
six therapeutic principles: non-judgmental ac-
ceptance, warmth, respect for autonomy, ac-
tive listening, reflective understanding, and sit-
uational appropriateness using a fine-grained
ordinal scale. We introduce FAITH-M, a bench-
mark annotated with expert-assigned ordinal
ratings, and propose CARE, a multi-stage evalu-
ation framework that integrates intra-dialogue
context, contrastive exemplar retrieval, and
knowledge-distilled chain-of-thought reason-
ing. Experiments show that CARE achieves an
F-1 score of 63.34 versus the strong baseline
Qwen3 F-1 score of 38.56 which is a 64.26%
improvement, which also serves as its back-
bone, indicating that gains arise from structured
reasoning and contextual modeling rather than
backbone capacity alone. Expert assessment
and external dataset evaluations further demon-
strate robustness under domain shift, while
highlighting challenges in modeling implicit
clinical nuance. Overall, CARE provides a clini-
cally grounded framework for evaluating thera-
peutic fidelity in AI mental health systems.

1 Introduction

The integration of Artificial Intelligence (Al) in
mental health support has gained considerable trac-
tion, driven by its potential to deliver accessi-
ble (Babu and Joseph, 2024), scalable (AlMaki-
nah et al., 2024), and cost-effective care (Cross
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Figure 1: Our problem statement involves the ordinal
classification of mental health conversation focusing on
six therapeutic principles. We employ retrieval context
generation along with knowledge distillation using a
chain-of-thought in our proposed method, CARE, ordinal
classification of therapist response.

et al., 2024). Conversational systems ranging from
simple rule-based bots to large language models
have been deployed in numerous support appli-
cations (Song et al., 2024). Recent studies show
that 41% of support seekers have turned to conver-
sational agents, with over 80% relying on LLMs
such as ChatGPT rather than clinically validated
therapeutic tools!. Prior work shows that lay par-
ticipants often rate ChatGPT-generated therapeutic
responses as comparable to or even more favor-
able than those written by trained clinicians (Hatch
et al., 2025). This suggests that standard human
evaluations may be driven by surface-level qualities
such as fluency or positivity, rather than clinically
grounded appropriateness, thereby highlighting
limitations in current evaluation practices (Chang
et al., 2025).

Although LLMs demonstrate strong fluency and
contextual coherence, their application in mental
health raises concerns about clinical alignment.
Effective therapy depends not only on linguistic
quality but also on adherence to core therapeu-

1https: //thehemingwayreport.beehiiv.com/p/
research-report-mental-health-in-an-ai-world
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tic principles, such as non-judgmental acceptance,
reflective listening, emotional validation, and re-
spect for client autonomy, which are essential
for trust and safety. Despite their sophistication,
LLM-generated responses often fall short of pro-
fessional standards. Therapeutic principles (Sutton
and Stewart, 2017) formalize these guidelines for
appropriate, context-sensitive counseling.

Recent works have explored empathetic and
emotionally aware agents (Goel et al., 2021; Zara-
nis et al., 2021), but do not explicitly address
therapeutic alignment. Most approaches rely on
surface-level cues or rule-based templates, which
fail to capture the structured, principle-driven en-
gagement. Critically, little work evaluates conver-
sational models against core therapeutic principles
using grounded, interpretable frameworks.

To support structured evaluation of therapeu-
tic alignment, we build on the publicly available
HOPE dataset (Malhotra et al., 2022), which con-
tains therapist client conversations across diverse
counseling scenarios. We extend HOPE by intro-
ducing fine-grained expert annotations for therapeu-
tic alignment, resulting in FAITH-M, a benchmark
comprising 10,172 therapist utterances across 167
sessions. Each utterance is annotated with six in-
dependent labels, one for each core therapeutic
dimension, using a 5-point ordinal scale ranging
from strong negative (—2) to strong positive (+2).
The six dimensions, derived from established coun-
seling theory (Sutton and Stewart, 2017), include:
(a) non-judgmental acceptance, (b) warmth and
encouragement, (c) respect for autonomy, (d) ac-
tive listening, (e) reflective understanding, and (f)
situational appropriateness.

We further propose CARE?, a clinically grounded
evaluation framework that emulates expert rea-
soning by integrating conversational context and
exemplar-driven therapeutic knowledge. CARE en-
codes conversational history through a relevant
context module and leverages exemplar interac-
tions and structured reasoning via a knowledge
distillation-cum-chain-of-thought (KD-CoT) mod-
ule. Our evaluation across four categories of
baselines demonstrates the effectiveness of CARE,
achieving a weighted F1-score of 63.34 and outper-
forming the strongest baseline (Qwen3, also used
as the backbone within CARE) by +64.26%. We
further support our findings with extensive quanti-
tative, qualitative, and expert analyses, including

2CARE: Clinical Alignment and Reasoning Evaluation

evaluations on external expert-guided datasets to as-
sess generalization. Figure 1 illustrates a high-level
overview of our approach.

Problem Formulation. We formulate the task as
a multi-label ordinal classification problem over
therapist utterances in a patient—therapist conversa-
tion C = [p1, w1, p2,u2, - , Pn, uy], where p; and
u; denote the patient’s and therapist’s utterances,
respectively. Each therapist utterance u; is evalu-
ated along six therapeutic dimensions, with labels
yi € {—2,—1,0,+1, 42} reflecting ordinal align-
ment. Given a local context window, the model
predicts these labels while optimizing a loss that
jointly captures ordinal structure and classification
fidelity. Our key contributions are as follows:

* We introduce a novel task for evaluating therapist
responses against six core therapeutic principles.

* We release FAITH-M, an expert-guided bench-
mark with fine-grained ordinal labels for prin-
cipled evaluation of clinical dialogue.

* We propose CARE, a clinically grounded evalu-
ation framework that integrates local conversa-
tional context and exemplar-based reasoning for
therapeutic assessment, and demonstrate that its
advantages persist under cross-dataset evaluation
on trauma-focused (Suhas et al., 2025) and CBT
based * benchmarks.

Reproducibility. Code and dataset is open-
sourced on €) GitHub [ .

2 Related Work

Mental health has emerged as a critical global con-
cern, motivating interdisciplinary research on Al-
powered diagnostic tools and conversational sup-
port systems (Cruz-Gonzalez et al., 2025). While
significant progress has been made in detection, as-
sessment, and automated support delivery, compar-
atively little work examines whether Al-generated
responses adhere to established therapeutic stan-
dards an omission that is particularly consequential
in emotionally sensitive settings.

Al Applications in Mental Health. A substan-
tial body of work focuses on using Al to detect
mental health issues from textual data. Studies
have used social media and clinical transcripts to
identify depressive or anxiety-related symptoms
(Mazhar et al., 2025) using supervised learning
and lexicon-based techniques (Yadav et al., 2020;

3https://cheeseburgertherapy.org/
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Therapeutic Principles

Non-Judgmental Acceptance: This principle refers to the therapist’s use of language that accepts the patient’s emotions
and experiences without criticism, blame, or dismissal. Pos Indicator: The therapist uses accepting language, demonstrating
empathy toward the patient’s feelings, while Neg Indicator: the therapist uses dismissive language.

— Pos Example: “It’s okay to feel that way [SP]". "You have the right to your feelings".

— Neg Example: "That’s not a healthy way to feel [SN]". "You shouldn’t think like that [SN]".

Warmth & Encouragement: This principle captures the therapist’s expression of care, support, and Pos regard toward the
patient. Pos Indicator: The therapist uses encouraging language to convey support and empathym while Neg Indicator: the
therapist uses emotionally distant language.

— Pos Example: "I'm glad you shared that [MP]". "You're doing great by opening up. [SP]".

— Neg Example: "I don’t think discussing this will help you right now."[SN]".

Respect for Autonomy: This principle reflects the therapist’s acknowledgment of the patient’s right to make independent
decisions. Pos Indicator: The therapist uses language that supports the patient’s choices, while Neg Indicator: the therapist
uses directive language that overrides the patient’s preferences.

— Pos Example: "What do you think would be best for you? [SP]".

— Neg Example: "You need to do this. [SN]". "This is the only solution. [SN]".

Active Listening: This principle reflects the therapist’s attentive engagement with the patient’s verbal and emotional cues.
Pos Indicator: The therapist uses reflective responses that acknowledge the patient’s statements, while Neg Indicator: the
therapist uses inattentive responses that ignore or redirect the patient’s concerns.

— Pos Example: "It sounds like you're feeling frustrated. [SP]".

— Neg Example: "Let’s focus on something else. [MN]".

Reflective Feelings: This principle captures the therapist’s ability to identify and reflect the patient’s emotional state.
Pos Indicator: The therapist uses language that accurately acknowledges the patient’s emotions, while Neg Indicator: the

therapist uses responses that ignore or misinterpret the patient’s feelings.
— Pos Example: "You seem really upset about that experience. [SP]".
— Neg Example: "So you quit your job last week. [MN]". "What'’s your plan now? [MN]".

6 Situational Appropriateness: This principle captures the therapist’s ability to respond in alignment with the conversational
context and the patient’s emotional needs. Pos Indicator: The therapist uses context-aware responses aligned with the situation,
while Neg Indicator: the therapist uses responses that are irrelevant or disconnected from the context.

— Pos Example: "Fabulous. Okay. So would you mind if we spend a few minutes going through that now ?[MP]".
— Neg Example: "Okay. Did you have any other questions about what you read on that shape? [MN]".

Table 1: Definitions of the six therapeutic principles used in FAITH-M, accompanied by representative Pos and Neg
therapist utterances. All examples are annotated using a five-point ordinal scale, ranging from Strong Neg to Strong
Pos, with Mild Neg and Mild Pos indicating intermediate levels of therapeutic alignment.

Cha et al., 2022; William and Suhartono, 2021).
The DAIC corpus was also introduced, incorporat-
ing verbal and non-verbal signals to support mul-
timodal depression detection. While impactful for
early screening, these systems are not designed for
interactive therapeutic use and often lack contex-
tual reasoning or dialogic modeling (Gratch et al.,
2014).

Conversational Systems in Mental Health.
Conversational agents are increasingly explored
for supportive roles in mental health contexts (Sri-
vastava et al., 2025c¢). The coherence of LLM re-
sponses in therapeutic dialogues has been exam-
ined (Song et al., 2024), and ChatGPT responses
have been evaluated against therapeutic princi-
ples (Hatch et al., 2025). Other efforts focus on
counseling summarization (Srivastava et al., 2022;
Chen and Verma, 2006; Srivastava et al., 2024), di-
alogue understanding (Malhotra et al., 2022; Saha
et al., 2021), and response generation (Srivastava
et al., 2023; Lippe et al., 2020). End-to-end sys-
tems such as CareBot (Crasto et al., 2021) aim to of-

fer structured support. However, most evaluations
emphasize fluency, empathy, or informativeness,
relying on general-purpose metrics or subjective
judgments rather than clinically grounded assess-
ment.

Empathy in Mental Health Interactions. Em-
pathy is widely recognized as central to therapeutic
communication. Prior work has explored compu-
tational empathy in online forums (Sharma et al.,
2021), peer-support conversations (Srivastava et al.,
2025a), and dialogue systems (Cai et al., 2024;
Srivastava et al., 2025b). Approaches range from
affective classification to empathy-driven genera-
tion using transformer models (Goel et al., 2021;
Zaranis et al., 2021). However, empathy alone does
not guarantee therapeutic safety or professional ad-
herence, as it may overlook essential principles
such as respect for autonomy or situational appro-
priateness.
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3 Dataset: FAITH-M

In this section, we discuss the dataset construction
pipeline. FAITH-M is derived from the publicly
available HOPE dataset (Malhotra et al., 2022),
with each therapist utterance annotated using six
ordinal labels based on therapeutic principles from
Learning to Counsel (Sutton and Stewart, 2017).
To ensure reliability and clinical validity, expert
clinicians developed the annotation guidelines and
validated labels at multiple stages. The following
subsections detail the dataset construction process.

3.1 Annotation Guidelines

We adopt a structured annotation process to evalu-
ate therapist responses in FAITH-M across six core
therapeutic principles. In collaboration with do-
main experts, we develop annotation guidelines
to reflect clinically grounded counseling practices.
We assign an ordinal score for each therapist’s ut-
terance, indicating the degree of alignment with
a given therapeutic principle, ranging from strong
negative (—2) to strong positive (+2). A score of
(0) denotes a neutral case in which the principle is
neither expressed nor contextually required. Posi-
tive scores (41, +2) indicate a mild to strong pres-
ence of the principle, while negative scores (—1,
—2) are assigned when the utterance contradicts
an expected therapeutic principle. We define the
undertaken therapeutic principles as follows and
list a few examples in Table 1.

3.2 Annotation Process

We conduct annotation in a structured, phase-wise
manner to ensure reliability and consistency. Three
annotators participated in the process, including
two primary annotators and one senior supervis-
ing annotator. In addition, an expert clinical psy-
chologist provided domain-specific guidance and
validated the annotations.

Phase-1 (Training). Annotators were trained
over approximately three weeks. They were first
introduced to the annotation guidelines and then
participated in multiple rounds of annotation and
discussion on a subset of 100 therapeutic conver-
sations. During these sessions, the senior modera-
tor and domain expert resolved disagreements and
clarified ambiguities. Cohen’s kappa score (Cohen,
1960) was computed after each round, and training
concluded upon achieving an overall kappa of 0.69
across all therapeutic dimensions (NJ: 0.76, W&E:
0.70, RF: 0.64, AL: 0.65, RA: 0.73, and SA: 0.70).

Phase-2 (Annotation). Annotators labeled the
full dataset over a period of 3 months. Their
progress was periodically reviewed by peer anno-
tators to ensure consistency with the guidelines.
Final labels were consolidated by the experts, who
resolved any tie-breaks between annotators.

Phase-3 (Validation). Following the annotation,
the expert counselor validated the labels to ensure
clinical accuracy and consistency with therapeutic
principles and expert-level interpretations.

3.3 Data Analysis

FAITH-M comprises 10,172 utterances from 167 di-
alogues and is annotated with six ordinal labels
corresponding to core therapeutic principles. The
dataset is split session-wise into train (6,902 ut-
terances from 116 sessions), validation (949 utter-
ances from 17 sessions), and test (2,321 utterances
from 34 sessions) sets in a 70:10:20 ratio. The de-
tailed distribution for each therapeutic dimension
is presented in Table 2.

Therapeutic Dimension SN MN  Neu MP SP
Non-Judgmental Acceptance 107 413 624 1133 771
Warmth and Encouragement 42 217 733 1134 921
Respect for Autonomy 112 208 502 1401 825
Active Listening 54 89 546 1458 900
Reflective Feelings 84 155 116 1056 589

Situational Appropriateness 79 151 290 1279 1248

Table 2: Label-wise distribution of utterances in
FAITH-M. Labels range from strong negative (SN: -2) to
neutral (neu: 0) to strong positive (SP: +2).

Therapeutic Adherence. The distribution of or-
dinal labels across therapeutic dimensions is shown
in Figure 2. It reflects the strong adherence of ther-
apists to therapeutic principles. The dataset reveals
that negative labels (SN and MN) are rare, while
the majority of responses are neutral or positive, in-
dicating consistent alignment with counseling best
practices. This highlights the dataset’s reliability
in evaluating therapist-client interactions.

4 Methodology

Therapeutic assessment depends on conversational
context, as utterance meaning is shaped by prior
dialogue. Accordingly, CARE encodes local conver-
sation history through a relevant context module
and incorporates clinical reasoning via chain-of-
thought—based knowledge distillation. Figure 3
illustrates the overall architecture.
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Figure 2: Distribution of ordinal labels across therapeu-
tic dimensions in the FAITH-M dataset.

4.1 Relevant Context Module

We construct a local context window C for
each therapist utterance u;, containing the utter-
ance itself and k preceding conversational turns:
{Pt—k,Ut—k,---,Pt,u}, where p; and u; denote
the patient’s and therapist’s utterance at turn ¢, re-
spectively. This window provides immediate con-
versational context, enabling the encoder’s self-
attention (Vaswani et al., 2017) to capture depen-
dencies between prior therapist interventions and
the patient’s evolving state. The resulting repre-
sentation R serves as one of the input streams
to the final prediction layer, capturing the situa-
tional grounding necessary for accurate therapeutic
alignment assessment.

4.2 KD-CoT

To explicitly embed clinical reasoning and ther-
apeutic knowledge into our model, we utilize a
knowledge distillation approach based on Chain-
of-Thought prompting. This module enables the
model to learn not only from raw examples but
also from structured rationales that emulate expert
reflection. The KD-CoT pipeline comprises the
following phases:

Label-Exclusive Exemplar Sets. To distinguish
positive and negative therapeutic alignments for
each principle, we construct label-exclusive exem-
plar sets from the training split of FAITH-M. We
retain only therapist utterances labeled as strongly
positive or strongly negative, excluding neutral and
borderline cases to reduce ambiguity and capture
canonical patterns of adherence and violation. For
each principle, we curate two exemplar pools of pa-
tient—therapist pairs, where the therapist response
immediately follows the patient utterance to en-

sure contextual coherence. Utterances from the
validation and test splits are strictly excluded from
exemplar construction and are used only for model
selection and final evaluation.

Reference Retrieval. We embed each patient-
therapist pair using a Sentence Transformer
(Reimers and Gurevych, 2019). For a given test
instance, we compute cosine similarity between it’s
embedding and those of the reference sets. We then
retrieve the top two most semantically similar ref-
erence pairs per dimension and polarity. The aim
is to keep the selected examples both contextually
relevant and therapeutically aligned. The retrieved
exemplars from the previous step are passed to
GPT-40 along with a structured prompt*. GPT-40
is used to generate dimension-specific CoT expla-
nations grounded in therapeutic norms Figure 6 (c.f.
Appendix).

Knowledge Encoding. The retrieved exemplar
pairs are provided to a LLM via structured, few-
shot prompts to elicit dimension-specific explana-
tions grounded in therapeutic norms. For each ther-
apeutic principle, the model generates concise ratio-
nales explaining why a therapist’s response demon-
strates alignment or constitutes a violation. These
explanations act as expert-like reasoning traces that
capture clinically salient cues beyond surface lexi-
cal patterns. In our primary setup, we use GPT-40
as the reasoning teacher for this knowledge distilla-
tion step and report its results in the main experi-
ments. The generated rationales are concatenated
with the current therapist utterance and encoded us-
ing a Qwen3 (Yang et al., 2025) model, producing
a distilled knowledge representation Rgp, which
is integrated with other model streams for final
ordinal prediction.

4.3 Ordinal Classification Block

We integrate the context-aware representation R,
the distilled knowledge representation Rxp, and
the utterance embedding r; using a cross-attention-
based fusion mechanism. Specifically, r; is used as
the query, while R and Rkp serve as key-value
pairs, enabling the model to attend over contextual
and knowledge signals. We then pass the result-
ing fused representation to an ordinal classification
head to predict alignment scores across five levels.
To jointly model ordinal structure and categorical

*Refer to Appendix to view prompts (cf Figure 7).
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Figure 3: Proposed framework CARE: Therapist utterances are contextualized using intra-conversational self-attention,
followed by expert-informed reasoning through knowledge-distilled chain-of-thought explanations. A fusion module
integrates contextual, semantic, and distilled knowledge representations, enabling ordinal classification across six

core therapeutic principles.

accuracy, we use a hybrid loss:
L =a-MSE(j,y) + B8-CE(f,y), (D

where MSE captures ordinal distance and CE
models class-wise accuracy. We tune o, €
0.3,0.5, 0.7 on the validation set and observe stable
performance, with « = 8 = 0.5 performing best.
We use this setting in all experiments to balance
ordinal consistency and classification accuracy.

5 Experiments and Results

Here, we compare the CAREperformance against
baseline methods and present a detailed ablation
study to analyze the contribution of individual com-
ponents. We further provide quantitative and quali-
tative analyses, including error analysis and human
expert evaluations, to assess performance and align-
ment with core therapeutic principles.

Baselines. We benchmark CARE against a diverse
set of 15 baselines, comprising 4 prompt-based
and 11 trainable models, evaluated under a unified
experimental setup. The baseline methods can be
viewed in Table 3, and we include more details
pertaining to the baseline checkpoints in Appendix
A. All baselines use the same local context window
(k = 2) and, where applicable, are trained with the
same ordinal-aware loss function (Equation 1).

Performance Comparison. Table 3 reports per-
formance on the FAITH-M benchmark. Encoder
and encoder—decoder models capture coarse thera-
peutic signals but struggle with fine-grained ordi-

nal distinctions, particularly in mid-spectrum cat-
egories. Decoder-only LLMs perform better, but
their predictions often rely on surface-level empa-
thy cues, limiting robustness. CARE achieves sub-
stantial gains over the strongest decoder-only base-
line, Qwen3, which also serves as the backbone
of the CARE architecture. These improvements
are most pronounced in weighted F1, reflecting
better handling of both frequent and infrequent or-
dinal labels. Both Qwen3 and LLaMA 3.2 are
included due to their competitive baseline perfor-
mance, highlighting that CARE consistently im-
proves across different LLM backbones. To en-
able a fairer comparison, we also fine-tune Men-
talLLaMA using the same KD-CoT supervision
employed within CARE, resulting in a marked im-
provement over its zero-shot counterpart. Label-
wise performance is reported in (Appendix Table
11, with the strongest results observed for Non-
Judgmental Language and comparatively lower
scores for Warmth and Encouragement and Re-
flecting Feelings. Overall, CARE continues to
outperform all baselines, indicating that CARE’s
gains arise from the joint integration of contrastive
exemplar-based reasoning and explicit local con-
textual encoding.

Ablation Study. We conduct an ablation study to
assess the contribution of core CARE components,
including local contextual encoding and the KD-
CoT module. Here, GPT-40 and MentalLLaMA
are used as reasoning teachers to generate Chain-
of-Thought rationales within the KD-CoT frame-
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Models Acc Pre Re F1,

v Mental Llama 27.94 8.69 27.74 12.97
N GPT4o 31.09 36.19 31.09 30.49
» Mental Llama 27.74 8.62 27.74 12.97
= GPT4o 30.44 32.28 30.44 22.40
MentalBERT 23.85 30.05 23.85 25.73
2 RoBERTa 30.09 33.08 30.09 30.72
= ALBERT 42.32 41.58 42.32 34.49
DeBERTa 33.79 35.32 33.79 34.52
& MentalBART 41.26 46.08 41.27 27.30
5 BART 33.34 34.61 33.34 33.96
Gemma 36.56 37.23 36.56 36.88
g Phi4 36.89 37.91 35.81 37.37
S LLaMA 3.1 43.36 42.81 43.46 37.73
LLaMA 3.2 4491 4478 4491 37.90
CARE-LLaMA 32  62.07 64.11 62.07 63.07
Qwen3 45.47 45.10 45.38 38.56
CARE-Qwen3 63.30 64.05 62.65 63.34
ABasetine(%) 139.21% 142.03% 1 38.05% 1 64.26%
CARE-Qwen3 — (LC)  57.08 58.06 57.02 57.2
CARE-Qwen3 — (LE)  53.81 54.04 53.02 53.08

Table 3: Comparative analysis across multiple model
classes. LLaMA-3.2 and Qwen-3 represent the
strongest-performing baseline backbones, and CARE
yields consistent and substantial improvements over
both, indicating that gains are not specific to a single
base model. LC: label-context; LE: label-exclusive; ZS:
zero-shot; FS: few-shot; Enc: encoder; Dec: decoder.

work, while the final predictions are produced by
the student model. Table 4 reports performance as
we progressively add contextual grounding, label-
exclusive exemplar retrieval, and contrastive KD-
CoT reasoning, showing consistent improvements
with each component. The largest gains arise from
combining context with polarity-aware exemplar
reasoning, indicating that CARE’s effectiveness
stems from structured reasoning rather than dia-
logue context or prompt supervision alone. Fig-
ure 5 visualizes these trends, where moderate con-
text sizes (kK = 2-3) yield peak performance and
larger windows show diminishing returns. Addi-
tional ablation analyses and implementation details
are provided in (Appendix C).

6 Analysis

Here, we discuss analysis, expert evaluation, and
generalizability.

Generalizability. In addition to the CARE’s
benchmarking on FAITH-M (c.f. Table 3), we ex-
tended the CARE’s inference on two cross-dataset
evaluations: PTSD (Suhas et al., 2025) and Cheese-
burger’. Table 5 shows detailed results and high-

>https://cheeseburgertherapy.org/

Macro
F1 Prec. Rec. F1

5377 54.68 52.89 56.03
5326 53.56 5298 56.04
55.18 56.27 54.15 57.55
51.38 5215 50.64 55.04
43.41 4412 4274 4920

43.25 4451 4207 46.56
4330 44.68 4201 4636
4376 45.19 4232 47.21
43.11 4457 4176 45.18
4092 4123 40.63 44.78

# Param Acc. Weighted

Prec. Rec.

56.42 55.65
56.79 5532
58.84 56.32
55.84 5497
49.56  48.85

47.85 4534
4774 4497
48.64 4588
46.87 43.64
46.54 43.15

55.66
= 55.35
=39 5637
54.99
48.86

45.36
45.01
45.97
43.67
43.18

GPT-4o
N I
I

T W N =

Mental Llama

ESEESEE
([l

T W N =

Table 4: Ablation Study for relevant context (k) and
KD-COT Modules (with GPT-40 and MentallLlama) on
combined positive (+ve) and negative (-ve) indicators.
Results with more indicators and local context are in-
cluded in Appendix (c.f. Table 10).

Model Acc. Macro Weighted

F1  Prec. Rec. F1  Prec. Rec.
Dataset: PTSD
GPT-40 38.26 25.53 2879 2849 3506 37.09 38.26
Qwen 38.00 16.80 19.10 2530 31.10 3490 38.00
Llama3.2 29.80 880 860 1890 17.50 14.50 29.80
CARE 52.34 46.80 48.80 46.50 50.90 51.30 52.40
Dataset: CheeseBurger
GPT-40 2633 12.62 19.61 10.14 31.50 4222 2633
Qwen 28.05 11.25 10.71 16.58 2694 29.35 28.05
Llama3.2 23.15 9.01 1698 17.89 1895 39.13 23.15
CARE 48.96 20.46 28.28 20.07 50.30 65.25 48.96

Table 5: Zero-shot performance comparison. The
CARE method consistently outperforms baselines on
both PTSD and CheeseBurger datasets.

lights that the advantage persists under cross-
dataset evaluation. On the PTSD dataset, which
contains trauma-focused Prolonged Exposure ther-
apy dialogues, and the CBT-based Cheeseburger
dataset, CARE consistently outperforms prompt-
based and fine-tuned LLM baselines. Although ab-
solute performance decreases relative to in-domain
evaluation, as expected with considerable domain-
shift, the relative improvements remain stable, sug-
gesting that CARE generalizes beyond the distribu-
tion on which it was developed.

Quantitative Analysis. We analyze the confu-
sion matrices to understand error patterns across
therapeutic dimensions using the updated model
configuration in Figure 4. For the Reflecting Feel-
ings dimension, the model shows reliable recogni-
tion of extreme categories, with accuracies of 66%
for Strong Negative and 49% for Strong Positive.
As expected in ordinal classification, most errors
occur between adjacent labels, particularly between
Mild Positive and Strong Positive (30%), reflecting
the difficulty of distinguishing subtle emotional af-
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Type Utterance

NJL Warmth Autonomy Listening Reflect SA

P Well, I was raised Catholic.

T So you consider yourself Catholic. But you feel like there’s a lot of rules. N/N N/MP  MP/MP N/SP  N/MP MP/SP
P Yeah. I mean, there’s a lot of do’s and don’ts. Our church was very like,

hell oriented. Like, if you do this, you’re gonna go to hell...
T How do you think those spiritual values influence your daily life? MP/MP SP/MP N/SP MP/MP N/N  SP/SP

Table 6: Examples of mispredictions by CARE. These errors typically arise from subtle pragmatic mismatches or an
overestimation of empathic alignment. N: Neutral, SP: Strong Positive, MP: Mild Positive, SN: Strong Negative,

MN: Mild Negative.

Reflecting Feelings

' 0.66 0.00 0.17 0.03 0.14
1 0.06 0.68 0.09 0.11 0.06

©

K

3o 0.09 0.11 0.61 0.15 0.04

3

2
1 0.03 0.06 0.09 0.15
2 0.02 0.07 0.11 0.30 0.49

Predicted Label

Figure 4: Confusion matrix for Reflecting Feelings. Re-
fer to Figure 10 for other dimensions’ matrices.

firmation from strong empathic reflection. Similar
trends are observed across the remaining therapeu-
tic principles (Appendix, Figure 10). The model
consistently maintains strong diagonal mass for
extreme labels, achieving approximately 65-70%
accuracy for Strong Negative and Mild Negative
classes across dimensions such as Non-Judgmental
Language, Active Listening, and Situational Appro-
priateness. In contrast, mid-spectrum categories
remain challenging, with neutral labels often con-
fused with adjacent mild positive or mild negative
classes (15-20% misclassification, depending on
the dimension). Overall, these confusion patterns
indicate that the model captures ordinal structure
effectively, with errors largely constrained to neigh-
boring categories rather than cross-polarity confu-
sions. This behavior suggests sensitivity to graded
therapeutic alignment while highlighting the inher-
ent ambiguity of mid-spectrum judgments.

Error Analysis. Table 6 presents cases where
CARE diverges from expert annotations. Errors typi-
cally arise from misinterpreting subtle therapeutic
cues, such as emotionally grounded paraphrasing,

which the model sometimes labels as overly pos-
itive or neutral, consistent with patterns observed
in earlier analyses. Across 6 utterances, the model
deviated from gold labels in 7 out of 18 dimension-
level predictions, usually by a margin of 1. For
example, the utterance “So you consider yourself
Catholic. But you feel like there’s a lot of rules.”
was annotated as neutral for non-judgmental accep-
tance, while the model predicted mild-positive, re-
flecting a tendency to overestimate surface-level re-
flectiveness as affirming. Errors were most frequent
for situational appropriateness and reflective feel-
ings (3/6 cases each), whereas non-judgmental ac-
ceptance and respect for autonomy showed higher
agreement (4/6 correct each). The model occasion-
ally carries forward prior sentiment across topic
shifts, leading to misalignment in situational appro-
priateness and highlighting challenges in modeling
mid-range ordinal labels.

Expert Assessment. We consult a licensed clin-
ical psychologist to independently review model
predictions and assess alignment with human thera-
peutic judgments across all dimensions. The expert
agreed with the model’s predictions in a substan-
tial proportion of cases. Agreement was highest
for dimensions with explicit emotional and sup-
portive cues, including warmth and encouragement
(84.0%) and non-judgmental acceptance (81.6%).
In contrast, agreement was lower for more inter-
pretive dimensions such as respect for autonomy
(70.3%) and reflecting feelings (66.7%), which
require deeper contextual and emotional under-
standing. Qualitative feedback further indicates
that while CARE reliably captures overt emotional
signals, it occasionally overestimates superficially
supportive responses and underestimates subtle ac-
knowledgements. The model also shows limita-
tions when conversations shift abruptly, affecting
its handling of situational appropriateness. De-
tailed agreement statistics are reported in Table 7.
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# In-Context Dim Macro Weighted
F1 Prec. Rec. F1 Prec. Rec.
NJ  23.67 2581 2575 23.67 2581 2575
W&E 2044 33.60 24.55 2044 33.60 24.55
RA 3099 31.32 3473 3099 3132 3473
Zero Shot AL 3720 42.19 3353 37.20 42.19 3353
RF 3894 4501 3742 3894 4501 3742
° SA  31.68 39.18 30.53 31.68 39.18 30.53
E Avg. 3049 36.18 31.08 30.49 36.18 31.08
55 NJ 13.01 19.14 2574 13.01 19.14 25.74
W&E 39.22 44.65 4491 39.22 44.65 4491
RA  18.52 45.83 27.24 18.52 45.83 27.24
Few-Shot AL 2440 3845 31.13 2440 3845 31.13
RF 1827 2795 23.65 1827 2795 23.65
SA 2531 3395 3742 2531 3395 3742
Avg. 2312 3499 31.69 23.12 3499 31.69

Table 8: Per-dimension macro and weighted scores for
GPT-40 under zero-shot and few-shot settings. Short
labels: NJ = Non-Judgmental, W&E = Warmth & En-
couragement, RA = Respect for Autonomy, AL = Active
Listening, RF = Reflecting Feelings, SA = Situational
Appropriateness.

NJL
81.60%

Warmth Autonomy Listening Reflect SA
84.00% 70.30% 70.10%  66.70% 69.20%

Table 7: Agreement score: Expert vs CARE.

Discussion We analyze GPT-40 under zero-shot
and few-shot prompting to examine the limitations
of prompt-based therapeutic evaluation. While few-
shot prompting yields a modest gain in average ac-
curacy, it leads to a substantial drop in weighted
F1, indicating poorer calibration across ordinal cat-
egories. This suggests that in-context examples
improve format adherence without enhancing sen-
sitivity to ordinal severity. Per-dimension results in
Table 8 show stronger performance on Warmth and
Encouragement and Active Listening, where align-
ment is often conveyed through surface-level cues,
and weaker performance on Non-Judgmental Lan-
guage and Respect for Autonomy, which require
reasoning about implicit judgment and relational
intent, as evident under zero-shot prompting (Fig-
ure 11), GPT-4o frequently collapses negative and
neutral instances into the Neutral class. Few-shot
prompting (Figure 12) shifts predictions toward
mild and strong positive labels without recovering
negative or neutral categories. Figure 9 (c.f. Ap-
pendix) illustrates GPT-40’s tendency to replicate
exemplar patterns rather than adapt to the target
context, highlighting structural limits of prompt-
only evaluation for fine-grained therapeutic assess-
ment.

7 Conclusion

We presented CARE, a context-aware framework
for evaluating therapist responses across six ther-
apeutic principles using fine-grained ordinal judg-
ments. By integrating local conversational con-
text with knowledge-distilled chain-of-thought rea-
soning, CARE enables more reliable assessment of
therapeutic alignment beyond surface-level fluency.
We also introduced FAITH-M, an expert-guided
benchmark to support principled evaluation of clin-
ical dialogue. Our findings highlight the limitations
of prompt-only methods in ordinal calibration and
nuanced therapeutic reasoning, particularly for in-
terpretive dimensions. In contrast, CARE provides a
structured and extensible evaluation approach. Fu-
ture work will explore multi-turn assessment and
patient-specific and cross-cultural settings.

8 [Ethics and Limitations.

While CARE demonstrates strong performance in
utterance-level therapeutic evaluation, several limi-
tations remain. The six principles considered cap-
ture only a subset of clinical competencies; aspects
such as cultural competence, trauma-informed care,
crisis assessment, and intervention timing are not
modeled. This scope was intentionally limited
to communicative alignment rather than holistic
clinical judgment. CARE operates on individual ut-
terances with limited local context and does not
capture long-term therapeutic dynamics such as
alliance building across sessions. Moreover, ther-
apeutic appropriateness is inherently context- and
culture-dependent, and interpretations of warmth
or support may vary across settings. Cultural and
contextual adaptation was not a primary focus and
remains an important direction for future work.

Finally, CARE is designed solely for evaluating
Al-generated therapist-like responses and does not
provide clinical interventions or replace profes-
sional care. All data are anonymized, annotations
were conducted under expert supervision, and any
real-world use should include clinician oversight
and appropriate safeguards.
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Appendix
A Baseline Methods

We benchmark CARE against a diverse set of prompt-
based and trainable baselines under a unified ex-
perimental setup. All baselines use the same local
context window (k = 2) and, where applicable, are
trained with the same ordinal-aware loss function
(Equation 1).

(a) Zero-shot LLMs: GPT-40 (Islam and
Moushi, 2024) and MentalLLaMA (Yang et al.,
2024) are evaluated without task-specific fine-
tuning to gauge the upper bound of out-of-the-box
performance. (b) Few-shot LLMs: We further
extend this by evaluating GPT-40 under few-shot
prompting 8, using carefully constructed in-context
examples (Appendix 6) to examine whether per-
formance improves with light in-context supervi-
sion. A detailed analysis of both zero-shot and
few-shot performance including prompt formats,
per-dimension scores, and failure analysis is pre-
sented in (Discussion 6). (c¢) Transformer en-
coders: MentalBERT (Ji et al., 2021), ALBERT
(Lan et al., 2019), DeBERTa (He et al., 2020),
and RoBERTa (Liu et al., 2019) test how well
discriminative, parameter-efficient encoders cap-
ture therapeutic nuances when fine-tuned on our
data; (d) Encoder—decoders: BART (Lewis et al.,
2019) and its domain-adapted variant MentalBART
(Yang et al., 2023) assess the utility of sequence-to-
sequence pretraining for dialogue-level classifica-
tion tasks; (e) Decoder-only LLMs: Qwen3 (Yang
et al., 2025), LLaMA 3.1/3.2 (Grattafiori et al.,
2024), Phi-4 (Abdin et al., 2025), and Gemma
(Team et al., 2024) probe the limits of autoregres-
sive generators when repurposed for structured or-
dinal prediction.

B Experimental Setup

All experiments were conducted on 2 NVIDIA
A100 GPUs. Models were trained for 10 epochs
using the AdamW optimizer with a learning rate of
1 x 1075, weight decay of 0.01, dropout of 0.2, and
gradient clipping at 1.0. Training was performed
with a batch size of 16, and input sequences were
truncated to the maximum length supported by each
backbone. A sliding window of size 6 was used to
handle longer dialogues. Parameter-efficient fine-
tuning was implemented using LoRA with rank
r = 16 and scaling factor o = 32. All experiments
were run with a fixed random seed of 42. A com-

Hyperparameter Value
Learning Rate (Ir) 1x107°
Adam Betal 0.9
Adam Beta2 0.999
Dropout 0.2
Weight Decay 0.01
Batch Size 16

Max Sequence Length 4096

Sliding Window Size 6

Gradient Clipping 1.0
Learning Rate Scheduler Constant
Seed 42
LoRA Rank (r) 32
LoRA Alpha () 32

Table 9: Detailed hyperparameters used in the experi-
ments.

Performance Trends Across KD-COT Configurations
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Figure 5: Performance trends across KD-CoT configura-
tions, showing the variation in Weighted F1 score with
different context window sizes and exemplar retrieval.

plete list of hyperparameters is provided in Table 9.
Inference time varies with the choice of the KD-
CoT reasoning teacher. Using open-source models
(e.g., Qwen) for rationale generation yields approx-
imately 1 second per instance with a weighted F1 of
57.75, whereas using GPT-40 increases inference
time to around 5 seconds but improves weighted F1
to 63.34. This highlights a clear trade-off between
efficiency and evaluation accuracy.

C Additional Ablation Details.

Table 10 provides a comprehensive breakdown of
the ablation experiments investigating the impact
of context window size (k) and the label polarity
settings on the performance of the Relevant Con-
text and KD-CoT modules. Consistent with ob-
servations discussed earlier, the Relevant Context
Module achieves optimal performance at k = 2,
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# Param Acc. Macro Weighted
F1  Prec. Rec. F1  Prec. Rec.
% k=1 49.68 46.80 47.05 4656 5041 51.24 49.62
e k=2 5312 47.60 4834 46.92 54.02 55.24 52.87
5 k=3 50.58 47.07 47.86 4632 5126 52.01 50.55
= k=4 4895 4621 46.67 4577 50.17 51.52 4889
& k=05 4773 4398 4467 4332 4843 4924 47.65
+ve & —ve labels
k=1 55.66 53777 54.68 52.89 56.03 5642 55.65
_ k=2 5535 5326 5356 5298 56.04 56.79 55.32
<? k=23° 5637 5518 56.27 54.15 57.55 58.84 56.32
E k=4 5499 5138 5215 50.64 55.04 5584 5497
S k=5 4886 4341 4412 4274 4920 49.56 48.85
é +ve Labels Only
§ k=1 4620 4270 42.05 4339 48.09 50.17 46.19
= k=2 4968 4723 4753 46.94 51.02 5247 49.66
8 k=3 5022 4722 47.81 46.65 51.73 5336 50.20
A k=4 5012 47.12 4843 4588 51.14 5224 50.09
M k=5 4881 4566 4639 44.97 49.13 51.77 48.76
—ve Labels Only
k=1 4523 4158 40.89 4231 4426 4336 4521
k=2 4541 4399 4459 4341 4584 4631 4538
k=3 4798 4635 47.69 45.10 48.72 49.52 47.96
k=4 4757 4542 4651 4439 4822 4896 4752
c =5 4686 4282 4221 4345 4695 47.08 46.84
+ve and —ve Labels
= k=1 4536 4325 4451 4207 4656 47.85 4534
£ k=2 4501 4330 44.68 4201 4636 4774 4497
3 k=3 4597 4376 45.19 4232 4721 48.64 45.88
= k=4 43.67 43.11 4457 41.76 4518 46.87 43.64
% k=5 43.18 4092 4123 40.63 4478 46.54 43.15
% +ve Labels Only
E k=1 4372 4350 44.67 4239 4493 4634 43.63
S k=2 4502 4434 4521 4352 4566 46.771 4477
E k=3 4511 44.56 45.62 43.56 4542 4598 44.89
O k=4 4487 4414 4528 43.16 4500 4568 44.35
;') k=5 4317 43.04 4452 41.67 4433 4585 4291
“ —ve Labels Only
k=1 4296 4235 4356 4122 4430 4594 4278
k=2 4237 4227 43.67 4096 4353 4531 41.89
k=3 43.05 42.87 44.02 41.78 43.38 46.05 42.84
k=4 4275 4199 42.66 4136 4394 4534 4263
k=5 42.63 41.67 42.83 4059 4381 45.13 4257

Table 10: Ablation Study for Relevant Context and KD-
COT Modules. The best-performing configuration is
highlighted.

balancing sufficient conversational history with-
out introducing noise. For the KD-CoT module,
evaluations across different configurations utiliz-
ing both positive and negative labels, positive only,
and negative-only exemplars demonstrate that con-
trastive reasoning with both polarities significantly
enhances accuracy and F1 scores. Notably, GPT-
40 outperforms Mental LLaMA by a substantial
margin across all metrics and configurations, rein-
forcing the critical role of a high-quality reasoning
backbone. The detailed metrics, including accu-
racy, macro and weighted F1, precision, and recall,
further validate these findings, emphasizing the ro-
bustness of the proposed framework under varying
settings.

Therapeutic Dimension Prec  Rec F1

Non-Judgmental Language  65.80 64.45 65.10
Warmth and Encouragement 62.10 61.70 61.90
Active Listening 64.20 63.40 63.80
Reflecting Feelings 62.40 62.00 62.20
Situational Appropriateness 63.90 63.30 63.60
Respect for Autonomy 63.70 63.20 63.44

Table 11: Label-wise precision, recall, and F1 scores
(%) for each therapeutic dimension on FAITH-M using
CARE. Highest F1 is observed for Non-Judgmental Lan-
guage; lowest for Warmth and Reflecting Feelings.

D Prompting

D.1 Few-shot vs Zero-shot

The few-shot setting provides multiple in-context
examples with detailed explanations, enabling the
model to learn implicit scoring patterns and align
its judgments accordingly. In contrast, the zero-
shot prompt relies solely on task instructions and
the immediate dialogue context, without prior
demonstrations. This distinction highlights how
contextual grounding through examples can in-
fluence model reasoning, consistency, and inter-
pretability in therapeutic assessment tasks. Overall,
Figure 6 emphasizes the trade-off between guided
learning in few-shot prompting and the generaliza-
tion capability of zero-shot evaluation.

D.2 Prompting with Label-Guided Reasoning

To obtain precise and contextually grounded ex-
planations of therapeutic principles, we designed a
structured prompt that incorporates label-exclusive
utterances dialogue snippets characteristic of a spe-
cific therapeutic dimension to guide the model’s
reasoning. The prompt instructs the language
model to act as a mental health counselor, engag-
ing in internal chain-of-thought reasoning before
generating a final explanation.

Specifically, the model is provided with a set
of reference utterances and a target therapist state-
ment. It is asked to internally synthesize insights
from the references and produce a 100-word ex-
planation focused on a single therapeutic principle
such as Active Listening while omitting any vis-
ible reasoning steps. This approach encourages
the model to generate concise yet rich rationales
grounded in domain-relevant context.

An example of the full prompt template used to
elicit such explanations from GPT-40 is shown in
Figure 7. The retrieved exemplars from the previ-
ous stage (i.e., label-exclusive utterances) are incor-

16107



Few-Shot vs Zero-Shot Prompt Design for GPT-40 Evaluation

Few-Shot Prompt:
Instruction: You are a clinical NLP evaluator. Score a therapist response from -2 to +2 across six therapeutic principles.
You will be shown few-shot examples and then asked to score a new interaction.
### Example
Patient: <previous utterance>
Therapist: <therapist response>
Explanations:
— Non-Judgmental Language:
— Warmth and Encouragement:
Respect for Autonomy:
— Active Listening:
— Reflecting Feelings:
— Situational Appropriateness:
Scores: NJ: X, W: X, RA: X, AL: X, RF: X, SA: X

Repeat for multiple examples.

### Now evaluate this response:
Patient: <current patient utterance>
Therapist: <current therapist response>
Explanations:

Return scores in same format.

Zero-Shot Prompt:

Instruction: You are a mental health evaluation assistant trained in psychotherapy communication techniques. Please
assess the quality of the therapist’s response using the following six therapeutic dimensions. Use the preceding
patient’s statement to help you understand the context and appropriateness of the therapist’s message.

Patient said: "<patient utterance>"
Therapist responded: "<therapist utterance>"

Rate the therapist’s response from -2 to +2 for each dimension: - -2 = strongly violates the principle - 0 = neutral or
unclear - +2 = strongly demonstrates the principle

Output Format (verbatim):
Non-Judgmental: X, Warmth: X, Respect: X, Active Listening: X, Reflecting Feelings: X,
Situational Appropriateness: X

Figure 6: Comparison of the few-shot (top) and zero-shot (bottom) prompt formats used to evaluate GPT-40 and
Mental LLaMA responses. The few-shot prompt includes in-context examples and explanations, while the zero-shot
prompt relies only on task instruction and current dialogue context.

Prompt Design for Dimension Specific COT Explanation

Instruction: I need you to think like a mental health counselor and use a hidden chain-of-thought process. I will
provide you with a therapist dialogue along with several reference dialogues. First, internally analyze and understand
the reference dialogues to build expert knowledge. Then, using your hidden chain-of-thought reasoning, analyze the
therapist dialogue and develop a detailed explanation for Active Listening. Finally, provide your explanation in exactly
100 words. Do not include any of your internal reasoning in the final output.

Label Exclusive Utterances: It’s really important for us to consider that kind of thinking, hmm. Okay, Marsha, it’s
good that we’ve got those things on the board. And what I’d like to do now is focus, stepping out a bit from your
situation and looking, looking at it from another point of view. To me, it sounds like you’ve, you’re doing a whole lot of
things really well. Can you list all of the things that you’re doing really well?

Therapist Current Utterance: Okay, you’re doing great, just keep going.

Figure 7: Prompt used to extract dimension-specific Chain-of-Thought explanations from GPT-40. The retrieved
exemplars from the previous step are passed to the model along with the structured instruction, guiding the
explanation of a therapeutic principle such as Active Listening.
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Model-generated Rationale for Active Listening

Therapist Response:

Model-Generated Explanation (Active Listening):

their journey towards healing and self-discovery.

“I appreciate you answering these questions. For me, this has been helpful.”

Active listening is a crucial therapeutic skill that involves fully engaging with a client’s words, emotions, and underlying
meanings. In the therapist dialogue, the phrase “I appreciate you answering these questions” demonstrates validation,
showing the client their input is valued. By stating, “This has been helpful,” the therapist reinforces the significance of
the dialogue, encouraging further sharing. This approach fosters a safe space for clients to express themselves openly.
Active listening not only enhances understanding but also builds rapport, allowing clients to feel heard and supported in

Figure 8: Representative example of a model-generated rationale used within the KD-CoT pipeline for the Active

Listening therapeutic principle.

porated into the prompt, which guides the model in
producing dimension specific justifications aligned
with therapeutic principle.

E Human-Level Rational Assessment

CARE incorporates expert-level reasoning through
the KD-CoT module, which relies on large lan-
guage models to generate fine-grained, expert-
standard explanations that guide ordinal classifi-
cation. A natural concern arises regarding the cred-
ibility of these generated rationales, particularly
in light of the strong agreement observed between
expert annotations and CARE across multiple di-
mensions in Table 7.

To address this concern, we conduct a human-
level explanation assessment to evaluate the qual-
ity of rationales generated by GPT-40 and Mental-
LLaMA, which are subsequently utilized within
the CARE framework. We randomly selected 15
instances, and for each instance, three clinically
relevant dimensions were chosen. For each dimen-
sion, both LLMs generated an explanation.

These explanations were independently evalu-
ated by 25 human evaluators. Each explanation
was rated on a 5-point Likert scale (1 = poor, 5
= excellent), focusing on clarity, contextual rele-
vance, and clinical appropriateness.

Our analysis indicates that GPT-40 explanations
are consistently rated higher, with approximately
80% receiving a score of 4 or 5, reflecting strong
alignment with expert reasoning and contextual
grounding. In contrast, Mental-LLaMA explana-
tions are predominantly rated between 3 and 4,
suggesting moderate quality with occasional lim-
itations in specificity or contextual depth. These
findings suggest that GPT-40 produces more re-
liable and clinically coherent rationales, making

it a strong choice for guiding CARE through the
KD-CoT mechanism.

Rationale Examples Figure 8§ presents a repre-
sentative example of a model-generated rationale
for the Active Listening dimension. The explana-
tion highlights clinically meaningful cues such as
validation, responsiveness, and conversational en-
gagement. These examples are intended to demon-
strate the clarity, contextual relevance, and clinical
plausibility of the generated rationales, rather than
to serve as ground-truth therapeutic justifications.

F Behavioral Differences Between CARE
and GPT-40

Figure 10 presents normalized confusion matrices
across the six therapeutic dimensions, comparing
CARE with GPT-40 under zero-shot and few-shot
prompting. Rows denote gold labels and columns
predicted labels under the ordinal scale: SN, MN,
N, MP, and SP.

Across dimensions, CARE exhibits a coherent
ordinal error structure, with most misclassifications
occurring between adjacent categories (e.g., Neu-
tral vs. Mild Positive). This behavior indicates
sensitivity to ordinal severity and reliable discrimi-
nation at the extremes (SN and SP), reflecting ro-
bust handling of clearly misaligned and strongly
aligned responses.

In contrast, GPT-40 under zero-shot prompting
(Figure 11) shows a strong bias toward Mild Pos-
itive and Strong Positive predictions, frequently
collapsing negative and neutral instances into posi-
tive categories. This effect is particularly evident
for principles such as Non-Judgmental Language
and Respect for Autonomy, suggesting reliance on
surface-level linguistic cues rather than relational
or pragmatic intent.
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Full Few-Shot In-Context Example Used for GPT-40 Evaluation

Instruction: You are an expert in mental health counselling. Evaluate each therapist’s response on a scale from -2 to +2
based on the following six therapeutic principles:

Non-Judgmental Language; Warmth and Encouragement; Respect for Autonomy; Active Listening; Reflecting Feelings;
Situational Appropriateness.

Use the reference examples below to guide your judgment. Each example includes a therapist response, detailed
explanations for each principle, and final scores. Follow the same reasoning pattern when evaluating the new response.

Example A

Therapist Response: “So you have difficulty falling asleep. But once you fall asleep.”

Explanations: Non-Judgmental Language: Non-judgmental language in therapy is essential for creating a safe and
supportive environment where clients feel comfortable sharing their experiences without fear of criticism. Warmth and
Encouragement: Warmth and encouragement in therapy create a safe space for clients to explore their feelings and
challenges. Respect for Autonomy: Respect for autonomy emphasizes recognizing the client’s ability to make their
own decisions regarding their mental health. Active Listening: Active listening involves fully concentrating on the
client’s words and demonstrating understanding. Reflecting Feelings: Reflecting feelings acknowledges the client’s
emotional experience by summarizing their struggle with sleep difficulties. Situational Appropriateness: The therapist
response appropriately addresses a common clinical concern raised by the client.

Scores: Non-Judgmental: 2, Warmth: 1, Respect: 1, Active: 2, Reflecting: 1, Situational: 2

Example B

Therapist Response: “What County are we in?”

Explanations: Non-Judgmental Language: The response does not express judgment and maintains neutrality. Warmth
and Encouragement: The question provides limited warmth and encouragement. Respect for Autonomy: The response
does not restrict the client’s autonomy. Active Listening: The response demonstrates minimal engagement with the
client’s expressed concerns. Reflecting Feelings: The question serves as a grounding technique rather than emotional
reflection. Situational Appropriateness: The response is weakly appropriate as it diverts attention from the client’s
emotional needs.

Scores: Non-Judgmental: 1, Warmth: 0, Respect: 1, Active: 1, Reflecting: 1, Situational: 1

Now evaluate this response:

Therapist Response: “Okay, good. I’ll see you next week. And we’ll see how you did with those goals.”
Explanations: Non-Judgmental Language: Non-judgmental language fosters a supportive therapeutic environment.
The phrase “we’ll see how you did with those goals” avoids explicit criticism but implies evaluation. Warmth
and Encouragement: The response conveys mild encouragement through continuity and reassurance. Respect for
Autonomy: The therapist acknowledges the client’s responsibility for goal progress without imposing directives. Active
Listening: The response reflects acknowledgment of prior discussion about goals and future follow-up. Reflecting
Feelings: Emotional reflection is limited, as the response focuses on task completion rather than affect. Situational
Appropriateness: The response is appropriate as a session-closing statement that reinforces accountability and
continuity.

Figure 9: Complete few-shot in-context example used for GPT-40 evaluation. The prompt includes prior therapist
responses with full principle-wise explanations and ordinal scores, followed by a new therapist response evaluated
using the same structure.

Few-shot prompting improves output consis-
tency but does not correct this bias. As shown
in Figure 12, predictions remain skewed toward
positive labels, with limited recovery of negative
and neutral classes. Compared to CARE, GPT-40’s
errors are less ordinally localized, highlighting the
limitations of prompt-based evaluation for nuanced
therapeutic assessment.
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Non-Judgmental Language Warmth and Encouragement Respect for Autonomy
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Figure 10: Confusion matrices computed on our proposed dataset, FAITH-M using our model CARE, across six
therapeutic principles.
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Figure 11: Confusion matrices computed on FAITH-M using GPT-40 under zero-shot prompting across six therapeutic
principles. The matrices reveal a strong bias toward positive predictions, with negative and neutral categories
frequently collapsed into Mild Positive or Strong Positive classes.
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Figure 12: Confusion matrices computed on FAITH-M using GPT-40 under few-shot prompting across six therapeutic
principles. While few-shot prompting sharpens confidence around positive labels, it does not correct the systematic
under-recognition of negative and neutral categories.
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