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Abstract
In psychotherapy, therapeutic outcome assessment, or treatment outcome evaluation, is essential to mental
health care by systematically evaluating therapeutic processes and outcomes. Existing large language model
approaches often focus on therapist-centered, single-session evaluations, neglecting the client’s subjective
experience and longitudinal progress across multiple sessions. To address these limitations, we propose IPAEval,
a client-Informed Psychological Assessment-based Evaluation framework, which automates treatment outcome
evaluations from the client’s perspective using clinical interviews. It integrates cross-session client-contextual
assessment and session-focused client-dynamics assessment for a comprehensive understanding of therapeutic
progress. Specifically, IPAEval employs a two-stage prompt scheme that maps client information onto psychometric
test items, enabling interpretable and structured psychological assessments. Experiments on our new TheraPhase
dataset, comprising 400 paired initial and completion stage client records, demonstrate that IPAEval effectively
tracks symptom severity and treatment outcomes over multiple sessions, outperforming baseline approaches
across both closed-source and open-source models, and validating the benefits of items-aware reasoning mechanisms.
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1. Introduction 2024; Lee et al., 2024; Li et al., 2024a).

In psychotherapy, therapeutic outcome assess-
ment, a.k.a treatment outcome (see Figure 1) eval-
uation under clinical settings, refers to the system-
atic evaluation of therapeutic processes and out-
comes (Groth-Marnat, 2009), focusing on factors
such as therapist effectiveness (Johns et al., 2019)
and treatment efficacy (Jensen-Doss et al., 2018)
to improve mental health care delivery. It plays a
significant role in enhancing the quality and effec-
tiveness of mental health care by providing action-
able insights that guide therapists in refining their
treatment approaches (Wampold and Imel, 2015),
ultimately leading to better client outcomes and im-
proved therapeutic relationships in real-world clini-
cal practice (Maruish and Leahy, 2000).

Over the last years, the emergence of large lan-
guage models (LLMs) has demonstrated their ef-
fectiveness in automatic evaluations, showing a
high degree of alignment with human judgment
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when provided with proper instruction and contex-
tual guidance (Liu et al., 2023; Li et al., 2024b; Kim
et al., 2024). This aligns with ‘LLMs-as-a-judge’
paradigm, where LLMs are employed to simulate
human evaluators by providing assessments upon
natural language input (Zheng et al., 2023; Wang
et al., 2024b). This was extended to therapeutic
outcome assessment by harnessing LLMs’ ability
to model complex therapeutic procedures and in-
teractions, offering a novel pathway for automating
the assessment of therapeutic efficacy (Chiu et al.,

Figure 1: What is Treatment Outcome?

In the assessment, compared to psychometric
tests (Furr, 2020) that are often constrained by the
limitations of self-reported data, susceptibility to so-
cial desirability biases (Braun et al., 2001; Paulhus,
2017), clinical interviews not only provide richer,
more nuanced insights into the client’s emotional
and behavioral states but also offer data that is
more readily obtainable through natural, conversa-
tional interactions. Therefore, many recent works
leverage clinical interviews, potentially enriched
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Method

Perspective Theory Adherence Reasoning Evaluation Target

CPsyCoun (Zhang et al., 2024) Therapist
Cactus (Lee et al., 2024) Therapist
ClientCAST (Wang et al., 2024a) Client
IPAEval (Ours) Client

X X Single Session
X Single Session
X Single Session

Multiple Sessions

Table 1: Comparisons of IPAEval with other counterparts. Perspective indicates whether the evaluation
is conducted from the therapist’s or the client’s point of view. Theory Adherence signifies whether the
method is grounded in established psychological theories. Reasoning denotes whether the method
involves generating intermediate reasoning steps before arriving at the final evaluation results. Evaluation
Target refers to whether the method evaluates a single session or multiple sessions.

by the client’s profile (Lee et al., 2024), to evalu-
ate therapists from multiple perspectives, including
behavioral labels (Chiu et al., 2024), skills adher-
ence (Lee et al., 2024), and therapeutic rapport (Li
et al., 2024a; Yosef et al., 2024), offering a holistic
view of their effectiveness in psychotherapy.

While the above therapist-centered assessments
focus on evaluating the therapist’s techniques and
adherence to therapeutic models, they often over-
look the subjective experience and evolving needs
of the client, limiting the depth of the evalua-
tion (Wang et al., 2024a; Yosef et al., 2024). In
contrast, client-centered assessments, such as
treatment outcome evaluation in common practice,
prioritize the client’s perspective, offering a more
comprehensive understanding of therapy’s impact
by capturing changes in the client’s emotional, cog-
nitive, and behavioral states across sessions (Hat-
field and Ogles, 2004; Rogers, 2012). Although a
concurrent work, ClientCAST (Wang et al., 2024a),
presents an LLM-based client simulator for treat-
ment outcome evaluations, which focuses on reduc-
ing harmful outputs and improving answering con-
sistency, we stand fundamentally apart and never
fabricate client responses that could distort the eval-
uation of treatment outcomes. What's worse, al-
most all previous approaches focus on evaluating
individual therapy sessions in isolation, without con-
sidering the broader context of the client’s journey
across multiple sessions. This narrow scope limits
the ability to assess longitudinal progress or cap-
ture the dynamic shifts in a client’'s mental state
and therapeutic needs over time, which are crucial
for a comprehensive treatment outcome evalua-
tion (Hayes and Andrews, 2020).

Motivated by the above therapist-centered and
single-session limitations (please see Table 1
for comparisons), we design a new evaluation
framework, dubbed client-Informed Psychological
Assessment-based Evaluation (IPAEval), for treat-
ment outcomes in the format of clinical interviews.

Specifically, to achieve treatment outcome eval-
uation, we formulate an information extraction task
that leverages clinical interviews to automatically
populate psychometric tests for psychological as-
sessments, bridging the gap between subjective
client dialogues and standardized metrics. As

such, treatment outcomes are evaluated through
these assessments of clients conducted both be-
fore and after therapy, allowing for a more com-
prehensive understanding of therapeutic progress.
Upon this new framework, we first propose a cross-
session client-contextual assessment module that
integrates client history and contextual information
across multiple sessions to enhance the accuracy
of psychological assessments. Then, we present a
session-focused client-dynamics assessment mod-
ule that evaluates the effectiveness of individual
therapy sessions by tracking real-time client re-
sponses and treatment outcomes within each ses-
sion. Inthe meantime, to boost reasoning capability
in the extraction, we also present an items-aware
reasoning prompt technique for psychometric test-
oriented rationale generation.

To evaluate the proposed framework, we first de-
velop a new dataset, called TheraPhase, based
on CPsyCoun (Zhang et al., 2024), which includes
transcripts from initial and final therapy sessions.
This dataset offers valuable insights into therapy
progress and serves as a key resource for evalu-
ating psychological assessments and treatment
outcomes across multiple sessions. Then, we
tested nine LLMs, including both open- and closed-
source models. These models were evaluated for
their performance in psychological assessments
and treatment outcome prediction, particularly in
multi-session evaluations. |PAEval consistently
tracked symptom severity and treatment outcomes
across multiple sessions, a capability lacking in pre-
vious single-session models. Our ablation study
confirmed that the items-aware reasoning mech-
anism significantly boosts model performance in
both symptom detection and outcome prediction.

2. Methodology

Starting with a task definition (§2.1), we elabo-
rate on our evaluation framework, called client-
Informed Psychological Assessment-based Evalu-
ation (IPAEval), which is mainly composed of 1) a
cross-session client-contextual assessment mod-
ule (§2.2) for client-tracking psychological assess-
ment and 2) a session-focused client-dynamics as-
sessment module (§2.3) to derive session-informed
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treatment outcome evaluation. Please see Fig-
ure 2 for an overall illustration of our framework.
Last but not least, as there is no precursor in clini-
cal interviews-based treatment outcome evaluation,
we curate a new dataset, called TheraPhase, as a
testbed for IPAEval (§2.4).

2.1,

Consider a client with profile p undergoing a se-
ries of therapy sessions si, s2,.... Our goal is to
evaluate the treatment outcome of a given session
s (or a combination of consecutive sessions). We
denote the client information available after session
sk as ¢, = (p, si), which may be further enriched
with prior session history when available (§2.2). We
decompose the evaluation into two sequential sub-
tasks, both performed by an LLM M instantiated
differently for each stage.

Task Definition

Psychological Assessment. After session sy,
we conduct a psychological assessment based on
the client information ¢;, and a set of psychometric
tests 7

ag :M(a)(ck7 T)7 (1)

where a;, denotes the resulting assessment scores.

Treatment Outcome Evaluation. By comparing
assessments from different stages, we quantify the
treatment outcome:

e, = M©(ay, acy), (2)

where a_, refers to one or more prior assessments
serving as the baseline. In the simplest case, e
measures the change between an initial assess-
ment and a post-treatment assessment. We detail
the concrete instantiation in §2.3.

2.2. Cross-session Client-contextual
Assessment

Existing research using client information with
LLMs for psychological assessment, particularly
for depression and PTSD, shows promising re-
sults (Galatzer-Levy et al., 2023; Arcan et al., 2024;
Rosenman et al., 2024). However, these studies
typically focus on specific symptoms and lack broad
coverage of psychological conditions and trans-
parency in interpreting scale results, which may
erode trust among clinicians and clients, limiting
clinical applications (Martin and Rouas, 2024).

To address these gaps, we introduce a two-stage
prompt scheme that populates information from clin-
ical interviews to fill psychometric tests by making
the best of LLMs’ capability in natural language un-
derstanding (Zhao et al., 2023a; Hua et al., 2024).

It is applicable to various psychometric tests and
specifically designed to provide interpretable psy-
chological assessments. Without sacrificing gen-
erality, in this work we utilize a widely used and
comprehensive psychometric test for screening psy-
chological symptoms.

Stage 1: Iltems-Aware Reasoning. This stage
extracts structured symptom evidence from client
information. Inspired by Schulhoff et al. (2024), we
design a prompt p(" (items-aware reasoning) that
instructs the LLM to act as a psychologist, map
client information onto individual items of the psy-
chometric test 7, and produce an explanation for
each item. Concretely, the LLM generates items-
aware reasoning results:

X = argmax Puw(X | ek, pi"), 3)
X

where ¢, is the client information defined in §2.1
and X is a set of structured records, each consist-
ing of the extracted evidence, symptom category,
specific symptom, presence judgment, and a de-
tailed explanation. This approach helps clinicians
quickly trace the source of evidence and under-
stand the relevance of various symptoms. The
detailed prompt and an example are provided in
Appendix D and Appendix F, respectively.

Stage 2: Psychological Assessment. Building
on the reasoning results, the LLM then scores the
client across N symptom dimensions. We design
a second prompt p(s@ (symptom assessment) that
provides the psychometric test 7 together with sim-
plified scoring criteria (at the dimension level rather
than individual items, to account for the practical
constraint that not all items are addressed in a ses-
sion). The assessment scores are obtained as:

a= argmax PLLM(a | Ck, /,%, p(sa))’ (4)

where a € RY contains the estimated score for
each of the N symptom dimensions. The detailed
prompt is provided in Appendix E.

Remark: Avoiding Excessive Speculation. In
contrast to ClientCAST (Wang et al., 2024a), which
simulates the client’s own estimation of psychome-
tric test scores, our approach adjusts score ranges
to account for items not yet addressed by the client.
This more accurately reflects the gradual disclosure
of information over sessions and avoids biased as-
sessments caused by unmentioned items.

2.3. Session-focused Client-dynamics
Assessment

Given the assessment scores a € R over N symp-
tom dimensions, we compute the Positive Symp-

2954



Cross-Session Client-Contextual Assessment

Session-Focused Client-Dynamics Assessment

Ve

| Client Informations | Items-Aware Reasoning

Good Treatment Outcomes:

c
gt as/ -
an Client Statement: Recentl, | fee! lie my famiy is
starting to try to understand me, but sometimes | il
" " feel they don't ‘my thoughts. Occasionally,
Profile  Sessions History I sense their attitude is st a bit indifferent
tem Category: Interpersonal Sensibilty

Specific Item: Feeling others do not understand the

client or are unsympathetic.
Presence: Yes
i
Psychometric Test

The client
improvement in how others perceive them but till
feels misunderstood and senses occasional
unsympathetic atiitudes. The symptom is present
but showing signs of improvement.

Good treatment outcomes
mean significant symptom
relief, improved health, and
better quality of ife. The
client feels more supported,
understood, and manages
stress effectively.

Assessment Scores

&5 PspI

ol ‘ @j
. &hsccres

D

L

Client
Cross-Session Client-Contextual Assessment

i APSDI < 0

Ve

| Client Informations | Items-Aware Reasoning

4

|
M

v

c
- 59 8385 [ = &
Client Statement: Now | feel that my friends and
colleagues can understand my feelings. They Assessment Scores E‘Z PSDI Bad Treatment Outcomes:
Profile  Sessions History have become more supportive and sympathetic,
and I no longer feel misunderstood. > ) Bad treatment outcomes occur
Item Category: Interpersonal Sensibility — ﬂ G U when symptoms persist or
Specific Item: Feeling others do not understand - @ worsen, and the patient may
3 the client or are unsympathetic. -_— Low Scores feel distressed, lose
l: Py Presence: No confidence in the treatment, or
— Explanation: The client expresses that they no face further emotional
6? longer feel misunderstood or that others are challenges.
unsympathetic. This indicates the symptom has.
Psychometric Test improved to the point of absence.

Figure 2: An illustration of client-informed psychological assessment-based evaluation (IPAEval).

tom Distress Index (PSDI) (Derogatis and Unger,
2010), which summarizes the average distress level
across the dimensions where positive symptoms
are detected. Let P C {1,..., N} denote the sub-
set of dimensions with positive scores (i.e., a; > 0).
The PSDI is defined as:

1

PSDI = —
|P|

> a4, (5)
i€P

where |P| denotes the number of positive dimen-
sions.

To evaluate treatment outcomes, we apply the
two-stage assessment (Eq. 3—4) to the client in-
formation at the initial stage ¢; and the final stage
¢y, yielding PSDI; and PSDI; respectively. The

treatment outcome is then defined as:

e := APSDI = PSDI; — PSDI;. (6)

A negative APSDI indicates symptom improvement
after treatment.

Remark: Advantages and Versatility of PSDI.
Although PSDI originates from the Symptom
Checklist-90 (SCL-90) (Derogatis et al., 1973), the
idea of averaging scores over positive items gener-
alizes naturally to other psychometric tests, provid-
ing a flexible tool for tracking treatment progress.

2.4. Brief on TheraPhase Dataset Design

Popular datasets such as High-Low Quality (Pérez-
Rosas et al., 2019) and AnnoMIl (Wu et al.,
2023) contain only single-session client information
sourced from public videos, with no data for subse-
quent stages. To assess cross-stage changes, we

construct the TheraPhase Dataset based on CPsy-
Coun (Zhang et al., 2024), which exhibits significant
within-session changes. Our dataset includes 400
pairs of client information from the initial and com-
pletion stages of treatment.

To construct the dataset, we use 5-shot prompt-
ing with GPT-4 to extract the initial-stage informa-
tion from each client’s comprehensive record, form-
ing paired data (initial vs. full) that enables analyti-
cal comparison between pre- and post-treatment
conditions. Please see §3.2 and §A for details.

3. Experiments

Starting with the settings of IPAEval framework and
involved models, we elaborate on datasets con-
structions and their auto eval metrics (plus human
alignment results), followed by empirical results,
ablations, and error analysis.

3.1.

IPAEval Setup. The IPAEval framework is capa-
ble of handling various forms of client information,
such as user profiles and interaction histories. How-
ever, due to data acquisition limitations, we primar-
ily utilized consultation dialogue data as the main
source of client information. Furthermore, IPAEval
supports a variety of symptom-based psychometric
tests, such as the General Health Questionnaire
(GHQ) series (Montazeri et al., 2003), the Symp-
tom Checklist (SCL) series, and the Brief Symp-
tom Inventory (BSI) (Derogatis and Melisaratos,
1983). In this experiment, we utilized the SCL-
90 (Derogatis et al., 1973), a widely recognized and

Experimental Settings
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comprehensive tool for assessing a broad range
of psychological symptoms. The scoring criteria
for assessing symptoms are outlined in Table 2.
Additionally, to ensure structured output, our code
utilizes LangChain' and Pydantic? for better LLMs
integration and data validation.

Score Description

-1 Symptom not addressed.
Symptom addressed, but no symptoms found;
no signs of distress or dysfunction.

1 Minimal symptoms, minor indications of dis-
tress but no significant dysfunction.

2  Clear symptoms, clear indications of distress,
and significant dysfunction.

Table 2: Scoring Criteria for Symptom Assessment

Involved Models. We conducted an investigation
into the performance of several closed and open-
source LLMs. The closed-source models we tested
include GPT-4 (Team, 2024b), GPT40, GPT-4-
turbo, and GPT-40-mini, which represent the latest
advancements in proprietary LLMs developed by
OpenAl3. Additionally, we tested a variety of open-
source models, such as Llama3.1-405B (Team,
2024a), Llama3.1-70B (Team, 2024a), Qwen2-
72B (Yang et al., 2024), Mistral-8X22B (Jiang et al.,
2024), and Mistral-8X7B (Jiang et al., 2024). These
models vary significantly in terms of architecture,
parameter size, and training data, providing a
comprehensive overview of both commercial and
community-driven LLM development. All of these
models were invoked through API platforms®.

3.2. Datasets Construction

For psychological assessment, we selected 2
datasets, High-Low Quality Counseling (Pérez-
Rosas et al., 2019) and AnnoMI (Wu et al., 2023),
consisting of counseling therapy transcripts ex-
tracted from publicly available videos on online
platforms such as YouTube and Vimeo. But, there
are issues of data duplication between these two
datasets. Given the higher quality of data in An-
noMI, we have chosen to retain the AnnoMI data
from the same sources. Furthermore, considering

"https://www.langchain.com/

’https://docs.pydantic.dev/

3Specific versions of the OpenAl models used in
the tests were gpt-4-0613, gpt—-40-2024-05-13,
gpt—-4-turbo-2024-04-09, gpt—-4o-mini-2024-
07-18.

“*For the OpenAl models, we invoked them via ht tps :
//platform.openai.com, Mistral models through
https://console.mistral.ai/, Llama3.1 models
via https://fireworks.ai/, and Qwen2 through
https://www.together.ai/.

the context window limitation of one of our test mod-
els, GPT-4, the maximum number of dialogue turns
is set to 102. To increase the challenge and ensure
the dialogues are sufficiently complex for evaluating
the model’s capability in handling extended thera-
peutic conversations, the minimum number of turns
is set at 25. Based on these, we have selected 110
client dialogue entries as our test data.

For treatment outcomes, we selected the Ther-
aPhase Dataset. This dataset comprises treatment
session transcripts that encompass two distinct
phases of client interactions. lts advantage lies
in the clear changes observable in clients across
these phases, which aids in observing the treat-
ment outcomes. The statistics of the resulting
datasets are listed in Appendix A.

3.3. Auto Evaluation and Human
Alignment

For psychological assessment (e.g., symptom
detection), we assessed the model’s ability to iden-
tify symptoms from client data using classification
metrics such as Accuracy, Precision, Recall, and F1
scores (Binary, Macro, and Weighted). The scoring
system assigned a value of —1 for a negative class
and 0, 1, or 2 for positive classes. For symptom
severity, we computed a PSDI score for each client
and reported error metrics — Mean Squared Error
(MSE) and Mean Absolute Error (MAE) — across
three runs to ensure consistency.

For treatment outcomes, we measured
changes in positive symptom severity using
APSDI, which reflects the difference in mean posi-
tive symptom scores between two assessments.
A APSDI greater than 0 indicates worsening or
new symptoms, while a value of 0 or less suggests
improvement or stability. We also evaluated the
accuracy of predicting these changes using the
same classification metrics.

References Generation. For psychological as-
sessment, we manually annotated 30 client ses-
sions with a Cohen’s kappa of 0.73. Among the
models evaluated, GPT-40 achieved the best per-
formance, with an accuracy of 78.33% and a bi-
nary F1 score of 72.95%. Accordingly, GPT-40
was selected as the gold model for generating ref-
erence scores in this task. Similarly, for treatment
outcomes evaluation, we annotated 60 sessions,
reaching a Cohen’s kappa of 0.81. GPT-4 delivered
the top results with an accuracy of 74.44% and a
binary F1 score of 83.44%, leading us to choose
GPT-4 as the gold model for this evaluation. For
further experimental details regarding References
Generation, please refer to the Appendix C.
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3.4. Evaluation Results across LLMs

Psychological Assessments. As shown in Ta-
ble 3, GPT-4 achieved the best performance in
symptom detection, excelling in both accuracy and
binary F1 score, highlighting its strong ability to
accurately identify symptoms. GPT-4-turbo demon-
strated a more conservative approach with higher
precision but lower recall, indicating it was more
cautious in detecting symptoms but missed more
cases. GPT-40-mini excelled in recall but had re-
duced overall reliability due to a higher rate of false
positives. Among open-source models, Qwen2-
72B and Llama3.1-70B showed the closest perfor-
mance to GPT-4, though they still fell short. Notably,
Mistral-8X7B’s extremely low recall was caused by
a significant number of output formatting errors,
leading to evaluation failures. We will further dis-
cuss these formatting issues in Appendix G.

In symptom severity assessment, GPT-4 once
again stood out with the lowest MSE and MAE,
making it the most accurate model. Although GPT-
40-mini and GPT-4-turbo showed more balanced
results, they were less precise compared to GPT-4.
Among open-source models, Llama3.1-70B per-
formed the best, though the gap between open-
source and closed-source models remained sub-
stantial. Furthermore, GPT-4 exhibited the greatest
consistency and reliability, with minimal variance
across runs, indicating robust performance. In con-
trast, GPT-40-mini showed more variability in MAE
and MSE, and open-source models generally exhib-
ited less stability compared to their closed-source
counterparts.

Treatment Outcomes. Table 4 compares the per-
formance of closed-source and open-source mod-
els on treatment outcome evaluation tasks. Among
the closed-source models, GPT-4-turbo achieved
the highest scores across multiple metrics, mak-
ing it the most effective model in treatment out-
come prediction. GPT-40 and GPT-40-mini dis-
played competitive performance but lagged slightly
behind GPT-4-turbo. For the open-source mod-
els, Llama3.1-405B led the group with the highest
accuracy and macro F1, demonstrating superior
performance in treatment outcome tasks. Qwen2-
72B and Llama3.1-70B also performed well, while
Mistral-8X7B had the highest recall but struggled
with lower F1 scores, indicating higher sensitiv-
ity but less consistent overall performance. Over-
all, both closed-source and open-source models
showed strong capabilities, with GPT-4-turbo and
Llama3.1-405B emerging as the top performers in
their respective categories.

3.5. Further Analysis

Impact of Parameters on Performance. As
shown in Figure 3, model parameter size has a
clear impact on performance across tasks such
as symptom detection, symptom severity evalua-
tion, and treatment outcome prediction. Larger
models consistently outperform smaller models,
exhibiting higher F1 (Weighted) scores and lower
MAE. This trend indicates that increasing model
size enhances the model’s ability to handle complex
tasks (Wen et al., 2024), especially in identifying
subtle patterns related to psychological symptoms
and predicting treatment outcomes.

Impact of tems-aware Reasoning. The ablation
study (Figure 4) demonstrates that items-aware rea-
soning is crucial for both psychological assessment
and treatment outcomes evaluation. Removing this
feature significantly decreased performance across
all models. For psychological assessment, models
like GPT-40 and GPT-4 less accurately detected
symptoms and assessed severity, which lowered
F1 scores and increased error metrics. Similarly,
performance in treatment outcomes evaluation also
dropped, though the impact was less pronounced.
These results underscore that items-aware reason-
ing improves the models’ precision for these tasks.

4. Related Work

Therapist Assessment using LLMs. LLMs’ role-
playing capabilities have led to increased interest
in developing Role-Play Therapists (Chen et al.,
2023; Chiu et al., 2024; Lee et al., 2024), but the
lack of automated metrics for evaluating t herapist
is a significant challenge. CPsyCoun (Zhang et al.,
2024) employs an LLM-based evaluation method
from the therapist’s perspective to assess single
session, specifically evaluating the therapist’s com-
prehensiveness, professionalism, authenticity, and
safety. Lee et al. (2024), Li et al. (2024a), and Yosef
et al. (2024) similarly adopt a therapist’s perspec-
tive with LLM-based evaluation, but they address
CPsyCoun'’s lack of support from psychological the-
ories by employing the Cognitive Therapy Rating
Scale (Goldberg et al., 2020) for CBT skills assess-
ment and the Working Alliance Inventory (Hatcher
and Gillaspy, 2006) for evaluating the therapeu-
tic relationship. Notably, BOLT (Chiu et al., 2024)
applied LLMs to identify therapist behaviors, eval-
uating the quality of dialogue sessions based on
the frequency and sequence of LLM therapist be-
haviors. Clinical evidence (Goodson et al., 2017;
Mason et al., 2016) shows that better therapists are
linked to improved outcomes, but evaluating thera-
pists alone may miss how much the client is ben-
efiting (Robinson, 2009). The treatment outcome
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Models \ Accuracy © Precision 1 Recall © Flginary T F1pacro T Flweightea T \ MSE | MAE |
Closed-Source Models

GPT-4 0.7973+0.01 0.7852+0.01 0.7121+0.01 0.7469+0.01 0.7889+0.01 0.7956+0.01 | 0.2100+0.02 0.3292+0.03

GPT-4-turbo 0.7561+0.00 0.8726+002 0.4913+001 0.6285+0.01 0.7234+000 0.7386+0.00 | 0.4055+005 0.4490+0.03

GPT-40-mini 0.4915+000 0.4467+002 0.8824+001 0.5931+000 0.4576+001 0.4359+0.01 | 0.2245+001 0.3329+0.02
Open-Source Models

Llama3.1-405B | 0.7291+0.00 0.6960+0.01 0.6306+0.00 0.6616+000 0.7179+0.00 0.7269+0.00 | 0.3922+0.03 0.4476+0.01

Qwen2-72B 0.7385+0.00 0.7405+0.01 0.5815+001 0.6513+001 0.7210+000 0.7322+0.00 | 0.3962+0.01 0.4559+0.00

Llama3.1-70B 0.7333+0.01 0.7201+0.01 0.5974+001 0.6529+001 0.7182+001 0.7286+0.01 | 0.3379+001 0.4041+0.00

Mistral-8X22B 0.6215+0.00 0.5405+0.00 0.6616+002 0.5948+0.00 0.6198+000 0.6238+0.00 | 0.5205+003 0.5452+0.02

Mistral-8X7B 0.6070+0.00 0.6158+0.01 0.1710+002 0.2672+002 0.4993+0.01 0.5364+0.01 | 1.5711+002 1.0927+0.01

Table 3: Performance comparison between closed-source and open-source models across various
evaluation metrics in psychological assessment. Metrics with an upward arrow 1 indicate higher values
are better, while metrics with a downward arrow | indicate lower values are better. The results show
mean values along with standard deviations for each metric. Cells highlighted in blue represent the

best-performing results.

Models \ Accuracy T Precision 1 Recall Flginary T Flpacro T Flyeighted T
Closed-Source Models

GPT-40 0.6375+002 0.7706+0.01 0.7356+0.02 0.7526+0.01 0.5370+0.02 0.6448+0.02

GPT-4-turbo 0.6800+0.01 0.7824+0.01 0.7944+001 0.7883+000 0.5660+001 0.6772+0.01

GPT-40-mini 0.6317+0.01  0.7727+0.01 0.7211+0.01 0.7459+0.01 0.5380+0.01 0.6420+0.01
Open-Source Models

Llama3.1-405B | 0.6958+0.01 0.7965+001 0.7989+001 0.7976+000 0.5925+002 0.6951+0.01

Qwen2-72B 0.6725+0.01 0.7747+0.01 0.7944+001 0.7844+001 0.5515+001 0.6679+0.01

Llama3.1-70B 0.6708+0.01 0.7796+0.01 0.7822+0.01 0.7809+0.01 0.5597+0.02 0.6703+0.01

Mistral-8X22B 0.6383+0.01 0.7544+000 0.7678+001 0.7610+0.01 0.5089+0.01 0.6350-+0.01

Mistral-8X7B 0.6825+0.01 0.7469+0.00 0.8722+0.02 0.8046+001 0.4779+000 0.6413+0.00

Table 4: Comparison between closed and open-source models across various evaluation metrics in

treatment outcomes.

evaluation based on client-centered psychological
assessment focuses more on results, specifically
determining whether the therapy has brought about
meaningful changes in the client’s life, which is
the ultimate goal of the treatment (Groth-Marnat,
20009).

Client-centered Psychological Assessment.
Client-centered psychological assessment com-
bines psychometric tests with clinical interviews to
provide a comprehensive understanding of individ-
uals (Spoto et al., 2013). While tests offer standard-
ized data on psychological traits, interviews yield
deeper insights into personal experiences, address-
ing nuances that tests might miss (Groth-Marnat,
2009). Using multiple methods ensures a com-
plete client assessment in clinical practice (Meyer
et al., 2001; Groth-Marnat, 2009). Moreover, lever-
aging LLMs’ advanced language processing ca-
pabilities (Luo et al., 2023; Zhao et al., 2023b)
enables complex and diverse assessments, con-
trasting with earlier approaches that only detected
individual symptoms (Ji et al., 2022; Zhai et al.,
2024). A substantial body of research supports this
advancement (Galatzer-Levy et al., 2023; Arcan
et al., 2024; Rosenman et al., 2024). For exam-
ple, several studies have employed LLMs to an-
alyze interviews (Gratch et al., 2014), assessing
depression and PTSD scores via widely used tests

like (Kroenke et al., 2009) and PCL-C (Weathers
et al., 1994). However, precise psychological as-
sessments enable therapists to grasp the client’s
psychological state, but a psychological assess-
ment alone cannot determine whether the treat-
ment has brought about positive changes for the
client.

Treatment outcomes evaluation complements
psychological assessment by measuring the effec-
tiveness of interventions over time (Maruish and
Leahy, 2000). While psychological assessments
provide a snapshot of the client’'s mental state, as
shown in the Figure 1, treatment outcomes eval-
uation focuses on tracking changes in symptoms
and overall well-being throughout the therapeutic
process. This dynamic evaluation allows therapists
to determine whether the treatment has been suc-
cessful and as needed for improvement.

5. Conclusion

We presented IPAEval to overcome limitations of
current therapeutic outcome evaluations by shifting
the focus from therapist-centered, single-session
assessments to a comprehensive, client-informed
framework. By using clinical interviews and inte-
grating cross-session client-contextual and session-
focused client-dynamics assessments, it offers a
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holistic evaluation of treatment outcomes. Experi-
ments on our TheraPhase dataset validate its effec-
tiveness in tracking symptom severity and progress
across sessions. Overall, our results underscore
the value of a client-centered, multi-session evalua-
tion strategy for personalized and effective mental
health interventions.

Limitations

The limitations of this paper are as follows: (1) Due
to the shortage of professional psychological an-
notators, only two individuals were involved in a
limited amount of data labeling. This resulted in
fewer human-aligned experimental data. Future
research should focus on developing more multi-
session datasets that include psychological assess-
ment scores. (2) As the amount of client information
increases, smaller models with fewer parameters
struggle to follow instructions effectively. This limits
the scalability and performance of these models in
more complex scenarios. Future research should
explore strategies to enhance model adaptability
in handling larger client information inputs. (3) Our
multi-session dataset was derived by splitting sin-
gle multi-turn conversations, which can represent
client changes but cannot fully capture the charac-
teristics of true multi-session data. In the future, we
should develop authentic multi-session datasets.

Ethics Statement

All datasets used in this study are either fully syn-
thetic—thus free of personally identifiable informa-
tion—or have been rigorously anonymized and are
employed strictly under their original usage agree-
ments, eliminating privacy concerns. Nonethe-
less, large language models can generate inac-
curate or biased outputs; relying on these results
without professional oversight could mislead or
harm clients. Consequently, IPAEval is intended
solely as a research-level evaluation tool, never a
substitute for clinical diagnosis or treatment, and
every automated conclusion must be reviewed
by a licensed mental-health professional. Be-
cause psychological symptoms manifest differently
across cultures, genders, and age groups—and
our current training data are primarily English- and
Chinese-centric—we recognize limitations in cross-
cultural generalization.
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A. Dataset Statistics

As shown in Table 5, the datasets used in our
study consist of both English and Chinese dia-
logue data. The High-Low Quality Counseling +
AnnoMI dataset provides a challenging benchmark
due to its long conversations, averaging around
80 utterances per session. In contrast, the Ther-
aPhase dataset, which is constructed to simulate
multi-session counseling, consists of shorter but
more focused interactions, with an average of 11.5
utterances per session and a significantly higher
word count per utterance. These structural differ-
ences highlight the diverse nature of our datasets,
ensuring that models are tested under varying con-
versational conditions.

B. Scoring Criteria for Symptom
Assessment

Table 2 provides an overview of the scoring system
for symptom assessment. It is worth noting that,
unlike traditional questionnaires where clients can
provide imaginative responses to questions that are
not directly addressed during a consultation, our
evaluation process may leave certain symptoms
unaddressed. Consequently, we include a score of
-1 to indicate that the symptom was not addressed.

C. Detailed Experimental Setup and
Results for References Generation

In this appendix, we provide detailed experimental
settings and results for the References Generation
task, covering both the psychological assessment
and treatment outcomes evaluation.

C.1.

For the psychological assessment task, we manu-
ally annotated 30 client sessions, achieving a Co-
hen’s kappa of 0.73. Table 6 summarizes the per-
formance of the evaluated models on various met-
rics including Accuracy, Precision, Recall, Binary
F1, Macro F1, Weighted F1, Mean Squared Error
(MSE), and Mean Absolute Error (MAE). The best
performing results for each metric are highlighted
in blue. The results show that GPT-40 achieved the
highest Accuracy (78.33%) and Binary F1 score
(72.95%), and was therefore selected as the gold
standard model for generating reference scores in
this task.

Psychological Assessment

C.2. Treatment Outcomes Evaluation

For the treatment outcomes evaluation, we anno-
tated 60 sessions, obtaining a Cohen’s kappa of
0.81. Table 7 presents a detailed comparison of

the models on Accuracy, Precision, Recall, Binary
F1, Macro F1, and Weighted F1. The experimen-
tal results indicate that GPT-4 delivered the best
performance with an Accuracy of 74.44%, along
with superior Recall and Binary F1 scores. Conse-
quently, GPT-4 was chosen as the gold standard
model for this evaluation.

Overall, these experiments provide a comprehen-
sive comparison of the four models (GPT-4, GPT-
40, GPT-4-turbo, and GPT-40-mini) across different
tasks, thereby justifying the selection of the gold
standard models for References Generation.
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Datasets

Language # of Clients # of Sessions

Avg. # of Utterances Words per Utterance

High-Low Quality Counseling . 79.8 222
AnnoMI English 10 10 (std = 26.1) (std = 27.1)

. 115 41.7
TheraPhase Chinese 400 800 (std = 6.3) (std = 20.9)

Table 5: Summary of key characteristics of the selected datasets, including language, number of clients, sessions,
average number of utterances per session, and the average word count per utterance.

Models | Accuracy © Precisiont  Recall 1 Flginary 1 Flvaco T Flweignea T |  MSE | MAE |

GPT-4 0.7744+001 0.6792+001 0.7187+001 0.6984+001 0.7591+001 0.7757+0.01 | 0.1369+0.02 0.2398+0.01
GPT-40 0.7833+0.02 0.6674+002 0.8043+0.03 0.7295+0.02 0.7744+002 0.7867+0.02 | 0.1207+0.01 0.2272+0.02
GPT-4-turbo | 0.7800+0.01 0.7503+003 0.5933+001 0.6623+001 0.7495+001 0.7734+0.01 | 0.2379+0.03 0.3754+0.03
GPT-40-mini | 0.4844+004 0.4079+002 0.91444004 0.5634+001 0.4641+005 0.4370+0.06 | 0.1962+0.03 0.3265-+0.02

Table 6: Comparison of different models on various performance metrics using human-annotated data in psychological
assessment. Metrics with an upward arrow 1 indicate higher values are better, while metrics with a downward arrow |
indicate lower values are better. The results show mean values along with standard deviations for each metric. Cells

highlighted in blue represent the best-performing results.

Models \ Accuracy 1t Precision 1 Recall 1 Flginary T Flmacro T Flyeighted T
GPT-4 0.7444+006 0.8285+0.04 0.8406+0.04 0.8344+004 0.6370+0.08 0.7423+0.06
GPT-40 0.6778+006 0.8219+0.02 0.7391+0.07 0.7770+005 0.5939+0.05 0.6916+0.05
GPT-4-turbo | 0.6778+0.06 0.8046+0.02 0.7681+0.41 0.7815x005 0.5660+0.04 0.6809+0.04
GPT-40-mini | 0.7222+0.04 0.8625+0.06 0.7681+005 0.8090+0.03 0.6410+0.08 0.7306+0.05

Table 7: Comparison of different models on various performance metrics using human-annotated data in treatment

outcomes.
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D. Items-Aware Reasoning Prompts

Prompt: Items-Aware Reasoning

Role:
Imagine you are a skilled psychologist adept at identifying potential symptoms from interview. You
can explain how these symptoms relate to the SCL-90 symptom checklist and specific items within it.

Directives:

Your task is to determine the presence or absence of symptoms from the Client’s statements and
provide detailed reasons for your assessment. Extract specific parts related to SCL-90 symptoms
from the Client’s statements. For each extracted part, indicate whether the symptom is present or
not, and explain why this text is related to the SCL-90 symptom and specific item. If a symptom is
mentioned but not present, extract that part and explain why the symptom is not present.SCL-90
is a psychological symptom assessment tool with 90 items, each evaluating different aspects of
psychological distress.

Additional Information:

Symptom Checklist-90:

<Psychometric Test>

Presence of Symptoms: Extract the relevant part of the Client’s statement. Indicate that the symptom
is present. Explain why this text indicates the presence of the SCL-90 symptom and specify the item.
Absence of Symptoms: Extract the part where the symptom is mentioned but not present. Indicate
that the symptom is not present. Explain why this text does not indicate the presence of the SCL-90
symptom despite the mention.

Output Formatting:
<Format Instructions>

Client Information:
<Interview>

Please extract specific parts related to SCL-90 symptoms from the Client’s statements. For each
extracted part, indicate whether the symptom is present or not, and explain why this text is related to
the SCL-90 symptom and specific item. If a symptom is mentioned but not present, extract that part
and explain why the symptom is not present.
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E. Psychological Assessment
Prompts

Prompt: Psychological Assessment

Role:

As a psychologist specializing in this evaluation task, based on the following interview and the
extracted Symptom Checklist-90 (SCL-90) symptom-related content and explanation, provide a
qualitative score (-1-2) for each symptom category.

Score Criteria:

Scoring criteria: -1 (Symptom not addressed in the interview), 0 (Symptom addressed in the
interview, but no symptoms found, no signs of distress or dysfunction), 1 (Minimal symptoms,
minor indications of distress but no significant dysfunction), 2 (Clear symptoms, clear indications of
distress and significant dysfunction).

Directives:

Please note that this qualitative assessment is based on the state at the end of the interview. There
may be noticeable symptoms during the interview, but these symptoms may become clarified or
alleviated as the discussion progresses.

Additional Information:
<Psychometric Test>

Output Formatting:
<Format Instructions>

Client Information:
<Interview>
<Item-aware Reasoning Result>

Please extract specific parts related to SCL-90 symptoms from the Client’s statements. For each
extracted part, indicate whether the symptom is present or not, and explain why this text is related to
the SCL-90 symptom and specific item. If a symptom is mentioned but not present, extract that part
and explain why the symptom is not present.
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F. Iltems-Aware Reasoning Output

Table 8 shows an example of the ltems-Aware Rea-
soning output derived from a therapy session tran-
script. In this example, the system extracts a key
client statement—specifically, the client’s admis-
sion of consistently prioritizing others over them-
selves—and categorizes it under the symptom cat-
egory “Interpersonal Sensibility.” The output further
identifies a specific symptom (“Feeling others do
not understand the client or are unsympathetic”)
and marks its presence as “Yes.” An explanation is
provided to clarify that the client’s behavior might
indicate feelings of being misunderstood or a lack
of empathy from others. Additionally, an assess-
ment score for Interpersonal Sensitivity is gener-
ated, demonstrating how the system quantifies this
symptom. This example illustrates the system’s
capability to reason about session content and
map client statements to relevant psychological
constructs.

G. Output Formatting Errors

In our two experiments, OpenAl series models
produced no errors in output formatting, whereas
open-source models encountered numerous is-
sues. Specifically, the Figure 5 below shows the
error statistics for open-source models during the
Assessment task, with the main issue being incor-
rect output that did not follow the Pydantic-defined
JSON format.
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SESSION:

Therapist: So, thank you for coming in today.

Client: Yes.

Therapist: How are you feeling today?

Client: | feel great actually.

Therapist: Yeah? Good.

Client: Yeah.

Therapist: Good.

Client: | feel good.

Therapist: And so you did your clarifications, value clarifications-

Client: Yeah.

Therapist: -and what are your top five?

Client: Yes. It was a good, uh, experience for me. It was different. It was different than usual. There were
several things that were different, and, uh, the number one value that | put was self-respect. And |-l don’t
even know if self-respect has ever been in my top five let alone my number one.

Therapist: Really?

Client: Yeah. And, um—

Therapist: Do you have any idea why that is?

Client: I do have an idea, | think, why that is. Um, | think that there’s been a few things that have happened
recently and something that really came to my awareness, when | visited with my family, is that

It was, uh, kind of sad in a way, at the time that |
realized it. Uh, | didn’t realize how severe it actually was, but | was kind of glad that | realized it because |
feel like it's never too late to change-

Therapist: True.

Client: -and | feel like | can- | can, uh, respect and value myself just as much as | have other people. |
know that’s important. And | feel like when | do that, I'm a better person for other people as well.
Therapist: Mm-hmm. By not putting yourself on the back burner so much?

ITEMS-AWARE REASONING RESULT:
Client Statement:

Symptom Category: Interpersonal Sensibility

Specific Symptom: Feeling others do not understand the client or are unsympathetic.

Presence: Yes

Explanation: The client’s statement indicates that they have been prioritizing others over themselves,
which could be a sign of feeling misunderstood or not receiving empathy from others.

Table 8: Items-Aware Reasoning Output Example

Mistral 8X7B
Mistral 8X22B
Llama3.1 70B
Llama3.1 405B
Qwen2 72B

Figure 5: Error distribution across different models.
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