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Abstract

Background: Psychotherapy is a primary treatment for many mental health conditions, yet the dynamic interplay among therapist
behaviors, client responses, and the therapeutic relationship remains difficult to disentangle at scale. Traditional process research
relies on labor-intensive human coding, limiting the ability to model moment-to-moment therapeutic dynamics across large
datasets.

Objective: This study aimed to develop and validate a computational framework for modeling therapist-client interaction
processes and to examine how therapist behaviors and relational qualities relate to client self-disclosure and emotional expression
in psychotherapy sessions.

Methods: We developed automated assessment pipelines using large language models (LLMs) to measure therapist behaviors
(empathy or exploration), relational quality (rapport), and client outcomes (self-disclosure, self-directed negative emotion, or
outward-directed negative emotion). Model-generated scores were validated against human annotations. We then applied these
measures to approximately 2000 hours of psychotherapy transcripts from the Alexander Street corpus. This yielded an estimation
sample of 119,233 client utterances from 1573 sessions and 37 clients. Because utterances are nested within sessions and sessions
within clients, we estimated a saturated multivariate structural equation model with SEs clustered at the session level. Results
were confirmed in a multilevel regression model with random intercepts for session and client.

Results: Following comparative validation of 6 candidate language models, automated measures showed good to excellent
agreement with human annotations (intraclass correlation coefficient [ICC]=0.60-0.81) for rapport (ICC=0.81), self-disclosure
(ICC=0.78), empathy components (ICC=0.60-0.75), and emotion measurements (ICC=0.66-0.80). Structural equation modeling
analyses revealed that therapist empathy and exploration were each associated with increased client disclosure (empathy: β=.086,
95% CI 0.078-0.095; exploration: β=.086, 95% CI 0.078-0.094; both P<.001) and increased expression of self-directed negative
emotions, comprising sadness, anxiety, fear, and depression (empathy: β=.118, 95% CI 0.110-0.127; exploration: β=.078, 95%
CI 0.070-0.087; both P<.001). Both behaviors were also associated with reduced expressions of enjoyment (empathy: β=–.037;
exploration: β=–.041; both P<.001). Surprisingly, rapport in the prior session showed no association with client self-disclosure
or negative emotion expression.

Conclusions: This study demonstrates that LLM-based measurement combined with structural modeling can capture core
therapeutic processes at scale. Empathy and exploration showed small but consistent turn-level associations with client disclosure
and emotional expression, whereas prior-session rapport did not show a robust association. These findings provide a computational
foundation for precision modeling of psychotherapy processes and may offer actionable insights for scalable therapist training
and AI-supported clinical education systems.

(JMIR Ment Health 2026;13:e95389) doi: 10.2196/95389
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Introduction

Psychotherapy is an effective, evidence-based treatment for
many common mental health conditions, yet access and quality
remain persistent challenges. Digital mental health
technologies—including teletherapy platforms [1],
conversational agents [2], clinician-facing dashboards [3], and
training or supervision tools [4]—have expanded the reach of
care and created new opportunities to monitor and improve
treatment delivery. However, improved access alone does not
guarantee effective care: clinical benefit depends heavily on
how therapeutic interactions unfold, including the clinician’s
moment-to-moment responses, the relational bond between
therapist and client, and clients’ in-session engagement and
emotional processing [5-7].

A central limitation in both psychotherapy research and digital
mental health implementation is that the mechanisms linking
therapist behavior to patient outcomes are difficult to measure
at scale. Therapeutic effectiveness is multifactorial, and the
specific effects of discrete therapist behaviors on patient
responses are often not characterized well [8]. In routine care
and many digital health studies, evaluation relies on self-report
symptom scales and postsession assessments of therapist-client
interaction (eg, the Patient Health Questionnaire-9, General
Anxiety Disorder-7, Working Alliance Inventory [WAI], and
qualitative reflections) [9-12]. While indispensable for capturing
patient experience and clinical status, these measures are
typically collected infrequently, provide limited resolution about
what happens within sessions, can be influenced by recall and
rater biases, and offer little actionable information for real-time
clinical decision support or training.

A complementary approach is to quantify the therapy process
directly from session content. Prior work suggests that patient
self-disclosure relates to anxiety and depression symptoms [13],
that in-session emotional expression is associated with
therapeutic change [14], and that the therapeutic alliance—often
conceptualized as bond (rapport), agreement on goals, and
collaboration—is robustly linked to treatment success across
modalities and populations [5,15]. Yet, measuring these
constructs at the granularity needed to support scalable
evaluation and feedback remains challenging. Manual behavioral
coding is labor-intensive and difficult to deploy in real-world
digital care settings, motivating computational approaches that
can extract clinically meaningful signals from therapy data at
scale [16-19].

In this study, we develop and evaluate a transcript-based
computational framework for quantifying therapist-client
dynamics in psychotherapy, with an emphasis on constructs
that are clinically interpretable and potentially actionable in
digital care contexts. We focus on three classes of variables:
(1) therapist behaviors (empathic responses, reflective listening,
interpretations, and exploratory queries), (2) therapeutic
relationship quality (rapport as a bond-based indicator of

therapeutic alliance), and (3) client responses (self-disclosure
and emotional states). Our objective is twofold: first, to develop
accurate and scalable measures of these constructs from
real-world psychotherapy transcripts; and second, to empirically
model how therapists’ behaviors and relationship context are
associated with clients’ immediate responses during sessions.

To address measurement, we used large language models
(LLMs) to score therapist empathy components (interpretation,
exploration, emotional reaction, and reflection [17]),
therapist-client rapport [20,21], and client responses including
self-disclosure [22] and emotions (anger, contempt, disgust,
enjoyment, fear, sadness, surprise, anxiety, and depression)
[23]. We applied these measures to psychotherapy transcripts
from the Alexander Street (AS) corpus and validated automated
measurements against ratings from trained human annotators.
Across constructs, LLM-derived scores aligned well with human
judgments (with intraclass correlation coefficient [ICC] ranging
from 0.60 to 0.81), supporting the feasibility of using LLMs as
a scalable measurement layer for clinically grounded process
analysis.

To model the associations between therapist behaviors and
therapist-client rapport with client behaviors, we used structural
equation modeling (SEM) to test theory-motivated pathways
linking therapist behavior, rapport, and client outcomes. Prior
work has used SEM to examine causal and temporal
relationships among communication variables and
alliance-related constructs [24]. Building on this tradition, we
evaluated whether therapists’ immediate empathic and
exploratory behaviors are associated with clients’ subsequent
disclosure and emotional expression, and whether cumulative
rapport from prior sessions adds explanatory value beyond
moment-to-moment behaviors. We tested the following four
hypotheses: (H1) therapist empathy and exploration (ie,
encouragement of deeper discussion) in the immediately
preceding turn are associated with client self-disclosure; (H2)
cumulative rapport built prior to the current session is associated
with client self-disclosure; (H3) higher levels of therapist
empathy and exploration are associated with greater expression
of negative emotions; and H4) higher levels of cumulative
rapport between therapist and client are associated with greater
expression of negative emotions. Our findings indicate that
therapist empathy and exploration are associated with increased
client disclosure and changes in emotional expression, whereas
rapport in the prior session shows no association with client
self-disclosure or negative emotion expression.

By combining validated, transcript-derived process measures
with theory-driven modeling, this work contributes both
measurement methods and empirical evidence that are directly
relevant to digital medicine and health care delivery. The
framework supports scalable assessment of therapeutic process
variables that are difficult to capture with conventional symptom
scales alone, and it enables empirical tests of hypotheses about
how clinician behaviors relate to patient responses during care.
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These capabilities can inform digital mental health platforms,
quality improvement initiatives, clinician training and
supervision tools, and future clinician-facing decision support
systems that require fine-grained, interpretable signals about
therapeutic interactions.

Methods

Dataset
AS [25] is a trusted source of psychological counseling materials
for academics, as it offers access to real clinical interactions
that are typically hard to gather in large numbers due to practical
limitations in clinical environments, including privacy concerns.
The dataset comprises one-on-one therapy sessions transcribed
by professional human transcribers who listened to the original
audio recordings.

All transcripts were carefully anonymized following ethical
research standards and Health Insurance Portability and
Accountability Act (HIPAA) rules. Personal details were
removed to protect client privacy while maintaining clinical
relevance. Therapist names are unknown, but clients likely
worked with the same therapist across sessions, while therapists
probably worked with multiple clients.

We used strict selection criteria to maintain dataset consistency
and meet our research goals. We kept only one-on-one
counselor-client sessions and removed all group therapy, family
therapy, and sessions with multiple participants. The final
processed dataset includes 1610 unique therapy sessions from
37 clients, covering 118 presenting conditions (eg, anxiety,
depression, and burnout; clients could present with more than
one condition) and a range of topics such as childhood trauma,
sexual abuse, and social anxiety. The dataset comprises 243,407
utterances, counting both therapist and client turns, with a mean
session length of 151.2 (SD 101.6) utterances. The analyses
reported below model clients’ behavior in a sample of 119,233
utterances from 1573 sessions and 37 clients. We exclude the
first session from each client because, by definition, it has no
rapport value measured during a prior session. In this study, an
utterance refers to a single speaking turn in the therapy
dialogue—an instance in which either the client or the therapist
speaks before the conversational floor switches. The dataset
also allows us to study concepts that can only be captured in a
chunk of the conversation or across multiple turns, rather than
at the single turn level.

Ethical Considerations
This paper used anonymized AS therapy transcripts under a
nonexclusive license, in a manner consistent with US fair use
provisions and international law, and solely for research,
educational, or other strictly noncommercial uses that do not
involve public performance. All coauthors are authorized users
of the dataset. Per National Institutes of Health guidance,
secondary research using data for which the research team has
no access to identifiers does not meet the definition of human
subjects research. The transcripts were deidentified before
release, and the research team had no access to identifiers or to
any key linking transcripts to individuals. This study therefore
does not constitute human subjects research, and institutional

review board review was not required. The generative AI API
we use to measure clinical behaviors does not use data submitted
through the API to train or improve its models. Therefore, our
use of generative AI models does not result in the AS dataset
being used for model training.

Measurements of Key Therapy-Related Constructs

Overview
We first describe the constructs we measure (constructs). We
then describe the full development pipeline and validation
studies (prompt design and iteration; validation with human
annotators; and model selection). The validation is conducted
on a stratified subset of the AS dataset (see Stratified Sampling).
The SEM modeling testing the relationships among rapport,
therapist empathy, and client outcomes uses the full AS dataset.

Constructs

Overview

We automatically measure the following 3 types of constructs:
client-side (ie, self-disclosure and emotions), therapist-side (ie,
empathy skills), and the relationship (ie, rapport).

We required each construct to satisfy 3 conditions. First, it had
to be operationalized by an existing validated framework, so
that our prompts encode an established definition rather than a
new one. Second, it had to be observable in transcribed text
alone, since our corpus contains no audio or video. Third, it had
to be measurable at the granularity our modeling requires,
meaning turn level for therapist behaviors and client responses
and session level for relational quality. Applying these criteria
yields the constructs described below.

Constructs Related to Therapist Behavior

Overview

To ensure clinical validity and interpretability, each construct
was grounded in established psychological theory and prior
empirical frameworks. Because the dataset lacks reliable
information about the treatment modalities or specific
intervention techniques used by individual psychologists, we
do not attempt to infer or evaluate modality-specific methods.
Instead, we focus on cross-cutting psychotherapy “common
factors”—relational processes shared across approaches, such
as empathy and rapport [26,27]. These theoretical and empirical
foundations guided prompt design for each construct:

Empathy

We model empathy through 4 interrelated components. The
first 3 are drawn from the Empathy in Text-Based,
Asynchronous Mental Health Conversations (EPITOME)
framework [17], which conceptualizes empathic communication
as comprising: emotional reactions (expressing emotions such
as warmth, compassion, and concern), interpretations
(communicating an understanding of the client’s feelings and
experiences), and explorations (attempting to understand the
client’s feelings and experiences through questions and probes).
Each mechanism is scored on a 3-point scale (0=not present,
1=weak, 2=strong), with total scores ranging from 0 to 6. The
fourth dimension, reflection, follows definitions from
motivational interviewing [28-30] and is treated as a related but
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distinct construct that reinforces empathy. Reflection is defined
as a therapist response that mirrors or builds upon the client’s
preceding statement. It is typically categorized as simple
(paraphrasing client statements) or complex (inferring deeper
meaning or emotion). Following prior computational work such
as the prompt-aware margin ranking framework [31], we adopt
a binary reflection vs nonreflection scheme, using the
simple-reflection/complex-reflection distinction as guiding
examples within the prompt to calibrate model judgment and
improve interpretability.

Constructs Related to the Therapist-Client Relationship
(Rapport)

The therapeutic alliance that the therapist and client develop
over time is a robust predictor of improvements in clients’
psychological well-being [26,27]. Here, we focus on
rapport—the felt bond and harmonious responsiveness that
undergirds alliance [20]. Modeled as the “bond” component of
the therapeutic alliance, rapport reflects mutual liking,
confidence, trust, and affective attunement. We adopt 4 items
from the Working Alliance Inventory-Observer Short version
(WAI-O-S) Bond subscale [32] to measure rapport on a 7-point
Likert scale. Because rapport is presumed to develop slowly
over time, we measure it at the prior session rather than the prior
utterance.

Constructs Related to Client Behavior

Overview

We measure 2 utterance-level components of client behavior:
self-disclosure and their emotions. Together they characterize
openness and affect as they unfold in session. Self-disclosure
is the verbal revelation of personal information, experiences,
or feelings. Emotion is central to therapeutic interaction; clients
are more likely to improve when they reveal their emotions
[14,33].

Self-Disclosure

Grounded in intimacy theory [34,35], we classify utterances on
a 3-level scale: general (G) for factual or impersonal content,
medium (M) for personally relevant but nonsensitive
expressions, and high (H) for intimate or emotionally vulnerable
disclosures [36].

Emotion

We assess emotional expression using 9 subconstructs. Our
taxonomy integrates Ekman’s 7 universal emotions
[23]—enjoyment, sadness, anger, disgust, contempt, fear, and

surprise—augmented with 2 clinically relevant categories:
anxiety and depression. The extent to which each of the 9
emotions is expressed in each client utterance is rated on a
5-point Likert scale ranging from “very slightly or not at all”
to “extremely.”

Prompt Design and Iteration
Each construct is operationalized through a dedicated
LLM-based prompt aligned with validated psychological
definitions (Table 1). All prompts share a common structure
specifying the evaluator’s role, output format, and evaluative
constraints, while rubrics and rating scales are tailored to each
construct (Table 2). For maximal generalizability [37], we
primarily used zero-shot prompting, in which the prompts
assume general knowledge and provide no examples. Rubrics
were derived from clinical theory for all constructs (eg,
[17,28,32,34,35]; Table 1), with inline examples added only for
constructs requiring subtle distinctions [38]. Following recent
work on inference-time computation [39,40], the empathy and
self-disclosure prompts additionally use chain-of-thought
reasoning, asking the model to justify its rating by citing specific
elements of the utterance [41]. For each construct, the model
first generated a rationale grounded in conversational evidence
before producing the final rating. To limit run-to-run variability,
every utterance was scored in 3 independent runs, and the ratings
were averaged. Full prompt wordings appear in Multimedia
Appendix 1.

We used construct-specific context windows, supplying only
as much preceding dialogue as was needed to disambiguate
relational or emotional cues and adapting window length to
each construct’s evaluative demands (details shown in Table
S1 in Multimedia Appendix 2).

We refined each construct prompt iteratively, evaluating variants
against the annotated datasets summarized in Table S2 in
Multimedia Appendix 2. Early exploration revealed consistent
differences across foundation models in stability and sensitivity
to prompt phrasing; GPT-4o-mini was selected as the primary
model for its agreement with human annotators, its stability
across prompt revisions, and the cost of annotating 243,407
counselor and client utterances; this initial choice was
subsequently reexamined against 5 further models, as reported
in the Model Selection section below. Two lessons recurred in
the iterations: requiring the model to cite specific conversational
cues improved scoring consistency, and simplifying definition
phrasing reduced noise more effectively than elaborating it.
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Table 1. Summary of background clinical theories.

Key clinical theory and frameworkCategory and constructs

Therapist-side behaviors

EPITOMEa framework [17]Empathy-emotional reaction/interpretation/exploration

Motivational interviewing criteria [28]Empathy-reflection

Client-side behaviors

Intimacy framework [34,35]Self-disclosure

Ekman’s Basic Emotions [23]; PANASb scale [42]Emotion

Therapeutic relationship

WAI-O-Sc Bond items [32]: items 3, 5, 7, 9Rapport

aEPITOME: Empathy in Text-Based, Asynchronous Mental Health Conversations.
bPANAS: Positive and Negative Affect Schedule.
cWAI-O-S: Working Alliance Inventory-Observer Short version.

Table 2. Key components of each prompt, including the evaluator role, core definition phrase, and output format.

Output formatDefinition (quoted from full promptsa)Assigned role (quoted from full

promptsa)

Construct

Empathy

3 mechanisms (0-2 each)“Emotional reactions: expressing warmth,
compassion, or concern. —Strong (2):
explicitly specifies emotions. —Weak
(1)...”

“...a professional evaluator specializ-
ing in assessing therapist empathy...”

Emotional reaction/inter-
pretation/exploration

Binary: reflection/nonreflection“Reflection: a therapist’s response that
demonstrates understanding by restating
or adding insight, or maintaining align-
ment with the client’s statements...”

“...a professional evaluator specializ-
ing in motivational interviewing...”

Reflection

Ordinal: general/medium/high“M (medium disclosure): the client shares
non-sensitive personal experiences, plans,
or general life updates (e.g., ‘I started a
new job last week...’)...”

“...a professional psychologist special-
izing in communication analysis and
self-disclosure...”

Self-disclosure

9 emotions × 5-point Likert“Assess the central utterance using nine
emotions. Rate each emotion on a 5-point
Likert scale...”

“...an expert conversation evaluator...
skilled in identifying subtle emotional
cues...”

Emotion

4 aspects + overall (1-7)“Assess bond quality across mutual liking,
confidence, appreciation, and trust. Each
rated on a 7-point Likert scale...”

“...an expert conversation evaluator
assessing the therapeutic alliance...”

Rapport

aFull prompts are in Multimedia Appendix 1.

Validation With Human Annotators
To evaluate the effectiveness and reliability of our LLM-based
annotation framework, we conducted human validation on a
stratified sample of model-labeled utterances and segments.

Stratified Sampling

Our full dataset included 243,407 utterances drawn from 1610
unique therapy sessions. Given this scale, we used stratified
sampling strategies tailored to each construct to select
representative and label-balanced subsets for validation.

Recruitment and Participation

Annotators were native English-speaking university students
who were either psychology majors or had completed at least
2 psychology- or counseling-related courses. Utterance-level

classification tasks (self-disclosure and the empathy
components) were each rated by 3 annotators; rapport and
emotions, which involve longer context windows and
multidimensional rating scales, were each rated by 6. In total,
27 annotators took part, each contributing between 15 and 17
hours of annotation.

Training

All annotators participated in structured training workshops
tailored to each construct. Each session included definition
reviews, guided examples, practice annotations, and
collaborative discussions to ensure alignment in interpretation.
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Model Selection
We applied identical prompts, with no model-specific tuning,
to 6 models from 3 vendors: GPT-4o-mini, GPT-5.5, Claude
Opus 4.8, Claude Sonnet 4.6, Gemini 3.5 Flash, and Gemini
3.1 Flash-Lite, scoring each against the same human-annotated
validation sets. Exact version strings and API access dates are
reported in Table S4 in Multimedia Appendix 2 and pinned in
our released analysis code.

Agreement with human annotations was broadly consistent
across models (Table S3 in Multimedia Appendix 2): overall
ICC ranged from 0.713 to 0.801 (SD 0.032), and every model
exceeded 0.70 despite spanning roughly an order of magnitude
in cost. We take this as evidence that measurement accuracy
rests on the prompts and their grounding in established coding
frameworks rather than on any particular vendor’s model.

The exception was emotion. Under GPT-4o-mini, 3 of the 9
emotion categories fell below ICC 0.50 (fear: ICC=0.453,
anxiety: ICC=0.465, depression: ICC=0.489) and the mean
emotion ICC was 0.606 (SD 0.124), which we did not regard
as adequate for the outcome measures carrying H3 and H4. On
the same validation sets, the best-performing model reached a
mean emotion ICC of 0.743 (SD 0.053), with every category
above 0.65 (Table S3b in Multimedia Appendix 2). We therefore
measured all therapist behaviors (empathy components,
exploration, and reflection), rapport, and client self-disclosure
with GPT-4o-mini, and rederived the nine emotion measures
with Gemini 3.5 Flash.

Interpretation of the Validation Results
Table 3 shows that, according to established guidelines [43],
all of our human-human and LLM-human ICC values fall in
the “good” (0.60-0.74) to “excellent’’ (0.75-1.00) ranges.

Each of the 4 empathy dimensions was validated on 50
utterances by 3 raters, and all fell in the “good” to “excellent”
range. Agreement was highest for interpretation (ICC=0.749)
and exploration (ICC=0.732), and lower for emotional reactions
(ICC=0.601) and reflection (ICC=0.658)—the same 2
dimensions that showed the lowest human-human reliability,
suggesting they involve more subjective affective inference that
is harder for both humans and LLMs to judge consistently.

Self-disclosure (150 utterances, 3 raters) and rapport, measured
at the segment level (200 samples, 6 raters), both showed good
to excellent agreement (ICC=0.781 and 0.806, respectively),
indicating that the model captures both the depth of client
expression and multiturn relational signals.

Emotion was measured with Gemini 3.5 Flash and validated on
450 utterances spanning 9 affect categories, annotated by 6
raters. Agreement averaged ICC 0.743 (SD 0.053) across the 9
categories. Emotions with distinct verbal signatures were rated
most reliably—disgust (ICC=0.799), enjoyment (ICC=0.798),
anger (ICC=0.796), and contempt (ICC=0.771)—while more
introspective or ambiguous states proved harder: anxiety
(ICC=0.748) and sadness (ICC=0.733) still reached good
agreement, but fear (ICC=0.706), surprise (ICC=0.677), and
depression (ICC=0.659) were the weakest in our framework,
reflecting the difficulty of inferring complex affect from text
alone, without vocal tone or facial expression.

Overall, agreement with trained lay annotators ranged from
good to excellent. Our annotators were undergraduate
psychology majors or students who had completed at least 2
relevant courses; they were trained on our coding scheme but
are not clinicians, so these figures should not be read as
agreement with expert clinical judgment. We also note that an
ICC above 0.75 is the conventional standard for measures
intended to inform clinical decisions, and that our measures do
not uniformly meet it.
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Table 3. Validation results comparing human-human reliability and model-human agreement across constructs.a

LLM-human, Pearson rLLMc-human, ICC2,k (95% CI)Human-human, ICCb
2,k (95% CI)Measurement

Empathy

0.6330.601 (0.52-0.67)0.634 (0.59-0.72)Emotional reaction

0.8140.749 (0.69-0.80)0.763 (0.70-0.82)Interpretation

0.6860.732 (0.67-0.79)0.826 (0.78-0.87)Exploration

0.7540.658 (0.60-0.71)0.654 (0.60-0.74)Reflection

0.6760.806 (0.75-0.86)0.720 (0.61-0.81)Rapport

0.6210.781 (0.70-0.84)0.749 (0.67-0.81)Self-disclosure

Emotions

0.6790.796 (0.745-0.837)0.799 (0.73-0.85)Anger

0.7100.771 (0.718-0.812)0.657 (0.55-0.73)Contempt

0.7110.799 (0.744-0.842)0.719 (0.62-0.79)Disgust

0.6730.798 (0.732-0.849)0.838 (0.80-0.87)Enjoyment

0.5760.706 (0.626-0.768)0.672 (0.56-0.75)Fear

0.6150.733 (0.676-0.782)0.719 (0.60-0.79)Sadness

0.5260.677 (0.583-0.749)0.702 (0.61-0.77)Surprise

0.6290.748 (0.695-0.792)0.757 (0.67-0.81)Anxiety

0.6020.659 (0.591-0.719)0.710 (0.62-0.77)Depression

aEmpathy, reflection, rapport, and self-disclosure values were produced with GPT-4o-mini. All 9 emotion values were rederived with Gemini 3.5 Flash
following the comparative validation reported in Table S3 in Multimedia Appendix 2; the corresponding GPT-4o-mini emotion values are reported in
Table S3b in Multimedia Appendix 2. Because most constructs—empathy mechanisms, self-disclosure, emotions, and rapport—use ordinal or continuous
scales, we report the ICC2,k, a 2-way random-effects coefficient that captures both absolute agreement and consistency in rating magnitudes [44,45].
Reflection is binary; we report ICC2,k for it as well so that all constructs appear on a common scale. Prompt calibration and model agreement with an
external benchmark dataset are reported in Table S2 in Multimedia Appendix 2.
bICC: intraclass correlation coefficient.
cLLM: large language model.

Modeling of Therapist-Client Dynamics in
Psychotherapy
We used SEM to analyze the AS data in order to capture
temporal patterns unfolding between therapist and client
behaviors across sessions. To reduce model complexity, we
first conducted principal component analysis (PCA) for
constructs such as emotion and empathy, which were composed
of multiple components [46]. We then specified and fit SEMs
using R’s lavaan package [47]. Because utterances are nested
within sessions and sessions within clients, we estimated a
saturated multivariate SEM with SEs clustered on a unique
session identifier constructed as the combination of client and
session [48]. To verify that our conclusions did not depend on
this choice of statistical method, we also fitted a multilevel
model with random intercepts for session and for client. The 2
specifications agree on the direction and approximate magnitude
of every association; the only discrepancy concerns rapport,
whose association with self-directed negative emotion is
marginal in the SEM and marginally significant in the multilevel
model, which is the basis for our statement that the rapport
effect is not robust.

Results

PCA Results

Emotions
As shown in Table 4, across 9 client emotion indicators
(n=122,939), PCA produced a 4-component rotated structure
explaining 78.9% of the total variance. The first component,
self-directed negative emotions, showed strong positive
associations with sadness (loading=0.88), anxiety
(loading=0.85), fear (loading=0.74), and depression
(loading=0.88). This component captures inwardly oriented
emotional distress; averaging these 4 emotions leads to a highly
reliable self-directed negative emotions scale (Cronbach
α=0.87). The second component, outward-directed negative
emotions, was defined by high associations with contempt
(loading=0.91), disgust (loading=0.79), and anger
(loading=0.79), representing externally oriented aversive
reactions directed toward some external target (eg, “angry at...”).
Averaging these 3 emotions leads to a highly reliable
outward-directed negative emotions scale (Cronbach α=0.79).
The third component corresponded almost exclusively to
surprise, which showed minimal cross-loadings, indicating that
surprise functions as an independent expressive signal rather
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than belonging to either negative-emotion grouping. Similarly,
the fourth component corresponded almost exclusively to
enjoyment, which showed an extremely high loading
(loading=0.98) and low cross-loadings. We treat these 4

components as distinct outcomes: self-directed negative
emotions, outward-directed negative emotions, surprise, and
enjoyment, each of which functions as an independent
expressive signal.

Table 4. Principal component analysis loadings of emotion and empathy.a

EnjoymentSurpriseOutward-directed negative
emotions

Self-directed negative
emotions

Item

Panel A. Emotions

–0.0980.0660.7880.236Anger

–0.0210.0260.9050.038Contempt

0.0030.0490.7880.062Disgust

0.9840.061–0.045–0.137Enjoyment

–0.1010.279–0.0560.744Fear

–0.077–0.1360.1670.879Sadness

0.0760.9290.075–0.007Surprise

–0.1470.2180.0650.848Anxiety

–0.073–0.1730.1290.880Depression

Panel B. Empathy

——b–0.3310.494Reaction

——0.0020.624Interpretation

——0.9420.209Exploration

——–0.0600.568Reflection

aPanel A reports varimax-rotated loadings from the 4-component solution on the Gemini 3.5 Flash emotion measures (n=122,939), which together
explain 78.9% of the variance. Panel B reports the therapist-behavior loadings (n=120,277), which together explain 75% of the variance. Both PCA
sample sizes exceed the estimation sample of 119,233 because they include utterances from each client’s first session, which the models drop for lack
of a prior-session rapport value; the empathy solution is estimated on therapist utterances rather than client utterances.
bNot applicable.

Empathy
For the 4 therapist-behavior items (n=120,277), PCA revealed
a 2-component solution explaining roughly 75% of the variance.
The first component, general empathy, showed strong
associations with interpretation (loading=0.62), reflection
(loading=0.57), and reaction (loading=0.49), representing
empathic understanding and responsive attunement. Averaging
these resulted in a highly reliable general empathy scale
(Cronbach α=0.71). The second component, exploration,
emerged as a distinct factor defined primarily by the exploration
item (loading=0.94), indicating a separate behavioral dimension
focused on directive inquiry and probing.

SEM Results

Overview
Based on these PCA results, we specified a multivariate SEM
in which 5 utterance-level client-related outcome variables
(disclosure and 4 emotional expression variables—self-directed
negative emotion, outward-directed negative emotion, surprise,
and enjoyment) were regressed on utterance-level therapist
behaviors (exploration and empathy), session-level rapport from

the previous session, and the number of sessions clients have
had with their therapist (log-transformed session index).

We estimated a structural equation model in which the 5 client
outcomes in a given utterance were regressed simultaneously
on the therapist’s behaviors in the preceding utterance,
client-therapist rapport from the previous session, and the
log-transformed session index, with SEs clustered on a unique
session identifier constructed as the combination of client and
session. Because every outcome is regressed on every predictor
and all residual covariances are free, the model is saturated and
has zero degrees of freedom; fit indices are consequently
uninformative and are not reported. The SEM estimates are
shown in Table 5 and Figure 1.

As a robustness check, we conducted parallel analyses using
multilevel models. Utterances are nested within sessions and
sessions within clients, and we therefore estimated random
intercepts for both session and client. Results are reported in
Table S7 in Multimedia Appendix 2 and are consistent with the
SEM estimates. Because these models are not saturated,
likelihood-based fit comparisons are informative, and we

additionally report marginal and conditional R2 for each outcome
(Tables S8 and S9 in Multimedia Appendix 2).

JMIR Ment Health 2026 | vol. 13 | e95389 | p. 8https://mental.jmir.org/2026/1/e95389
(page number not for citation purposes)

Chen et alJMIR MENTAL HEALTH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


Table 5. Structural equation modeling results.a

Client’s emotion expressionClient’s disclosurePredictor

EnjoymentSurpriseOutward-directed nega-
tive emotion (anger to
contempt to disgust)

Self-directed negative
emotion (sadness to fear to
anxiety to depression)

Log session ID

0.008 (–0.011 to
0.028)

0.011 (–0.001 to
0.023)

0.019 (–0.001 to 0.040)0.002 (–0.020 to 0.024)0.008 (–0.009 to 0.025)Estimates (95%
CI)

.40.07.06.85.35P value

Rapport (prior session)

0.017 (0.001 to
0.033)

0.002 (–0.008 to
0.012)

–0.004 (–0.020 to
0.012)

–0.017 (–0.035 to 0.001)–0.003 (–0.017 to 0.012)Estimates (95%
CI)

.04.66.62.07.73P value

Exploration

–0.041 (–0.048 to
–0.034)

–0.013 (–0.019 to
–0.007)

–0.011 (–0.017 to
–0.004)

0.078 (0.070 to 0.087)0.086 (0.078 to 0.094)Estimates (95%
CI)

<.001<.001.002<.001<.001P value

Empathy

–0.037 (–0.043 to
–0.030)

0.010 (0.004 to
0.017)

0.020 (0.013 to 0.028)0.118 (0.110 to 0.127)0.086 (0.078 to 0.095)Estimates (95%
CI)

<.001.002<.001<.001<.001P value

an=119,233 client utterances from 1573 sessions and 37 clients, with SEs clustered on a unique session identifier constructed as the combination of
client and session.

Figure 1. Path diagram of associations between therapist behavior, prior-session rapport, and client responses in the following turn. Estimates are
standardized coefficients from the saturated structural equation modeling reported in Table 5, with SEs clustered at the session level (n=119,233). Line
thickness is proportional to effect magnitude. Solid blue indicates a significant positive association and solid red a negative one at P<.05; dashed gray
indicates a nonsignificant association. CIs are reported in Table 5. The log-transformed number of sessions the client already had was included as a
covariate in the structural equation modeling (SEM) analysis reported in Table 5, but omitted in the path diagram. All associations are small in absolute
terms (|β|≤.12).
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Hypothesis 1: Therapist Behaviors and Client
Self-Disclosure
Hypothesis 1 is supported: a client’s self-disclosure is associated
with the counselor’s immediately preceding behavior,
particularly their expressed empathy and exploratory probing.
As shown in Table 5, therapist behaviors in the preceding turn
were associated with client self-disclosure. Both empathy
(β=.086, 95% CI 0.078-0.095; P<.001) and exploration (β=.086,
95% CI 0.078-0.094; P<.001) showed small positive
associations. The 2 coefficients were nearly identical in
magnitude, indicating that expressed empathy and exploratory
questioning in the prior therapist turn were similarly associated
with clients’ likelihood of disclosing personal information in
the subsequent turn. These findings support hypothesis 1.

Hypothesis 2: Therapist-Client Relationship (Rapport)
and Client Self-Disclosure
Hypothesis 2 is not supported: a client’s self-disclosure during
a session is unrelated to cumulative rapport prior to the current
session. Rapport from the previous session showed no
meaningful association with disclosure in the current session
(β=–.003, 95% CI –0.017 to 0.012; P=.73). The effect was
essentially zero and statistically nonsignificant, providing no
evidence that cumulative rapport increases the amount of
information clients choose to reveal. Thus, hypothesis 2 is not
supported.

Hypothesis 3: Therapist Behaviors and Client Negative
Emotions
Hypothesis 3 is partially supported: higher levels of therapist
empathy and exploration are associated with greater expression
of self-directed negative emotions. Therapist empathy in the
prior turn was positively associated with both types of negative
emotion, with the association for self-directed negative emotion
(β=.118, 95% CI 0.110-0.127; P<.001) approximately 6 times
larger than for outward-directed negative emotion (β=.020, 95%
CI 0.013-0.028; P<.001). Exploration showed the same pattern
for self-directed negative emotion (β=.078, 95% CI 0.070-0.087;
P<.001) but was associated with slightly lower outward-directed
negative emotion (β=–.011, 95% CI –0.017 to –0.004; P=.002).
Hypothesis 3 therefore holds for self-directed negative emotion
but not uniformly across both emotion groups.

This asymmetry aligns with the functional distinction between
the 2 emotion groups. Empathic responses may accompany a
relational context in which clients feel safer acknowledging
emotional distress, which would be consistent with the observed
pattern of greater sadness, anxiety, and depression alongside
less enjoyment. Outward-directed emotions such as anger,
contempt, and disgust, by contrast, are more often reactive to
external circumstances and may be relatively less dependent on
empathic attunement for their expression.

Hypothesis 4: Therapist-Client Relationship (Rapport)
and Client Negative Emotions
Hypothesis 4 is not supported: higher rapport between therapists
and clients is not associated with greater expression of negative
emotions. Contrary to hypothesis 4, greater rapport in the
previous session was associated with lower levels of

self-directed negative emotion in the current session, although
this association was not significant (β=–.017, 95% CI –0.035
to 0.001; P=.07). The association with outward-directed emotion
was also nonsignificant (β=–.004, 95% CI –0.020 to 0.012;
P=.62).

We found no evidence that higher rapport is associated with
greater expression of internally directed negative emotions
(sadness, fear, anxiety, and depression) or outward-directed
negative emotions (anger, contempt, and disgust). However,
higher rapport is associated with greater enjoyment (β=.017,
95% CI 0.001 to 0.033; P=.04).

Discussion

Summary of Findings and Interpretations
This study examined how therapist behaviors and prior-session
rapport relate to what clients say and feel during therapy. By
analyzing each utterance and separating negative emotions into
2 groups, self-directed and outward-directed, we were able to
see how different therapist actions are associated with different
types of emotional expression and client disclosure.

We found that therapist empathy and exploration showed small
positive associations with client disclosure (β=.086 for each).
When therapists responded with understanding or asked clients
to elaborate, clients became more willing to share personal
information in the next turn. Empathy was also associated with
greater negative emotional expression, although the association
was approximately 6 times larger for self-directed negative
emotions (sadness, fear, anxiety, and depression) than for
outward-directed emotions (anger, contempt, and disgust).
Overall, these findings are consistent with literature reporting
that empathy is associated with greater emotional accessibility
and tolerance, which may help clients approach and articulate
difficult feelings [49,50].

Contrary to our expectations, rapport was not associated with
greater self-disclosure or outward-directed negative emotions.
A methodological gap may help clarify the mixed findings for
rapport. Our hypotheses assumed that rapport represented the
client’s subjective experience of trust and safety, but in this
study, the LLM measurement of rapport was based on observer
ratings (Working Alliance Inventory-Observer version
[WAI-O]). While prior research shows that both the outside
observer and client version of the WAI predict positive treatment
outcomes, such as improvements in depression, anxiety, and
posttraumatic stress, the effect sizes are larger for alliance
measured from a client’s perspective [15,51]. However, the
client and observer perspectives are not strongly related to each
other. If the rapport scores reflect what observers see in the
session, rather than how clients personally experience the
relationship, then the weaker or unexpected effects become
easier to understand. Future work should include measures based
on client-rated rapport to better test our hypotheses.

Limitations

Small Effect Sizes
We acknowledge the small effect sizes of all the associations
we report and that practical use of our empirical research would
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require evidence of stronger association. The weak effect size
problem may be methodological and may require better
automated measures of the constructs such as empathy and
self-disclosure. Or the low associations may be more theoretical,
for instance, identifying the aggregation of turns and lags to
show stronger associations. For example, our measure of rapport
looks only at rapport as measured in the last session, but
meta-analytic work [51] suggests measuring rapport over a
longer span and measured later in therapy. Similarly, the
relationship between empathy and self-disclosure may be
stronger if empathy were measured over a longer period of time
and not just at the immediately preceding turn.

Dataset Scope and Generalizability
Our analyses draw on a single corpus of professionally
transcribed, one-on-one therapy sessions from the AS dataset.
While this corpus provides high-quality, naturalistic clinical
interactions, it reflects primarily Western therapeutic contexts.
Linguistic, cultural, and religious backgrounds play an important
role in shaping how clients express emotion, disclose personal
information, and build rapport. Cultural norms influence
preferred communication styles, expectations of therapist-client
roles, and the degree to which emotional experiences are
expressed directly or indirectly [52,53]. In many cultural
contexts, emotional expression is modulated by sociocultural
rules (eg, display norms), and self-disclosure is shaped by
collective vs individualistic value systems and culturally
grounded understandings of distress [54]. These differences can
affect how therapeutic processes unfold and how constructs
such as empathy, disclosure, or rapport manifest in session
dialogue. In addition, this dataset is text-only, focusing on verbal
content rather than multimodal cues. Because many therapeutic
constructs are conveyed through language, the corpus supports
meaningful measurement of therapist behaviors and client
processes, though future work incorporating audio or multimodal
data could further enrich assessments of emotional nuance and
relational attunement. Therefore, the generalizability of our
findings to other modalities, populations, or cultural settings
remains an open question.

We were also unable to conduct subgroup analyses by clinical
status or participant characteristics, which could have revealed
meaningful heterogeneity. Three features of the data prevent
this. The corpus is anonymized, so patient names, gender, and
other identifying details are unavailable. The recorded presenting
conditions are vague and are associated at the client level,
leaving roughly one to 2 clients per condition, far too few to
estimate a separate model per subgroup. Most fundamentally,
all measures in our models are standardized within client, which
removes between-client variance by construction, so the model
as specified cannot address between-client questions of any
kind. Datasets that retain clinical and demographic metadata
would permit the analyses this limitation forecloses.

Contributions and Limitations of the LLM Prompts

Overview
Table S3 in Multimedia Appendix 2 shows that our prompts
have the potential to generalize and are not an artifact of one
vendor’s model. If a specific model is updated or withdrawn,

the prompts can be reapplied to an alternative model and yield
comparable measurements. Researchers can also consult Table
S3 in Multimedia Appendix 2 to choose a model appropriate to
their budget and construct of interest. However, we want to
acknowledge 3 limitations:

Portability of the Prompts
For example, the ICCs for the emotion measures ranged from
0.606 to 0.743. For these constructs, model choice materially
affects measurement, and researchers substituting one model
for another should expect different results.

Vendor-Driven Behavioral Drift
We recorded the exact model version strings and API access
dates for all 6 models, pinned those versions in the released
analysis code, and released all prompts. However, vendor-driven
behavioral drift—the changes in behavior caused by shifts in
the underlying models—is a limitation that we want to
acknowledge [55].

Lack of Transparency
Although the scoring prompts/rubrics can be directly inspected
and critiqued and are released with the paper, the model’s
reasoning remains opaque [56].

Ethical Considerations in LLM-Based Assessments
for Therapeutic Applications
The use of LLMs to assess therapeutic interactions introduces
important ethical considerations that must be carefully addressed
to prevent harm and ensure responsible deployment. Although
this study focuses on designing LLM-based measurement of
generic therapist behavior types (eg, empathy) and high-level
client outcomes (eg, self-disclosure and emotional expression),
we also acknowledge that LLMs may inadvertently reproduce
or amplify harmful behaviors, particularly those affecting
marginalized or underrepresented groups. In the context of our
study, these biases may manifest in the inappropriate or
inaccurate evaluation of therapist behaviors or their relationships
with client outcomes due to a limited understanding of the
complex and culturally situated needs for different demographic
groups. For example, models may systematically misinterpret
communication styles common in particular cultures as
avoidance, or misinterpret culturally normative emotional
restraint as disengagement [57,58]. Similarly, expressions of
emotional state and symptoms from marginalized groups may
be flattened or pathologized, as has been the case across history
when it comes to cultural differences for mental health treatment
outcomes [59,60]. Limitations of the current model include
insufficient cultural responsiveness in non-Western therapeutic
dyads [61], a lack of nuanced understanding of clinical context
(eg, the presence of underlying psychotic processes or
approach-avoidance patient behaviors driven by insecure
attachment), and a lack of external validation demonstrating
clear value for patient outcomes.

Future Work
These considerations highlight several directions for future
research. First, future studies should examine sessions conducted
by therapists with varying levels of experience, as expertise
may influence the variability of rapport. Second, future work

JMIR Ment Health 2026 | vol. 13 | e95389 | p. 11https://mental.jmir.org/2026/1/e95389
(page number not for citation purposes)

Chen et alJMIR MENTAL HEALTH

XSL•FO
RenderX

http://www.w3.org/Style/XSL
http://www.renderx.com/


should test sequential mediation and moderation directly. Our
data could not test moderation: the rapport main effect was not
robust across specifications, and 37 clients is too few to estimate
a cross-level interaction with useful precision. Future work
should use multilevel dynamic SEM or related
state-space/continuous-time approaches with distributed lags,
random slopes, and cross-level interactions to capture
heterogeneity across therapists and clients. Future work with
datasets that include therapist identifiers could extend this work
by examining how individual therapists differentially enact
these general skills, but this lies beyond the scope of our present
aims. Future analyses could also look for nonlinear patterns
(such as thresholds or inverted-U shapes) and use mixture
models to uncover different types of process patterns that might
be hidden when averaging across all sessions.

Beyond these methodological directions, 2 ethical requirements
should guide any future use of LLM-based automatic
assessment. First, external validation before deployment. Our
measures have been validated against trained lay annotators,
not against clinical experts or patient outcomes. Demonstrating
that these constructs predict clinically meaningful change is a
prerequisite for any decision-support role. Until such validation
exists, the appropriate use of this framework is research at scale,
not clinical guidance.

Second, requirements for prospective deployment. Should
systems of this kind eventually offer assessment or direct
feedback to clinicians in training, that step would require
safeguards our archival study does not need and therefore does
not test: postdeployment monitoring for drift in the underlying
commercial models, crisis-escalation protocols for sessions
where risk indicators appear, rigorous data accountability for
highly sensitive session content, and evaluation of differential
performance across the populations on which the system would
be used.

Conclusion and Broader Implications
This study provides a process-level account of how clinicians’
in-session behaviors relate to clients’ next-turn responses.
Across outcomes, therapist empathy and exploration showed
small but consistent associations with client disclosure and with
the direction of emotional expression, while prior-session
rapport showed no association that was robust across model
specifications. Whether rapport conditions the association
between therapist behavior and client response is a question our
design cannot answer, and we identify it as a priority for future
work. These findings provide a computational foundation for
precision modeling of psychotherapy processes and may offer
actionable insights for scalable therapist training and
AI-supported clinical education systems.
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