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The therapeutic working alliance is a critical predictor of psychotherapy success. Traditionally, working alliance assessment relies on
questionnaires completed by both therapists and patients. In this paper, we present COMPASS, a novel framework to directly infer
the therapeutic working alliance from the natural language used in psychotherapy sessions. Our approach leverages advanced
large language models (LLMs) to analyze session transcripts and map them to distributed representations. These representations
capture the semantic similarities between the dialogues and psychometric instruments, such as the Working Alliance Inventory.
Analyzing a dataset of over 950 sessions spanning diverse psychiatric conditions -- including anxiety (N= 498), depression
(N= 377), schizophrenia (N= 71), and suicidal tendencies (N= 12) -- collected between 1970 and 2012, we demonstrate the
effectiveness of our method in providing fine-grained mapping of patient-therapist alignment trajectories, offering interpretable
insights for clinical practice, and identifying emerging patterns related to the condition being treated. By employing various deep
learning-based topic modeling techniques in combination with prompting generative language models, we analyze the topical
characteristics of different psychiatric conditions and how these topics evolve during each turn of the conversation. This integrated
framework enhances the understanding of therapeutic interactions, enables timely feedback for therapists on the quality of
therapeutic relationships, and provides clear, actionable insights to improve the effectiveness of psychotherapy.
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INTRODUCTION
The working alliance, which encompasses various cognitive and
emotional aspects of the therapist-patient relationship, is a critical
concept in psychotherapy identified as a crucial factor in
predicting treatment outcomes [1, 2]. Research over the past
few decades has consistently demonstrated the significant role
that a strong working alliance plays in determining the success of
various therapeutic modalities, especially in patient engagement
and adherence to treatment [3–5]. However, current methods for
assessing the alliance rely on evaluating entire therapy sessions
using point-scale ratings [6], with questionnaires and clinical
instruments such as the working alliance inventory (WAI). As a
current standard in the field, the working alliance inventory (WAI)
is a self-report measurement designed to quantify the therapeutic
bond, task agreement, and goal agreement in psychotherapy
[6–8]. It is typically completed by both patient and therapist at
multiple points during therapy to monitor the development and
quality of the therapeutic alliance. Common practice involves
administering the WAI at the beginning of treatment to establish a
baseline, at mid-treatment to track progress, and toward the end
to assess changes in the alliance over time. In some settings, it
may also be completed periodically throughout therapy, such as
after every few sessions or even after each session, to
continuously evaluate alliance strength.

The WAI has been widely used to assess the quality of the
working alliance between therapists and patients, demonstrat-
ing strong psychometric properties [7, 8]. Research indicates that
higher WAI scores are associated with better therapy outcomes
across various diagnoses, including depression and anxiety
disorders. The effect sizes for the correlation between alliance
quality and treatment outcomes range from 0.19–0.32, suggest-
ing a moderate relationship [9, 10]. The WAI’s reliability is
evidenced by a high internal consistency (Cronbach’s alpha
around 0.93) and validation across diverse populations and
therapeutic settings [9, 11].
Alliance development patterns can vary based on the

therapeutic approach. For instance, in cognitive-behavioral
therapy (CBT), a strong initial alliance is often crucial for patient
engagement and treatment adherence [11]. Studies have also
noted differences in alliance strength and its associations with
treatment outcomes across diagnostic groups. A study compar-
ing alliance ratings among patients with depression, somatoform
disorders, and eating disorders found no significant differences
in the strength of alliance ratings or their associations with
treatment outcomes across these groups. All three groups
reported positive alliances that improved over the course of
therapy [12]. In all studied disorder groups, there was a notable
incongruence between patient and therapist ratings of the

Received: 29 February 2024 Revised: 25 March 2025 Accepted: 8 April 2025

1Department of Artificial Intelligence and Human Health, Icahn School of Medicine at Mount Sinai, New York, NY, USA. 2Department of Psychiatry, Icahn School of Medicine at
Mount Sinai, New York, NY, USA. 3Department of Neuroscience, Icahn School of Medicine at Mount Sinai, New York, NY, USA. 4Berkman Klein Center for Internet & Society,
Harvard University, Cambridge, MA, USA. 5IBM Research, T.J. Watson Research Center, Yorktown Heights, NY, USA. 6Mental Illness Research, Education and Clinical Center, James J.
Peters VA Medical Center, Bronx, NY, USA. ✉email: baihan.lin@mssm.edu

www.nature.com/tpTranslational Psychiatry

1
2
3
4
5
6
7
8
9
0
()
;,:

http://crossmark.crossref.org/dialog/?doi=10.1038/s41398-025-03379-3&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41398-025-03379-3&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41398-025-03379-3&domain=pdf
http://crossmark.crossref.org/dialog/?doi=10.1038/s41398-025-03379-3&domain=pdf
http://orcid.org/0000-0002-7979-5509
http://orcid.org/0000-0002-7979-5509
http://orcid.org/0000-0002-7979-5509
http://orcid.org/0000-0002-7979-5509
http://orcid.org/0000-0002-7979-5509
http://orcid.org/0000-0002-8902-4353
http://orcid.org/0000-0002-8902-4353
http://orcid.org/0000-0002-8902-4353
http://orcid.org/0000-0002-8902-4353
http://orcid.org/0000-0002-8902-4353
http://orcid.org/0000-0003-1013-8348
http://orcid.org/0000-0003-1013-8348
http://orcid.org/0000-0003-1013-8348
http://orcid.org/0000-0003-1013-8348
http://orcid.org/0000-0003-1013-8348
https://doi.org/10.1038/s41398-025-03379-3
mailto:baihan.lin@mssm.edu
www.nature.com/tp


therapeutic alliance. This discrepancy highlights the importance
of aligning perceptions to enhance therapeutic processes and
outcomes. Clients with severe mental illnesses, such as schizo-
phrenia or personality disorders, often rate the alliance higher
than their therapists do [13]. This discrepancy can impact
therapy dynamics and outcomes [13]. For instance, clients with
substance misuse issues tend to exhibit larger rating discrepan-
cies compared to those with other severe disturbances. Patterns
of alliance development can differ based on diagnosis, with
some studies identifying stable alliances or linear growth
patterns as being correlated with better outcomes [9]. Under-
standing these patterns can help tailor therapeutic approaches
to individual needs.
For evidence-based psychotherapies such as cognitive beha-

vioral therapy (CBT) [14], quantifying best practices on a large
scale has proven challenging. While CBT has demonstrated
efficacy for various mental health conditions, including anxiety,
depression, and psychosis, capturing the nuances of effective
therapeutic techniques in real-world settings remains complex
[15]. Traditional assessment methods fall short in providing the
necessary granularity and scalability to capture the subtleties of
therapist-patient interactions within sessions, which can be
important, particularly, during child and adolescent developmen-
tal stages [16]. The therapeutic alliance in CBT not only enhances
engagement but also facilitates collaborative empiricism, a key
principle where both therapist and client actively explore
thoughts and behaviors together [17]. By examining alliance
patterns within sessions, therapists can make real-time adjust-
ments to interventions, refining techniques to meet individual
needs. Hence, understanding this process via alliance can allow us
to better quantify the best practice to generalize across
populations. This is similarly true in other therapy settings, such
as psychodynamic therapy and psychotherapy in general. For
instance, in psychodynamic therapy, which often delves into
unconscious processes and past experiences, the therapeutic
alliance is particularly vital. The quality of this alliance can
significantly affect the patient’s willingness to engage with
challenging material related to their emotions and relationships.

A positive alliance can facilitate the exploration of transference,
where feelings about significant others are projected onto the
therapist—enabling patients to gain insights into their relational
patterns [9].
While the WAI is a valuable tool, its periodic administration

cannot capture the nuanced, moment-to-moment alliance
dynamics that drive therapeutic progress. Furthermore, regular
WAI assessment proves too time-intensive for both clinical
practice and large-scale research. Although psychotherapy was
an early adopter of Natural Language Processing (NLP), with
pioneering efforts like ELIZA and Parry simulating therapeutic
interactions [18, 19], these innovations never gained systematic
clinical adoption.
We propose leveraging large language models (LLMs) to

quantify patient-therapist alliance by mapping dialogue turns
onto established WAI dimensions [6–8]. Building on recent NLP
advances [20–24], our approach enables analysis of alliance
patterns across multiple timescales - from individual turns to
entire therapeutic trajectories. Our methodology, COMPASS
(COmputational Mapping of Patient-Therapist Alliance Strate-
gieS), analyzes therapy transcripts by mapping each conversa-
tional turn to WAI concepts, generating granular alliance scores
that can reveal diagnosis-specific patterns in therapeutic bond
development [22]. We validate this approach using the
Alexander Street dataset [25], comprising over 950 transcribed
sessions with patients diagnosed with anxiety (N= 498),
depression (N= 377), schizophrenia (N= 71), and suicidal
tendencies (N= 12). Previous research has demonstrated NLP’s
utility in analyzing mental health discourse, from uncovering
latent structures in depression-related language on Twitter [26]
to enhancing PTSD detection [27].
Building on this foundation, we conduct systematic topic

modeling at the dialogue turn level to generate interpretable
insights (Fig. 1). COMPASS’s effectiveness is validated through
improved classification and diagnostic capabilities compared to
baseline models, offering actionable insights for enhancing
psychotherapy strategies through timely, granular alliance
monitoring.

Fig. 1 Analytical pipeline of the working alliance analysis. The transcript is separated into turns by the therapist (T) and turns by the
patients (P). These dyads of turns are compared separately by the working alliance inventories (WAI) for the clients and the therapists in the
sentence embedding space, and the inferred WAI scores according to different inventory items are computed and then summarized into
separate scales for Task, Bond and Goal. Topics and embeddings not biased by WAI are also computed for further analysis and interpretation
through sequence modeling, a validating example of which is the diagnosis of psychiatric condition being treated only given the linguistic
features of patient-doctor conversations.
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METHODS AND MATERIALS
Psychotherapy transcript dataset
We begin by introducing the dataset used in our study. The Alexander
Street Counseling and Psychotherapy Transcripts dataset [25] consists of
transcribed recordings of over 950 therapy sessions between multiple
anonymized therapists and patients. Each session covers one of four
psychiatric conditions: anxiety, depression, schizophrenia, and suicidal
tendencies. This comprehensive collection includes speech-translated
transcripts of the recordings from real therapy sessions, 40,000 pages of
client narratives, and 25,000 pages of reference works.
The Alexander Street data includes a large repository of anonymized

transcripts of therapy sessions, representing a wide range of approaches
including prominently Group Counseling, Cognitive Behavior Therapy,
Person-centered Therapy, Brief Relational Therapy, Relational Emotive
Behavior Therapy, Psychoanalysis, and Integrative Psycho- analysis,
spanning sessions conducted from 1970 through 2012, with client ranging
in age from 11–80+ yo, an approximate female-male distribution of
70–30% and less than 10% bisexual/non-binary gender; the majority of
therapists/counselors are anonymous (75%+).
This dataset provides a comprehensive source for analyzing the

therapeutic process in psychotherapy, where we extracted the following
cohort with 498 sessions for anxiety, 377 for depression, 71 for
schizophrenia, and 12 for suicidal tendencies. The sessions cover four
types of psychiatric conditions: anxiety, depression, schizophrenia, and
suicidal. Each dialogue pair consists of a patient response turn Sp followed
by a therapist response turn St. In total, the dataset contains over 200,000
turns from both patients and therapists, providing a rich source for
analyzing the therapeutic process in psychotherapy.

Deep learning inference of working alliance
The analytic framework for inferring the working alliance from psychother-
apy sessions is illustrated in Fig. 1. Our approach involves analyzing the
complete set of transcript records, which can be segmented based on
timestamps or topic turns, from individual patients with various clinical
conditions or from cohorts of patients with the same condition. The
original data is presented in pairs of dialogues, and we extract features in
three different ways: (1) using the full pairs of dialogues, (2) extracting only
the patients’ responses, or (3) extracting only the therapists’ responses.
Each feature set has its advantages and disadvantages. The dialogue
features contain all the information but can mix together the intents within
sentences from both individuals.
The dialogue between the patient and therapist in a session is

transcribed into pairs corresponding to the patient’s turn, followed by
the therapist’s turn 1. The inventories of working alliance questionnaires
are also provided in pairs for the patient and the therapist, each
comprising 36 statements. We employ sentence or paragraph embeddings
to encode both the dialogue turns and the inventories; the embeddings
are vectorial representations of text [28] that we then use to compute the
similarity between turns and inventory item. This approach yields a 36-
dimensional inferred working alliance score for each patient and therapist
turn; we will further discuss the specific scales of our inferred working
alliance scores in Section 2.4 (see Supplementary Materials).

Sentence embeddings
To represent the dialogue turns and working alliance inventories, we
employ deep sentence embeddings. In this study, we use two types of
sentence embeddings, Doc2Vec and SentenceBERT, which are two popular
choices of deep learning-based embedding models of documents or
sentences. We used these two models of different neural architectures to
demonstrate the model-agnostic feasibility of the fine-grained linguistic
analytics.
Doc2Vec [29] is an unsupervised learning model that learns vector

representations of sentences and documents. It extends the traditional

bag-of-words representation by incorporating a distributed memory that
captures the context of the sentence. We use Doc2Vec to generate
embeddings of the dialogue turns and working alliance inventories,
resulting in 300-dimensional vectors.
SentenceBERT [30] is a modified version of the BERT model [31]

specifically designed for sentence embeddings. It utilizes siamese and
triplet network structures to infer semantically meaningful sentence
representations. We use SentenceBERT to generate 384-dimensional
embeddings of the dialogue turns and inventories, which we use to
obtain a 36-dimensional working alliance score for each turn, as described
above, but also as agnostic representations of the turns unbiased by the
working alliance inventory.

Working alliance inventory
The modern version of the working alliance inventory (WAI) consists of 36
questions, and participants are asked to rate each item on a 7-point scale
(1= never, 7= always) [8], as detailed by the full inventory in the
Supplementary Materials (Table S1). The working alliance inventories are
usually administered with two versions, a client / patient version, and a
therapist version. The inventory items are very similar with only a minor
change of phrasing. The inventory aims to measure alliance factors across
different types of therapy, establish the relationship between the alliance
measure and theoretical constructs underlying the measure, and relate the
alliance measure to a unified theory of therapeutic change [3]. Both
patients and therapists fill out the WAI independently after each session,
and responses are blinded to the other party to ensure unbiased
assessments.
The 36 items of the WAI are used to derive three alliance scales: Task

(the agreement on therapy-related tasks), Bond (the affective bond
between therapist and patient), and Goal (the agreement on treatment
goals). These scales capture the collaborative nature of the patient-
therapist relationship, the affective bond between therapist and patient,
and the agreement on treatment-related tasks and long-term goals [3].
Example items include: “The therapist and I agree on what is important for
me to work on” (Task), “I feel that the therapist likes me” (Bond), and “We
agree on the steps to be taken to improve my situation” (Goal). Each scale
score is computed using a weighting matrix that assigns weights to the
questionnaire responses to these inventory items based on a key table,
resulting in a comprehensive assessment of the working alliance.
Additionally, the overall working alliance score is obtained by summing
the scores of the three scales [3].
The assessment of WAI is largely restricted to research studies and has

not been adopted in the regular practice of therapy, given it is relatively
burdensome for both patients and therapist. Even in studies, it is not
feasible for the participants to provide analysis of alliance at the turn level,
something usually not considered or assessed by third parties. In contrast,
we implemented such turn-by-turn analysis, relying on the proven
capabilities of large language models to identify nuanced semantic
content [32], including the possibility of mapping self-evaluated inven-
tories onto semi-structured interviews and monologues [33].
To illustrate how the process works, here’s an example of three possible

utterances occurring in a psychotherapy session (Table 1). We can see the
first sentence is clearly discussing the BOND aspect of the therapeutic
relationship, where the client feels understood and supported by the
therapist. The second sentence highlights the TASK aspect, focusing on the
daily tasks that will help the client manage their anxiety as a GOAL. The
third sentence emphasizes the GOAL aspect, reflecting the client’s
commitment to working towards better communication with their partner.
To quantify these aspects, we first compute their sentence embeddings

in a high-dimensional space (300 dimensions in this case, using a Doc2Vec
model). For instance, the first sentence’s embedding is computed to be
[−0.11, 0.05, 0.08,...], the second sentence become [0.05, 0.02, 0.12,...], and
the third [−0.01, 0.10, −0.08,...]. Additionally, we have the working alliance
inventories (36 items/questions) in their respective 300-dimension embed-
ding space. For example, the first item "I felt uncomfortable with _."
corresponds to [0.01, 0.02, 0.01,...].
We then compute the sentence similarity (e.g., cosine similarity) of the

300-dimension embedding vector of the example sentence with the 300-
dimension embedding vector of the inventory item, yielding a 36-
dimensional similarity score. For example, the first sentence corresponds to
[0.52, 0.49, 0.47, ...], with 0.52 being the similarity between the first
sentence and the first inventory item. Using the key table corresponding to
the working alliance scores, we map the 36 items to the 3 scales by
calculating the dot product between the 36-dimensional similarity vector
and the corresponding key table vector (e.g., [−1, 1, 0, 1, +1, 0, ...]). That is,

11This is of course under the assumption that, therapists often provide
responses that are broad and generalized, affirming or summarizing
the patient’s input. These responses can be thought of as semantic
“labels” that can be anticipated based on the “inputs” of the patient’s
statements. In reality, the patient-doctor dialogue could as well be
initiated by the doctor. For the analytical purposes, we set the default
to be patient first, without loss of generalizability to a lag of at most
one turn.
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the semantic similarity of the turns with respect to each item is summed
up following the original aggregation of the WAI score (Table S1). This
mapping produces the inferred scores for Task, Bond, and Goal, as
presented in Table 1.
As expected, the first sentence shows a high score for BOND, the second

for TASK and GOAL, and the third for GOAL, demonstrating the model’s
ability to differentiate and quantify the various aspects of the therapeutic
working alliance.

Identification of working alliance interaction patterns
In addition to the analytical features enabled by the working alliance
analysis, we explore the usefulness of these features to identify patterns of
interactions between patients and therapists, which we hypothesize
emerge distinctively in the different conditions being treated. To this end,
we implemented a Transformer-based neural architecture [34], and a Long
Short-Term Memory Network (LSTM) model [35].
Specifically, we concatenate the 36-dimensional working alliance scores

estimated from the current turn, as described above, with the unbiased
sentence embedding of the turn. This combined feature vector is then fed
into a sequence classifier, which we term Working Alliance Transformer
(WAT) and Working Alliance LSTM (WA-LSTM) (see Supplementary
Materials). By applying the WAT or the WA-LSTM to the psychotherapy
transcripts, we can classify the clinical condition of the sequence based on
the working alliance scores and the content of the dialogue turns. This
classification model can be applied to the entirety of a session or a
segment of the session; its accuracy provides a validation that these
patterns can be identified, as we show in the Results section.

Psychotherapy topic modeling framework
Topic modeling is a statistical technique used to uncover the latent
semantic structures in a collection of documents. In the context of
psychotherapy transcripts, topic modeling can reveal the underlying
themes and topics discussed during therapy sessions, as well as provide
additional insights in correlation with the therapeutic alliance between the
patient and therapist.
While classical topic modeling approaches have shown effectiveness in

the past, recent advancements in deep learning have led to the
emergence of Neural Topic Modeling as a superior solution compared to
its classical counterparts in terms of its representational power [36]. In this
context, we propose the utilization of Neural Topic Modeling [23] to
uncover the topical propensities associated with different psychiatric
conditions using psychotherapy session transcripts. Furthermore, we
incorporate temporal modeling techniques to provide additional
interpretability.
The full topic modeling pipeline is illustrated in Fig. 2A. By applying

these neural topic models to the psychotherapy transcripts, we can
uncover the latent topics discussed during therapy sessions. These topics
provide valuable insights into the content and focus of the therapy,
allowing for a more comprehensive understanding of the therapeutic
process. The goal is to uncover the top 10 topics and extract more
distinctive features for subsequent tasks. To accomplish this, a principal
component analysis (PCA) is conducted on the topic space to extract a
coarse-grained representation. Through this analysis, three principal topic
spaces are identified, which encompass the patient turns and the
corresponding therapeutic interventions undertaken by the therapists.
As illustrated in Fig. 2B, to interpret these topics, we select the top turns

of the therapist and patient dialogue ranked by the topic scores, and use a
generative Large Language Model (LLM), ChatGPT based on GPT-3.5, to
provide an interpretation by prompting it for summaries of the topics

given the top turns that most exemplify the topic, as follows: “I have the
following top sentences exemplifying three principal topic spaces. Can you
summarize what the three topics the patients are talking about,
respectively?”, and “Again, I have the following top sentences exemplifying
the three principal topic spaces. Can you summarize what the three
intervention items attributed to each principal topic spaces the therapists
are talking about, respectively? For instance, what therapeutic interven-
tions is the therapist applying.” This allows us to expand interpretability
possibilities, and diminish the effect of our biases as researchers.
Using a language model to interpret text data offers several advantages

for researchers and practitioners: (1) the model can provide an consistent
analysis of the data that, while necessarily incomplete, is devoid of
individual biases that analysts might inadvertently introduce; (2) by relying
on the model’s interpretation, researchers can access a more neutral
perspective, enhancing the objectivity of their findings; (3) language
models can quickly process and analyze large volumes of text, identifying
patterns, relationships, and insights that may be challenging for humans to
detect manually, and eventually guide and supplement the daily practice
of therapy.

Analyzing the temporal dynamics of topics
To analyze the temporal dynamics of topics, we compute topic scores at
the turn-level. We utilize the Embedded Topic Model (ETM) for this
analysis, as it models each word with a categorical distribution based on
the inner product between a word embedding and the embedding of its
assigned topic [37]. We use the same Word2Vec word embeddings to
embed both the topics and the dialogue turns, to then compute the cosine
similarity between the embedded topic vector and the embedded turn
vector. By applying these methods, which we term Temporal Topic
Modeling (TMM), we obtain turn-resolution topic scores that capture the
temporal dynamics of the topics discussed during the therapy session.
These turn-level topic scores allow us to track the changes in topic
relevance over time, providing insights into the progression of the therapy,
the emergence of specific topics, and shifts in the focus of the
conversation.
As shown in Fig. 2C, we can analyze the association between therapist

topics and inferred patient working alliance by annotating both of them at
the same time in a turn-level resolution. More specifically, we can estimate
how inferred patient working alliance is conditioned by the therapist’s
choice of topics in their dialogue.

RESULTS
Insights on patient-doctor relationship from working alliance
analysis
In this section, we present the findings from applying working
alliance analysis and topic modeling to the psychotherapy dataset.

Patient-therapist consistency of working alliance. We investigate
the consistency of the working alliance estimation between
patients and therapists. Comparing the estimates, we observe that
therapists tend to overestimate the working alliance overall.
Specifically, therapists tend to overestimate the task and bond
scales, but underestimate the goal scale. These differences are
statistically significant (p < 0.001). We also find that the working
alliance scores differ significantly between certain pairs of
psychiatric conditions, such as anxiety and depression, and
anxiety and schizophrenia, in both the therapist and patient

Table 1. Examples of working alliance inference.

Example sentences Inferred
BOND

Inferred
TASK

Inferred
GOAL

1. “I feel really understood and supported by you. It’s comforting to know I can talk about anything here
without being judged.”

1.41 −0.76 −0.66

2. “I understand that practicing these relaxation techniques as daily tasks will help me manage my anxiety
better.”

−1.39 0.46 0.93

3. “I’m committed to working towards better communication with my partner, as we discussed in our last
session.”

−0.85 −0.56 1.40

The semantic similarities of the sentences to the scales’ items are summed up following the original WAI score aggregation (S1).
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versions (p < 0.001). Furthermore, the working alliance scores for
all four scales can significantly detect individuals with suicidality
(p < 0.001). There are also variations among the working alliance
scores of each clinical conditions (Tables S4, S5, S6, S7, S8, and S9
in the Supplementary Materials, for statistical differences of the
working alliance scores among conditions).
In TASK scale, significant differences were observed between

anxiety and depression (p < 1.550e–26), between anxiety and
schizophrenia (p < 3.835e–05), and between depression and
suicidal tendencies (p < 1.900e–02) in the therapist turns. Similarly,
patient turns revealed significant differences across all pairs of
conditions, including between anxiety and depression
(p < 1.796e–25), and schizophrenia and suicidal tendencies
(p < 5.465e–14). These results suggest that therapists may
approach task alignment differently depending on the patient’s
psychiatric condition. The significant differences observed in both
therapist and patient turns imply that therapists might align tasks
more effectively with anxious and depressed patients compared
to those with schizophrenia or suicidal tendencies.
In BOND scale, The therapist turns showed significant differ-

ences in the BOND scale between anxiety and depression
(p < 1.600e–22), as well as between anxiety and schizophrenia
(p < 2.998e–05). Patient turns revealed significant differences
across almost all pairs, including between schizophrenia and

depression (p < 3.883e–03), and schizophrenia and suicidal
tendencies (p < 3.629e–34). These results suggest that therapists
may perceive stronger bonds with anxious and depressed patients
compared to those with schizophrenia or suicidal tendencies.
In GOAL scale, significant differences were found across all

therapist pairs except between depression and schizophrenia
(p= 4.959e–01). In the patient data, significant differences were
found only between schizophrenia and anxiety (p < 8.006e–04),
and between schizophrenia and depression (p < 4.519e–05). This
suggests notable discrepancies in how therapists and patients
perceive the alignment of treatment goals across these psychiatric
conditions.
These variations are important because they reveal distinct

patterns in the therapeutic alliance based on the clinical condition
being treated. For example, patients with suicidal tendencies
exhibit significantly larger discrepancies in their working alliance
scores compared to other conditions, particularly in the TASK and
BOND scales, but not as much from the therapist’s perspective.
However, in the GOAL scale, therapists show significant differ-
ences across conditions, while patients do not perceive these
differences as strongly. This mismatch may indicate that therapists
are more attuned to differences in goal alignment across
conditions than patients are, especially when it comes to
conditions like anxiety and suicidality. Such discrepancies

Fig. 2 Flowcharts for topic modeling pipelines. A Topics are extracted from the sessions including therapists and patients turns. To facilitate
additional interpretability, we coarse-grained the topics using PCA. B Flowchart for identifying principal topics and their interpretation. The
turns with largest projections on the principal topics are fed into the language modeling interpreter to gain insights. C Flowchart for
identifying association between therapist topics and inferred patient working alliance. The estimation of how inferred patient working alliance
is conditioned by the therapist: top therapist turns for each topic are used to select the corresponding patient turns.
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highlight the challenges therapists face in aligning therapeutic
goals with certain patient populations, particularly those with
suicidal tendencies, and suggest that more nuanced strategies are
needed to ensure that both parties are on the same page
regarding treatment goals.

Temporal dynamics of working alliance. We examine the temporal
dynamics of the working alliance by mapping the trajectories in
the alliance space for the three major scales (task, bond, and goal).
Specifically, we calculate the difference between patient and
therapist scores to explore perceived misalignments in these
aspects. Figs 3, 4 illustrate the average trajectories across different
psychiatric conditions, revealing several distinctive patterns.
For suicidality, the trajectory in bond and task scales shows a

continuous decrease, moving increasingly negative over time,
which suggests a growing misalignment as therapy progresses.
This negative trend may reflect a disconnect in emotional rapport
and task engagement between patient and therapist for this

group. In contrast, the goal scale trajectory for suicidality shifts
from zero to positive, implying an improving alignment on long-
term goals. This may also reflect the particular challenges and
variability in maintaining a strong alliance with suicidal patients,
where initial engagement might wane over time as treatment
progresses. However, it’s worth noting that our limited sample size
for suicidality could introduce bias, so these patterns should be
interpreted cautiously.
In the cases of anxiety and depression, we observe that both

conditions start with a negative trajectory in the bond scale, which
intensifies in the first half of the sessions. However, both
conditions show a partial bounce-back in bond alignment later,
even though the values remain predominantly negative, indicat-
ing a persistent gap in perceived emotional connection. For the
task scale, the trajectories diverge: depression sessions increase
from zero to positive, indicating improving alignment in task
engagement, whereas anxiety sessions drop from zero to
negative, suggesting a growing misalignment over time. This

Fig. 3 Working alliance scores in the patient and therapist sessions of different clinical conditions. After standardizing the working
alliance scores, we pooled the sessions into different psychiatric conditions and averaged the working alliance scores of the patients and
therapists separately at each time step (i.e. dialogue turn). A The progression of the working alliance over the sessions can be observed as well
as their distinctions across the clinical conditions their corresponding session belong to. B The differences between the working alliance
scores of therapist and patient turns are also highlighted in boxplots, tested with T-test for the means of the two independent samples of
scores (p-value notations: **** 1e–4, *** 1e–3, ** 1e–2, * 0.05, ns for “not significant”).
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divergence could imply that task-focused interventions may need
to be adapted differently for these two conditions over time.
For schizophrenia, the trajectories in both bond and goal scales

display a consistent increase, remaining positive through- out the
sessions. This suggests that for schizophrenia, patient-therapist
alignment improves over time, particularly in terms of emotional
connection and goal setting, which could indicate a progressive
establishment of rapport and shared understanding in this
population.

Inference of the diagnosis of clinical conditions
Next, we evaluate the usefulness of features derived from
working alliance and dialogue turns in classifying psychother-
apy sessions into four clinical labels. This evaluation is intended
solely for validation purposes and not as a diagnostic tool. Given
that clinical diagnoses were already established and influenced
the content of these transcripts, our goal is not to replace
diagnostic standards like the Diagnostic and Statistical Manual
of Mental Disorders (DSM), but rather to demonstrate that
inferred alliance scores can correlate meaningfully with known

clinical outcomes. This serves as a way to assess the predictive
power of working alliance trajectories within the sessions,
suggesting that the inferred scores can provide valuable insights
into the types of patients being treated. These findings highlight
the potential for working alliance measures to inform and guide
treatment strategies based on patterns observable early in
therapy sessions.
We employ two classifier backbones: Transformers [34] and

Long Short-Term Memory Networks (LSTM) [35]. We compare
three types of features: inferred scores of working alliance,
pretrained document embedding, and both. Additionally, we
explore the performance using dialogue turns from patients,
therapists, and both patients and therapists.
We address the imbalanced nature of the dataset by using a

sampling technique during training. The models are trained for
over 50,000 iterations using stochastic gradient descent with a
learning rate of 0.001 and momentum of 0.9. We report the
performance of diagnosis, in another word, the multi-class
classification accuracy among the four clinical conditions as four
class labels, as the evaluation metric (Table 2).

Fig. 4 The average 3d trajectories of different classes of psychiatric conditions in the alliance and topic space. For each clinical condition,
we averaged the time series of the therapists and patients over the sessions. We compute the patient-therapist discrepancy and their
cumulative sum over time, both in terms of their inferred scores of working alliance A and topic scores B. In both the alliance space and the
topic space, we mark the end points of the trajectories as a bigger dot. The coefficients of the three principal topics are shown as a heatmap in
panel C.

Table 2. Classification accuracy of psychotherapy sessions.

SentenceBERT Doc2Vec

Patient turns Therapist turns Both turns Patient turns Therapist turns Both turns

WAT (inferred score + pretrained
embedding)

27.6 27.0 26.0 34.1 25.7 31.9

WAT (inferred score) 26.1 23.4 25.5 28.9 23.7 31.9

Embedding Transformer 24.8 24.0 25.5 31.8 26.2 29.9

WA-LSTM (inferred score + pretrained
embedding)

35.0 36.9 23.3 46.0 27.7 29.6

WA-LSTM (inferred score) 24.5 34.2 22.6 30.2 24.7 43.4

Embedding LSTM 23.0 36.0 22.9 44.3 31.1 31.1

Results represent percentual accuracy; chance accuracy of this 4-class classification task is 25%, boldface indicates statistical significance at z-value ≥4.3
(p-value ≤10−5).
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Overall, we observe that using the combined feature of the
inferred scores and pretrained embedding in Transformer and
LSTM-based models improves classification performance.
Among all the models, the WA-LSTM model with the combined
feature using only patient turns achieves the highest classifica-
tion accuracy (46%), followed by the WA-LSTM model using only
the inferred scores of working alliance with turns from both
patients and therapists (43.4%). These results indicate the
advantage of incorporating predicted clinical outcomes in
characterizing sessions based on their clinical conditions.
Additionally, we find that the inference of therapeutic working
alliance using Doc2Vec is more beneficial for modeling patient
turns, while SentenceBERT is advantageous for both therapist
and patient features.
We further examine the influence of different features and

embeddings on classification performance. The combined feature
of inferred scores of pretrained document embedding and
working alliance consistently outperforms the other feature types
in both Transformer and LSTM models. When using SentenceBERT
for sentence embeddings, we observed a modest improvement in
classification performance when training on patient turns alone, as
opposed to using both patient and therapist data together. This
suggests that combining therapist and patient turns may
introduce overlapping features that could interfere with the clarity
of the inferred alliance scores. For clinicians, this finding highlights
the potential value in separately analyzing patient dialogue, as it
might yield more distinct and interpretable signals regarding the
working alliance. The Transformers utilizing the combined feature
of inferred scores and pretrained embedding, especially when
using Doc2Vec as the sentence embedding, achieve the best
performance.
These results indicate the potential usefulness of inferred

therapeutic or psychological state scores in downstream tasks,
such as supporting treatment planning and personalization. While
this part of the study does not aim to replace clinical diagnosis,
the inferred scores could offer additional predictive insights that
complement existing clinical frameworks. For instance, in a
transdiagnostic setting, these early session indicators might help
clinicians understand which types of treatment plans are most
suitable, even before a clear diagnosis is fully established. Future
investigations could explore other downstream tasks and leverage
the attention mechanism of Transformer blocks for further
interpretation.

Topic modeling approach to provide interpretable clinical
insights
We apply five state-of-the-art neural topic modeling approaches
to the psychotherapy dataset and analyze the learned topics. We
divide the transcript sessions into three categories based on
psychiatric conditions (anxiety, depression, and schizophrenia)
and train topic models for each category. We evaluate the models
using various coherence and diversity metrics to assess the quality
of the generated topics.
The evaluation metrics include topic embedding coherence

(cv, cw2v, cuci, cnpmi) and other measures such as coherence based
on the asymmetrical confirmation measure and topic diversity.
The results show variability in the rankings across the coherence
metrics (Table S2, S3 in the Supplementary Materials), but certain
models consistently demonstrate higher topic coherence and
diversity (for both metrics, the higher, the better). Following
[37, 38], the topic diversity is computed as the proportion of
unique words (PUW) with 1.0 being perfectly diverse, and the
topic coherence is computed as an integrated log ratio between
the co-document frequency and document frequency with higher
being better (as correlated by expert ratings). Notably, the
Wasserstein-based Topic Models and Embedded Topic Models
exhibit relatively high coherence and diversity in these two
metrics.

Major themes in psychotherapeutic topics and interventions
To gain further insights, we provide topic interpretations by
examining the highest scoring turns associated with each topic.
The interpretations reveal the dominant themes in the dialogue
for different topics and provide insights into patients’ emotional
states, personal experiences, and self-reflection. In the context of
performing topic modeling on the text corpus of the entire
psychotherapy dataset, the goal is to identify the top 10 topics
and extract more distinctive features for downstream tasks. We
perform the topic modeling on the entire text corpus to maintain
the coherence within the patient-therapist dialogue, but are
interested in the strategies and themes of the therapists in their
contributions within the contexts of these learned topics. To
achieve this goal, we ranked the therapist’s dialogue turns by their
topic scores (the higher the score is, the more likely it was related
to a particular topic), and then picked out the top 10 sentences for
each topic as exemplar ones.
To expand interpretability possibilities, and diminish the effect

of our biases, we resorted to a generative Large Language Model
(LLM), ChatGPT based on GPT-3.5, and prompted it for summaries
of the discussed topics as follows:

“I have the following top sentences exemplifying ten topics. Can
you summarize what the three interventions items attributed to
each topic spaces the therapists are talking about, respectively?
For instance, what therapeutic intervention the therapist is
applying.”

The result of this analysis is presented in Table 3, which lists the
high-level description of each topic, the likely interventional
rationale and a literal example. We found that the vast
implications of these topics and interventions can be partially
summarized into four major themes with the prompt “can you
summarize them into a few major themes?”, as follows:

Theme 1: Self-exploration and personal growth. Therapists engage
clients in discussions centered around self- discovery, personal
transformation, and introspection. Within this theme, the
“Changes and Self-Reflection” (Topic 0) topic encourages indivi-
duals to reconsider viewpoints, maintain specific behaviors, and
explore personal growth opportunities. “Memories and Numbers”
(Topic 4) delves into specific instances tied to numbers and
memories, aiding clients in recalling significant life events. “Hope
and Support” (Topic 8) contributes to optimism and resilience by
expressing empathy, acknowledging progress, and providing
encouragement. Lastly, addressing “Fatigue” (Topic 9) involves
understanding reasons for tiredness, exploring motivations
behind seeking therapy, and examining factors influencing
emotional and physical well-being.

Theme 2: Understanding and communication. This theme revolves
around effective communication, mutual understanding, and
deep introspection. In the context of “Understanding” (Topic 1),
therapists guide clients in presenting their viewpoints coherently
and exploring the significance of personal experiences. This
dovetails with “Philosophical Reflection” (Topic 7), where thera-
pists engage in discussions about human nature, existence, and
personal projects. These topics emphasize the importance of
effective communication and introspective exploration for ther-
apeutic progress.

Theme 3: Emotional well-being and coping strategies. Addressing
emotional well-being is at the core of this theme, with a focus on
coping mechanisms, anger, and adaptive strategies. “Coping
Mechanism” (Topic 3) involves encouraging clients to engage in
activities that bring joy, navigate uncertainties, and manage stress.
“Anger and Emotions” (Topic 5) explores feelings of anger,
validates emotional intensity, and investigates underlying triggers.
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“Drinking Habits” (Topic 6) allows therapists to delve into
substance-related behaviors, uncovering potential unhealthy
coping mechanisms and aiding clients in making informed
choices.

Theme 4: Therapeutic relationship and ethical boundaries. This
theme revolves around maintaining a healthy therapeutic relation-
ship through the establishment of boundaries and professional-
ism. “Boundaries and Professionalism” (Topic 2) highlights the

importance of emotional boundaries, encourages clients’ engage-
ment in therapeutic exercises, and underscores the significance of
professionalism in the therapist-client relationship.
The major themes identified through this topic modeling

approach represent the key therapeutic strategies and interven-
tion techniques utilized by the therapist during sessions. These
themes, directly related to intervention strategies such as
cognitive reframing, emotional validation, or goal-setting, reflect
the therapist’s active role in steering the therapeutic process. By

Table 3. Therapeutic topics and interventions: topics description and likely interventional rationale.

Topics Interventions Examples

Topic 0: Encouraging Change and Self-
Reflection

• Explore the potential for the individual to reconsider
their viewpoints or habits.
• Suggest maintaining certain behaviors for a period of
time.
•Discuss personal growth and maintaining a sense of
self-awareness.

“Well, I mean well keep doing the
exercise.”

Topic 1: Making a Case and Seeking
Understanding

•Discuss the importance of presenting a clear argument
or perspective.
• Inquire about interactions with a case manager or
authority figure.
• Explore the depth of personal experiences and the
case’s significance in the person’s life.

“You’ve made your case that weight’s
important.”

Topic 2: Maintaining Boundaries and
Professionalism

•Discuss the importance of establishing emotional
boundaries.
• Encourage the person to continue engaging in
therapeutic exercises.
• Reflect on maintaining professionalism and boundaries
within the therapeutic relationship.

“Yes, you keep it very professional;
patient-doctor.”

Topic 3: Discussing Coping Mechanisms
and Playfulness

• Encourage the person to engage in activities that bring
them joy.
• Explore social interactions and relationships, such as
playdates and friendships.
•Discuss using adaptive strategies like “playing it by ear”
to navigate life’s uncertainties.

“Play it up.”

Topic 4: Focus on Specific Numbers and
Memories

•Discuss specific instances involving numbers (e.g.,
taking medication).
• Explore memories associated with certain days or
events.
• Engage in conversation related to quantifiable aspects
of the person’s life.

“Just for like 1 day? Okay, how do you
remember that day?”

Topic 5: Exploring Anger and Emotions • Inquire about feelings of anger towards specific
individuals.
• Validate and explore the intensity of anger towards
others.
• Investigate triggers, circumstances, and potential
underlying emotions contributing to anger.

“Are you angry with him at all?”

Topic 6: Discussing Drinking Habits • Inquire about the individual’s alcohol consumption.
• Explore preferences related to different beverages, like
soda and coffee.
• Address drinking habits and patterns to gain insights
into lifestyle choices.

“Do you drink any, or almost none?”

Topic 7: Philosophical Reflections and
Communication

• Engage in discussions about human nature and
existence.
• Reflect on personal experiences and projects.
• Explore communication dynamics, including
misperceptions and honesty.

“Every human being?”

Topic 8: Offering Hope and Support • Express empathy and hope for positive outcomes.
• Acknowledge the individual’s progress and insights.
• Provide encouragement to continue the journey of self-
discovery and growth.

“I hope so too. Take care.”

Topic 9: Addressing Fatigue • Inquire about the reasons behind the individual feeling
tired.
• Explore the decision-making process that led to seeking
therapy.
• Elicit the motivations and factors that brought the
person to the therapy session.

“Tired a lot?”
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focusing on the therapist’s contributions, we can better understand
not just the content of the conversations, but also the clinical
strategies that are emphasized in practice. These themes are
particularly useful for extracting actionable insights that clinicians
might find helpful in refining their approaches to treatment.
The findings from our topic modeling analysis reveal several

major themes that underpin the diverse array of therapeutic
interactions observed in psychotherapy sessions. These themes
provide a comprehensive framework for understanding the
nuanced ways therapists guide clients through self-exploration,
emotional processing, communication enhancement, and personal
growth journeys.
In contrast, the principal component topics, which are discussed

in our next section, provide a broader view of the full dialogue
between patient and therapist. These topics are learned from both
therapist and patient turns and offer a general understanding of
what is being talked about throughout the sessions, serving as a
comprehensive reference for the entire discourse. Together, the
major themes and principal component topics complement one
another: the themes give us insight into the specific therapeutic
techniques applied, while the topics provide a broader contextual
framework for the overall content of therapy.

Principal topic space in psychotherapy sessions
To further extract more distinctive features from the 10 topics for
downstream tasks, a principal component analysis is performed
on the topic space. This analysis enables the identification of
three principal topic spaces that encompass the patient turns and
the corresponding therapeutic interventions taken by the
therapists. The coefficients of the principal components are
presented at Fig. 4C.
To expand interpretability possibilities, and diminish the effect

of our biases, we resorted to a generative Large Language Model
(LLM), ChatGPT based on GPT-3.5, and prompted it for summaries
of the principal topics as follows:

“I have the following top sentences exemplifying three principal
topic spaces. Can you summarize what the three topics the
patients are talking about, respectively?”, and “Again, I have the
following top sentences exemplifying the three principal topic
spaces. Can you summarize what the three intervention items
attributed to each principal topic spaces the therapists are talking
about, respectively? For instance, what therapeutic intervention is
the therapist applying.”

In the following subsections we present the interpretation result
of principal topics for patients and therapists.

Principal component topic 1: emotional states and mental health.
The first principal component topic revolves around patients’
emotional states and mental health. It encompasses discussions
about emotions, mood, and mental well-being. Patients often
express their feelings of depression, anger, anxiety, and power-
lessness. Therapists respond by providing empathy, validation,
and encouragement to help patients navigate their emotions. The
interventions attributed to this topic include:

1. Validation and Empathy: Therapists acknowledge and
validate patients’ emotions, creating a safe space for them
to express their feelings without judgment.

2. Encouragement and Support: Therapists motivate patients
to continue their progress and efforts, emphasizing the
importance of self-care, well-being, and healthy routines.

3. Exploration and Understanding: Therapists engage patients
in exploring their emotions and thoughts, helping them
gain insights into their experiences and develop strategies
for coping and personal growth.

Principal component topic 2: personal experiences and relationships.
The second principal component topic centers around patients’
personal experiences and their relationships with others. It
encompasses discussions about family dynamics, past experi-
ences, and interpersonal relationships. Patients may express
anger, sadness, or difficulties in their relationships. Therapists
address these emotions and provide guidance for navigating
relationships. The interventions attributed to this topic include:

1. Relationship Exploration: Therapists help patients explore
their relationship dynamics, understand their emotions, and
develop healthier ways of relating to others.

2. Validation and Support: Therapists validate patients’ experi-
ences and provide support during challenging relationship
situations, creating a space for reflection and growth.

3. Communication and Conflict Resolution: Therapists assist
patients in improving communication skills, conflict resolu-
tion, and establishing boundaries to enhance their inter-
personal relationships.

Principal component topic 3: decision-making, self-reflection and
personal growth. The third principal component topic focuses on
self-reflection and personal growth. It encompasses discussions
about self-perception, beliefs, and aspirations for personal
development. Patients often express desires for change, self-
improvement, and gaining a deeper understanding of themselves.
Therapists foster self-reflection and guide patients towards
personal growth. The interventions attributed to this topic include:

1. Self-Reflection and Insight: Therapists encourage patients to
engage in self-reflection, explore their beliefs, values, and
aspirations, and gain deeper insights into themselves.

2. Goal Setting and Planning: Therapists collaborate with
patients to set meaningful goals, develop strategies, and
create intervention plans to support personal growth and
progress.

3. Empowerment and Skills Development: Therapists empower
patients by helping them identify their strengths, build
resilience, and acquire coping skills to navigate challenges
and achieve personal growth.

Variability among different clinical conditions. Our dataset com-
prises four subsets, each representing a distinct patient population
characterized by a specific clinical condition. To capture this
variability, we trained individual topic models for each subpopula-
tion cohort. The learned topics were analyzed to highlight
condition-specific themes and insights.
In the sessions with anxiety patients, therapists may place

particular emphasis on managing anxiety symptoms, addressing
fears and worries, and implementing coping strategies for anxiety
management. The interventions attributed to therapists in this
dataset may include techniques such as relaxation exercises,
cognitive restructuring, and exposure therapy.
In the sessions with depression patients, therapists may focus

on understanding and alleviating symptoms of depression,
exploring the underlying causes of depressive feelings, and
promoting self-care and self-compassion. The interventions
attributed to therapists in this dataset may involve behavioral
activation, cognitive reframing, and facilitating social support
systems.
In the sessions with schizophrenia patients, therapists in this

dataset may prioritize addressing symptoms related to psychosis,
managing hallucinations or delusions, and enhancing reality
testing and medication adherence. The interventions attributed
to therapists may involve psychoeducation about the illness,
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cognitive-behavioral interventions for managing symptoms, and
collaborating with other healthcare providers.
In the sessions with suicidal patients, and therapists in this

dataset may prioritize risk assessment, crisis intervention, and
safety planning. The interventions attributed to therapists may
involve creating a supportive and non-judgmental environment,
assessing suicidal ideation and intent, and implementing strate-
gies to reduce immediate risk while developing long-term coping
skills.

Temporal dynamics of therapy topics. We further investigate the
temporal dynamics of the learned Embedded Topic Model, which
yields the best performance, on the text corpus of the entire
psychotherapy dataset. By computing topic scores for each turn,
we can analyze the dialogue dynamics within the topic space. Fig.
4 presents the cumulative discrepancy of scores in the three scales
(panel A) and of projections on the three principal topics (panel B)
between patient-therapist dialogue pairs across topics.
Our analysis reveals several distinctive patterns. Specifically, we

observe the largest growing discrepancy for suicidality, similarities
in topic divergence between anxiety and depression, and a
complementary pattern for schizophrenia, which is most promi-
nent in principal topic 1 (PT1) related to emotional states and
mental health.
For anxiety and depression, trajectories are more separable,

with both conditions showing a consistent decline from zero to
negative values in PT1 (emotional states and mental health),
suggesting an increasing divergence between patients and
therapists on these issues. In PT2 (personal experiences and
relationships), the discrepancy also becomes gradually more
negative, while in PT3 (decision-making and personal growth),
both conditions show a shift from zero to positive. This indicates
growing alignment in discussing personal growth, despite
increasing misalignment on emotional and relational topics.
For schizophrenia, we observe a complementary pattern where

PT2 shows an initial decline from zero to negative but stabilizes
midway, suggesting early divergence in personal relationships.
Meanwhile, PT1 shifts positively, starting after PT2 stabilizes,
creating a twist in the trajectory. Additionally, PT3 initially dips
negative before rebounding to positive. This evolving pattern
implies that for schizophrenia, therapists and patients might
initially diverge on personal experiences, but increasingly align on
emotional health and self-reflection as sessions progress.
Suicidality shows the widest range of topic divergence. The

trajectory for PT2 begins with a drop in alignment, indicating early
divergence in discussions about personal experiences. PT3,
meanwhile, initially rises from zero to positive but then sharply
reverses to negative, suggesting fluctuating alignment on
decision-making and personal growth topics. This spread-out
pattern may reflect the more dynamic and complex nature of
therapeutic engagement with suicidal patients, which can involve
rapid shifts in focus.
We also observe that trajectories are generally more separable

in anxiety and schizophrenia sessions, while depression sessions
tend to be more entangled across topics. This separability may
indicate distinct thematic focus patterns, which could offer
therapists insights into how patients engage with different
therapeutic areas based on their conditions.

Topic-alliance associations as actionable insights for clinicians. To
explore the informative value of topics for therapeutic insights, we
combine topic modeling with the inferred working alliance (Fig. 5).
By filtering the therapist turns with high topic scores, we plot the
average working alliance scores for corresponding patient turns.
We observe distinctions among the effects on patients’ working
alliance across different topics and clinical conditions. For
example, discussing tiredness and decision-making positively
influences the bond and task scales in schizophrenia patients

but has less impact on other patients. Additionally, discussing
sickness, self-injuries, and coping mechanisms positively affects
the task scale in depression patients and the goal scale in suicidal
patients.
If the clinicians discuss principal component topic 1, “Emotional

States and Mental Health”, it increases the TASK and BOND scales
for depression patients, but decreases them for suicidal patients.
If the clinicians discuss principal component topic 2, “Personal

Experiences and Relationships”, it increases GOAL scale for all
patients, helps with the BOND scale for schizophrenia patients, but
decreases the TASK and BOND scales for depression and suicidal
patients.
If the clinicians discuss principal component topic 3, “Decision-

Making, Self-Reflection and Personal Growth”, it might increase
the BOND scale for depression patients and GOAL scale for
schizophrenia patients, but decrease the BOND and TASK scales
for suicidal patents.
As a section summary, the application of topic modeling to

psychotherapy transcripts offers interpretable insights into the
dominant themes and dynamics of therapeutic dialogues. It
enables the identification of key topics related to emotional states,
personal experiences, and self-reflection. Combined with the
analysis of inferred working alliance, this approach provides
valuable information for understanding the therapeutic process
and potentially highlighting topics and dialogue segments
indicative of therapeutic breakthroughs.

DISCUSSION
Working alliance analysis
Our analysis of the psychotherapy transcripts provides valuable
insights into the working alliance between therapists and patients.
We observe systematic differences in the mean inferred alliance
scores between patients and therapists, as well as variations across
different psychiatric disorders. However, the analysis of the in-
session evolution of the working alliance scores reveals more
interesting dynamics.
In particular, we find that while all conditions show a systematic

misalignment of scores between patients and therapists, this
misalignment is significantly more pronounced for suicidality. This
observation is evident in both the mean scores and the temporal
trace of the full and sub-scales. In contrast, anxiety and depression
display a clear trend for convergence in the full and bond scales as
the therapy sessions progress, which is not observed in the task
and goal scales, nor in schizophrenia or suicidality. These features
of the therapeutic dialogue, such as the alignment and
convergence of scores, can provide valuable insights into the
therapeutic process and have implications for diagnosing and
treating neuropsychiatric conditions [39].
The analysis of past therapy sessions, as well as real-time

sessions, has the potential to help therapists identify key
segments of therapy leading to breakthroughs. By leveraging
computational modeling and statistical optimization, therapists
can compound their expertise with causal and predictive analytic
modeling to enhance their understanding of the therapeutic
process. Additionally, trainees can benefit from studying anno-
tated versions of sessions conducted by experts, further sharpen-
ing their intuition and skills. Furthermore, the integration of
generative language models and statistical optimization techni-
ques may enable the design of limited chatbots for triage and
emergency response in mental health care [40].

Clinical implications and roadmap. These distinct trajectories
offer a preliminary roadmap for clinicians. By identifying proto-
typical alliance trajectories for each condition, therapists can begin
to map individual sessions onto these broader patterns. For
example, if a session with a suicidal patient diverges significantly
from the typical trajectory (e.g., a sharper decline in the bond
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scale), this might signal a need for immediate intervention.
These patterns of alignment and misalignment provide

clinicians with a roadmap for interpreting patient-therapist
dynamics over time. Furthermore, therapists could use these
trajectories to inform treatment adjustments, with specific
attention to each scale:
In BOND scale, a downward trend in bond from the patient’s

perspective, especially with suicidal or anxious patients, could
prompt a focus on strengthening rapport and emotional
connection. For suicidality, the continuous decline in bond
alignment suggests an increasing emotional disconnect. Clinicians
might focus on interventions that specifically aim to build rapport
with suicidal patients, addressing the emotional aspects of
therapy to prevent further drift.
In TASK scale, the divergence in task alignment between anxiety

and depression implies that therapists might need to adapt task-
related strategies differently for these conditions. The decreasing
task alignment for anxiety, moving towards negative values,
suggests re-evaluating the relevance of tasks to improve
engagement, while the positive trend in depression could indicate
opportunities to reinforce shared tasks.
In GOAL scale, the increasing goal alignment for schizophrenia,

which remains positive, suggests that long-term goal alignment is

progressively achieved, potentially validating goal-oriented ther-
apeutic approaches. Conversely, the improving goal alignment in
suicidality may signal a rare but valuable area of common ground
between patient and therapist, which could be leveraged to foster
hope and engagement.
Mapping individual sessions onto these trajectories could allow

therapists to identify early warning signs of divergence from these
patterns. For instance, observing a sudden drop in task or bond
alignment could prompt a re-evaluation of the therapeutic
approach for patients with similar conditions. Future work could
focus on developing tools to track these alignment differences in
real-time, enabling clinicians to make dynamic adjustments based
on evolving alliance data.

Limitations. While our approach proves effective, there are
limitations inherent in inferring psychological states from text
data. One potential limitation is the reliance on semantic similarity
measures, which may not fully capture the directionality of
similarity. For example, it may not differentiate between a
statement that is irrelevant to the inventory item and a statement
that is opposite to the inventory item. To address this, alternative
approaches can incorporate counter arguments and compute
similarity scores based on the difference between positive and

Fig. 5 Patients’ working alliance differ when therapists chose different topics to discuss. We compute the topic (T) and principal topic (PT)
scores for all the therapist turns, and select the top 100 turns for each clinical condition and each topic; to estimate the effect of the topic on
working alliance, we compute the average working alliance scores of the subsequent patients’ turns. We plot these averaged working alliance
scores by the patients in a heatmap.
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negative similarity values. However, our findings suggest that the
sentence embedding we use already captures the concept of
negation, and we observe no clear difference in performance
between the alternative approach and our prototypical approach.
Furthermore, our research faces the challenge of limited clinical

validation in this field. While the Working Alliance Inventory (WAI)
is a widely used measure for assessing working alliance, it is not a
standard practice across all therapeutic settings and does not
represent a comprehensive gold standard, particularly for
granular, turn-by-turn analyses. Current methods rely on approx-
imate measures and operational approaches that cannot fully
capture the nuanced, real-time dynamics of therapeutic interac-
tions. In future work, clinical studies incorporating detailed, turn-
by- turn evaluations by human annotators, albeit challenging and
resource-intensive, may provide more direct validation of inferred
alliance scores within real-world settings and intervention
contexts.
Lastly, it is important to note that the dataset had limited access

to sessions involving suicidal patients, which might impact the
robustness of our findings related to this group.

Topic modeling and interpretability
Topic modeling of the psychotherapy transcripts offers inter-
pretable insights into the content and themes of the therapeutic
dialogue. By training topic models on the text corpus of each
psychiatric condition and evaluating them using coherence and
diversity measures, we obtain meaningful topics associated with
anxiety, depression, schizophrenia, and suicidal patients. These
topics capture the prevalent themes and concerns within each
condition.
For example, in anxiety sessions, topics encompass discussions

about fears, worries, coping strategies, and relaxation exercises. In
depression sessions, topics revolve around self-esteem, mood,
relationships, and social support. In schizophrenia sessions, topics
include family dynamics, symptoms of psychosis, and coping
strategies. In suicidal sessions, topics may focus on risk assess-
ment, crisis intervention, and safety planning.
The analysis of the temporal dynamics within the learned topics

provides further insights into the therapeutic process. By mapping
the topic scores of dialogue turns to the working alliance scores,
we can identify topics and dialogue segments that are potentially
indicative of therapeutic breakthroughs. For instance, in depres-
sion sessions, the topic related to self-esteem may be associated
with improvements in the bond and task scales of the working
alliance. Similarly, in sessions with patients with schizophrenia, the
topic related to family dynamics may contribute to positive
changes in the bond scale.

Clinical implications and roadmap. By visualizing these trajec-
tories, therapists can retrospectively examine session dynamics,
providing an automatic annotation and notetaking mechanism.
For junior therapists, this can serve as a valuable tool for skills
development, allowing them to understand patient-therapist
interactions and adjust strategies based on alignment patterns.
Moreover, these insights could guide therapists in real-time,
particularly when deviations from expected trajectories are
observed. For example:
In PT1, the increasing divergence for anxiety and depression

suggests that ongoing attention to emotional topics may be
necessary to realign patient-therapist perceptions.
In PT2, early divergence in schizophrenia and suicidality

indicates that a focus on personal relationships could be essential
for establishing common ground.
In PT3, the positive alignment trajectory in schizophrenia and

the erratic patterns in suicidality suggest that therapists might
need to dynamically adjust strategies around personal growth and
decision-making.
Future applications could involve real-time tracking of these

discrepancies, enabling therapists to monitor and respond to
evolving alignment patterns within sessions. This dynamic feed-
back could improve treatment outcomes by helping clinicians
address emerging alignment gaps early in the therapeutic process.

Limitations. However, it is important to note that the learned
topics may exhibit variability across different datasets due to the
specific patient populations represented. Each psychiatric condition
has its unique challenges and therapeutic goals, which require
tailored approaches and interventions by the therapists. Therefore,
the topics identified within each condition reflect the prevalent
themes and concerns specific to that condition.
One of the strengths of our topic modeling approach is its

interpretability. By analyzing the top scoring turns within each topic,
we can gain a deeper understanding of the concepts and
discussions underlying the topics. This enables clinicians and
researchers to explore specific aspects of the therapeutic process
and identify areas of focus for further investigation and intervention.
Moving forward, there are several potential directions for future

research. Predicting topic scores as states and training LLM- based
chatbots through a human-in-the-loop reinforcement learning
mechanism based on these states could enhance the capabilities
of AI in mental health care to better align with clinical purposes. For
clinical practice, an AI knowledge management system that
integrates various NLP annotations in real time can be a useful
tool [41]. Additionally, studying the relationship between topic
modeling and other inference anchors, such as sentiment analysis
or linguistic style, could provide a more comprehensive under-
standing of the therapeutic process in multiple intervention
dimensions.
While these results are informative to a certain degree, we would

like to acknowledge the limitations to the methodologies
presented. The data we used to train the topic models do not
necessarily represent different clinical conditions in a balanced way.
In the classification validation task, we have imposed iterative
sampling to tackle the imbalance issue, but for training the topic
models, we used the full text corpus available, as certain clinical
labels (e.g. suicidal patients) only have a handful of sessions
available. Due to the limited access to therapy sessions with suicidal
patents, the topics characterized by the topic models might be less
representative to the conversations happening in this particular
patient groups. The Alexander Street dataset mentions that they
have more clinical conditions other than the analyzed 4 classes, but
due to access limitations, we can only obtain the 4 classes we
presented. As open science and data sharing initiatives in the
psychiatry domains become more prominent, we believe our
methodologies can be adapted in a responsible way to a broader
spectrum of clinical conditions.
Other than data-related limitations, there are multiple model-

specific decisions we applied to train and test our machine learning
models. For the validation task, we train and test our sequence
classification models to only take the first 50 turns of dialogues,
because the length of the sessions vary from 50 to 400 turns. For
the analytics and visualization of trajectories, we choose the first 100
turns of each session to be averaged, as any length beyond it can
be too variable to interpret in a safe way.
A final limitation is the lack of validation of the interpretation

results we obtained using LLMs. A proper validation by human
experts is beyond the scope of the present study, and would require
a significant effort of marshaling human resources and designing a
systematic approach that can accommodate the expected increase
in LLM capabilities. We hope that our study can contribute to
initiate such effort.

Ethical considerations
In this section, we address the ethical considerations associated
with our work in analyzing psychotherapy transcripts and utilizing
AI in mental health care.
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First and foremost, our approach was designed fundamentally
as a companion tool to provide valuable insights and support to
both experienced therapists and junior clinicians, particularly in
the educational setting, where the interpretability of our models
can inform the strategies employed by seasoned therapists and
aid in the training of future mental health professionals.
When working with patient data, privacy and security are of

utmost importance. We have followed ethical guidelines and
operational suggestions [42–44] to ensure the proper anonymiza-
tion and protection of sensitive information. The dataset we
analyzed had all personally identifiable information, such as
metadata, user names, identifiers, and doctors’ names, throughly
removed. In the context of mental health and psychological well-
being, there are additional ethical considerations. The emergence
of wearable devices, digital health records, brain imaging
measurements, smartphone applications, and social media has
transformed the landscape of monitoring and treating mental
health conditions. However, it is important to approach these
advances with caution, as many of these technologies are still in
the proof-of-concept stage [44]. Rigorous clinical validation and
regulatory approval are necessary before deploying these
technologies for patient care and therapeutic decision-making.
Machine learning solutions in psychiatry, including our approach,
face difficulties in conducting systematic clinical validation and
ensuring the generalizability of results [45]. Real-world applica-
tions often involve small sample sizes, missing data points, and
highly correlated variables, which can impact the generalizability
and reliability of machine learning models.
To ensure responsible and safe deployment of AI systems in

mental health care, it is necessary to be mindful of potential biases
and ethical challenges. Gender bias, language-related ambiguity,
and ethnicity-related mental illness connections are examples of
such challenges [46]. Practitioners and machine learning research-
ers must be aware of these issues and take steps to mitigate
biases and promote fairness in AI systems. Engaging the public in
discussions about the usage of AI in mental health care is
important to foster awareness and avoid unrealistic expectations
of AI as a “domain expert” [47]. We utilized a dataset of over 950
psychotherapy transcripts. While it is the largest dataset available
in this research domain, we acknowledge the limitations in terms
of its representativeness and generalizability to all populations.
The anonymized nature of the dataset and the lack of detailed
information about the collection process and demographics of the
participants pose constraints. However, we believe that the
insights gained from our interpretable investigations are unlikely
to increase unforeseeable risks to the patients and have the
potential to be valuable in clinical practice.

CONCLUSIONS
In this study, we have introduced an approach that combines
state-of-the-art language modeling with therapy-evaluation inven-
tories to provide a detailed representation of the interaction
between patients and therapists. Our method offers granular
insights for post-session interpretations and has the potential to
assist in diagnosing patients based on linguistic features. This
dynamic analysis adds a layer of interpretability to the traditional
session-based WAI evaluation, and enables us to observe session
trajectories and their separability between patients and therapists.
We have noted, for instance, that in sessions with patients with
anxiety and depression, the trajectories of patients and therapists
tend to be more separable, whereas in schizophrenia sessions, they
are more entangled. This initial step toward turn-level resolution
temporal analysis in topic modeling provides valuable insights that
can help therapists improve the effectiveness of psychotherapy.
Moreove, while our focus has been on the Working Alliance
Inventory, our approach is generic and can be extended to other
assessment instruments in the field of psychotherapy.

In conclusion, our analytic framework offers interpretable
insights for therapists. By leveraging language models and
incorporating temporal analysis, we aim to enhance the under-
standing of the therapeutic process and support therapists in
providing more effective and personalized care to their patients.

DATA AVAILABILITY
The data analyzed in this study are publicly available from previously published
sources. Further details and access information are provided in the references or
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