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The association between emotional experience and expression, known as emotional coherence, is
considered important for individual functioning. Recent advances in natural language processing (NLP)
make it possible to automatically recognize verbally expressed emotions in psychotherapy dialogues and
to explore emotional coherence with larger samples and finer granularity than previously. The present
study used state-of-the-art emotion recognition models to automatically label clients’ emotions at the
utterance level, employed these labeled data to examine the coherence between verbally expressed
emotions and self-reported emotions, and examined the associations between emotional coherence and
clients’ improvement in functioning throughout treatment. The data comprised 872 transcribed sessions
from 68 clients. Clients self-reported their functioning before each session and their emotions after
each. A subsample of 196 sessions were manually coded. A transformer-based approach was used to
automatically label the remaining data for a total of 139,061 utterances. Multilevel modeling was used to
assess emotional coherence and determine whether it was associated with changes in clients’ functioning
throughout treatment. The emotion recognition model demonstrated moderate performance. The findings
indicated a significant association between verbally expressed emotions and self-reported emotions.
Coherence in clients’ negative emotions was associated with improvement in functioning. The results
suggest an association between clients’ subjective experience and their verbal expression of emotions and
underscore the importance of this coherence to functioning. NLPmay uncover crucial emotional processes
in psychotherapy.

Clinical Impact Statement
Question: The present study examined the coherence between clients’ verbal expressions of emotions
and their subjective experience of emotions and whether this coherence was associated with an
improvement in clients’ functioning.Findings: The findings demonstrate the usefulness of computerized
text analytic techniques to automatically annotate clients’ emotions. The results confirm the association
between clients’ subjective experience and their verbal expression of emotions.Meaning: The findings
highlight the relevance of emotional coherence for clients’ functioning, especially with regard to negative
emotions. Next Steps: Automatic emotion recognition models can be integrated into existing feedback
systems to provide an indication of the levels of emotional coherence in psychotherapy sessions and
allow therapists to adapt their interventions accordingly.

Keywords: emotional coherence, machine learning, natural language processing, emotion recognition,
psychotherapy process outcome
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Emotions are experienced and expressed through a range of
response systems such as individuals’ subjective experiences,
thoughts, behavior, and physiology (Greenberg, 2012). Theories
of emotions posit that coherence across different emotional responses
promotes better functioning (e.g., Ekman, 1992; Levenson, 2003).
Emotional coherence is defined as the coordination, or association,
between different emotional responses as the emotion unfolds over
time (Mauss et al., 2005). Many studies have shown that individuals
differ in their degree of coherence across emotional responses
(e.g., Brown et al., 2020) and that a lack of emotional coherence
tends to be associated with lower psychological functioning (e.g.,
Leonhardt et al., 2018; Mauss et al., 2011). Previous studies on
emotional coherence have primarily relied on laboratory-generated
emotional stimuli to assess emotional responses, often by comparing
clinical to nonclinical populations at one or only a few time points
(e.g., Hastings et al., 2009; Mauss et al., 2011; Negrao et al., 2005;
Wagner et al., 2003). Hence, these studies are limited in their ability
to determine how different emotional responses change together
over time in a genuine real-life interactions such as in psychotherapy.
These studies have focused on the relationship between certain
aspects of emotional responses such as between individuals’ self-
reports of their emotions and physiological responses (e.g., Brown
et al., 2020; Lohani et al., 2018) or facial expressions (Lohani
et al., 2018). However, the coherence between subjectively
experienced emotions and verbally expressed emotions remains
unexplored, even though there is significant theoretical backing for
its importance in the psychotherapy literature (e.g., Greenberg,
2012; Lane et al., 2022).
Various psychotherapy theories have highlighted the importance

of emotional coherence and suggest that individuals’ ability to
progress beyond their raw emotional experiences toward being able
to verbally express them is crucial to psychological functioning
(e.g., Fosha, 2001; Greenberg, 2012; Lane et al., 2022). According
to these theories, emotional coherence is part of emotional
processing, a broader term that encompasses a range of emotional
processes such as the ability to experience emotions, become aware
of one’s emotions, differentiate between emotions, provide meaning
to one’s experience, and resolve discrepancies between felt emotions
and expressed emotions (Pascual-Leone, 2018). One primary
objective of psychotherapy is to provide clients with the opportunity
to align their emotional experiences with the words that describe
them, which is expected to lead to better functioning (Fosha, 2001;
Greenberg, 2012). When individuals are able to express their
emotions in a way that matches their internal emotional state, the
better they are able to communicate and handle their emotions
(Greenberg, 2012; Gross et al., 2000; Levenson, 2003). In contrast,
when individuals experience emotions but are unable to express
them, or express emotions without recognizing how they feel, their
ability to adaptively communicate and handle their emotions is
impaired (Greenberg, 2012; Lane et al., 2022). Despite the strong
theoretical support for the importance of emotional coherence
between subjectively experienced emotions and verbally expressed
emotions, there is surprisingly little empirical research on this topic
in psychotherapy literature.
To date, psychotherapy studies have largely focused on a given

aspect of emotions such as emotional experience (e.g., Fisher et al.,
2016; Pos et al., 2009) or emotional expression (Mergenthaler,
2008) and its association with treatment outcomes; however, the

coherence between these emotional responses and the association
of such coherence with clients’ functioning has yet to be explored.

The lack of research on emotional coherence in psychotherapy
may have to do, at least in part, with traditional methods of
assessing emotions in psychotherapy. Many studies have used self-
reports to assess clients’ subjective experience of emotions in
psychotherapy sessions (e.g., Bar-Kalifa & Sened, 2020; Fisher
et al., 2016). While self-reports are easy to obtain and allow access
to the subjective experience of emotions, they rely on retrospective
reporting, which does not capture the fluctuating nature of emotions
from moment-to-moment. To tap emotional responses within
psychotherapy sessions, several studies have utilized observers’
ratings of clients’ emotions (e.g., Kramer et al., 2015; Pos et al.,
2017). These studies provide a rich and detailed perspective of
emotional processes in psychotherapy. Nevertheless, since obser-
vational human coding is very labor-intensive and expensive to
implement, these studies have typically focused on a small sample of
clients and are conducted at limited time points. Recent develop-
ments in artificial intelligence (AI), machine learning (ML), and
natural language processing (NLP) that can automatically capture
utterance-level verbally expressed emotions make it possible to
study emotional processes in psychotherapy at a higher scale and
specificity (Aafjes-van Doorn et al., 2021; Delgadillo & Atzil-
Slonim, 2023). Given the central role of language in psychotherapy,
NLP methods are particularly pertinent to analyzing psychotherapy
sessions.

There is a wide range of NLP techniques that can be used to
accurately identify emotions in text. These are commonly referred to
as sentiment analysis or emotion recognition (ER; for review, see
Nandwani & Verma, 2021). Earlier works that used text mining
to automatically identify emotions in psychotherapy sessions were
based on dictionaries of negative and positive emotion words
(e.g., Mergenthaler, 2008; Tausczik & Pennebaker, 2010). These
dictionary-based methods are simple to implement and can accurately
identify emotional words. However, they rely on a preexisting
dictionary or lexicon, which may not always be available for different
languages ormay not cover all possible words or phrases. Furthermore,
despite the fact that text data are sequential and context playing a
critical role in fully understanding a sentence, these dictionary-based
methods are unable to capture the context surrounding words or the
connections between words, thereby diminishing their effectiveness.

In recent years, deep learning models have become the dominant
method for emotion recognition (Nandwani & Verma, 2021). Early
works on NLP for emotion recognition used sequential language
models such as recurrent neural networks (RNNs; e.g., Majumder
et al., 2019) that analyze short word sequences (Gers et al., 2000).
More recent transformer-based architecture studies use each word
bidirectionally in the context of an entire sentence, which yieldsmore
robust word representations. Transformer-based language models,
such as the bidirectional encoder representation from transformers
(BERT; Devlin et al., 2018), are pretrained on huge data sets of
unannotated text by randomly masking some of the words and
training the model to predict them. This allows the model to learn
the underlying structure of the language and the context in which
words appear. After pretraining, the model can be fine-tuned for
a specific task on a smaller labeled data set, such as emotion
recognition in natural psychotherapy text by updating its parameters
to optimize a task-specific objective. The versatility and capability of
transformer-based languagemodels have resulted in their widespread
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application across a variety of research fields, including mental
health (Delgadillo & Atzil-Slonim, 2023). Studies have reported the
potential usefulness of these methods in analyzing psychotherapy
data (e.g., Cao et al., 2019; Ewbank et al., 2021). In one such study,
Tanana et al. (2021) showed that deep learning models outperformed
dictionary-based models in accurately detecting verbally expressed
clients’ emotions (with a kappa of 0.31 vs. 0.25). Using these
advanced methods to automatically annotate large data sets with
emotion labels at the utterance level can serve to explore emotional
processes that have previously been neglected, such as the coherence
between verbally expressed emotions and self-reported emotions and
whether this coherence is associated with clients’ functioning.
The present study had three objectives:
Aim 1: Use state-of-the-art language models for emotion

recognition to automatically label clients’ utterance-level emotions
during psychotherapy conversations. Based on recent studies that
have used deep learningmodels to automatically label psychotherapy
data (e.g., Ewbank et al., 2021), we expected that the model’s
performance would be comparable to human interrater reliability
(prerequisite Hypothesis 1).
Aim 2:Use these labeled data to examine the emotional coherence

between verbally expressed emotions and self-reported emotions
(Hypothesis 2). Based on previous studies that have reported
emotional coherence in other modalities (e.g., Hastings et al., 2009),
as well as psychotherapy theories on emotional coherence (e.g.,
Greenberg, 2012; Lane et al., 2015), we expected to find emotional
coherence between verbally expressed emotions and self-reported
emotions for both positive and negative emotions.
Aim 3: Examine whether emotional coherence would be

associated with greater improvement in functioning throughout
treatment. Based on previous findings on the association between
emotional coherence and functioning (e.g., Leonhardt et al., 2018),
we anticipated that higher emotional coherence would be associated
with improvement in clients’ functioning throughout treatment
(Hypothesis 3).

Method

This study was conducted in the community research clinic
of Bar-Ilan University, Israel, and approved by the associated
institutional review board. Data were collected naturalistically at a
large university outpatient clinic, as part of the clinic’s regular
practice of monitoring clients’ progress. Clients were asked to sign
consent forms and were told they could choose to terminate their
participation in the study at any time without jeopardizing treatment.
Due to the sensitive nature of the textual data, secured servers with
limited access were used to develop this study. The questionnaires
and labeled data, materials, and analysis code for this study can be
accessed from the first author upon request.

Participants and Treatment

Clients

The data were drawn from a pool of 180 clients who were in
individual psychotherapy between August 2014 and August 2016
and had given their consent to participate in the study. Thirty-four
clients (18.88%) dropped out (deciding one-sidedly to end treatment
before the planned termination date). Clients were selected if they

had complete data including audio recordings that were used for
the transcriptions and session-by-session questionnaires. Clients
were excluded based on the Mini International Neuropsychiatric
Diagnostic Interview for Axis I Diagnostic and Statistical Manual
of Mental Disorders, Fourth Edition (MINI; Sheehan et al., 1998),
if they were diagnosed as severely disturbed, either because of
a current crisis, past severe trauma or associated posttraumatic stress
disorder, a past or present psychotic or manic diagnosis, and/or
current substance abuse. Based on these criteria, we excluded
77 clients (42%). Thus, of the total sample, the data for 68 clients
(38%) who met the inclusion criteria were transcribed, for a total of
872 transcribed sessions. The clients were all above age 18 (Mage =
39.06, SD = 13.67, range 20–77), and most were women (58.9%).
Of the clients, 92% were native Hebrew speakers and 92% were
born in Israel. Of the clients, 53.5% had at least a bachelor’s degree;
53.5% were single and 8.9% were in a committed relationship
but unmarried; 23.2% were married and 14.2% were divorced
or widowed. Intake interviews were conducted by experienced
independent clinicians before the actual therapy began. All intake
sessions were audiotaped, and a random 25% of the interviews were
sampled and rated again by an independent clinician. The mean
Kappa value for the Axis I diagnoses was excellent (k = .9). Of the
clients, 22.9% had one diagnosis, 20.0% had two, and 25.7% had
three or more. The most common diagnoses were comorbid anxiety
and affective disorders (25.7%), followed by other comorbid
disorders (17.1%), anxiety disorders (14.3%), and affective disorders
(5.7%). Several clients (31.4%) reported relationship concerns,
academic/occupational stress, or other problems that did not meet
the criteria for any Axis I diagnosis.

Therapists and Therapy

The clients were treated by 52 therapists. All were MA or
PhD students at different stages of their clinical psychology training
(1–5 years of experience). All the therapists were native Hebrew
speakers. Clients were assigned to therapists in an ecologically
valid manner reflecting therapist availability and caseload. Most
therapists treated one client each, but some (eight) treated two.
Each therapist received 1 hr of individual supervision and 4 hr of
group supervision on a weekly basis. All therapy sessions were
audiotaped for use in supervision with senior clinicians. The
individual and group supervision focused heavily on the review
of the audiotaped case material and the appropriateness of the
therapists’ interventions. The supervisors were senior clinicians.
Individual psychotherapy consisted of once-weekly sessions. The
dominant approach in the clinic is short-term psychodynamic
psychotherapy (Shedler, 2010; Summers & Barber, 2010);
however, the clinic supports a pan-theoretical training paradigm
that involves teaching therapists to be attuned to clinically
meaningful scenarios and respond to them by integrating evidence-
based strategies from various treatment approaches, such as
schema therapy (Young et al., 2005) and cognitive behavioral
therapy (Beck, 1979). Treatment was open-ended in length but was
often restricted to 9 months–1 year, reflecting the trainee clinicians’
program and the university calendar. On average, treatment
spanned 37 sessions (SD = 23.99, range = 18–157). The language
of therapy was modern Hebrew.
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Instruments and Data Collection

The Outcome Rating Scale (ORS)

The ORS is a four-item Visual Analog scale developed as a brief
alternative to the Outcome Questionnaire–45 (OQ-45). It assesses
change in three areas of client functioning that are widely considered
to be valid indicators of progress in treatment: functioning,
interpersonal relationships, and social role performance (Miller et
al., 2003). Respondents complete the ORS before each therapy
session by rating four statements on a Visual Analog scale anchored
at its respective extremes by the words low and high. This scale
yields four separate scores between 0 and 10 (for a total score
between 0 and 40), with higher scores indicating better functioning.
According to the ORS manual, a score of 24 represents the
threshold for clinical status. The Reliable Change Index for the
ORS is 5; thus, cases with a gain score of 5 and above are classified
as improved. The ORS showed excellent internal consistency in the
current sample (α = .95).

Profile of Mood States (POMS; McNair et al., 1992)

The POMS is a widely used instrument that assesses mood
variables. For the purpose of this study, we used an abbreviated
version of the measure, which was adapted for intensive repeated
measurements (Cranford et al., 2006) and consists of 12 words
that describe current emotional states. The Negative Affect scale
includes sadness (two items), anxiety (two items), and anger (two
items). The Positive Affect scale includes contentment (two items),
vigor (two items), and calmness (two items). Examples of feelings
on the POMS are “anxious,” “sad,” “angry,” “happy,” “lively,” and
“calm.” The clients were asked to evaluate how they felt during
the session on a 5-point Likert scale ranging from “Not at all” to
“Extremely.” The POMS has been tested on college students and
was found to be both valid and reliable (Guadagnoli & Mor, 1989).
In line with previous studies that have implemented this measure
(e.g., Sened et al., 2017), an aggregated total score of positive and
negative affect was used in this study. The POMS showed excellent
internal consistency in our sample for both the negative (α = .9)
and positive (α = .94) scales.

Transcription

To capture the evolution of treatment from session to session,
and since transcription is highly expensive, transcriptions were
made every other session (i.e., Sessions 2, 4, 6, 8, etc.). When the
material was incomplete (e.g., as a result of low recording quality or
failure to complete questionnaires for a specific session), the next
session was transcribed instead. The transcriber team was composed
of seven transcribers, all of whom were graduate students in the
university’s Psychology Department. The transcribers went through
a 1-day training workshop, and monthly meetings were held
throughout the transcription process to supervise the quality of their
work. Their training included specific guidelines on how to handle
confidential and sensitive information, where the transcribers were
instructed to replace names with pseudonyms and to mask any other
identifying information. The transcription protocol followed general
guidelines as prescribed by Mergenthaler and Stinson (1992) as
well as Albert et al. (2013). The audiotapes were transcribed in their

entirety and provided verbatim accounts of the sessions. An average
of 11.79 sessions were transcribed per client (SD = 3.08). Each
transcript incorporated metadata such as the client’s code, which
allowed the client data to be linked across sessions and facilitated
hierarchical analysis. The transcriptions totaled approximately
5 million words. On average, there were 5,842 words in a session,
of which 4,525 (77%; SD = 1407.07; range 416–8,176) were client
utterances and 1,317 (23%; SD = 728.12; range 160–6,048) were
therapist utterances.

Emotion Coding

A subsample of 196 sessions was coded speech-turn by speech-
turn to identify the emotional valence (positive, negative, mixed,
neutral). This categorization of emotions is common in many studies
(e.g., Greenberg, 2012; Tanana et al., 2021). Twenty undergraduate
students trained by a clinician during a semester course served as
the coders. Their training consisted of six class meetings where
they were introduced to the guidelines for coding and given the
opportunity to label sessions and receive feedback from a clinician
on the accuracy of their labeling. Afterward, they began to label
independently. Naïve labelers who received relatively short
training were used because previous studies suggest that they
are viable alternatives for identifying basic aspects of emotions
such as valence; furthermore, they require less training than expert
coders (e.g., Tanana et al., 2021; Waldinger et al., 2004). Out of the
196 sessions, 22 (11%) were coded twice, once by a trained
undergraduate annotator and once by a doctoral student in clinical
psychology. This led to a moderate Cohen’s Kappa of 0.54 (0.59
for negative emotions and 0.52 for positive emotions). This average
interrater reliability is similar to interrater reliabilities reported in
previous studies (e.g., Tanana et al., 2021). In what follows, these
196 sessions annotated by human coders is termed the “gold data
set,” which comprised 22,248 client utterances. The remainder of
the nonannotated sessions are referred to below as the “silver data
set,” which comprised 116,813 client utterances.

Then, the verbally expressed emotions were calculated on
the silver data set. To neutralize the effect of the total number of
utterances in a session, we calculated the relative proportion of
each emotion. For example, to calculate the negative verbally
expressed emotions in a given session, the proportion of negative
utterances out of the total number of utterances in the session was
calculated.

Procedure

The procedure was part of the routine battery in the clinic. All
sessions were audiotaped and transcribed according to a protocol
ensuring confidentiality and the masking of any identifying
information such as names and places. Finally, to guarantee privacy
given the sensitive nature of the data, only secured servers with
privileged access were employed.

The session questionnaires were electronically completed by
the participants using computers located in the clinic rooms and
software that time-stamped their responses. The clients completed
the ORS before each therapy session and the POMS at the end of
each session.
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Data Analysis Strategy

The first step was to automatically label the client emotions at
the utterance level. The data set had two speakers; namely, the
client (C) and the therapist (T). An utterance was defined as the
shortest continuous unit of speech in a dialogue marked by a pause
or change in speaker at the beginning or at the end. Formally, given
an input sequence of N utterances ½up1, up2, : : : , upN � spoken by
party p = [C, T], where each utterance upi = ½ui1, ui2, : : : , uiT � has
Twords uij, the task was to label emotions only for client utterances
½uC1 , uC2 , : : : , uCN �.
To develop the emotion recognition labels at utterance level,

we fine-tuned various BERT-based language models and their
corresponding lightweight adapter solutions (Houlsby et al.,
2019). Compared to fully fine-tuned models, adapter models only
incorporate a few task-specific parameters for each new task. The
BERT-based experiments were conducted on three pretrained
language models, each capable of handling Hebrew text, that is,
(a) XLM-RoBERTa (Conneau et al., 2019), a multilingual
language model based on the RoBERTa architecture (Liu et al.,
2019), (b) HeBERT (Chriqui & Yahav, 2021), a monolingual
BERT model trained on Hebrew data, and (c) AlephBERT (Seker
et al., 2022), another monolingual BERT-based model trained on
a large Hebrew vocabulary of 52K tokens optimized via masked-
token prediction. Corresponding variants of these BERT models
with lightweight adapter solutions focused on a small number of
task-specific parameters for training using bottleneck adapters
(Houlsby et al., 2019) and mix-and-match (MAM) adapters
(He et al., 2021). A complete list of the experiments for emotion
recognition can be found in Table 1.
To evaluate the performance of the approaches on the emotion

recognition task, we first trained and tested the models on the
expert-labeled gold data set. Each model was trained on the labeled
data over 10-fold cross-validation to account for the variability
in the results. Hyper-parameter tuning was conducted on the
development data set (10% of the gold data set per fold). The
learning rate was set to 2e–6 with L2 regularization (decay =
0.0001). The maximum token size T per utterance was set to
128 and partial class balance was implemented given the skewed

emotion label distribution (Chawla et al., 2002). In line with
previous emotion recognition studies in psychotherapy (e.g.,
Tanana et al., 2021), we used the F1 micro to evaluate the results
from the trained model. The F1 score calculates the harmonic mean
of precision and recall and provides a single value of a model’s
performance (Hossin & Sulaiman, 2015). Precision is defined as the
proportion of predicted instances that are truly relevant, and recall
is the proportion of relevant instances that are correctly predicted
(Powers, 2020).

As presented in Table 1, the results from the experiments on
the gold data set indicated that the AlephBERT-based emotion
recognition model performed better than the other models in
recognizing client emotions. We concluded that this model could
be used for emotion recognition on unseen data sets with similar
properties. Therefore, we adapted our gold data set-trained
AlephBERT emotion recognition model to develop client emotion
labels for the silver data set.

Next, we examined emotional coherence and its association with
clients’ improvement in functioning. The data set had a hierarchical
structure, with session ratings nested within clients and clients
nested within therapists. Thus, we used a multilevel model (MLM;
Raudenbush & Bryk, 2002), with sessions at Level 1 and clients
at Level 2.1

To test Hypothesis 2, our first model estimated the association
between clients’ self-reported emotions (SREs) and their verbally
expressed emotions (VEEs), separately for positive and negative
emotions.

Model 1

Level 1:

SRE:NEGSC = β0c + β1c × VEE:NEGSC + esc: (1)

or

SRE:POSSC = β0c + β1c × VEE:POSSC + esc: (2)

ðescÞ∼N½ð0, σ2Þ�: (3)

Level 2:

β0c = γ00 + u0c; (4)

β1c = γ10 + u1c: (5)

ðu0d , u1dÞ∼N

�
ð00Þ,

�
τ00 τ10
τ01 τ11

��
: (6)

In this multivariate multilevel equation, the self-reported
emotions of Client c in Session s were predicted by the following:
the sample’s average (i.e., the intercept γ00), the client’s verbally
expressed emotions per session (i.e., the slope γ10), the deviations
of each client from the average intercepts and the slope (i.e., the
Level-2 random effect for the intercept and the slope, u0c and u1c),
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Table 1
F1-Micro and Cohen’s Kappa Evaluation of the Different
BERT-Based Models for the Emotion Recognition Task on the
Gold Data Set

Model F1 Kappa

Annotators 0.73 0.54
XLM-ft 0.64 0.42
XLM-adapter 0.64 0.43
HB-senti-ft 0.61 0.37
HB-adapter 0.57 0.34
AB-ft 0.66 0.46
AB-adapter 0.65 0.44

Note. Cohen (1960) suggested interpreting Kappa results as follows:
0.01–0.20 none to slight, 0.21–0.40 fair, 0.41–0.60 moderate, 0.61–0.80
substantial, and 0.81–1.00 almost perfect agreement. The best model
performance is highlighted in bold. XLM = XLM-RoBERTa; HB =
HebrewBERT; AB = AlephBERT; BERT = bidirectional encoder
representation from transformers

1 When we attempted to estimate three-level models (i.e., taking therapist
effects into account), the models did not converge. This is likely the result
of the low rate of clients treated by the same therapist in the sample
(most therapists treated only one client).
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and the Level-1 residual terms quantifying the session’s deviation
from these effects (i.e., Level-1 random effect, esc).
To test Hypothesis 3 that emotional coherence amplifies the

positive outcome trajectory across treatment, separately for negative
and positive emotions, we first calculated the emotional coherence
as the Pearson’s correlation between verbal-expressed emotion and
the self-reported emotion (Coherence:NEG0c=Coherence:POS0c)

2

Next, we utilized a growth model to examine the linear trajectory
of the session-level ORS throughout treatment. Finally, we added
the interaction coefficient between the coherence and the ORS
trajectory. This was done separately for positive and negative
emotions.3

Model 2

Level 1:

ORSSC = β0c + β1c × Session Numbersc + β2c
× Coherence:NEG0c + β3c × Session Numbersc

× Coherence:NEG0c + esc: (7)

or

ORSSC = β0c + β1c × Session Numbersc + β2c
× Coherence:POS0c + β3c × Session Numbersc

× Coherence:POS0c + esc: (8)

ðescÞ∼N½ð0, σ2Þ�: (9)

Level 2:

β0c = γ00 + u0c; (10)

β1c = γ10; β2c = γ20; β3c = γ30: (11)

ðu0cÞ∼N½ð0, τ200Þ�: (12)

Results

The hypotheses were a priori but not preregistered.

Automatic Labeling of Emotions (Prerequisite
Hypothesis 1)

The complete set of results on the cross-validated gold data set
using the emotion recognition approach based on BERT language
models are presented in Table 1. The fine-tuned Hebrew language-
based transformer model, viz. the AlephBERT-ft, was the best-
performing approach out of the set of all baselines trained for
this task. AlephBERT-ft scored a moderate F1 of 0.66 and had a
Cohen’s Kappa of 0.46, which was slightly lower but comparable
to human performance on this task (human interrater reliability:
F1 = 0.73; Kappa = 0.54). We then adapted this model to develop
utterance-level emotion labels for the silver data set.

Assessment of Emotional Coherence (Hypothesis 2)

The descriptive statistics for the variables are presented in Table 2.
The results of the first model are presented in Table 3. Consistent
with Hypothesis 2, we found positive associations between self-
reported emotions and verbally expressed emotions for both positive
and negative emotions. In other words, clients’ self-reported
emotions (either positive or negative) were positively correlated
with verbal expressions. The cross-valence associations indicated
negative correlations between self-reported emotions and verbally
expressed emotions for both positive and negative emotions (for the
cross-valence associations, see Supplemental Material, Table 5).
We ran an additional post hoc analysis to test for differences in
clients’ verbal expression and self-reported emotions between
negative and positive emotions. We ran two MLM intercept-only
models on the difference between positive and negative levels
(positive–negative) in self-reported and verbally expressed emotions.
On average, clients reported greater levels of positive than negative
emotions (Est. = 4.14, p < .001), but there were greater proportions
of verbally expressed negative than positive emotions (Est. = −0.28,
p < .001).

The Association Between Emotional Coherence and
Functioning Trajectory Across Treatment (Hypothesis 3)

The results of the secondmodel are presented in Table 4. We found
an average positive trajectory for functioning (ORS measures)
throughout treatment. In addition, and in line with our hypothesis, this
trajectory was moderated by the coherence of negative emotions. In
other words, clients who had higher emotional coherence in negative
emotions showed more improvement in functioning throughout
treatment. However, this association was not found when examining
the coherence of positive emotions.

To probe this moderation finding in negative emotions, we
plotted (Figure 1) the simple associations between changes in ORS
and session number (i.e., ORS trajectory throughout treatment).
The results indicated that clients marked by higher coherence levels
(+1 SD) were characterized by steeper ORS trajectories (Est. =
0.21, p < .001) compared to clients marked by lower coherence
levels (−1 SD; Est. = 0.10, p = .002).

Discussion

In the present study, we used state-of-the-art emotion recognition
language models to automatically label clients’ emotions speech-
turn by speech-turn, session-by-session throughout psychotherapy.
Our goal was to leverage these models to test for coherence
between clients’ verbal expression of emotions and their subjective
experience of emotions and whether this coherence corresponded
to an improvement in clients’ functioning.

The results of our prerequisite analysis showed that AlephBERT
performed the best and achievedmoderate accuracy in automatically
labeling clients’ emotions at the utterance level. AlephBERT’s
superior performance is consistent with the findings of previous
NLP studies in which this model achieved state-of-the-art results
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2 To calculate the Pearson’s correlation between verbal expression and
self-reported emotions, we included treatments with at least 10 sessions.

3 Level-2 random intercept model was utilized since the addition of
random slopes to the model did not significantly improve the model fit.
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on benchmark data sets for different Hebrew NLP tasks such as
categorical classification (Seker et al., 2022). While previous studies
on emotional processes in psychotherapy tend to be based on
relatively small sample sizes owing to the labor-intensive nature of
human coding, or on self-reports that cannot capture the moment-to-
moment expression of emotions within psychotherapy sessions,
automatic labeling provides opportunities for examining emotional
processes on a larger scale and higher specificity (∼139,061 utterances
of clients’ labeled emotions from 872 sessions).
It is interesting to qualitatively explore examples in which the

emotion recognition model misclassified the emotion category. One
of the challenges for the model was the verbal ambiguity of Hebrew.
For example, in the sentence “I’m dying on my dad, he had good
intentions,” the human annotators correctly labeled this as a positive
emotion utterance since they identified the common Hebrew slang
expression to express affection (in Hebrew slang, “I am dying
on him” implies “I like him very much”). However, its intended
emotion was missed by the automatic emotion recognition model,
mostly likely because of the negative connotation of “dying.” The
model also tended to misclassify emotions in complex sentences
that included the negation of emotion. For example, in the sentence
“I did not have a good trip, but in the lab everyone thought that
I enjoyed it and had fun,” the human annotator correctly identified

the negative emotion, but the model misclassified it as positive.
NLP studies have noted that perfect performance should not be
expected from emotion recognition models, given that even humans
do not completely agree on these types of ratings (Tanana et al.,
2021). However, as indicated by the results, the model approached
human performance.

The automatic labeling of emotions allowed us to assess in the
next step the level of coherence between verbally expressed and
self-reported emotions. In line with Hypothesis 2, the findings
indicated emotional coherence between verbally expressed emotions
and self-reported emotions for both positive and negative emotions.
This is consistent with previous reports indicating coherence between
self-reported emotions and other channels of emotional response
such as physiology or facial expression (e.g., Lohani et al., 2018).
It, however, extends these results by showing coherence between
emotional experience and emotional expression. In addition, whereas
previous research has assessed coherence at only a few time points
(e.g., Hastings et al., 2009), the present study investigated emotional
coherence that occurs session-by-session across therapy. The
significant association between self-reported emotions and verbally
expressed emotions further supports the capacity of the automatic
emotion recognition model to accurately recognize individuals’
emotional states.
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Table 3
Fixed and Random Effects of Clients’ Self-Reported Emotions and Verbally Expressed Emotions

Study parameter

Negative emotions

Std. Est.

Positive emotions

Std. Est.Est. (SE) [CI 95%] p Est. (SE) [CI 95%] p

Fixed effects
Intercept ðγ00Þ 4.53 (0.26) [4.03, 5.04] <.001 8.79 (0.29) [8.23, 9.35] <.001
VEE ðγ10Þ 0.01 (0.001) [0.01, 0.02] <.001 0.15 0.06 (0.01) [0.05, 0.08] <.001 0.22
Random effects
Level 1 (sessions)
Residual 1.50 [1.42, 1.59] 1.61 [1.52, 1.69]

Level 2 (clients)
Intercepts 2.05 [1.61, 2.61] 2.11 [1.70, 2.62]
VEE 0.074 [0.05, 0.10] 0.04 [0.02, 0.08]

Note. Est. = estimate; SE = standard error; CI = confidence interval; Std. Est. = standard estimate; VEE = verbally expressed
emotions.

Table 2
Means, Standard Deviations, and Intercorrelations for the Study Variables

Study variable [Mstart, Mend] SD

Zero-order correlations

1 2 3 4 5

1. SRE.NEG [5.83, 5.09] 2.33 — −0.49
(p < .001)

0.18
(p < .001)

−0.26
(p < .001)

−0.28
(p < .001)

2. SRE.POS [9.67, 9.45] 2.67 — −0.25
(p < .001)

0.18
(p < .001)

0.36
(p < .001)

3. VEE.NEG [0.39, 0.37] 0.14 — −0.38
(p < .001)

−0.13
(p < .001)

4. VEE.POS [0.11, 0.11] 0.06 — 0.15
(p < .001)

5. ORS [21.80, 25.59] 8.18 —

Note. Means are presented for first sessions (Mstart) and last sessions (Mend). Zero-order correlations applied the variable
means computed across all treatment sessions. SRE.NEG/POS = session-level negative/positive self-reported emotions;
VEE.NEG/POS = session-level negative/positive verbally expressed emotions; ORS = session-level Outcome Rating Scale;
SD = standard deviation of the variables across all treatment sessions.
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The finding partially supported the third hypothesis associating
higher coherence between negative verbally expressed emotions
and self-reported emotions with greater improvement in functioning.
This finding strengthens various psychotherapy theories that empha-
size the importance of coherence between subjective experience
and verbal expression of emotions (e.g., Greenberg, 2012; Lane et
al., 2022). The finding is also in line with previous studies that
demonstrated association between emotional coherence and
functioning levels (e.g., Leonhardt et al., 2018) but goes one
step further by showing that the level of emotional coherence is
associated with improvement in functioning levels over the course
of psychotherapy. This finding highlights the importance of
coherence between verbal expression of emotions and subjective
experience of emotions to treatment outcome. However, this
conclusion is drawn from correlational data, which does not
allow for a definitive inference of a causal relationship between

emotional coherence and treatment outcome. An alternative
interpretation could be that individuals whose functioning improved
over time may have managed to better align their verbal expressions
and their emotional experiences.

It is interesting to speculate why emotional coherence was only
linked to improvement in functioning for negative emotions, but
not for positive emotions. This contrasts with a lab study that
reported that higher emotional coherence in positive emotions was
associated with higher functioning levels (Mauss et al., 2011). One
potential explanation is that during psychotherapy, both therapists
and clients often focus on negative emotions and tend to overlook
positive emotions (e.g., Atzil-Slonim et al., 2019). Because clients
often enter therapy with painful emotions, these emotions may take
center stage. This may facilitate coherence between expressing
and experiencing negative emotions, which may lead to enhanced
functioning. In contrast, the tendency to neglect positive emotions
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Table 4
Fixed Effect of Clients’ Coherence and Session Number as Predictors for Clients’ Self-Reported Functioning Level (ORS Score)

Study parameter

Negative emotions

Std. Est.

Positive emotions

Std. Est.Est. (SE) [CI 95%] p Est. (SE) [CI 95%] p

Intercept ðγ00Þ 22.32 (0.96) [20.44, 24.20] <.001 22.39 (0.97) [20.49, 24.29] <.001
Session number ðγ10Þ 0.16 (0.02) [0.12, 0.20] <.001 0.021 0.16 (0.02) [0.11, 0.20] <.001 0.020
Coherence ðγ20Þ 0.83 (3.32) [−5.84, 7.50] .804 0.032 1.61 (3.16) [−4.75, 7.97] .614 0.061
Coherence × Session Number ðγ30Þ 0.19 (0.08) [0.04, 0.35] .014 0.007 0.01 (0.08) [−0.14, 0.15] .940 0

Note. ORS = Outcome Rating Scale; Est. = estimate; SE = standard error; CI = confidence interval; Std. Est. = standard estimate.

Figure 1
ORS Trajectory Over the Course of Treatment Moderated by Clients’ Coherence Levels

Note. Trajectories of functioning (ORS score) improvement throughout treatment (session number). Three trajectories are shown,
differentiated by clients’ coherence level. This demonstrated the amplified functioning improvement for higher coherence levels for
negative emotions. ORS = Outcome Rating Scale. See the online article for the color version of this figure.
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might limit opportunities to align their expression and experience,
hindering potential therapeutic benefits.
Support for this explanation comes from an interesting

observation that was not part of our set of hypotheses but emerged
from the data; namely, that self-reported emotions had higher
levels of positive emotions than negative emotions, whereas verbal
expressions evidenced higher levels of negative emotions than
positive emotions. This may be linked to the fact that people tend to
express negative emotions more frequently than positive emotions
(Baumeister et al., 2001) and to give socially desirable responses in
self-reports that present themselves positively (Kazdin, 2008). This
implies that therapists might benefit from being more receptive to
subtle expressions of positive emotions. By helping clients express
both negative and positive emotions in alignment with their inner
experience, clients may become more adept at communicating and
managing their emotions effectively.

Limitations, Future Directions, and Clinical Implications

One limitation of this study is related to the fact that the positive
and negative valence scores were aggregated for verbally expressed
emotions and self-reported emotions. Findings have indicated the
importance of individuals’ ability to differentiate between specific
negative emotions (e.g., sad vs. anxious; Schoebi & Randall, 2015),
such that emotional coherence for specific emotions is likely to
be meaningful. Given the finding of medium-to-large associations
among the specific emotions within each valence in the POMS, we
opted to use aggregated scores to adjust the scales between self-
reported emotions and verbally expressed emotions. Future studies
would benefit from examining whether coherence in specific
emotions is differently associated with treatment outcomes.
Another limitation is that the analysis assessed coherence at

the session level and focused on the association between verbally
expressed emotions and self-reported emotions. Recent technological
advances in audio analysis and facial recognition now permit a more
fine-grained analysis of different emotional responses. Future
studies would benefit from using multimodal measures with a higher
time resolution to examine emotional coherence between multiple
emotional channels.
The performance of the automatic coding model in this study was

relatively modest, although it was comparable to previous studies
that have used computational learning methods for similar purposes
(e.g Tanana et al., 2021). It is possible that new developments
in NLP and larger language models will enable better model
performance in the future. Yet another limitation lies in the fact that
while the data contained a vast number of utterances, the sample size
at the client level was relatively small, thereby limiting its statistical
power. Nevertheless, the use of automatic methods facilitates swift
coding, thus opening up the possibility for future studies to harness
these capabilities effectively for a larger data set.
Another limitation is that our psychotherapy data were in Hebrew

and that the study sample was relatively homogeneous, since it
mostly consisted of native Hebrew speakers. In addition, treatments
were conducted in a clinic that emphasizes a psychodynamic model
of treatment. These factors may limit the generalizability of the
results to other languages, cultures, and treatment models. Although
we consider emotional coherence to be a pan-theoretical component
emphasized by most psychotherapy orientations, future studies are
required to explore whether the association between emotional

coherence and outcome can be replicatedwith therapists implementing
other therapeutic orientations, in other languages and with more
diverse samples.

Finally, in the present study, we focused on the clients’ emotional
processes. However, recent studies have highlighted the importance
of studying emotions as a dyadic system (Atzil-Slonim et al., 2018).
Accordingly, future studies could explore whether therapists’
emotional coherence in different emotional channels is associated
with clients’ likelihood of emotional coherence over the course of
therapy.

These results have several clinical implications. They highlight
the importance of helping clients to align their emotional experiences
with the language they use to express them. Therapists would
benefit from identifying clients or sessions characterized by a high
dissociation between emotional experience and the verbal expression
of emotions and tailor their interventions to help clients express their
emotions or increase their emotional awareness. While our results
indicated that emotional coherence primarily correlatedwith favorable
outcomes for negative emotions, the observation that clients rarely
express positive emotions during sessions suggests that therapists
should place greater emphasis on exploring positive emotions.
Automatic emotion recognition models can be integrated into
existing feedback systems to provide an indication of the levels of
emotional coherence in psychotherapy sessions and allow therapists
to modify their interventions accordingly.

The present study employed transformer-based emotion recognition
models to automatically annotate clients’ emotions, which served to
investigate the role of emotional coherence in psychotherapy. This
automated labeling approach can also examine many other emotional
processes in psychotherapy. Given the rapid pace of technological
progress in NLP emotion recognition models, even more advanced
methods, such as generative large language models (LLMs), may
be utilized in the near future to enhance the accuracy of emotion
detection and explore subtle emotional processes in psychotherapy
on a larger scale.
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