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Abstract
Objective Given the importance of emotions in psychotherapy, valid measures are essential for research and practice. As
emotions are expressed at different levels, multimodal measurements are needed for a nuanced assessment. Natural
Language Processing (NLP) could augment the measurement of emotions. The study explores the validity of sentiment
analysis in psychotherapy transcripts.
Method We used a transformer-based NLP algorithm to analyze sentiments in 85 transcripts from 35 patients. Construct
and criterion validity were evaluated using self- and therapist reports and process and outcome measures via correlational,
multitrait-multimethod, and multilevel analyses.
Results The results provide indications in support of the sentiments’ validity. For example, sentiments were significantly
related to self- and therapist reports of emotions in the same session. Sentiments correlated significantly with in-session
processes (e.g., coping experiences), and an increase in positive sentiments throughout therapy predicted better outcomes
after treatment termination.
Discussion Sentiment analysis could serve as a valid approach to assessing the emotional tone of psychotherapy sessions and
may contribute to the multimodal measurement of emotions. Future research could combine sentiment analysis with
automatic emotion recognition in facial expressions and vocal cues via the Nonverbal Behavior Analyzer (NOVA).
Limitations (e.g., exploratory study with numerous tests) and opportunities are discussed.

Keywords: emotions; sentiment analysis; natural language processing (NLP); transcripts; multimodal measurement

Clinical or methodological significance of this article: The study provides several indications in support of the validity
of sentiment analysis for measuring emotions in psychotherapy session transcripts. It also highlights the importance of
multimodal measurement to gain more in-depth knowledge of emotional processes during treatment and the potential
sentiment analysis could have for measurement-based and data-informed psychotherapy.

Emotions play a crucial role in mental health and
well-being (Houben et al., 2015; Kraiss et al.,
2020). Emotional distress is a primary reason for
seeking psychological help, and interventions that

promote emotion regulation and coping are key com-
ponents of psychotherapy (Whelton, 2004). In order
to effectively treat emotional disorders (Bullis et al.,
2019), it is essential to assess and monitor emotions
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during therapy (Greenberg, 2012; Peluso & Freund,
2018). In precision mental health care, continuous
measurement and feedback of emotions can inform
clinical decision-making and improve outcomes
(Lutz et al., 2021). However, accurately and effi-
ciently assessing emotions in psychotherapy
remains a challenge.
As emotions are expressed on multiple levels,

including facial expression (Ekman & Friesen,
2003), physiology (Kreibig, 2010), behavior (Tamir
& Bigman, 2018), and language (Koolagudi & Rao,
2012; Shapira et al., 2021), multimodal measures
are necessary for a comprehensive assessment (Eid
et al., 2014; Lutz et al., 2021; Scherer, 2005).
Despite the widespread application of multimodal
approaches to assessing emotions in several
domains (Guo et al., 2014; Soleymani et al., 2011),
they have been widely overlooked in psychotherapy
research (Eid et al., 2014). Multimodal approaches
in psychology seek a more complete and nuanced
understanding of psychological phenomena by com-
bining various aspects, dimensions, components, or
modalities using diverse methods (D’Mello & Kory,
2015; Kazdin, 1996). While in communication and
computer science, multimodality primarily refers to
multiple human communicative channels, in psy-
chotherapy research, multimodal measurements
may also involve combining different methods and
sources (Lutz et al., 2021). Traditional emotion
measures, such as self-reports (e.g., Profile of
Mood States, POMS; McNair et al., 1992), therapist
reports (e.g., Atzil-Slonim et al., 2019), observer
ratings (e.g., Facial Action Coding System, FACS;
Ekman & Friesen, 2003), or physiological data
(e.g., Tschacher & Meier, 2020; Bar-Kalifa et al.,
2019), have provided valuable insights into emotion-
al experiences in therapy. However, these traditional
methods also have drawbacks, such as self-report
bias, reliance on trained observers, cost, and time
intensity (Kihlstrom et al., 2000).
Integrating new approaches could help surpass the

limitations of traditional methods. Machine learning
has been useful in mental health research (e.g.,
mental health detection: Abd Rahman et al., 2020;
mental health outcome: Su et al., 2020; mobile
mental health: Han et al., 2021; treatment rec-
ommendations: Lutz et al., 2022; for a review, see:
Shatte et al., 2019) and could facilitate emotion
measurement in psychotherapy (Tanana et al.,
2021). For example, Terhürne et al. (2022) used
the Nonverbal Behavior Analyzer (NOVA) to
detect emotions from facial expressions in video-
recorded psychotherapy sessions. Natural language
processing (NLP) is another area of machine learning
focused on analyzing and understanding human
language. For example, Atzil-Slonim et al. (2021)

used topic models to identify clients’ levels of func-
tioning and alliance ruptures, and Smink et al.
(2019) employed text mining to relate change
processes to therapeutic outcomes.
Sentiment analysis, a subfield of NLP, aims to

classify the emotional tone expressed in texts as posi-
tive, negative, or neutral (Kumar et al., 2016;
Mohammad, 2016; Yue et al., 2019). Since psy-
chotherapy is primarily based on language, sentiment
analysis could be a helpful tool to capture the rudi-
mentary emotional tone within a therapy session. It
can rapidly process large amounts of text and
provide researchers with a vast and diverse dataset
to study emotions (Nakayama et al., 2021; Syzdek,
2020). Sentiment analysis has been applied to
written (e.g., chat messages) and transcribed (e.g.,
therapy sessions) texts. Provoost et al. (2019)
found that sentiment analysis applied to online cog-
nitive behavioral therapy texts performed nearly as
well as human raters. Shapira et al. (2021) discov-
ered associations between emotional words and the
reported distress in psychotherapy session tran-
scripts. Tanana et al. (2021) found that modern
machine-learning methods trained on psychotherapy
utterances performed better at predicting sentiment
in session transcripts than dictionary-based
methods and models trained in other domains such
as novels, news articles, and social media posts.
Despite a tradition of various qualitative methods
and coding systems for the analysis of psychotherapy
transcripts, these novel approaches are still in the
early stages. Further research is needed to establish
their validity in psychotherapy. The current study
addresses this gap by exploring the validity of senti-
ment analysis within a wide nomological net of theor-
etically related constructs using a multimodal
approach (Cronbach & Meehl, 1955). The goal
was to examine the construct and criterion validity
of the sentiment analysis in psychotherapy session
transcripts.
The construct validity of sentiments in our study is

theoretically supported by their potential alignment
with patient self-reports of emotions and therapist
ratings of patient emotions. If sentiments accurately
capture the emotional tone of therapy sessions, we
expect to find consistency between sentiments and
patients’ direct emotional self-reports. Additionally,
sentiments should correspond with therapist
ratings, which provide an external assessment of
patient emotions.
Furthermore, examining the potential association

between sentiments and specific in-session processes
could offer critical insight into sentiment validity.
Our study investigated three key in-session pro-
cesses: interpersonal experiences, coping experi-
ences, and affective experiences (Rubel et al.,
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2017). Interpersonal experiences assess the patient’s
perception of the therapeutic relationship, reflecting
the quality of the alliance. It is conceivable that a
strong therapeutic relationship, characterized by
trust, emotional support, collaboration, and
comfort, may foster open dialogue and the
expression of positive emotions during therapy ses-
sions (Fitzpatrick & Stalikas, 2008). Coping experi-
ences, on the other hand, measure the patient’s
perceived ability to master challenges, emphasizing
the corrective aspects of therapy. In theory, success-
ful coping could be associated with positive senti-
ment due to the feelings of mastery, self-efficacy,
achievement, and positivity often linked with effec-
tive coping (Lazarus & Folkman, 1984). Affective
experiences capture moments when patients engage
emotionally with their problems. Negative senti-
ments may potentially accompany these experiences,
as engaging with distressing issues frequently results
in their expression (Greenberg & Watson, 2006).
Finally, exploring the relationship between senti-

ments and therapy outcomes, including patients’
levels of functioning and symptom severity, allows
the validation of sentiments. If sentiments reflect
the emotional tone of therapy sessions, they might
be linked to patients’ psychological well-being and
broader psychotherapy outcomes (Leahy, 2008).
Confirming sentiments’ alignment with therapy out-
comes would provide evidence supporting the con-
struct validity of this analytical tool, further
emphasizing its ability to capture the emotional
tone of psychotherapy sessions and their potential
links to patients’ therapeutic progress.
The following hypotheses were examined:

H1: Construct Validity - Sentiments and Emotion
Measures: Patient sentiments obtained by sentiment
analysis have significant correlations with emotion
measures. Specifically, sentiments are associated
with patients’ self-reports of emotions in the same
session: Either positive sentiments are positively
associated or negative sentiments are negatively
associated with self-reports of positive emotions
(H1a). Correspondingly, either positive sentiments
are negatively associated or negative sentiments are
positively associated with patients’ self-reports of
negative emotions (H1b). The same pattern is
expected for the associations between sentiments
and therapist reports of their patients’ emotions:
Positive sentiments are positively associated or nega-
tive sentiments are negatively associated with thera-
pist reports of positive emotions (H1c). Positive
sentiments are negatively associated or negative sen-
timents are positively associated with therapist
reports of negative emotions (H1d).

H2: Criterion Validity - Sentiments and Process
Measures: Patient sentiments obtained via sentiment
analysis have significant correlations with

psychotherapy process measures. Positive senti-
ments are positively or negative sentiments are nega-
tively associated with interpersonal (H2a) and
coping experiences (H2b), while positive sentiments
are negatively or negative sentiments positively
associated with problem-related affective experi-
ences (H2c).

H3: Criterion Validity - Sentiments and Outcome
Measures: Patient sentiments have significant corre-
lations with psychotherapy outcome measures. Posi-
tive sentiments are positively or negative sentiments
negatively related to the level of functioning (H3a),
while positive sentiments are negatively or negative
sentiments positively associated with symptom
severity (H3b). Moreover, an increase in positive
sentiments predicts more functional emotion regu-
lation or an increase of negative sentiment more dys-
functional emotion regulation, whereas an increase
of positive sentiments predicts better or an increase
of negative sentiment worse outcomes after treat-
ment termination (H3c).

All associations with session-level measures will be
examined on both the within- and between-patient
level. The hypotheses will be disconfirmed if both
positive and negative sentiments show no significant
within- and between-patient associations with the
respective validation scale.

Method

Patients and Therapists

We analyzed a sample of N= 35 patients (M = 40
years, SD = 12.5, range: 17–62) with 85 recorded
and manually transcribed sessions. Patients were
included in the study (a) if they and their therapists
gave informed consent to the usage of their data for
research purposes, (b) if at least one of their sessions
was transcribed, and (c) if they reported their
emotional experience for the transcribed sessions.
No restrictions were made based on demographic
variables or psychopathology. Patients had, on
average, 2.5 (SD= .89, range: 1–4) transcribed ses-
sions. Table S1 shows patient characteristics and
diagnoses based on the Structured Clinical Interview
for DSM-IV (SCID; First et al., 1995). The majority
(85.7%) of patients were of German origin, and all
therapy sessions were conducted in the German
language. The patients were treated by 22 therapists
(M = 28 years, SD= 4, range: 25–40, 86.4% female)
who had a master’s degree in psychology, were in a
3–5-year psychotherapy training program, and had
at least 1.5 years of clinical experience. The mean
number of patients per therapist was 1.6 (SD= .83,
range: 1–4).
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Treatment

Between 2017 and 2020, personalized integrative
cognitive–behavioral therapies (CBT) were con-
ducted at a university outpatient training and
research clinic in Southwest Germany. Therapists
had supervision and training in manualized treat-
ments and transtheoretical concepts. The supervisors
were licensed cognitive behavior therapists with a
minimum of five years of clinical experience and
advanced training in supervision, maintaining
ongoing professional development and continuous
education. Therapists could customize the treatment
to each patient’s progress and needs by incorporating
different techniques and change principles (Lutz
et al., 2023). They had access to a comprehensive
feedback and navigation tool (Trier Treatment Navi-
gator, TTN; Lutz et al., 2022), which provides pre-
treatment recommendations and progress monitor-
ing. If a patient is not improving as expected, thera-
pists can use clinical support tools suggested by the
system. The Inventory of Therapeutic Interventions
and Skills (ITIS, Boyle et al., 2019) was employed
as an adherence measure to assess the application
of CBT techniques and strategies in the sessions.
Therapy sessions lasted 50 min and took place
weekly. Patients received individual therapy with a
mean of 25 sessions (SD = 15, range: 3–63). The
dropout rate was 23.9%, compared to an overall
rate of 22.6% in the clinic (Lutz et al., 2019).

Measures

Patients completed questionnaire batteries at intake
and after treatment termination and short scales
before and after each session as part of routine
process and outcome monitoring at the outpatient
clinic. Therapists answered brief questionnaires at
the end of the session. The sessions were video-
recorded using Telycam TLC-700-S-R cameras
and Beyerdynamic BM 32 W microphones. The
videos were used for transcription and adherence
ratings by trained raters. The transcribers followed
Mayring’s (1990) transcription guidelines.

Emotion measures. Self- and therapist reports
were used to assess patients’ emotions with seven
items based on the Profile of Mood States (POMS;
McNair et al., 1992) at the end of each session.
Patients and therapists were asked, “How [sad,
ashamed, anxious, angry, content, energetic,
relaxed] did [you / your patient] feel in today’s
session?” on a rating scale from 0 (not at all) to 100
(extremely). The four scores for sadness, shame,
anxiety, and anger were averaged to create a negative
emotion score (POMSPAT, NEG & POMSTHE, NEG),

while contentment, energy, and relaxation ratings
were averaged to compute a positive emotion score
for self- and therapist reports (POMSPAT, POS &
POMSTHE, POS). The reliability in the current
study ranged between α= .84 and α = .92 (see also
Table S2).
Sentiment as a measure of the emotional tone of

patients’ statements in psychotherapy transcripts
was assessed using the Multilingual Language
Model Toolkit for Sentiment Analysis (XLM-T;
Barbieri et al., 2022), a transformer-based NLP
model derived from the Cross-lingual Language
Model based on RoBERTa (XLM-R, Conneau
et al., 2020). It is trained on 2.5 TB of multilingual
text data and additionally fine-tuned for sentiment
analysis on 198 million tweets in eight languages,
including German. XLM-T was chosen due to its
proficiency in German and potential adaptability to
psychotherapy transcripts, supported by its extensive
and diverse training data. It has demonstrated
reliability and superiority over other baselines like
RoBERTa-base and XLM-R, achieving an F1 score
of 77.35% in German (Barbieri et al., 2022).
Sentiment analysis was conducted on patients’

sentences, while therapists’ statements were not ana-
lyzed. This prioritization was due to the assumed
importance of patients’ emotions in conjunction
with therapy processes and outcomes. Annotations
of non-verbal cues in the transcript (e.g., laughter
and silences) were excluded to ensure the sentiment
analysis was solely based on patients’ natural
language, eliminating any influence from observa-
tional or other non-verbal input. XLM-T estimated
the probability of each patient sentence reflecting
positive or negative sentiment, averaged to assess
the overall positive and negative sentiment
(SENTPOS & SENTNEG) in each session.

Process measures.We chose patients’ in-session
experiences as representatives of therapeutic pro-
cesses for validating the sentiments. Patients’ in-
session experiences were measured using a short
version of the Bern Post-Session Report (BPSR;
Flückiger et al., 2010) at the end of each session.
Rubel et al. (2017) found three factors that were
used in this study: Interpersonal Experiences
(EXPINT, 4 items), Coping Experiences (EXPCOP,
6 items), and Affective Experiences (EXPAFF, 2
items). Interpersonal Experiences represent patients’
perceived relationship quality with their therapists.
Coping Experiences reflect patients’ perceived cor-
rective experiences regarding mastery and clarifica-
tion. Affective Experience is a process in which
patients’ problems are addressed in an emotionally
engaging way. The items were assessed on a Likert
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scale from –3 (not at all) to 3 (yes, exactly). They were
averaged to obtain the final scores for each subscale.
Reported internal consistencies were α = .89 (Coping
Experience), α= .90 (Interpersonal Experience), and
α= .85 (Affective Experience; Rubel et al., 2017). In
the current study, reliability ranged between α= .85
and α= .94 (see also Table S2).

Outcome measures. The Hopkins Symptom
Checklist-11 (HSCL-11; Lutz et al., 2006) is an
11-item self-report for the assessment of symptom
severity administered at the start of each session.
Patients were asked to what degree they experienced
the eleven symptoms in the last seven days. Patients
rated the symptoms on a Likert scale from 1 (not at
all) to 4 (extremely). The mean score represents the
patients’ global level of symptom distress for the pre-
ceding week. The score is highly correlated with the
Global Severity Index of the Brief Symptom Inven-
tory (BSI; r= .91) and has a high internal consistency
(α= .92; Lutz et al., 2006). The reliability in the
current study was α= .93.
The Global Assessment of Functioning (GAF) is a

commonly used rating scale for mental health assess-
ment and treatment planning. Therapists rated their
patients’ functioning on a scale from 0 to 100 at the
end of each session, with higher values reflecting
better functioning in various domains (e.g., work,
school, and relationships; Aas, 2010, 2011).
The Outcome Questionnaire-30 (OQ-30; Ells-

worth et al., 2006) is a 30-item self-report outcome
measure designed to assess various aspects of psycho-
logical functioning, such as subjective complaints,
interpersonal relationships, and fulfillment of social
roles. Patients responded on a 5-point Likert scale
ranging from 0 (never) to 4 (almost always). The
overall mean score is indicative of the level of psycho-
logical distress, with higher values indicating more
constraints. The reliability in the current study was
α= .96 at pre- and post-measurement.
The Patient Health Questionnaire 9 (PHQ-9;

Löwe et al., 2002) is a widely used, 9-item self-
report designed to assess the severity of depressive
symptoms in the last two weeks (Kroenke et al.,
2001). The items are answered on a Likert scale
ranging from 0 (not at all) to 3 (almost every day).
The total score depicts the overall distress caused by
depressive symptoms. The PHQ-9 has demonstrated
high reliability and validity in both clinical and
research settings (Kroenke et al., 2001) and is com-
monly used as part of a comprehensive assessment
in primary care and mental health settings (Spitzer
et al., 2006). The reliability in the current study was
α= .93 at pre- and α= .90 at post-measurement.

The Generalized Anxiety Disorder-7 (GAD-7;
Löwe et al., 2007) is a 7-item self-report rating
scale for screening generalized anxiety disorder and
assessing the severity of symptoms. Patients rate
how often the symptoms were present in the last
two weeks on a Likert scale ranging from 0 (not at
all) to 3 (almost every day). The GAD-7 has demon-
strated high reliability and validity (Spitzer et al.,
2006). The reliability in the current study was α
= .93 at pre- and α= .87 at post-measurement.
The Affective Style Questionnaire (ASQ; Graser

et al., 2012) assesses emotion regulation styles via 20
items related to suppression, reappraisal, and accep-
tance of emotions, each answered on a 1 (not at all)
to 5 (extremely) Likert scale. A mean score was used,
with the suppression subscale inversely coded, signify-
ing that higher scores denote more functional emotion
regulation styles. The reliability in the current study
was α= .90 at pre- and post-measurement.

Data Analysis

Correlational, multitrait-multimethod, and multile-
vel analyses were used to analyze the sentiments’
construct and criterion validity. The R code is avail-
able at the open science framework (OSF): https://
doi.org/mc4h. Missing data were addressed using
multiple imputations, employing the R package
MICE (v3.16.0; Van Buuren & Groothuis-Oud-
shoorn, 2011). The three-level data structure was
accounted for during the imputation process using
the R package miceadds (v3.16-18; Robitzsch &
Grund, 2023). Ten imputed datasets were gener-
ated, each with 30 iterations. Imputation was con-
ducted independently of the sentiment variables.
All subsequent analyses involving missing data were
performed independently in each imputed dataset.
For result aggregation, we used the mice::pool func-
tion. In cases where the mice::pool function was not
applicable, we employed the pool_scalar_RR func-
tion from the R package miceafter (v0.5.0;
Heymans & Twisk, 2022). This function pools esti-
mates and standard errors and calculates test stat-
istics and p-values for the pooled estimates
following Rubin’s Rules (Rubin, 1987).

Construct validity
Multitrait-multimethod (MTMM) analysis.

The intent of the MTMM analysis (Campbell &
Fiske, 1959) was to assess the convergent and discri-
minant validity of the sentiment analysis. Two traits
(positive and negative emotions) were assessed with
three methods (POMSPAT, POMSTHE, and
SENT). In the MTMM matrix, positive correlations
in the monotrait-heteromethod blocks represent
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convergent validity, as they indicate the agreement
between measures of the same trait using different
assessment methods. In the heterotrait-hetero-
method blocks, which contain correlations between
measures of different traits using different assessment
methods, negative correlations would support discri-
minant validity. To account for the nesting of ses-
sions within patients, multilevel correlations were
employed using the multilevel.cor function from
the R package misty (v0.5.3; Yanagida, 2023) to
compute within- and between-patient correlation
matrices.

Hierarchical linear models (HLMs). To
further account for the multilevel data structure,
HLMs were fitted using the R package lme4 (v1.1-
30; Bates et al., 2015). HLMs are appropriate to
handle hierarchical data as they do not require the
independence assumption and facilitate modeling
relationships at within- and between-patient levels.
Random-intercept random-slope HLMs were fitted
to analyze the construct validity of the sentiments
(2 sentiments: positive & negative × 2 self-reports:
positive & negative × 2 therapist reports: positive &
negative). Sentiments were used as predictors of
self-reports and therapist reports in the same
session. More specifically, patients’ mean sentiment
scores across sessions were calculated and employed
as a level-2 predictor. Mean-centered sentiment
scores were calculated by subtracting patients’
average sentiment scores from their session-level
scores and added as a level-1 predictor (see approach
L3a; Hamaker &Muthén, 2020). We have visualized
the within-patient effects based on these mean-cen-
tered sentiment scores using the R package ggplot2
(v3.3.6; Wickham, 2016). We used the model-
implied intercepts and slopes specific to each
patient to visualize the within-patient effects. The
graphs are based on unstandardized scores, whereas
the statistics reported in the text are based on
scaled scores.
While patients were additionally nested within

therapists, our study primarily focused on patients,
and thus, nesting within therapists was not modeled
in the HLMs. An advantage of HLMs is their com-
patibility with cluster-robust standard errors. This
correction permits accurate estimation of the varia-
bility in the coefficient estimates given clustering
within therapists, avoiding the necessity to explicitly
model the nesting within the HLMs (McNeish
et al., 2017). The approach aids in focusing the
analysis on the patient while still accounting for
potential variability introduced by different thera-
pists. The cluster-robust standard errors were com-
puted using the model_parameters function from

the R package parameters (v0.21.1; Lüdecke et al.,
2020). The results of the HLMs have priority over
the results of the multilevel correlations in the
testing of hypotheses.

Criterion validity
Correlational analysis. The sentiments were

correlated with process (i.e., in-session experiences)
and outcome variables (GAF & HSCL-11) in the
same session to evaluate criterion validity. To facili-
tate comparison between the various emotion
measures, a correlation matrix was created with the
emotion measures in the columns and the process
and outcome variables in the rows. The multilevel.-
cor function from the R package misty (v0.5.3; Yana-
gida, 2023) was used to compute within- and
between-patient correlations.

Hierarchical linear models (HLMs). Random-
intercept random-slope HLM models were fitted to
predict processes and outcomes (2 sentiments: posi-
tive & negative × 3 processes: interpersonal, coping,
& affective experiences × 2 outcomes: GAF &
HSCL-11). The analytic approach was similar to
the HLMs for the examination of the construct val-
idity. Sentiments were used as predictors of processes
and outcomes in the same session. Patients’ mean
sentiment scores were used as a level-2 predictor
and patient mean-centered sentiment scores were
added as a level-1 predictor. The within-patient
effects were visualized based on these mean-centered
sentiment scores and their model-implied intercepts
and slopes for each patient using the R package
ggplot2 (v3.3.6; Wickham, 2016). The graphs are
based on unstandardized scores, whereas the stat-
istics reported in the text are based on scaled
scores. The cluster-robust standard errors were com-
puted using the model_parameters function from the
R package parameters (v0.21.1; Lüdecke et al.,
2020) to account for nesting in therapists.

Multiple regressions. A two-step procedure was
employed to assess the predictive criterion validity of
the sentiments. First, random-intercept random-
slope HLMs were used to fit session numbers as pre-
dictors of both positive and negative sentiments. This
step allowed the estimation of individual sentiment
intercepts, representing patients’ initial sentiment
levels (sentiment baseline) and sentiment slopes,
which signify the direction and strength of each
patient’s sentiment change throughout treatment
(sentiment change). In the second step, the gener-
ated point estimates of these intercepts and slopes
from the initial HLMs were incorporated into separ-
ate multiple regression models. These regression
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models aimed to predict post-treatment outcomes,
including measures of emotional disorders (PHQ-
9POST & GAD-7POST), emotion regulation
(ASQPOST), and overall outcome (OQ-30POST)
while controlling for the initial scores of these depen-
dent variables (e.g., OQ-30PRE). All variables in the
multiple linear regression were z-standardized.
Cluster-robust standard errors were computed
using the coeftest function from the R package
lmtest (v0.9-40; Zeileis & Hothorn, 2002) to
account for nesting in therapists.

Results

The descriptive statistics of the emotion, process,
and outcome measures can be found in Table S2.
The distributions of the variables are visualized in
Figures S1–S2.

Construct Validity

MTMM analysis. An MTMM matrix (Table I)
was built to explore the sentiments’ construct validity
(H1). SENTPOS was significantly positively associ-
ated with POMSPAT, POS (rw= .351, pw = .003; rb
= .651, pb= .001) and SENTNEG was significantly
negatively associated with POMSPAT, POS within
patients (rw= –.404, pw< .001), but not between
patients (rb= –.323, pb= .118; H1a). Correspond-
ingly, SENTPOS was significantly negatively associ-
ated with POMSPAT, NEG within patients
(rw= –.394, pw< .001), but not between patients

(rb= –.342, pb= .240), while SENTNEG was signifi-
cantly positively associated with POMSPAT, NEG

within and between patients (rw = .351, pw= .003,
rb= .446, pb= .023; H1b).
Similarly, SENTPOS was significantly positively

associated with POMSTHE, POS (rw= .493,
pw < .001; rb= .629, pb= .001), while SENTNEG

was significantly negatively associated with
POMSTHE, POS within patients (rw= –.392,
pw = .002), but not between patients (rb= –.192,
pb = .118; H1c). Furthermore, SENTPOS was signifi-
cantly negatively associated with POMSTHE, NEG

within patients (rw = –.438, pw < .001), but not
between patients (rb= –.130, pb= .726), while
SENTNEG was positively associated with
POMSTHE, NEG within patients (rw= .323,
pw = .028), but not between patients (rb= .373,
pb = .106; H1d).

Hierarchical linear models (HlMs). Patients
with at least two transcribed sessions were included
in the HLM analyses. Therefore, 79 of 85 (92.9%)
sessions nested in 29 of 35 (82.9%) patients were
used. Table II shows the fixed within- and
between-patient effects using sentiments to predict
the other emotion measures (POMSPAT &
POMSTHE).
Sentiments had significant fixed effects on

POMSPAT, POS within and between patients in the
expected direction ranging from bb= –0.23, pb
= .033, to bb= 0.47, pb< .001 (H1a). Except for
one between-patient effect (SENTNEG →

Table I. Construct Validity: Multitrait-Multimethod Matrix for Patients’ Emotions Measured by Patients (POMSPAT), Therapists
(POMSTHE), and Sentiment Analysis (SENT) Using Multilevel Correlations.

Methods
POMSPAT POMSTHE Sentiment Analysis

Traits Positive Negative Positive Negative Positive Negative

POMSPAT Positive .90 −.64∗∗∗
[−0.96, −0.32]

.86∗∗∗

[.64, 1.07]
−.58∗∗

[−1.00, −.15]
.65∗∗

[.20, 1.00]
−.32

[−.75, .10]
Negative −.43∗∗∗

[−.66, −.19]
.92 −.38

[−0.82, .06]
.91

[−1.00, 1.00]
−.34

[−.95, .27]
.45∗

[.04, .86]
POMSTHE Positive .36∗∗

[.12, .61]
−.19

[−.46, .09]
.90 −.22

[−.78, .34]
.63∗

[.21, 1.00]
−.19

[−.65, .26]
Negative −.32∗

[−0.59, −0.05]
.47∗∗∗

[.24, .70]
−.57∗∗∗

[−.82, −.33]
.84 −.13

[−.88, .62]
.37

[−.11, .85]
Sentiment Analysis Positive .35∗∗

[.11, .59]
−.39∗∗∗

[−.63, −.16]
.49∗∗∗

[.27, .71]
−.44∗∗∗

[−.70, −.18]
— −.37

[−0.89, .15]
Negative −.40∗∗∗

[−0.64, −0.17]
.35∗∗

[.11, .59]
−.39∗∗

[−.65, −.13]
.32∗

[.03, .62]
−.77∗∗∗

[−.88, −.65]
—

Note. Nw= 85 sessions. Nb= 35 patients. POMS=Profile of Mood States. PAT= Patients. THE=Therapists. Dark gray cells represent
monotrait-heteromethod correlations indicating convergent validity. Medium gray cells represent heterotrait-heteromethod correlations
indicating discriminant validity. Light gray cells represent heterotrait-monomethod correlations indicating specificity. The diagonal
represents the reliability (Cronbach’s α) in the current study. Lower triangular: Within-patient correlations. Upper triangular: Between-
patient correlations.
∗ p< .05. ∗∗ p< .01. ∗∗∗ p< .001.
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POMSPAT, NEG, bb= 0.20, pb = .080), sentiments
also had significant fixed effects on POMSPAT, NEG

in the expected direction between bb= –0.27,
pb = .033, to bw = 0.24, pw < .001 (H1b). Sentiments
also had significant effects on POMSTHE, POS (bb= –

0.24, pb= .037, to bb= 0.50, pb< .001, H1c), but
none of the effects were significant for POMSTHE,

NEG (bw= –0.26, pw= .054, to bb= 0.20, pb= .069,
H1d). Convergence issues were noted in models
involving POMSTHE. The warning messages are
available in the Supplemental Material. The within-
patient effects are also visualized in Figure 1 (for
POMSPAT) and Figure S3 (for POMSTHE).

Criterion Validity

Correlational analyses
Processes. A correlation matrix (Table III) was

created to evaluate the sentiments’ criterion validity.
SENTPOS had a significantly positive between-
patient correlation with EXPINT, rb= .621, pb
= .013 (H2a), and EXPCOP, rb= .524, pb= .031
(H2b), and a significantly negative within-patient
correlation with EXPAFF, rw =−.413, pw < .001
(H2c). Moreover, SENTNEG was also significantly
positively correlated with EXPAFF within patients,
rw= .322, pw= .010 (H2c). The direction of the
within-patient correlation between SENTPOS and
EXPINT was not as expected, rw =−.099, pw = .488
(H2a).

Outcome. The sentiments showed correlations in
the expected direction with the outcome measures
(H3): GAF showed significant correlations with the
sentiments between rb=−.410, pb= .037, and rw
= .480, pw< .001, except for the between-patient
correlation between SENTPOS and GAF, r= .097,
p= .768 (H3a). The HSCL-11 had a significantly

negative within-patient correlation with SENTPOS,
r=−.290, p = .020, and a significant between-
patient correlation with SENTNEG, r= .655,
p< .001, while the between-patient correlation with
SENTPOS, r=−.258, p = .323, and the within-
patient correlation with SENTNEG, r= .184,
p= .175, were not significant (H3b).

Hierarchical linear models (HLMs)
Processes. Table IV shows the fixed effects of the

sentiments predicting the process measures (in-
session experiences) in the HLMs using cluster-
robust standard errors to additionally correct for
nesting in therapists. In contrast to the correlational
analysis, sentiments had no significant effect on
EXPINT, b= –0.13, p= .213, to b= 0.22, p = .238
(H2a). The within-patient effects are visualized in
Figure S4.

Outcomes. Table V also presents the fixed effects
of the sentiments predicting the outcome measures
(GAF & HSCL-11). SENTNEG had a significant
between-patient effect on the level of functioning
(GAF), b= –0.35, p = .002 (H3a), and symptom
severity (HSCL-11), b= 0.50, p= .006 (H3b), in
the expected direction, while within-patient effects
were not significant. SENTPOS had no significant
effect on the outcome measures. The within-patient
effects are visualized in Figure S5.

Multiple regressions. The results of the
regression models exploring the sentiments’ predic-
tive criterion validity (H3c) are summarized in
Table V. An increase in SENTPOS was negatively
associated with overall distress (OQ-30POST), b=
−0.38, p= .024, and generalized anxiety (GAD-
7POST), b=−0.48, p= .019. An increase in
SENTNEG significantly predicted more depressive

Table II. Construct Validity: Fixed Within- and Between-Patients Effects Using Sentiments to Predict Emotions Measured by Patients
(POMSPAT) and Therapists (POMSTHE) in the Same Session in HLMs.

Measure
SENTPOS SENTNEG

Effect b t p b t p

POMSPAT, POS Within 0.15 2.26∗ .027 –0.23 –2.98∗∗ .004
Between 0.47 5.77∗∗∗ < .001 –0.23 –2.17∗ .033

POMSPAT, NEG Within –0.22 –5.02∗∗ .001 0.24 3.10∗∗ .003
Between –0.27 –2.66∗ .010 0.20 1.78 .080

POMSTHE, POS Within 0.23 2.56∗ .011 –0.18 –1.99∗ .047
Between 0.50 5.11∗∗∗ < .001 –0.24 –2.09∗ .037

POMSTHE, NEG Within –0.26 –1.93 .054 0.19 1.41 .158
Between –0.18 –1.44 .151 0.20 1.82 .069

Note. n= 79 sessions nested in 29 patients with at least two sessions each. POMS=Profile of Mood States. PAT= Patients. THE=
Therapists. SENT= Sentiment. POS = Positive. NEG=Negative. HLMs =Hierarchical Linear Models.
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symptoms (PHQ-9 POST), b= 0.68, p= .041, and
stronger generalized anxiety (GAD-7POST), b=
1.10, p = .020. In contrast, an increase in SENTPOS

was positively associated with more functional
emotion regulation (ASQ POST), b= 0.52, p< .001.
All other associations between sentiment change
and outcome after treatment termination were non-
significant.

Discussion

The aim of the present study was to explore the val-
idity of sentiment analysis as a measure of the basic

emotional tone in patients’ psychotherapy tran-
scripts. Regarding construct validity, we assumed
that the sentiments correlate with self- and therapist
reports of patients’ emotions in the same session
(H1). The MTMM analysis largely supported the
sentiments’ construct validity. Seven of eight tested
multilevel correlations between sentiments and self-
and therapist reports were significant and in the
expected direction. When correcting for nesting in
therapists in HLMs using cluster-robust standard
errors, five of eight tested associations were signifi-
cant and in the expected direction. However, no sig-
nificant within- or between-patient effects on

Figure 1. Construct Validity: Within-Patient Effects Using Sentiments to Predict Patients’ Emotion Self-Reports in the Profile of Mood
States (POMSPAT) in the Same Session.
Note: N= 79 sessions nested in 29 patients with at least two sessions each. Each line represents a patient. POMS=Profile of Mood States.
SENT= Sentiment. PAT= Patient. POS = Positive. NEG=Negative. Convergent = Relationship between measures of the same construct.
Discriminant = Relationship between measures of different constructs.
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therapists’ reports of negative emotions were found
for either positive or negative sentiments. Thus,
hypothesis H1d was not supported, while the
remaining hypotheses H1a to H1c could be
confirmed.

Exploring criterion validity, sentiments also
showed significant associations with process
measures (H2). Either positive or negative sentiments
were significantly related to coping experiences (H2b)
and problem-related affective experiences (H2c) in

Table III. Criterion Validity: Multilevel Correlations Between Sentiments, Process, and Outcome Measures Compared to Patient Self-
Reports (POMSPAT) and Therapist Reports (POMSTHE).

Valence
Positive Negative

Measure POMSPAT POMSTHE Sentiment POMSPAT POMSTHE Sentiment

Process Measures
Interpersonal rw .31∗ .26 −.10 −.06 −.34∗ .10
Experience (EXPINT) CIw [.05, .57] [−.03, .54] [−.37, .18] [−.36, .23] [−.61, -.07] [−.18, .38]

rb .45∗ .42∗ .62∗ −.46∗ −.56∗∗ −.26
CIb [.06, .83] [.02, .81] [.06, 1.00] [−.91, −.01] [−1.00, −.12] [−.72, .20]

Coping rw .48∗∗∗ .34∗∗ .21 −.41∗∗∗ −.45∗∗∗ −.19
Experience (EXPCOP) CIw [.27, .70] [.09, .60] [−.06, .47] [−.66, −.16] [−.68, −.21] [−.46, .08]

rb .73∗∗∗ .69∗∗∗ .52∗ −.20 −.32 −.35
CIb [.49, .97] [.38, 1.00] [−.00, 1.00] [−.70, .30] [−.84, .21] [−.78, .08]

Affective rw −.16 −.20 −.41∗∗∗ .68∗∗∗ .41∗∗ .32∗

Experience (EXPAFF) CIw [−.44, .11] [−.47, .08] [−.64, −.18] [.53, .84] [.16, .66] [.07, .57]
rb −.20 .19 −.11 .53∗ .55∗ .26
CIb [−.76, .36] [−.41, .79] [−.88, .66] [.09, .98] [−.03, 1.00] [−.29, .80]

Outcome Measures
Global Assessment of rw .48∗∗∗ .61∗∗∗ .48∗∗∗ −.29∗ −.66∗∗∗ −.41∗∗
Functioning (GAF) CIw [.24, .71] [.40, .83] [.25, .71] [−.56, −0.03] [−.86, −0.47] [−.71, −.12]

rb .37 .20 .10 −.61∗∗∗ −.19 −.41∗
CIb [−.05, .79] [−.27, .67] [−.57, .77] [−.97, −0.24] [−.76, .38] [−.82, −.00]

Hopkins Symptom rw −.20 −.25 −.29∗ .25 .46∗∗∗ .18
Checklist-11 (HSCL-11) CIw [−.48, .08] [−.52, .02] [−.54, −.04] [−.01, .52] [.23, .70] [−.09, .45]

rb −.67∗∗∗ −.42∗ −.26 .53∗∗ .53∗∗ .66∗∗∗

CIb [−.95, −.39] [−.77, −.06] [−.80, .28] [.20, .86] [.17, .90] [.37, .94]

Note. Nw= 85 sessions. Nb= 35 patients. POMS=Profile of Mood States. rw =Within-patient correlation coefficient. rb=Between-patient
correlation coefficient. The correlation coefficients were pooled across the ten imputed datasets. CIw: 95% confidence interval for the
within-patient correlation. CIb: 95% confidence interval for the between-patient correlation.
∗ p< .05. ∗∗ p< .01. ∗∗∗ p< .001.

Table IV. Criterion Validity: Fixed Within- and Between-Patients Effects Using Sentiments to Predict Process and Outcome Measures in
the Same Session in HLMs.

Measure
SENTPOS SENTPOS

Effect b t p b t p

Process Measures
EXPINT Within –.13 –1.26 .213 .17 1.60 .114

Between .22 1.19 .238 .01 0.08 .938
EXPCOP Within .11 2.36∗ .021 –.11 –1.67 .100

Between .28 3.38∗∗ .001 –.25 –1.38 .172
EXPAFF Within –.25 –3.59∗∗∗ .001 .18 2.28∗ .026

Between –.22 –1.64 .106 .21 1.78 .080
Outcome Measures

GAF Within .15 1.33 .183 –.12 –1.03 .301
Between .20 1.29 .197 –.35 –3.14∗∗ .002

HSCL-11 Within –.11 –1.98 .052 .05 0.70 .489
Between –.20 –1.26 .212 .50 2.84∗∗ .006

Note. n= 79 sessions nested in 29 patients with at least two sessions each. EXPINT = Interpersonal Experiences. EXPCOP=Coping
Experiences. EXPAFF=Affective Experiences. GAF=Global Assessment of Functioning. HSCL-11 =Hopkins Symptom Checklist-11.
∗ p< .05. ∗∗ p< .01. ∗∗∗ p< .001.
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the expected direction. However, no significant
effects were found for interpersonal experiences in
the HLM. Thus, H2a was not supported.
Findings were also in support of criterion validity

when exploring the associations between sentiments
and outcome measures of psychotherapy (H3).
Either positive or negative sentiments were signifi-
cantly related to the level of functioning (H3a) and
symptom distress (H3b) in the expected direction.
The between-patient correlation among negative
sentiments and symptom severity in the HSCL-11
was particularly high (r= .66). Moreover, the senti-
ments also showed predictive criterion validity. An
increase in positive sentiment throughout therapy
significantly predicted less distress on the OQ-30,
less anxiety on the GAD-7, and more functional
emotion regulation on the ASQ, while an increase
in negative sentiment predicted more depressive
symptoms on the PHQ-9 and more anxiety on the
GAD-7 after treatment termination (H3c). Overall,
the results supported eight of ten hypotheses in
favor of the sentiments’ validity, while two hypoth-
eses were disconfirmed (H1d & H2a).

Implications for Research and Practice

Our study showed that sentiments were significantly
correlated with various process and outcome
measures, demonstrating their potential for the
evaluation of patient progress. Sentiment analysis

may provide therapists with an additional measure
to track progress and assess the achievement of thera-
peutic goals related to emotional well-being. Con-
tinuous monitoring of sentiment could signal
sessions with sudden increases in negative sentiment
and help therapists identify clients in crisis. Research
could focus on change sensitivity, capturing dynamic
trajectories of sentiments throughout therapy. Exam-
ining established patterns of change, such as sudden
gains or losses, could shed more light on the validity
and utility of sentiment analysis.
The integration of sentiment analysis could sup-

plement and enhance traditional measures of
emotion by providing automated and objective
assessments of emotional expressions. It could help
compensate for the limitations of traditional self-
report measures of emotions, which can be biased
by social desirability or memory recall. The multimo-
dal measurement approach in this study revealed a
few discrepancies between therapist ratings of
patient emotions and those achieved by sentiment
analysis. On average, positive sentiments were nega-
tively correlated with therapist ratings of negative
emotions (Figure S3C). However, the correlation
was positive for some patients, indicating that thera-
pists may have been unable to identify their patients’
emotions correctly or that patients’ non- and para-
verbal emotional expressions differed from what
they said. Therapists may profit from feedback on
such discrepancies in emotional expression,
especially since patient-focused research has

Table V. Predictive Criterion Validity: Sentiments Predicting Outcome Measures (OQ-30, PHQ, GAD, & ASQ) After Termination of
Treatment Controlling for Intake Severity in Multiple Regressions.

Variables

Positive Sentiment Negative Sentiment

β SE t p 95% CI β SE t p 95% CI

Outcome Questionnaire-30 (OQ-30 POST)
Sentiment Baseline 0.34∗ .13 2.56 .013 [0.07, 0.60] 0.59 .38 1.54 .124 [–0.16, 1.35]
Sentiment Change –0.38∗ .17 –2.26 .024 [–0.72, –0.05] 0.76 .40 1.87 .062 [–0.04, 1.55]
OQ PRE 0.72∗∗∗ .12 5.82 <.001 [0.47, 0.96] 0.63∗∗∗ .14 4.51 <.001 [0.35, 0.90]

Patient Health Questionnaire-9 (PHQ-9 POST)
Sentiment Baseline 0.22 .13 1.74 .084 [–0.03, 0.48] 0.73∗ .33 2.18 .029 [0.07, 1.38]
Sentiment Change –0.27 .16 –1.69 .091 [–0.58, 0.04] 0.68∗ .33 2.04 .041 [0.03, 1.34]
PHQ PRE 0.70∗∗∗ .14 5.00 <.001 [0.43, 0.98] 0.55∗∗∗ .15 3.71 <.001 [0.26, 0.84]

Generalized Anxiety Disorder-7 (GAD-7 POST)
Sentiment Baseline 0.37 .19 1.92 .058 [–0.01, 0.76] 1.09∗∗ .41 2.64 .009 [0.28, 1.90]
Sentiment Change –0.48∗ .20 –2.36 .019 [–0.88, –0.08] 1.10∗ .46 2.36 .020 [0.18, 2.02]
GAD PRE 0.55∗∗ .19 2.86 .005 [0.17, 0.94] 0.33 .21 1.60 .113 [–0.08, 0.74]

Affective Style Questionnaire (ASQ POST)
Sentiment Baseline –0.07 .19 –0.37 .712 [–0.46, 0.32] –0.94 .52 –1.82 .069 [–1.95, 0.07]
Sentiment Change 0.52∗ .23 2.24 .027 [0.06, 0.98] –0.86 .48 –1.78 .076 [–1.81, 0.09]
ASQ PRE 0.48∗∗∗ .14 3.45 <.001 [0.20, 0.75] 0.43∗ .18 2.38 .018 [0.08, 0.79]

Note. n= 29 patients with at least two sessions each. Sentiment baseline and change scores were based on the intercepts and slopes from
hierarchical linear models (HLM) with at least two sessions nested in the patients. PRE=Measured before the beginning of treatment.
POST=Measured after treatment termination. All variables in the multiple linear regressions were z-standardized. β-weights and standard
errors (SE) were pooled, and the test statistics and p-values are based on Rubin’s Rule.
∗ p< .05. ∗∗ p< .01. ∗∗∗ p< .001.
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demonstrated the general benefits of feedback and
data-informed psychological therapies (de Jong
et al., 2021; Lutz et al., 2022). Therefore, it is
crucial to develop systems that integrate and
provide easy access to emotional process feedback
in clinical practice, training, and supervision (e.g.,
Trier Treatment Navigator, TTN; Lutz et al.,
2019; Lutz et al., 2022). One potential barrier to
the widespread implementation of sentiment analysis
in clinical practice is the need for transcripts. To
address this issue, ways to streamline the transcrip-
tion process could be explored, such as using large
language models for automated transcription.
Future research could benefit from incorporating

additional sources, including psychophysiological
measures like heart rate variability (Hehlmann et al.,
2021), video analyses (Schwartz et al., 2022), and
paraverbal language features (Nof et al., 2021). Senti-
ment analysis could be integrated with automatic
emotion recognition in facial expressions and vocal
cues using the Nonverbal Behavior Analyzer
(NOVA; Baur et al., 2013; Baur et al., 2020; Baur
et al., 2020). With its integrated video player, NOVA
could help therapists locate and analyze crucial
moments in therapy sessions with high emotional
intensity. This feature could enable therapists to
engage in meaningful discussions with their patients
or supervisors about these critical incidents. In this
way, integrating sentiment analysis into therapist train-
ing and supervision can provide feedback on the
emotional dynamics of therapy sessions and contribute
to the ongoing development of therapeutic skills.
It has the potential to expand the study of emotional

processes within a therapy session by providing
moment-to-moment analyses. These fine-grained
assessments have the advantage of capturing fluctu-
ations in emotions over time. In addition, sentiment
analysis can be conducted on large amounts of data,
making it a promising tool for investigating the
dynamics of emotional experiences in therapy. In prac-
tical applications, sentiment analysis could also be
helpful when combined with other large language
models, topic models, and NLP algorithms to aid in
the automatic measurement or detection of more
complex constructs relevant to psychotherapy, such
as alliance ruptures (Atzil-Slonim et al., 2021). These
benefits suggest that sentiment analysis is a valuable
addition to the psychotherapy research methodology
and has the potential to deepen our understanding of
emotional processes in psychotherapy.

Limitations & Strengths

Methodological limitations include the use of a non-
specific NLP method (Denecke & Deng, 2015;

Tanana et al., 2016, 2021), no evidence for inter-
transcriber reliability, and no investigation into the
reliability of sentiments or sentiment interaction
between therapist and patient (Aafjes-van Doorn &
Müller-Frommeyer, 2010; Syzdek, 2020). A further
limitation is the exploratory nature of the study
with a multitude of hypothesis-relevant tests (i.e.,
16 for construct validity, 20 for criterion validity,
and 8 for predictive validity). Therefore, the findings
need to be replicated in studies with a larger number
of sessions and correction for multiple testing. Poten-
tial bias may have been introduced by using point
estimates from hierarchical linear models in separate
multiple regression models. Convergence warnings
were encountered in our analyses using HLMs, par-
ticularly those examining associations between senti-
ments and therapist reports of patients’ emotions
(POMSTHE), urging caution in interpreting these
results. The small sample size, mainly due to the
complexities of collecting complete multimodal
measures and the time-consuming transcription
process, and the non-normal distribution of interper-
sonal experiences, potentially stemming from con-
sistently high patient ratings of the therapeutic
alliance, also represent significant constraints.
Despite these limitations, the study has several

strengths. It assessed the validity of sentiment analy-
sis in psychotherapy, exploring its associations within
an extensive nomological network and applied
advanced statistical methods, such as multiple impu-
tation and cluster-robust standard errors. The study
was conducted in a naturalistic, face-to-face setting
and demonstrated the predictive validity of senti-
ments at various time points using longitudinal
data. Furthermore, a multimodal approach was
adopted, utilizing a diverse array of validation
scales, and a multilingual algorithm was
implemented, showing promise for research across
different languages.
While the insights obtained from this study are

comprehensive, they remain initial and should be
interpreted with caution. Future research should
include more patients, apply corrected testing, and
integrate more session transcripts. We are exploring
more advanced transcription methods to reduce pre-
vious limitations and build upon these initial findings
for subsequent research on sentiment analysis in
psychotherapy.

Conclusion

Sentiment analysis has demonstrated potential,
revealing several meaningful associations and provid-
ing initial evidence supporting its validity as a
measure of the fundamental emotional tone in
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psychotherapy sessions. Sentiments were signifi-
cantly related to other measures of emotion as well
as processes and outcomes of psychotherapy. Thus,
sentiments could augment the multimodal measure-
ment of emotions in psychotherapy research. Future
research should explore combining sentiments with
other modalities to enhance our understanding of
emotional dynamics in therapy and evaluating their
utility in measurement-based and feedback-informed
psychotherapy.
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