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Abstract
Background: New advances in the field of machine learning
make it possible to track facial emotional expression with high
resolution, including micro-expressions. These advances have
promising applications for psychotherapy research, since
manual coding (e.g., the Facial Action Coding System), is time-
consuming. Purpose: We tested whether this technology can
reliably identify in-session emotional expression in a natural-
istic treatment setting, and how these measures relate to the
outcome of psychotherapy. Method: We applied a machine
learning emotion classifier to video material from 389 psy-
chotherapy sessions of 23 patients with borderline personality
pathology. We validated the findings with human ratings

according to the Clients Emotional Arousal Scale (CEAS) and
explored associations with treatment outcomes. Results:
Overall, machine learning ratings showed significant agree-
ment with human ratings. Machine learning emotion classi-
fiers, particularly the display of positive emotions (smiling and
happiness), showed medium effect size on median-split
treatment outcome (d = 0.3) as well as continuous improve-
ment (r = 0.49, p < 0.05). Patients who dropped out form
psychotherapy, showed significantly more neutral expressions,
and generally less social smiling, particularly at the beginning
of psychotherapeutic sessions. Conclusions: Machine learning
classifiers are a highly promising resource for research in
psychotherapy. The results highlight differential associations of
displayed positive and negative feelings with treatment out-
comes. Machine learning emotion recognitionmay be used for
the early identification of drop-out risks and clinically relevant
interactions in psychotherapy. © 2023 The Author(s).

Published by S. Karger AG, Basel

karger@karger.com
www.karger.com/psp

© 2023 The Author(s).
Published by S. Karger AG, Basel

Correspondence to:
Martin Steppan, mhsteppan @ gmail.com

This article is licensed under the Creative Commons Attribution-
NonCommercial 4.0 International License (CCBY-NC) (http://www.
karger.com/Services/OpenAccessLicense).Usage anddistribution for
commercial purposes requires written permission.

D
ow

nloaded from
 http://karger.com

/psp/article-pdf/doi/10.1159/000534811/4051895/000534811.pdf by U
niversita di Padova user on 07 D

ecem
ber 2023

https://www.karger.com/psp
https://doi.org/10.1159/000534811
mailto:karger@karger.com
https://www.karger.com/psp
http://www.karger.com/Services/OpenAccessLicense
http://www.karger.com/Services/OpenAccessLicense


Introduction

Facial expressions of emotion are evolved signals,
showing homology not only in humans and primates but
also in more distant species [1]. Despite this similarity, the
assessment of specific emotions in psychiatric research and
psychotherapy is complex and time-consuming. In psy-
chotherapeutic settings, questionnaires have been developed
to describe emotional states, although these questionnaires
are usually completed after the emotional experience, po-
tentially leading to recall bias [2]. To address this limitation,
Ekman developed the Facial Action Coding System (FACS),
which allows for a standardized and more precise quan-
tification of facial expressions of emotions from images and
videos [3]. FACS has been applied to psychotherapy re-
search at an early stage [4], but it is almost impossible to
manually rate themillions of frames that comprise videos of
a full course of treatment from 1 patient, let alone larger
samples. Hence, in psychiatric research, mainly indirect
measures (e.g., vocal tone [5], heart rate variability [6], skin
conductance [7], hormonal status [8], or neuroimaging [9])
have been used to get objective markers of individuals’
emotional arousal.

Whereas previously, only indirect measures of emo-
tional arousal (e.g., skin conductance) were available, new
technologies make it possible to compare facial expres-
sions with large libraries of prototypical emotions (e.g.,
happiness, disgust, surprise) in almost real-time [10],
often referred to as facial emotion recognition (FER). This
possibility offers a whole new area of research, in which
displayed emotions can be tracked both within sessions
and over the full course of treatment without requiring
the same time investment from human raters. These
algorithms have shown substantial agreement with Ek-
man’s FACS, and commercial software products (e.g.,
FaceReader) have become available [11]. Researchers
have demonstrated the utility of such classifiers to assess
facial expressions of emotion in psychotherapeutic in-
terventions among patients with borderline personality
disorder (BPD) [12]. However, this study was based on
only 29 psychotherapeutic sessions from 12 patients. Due
to the novelty of this technology as opposed to verbal
emotion expression [13], facial emotion expression is still
largely understudied in psychiatric research.

Despite the early stage of this research, several recent
studies have investigated the usefulness of emotion
classifiers for diagnostic purposes in a psychiatric setting:
Two independent studies used facial expression video
analysis to detect depression in patients [14, 15]. Con-
sidering the vast amount of other data that might be
available (medical records, biological markers, social

variables) the use of artificial intelligence (AI) and deep
learning is heavily discussed as a promising tool in
psychiatry and psychiatric treatment [16]. Also within the
diagnostic process and patient interactions, there are
novel applications. Feedback from emotion classifiers has
been used to train medical students to improve their
interview technique [17]. Indeed, one study found good
technological acceptance among counselors and general
comfort among students emphasizing also the practical
potential of this technology [18].

When moving from a monadic to a dyadic level, the
analysis of body language, movement, and facial ex-
pression can go further, particularly for psychothera-
peutic interventions. Considering that both patients’ and
therapists’ signals can be analyzed at the same time, there
is an increasing interest in the synchrony of these signals
and the development of the rapport between patient and
therapist. Previous research has focused on movement
synchrony between patient and therapist, which was
positively linked to therapeutic success [19], but also to
the quality of the relationship [20]. Hence, first studies
have investigated facial expressions as another sign of
nonverbal synchrony and found positive associations
with therapeutic alliance [21].

Like elsewhere, also in psychiatry AI is an emerging
area of research [22]. In recent years, AI approaches have
been used for the early diagnosis of psychiatric and
neurodegenerative disorders (e.g., dementia) [23]. AI
approaches have also been used in to personalize psy-
chiatric treatments and promote “high performance
medicine” [24] or “precision psychiatry” [25]. A proto-
typical example of this is an AI monitor suggested by Jan
et al. which can predict Beck Depression Inventory II
(BDI-II) scores from vocal and visual expressions [26]. AI
approaches demonstrate at least three clear benefits to
psychotherapy research. First, they offer comprehensive
standardization. AI algorithms produce a standardized
form of measurement that can incorporate more relevant
inputs and dimensions than human raters can effectively
process [27]. Second, AI approaches save time and boost
resolution. Given that AI can accurately measure emo-
tional change, it could also be used to complement or
replace highly laborious human ratings with higher
resolution information of emotions displayed by patients
and therapists (for instance traditional FACS coding
requires the manual scoring of about 30 frames of video
for each second of therapy). Third, AI approaches can
offer enhanced reliability. However, it is worth noting
that not all AI methods are necessarily deterministic.
While consistency (i.e., reliability) in outcomes is pos-
sible, it does not guarantee the validity of results.
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Therefore, to enhance the practical applicability of this
research, researchers need to demonstrate the external
and criterion validity of AI, e.g., its utility for naturalistic
treatment data. Thus, the aim of this study is to test (a)
how emotion classifiers applied to videos of psycho-
therapy sessions compare to “gold standard” expert
ratings of emotional arousal in patients and (b) whether
emotion classifiers show clinically relevant associations
with treatment outcomes.

Methods

Ethical Approval
This study is part of the multi-centre study “Evaluation of Ad-

olescent Identity Treatment” that has been registered at clinicaltrials.
gov (NCT02518906) [28, 29]. The current analyses are based on the
entire available data collected at one participating center (Psychiatric
University Hospitals, Basel). Ethical approval was obtained from the
Local Ethics Committee. All adolescents, their parents, and the
therapists provided written informed consent for participation.

Sample
The sample consists of 23 adolescent patients with borderline

personality pathology, defined as (1) meeting DSM-IV criteria for
BPD using the Structured Clinical Interview for DSM-IV Axis II
Personality Disorders; SCID-II [30] and (2) presenting with identity
diffusion according to the Assessment of Identity Development in
Adolescence (AIDA; total T score >60) [31, 32]. The mean age of the
patients was 16.2 years (SD = 1.6), 21 (91.3%) out of 23 patients were
female. The original material consisted of footage of 423 therapy
sessions (duration approx. 50 min each). Thirty-four videos were

excluded mainly due to errors in face detection (e.g., the algorithm
consistently detected a background object as a face) leading to a final
sample of 389 analyzed psychotherapy sessions.

Video Processing and Machine Learning
Figure 1 illustrates the video processing design. OpenCV was

used to detect faces [33]. Since faces were relatively stationary
throughout the therapy sessions, face detection was optimized by
dynamically defining an area of high likelihood of facial presence.
If no face was detected for longer than thousand milliseconds, the
region of interest was extended to ensure the accuracy of face
detection. To validate this method, we saved an image of the
selected region of interest every 100 frames for manual control of
the procedure. To detect emotions, we implemented a pretrained
model based on convolutional neural networks [34]. This model
achieved an accuracy of 66% in correctly classifying emotions in
the FER-2013 dataset. This accuracy rate is almost identical with
human classification, which had been 65% ± 5% [35]. Although
even more accurate models have been developed [36], we applied
the algorithm by Arriaga et al. [34] which was designed for real-
time use which is more suited for future applications in psy-
chotherapy research and was therefore also computationally
lighter than other algorithms.

This network was trained using the “FER-2013 dataset”
(https://bit.ly/3gQLm9T), a collection of 35,685 facial images
designed to develop machine learning algorithms for FER [35].
Similar to previously used algorithms (e.g., the software FaceR-
eader [11]), probabilities of the occurrence of six basic emotions
(happiness, surprise, anger, disgust, sadness, and fear), plus a
percentage of neutral expression were extracted. Because we an-
alyzed more than 1 month of total video material, and to reduce
computing time, calculations were performed at sciCORE (http://
scicore.unibas.ch/), a high-performance cluster computer and
scientific computing center at the University of Basel.

Fig. 1.Design for image processing. 1 = to reduce error, a region of interest (ROI) can be defined where a face is
detected with high likelihood which is expanded if face detection fails; 2 = faces are detected and transformed into
48 × 48 pixels grayscale pictures; 3 = the convolutional neural net had been trained using the FER-2013 dataset.
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Client Emotional Arousal Scale
Three observers were trained to code videos using the Client

Emotional Arousal Scale (CEAS). For each 1 min interval, raters
code (1) the intensity of the patient’s arousal on a 1 (low/no
arousal) to 7 (full arousal) ordinal Likert scale and (2) identify the
predominant discrete emotion (e.g., joy, sadness, fear, anger,
disgust, love). To note, a discrete emotion was not identified for
intervals rated low in emotional arousal (<3). Raters first com-
pleted a training phase, in which 7 sessions were independently
rated followed by a consensus rating. A total of 232 sessions were
rated (on average 9.8 sessions per patient). Altogether 11,960 min-
intervals (i.e., 186.5 h) of video material were rated manually.
Inter-rater reliability of CEAS has been reported from 0.75 to 0.81
in previous studies [37, 38].

External Criteria for Reliability and Validity
To verify the validity of the FER results, we cross validated them

with human-rated CEAS scores [39, 40]. To test for clinical validity
(i.e., the importance of FER for therapeutic outcome), we regressed
results of FER on pre- and post-treatment measures of several
psychological questionnaires. These included five subscales of the
Youth Outcome Questionnaire (Y-OQ) [41]; Intrapersonal Dis-
tress, Somatic, Interpersonal Relationships, Social Problems, Be-
havioral Dysfunction; four subscales of the Level of Personality
Functioning Questionnaire (LoPFQ 12–18) [31]; Self Direction,
Empathy, Identity, and Intimacy; as well as the Zanarini Rating
Scale for BPD (ZAN-BPD) [42]. Six individuals dropped out of
treatment, leaving 17 patients with treatment outcome data.

Statistical Analysis
We first tested the degree of agreement between FER and CEAS

human ratings on unspecified emotional arousal using Pearson’s
correlations between CEAS ratings and the probability of a neutral
facial expression according to FER (“1-neutral”). We controlled for
multilevel effects by including a random intercept to allow for
different baseline levels in arousal for different patient-therapist
dyads, using the R package lme4 [43]. To provide information
regarding objectivity of FER, we report the correlation of FER
nonspecific arousal (“1-neutral”) for three different human raters.
Fisher’s z test was performed to test whether individual rater
correlations differed from the overall trend. We then showcased
the temporal agreement of nonspecific CEAS-arousal ratings and
FER nonspecific arousal over the course of one session as an
exemplar case.

For more specific human ratings using CEAS, we applied
multilevel logistic regressions to determine how well FER pre-
dicted human classifications of emotions using lme4 [43]. In
addition to nonspecific CEAS ratings, human raters also labeled
situations with specific emotions: anger, disgust, fear, joy, sadness,
surprise, and love. We fit multilevel logistic regressions for each
emotion separately including a random intercept for each patient.
The presence of an emotion was used as the dependent binary
variable, and seven FER scores were used as predictors. Sensitivity
and specificity were calculated by adding up individual classifi-
cation tables of each logistic regression model.

Regarding therapy outcome, we calculated a mean rank of every
individual on all subscales of the questionnaires (YOQ, LoPF,
ZAN-BPD; scored so higher scores indicate greater severity) before
and after treatment. Change on these measures was calculated as
the difference between these mean ranks, Δ. Using median-split,

we transformed this de facto continuous delta also into two groups
of “good outcome” (≥median) and “poor outcome” (<median). To
illustrate the association of FER with therapy outcome, we plotted
FER against each minute (1–50) in all therapy sessions and cal-
culated independent samples t-tests, as well as Cohen’s d for each
comparison between the good outcome, poor outcome, and
dropout group. Furthermore, to reduce complexity in the signals,
we applied a principal component analysis (PCA) to all seven FER
categories. The first two principal components (eigenvalues >1)
were plotted for the different outcome groups (good, poor,
dropout) to illustrate the relative localization of these groups
within the higher order space of emotionality. Finally, we report a
correlation matrix of FER categories with binary and continuous
therapy outcome, using FER aggregated at the highest level
(i.e., the level of patient-therapist dyads).

Except for the between-patient correlations, we analyzed relations
involving FER by averaging FER scores across blocks of minutes. This
choice allowed us to directly compare FER ratings with human CEAS
ratings which were made across minute intervals. All analyses and
visualization were done in R Studio using R (Version 3.5.3) [44]. We
used the R package ggplot2 for all visualizations [45].

Results

Agreement between Human Raters and FER
Figure 2 illustrates the agreement of human raters and

machine learning FER classifiers. Video sequences, which
were rated as relatively highly emotionally arousing by
humans (CEAS>3), were also classified as less neutral by
FER. Figure 2a shows an example of one session with
comparatively high agreement between human ratings and
FER (r = 0.50). Figure 2b illustrates the overall correlation
between FER and human CEAS ratings. The overall cor-
relation (irrespective of rater) was r = 0.08, p < 0.001.
Figure 2b also shows the agreement of FER with human
ratings, broken down by three human raters who evaluated
the video material. For all three human raters, the associ-
ation was positive and significant (see also online suppl.
Fig. 1; for all online suppl. material, see https://doi.org/10.
1159/000534811). When applying a random effects model,
controlling for baseline differences between raters and
patients, the effect remained highly significant (p < 0.001).
When comparing each human rater to the overall agree-
ment between CEAS and FER (Fisher’s z), all three raters
showed essentially similar slopes (see Fig. 2b).

Table 1 illustrates the relative utility of each of the
seven FER emotions for classifying specific emotions as
labeled by human raters. On average, the correct clas-
sification was 76.6% for all human classifications. This
percentage is relatively stable for all emotions, except for
“disgust” (99.8%) and “surprise” (95.9%). In comparison
to the other labels, these two emotions were rarely labeled,
i.e., this high accuracy is mainly due to high specificity,
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indicating overfitting for these two emotions. The average
sensitivity was 0.70, and the average specificity was 0.78,
indicating a relatively robust, however imperfect pre-
diction of human ratings based on machine learning FER.

Association between FER and the Outcome of
Psychotherapy
Figure 3a–g illustrates the display of emotions within

the course of psychotherapeutic sessions, stratified by
three outcome groups (good outcome, poor outcome, and
dropout). All three groups show relatively distinct pat-
terns, as well as some similar features regarding the
display of basic emotions. For example, at the beginning
of each session, all three groups show a relatively high
level of happiness, which decreases after about 5 min
(Fig. 3e). Only the dropout group shows almost no in-
crease in happiness in the first 5 min of the interaction.
Conversely, sadness and fear are relatively lower at the
beginning of each session, and only reach their average
level (horizontal lines) after 15–20 min, indicating psy-
chotherapeutic work triggering also negative emotions.

We found distinct emotional expression in our good
outcome, poor outcome, and the dropout group. For

instance, all FER emotional categories except surprise,
demonstrated significant between-group differences (d >
0.10). The most pronounced effect can be seen for
happiness, which is significantly higher in patients with a
good therapy outcome, compared to those with a poor
outcome, d = 0.30, p < 0.01, and those who dropped out
(d = 0.32, p < 0.01). In contrast, the poor outcome group
demonstrated consistently and significantly more sad-
ness, anger, disgust, and fear compared to the good
outcome group. This corresponds with a PCA (Fig. 3h).
Based on component loadings (see online suppl. Material
Table S1), the first two principal components can be
described as positive affectivity (positive loadings on
happiness and nonspecific arousal) and negative affec-
tivity (positive loadings on anger, sadness, fear, and
nonspecific arousal). When plotting the factor scores of
every minute analyzed using FER, the three outcome
groups show relatively distinct, albeit overlapping areas of
higher presence.Whereas the good outcome group (green
dots) is more often located in the bottom right quadrant
(positive affectivity), the poor outcome group shows a
higher density in the upper two quadrants (negative af-
fectivity). Those in the dropout group also demonstrated

a b

Fig. 2. Agreement between human ratings of emotional arousal (CEAS) and machine learning facial emotion
recognition (FER). Nonspecific emotional arousal (1 – neutral). a Example plot of one session with high
agreement. bOverall agreement between CEAS and FER for all cases and human raters. Colors indicate different
human raters.
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scores in an area of higher density in the lower left
quadrant, which can be described as neither positive
nor negative affectivity. This is also in line with a
generally reduced overall nonspecific arousal of the
dropout group compared to both other groups (vs. good
outcome: d = 0.18, p < 0.01; vs. poor outcome: d = 0.17,
p < 0.01).

Table 2 shows a conservative estimate of potential
associations of FER with pre- and post-treatment
symptomatology, dropout, as well as the continuous
improvement over therapy, Δ. Aggregated at the highest
level (individuals), the display of happiness was signifi-
cantly (negatively) correlated, r = −0.53, p < 0.01, with
post-treatment symptomatology, but not pre-treatment

Table 1.Multilevel logistic regressions to predict expert classifications frommachine learning facical emotion
recognition (FER)

Human classification Total correct (%) Sensitivity Specificity Labeled minutes

«Anger» 71.3 0.597 0.745 1,691
«Disgust» 99.8 0.750 0.998 8
«Fear» 71.6 0.655 0.733 1,718
«Joy» 75.1 0.711 0.756 795
«Sadness» 72.0 0.609 0.750 1,641
«Surprise» 95.9 0.714 0.960 14
«Love» 55.3 0.941 0.546 136
Neutral (CEAS <3) 72.1 0.637 0.749 1,948

Experts labeled the emotional state of patients during psychotherapy from video (minute-wise). Mul-
tilevel logistic regressions were applied to predict each classification fromMLER taking into account random
intercepts for N = 23 individuals and fixed effects for each MLER emotion (averaged per minute; max.
30 frames/second). Prediction was based on the maximum area under the curve (ROC, Youden-Index).

a dcb

e f g h

Fig. 3. a–g Emotional expression assessed with machine learning facial emotion recognition (FER) within all
therapy sessions (per minute) by therapy outcome group (green = good, blue = poor, red = dropout; vertical lines
indicate standard errors; standardized values). Test statistics are shown for each group comparison. h Scatter plot
showing the results of a PCA on all minute intervals where FER scores were available.
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symptomatology. Similarly, individual improvement, Δ,
was significantly and positively correlated, r = 0.49, p <
0.02, with the display of happiness in treatment. For
several other cells, numerically relevant, but not signifi-
cant association are reported here, suggesting a general
tendency for negative affectivity to be associated with less
improvement (negative correlations for sadness, anger,
disgust, and fear), as well as with lower nonspecific
arousal (negative correlation with neutral).

Discussion

In a real-world examination of 389 psychotherapy
sessions, we evaluated the efficacy of machine learning in
emotion recognition for psychotherapy research. Our
findings provide significant support for the technology’s
utility, further underscored by its external and ecological
validity, as evidenced by notable correlations with human
evaluations and tangible associations with therapy out-
comes and patient dropout rates.

When benchmarking FER against the human ratings
“gold standard” (CEAS) for patients’ facial emotional
expressions during psychotherapy [38], we noted con-
sistent yet numerically modest correlations for specific
emotions and nonspecific emotional arousal. This aligns
with prior research demonstrating congruence between
FER and human emotion ratings [11, 46], bolstering the
argument for FER’s satisfactory criterion validity, that is,
its ability to accurately measure its intended target [47].
In analyzing the alignment of FER with varied human
raters, we observed uniformly positive trends, with no
significant deviation in individual rater trends from the
general association. This suggests that FER showcases
inter-rater agreement, meaning its measurements are

largely consistent regardless of the observer it is bench-
marked against. Nonetheless, it is worth highlighting the
subdued correlations between FER and human CEAS
ratings. This disparity seems rooted in differing evalua-
tion scopes and timeframes. Human raters assessed
emotions over minute-long intervals, whereas FER of-
fered a granular view, capturing up to 1,800 frames (or
30 frames/second) within that span. Moreover, human
assessors incorporated verbal emotion expressions in
their evaluations. This difference in both timeframe and
evaluation modality between FER and CEAS likely ac-
counts for the modest yet statistically significant corre-
lations observed.

Research comparing our findings is limited, given that
this is the first study that applies FER to psychothera-
peutic video materials of such duration. Our results echo
previous studies that employed FACS in treatment ses-
sions, emphasizing the significance of smiling and pos-
itive feelings in psychotherapy [4]. Notably, the display of
happiness and smiling emerged as the most potent
predictor of therapy outcomes, as well as patient dropout
rates. The first 5 min of each psychotherapy session
appear especially indicative (see Fig. 3e). Typically, in-
teractions commence with a pronounced display of
happiness, which diminishes rapidly within these initial
minutes. This pattern may be attributed to the wide-
spread social convention of beginning interactions with
courtesy smiles or “social smiling.” Intriguingly, patients
who eventually drop out (represented by the red line)
seem less inclined to adhere to this convention compared
to the other groups. Clinically speaking, a patient’s
omission of these courtesy smiles at a session’s onset is
not merely indicative of “poor etiquette.” It might instead
signify a diminished outcome expectation from the pa-
tient’s end, a factor we have identified as crucial in the
treatment of BPD [48]. Future studies should explore the
evolution of such courteous behaviors over time and their
transformation during psychotherapeutic treatment.

Contrastingly, Arango et al. (2019) observed that, over
the course of a session among 29 therapy sessions of 12
patients with BPD in Mexico, expressions of happiness
and fear intensified while those of sadness diminished
[12]. While this study involved a comparable patient
population with BPD, the observed discrepancies might
hint at cultural variations in emotional expression [49].
This research also resonates with the foundational con-
cept of the “affective circumplex,” which delineates
the “arousal” and “valence” emotional dimensions [49].
The initial two components pinpointed through PCA
align well with this theoretical framework. Both PC1
(indicative of positive emotionality) and PC2 (denoting

Table 2. Correlation matrix of machine learning facial emotion
recognition (FER) and the outcome of psychotherapy

Emotion classifier Pre Post Delta Dropout

Angry −0.12 0.32 0.29 −0.27
Disgust −0.33 −0.05 −0.23 −0.33
Scared 0.26 0.26 −0.05 0.15
Happy 0.06 −0.53* 0.49* −0.14
Sad 0.00 0.33 −0.42 0.02
Surprised 0.31 0.37 −0.13 0.11
Neutral −0.07 0.15 −0.15 0.21

Pearson correlations. MLER aggregated on the level of
individuals. Delta = pre – post symptomatology rank; unspecific
arousal = “1-neutral.” *p < 0.05.
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negative emotionality) map onto the “valence” dimen-
sion, whereas “arousal” amplifies along the diagonal
depicted in Figure 3h. While our study was not tailored
explicitly to emulate this taxonomy, the findings are
congruent with the bidimensional structure associated
with facial expressions [50].

To assess the ecological validity of emotional ex-
pressions, we examined the correlations between FER and
treatment outcomes. We identified small- to medium-
sized associations between FER-rated expressions of all
emotions except for surprise, and the shifts in outcomes
throughout treatment. Notably, our findings somewhat
correspond with prior studies and meta-analyses, which
indicate that emotion suppression adversely affects
psychotherapy outcomes [13, 51]. While we did not
detect associations with pre-treatment symptomatology,
we observed consistent group differences concerning
post-treatment symptomatology, dropout rates, and in-
dividual progress (referred to as “delta”). These findings
hint that emotional expressions might possess predictive
value concerning treatment results. This should not be
interpreted to suggest that specific emotions are direct
causative factors. Rather, the intensity of these emotional
expressions could signify potential causative elements,
like treatment discomfort or the consistency of patient-
therapist interactions. Supporting this, a past meta-
analysis revealed that the quality of the relationship
between the patient and therapist is pivotal for treatment
success [52], which might be manifested in the more
frequent display of positive emotions observed in this
study.

Several strengths and limitations of our approach
warrant mention: (1) computational load versus ac-
curacy: the machine learning algorithms we used are
open-source and designed for real-time emotion
analysis. While these were chosen for their potential
future accessibility to practitioners, more specialized
algorithms, such as those in advanced robotics, might
have produced more potent results [53]. Consequently,
our applied FER might not fully capture the potential of
this methodology; (2) generalizability versus individual
tailoring: the algorithm was not customized to indi-
vidual patients. Although tailoring the algorithm to
each patient might yield stronger associations, we
aimed to prevent overfitting and ensure broader ap-
plicability of the results; (3) sample specificity: our
sample focused on adolescents with borderline per-
sonality pathology. Results may vary with other groups.
Exploring emotional expression using FER across di-
verse patient populations and treatments seems a
promising avenue for future work; (4) statistical con-

sideration: our analysis involves data nested within 23
individuals. While we identified solid associations with
post-treatment symptom changes, there were none
with pre-treatment symptomatology. This hints that
positive emotional displays might be more linked to the
treatment process than to innate personality traits.
However, with only 23 participants, our study was
adequately powered only for strong correlations (r >
0.55). Larger studies may unveil more nuanced rela-
tionships between facial expressions and therapy out-
comes; (5) computational intensity: despite FER’s speed
advantage over human coding, it remains computa-
tionally demanding. Utilizing this method in real-time
during therapy sessions would necessitate further
technological advancements; (6) dichotomization of
outcomes: we dichotomized treatment outcomes
mainly for visual clarity. While dichotomization can
occasionally produce misleading results [52], our
findings align with continuous psychotherapy out-
comes; (7) data depth versus breadth: while our study
furnishes rich longitudinal data, we concentrated on
aggregate measures to predict broad symptom changes.
Future investigations might delve into the longitudinal
correlations between expressed emotions and specific
therapeutic methods.

This pilot study advances the integration of machine
learning emotion recognition in psychiatric and
psychological research. We have delivered evidence
highlighting FER’s alignment with core quality
benchmarks such as reliability, objectivity, and prog-
nostic validity. This suggests that FER could either
complement or potentially surpass traditional emotion
recognition methods reliant on physiological metrics
like skin conductance and heart rate variability. Clin-
ically, FER holds promise in pinpointing pivotal
emotional sequences. With ongoing advancements
minimizing computational demands, FER could serve
in individual-focused studies and assist mental health
professionals in their supervision roles. There is po-
tential for this technique to function as a clinical asset,
spotlighting significant emotional junctures that might
otherwise be overlooked, thereby enriching the ther-
apeutic experience and possibly bolstering treatment
outcomes. Given our study’s promising findings, we
advocate for a collaborative international approach.
Analogous to efforts in other research arenas, aggre-
gating anonymized FER data could amplify statistical
robustness and shed more light on the technique’s
applicability across diverse disorders and age brackets.
We welcome engagement from researchers possessing
video footage of psychotherapeutic sessions.
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