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Abstract

The rapport between a therapist and a patient is called the working
alliance, and monitoring it can help in preventing ruptures and
drop-outs. While working alliance is typically assessed via self-
reported measures, Al-based analysis tools may provide potential
alternatives to assist in this task and provide insights. In this study,
we use machine learning based approaches to extract multimodal
working alliance features from videos of actual therapy sessions
(n = 114) of patients with depression. We explore the connections
between five modalities (i.e. conversational and movement features,
affect from speech, text, and face) and the working alliance as
reported by the patient, the therapist, and independent observers,
respectively. We show that these perspectives overlap, but also
show important differences. We incorporate state of the art off-the-
shelf tools into a simple classification pipeline to identify several
features as good predictors of working alliance, and we make our
code base available for replication.
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1 Introduction and Background

Working alliance (WA) is a widely-used factor that measures the
quality of the relationship between therapist and patient in psy-
chotherapy [14, 17], and is often defined as the agreement on treat-
ment goals, the tasks that are worked on and the bond between the
therapist and patient [22]. More specifically, agreement on tasks has
been defined as the therapist’s and patient’s shared understanding
of the tasks, agreement on goals as the therapist’s and patient’s
shared understanding of the goals and objectives, and the bond
as the emotional connection between the therapist and patient,
consisting of mutual trust, acceptance and confidence [22].

Research on the working alliance has been repeatedly associated
with treatment outcome and showed to mediate the relationship be-
tween treatment and outcome across different treatment modalities
and in different patient populations [5, 17]. For example, improve-
ment in working alliance predicted depressive symptoms in the
next session [16]. In addition, recent studies distinguish between
the trait and state part of the working alliance and suggest that
the role of trait and state alliance may differ between different
forms of psychotherapy. While trait alliance can be seen as the
general ability of the patient and therapist to form interpersonal
relationships, state alliance is the weakening or strengthening of
alliance within and between sessions [50]. Several studies already
demonstrated that trait alliance may help to predict who benefits
more from treatment, while strengthening of state alliance has been
related to better treatment outcome [23]. Accurately detecting the
working alliance during the session may help to detect and repair
weakening or poor alliance during the sessions [49].

A limitation to current research on working alliance is that most
studies measure working alliance with the use of self-report ques-
tionnaires. While earlier research focused on patient’s assessments,
mostly at the beginning of the treatment, a general direction in
the field is to measure the interplay and dynamic features between
the therapist and the patient, including ruptures and repair [38].
A widely used measure of the working alliance in psychotherapy
is the Working Alliance Inventory (WAI), which is a self-report
questionnaire that assesses perceptions of the therapeutic alliance
in three areas: goals, tasks, and bond, respectively [9, 22]. Although
the original version consisted of 36 items, nowadays most often
the shorter version of 12 items (WAI-S) is used [36, 37]. There are
different versions of the WAL, filled in by the therapist (WAI-T), the
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patient (WAI-P) or an observer (WAI-O). While the WAI-P and WAI-
T are completed to the perception of the therapist and patient of the
working alliance, the observer ratings are conducted by an indepen-
dent observer trained to detect and rate strength and weaknesses
in the working alliance. Other measures, such as the Therapist
Alliance Scale (TAS), assess the therapist’s perceptions of the al-
liance [29]. However, rating the working alliance in psychotherapy
sessions is done manually. This work is very labor-intensive and is
sensitive to bias due to the subjectivity of the observer’s judgment.

Accurately predicting WA can help the therapist to gain a better
understanding of the WA itself and increase the quality of the
sessions, for example by preventing ruptures (i.e. deterioration in
any part of the working alliance) that might interfere with the
effects of psychotherapy.

In this paper, we assess the potential of machine learning based
automatic analysis of the interaction between the patient and the
therapist during psychotherapy sessions. This will not only save
valuable time by removing the labor-intensive scoring of the ses-
sions, but may also provide more insight into the efficiency of
specific components of the psychotherapy session. The benefit of
the latter is twofold. First, it can help improve the effectiveness
of the psychotherapy sessions by helping the therapist improve
their methods based on the patient’s perception of WA. Second,
an accurate prediction of WA can make psychotherapy sessions
more effective, relieving some of the pressure on the mental health
system by achieving the same outcome in fewer sessions.

In our study, we use the WAI-S and WAI-O for capturing the
patient’s and observer’s perception of the working alliance and the
WAI-SRT for the therapist’s perception of the working alliance. We
compare self-report, patient, and observer ratings in the WAI with
machine learning based approaches to extract working alliance
features from videos of therapy sessions from patients with major
depressive disorder (MDD).

2 Related Work in Automatic Analysis of
Multimodal Cues

Multimodal automatic processing of signals during a dyadic inter-
action encompasses a range of verbal and non-verbal cues [45].
This area particularly benefits from recent developments in deep
learning, which resulted in capabilities like automatic speech to
text transcription, voice and text based affect analysis, face tracking
and facial expression analysis, body tracking and action recogni-
tion. A full review of recent approaches to models developed in
each modality is out of scope for this paper, but we review here a
range of related works that specifically deal with dyadic therapist-
patient interactions in general, and working alliance estimation in
particular.

In the analysis of working alliance, the linguistic information is
valuable. [47] used natural language processing (NLP) to analyze
the transcripts of therapy sessions and found that certain linguistic
markers, such as the use of first-person pronouns and positive emo-
tion words, were positively associated with the working alliance.
[40] used structural equation modeling to investigate the role of
language entrainment, which quantifies how much the therapist
and patient adapt their language to each other over the course of the
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sessions. They found that when the therapist adapts their language
to the patient, this effects the perception of alliance of the patient.

Related to language entrainment, studies have shown that the
level of empathy shown by the therapist explains some of the vari-
ance in therapeutic outcome [3]. Subsequently, it is important for
the therapist to be able to recognize emotions of their patients and
act accordingly. However, [31] found that trained therapists do not
perform better than psychology students in recognizing emotion
intensity in their patients. Using computational approaches to mea-
sure facial emotion and emotion intensity can support the therapist
in interpreting the patients, as well as in assessing the affect in
the interaction. The synchrony of facial expressions displayed in
a dyadic interaction is also important to determine trust between
two people [32].

Research has shown that eye contact can indicate a strong bond [27],
whereas aversion to eye contact is indicative of someone trying to
attenuate the interpersonal relationship and thus is a sign of de-
creased working alliance [4, 20]. A therapist making eye contact is
also perceived by the patient as engaging and friendly, stimulating
a strong and positive working alliance [18]. It is possible to detect
eye contact using computer vision based face analysis [7].

Additional non-verbal cues come from back-channel signals. A
study by [39] looked at social and bodily features concerning work-
ing alliance using six features: head nods, head shakes, speaking
turn length, the waiting time (the duration of the pause between the
end of one speaker’s turn and the beginning of the other speaker’s
turn), listening nods, and listening shakes, respectively. They found
that the behavior of the therapist or the patient corresponded more
with their own ratings of working alliance than the rating of their
conversation partner. Also, head gestures were found to be specifi-
cally predictive of the patient’s rating of the working alliance. In a
more recent work, [41] used structured equation modeling to com-
bine head motion features and language use (negations, pronouns,
affective features). They used the WAI-S, but combined the task
and goal sub-scales due to very high correlation. Different features
were highlighted for these sub-scales; we discuss their findings
comparatively, later in this paper.

Using machine learning approaches to predict working alliance
is explored in several works. [30] proposed a transformer-based
classification model that has a psychological state encoder to infer
the working alliance scores by projecting embeddings of the dia-
logue turns onto an embedding space of the clinical inventory for
working alliance. [48] used multiple questionnaires filled in by the
patient and the therapist, extracted features from these, and applied
deep learning on the extracted features. This study used 325 patients
and 32 psychotherapists across different settings and found that
models with both therapist and patient features performed better
than models with only patient features. This is a finding supported
by earlier research on patient-therapist interactions during child
play therapy [15].

3 Materials and Methods

In this paper, we have tested a wide range of multimodal tools
to analyze a dataset of recorded psychotherapy sessions for the
estimation of working alliance. In this section, we first describe the
dataset, and then proceed with the analysis approach.
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3.1 Data

The data used in this paper stems from a large multicenter dataset
(FreqMech Study) consisting of recorded Cognitive Behavioral Ther-
apy (CBT) and Interpersonal Therapy (IPT) sessions for patients
with a diagnosis of major depressive disorder according to the
DSM 1V or V criteria [10]. Participants who provided consent for
videotaping their therapy sessions and had available WAI-S (n=91),
WAI-SRT (n=100) or WAI-O (n=88) measurements were included in
the current study (total n=114). The mean age of the participants is
37.85 years (+ 12.26) and 61.5% of the participants are female. While
most participants were born in the Netherlands, other birth coun-
tries included Morocco, Ukraine, China, Suriname, Iran, Hong Kong,
Syria, Macedonia, South Africa, Portugal, and Greece. There are
76 therapists, and 12-20 sessions taped per patient. Many sessions
include WAI-S and WAI-SRT scores as rated by the patient and the
therapist, respectively, and also include observational coding on
the quality and psychological processes (WAI-S scores), as rated by
experts. The WAI questionnaire consisted of 12 questions for the
patient and observer versions (see Supplementary Material) and of
10 questions for the therapist version?, all in 7-point Likert scale.
The recording and analysis of this dataset was agreed upon by the
Medical Ethical Committee of VU Medical Centre Amsterdam (reg-
istration number 2014.337) and with full knowledge and consent
from the participating patients and therapists.

The contents of the recordings are very diverse, as they differ
in the visibility of the patient and the therapist, the viewing angle,
lighting conditions, and audio quality. Subsequently, the recording
conditions are challenging and realistic for different clinical settings.
There are multiple sessions recorded per patient, and these were
grouped in the analysis to make sure that no subjects are simul-
taneously present in both training and testing folds, which might
have led to over-optimistic results during automatic classification.

We worked with a subset of the original dataset, and used speaker
turns as a unit of further segmenting the data. Selecting samples
based on the availability of the WAI scores, we obtained a therapist
dataset (37 sessions, 21700 turns), a patient dataset (43 sessions,
25000 turns), and an observer dataset (34 sessions, 20000 turns).
Score distributions are reported in Figure 1. All three datasets had
an average turn length of about 9,6 tokens. WAI scores are estimated
at session level. The audio recordings are mono-sound and in Dutch
language. We also have visuals of either the therapist or the patient
(and in some cases both). The features for automatic analysis were
extracted from visual, audio, and text modalities.

3.2 Feature extraction

3.2.1 Automatic Transcription. To get the verbal content of the
therapist-patient interactions automatically, we conducted speech-
to-text transcription using the state-of-the-art WhisperX model [6],
using the “large-v1" pre-trained model with a batch size of five.
Automatic transcription is much faster than manual transcription,
but it may be error prone. Especially for non-English languages,
automatic analysis tools may perform with lower accuracy, as they
are typically trained on smaller datasets.

! Available at https://wai.profhorvath.com/downloads.
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3.2.2 Diarization. Once the transcripts are obtained, the second
task is automatic diarization, which separates the speech of the ther-
apist and the patient, based on the audio track. We used the PyAn-
note tool [35], with automatic segmentation and clustering thresh-
old selection to determine the difference between noise, speech,
and different speakers. Automatic threshold selection is preferred,
as the audio quality and presence of noise could be very different
between patients and between sessions.

3.2.3 Conversational features. From transcribed and diarized text,
we extracted conversational features consisting of turn-taking (i.e.
participation equality, turn-level freedom and percentage of over-
lapping turns) and turn-level features (i.e. per speaker turn duration,
token count, speech rates and pause-based features for different
speech parts, decomposed as between and within the speakers, as
well as the total percentage of speaking time for the interlocutors
during the whole conversation), following a recently introduced

approach by [8].

3.2.4  Textual features. We tested out three different approaches
for automatic sentiment analysis on the transcripts, using multiple
Bidirectional Encoder Representations from Transformers (BERT)-
based models [13]. To obtain positive and negative sentiments, we
used RobBERT-v2-Dutch-Sentiment [43], which is a version of the
Dutch language model RobBERT [12], fine-tuned with sentiment
polarity labels. Additionally, we used the VADER sentiment ana-
lyzer to extract the polarity (positive/negative) and the intensity
of the emotion present in the text (a summation of the intensity of
each word in the text) [24].

For discrete emotion classification, we used the EmoRoBERTa
model [26], which is able to classify 28 different types of emo-
tions: admiration, amusement, anger, annoyance, approval, caring,
confusion, curiosity, desire, disappointment, disapproval, disgust,
embarrassment, excitement, fear, gratitude, grief, joy, love, nervous-
ness, optimism, pride, realization, relief, remorse, sadness, surprise,
and neutral, respectively [28].

Since both EmoRoBERTa and VADER tools were trained in Eng-
lish, we translated the Dutch transcriptions into English using the
offline Argos Translate package before sentiment and emotion clas-
sification. Due to the sensitivity of the data, cloud-based services
were not usable, and only local models were used. Finally, we ex-
tracted (dimensional) emotions in the form of arousal and valence
values, using the XLM-RoBERTa-large model [11]. This pre-trained
model is fine-tuned on 34 publicly available datasets containing
arousal and valence ratings, including one consisting of 4300 Dutch
words labeled for valence, arousal, and dominance [33]. The senti-
ment and specific emotion features were extracted per utterance,
but combined to form session-level features.

3.2.5 Audio features. We extracted arousal and valence scores from
the audio of the sessions using Audeering’s Model for Dimensional
Speech Emotion Recognition based on Wav2vec 2.0 [46]. This model
was fine-tuned with 100 hours of annotated speech data originating
from podcast recordings.

3.2.6 Facial expressions and head gestures. We extracted Facial
Action Units (FACs) using OpenFace [7] and used these to deter-
mine head nods and head shakes, following [39]. Face detection
confidence was thresholded at 75%, and incorrectly detected faces
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Figure 1: The score distributions for therapist (top row), patient (middle row), and observer (bottom row) scored sessions. Each
row contains the WA, task, bond, and goal scores from left to right. The shapes of the score distributions are similar across
therapist, patient, and observer scores, for each category. However, the score ranges show differences, with observer ratings

typically higher than either therapist or patient ratings.

were filtered out. We then calculated the distance traveled along the
pitch and yaw dimensions per video frame over a rolling window
of one second. Using smoothness constraints on these features, we
segmented individual head gestures. Finally, the timestamps of the
head gestures of each face are compared to the transcription file to
split the head gestures that occurred during the speaking time of the
therapist or the patient. The head movements were categorized as
occurring during either speaking of listening, for both the therapist
and the patient.

The facial expressions were extracted for every second of video,
according to a rule-based method based on FACs as described
by [42]. The facial expressions were similarly categorized as occur-
ring during speaking or listening times.

3.3 Models

Since the amount of data we have is limited for end-to-end learning,
we used a support vector machine (SVM) in the classification task.
In our preliminary analysis, we have tested a number of regres-
sion models, including k-Nearest Neighbor (kNN), Support Vector

Regressor (SVR), Elastic Net, Random Forest, Multilinear Regres-
sion, and Extreme Gradient Boosting (XGB) Regressor. However, a
classification approach produced more stable results, and higher
accuracy overall. We used 5-fold cross validation, and all models
were optimized using a grid search on the training folds to find the
best hyperparameter settings. Only training folds were used for
model selection. The features were z-normalized before being fed
to the models to a mean of zero and a standard deviation of one,
and normalization parameters are learned from the training data.
For feature selection, we used the Maximum Relevance Minimum
Redundancy algorithm (MRMR) [34].
The individual feature analysis was done on multiple datasets
with a larger size, which were merged for the combined feature
analysis using the machine learning models. Table 1 shows the
number of data points (sessions) for each dataset. Conversational
level features had the largest dataset, and the visual datasets were
the smallest, as the faces were not often visible in the recordings.
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Table 1: Number of sessions in the individual datasets for
each type of feature.

Feature Patient scores Therapist scores Observer scores
Audio affect 43 40 35
Text emotions 52 44 39
Text affect 75 79 71
Conversational level 91 100 88
Facial expressions 28 38 34
Head gestures 24 33 29

4 Experimental Results

4.1 Automatic transcription

We evaluated the performance of the transcription tool using the
Word Error Rate (WER), Match Error Rate (MER), and Word Inser-
tion Likelihood (WIL) measures. WER quantifies the accuracy of the
transcription based substitutions (S, incorrectly transcribed words),
insertions (I, additional words in the transcription compared to the
ground truth) and deletions (D, missing words in the transcription
compared to the ground truth), given a text of N words:

S+D+1
WER=""—+ (1)
N

MER represents the probability of a match between the tran-
scribed and the ground truth texts being incorrect. It is calculated
by dividing the total number of errors (S+D+I) by the total number
of words (N) and the insertions (I):

S+D+1
MER = ———
N+1

Lastly, WIL represents the probability of insertions in the transcrip-
tion:

@

WIL = L 3)
N

We tested automatic transcription first on a video with perfect
audio quality, and then on two sample sessions of the actual dataset,
which were manually transcribed. The WhisperX transcription per-
formed well on the test set with good audio quality. Table 2 shows
that the transcription accuracy on a real session is less accurate

than on the high-quality test video.

Table 2: Evaluation using the Word Error Rate (WER), Match
Error Rate (MER), and Word Insertion Likelihood (WIL) of
the automatic transcriptions on a high-quality test video and
two samples from the actual dataset.

Dataset WER MER WIL

Test Video 0.0085 0.0085 0.0141
1025 session 6 0.1791 0.1782 0.2339
6013 session 2 0.0993 0.0986 0.1479

To illustrate how the Whisper model we have used fares against
other transcription models in the literature, we performed a com-
parison of five models on the test video. Table 3 shows that our
selected method is clearly preferable to the other approaches.
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Table 3: WER, MER, and WIL scores for different systems on
the test video

Model WER MER WIL

whisper large-v2 ~ 0.01 0.01  0.01
whisper large-vl  0.06  0.06  0.09
whisper medium  0.07  0.07  0.12
word online 0.23 0.22 036
google 039 038 055

4.2 Diarization

A similar approach was used to test diarization, where a test video
with crisp audio quality and two samples from the actual dataset
were manually referenced and used to evaluate the performance of
the PyAnnote diarization pipeline. The evaluation measures were
the Diarization Error Rate (DER) and Jaccard Error Rate (JER) (see
Table 4). DER measures the error rate for the entire text, while
in JER, the error rates are first computed per speaker and then

averaged.
FA + Missed + Incorrect

DER = T (4)
1 < FA; + Missed;

FR=— y —__——""— 5

J N IZ:; TOTAL; ©)

Table 4: Evaluation using the DER and JER of the PyAnnote-
produced diarizations on a test video and two samples from
the actual dataset.

Dataset Diarization Error Rate (%) Jaccard Error Rate (%)
Test Video 1.7 0.02
1025 session 6 9.1 0.13
6013 session 2 6.3 0.12

We compared the diarization of PyAnnote system to several
alternatives. Figure 2 shows that it has the best performance on
diarization with a DER of 1.7% compared to 14.1% for the closest
contender.

4.3 Classification

We formulate the problem of automatic WA assessment as a binary
classification. Given the data from a single session, the classifier
produces a score to indicate high or low working alliance. This is
a cautious approach, as our dataset is limited in size. We used an
equal frequency binning strategy for the binary split. As a result,
Observer data is split as 19/15 high/low, Patient data as 22/21, and
Therapist data 22/15. The test set is randomly drawn after binning,
and was not stratified. have 4/3, 4/5, 5/3 samples (for high/low)
for Observer, Patient, and Therapist sets, and a random baseline
accuracy would be around 50%. Table 5 summarizes the results, in
terms of accuracy, precision, recall, and F1 scores.

While the SVM classifier shows good prediction results, we cau-
tion the reader that the database is relatively small, although com-
parable to similar studies in the literature. We have 76 therapists,
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Figure 2: Performance of different diarization models on a
test video.

114 patients, and 12-20 sessions per patient. [40] reports 66 therapy
sessions between 39 unique clients and 11 unique therapists, and
[2] reports 252 in-person and teletherapy sessions from 47 patients
treated by 10 clinicians. [48] trained models with data from 325
patients and 32 therapists, and tested them on a clinical sample
sample of 85 patients and 8 therapists.

By using off-the-shelf tools and pre-trained models, we have
sought to minimize the risk of overlearning. As the accuracy of
the classifier is relatively high across all three datasets (ranging
from 0.81 to 0.93, with 1.0 representing perfect classification), we
conclude that supervised classification is promising for assessing
the therapy sessions broadly into low or high working alliance
classes. The comparatively low recall for the low working alliance
class shows that the model has some bias towards producing a high
WA rating. We next look at individual features to gain more insight
about which feature is informative for this problem.

Table 5: Performance results of the SVM Classifier on patient,
therapist, and observer WAI score prediction. The precision,
recall, and the F1 scores are reported per class (High or Low
WA)

Dataset  Accuracy Precision Recall F1-Score
(H-L) (H-L) (H-L)
Patient 0.81 0.75-0.80  0.75-0.80 0.75-0.80
Therapist 0.93 0.71-1.00  1.00-0.33  0.83-0.50
Observer 0.93 0.80-1.00 1.00-0.67 0.89-0.80

4.4 Correlation analysis

We evaluated the correlation of each feature used in our models
with WALI scores. Table 6 shows an overview of the features per
modality for each rater (patient, therapist, and observer) with a
significant Spearman correlation result (p < 0.05), with Bonferroni
correction. The features displayed in black color have a positive
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correlation with the WAI score, whereas the features in red color
have a negative correlation.

A quick look at the table shows that some conversational features
(such as the turn length of the patient and the therapist), as well as
some speech emotion related features, consistently correlate with
the WALI scores. However, for the text, face and movement modal-
ities, correlations with WAI scores depend on the perspective of
the scorer. The therapist, the patient, and the external observer pre-
sumably use different cues to assess WA. We have already observed
some of these differences in the ground truth score distribution,
but looking at the correlation structure is informative. We provide
some observations in the next section.

5 Discussion
5.1 Findings

While it was clear from the onset that the scoring of the WAI by pa-
tients and therapists differed, our automatic feature analysis reveals
patterns that can be considered in more detail. The differences were
most prominent in conversational features and head movements.

While the head movement of therapists during listening turns
is weakly correlated with a higher working alliance according to
the therapist scores (not significant, hence not shown on Table 6),
it is correlated with a lower working alliance as rated by the pa-
tient. When patients are speaking, excessive head movement by the
therapist may be perceived by the patient as a sign of distraction,
causing a lower perception of working alliance. The predictability
of a session’s conversational structure correlated positively in the
therapist ratings, whereas patient ratings pointed out to a negative
correlation. Furthermore, the results on emotion display suggest
that patients appreciate an open conversation with space to show
their emotions, and especially negative emotions.

For reading the patient’s response during a session, the therapist
can pay attention to facial expressions. Displayed anger is a sign of
a low working alliance, and elevated amounts of head nods during
listening times is a sign of a high working alliance perception.

The classification analysis showed a similar level of predictabil-
ity between the patient, therapist, and observer WAI scores, but
differences in which specific features contributed to the prediction.
There was a difference in the importance of which modality was
predictive for which perception, as conversational features were
more correlated with the patient WAI scores, and the audio affect
features were more correlated with the therapist WAI scores. Fur-
thermore, the WAI scores of patients and therapists were more
informed by the rater’s behavior than that of the other speaker. The
observer results do not necessarily resemble the patient or therapist
results, indicating that the three different raters each have different
underlying features for perceiving the working alliance.

Due to the size limitations of the dataset, feature selection did not
result in a significant improvement in the predictive performance of
the classification models. According to our analysis, conversational
features were the most important indicators for predictive models.

This corroborates the main findings of [8]. They report that
participation equality was correlated with the task bond and goal
components with a correlation ranging from 0.42 to 0.53, which
we did not find within the observer dataset. However, there was
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Table 6: Overview of all significant features by Spearman correlation test sorted per modality and WAI category. Both positive

(black) and negative (red) correlations with the WAI are shown.

Conversational Speech Text Facial Movement
Speech duration patient (0.39) L ) L
Turn length patient (0.39) Amusement (0.40) Happiness (0.62) Listening nods therapist (-0.77)

Participation equality (0.31)
Turn length therapist (-0.31)

Fear (0.39)
Min arousal patient (-0.30)

Listening shakes therapist (-0.77)

Anger (-0.63) Listening nods patient (-0.54)

P. Speech duration therapist (-0.31)
Speech rate patient (-0.30)
Turn-level-freedom (-0.30)
Overlapping segments (0.35) Max valence (0.63) Disgust (0.38) Neutral (0.48)
Number of turns (0.34) . o ;
. Min valence (0.57)  Positive sentiment (-0.38) ~ Sadness (-0.41)
Speech rate patient (0.32) Max arousal (0.47) Anger (-0.30)
T Turn-level freedom (0.30) ’ ’
" Duration % therapist (0.24)
Turn length therapist (-0.30)
Turn length patient (-0.25)
Number of turns (0.33) Max valence (0.56) iemorsel(?(.ffi) Anger (-0.50) Listening nods patient (-0.57)
Turn-level freedom (0.28) Min valence (0.53) Di I; ruos\;a( 0 3;9) Listening shakes patient (-0.57)
0. Overlapping segments (0.25) Max arousal (0.41) Confusion (-0.47)

Turn length therapist (-0.32)
Turn length patient (-0.27)

Disapproval (-0.44)
Excitement (-0.40)

a positive correlation within the patient dataset between the par-
ticipation equality with the goal and task components (0.30 and
0.31, respectively). Similarly, our research shows a positive corre-
lation between the turn-level-freedom and the bond component
(0.28). For the therapist dataset, we found a positive correlation
with the task component (0.30). To summarize the differences in our
settings: 1- they have used only observer-based scores in their anal-
ysis, whereas we give a more detailed decomposition; 2- they use a
dataset of around 70.1k words for 23 recorded conversations, com-
pared to 200k words in our dataset for 34 sessions; 3- their analysis
language is Italian, whereas ours is Dutch; 4- they divided sessions
into three segments (15, 70, 15 per cent, respectively), whereas our
recordings did not necessarily start at the beginning of a session,
and subsequently, we did not use such a segmentation; 5- they have
used manual text diarization, whereas we used automatic transcrip-
tion and diarization. It is encouraging to obtain similar results in
face of these differences.

The research by [39] is also closely related to ours. Their analysis
focused primarily on head gestures and turn-taking behaviors as
features predictive of the WAL We found that the features that
proved important for their analysis were also important in our
models. Specifically, the head gestures during listening periods
were significant predictors for patient working alliance ratings in
both studies. Also, our study confirms their finding that therapists
rely more on conversational features, like turn length and wait time,
compared to head movements, and both studies showed that head
gestures were more reflective of the task component of the working
alliance, while conversational behaviors tended to be more reflective

of the bond component. A difference between our results and [39]
is that we found that therapist ratings do not correlate much with
their own head movements, but they do with the patient’s head
movements during speaking periods.

5.2 Limitations and challenges

In this study, we did not separate state from trait alliance. The for-
mer is more related to the therapeutical process [50], and requires
a longitudinal analysis approach. Our focus has been on the auto-
matic extraction of low-level, multimodal cues, which can be used
for more fine-grained analysis.

A design choice we made in our study was to treat each session
individually, instead of modeling alliance throughout the therapy as
a temporal construct. [40] introduced a structured equation model
to incorporate such temporal aspects. In our case, there were a
higher number of therapists involved in the sessions, and it was
quite common to have different therapists attending a single patient
at different times. Subsequently, such modeling was not preferred.

Some studies have found that working alliance may not be an
appropriate measure for all cultural groups, as cultural differences
can influence perceptions of the therapeutic relationship [44]. As an
example, [25] found that the engagement of East Asian Americans
in psychotherapy is much lower than that of white and minority
groups. This is one important argument about the applicability of
the automatic tools.

A related limitation is that our data came from a relatively limited
cultural background (although we have patients from 12 countries
in three continents), and the automatic assessment tools we use are
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not always trained to work with subjects from a wide cultural and
ethnic background. While the AT community is collectively striving
to improve the automatic assessment tools to be more inclusive, the
full potential of these approaches is not reached. This means that
any practical tools to be implemented in a clinical setting would
need thorough testing within the practical cultural context, and its
results carefully interpreted (or ignored) if the patient or therapist
demographics are less represented in the training conditions.

Another related issue is the difficulty of working with a non-
English language. The majority of the existing text analysis tools
are specialized on the English language, whereas we work with
Dutch transcripts in this paper. We have tested a range of tools,
some trained directly on Dutch texts, and some based on English,
but adapted to the problem via automated translation. In some cases,
the high quality of translation tools and the performance difference
between models trained in different languages justifies (empirically)
the use of automatic translation [21]. There is rapid progress in this
area, and each year we see significant improvements.

The challenges listed above are mostly technical issues, but there
are also practical issues related with the use of Al-based assess-
ment during psychotherapy. While it is shown that monitoring WA
regularly can support the therapist in improving the therapeuti-
cal process, a recent survey done with 954 patients and 248 clini-
cians about the usefulness of self-report and Al-based assessment
provides some additional findings about the practical aspects [1].
Self-report is found to be burdensome, and Al-based assessment
can alleviate this. Clinicians are more reluctant than the patients to
allow recording of sessions, and patients are more positive about
Al-based feedback for clinical outcomes.

A limitation that may not easily benefit from progress in tech-
nology is the problem with facial visibility, due to privacy concerns
of the patients and clinicians. In our data collection, the patients
(or the therapists) can easily opt out of facial recording. We should
note that although facial visibility is limited, our dataset comes
from an effectiveness study and likely to generalize to Dutch rou-
tine clinical practice. Nonetheless, related work in the literature
reports similar issues; in [2], only 80 sessions out of 252 had video
recordings. Actually, it is technologically possible (and easy) to
record a patient and process facial features on the fly to store a
privacy-aware representation (such as a series of facial action units).
In such a case, the facial image is not stored, and biometric identi-
fication is not possible. However, this is more of a trust issue. As
the recent European Al Act? illustrated, affective technology and
automatic behavior analysis are associated with high risk levels.
Strong legal mandates and requirements will enable applications
that are safe and trusted, helping to overcome this issue. Related
to this, we did not have all modalities available in all sessions, and
data limitations prevented extensive multimodal fusion analyses,
which can be considered after further data collection.

6 Conclusions

In this paper, we have tested a broad range of Al based automatic
assessment tools to extract conversational, speech, text, facial, and
movement related indicators from psychotherapy sessions, and

Zhttps://www.europarl.europa.eu/news/en/headlines/society/20230601STO93804/eu-
ai-act-first-regulation-on-artificial-intelligence
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performed predictive and descriptive analyses on these indicators.
Our results indicate to what extent WA assessment can be au-
tomated with the existing tools. While our SVM-based classifier
obtained 81% accuracy for predicting the patient-based WAI scores,
we approach these results carefully. Clearly, much more extensive
training sets are needed for robust prediction. However, even the
feature extraction approaches without subsequent classification
could be potentially useful for gaining insights into WA. Further
studies can focus on prediction of potential alliance ruptures or
increases, and in optimizing an automatic algorithm that addresses
prediction of individual symptoms to have improved prediction
accuracy combined with explainability.

As a second contribution, we looked at the correlations between
individual features and WA scores given by patients, therapists, and
external observers. Our findings highlight where the therapist’s per-
ception differs from the patient’s perception, and raises new venues
of exploration for the use of social signals during psychotherapy.
Our analysis suggests that conversational features were the most
important contributors to the WAI Further research is required to
systematically explore these initial findings.

Finally, we make our code base available to the readers® . While
the patient and therapist data used during this research is confiden-
tial, the computational analysis tools can be easily shared and used
across other settings. The shared code base includes more technical
details about the methods used, and allows reproducibility.

7 Safe and Responsible Innovation Statement

We followed [19] to check our work on ethical risks of applying
affective computing technologies in the mental healthcare domain.
The most important issues are consent, biases, and privacy risks.
The data were used under informed consent from subjects, and
there are no risks involving the developed systems affecting the
care of the people involved.

The data processed for this paper comes from a limited demo-
graphic, and we note this as a shortcoming. Furthermore, some of
the approaches we used may have internal biases (such as facial
analysis being more effective on certain population segments). On
the other hand, due to the privacy-sensitivity of therapy data, there
are not many openly distributed datasets, and limited demographic
coverage is a common problem. We are not able to share any patient
data used in this work, but we make our code available to enable the
replication of the study, and the measurement of any such biases
on any given dataset.

During the processing of sensitive personal data, GDPR was
closely observed. No data processing happened in the cloud, or on
remote services. Data was stored on protected university servers
at all times, accessed via secure protocols, and locally (and anony-
mously) processed with algorithms that were either developed by
the authors, or were open source.
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