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Abstract

Objective: Attunement is a novel measure of nonverbal synchrony reflecting the duration of the present moment shared by
two interaction partners. This study examined its association with early change in outpatient psychotherapy.

Methods: Automated video analysis based on motion energy analysis (MEA) and cross-correlation of the movement time-
series of patient and therapist was conducted to calculate movement synchrony for N= 161 outpatients. Movement-based
attunement was defined as the range of connected time lags with significant synchrony. Latent change classes in the
HSCL-11 were identified with growth mixture modeling (GMM) and predicted by pre-treatment covariates and attunement
using multilevel multinomial regression.

Results: GMM identified four latent classes: high impairment, no change (Class 1); high impairment, early response (Class 2);
moderate impairment (Class 3); and low impairment (Class 4). Class 2 showed the strongest attunement, the largest early
response, and the best outcome. Stronger attunement was associated with a higher likelihood of membership in Class 2 (b=
0.313, p= .007), Class 3 (b= 0.251, p= .033), and Class 4 (b= 0.275, p= .043) compared to Class 1. For highly impaired
patients, the probability of no early change (Class 1) decreased and the probability of early response (Class 2) increased
as a function of attunement.

Conclusions: Among patients with high impairment, stronger patient-therapist attunement was associated with early
response, which predicted a better treatment outcome. Video-based assessment of attunement might provide new informa-
tion for therapists not available from self-report questionnaires and support therapists in their clinical decision-making.
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Introduction
In social interactions, dyads tend to synchronize their
neural, perceptual, affective, physiological, and behavioral
responses.1 This interpersonal synchrony is observable in
breathing patterns, word use, heart rate variability, hor-
mones, and electrodermal activity, and it is a marker for
being involved in an interaction.2–5 The involuntary imita-
tion of facial expressions and gestures has already been
demonstrated in mice and chimpanzees as well as in
human newborns.6–8 Besides animals and children, adults
also mimic facial expressions, autonomous reactions, and

movements in order to empathize with their counterparts
and better understand their emotions, intentions, and behav-
ior. Recently, a review compiled findings from biological,
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psychological, and neuroscientific studies that support the
assumption that autonomous mimicry is fundamental for
the development of empathy.9 Based on these findings,
the authors developed the neurocognitive model of emo-
tional contagion that assumes that an emotional state is
expressed in nonverbal behavior and autonomous reactions.
When the interaction partner perceives these behaviors and
reactions, neural representations are activated as if the
partner were experiencing the same state. In turn, this
shared neural activation activates somatic and autonomic
responses that manifest as motor and autonomic mimicry.
Facilitated physiological and motor feedback then induces
emotions in the interaction partner, enabling them to
better understand their counterpart in terms of empathy.

Prochazkova and Kret9 distinguished between auto-
nomic mimicry relying on unconscious signals from the
autonomic nervous system and motor mimicry relying on
the partly unconsciously controlled motor muscles. Motor
mimicry occurs when two interaction partners coordinate
their movements synchronously. This function has been
found to be impaired in patients with psychological disor-
ders, e.g. social anxiety disorder.10 Movement synchrony
was associated with more positive and less negative
affect,11,12 more prosocial behaviors, perceived social
bonding, and social cognition.13 In psychotherapy, patients
who were more strongly synchronized with their therapists
showed a stronger therapeutic alliance, more self-efficacy,
better treatment outcomes, and less attachment anxiety.14–
16 These patients were also less likely to end treatment pre-
maturely and if they did drop out, they did so later in treat-
ment.17,18 In patients with schizophrenia, movement
synchrony has been associated with fewer symptoms,
higher social competence, social functioning, and self-
evaluation of competence.19,20 However, some effects of
synchrony could not be consistently replicated (e.g. the
association between synchrony and alliance17) and contra-
dictory findings are also apparent. For example, Lutz
et al. found lower synchrony to predict early change in
interpersonal problems.21

Recently, automated video analysis systems were intro-
duced, allowing the cost-effective and objective measure-
ment of movement synchrony.15 In contrast to previous
research using human ratings of body movements, video
analysis is less time-consuming and solves the problem of
low interrater reliability. Automated video analysis captures
body movements and their reference to one another, instead
of relying on specific gestures or postures as human ratings
did. A common approach to measuring movement syn-
chrony is Motion Energy Analysis (MEA),15 which quanti-
fies the movements of interaction partners. MEA and
another method to measure movement synchrony (namely
pose-estimation) were shown to be highly consistent in
their results,22 which is why convergent validity of the mea-
sures can be assumed. Currently, research focuses on two
measures of movement synchrony based on MEA. The

first measure is the strength of the association between
patients’ and therapists’ movements, i.e. how strongly
their movements are correlated.15,23 The second measure
is the length of this association over time, i.e. how long
patients and therapists move synchronously.14,24

A novel third measure is the variation of the temporal
distance between synchronous movements, i.e. how flexible
the latency between synchronous movements is. We refer to
this measure as the movement-based attunement of patient
and therapist. It is measured by the duration of nonverbal
movement coordination, with larger movement-based
attunement reflecting patient and therapist synchronizing
their movements over a wider range of time lags between
movements.25 The basis of attunement is the therapist
being present in the session, attuned and open to the
patient, and it represents the duration of the present
moment shared by two interaction partners.26 Longer
attunement is supposed to reflect more extended social
contact between patient and therapist and higher therapist
receptivity. It has been found to be associated with the inter-
action partners’ personality traits, including greater open-
ness to experiences, greater avoidant attachment, and less
vindictive and self-centered interpersonal styles.25

Patient and therapist attunement might facilitate early
improvement in psychotherapy. An established approach
to identify early change patterns based on multiple mea-
surements is growth mixture modeling (GMM), which is
a latent variable cluster analytic method creating subgroups
of patients with a similar change pattern.27,28 It examines
individual multi-point change trajectories and classifies
patients by means of their trajectories. GMM adapts latent
growth models and integrates a categorical latent variable
for the identification of latent classes underlying the indi-
vidual change trajectories. It was recently applied to iden-
tify latent classes of adaptation patterns in grief29 and
patterns of change in youth- and parent-rated anxiety symp-
toms.30 Hilbert et al.31 showed that early change trajectories
outperformed common early response classifications (i.e.
receiver operating characteristic curves and empirically
based cut-offs) when predicting treatment outcomes in
binge-eating disorder. So far, this kind of model has repeat-
edly identified a class of patients with high initial impair-
ment and early improvement.31–34 This phenomenon has
been dubbed early response.

Studies on early change suggest that especially fast
responding patients are able to maintain their initial success
in that they show markedly positive ultimate outcomes.
Early change patterns have been shown to be predictive of
outcome and treatment termination in several disorders and
populations. In a sample of depressed patients, early change
predicted outcome at treatment termination as well as one
and a half years after treatment.35 Among college students
treated at a university counseling center, early treatment
response was associated with fewer symptoms at termination
and follow-up as well as maintenance of gains for up to 24

2 DIGITAL HEALTH



months.36 In a naturalistic study, depression and anxiety out-
comes as well as treatment duration were predicted by early
change.34 Furthermore, early change has been shown to be
predictive of outcome and early treatment termination in
patients suffering from panic disorder.32 In binge-eating dis-
order, remission at six-months follow-up as well as the
binge-eating frequency at six- and 18-months follow-up
were predicted by early change profiles.31 Furthermore, dif-
ferential patterns of response to the group and individual
therapy have been identified and associated with treatment
outcome and follow-up.37 A recent meta-analysis concluded
that there is reliable empirical evidence for early change pre-
dicting treatment outcome.38

In summary, automated video analysis of therapy sessions
offers new opportunities for data collection and introduces
novel measures that go beyond self-report questionnaires.
Patient–therapist attunement is a promising construct, meas-
uring the extent of the contact and understanding between
patient and therapist. It seems suitable to predict early
change patterns in psychological therapy. Early response,
in turn, is an indicator of a favorable treatment course and
its absence enables therapists to identify patients at risk of
treatment failure early on. Therefore, this study aimed to
examine whether movement-based attunement is associated
with membership in an early change class. Furthermore,
the long-term effects of the change classes on treatment out-
comes were examined to replicate the previously found asso-
ciations and demonstrate the clinical relevance of early
response in the current data. The following hypotheses
guided this study: (1) using GMM, growth curves of patients’
symptomatic distress can be grouped into distinct latent early
change classes, (2) stronger movement-based attunement is
associated with a higher probability of early response, and
(3) early response predicts better treatment outcome.

Methods

Patients

The study is based on a naturalistic sample of N= 161
patients treated for at least five sessions at a university out-
patient clinic. Eighty-seven patients were female (54%) and
their ages ranged from 16 to 68 years (M= 36.41, SD=
12.48). Diagnoses were assessed before treatment onset
with the Structured Clinical Interview for DSM-IV-TR Axis
I Disorders (SCID-I)39 and the International Diagnostic
Checklist for Personality Disorders (IDCL-P).40 Trained
independent clinicians with at least one year of clinical
experience conducted the interviews. They were videotaped
and diagnoses were discussed in expert consensus teams that
included four senior clinicians. Final diagnoses were deter-
mined by the consensual agreement of at least 75% of the
team members. Primary diagnoses as per SCID-I included
affective disorders (59.4%), anxiety disorders (18.2%),
stress and adjustment disorders (9.4%), eating disorders

(1.9%) as well as other diagnoses (11.1%). Additionally,
21.1% (n= 34) fulfilled the criteria for a personality disorder.
Of the total sample, 65.8% had at least one further diagnosis,
while 32.9% had at least two comorbid diagnoses. Table 1
provides further sample characteristics. Written informed
consent was obtained before the start of treatment. All proce-
dures contributing to this work comply with the ethical stan-
dards of the relevant national and institutional committees on
human experimentation and with the Helsinki Declaration of
1975, as revised in 2008.

Therapists and treatment

The treatment consisted of an integrative cognitive behav-
ioral therapy (CBT) approach. According to German

Table 1. Pre-treatment sample characteristics.

M or n (SD or %)

Socio-demographic aspects

Gender (female) 87 (54.00)

Age 36.41 (12.48)

Education (> 12 years) 74 (46.00)

Unemployment 28 (17.30)

Unable to work 28 (17.40)

In committed relationshipa 93 (57.80)

Pre-therapy assessment

HSCL-11 2.14 (0.59)

Chronicity 5.25 (1.04)

Prior psychotherapy 2.53 (1.78)

Treatment expectation 3.06 (0.72)

GAF 56.82 (9.51)

Treatment

Length (number of sessions) 37.55 (16.97)

Duration (weeks) 74.58 (34.38)

Dropoutb 32 (19.90)

HSCL-11: short-form of the Hopkins Symptom Checklist; GAF: Global
Assessment of Functioning.
aMarried or longstanding partnership.
bTherapists evaluated whether treatment ending was consensual or patients
dropped out prematurely.
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health care requirements, therapists were obligated to
provide case formulations at the beginning of treatment.
All case formulations were examined by independent sur-
veyors (commissioned by health insurance companies),
who endorsed the suggested treatment strategies as lege
artis CBT interventions. Treatment was provided by 39
therapists who treated 1 to 15 patients (M= 4.13, SD=
3.69). All therapists participated in a three-year (full-time)
or five-year (part-time) postgraduate training program,
had at least one year of clinical training before participating
in the study and were supervised by senior clinicians. They
were familiar with treatment manuals, though not con-
strained to follow a strict protocol. The attending therapists
took over the patients in the third session after the initial
screening and clinical interview, which were conducted
by independent clinicians. Treatment consisted of weekly
sessions whose number was not fixed and varied between
six and 84 sessions (M= 37.55, SD= 16.97, Mdn= 32.00).

Video selection

Therapy sessions were routinely recorded at the outpatient
clinic for supervision and research. Two synchronized
cameras focused on the patient and therapist respectively
and generated split-screen recordings. A static camera pos-
ition, stable light conditions as well as digitized film material
ensured video quality. For each patient, one video from the
first third of the therapy (but not exceeding the tenth
session) was randomly chosen. Videos were unsuitable for
video analysis and excluded if they were of low video
quality (e.g. major lighting changes or image errors), patient
or therapist did not remain seated during the video, or one
person’s movements reached into the other person’s split
screen. Session numbers of selected videos ranged from the
first to the seventh session with the attending therapist.

Only the first 15 minutes of each video were analyzed, as
later in the sessions patients or therapists more often left
their seats and their interaction was interrupted by exer-
cises, role-plays or the use of whiteboards. Former studies
have demonstrated high correlations between movement
synchrony over the whole 50-minute session and during
the session’s first 15 minutes (r ≥ 0.80).15,17

Movement quantification

Movement quantity was measured separately for patient
and therapist via MEA.15,41 MEA is an objective and auto-
mated video-analysis algorithm. It detects the video frame
rate and computes the change in grey-scale pixels
between two consecutive video frames. The difference in
pixels was computed for a region of interest, which
covered the upper body beginning at the seat of the
chairs, because the lower body was often hidden by the
table. In this study, the frame rate was ten frames per
second, resulting in a time series of 9000 movement

estimates for one person in a 15-minute video sequence.
MEA generates movement quantity time-series, but does
not capture movement quality, i.e. semantic content.

Nonverbal synchrony

Following Schoenherr et al.’s recommendations, time series
of patient and therapist movements were logarithmized and
not smoothed.42 Windowed cross-lagged correlation with
overlapping windows, a window width of 50 frames (i.e.
five seconds), and a time lag ranging from −50 frames
(therapist moves first, patient follows after five seconds)
to +50 frames (patient moves first, therapist follows after
five seconds) was conducted in steps of one frame. The
absolute values of Pearson correlations in the 8951
windows were averaged using Fisher’s Z-transformation,
resulting in one correlation coefficient per time lag.
Figure 1A shows a case example of the correlations
between patient and therapist movement times-series for
the 100 different time lags.

To control for coincidentally occurring synchrony, a
nonparametric significance test relying on so-called
pseudo-interactions was implemented.15 The patient’s time-
series was cut into five-second segments, which were
shuffled randomly 50 times to obtain 50 surrogate time-
series. The windowed cross-lagged correlation analysis
was repeated for each surrogate patient time-series and ori-
ginal therapist time-series. The resulting mean correlation
for each time lag relies on artificial combined movements
that never appeared in this order, thus showing no real inter-
action behavior. All coincidentally found correlations are
random and rely on the individual movement patterns of
the two interaction partners. The 50 estimates of
pseudo-interaction were averaged per time lag to obtain a
stable estimation of pseudo-synchrony (Figure 1B).
Synchronization exceeding averaged pseudo-synchrony
was assumed significant. While parametric significance
tests only test against the assumption of a zero correlation,
this alternative tests more conservatively against the base-
line synchronization of two individuals.

Movement-based attunement

The attunement of a dyad was measured as the range of con-
nected time lags with significant synchrony around time lag
0 (Figure 1C). It represents the range of time distances
between patients’ and therapists’ synchronous movements.
Due to the restriction on time lags to vary between plus and
minus five seconds, movement-based attunement was able
to vary between 0 seconds and 10 seconds. For example,
for a dyad that synchronizes significantly with a positive
time lag of 0.1 s (i.e., one frame) up to a time lag of
0.7 seconds and with a negative time lag of −0.1 seconds
up to −0.8 seconds, attunement amounts to 1.5 seconds
(Figure 1C).
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Psychometric measures

Hopkins symptom checklist—short form (HSCL-11). The
HSCL-1143 is an 11-item short-form of the Symptom-
Checklist-90-Revised (SCL-90-R)44 that is based on the
HSCL-25.45 It assesses patients’ global symptom distress on
a self-rated four-point Likert scale ranging from one (“not at
all”) to four (“extremely”). The mean of the 11 items represents
the patient’s level of global symptomatic distress for the pre-
ceding week. It has a high internal consistency (α= .92) and
is highly correlated with the global severity index of the
Brief Symptom Inventory (r= .91).43 Internal consistency in
the current sample was α= .89 (.86, .91) for the first assess-
ment. The HSCL-11 was routinely assessed before each
session and the mean scores at sessions 1 to 10 with the attend-
ing therapist were used to model early change. Furthermore,
the first HSCL-11 score was used as a covariate.

Pre-treatment covariates. Pre-treatment variables that were
previously found to be associated with improvement on the
HSCL-1146,47 and for which previous analyses of early
change were adjusted48 were used as covariates. Pre-treatment
covariates included chronicity, prior psychotherapy,
patient-rated treatment expectation, and global functioning.
They were taken from the Compass Tracking System, origin-
ally called the Integra Outpatient Treatment Assessment
System.49,50 This system is an early comprehensive assess-
ment battery used to measure progress in outpatient

psychotherapy. The covariates are also implemented in the
comprehensive feedback and decision-support system cur-
rently routinely employed in the outpatient clinic.47,51 All
four variables were assessed with one item each. Chronicity
(“How long has the problem for which you are presently
seeking treatment been a concern to you?”) was assessed on
a six-point Likert scale from one (“less than a month”) to
six (“more than two years”). Prior psychotherapy (“How
much psychotherapy have you had in the past?”) was assessed
on a six-point Likert scale ranging from one (“none”) to six
(“more than one year”). Treatment expectation (“How confi-
dent are you that psychotherapy will be successful in
helping you with your problems?”) was assessed on a four-
point Likert scale ranging from one (“not at all confident”)
to four (“very confident”). Therapist-rated global functioning
was assessed with the Global Assessment of Functioning
scale (GAF),52 a visual analog scale ranging from 1 (“constant
risk of serious injury to self or others, or persistent inability to
maintain minimal personal hygiene, or serious suicide attempt
with a clear death wish”) to 100 (“excellent performance in a
wide range of activities; difficulties in life never seem to get
out of control; valued by others for a variety of positive qual-
ities; no symptoms”).

Statistical analyses

Identifying latent classes. Following previous studies on
early change in psychotherapy, growth mixture modeling

Figure 1. Movement synchrony, pseudosynchrony, and attunement for one exemplary patient. (A) The black line represents the mean
absolute correlation between movement time-series of patient and therapist (y-axis) for 100 time lags (–5 to+ 5; x-axis in seconds). (B) The
red dashed line represents the average of 50 estimates of pseudosynchrony (mean absolute correlation between patient surrogate
time-series and original therapist time-series; y-axis) for 100 time lags (x-axis). (C) The blue two-sided arrow represents the amount of
attunement (i.e. the range of connected time lags with synchrony exceeding pseudosynchrony around time lag 0).
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(GMM) was applied to measure early treatment change.32,33

Compared to simple difference values or clinically signifi-
cant change criteria, GMM takes the entire course of
change and not only two time points into account.33

Furthermore, it is flexible with regard to the amount of
change and intake functioning. GMM has been shown to
be useful for the identification of early change patterns.21,31

We used the first 10 sessions with the attending therapist
to model early change. Referring to the dose-effect-model
of psychotherapy,53 a logarithmic trend in the data was
assumed. Mean growth curves for latent change classes as
well as individual variations around these means were esti-
mated. Variances were allowed to vary between classes. In
GMM, global symptom distress assessed with the HSCL-11
was regressed on the logarithmized session number.
Regression intercept and slope were calculated and the
patients were grouped into latent classes based on these
two coefficients. The number of classes was defined empir-
ically using the AIC and sample size adjusted BIC as fit
indices, while no class was allowed to consist of less than
five percent of all cases. Furthermore, we compared the
k-class solution with the k–1-class solution using the
Bootstrapped Likelihood Ratio Test (BLRT). Latent class
analyses were conducted with the software environment
Mplus version 8.4,54 while all further analyses were con-
ducted with R version 4.0.1.55

Data preparation for prediction models. For all covariates and
the HSCL-11 at session 10, missingness varied between
0.62% (n= 1; HSCL-11) and 8.07% (n= 13; GAF).
Missing values of all covariates (first HSCL-11, chronicity,
prior psychotherapy, treatment expectation, and GAF) as
well as the HSCL-11 at session 10 with the attending ther-
apist were imputed using the R package missForest version
1.4.56 MissForest provides a nonparametric missing value
imputation based on random forest that is able to handle
mixed-type data for up to 30% missing values.57 To
improve imputation accuracy, movement-based attune-
ment, latent class membership, last HSCL-11, therapist id,
and number of sessions contributed additional information
to the imputation procedure, but were not imputed them-
selves. The imputation was evaluated using the normalized
root mean squared error (NRMSE).57 In the current data,
imputation was successful with an out-of-bag error of
NRMSE= 0.16, which can be interpreted as a good per-
formance of MissForest. After imputation, all predictor
variables (attunement and all covariates) were grand-mean
centered.

Predicting early change. A baseline-category logit model for
multinomial responses with random effects was used to
predict early change by regressing latent change classes
on potential predictor variables. The random effect model
(patients nested within therapists) with a random intercept
and fixed slopes was estimated using the marginal quasi-

likelihood (MQL) technique based on a Solomon-Cox
approximation. MQL is recommended when the marginal
relationships between covariates and outcome are of inter-
est, while the penalized quasi-likelihood method is prefer-
able when estimating random effects that are not the
focus of the analyses.58 The iterative procedure was run
with a positive convergence tolerance of epsilon= 1e–08,
which is the default in several control functions in
R,55,59,60 and a maximum of 200 Fisher Scoring iterations
(the R package’s default of a maximum of 25 iterations
was increased to 200 iterations to ensure convergence).

In a first step, movement-based attunement was exam-
ined as a bivariate predictor for early change (model 1).
To ensure that attunement predicted the change slopes
and not only pre-treatment impairment of latent classes
(intercepts), in a second step, the HSCL-11 at session 1
with the attending therapist was added to the model
(model 2). Finally, to examine the effect of movement-
based attunement on early change beyond pre-treatment
predictors, the analysis was additionally adjusted for the
assessed covariates that predicted HSCL-11 improvement
in previous studies (chronicity, prior psychotherapy, treat-
ment expectation, and GAF; model 3). As multinomial
regression analysis with a non-dichotomous categorical cri-
terion requires a reference category, all other classes are
compared to this reference category only. Therefore, to
compare each class with each other class, three analyses
with different reference categories were conducted and
results were integrated.

To examine the predictions of the model and thus evalu-
ate their applicability and clinical usefulness, the estimated
probabilities of belonging to one of the classes were plotted
as a function of movement-based attunement. This graph-
ical representation was performed for three groups of
patients, namely for patients with an initial impairment
above the sample average (HSCL-11 of 1 SD above the
mean), for patients with an average impairment
(HSCL-11 equal to the sample mean), and for patients
with a below-average impairment (HSCL-11 of 1 SD
below the mean). Multinomial regression analysis was con-
ducted using the R package mclogit59 and probabilities
were plotted using the R package ggplot2.61

Comparing early change classes. For each early change
class, two percentage changes were calculated.
Percentages of change have been shown to be less influ-
enced by initial impairment than other outcomes, e.g. post-
treatment scores, pre-treatment to post-treatment differ-
ences or standardized individual effect sizes.62 First, the
early percentage change was calculated by subtracting
HSCL-11 at session 10 from HSCL-11 at session 1 and div-
iding it by HSCL-11 at session 1 with the attending therap-
ist. Second, the percentage change from pre- to
post-treatment was assessed by dividing the pre-post differ-
ence on the HSCL-11 by the pre-treatment HSCL-11; pre-
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treatment corresponded to session 1 with the attending ther-
apist, while post-treatment corresponded to the last observa-
tion carried forward. Percentage changes until session 10
and until the end of treatment were compared between
classes using linear mixed models (patients nested within
therapists) with a random intercept and fixed slopes regres-
sing percentage change on class membership and all covari-
ates. Since the categorical predictor class membership had
to be dummy-coded, all other classes were compared to
the reference category only. Therefore, again, three ana-
lyses with different reference categories were conducted
and results were integrated. Additionally, treatment length
measured by the number of sessions was regressed on
class membership in a linear mixed model with a random
intercept and fixed slopes. Linear mixed models were con-
ducted using the R packages lme463 and lmerTest.64

Results

Early change classes

Growth mixture modeling revealed one model with the best
fit indices, while no class consisted of less than 5% of all
cases. The fit indices (Loglikelihood, AIC, sample-size
adjusted BIC) improved with each additional latent class.
However, only four classes were identified that included at
least 5% of all patients, while the fifth class consisted of
only two patients (1.24% of all cases). Additionally, the

BLRT showed significant advantages in model fit for up to
four classes, while the model with five classes did not fit
the data significantly better than the model with four
classes (p= .122). Therefore, the best fitting model was the
model that assumed four latent classes. Class 1 included ini-
tially highly impaired patients who did not improve until
session 10 (n= 16). Class 2 was comprised of patients who
were also highly impaired in the first session with the attend-
ing therapist, but who clearly improved during the first 10
sessions (n= 27). Class 3 included moderately impaired
patients who hardly changed (n= 54), while Class 4 was
made up of patients with low impairment who did not
change during the first 10 sessions (n= 64; Figure 2).

Classification probabilities for the most likely latent
class membership ranged from .885 to .938. The classes
did not differ significantly in the average session number
analyzed (Class 1: M= 3.63; Class 2: M= 4.30; Class 3:
M= 4.30; Class 4: M= 4.09; F(3,157)= 0.893, p= .446,
ω²= –.002). Table 2 presents the fit indices, results of the
BLRT, and the number of patients in the smallest class
for GMM solutions with one to five classes.

Predicting early change with movement-based
attunement

Movement-based attunement ranged between 0.4 and
3.3 seconds, with an average of 1.49 seconds. Average

Figure 2. HSCL-11 symptom severity as a function of session for latent classes. Observed values of the HSCL-11 regressed on session in a
growth mixture model (GMM); HSCL-11: Hopkins Symptom Checklist-11; Class 1: high impairment, no change; Class 2: high impairment,
early response; Class 3: moderate impairment; Class 4: low impairment.

Schwartz et al. 7



attunement was 1.13 seconds for Class 1 (high impairment,
no early change), 1.67 seconds for Class 2 (high impair-
ment, early response), 1.44 seconds for Class 3 (moderate
impairment), and 1.54 seconds for Class 4 (low impair-
ment). Distributions of movement-based attunement
across latent change classes are depicted in Figure 3. All
distributions had their mode at roughly 1.2 seconds. Class

2’s distribution appears bimodal; with another peak at
about 2 seconds. Class 1 showed less variance than the
other classes and fewer patients with an attunement above
2 seconds, while variance was greatest in Class 2.

In the bivariate multinomial regression models with
movement-based attunement as a single predictor (model
1), patients in patient-therapist dyads with stronger
movement-based attunement were more likely to belong
to the highly impaired early responders (Class 2; b=
0.249, p= .004), the moderately impaired patients (Class
3; b= 0.180, p= .027), and the low impaired patients
(Class 4; b= 0.196, p= .015) than to the highly impaired
patients who did not change during the first 10 sessions
(Class 1; Figure 2). The likelihood of belonging to
Classes 2, 3 and 4 was not significantly associated with
movement-based attunement (Table 3). The model con-
verged after five Fisher Scoring iterations.

When adjusting for pre-treatment HSCL-11 (model 2),
the model converged after eight iterations. The results
remained stable with significant differences between Class
1 (high impairment, no change) and all other classes, while
the other classes did not differ significantly from each
other (Table 3). Additionally, the inclusion of all remaining
covariates (chronicity, prior psychotherapy, therapist-rated
treatment expectation, and GAF) in the model (model 3)
did not change the results meaningfully; i.e. all significant
effects remained significant. Convergence was achieved
after nine Fisher Scoring iterations. While adjusting for all
covariates, stronger movement-based attunement was asso-
ciated with a higher likelihood to belong to Class 2 (high

Table 2. Fit indices for GMM solutions with different numbers of
classes.

# of
classes LL AIC adj. BIC

BLRT
p-value

min. n
(%)

1 −795.441 1624.882 1623.449 - 161
(100)

2 −783.870 1613.74 1611.801 .013 25
(15.53)

3 −772.296 1602.593 1600.148 < .001 16
(9.94)

4 −760.700 1591.401 1588.45 .013 16
(9.94)

5 −752.108 1586.217 1582.76 .122 2 (1.24)

GMM: Growth Mixture Modeling; #: number; LL: Loglikelihood H0 value; AIC:
Akaike Information Criterion; adj. BIC: sample-size adjusted BIC (n*= (n+
2)/24); BLRT: Bootstrapped Likelihood Ratio Test; min. n: number of patients
in the smallest class.

Figure 3. Distribution of movement-based attunement across latent classes. Attunement was measured in seconds. A: Class 1 (n= 16); B:
Class 2 (n= 27); C: Class 3 (n= 54); D: Class 4 (n= 64).
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impairment, early response; b= 0.313, p= .007), Class 3
(moderate impairment; b= 0.251, p= .033), and Class 4
(low impairment; b= 0.275, p= .043) compared to Class 1
(high impairment, no early improvement). Again, class
membership for Classes 2, 3, and 4 was not significantly
associated with movement-based attunement (Table 3).

For patients with an initial impairment of 1 SD below the
sample mean (i.e. centered HSCL-11=−0.59), the multi-
level multinomial regression model predicted membership
to Class 4 (low impairment; probability > .90), regardless
of movement-based attunement, if average values were
assumed for all covariates (Figure 4). Similarly, for patients
with an average initial impairment (i.e. centered HSCL-11
= 0), the final model predicted membership to Class 3
(moderate impairment). While the probabilities changed
slightly as a function of attunement, Class 3 was by far
the most likely at each level of movement-based attunement
(p > .70). However, for patients with an initial impairment
of 1 SD above the sample mean (i.e. centered HSCL-11=
0.59), the predicted probability of Class 1 (high impair-
ment, no early response) decreased from > .80 (low attune-
ment) to zero (strong attunement) as a function of
movement-based attunement. At the same time, the prob-
ability of Class 2 (high impairment, early response)
increased from < .10 (low attunement) to > .90 (strong
attunement) as a function of movement-based attunement.

Outcomes for latent classes

Early change. Percentage change during the first 10 sessions
was 0.06 on average (SD= 0.26) and ranged from a deteri-
oration of −1.00 to an improvement of 0.57. Patients with
high initial impairment and early response (Class 2)
showed the largest early response with an average change
of 28.96% of pre-treatment impairment. Class 2 had a sig-
nificantly larger percentage change until session 10 com-
pared to Class 1 (high impairment, no change; −7.81%; b
= 0.380, p < .001), and Class 4 (low impairment;
−3.54%; b= 0.196, p= .007), but did not differ signifi-
cantly from Class 3 (moderate impairment; 10.30%; b=
0.112, p= .083). Highly impaired patients from Class 1
also showed significantly less early change compared to
patients from Class 3 (moderate impairment; b=−0.268,
p < .001). All other pairwise comparisons did not reach stat-
istical significance (Table 4).

Treatment outcome. Percentage change until end of treat-
ment was 0.16 on average (SD= 0.27) and ranged from
−1.00 to 0.70. Patients in Class 2 (high impairment and
early response) showed the largest percentage change
until the end of treatment (29.38% of pre-treatment impair-
ment). Their average percentage change was significantly
larger than the percentage change of patients in Class 1
(high impairment, no early change; 8.99%; b= 0.229, p=
.005). However, their outcome did not differ significantly

from the average percentage change in Classes 3 (moderate
impairment; 19.12%; b= 0.070, p= .346) and 4 (low
impairment; 9.75%; b= 0.106, p= .295). Highly impaired
patients with no early change (Class 1) also differed signifi-
cantly from patients with moderate (Class 3; b= 0.299, p <
.001) and low impairment (Class 4; b= 0.334, p= .004). All
other comparisons were not significant (Table 4).

Treatment length. The average number of sessions wasM=
38.94 (SD= 22.39) for Class 1, M= 40.89 (SD= 18.88) for
Class 2,M= 36.39 (SD= 15.24) for Class 3, andM= 36.78
(SD= 16.21) for Class 4. None of the pairwise differences
were statistically significant (all p > .25). Table 5 presents
average movement-based attunement, session number,
early response and outcome for all four classes as well as
for the total sample.

Discussion
The study aimed to investigate movement-based patient–
therapist attunement as a correlate of early change in out-
patient psychotherapy. Attunement refers to the duration
of the present moment shared by two interaction partners
and was measured by the range of the temporal distance
between synchronous movements. Overall, average
movement-based attunement was much shorter than
reported in previous studies. Tschacher et al.25 found an
average attunement of six seconds in healthy same-sex
dyads. Looking at the variance in attunement, the authors
found a large range of 1 to 10 seconds in the cooperative
condition, which should correspond most closely to a thera-
peutic dyad. The sample (healthy adults vs outpatients) as
well as the dyads (same-sex dyads vs same-sex and
mixed patient–therapist dyads) are possible reasons for dis-
crepancies in means. However, in another study, Tschacher
et al.65 also found a comparable duration of 5.7 seconds in
conversing patient–therapist dyads. Another important
influencing factor could be the setting. While the videos
of the present study were recorded under routine conditions
in an everyday therapy room with less conspicuous cameras
mounted in the upper third of the walls, Tschacher et al.’s65
recordings were made in a laboratory setup for the measure-
ment of nonverbal synchrony. Furthermore, as the measure-
ment of movement-based attunement is based on movement
synchrony and there is no agreed upon procedure on how to
measure it in detail, differences measuring and calculating
movement synchrony may have affected the duration of
the attunement measure. For our calculations, we followed
recommendations by Schoenherr et al.42 who empirically
tested different algorithm specifications for the first time.

Using GMM, a class of highly impaired patients who
improved early in treatment was identified (Class 2). This
is in line with previous studies that usually found this
class of early responders.31,32,35 Furthermore, a second
class of patients with high impairment was evident that
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Table 3. Multilevel multinomial regression models predicting class membership.

Model 1 Model 2 Model 3

estimate p-value estimate p-value estimate p-value

Class 1 vs Class 2

Intercept 0.921 .090 2.040 .040 2.047 .047

Attunement 0.249 .004 0.296 .010 0.313 .007

HSCL-11 −1.318 .200 −1.162 .278

Chronicity −0.229 .557

Prior psychotherapy −0.236 .261

Treatment expectation −0.249 .638

GAF −0.013 .765

Class 1 vs Class 3

Intercept 1.634 < .001 4.531 < .001 4.757 < .001

Attunement 0.180 .027 0.257 .028 0.251 .033

HSCL-11 −6.807 < .001 −7.759 < .001

Chronicity 0.024 .954

Prior psychotherapy 0.018 .937

Treatment expectation 0.437 .507

GAF −0.004 .934

Class 1 vs Class 4

Intercept 1.734 < .001 2.832 .007 2.545 .029

Attunement 0.196 .015 0.332 .011 0.275 .043

HSCL-11 −14.797 < .001 −17.260 < .001

Chronicity 0.479 .399

Prior psychotherapy 0.158 .602

Treatment expectation 1.508 .081

GAF 0.052 .462

Class 2 vs Class 3

Intercept 0.798 .011 2.539 < .001 2.936 < .001

(continued)
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did not change during the first 10 sessions (Class 1) as well
as one class with low (Class 4) and one with moderate
initial impairment (Class 3). The results of GMM have so
far not been generalizable across different studies and
early patterns of change vary depending on the sample,66

which is why they must always be considered in their

context. For example, in Koffmann’s66 data the one-class
solution was shown to be the best-fitting. In all other
studies on GMM known to us, however, an early responder
class could be identified.

When predicting early change classes, movement-based
attunement was only able to differentiate between change

Table 3. Continued.

Model 1 Model 2 Model 3

estimate p-value estimate p-value estimate p-value

Attunement −0.050 .237 −0.035 .514 −0.064 .279

HSCL-11 −5.557 < .001 −7.094 < .001

Chronicity 0.336 .304

Prior psychotherapy 0.308 .155

Treatment expectation 0.879 .122

GAF 0.007 .851

Class 2 vs Class 4

Intercept 0.884 .003 0.842 .220 0.724 .396

Attunement −0.034 .403 0.043 .589 −0.036 .691

HSCL-11 −13.536 < .001 −16.555 < .001

Chronicity 0.798 .112

Prior psychotherapy 0.429 .141

Treatment expectation 1.929 .016

GAF 0.066 .302

Class 3 vs Class 4

Intercept 0.151 .559 −1.687 < .001 −2.153 < .001

Attunement 0.036 .353 0.082 .189 0.028 .689

HSCL-11 −8.130 < .001 −9.499 < .001

Chronicity 0.436 .254

Prior psychotherapy 0.141 .466

Treatment expectation 1.110 .052

GAF 0.050 .326

Class 1: high impairment, no improvement; Class 2: high impairment, early improvement; Class 3: moderate impairment; Class 4: low impairment; HSCL-11:
short-form of the Hopkins Symptom Checklist; GAF: Global Assessment of Functioning.

Schwartz et al. 11



patterns of highly impaired patients, while change classes of
patients with low or moderate initial impairment could not
be differentiated. Among initially highly impaired patients,
a stronger movement-based attunement significantly
increased the probability of belonging to the class of early
responders (Class 2) compared to the class of patients
who did not improve during the first 10 sessions (Class 1).

Attunement seems to be particularly important for
patients with high initial impairment, who may be unable
to immediately engage in problem-solving work, but may
profit from the therapist first applying a more motivational
or relational strategy.47,67 In contrast, for less impaired
patients, attunement with the therapist may not be as
important, as they are able to work on the problem directly.
Since therapists show greater differences in effectiveness
with highly impaired patients, whereas therapists do not
differ for patients with low impairment,68 it can also be
assumed that attunement with the therapist plays a greater
role in the treatment of more highly impaired patients.
Change on the HSCL-11 from sessions 1 to 10 was signifi-
cantly less in highly impaired patients without early change
than in early responders and moderately impaired patients,
but not compared to patients with low impairment. This
seems due to the fact that patients with low impairment
also showed no early change, while early responders and
moderately impaired patients both showed meaningful
improvements. This might also be the reason for early

change in early responders not differing significantly from
early change in moderately impaired patients, although
change rates differed descriptively.

Furthermore, patient outcomes in the class with high
impairment and no early change (Class 1) differed from all
other classes when adjusted for initial impairment and cov-
ariates, showing the smallest percentage change until end
of treatment. This indicates that primarily patients at risk of
treatment failure were identifiable via early change patterns.
However, although their treatment outcome did not differ
significantly from low and moderately impaired patients,
early responders showed the largest percentage change
from pre- to post-treatment. Taking these results together,
patients at risk for treatment failure are already identifiable
early in therapy based on initial impairment and movement-
based attunement. Highly impaired patients who are not
attuned to their therapists are unlikely to respond meaning-
fully to treatment, while highly impaired patients whose
dyad shows stronger movement-based attunement are more
likely to respond early in treatment and to achieve meaning-
ful improvement until the end of treatment. Remarkably,
early responders showed the same average amount of
change during the first ten sessions as until the end of treat-
ment. As the average number of sessions did not differ sig-
nificantly between classes, this does not seem due to
shorter therapies among these patients. Instead, they seem
to improve so much early in treatment that there is little

Figure 4. Probability of class membership as a function of attunement for mildly, moderately, and severely impaired patients. Probability
of class membership (Class 1: high impairment, no early change; Class 2: high impairment, early change; Class 3: moderate impairment;
Class 4: low impairment) based on the multilevel multinomial regression model with class 1 as the reference category. All other covariates
were held constant at an average value of 0 (covariates were grand-mean centered). The values of the initial HSCL-11 correspond to an
above-average (–1 standard deviation), average (mean) or below-average level of impairment (+ 1 standard deviation). Attunement was
measured in seconds.
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room for further improvement afterwards. Early responders
are not characterized by further change, but by their ability
to maintain their early improvements over the course of
therapy, which is in line with previous findings.36

Limitations

Some limitations should be considered when interpreting
the results of this study. First, as the analyses were based
on naturalistic data from routine mental health care, other
variables that were not assessed could have influenced the
effect of movement-based attunement and might be alterna-
tive explanations for the association with early change
classes. However, all analyses were adjusted for possibly
confounding variables to improve internal validity.
Variables that were repeatedly shown to be associated
with HSCL-11 improvement (initial HSCL-11, chronicity,
prior psychotherapy, treatment expectation, and GAF)
were used as covariates. Furthermore, multilevel models
accounted for the nested structure of the data.

Second, independent of adjusting for covariates, some
effects were on the borderline of significance. Despite
showing a rather large difference in early percentage
changes, early responders (Class 2; 28.96% early change)
and moderately impaired patients (Class 3; 10.30%) as
well as patients with low impairment (Class 4; −3.54%)
did not differ significantly according to the multilevel
linear models. This may have been due to insufficient stat-
istical power in a sample of N= 161 cases. Furthermore,
there may have been significant variability in the classes
(more variability within than between classes), calling
into question the homogeneity of the classes. However,
the classes found were comparable to those found in previ-
ous studies34 and the clinically most important ones (highly
impaired patients with and without early change) showed
meaningful and statistically significant differences in early
change and in treatment outcome. In general, using a
larger sample size could have helped to also find small
effects, however, this could have also led to small and clin-
ically irrelevant effects reaching significance.

Table 4. Multilevel linear models predicting early response and
treatment outcome.

Early response Outcome

estimate p-value estimate p-value

Model 1 (reference: Class 1)

Intercept −0.157 .033 −0.110 .188

HSCL-11 0.133 .028 0.263 < .001

Chronicity −0.034 .055 −0.045 .025

Prior
psychotherapy

−0.013 .222 −0.014 .259

Treatment
expectation

0.016 .528 0.005 .871

GAF 0.001 .561 −0.000 .990

Class 1 vs Class 2 0.380 < .001 0.229 .005

Class 1 vs Class 3 0.268 < .001 0.299 < .001

Class 1 vs Class 4 0.184 .064 0.334 .004

Model 2 (reference: Class 2)a

Intercept 0.223 < .001 0.118 .081

Class 2 vs Class 3 −0.112 .083 0.070 .346

Class 2 vs Class 4 −0.196 .025 0.106 .295

Model 3 (reference: Class 3)a

Intercept 0.111 < .001 0.188 < .001

Class 3 vs Class 4 −0.084 .112 0.036 .559

Early response refers to percentage change on the HSCL-11 from session 1 to
10 with the attending therapist, outcome refers to the percentage change on
the HSCL-11 from session 1 with the attending therapist to the last available
observation; HSCL-11: short-form of the Hopkins Symptom Checklist; GAF:
Global Assessment of Functioning; Class 1: high impairment, no
improvement; Class 2: high impairment, early improvement; Class 3:
moderate impairment; Class 4: low impairment.
aFor models 2 and 3, estimates and p-values of all covariates (HSCL-11,
chronicity, prior psychotherapy, treatment expectation, and GAF) are not
reported, even though the variables were part of the models, because they
were identical to the values of model 1. Similarly, the pairwise class
comparisons reported in previous models (models 1 and 2, respectively) are
not reported because the results were identical.

Table 5. Total and class means of movement-based attunement,
number of sessions, early response, and outcome

Class Attunement
Number of
sessions

Early
response Outcome

1 1.131 36.78 −0.078 0.090

2 1.674 40.89 0.290 0.294

3 1.443 36.39 0.103 0.191

4 1.541 38.94 −0.035 0.097

total 1.489 37.55 0.061 0.161

Early response refers to percentage change on the HSCL-11 from session 1 to
10, outcome refers to the percentage change on the HSCL-11 from session 1
to the last available observation; Class 1: high impairment, no improvement;
Class 2: high impairment, early response; Class 3: moderate impairment;
Class 4: low impairment.
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Furthermore, in this data set movement-based attune-
ment was only important for about 25% of patients (those
with a high initial impairment) when differentiating
between early improvement and no change. Thus, the find-
ings on the influence of attunement can only be generalized
and applied to highly impaired cases. However, it is critical
to identify such factors, especially for this small subgroup,
as these are the patients who also show poorer treatment
response and outcome. Due to this subsample’s smaller
sample size (n= 43), extreme values may have had a stron-
ger influence and the results might be less reliable overall.
Because the significance tests were based on multinomial
models, each comparing two groups pairwise, and the
effect of interest was statistically significant, the smaller
subgroup is not expected to have a meaningful impact on
statistical power.

Third, movement-based attunement was computed for
one session during the first 10 sessions of therapy.
Analyzing a larger number of sessions could improve the
measurement’s reliability. Likewise, longitudinal develop-
ments in attunement could be observed and their relation-
ship to early change investigated. Previous work on latent
change classes suggests that change patterns vary systemat-
ically with the phase of therapy,69 so our findings cannot be
generalized to later phases. In addition, movement syn-
chrony has been shown to change over the course of treat-
ment.14,23 Therefore, the available data only reflect the early
phase of treatment.

Furthermore, the distribution of the movement-based
attunement measure differed descriptively between latent
change classes. For all classes but Class 1, distributions
were slightly right-skewed with few larger values. Except
for Class 2, all distributions were approximately normally
distributed. In order not to degrade the scale level by a non-
linear transformation of the variables, no transformations
were performed. However, such pre-processing could
potentially affect the results. The distributions fit the find-
ings, with the early response class (Class 2) showing
larger attunement scores compared to the other classes.
The class with severely impaired patients without early
change (Class 1) showed the fewest patients with higher
attunement scores.

Moreover, movement-based attunement has been
studied as a conglomerate in which variances of patient
and therapist are inextricably mixed. Recent research on
movement synchrony has decomposed effects of movement
synchrony into effects between- and within-dyads.70,71

Similarly, a decomposition of effects into their between-
and within-therapist components would be conceivable to
separate the therapist’s influence from that of the
patient.72 Other efforts to better understand synchrony
and its effects have focused on idiographic analyses.73

However, in the present study, data were analyzed at the
group level, as movement time-series were available for
only one session per dyad and the study aimed at grouping

patients into early change classes and examining correlates
of class membership instead of analyzing idiographic
within-patient associations.

Conclusions
Movement-based patient-therapist attunement was shown
to be a correlate of early response among patients with
high initial impairment, with stronger attunement predicting
early response, which was in turn associated with a better
treatment outcome. The automated and resource-conscious
assessment of movement-based attunement can be achieved
using MEA and cross-lagged correlation analysis. In the
future, early change classes as well as a measure of patient-
therapist attunement might be easily incorporated into com-
prehensive feedback and decision-support systems to auto-
matically identify patients at risk for treatment failure.47,51

The only crucial requirement is that the session is video
recorded at a high-quality resolution with one camera per
interaction partner.

One strength of movement-based attunement as a
measure in psychotherapy is that it can be assessed early
in treatment (during the first sessions) and serve as an indi-
cator for prognosis. Beyond prognosis, attunement might
inform differential indication (e.g. patients in dyads with
a low attunement could benefit from a more motivation-
and alliance-focused treatment strategy) and adaptive indi-
cation (e.g. changing strategies based on current attune-
ment). However, to derive any indication from initial
movement-based attunement or its changes over the
course of treatment, further research is needed. In addition
to replicating the findings in larger data, the early response
prediction model needs to be validated in independent
holdout data. Furthermore, the prediction should be
applied to new cases prospectively to examine the effects
of providing therapists with this information on treatment
progress and outcome instead of only examining the associ-
ation in retrospective designs. To foster measurement-based
and data-informed psychological care, therapists could be
provided with information on their attunement with their
patients as well as patients’ pre-treatment impairment to
identify patients at risk for treatment failure (high initial
impairment and low movement-based attunement) or with
a high probability of early response (high initial impairment
and strong movement-based attunement).74

Alongside the evaluation of predictions, it should be
investigated whether patient–therapist attunement can be
actively influenced by the therapist and, if so, learned in
therapist training. Clinical support tools could assist thera-
pists with low movement-based attunement by implement-
ing deliberate practice75 to build behaviors associated with
attunement that increase the likelihood of early change in
patients with high initial impairment. Objective, video-
based assessment and calculation of movement-based
attunement might provide new information for therapists
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that is not available from self-report questionnaires or thera-
pists’ clinical impression and support therapists in their
clinical decision-making.76,77
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