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Abstract

Music therapy is efficacious for the treatment of depression. Compared to other psychotherapeutic
forms, it allows for the emergence of various modes of mutual interaction, thus enabling multiple
channels for emotional expression and fostering therapeutic alliance. Although musical interaction
patterns between client and therapist have been regarded as predictors of therapeutic outcome in
depression, this has not yet been systematically investigated. We aim to address this gap by analyzing
the possible linkage between musical interaction features and changes in depression score. In a
clinical trial, digital piano improvisations from 58 Finnish clients and their therapists were recorded
over 12 sessions of music therapy lasting 6 weeks. Subsequently, a variety of symbolic features
describing pitch, rhythm, duration, and velocity were extracted from the improvisations. We
observed a number of relationships between client—therapist interaction and clinical improvement.
Clients with largest improvements displayed higher overall interaction, particularly more musical
interaction in the middle of the therapy process than in the beginning and end. In contrast, clients
with lower depression change score exhibited overall lower interaction and yielded other temporal
profiles of interaction. The association between clinical improvement and an inverted U-shaped
curve of musical interaction is discussed in the light of process-outcome literature.
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Depression is the first cause of ill health and disability in the world (World Health Organization,
2017). Key symptoms of depression are persistent sadness, anhedonia, and an inability to per-
form daily activities. Retardation of sensory-motor and cognitive processes is apparent in peo-
ple with depression (Shura et al., 201 7). Psychotherapeutic treatment offers a safe environment
in which clients with depression can process painful emotions and are able to put their emo-
tional understanding into action in real-life situations. The establishment of a therapeutic rela-
tionship or alliance has been regarded as a robust predictor of psychotherapeutic treatment
success (Ardito & Rabellino, 2011). Contended components of alliance include interaction and
synchronous dyadic behavior (Koole & Tschacher, 2016).

A critical measure of efficacy in psychotherapeutic treatments is the client’s outcome.
Outcome measures, however, do not suffice to fully characterize the impact of the therapeutic
approach upon treatment success. For instance, it is relevant to understand and measure the
relative contribution of processes—such as the relationship between client and therapist—to
treatment outcomes. Process-outcome research focuses on investigating the relationship
between estimates of what happens during the psychotherapy and the observed clinical effects
(Gelo & Manzo, 2015). It has been shown, for instance, that the emotional clients’ emotional
processing with depression is higher at midpoint than at beginning and end of therapy (Watson
& Bedard, 2006), suggesting an inverted U-shaped pattern, and that clients who improve more
exhibit an overall higher emotional processing than those with less improvement. More gener-
ally, process research studies have reported nonlinear dynamics of change in various psycho-
therapeutic measures (Hayes et al., 2007).

Typically, verbal communication has been the center of focus for psychotherapeutic interac-
tion research. Paralanguage and non-verbal communication have been less studied, although
verbal channels can be challenging for emotional expression. For example, movement syn-
chrony (Ramseyer & Tschacher, 2014) and vocal measures have been linked to treatment suc-
cess for various disorders (Mundt et al., 2012). A growing body of research suggests that
interpersonal synchrony contributes to social functioning. For instance, behavioral (i.e., rhyth-
mic) and physiological synchrony have been observed to yield a unique and independent con-
tribution to group cohesion (Gordon et al., 2020). In psychotherapy, interpersonal synchrony
is currently understood as one of the key factors behind successful therapeutic outcomes. This
is due to converging results from different operationalizations of interpersonal synchrony, for
example, based upon movement patterns, skin conductance, respiration, and heart rate
(Ramseyer & Tschacher, 2014; Seikkula et al., 2015).

Music therapy refers to the use of music in clinical settings as an engaging means to address
therapeutic needs of clients. This form of psychotherapy, which has evidenced efficacy in
depression treatment (Aalbers et al., 201 7; Erkkilé et al., 2011), stimulates non-verbal expres-
sion and allows for the emergence of various modes of mutual interaction. As a form of emo-
tional communication, music characteristically operates at the non-verbal and embodied levels
of interaction (Lesaffre et al., 2017). It has been argued that the embodied interpersonal coor-
dination—mimicry and entrainment—is a key mechanism for how music promotes social con-
nectedness (Hagen & Bryant, 2003; Hari et al., 2013; Hove & Risen, 2009; Kirschner &
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Tomasello, 2010; Sebanzet al., 2006; Tarr et al., 2015). In the context of music psychotherapy,
musical improvisations can facilitate client—therapist interaction; this finding has motivated
the development of computational tools for analysis of interaction in improvisations (Erkkila
etal., 2014).

Although various studies have explored client and/or therapist musical features (Luck et al.,
2006, 2007; Sandak et al., 2019; Snape, 2020; Streeter et al., 2012), literature on client—
therapist musical interaction is scarce (Foubert et al., 2017), especially in the context of depres-
sion treatment. Moreover, content-based analysis of musical improvisations has rarely been
performed in the context of music therapy for depression (Snape, 2020). This is notable, consid-
ering the evidence for the efficacy of music therapy as a treatment for depression. The global
health burden of this non-communicable disease further motivates such an endeavor.

The main objective of this study was to answer the following primary research questions:

1. Towhat extent is the change in depression as a result of a music therapy process predict-
able from musical interaction between client and therapist?

2. What is the pattern of musical interaction of depressed clients throughout the entire
course of therapy and how does it relate to depression change?

Our hypothesis was that musical interaction would follow the inverted U-shaped pattern men-
tioned below, and that this would be clearer for clients with a higher clinical improvement. In
this study, we performed a systematic musical feature analysis for a large dataset that was col-
lected during a randomized controlled trial (RCT) on music therapy for the treatment of depres-
sion in working-age individuals (Erkkila et al., 2008, 2021). The clinical model, which does not
require previous musical skills from clients, is called integrative improvisational music therapy
(IIMT) and is grounded on the creation of free improvisations via digital pianos and djembe
drums. In this model, client and therapist alternate between music making and verbal dialogue.
In IIMT, improvisations are understood both as a symbolic reflection of abstract mental content
and as a means of expression that can help to evoke, for example, emotions and memories. The
integrative aspect of IIMT echoes the integrative psychotherapy tradition, which embraces a
flexible theoretical and methodological orientation (Norcross & Goldfried, 2005).

The aforementioned RCT (Erkkila et al., 2021) studied the effects of music therapy with or
without two enhancers: resonance frequency breathing (RFB) or listening homework (LH). The
key finding of this trial was that the addition of RFB to the music therapy intervention resulted in
enhanced therapeutic outcome for clients with depression. A supplementary research question
that is relevant to further understand the effect of these enhancers concerns the relationship
between their presence and absence, and the musical interaction between client and therapist.
Identifying which musical interaction features can best predict client allocation, that is, under-
standing the possible effects of, for example, RFB presence upon musical interaction, would help
explain what is the contribution of therapy processes to the observed changes in depression.

Methods

This study is based on musical improvisations obtained during a 2 X 2 factorial RCT (Erkkila
et al., 2021) in which all clients received IIMT. The intervention consisted of 12 bi-weekly ses-
sions of music therapy, over a period of 6 weeks. The length of each session was 60 min. Clients
were allocated to one of four groups (IIMT alone, IIMT + LH, IIMT + RFB, andIIMT + LH + RFB).
Factor levels were derived from the presence or absence of LH (LHyes and LHno) and RFB
(RFByes and RFBno).



4 Psychology of Music 00(0)

Figure |. A Sketch of the Clinical Setting of the RCT.

Participants

The RCT was targeted at adults with a primary diagnosis of depression (categories F32 and F33
of the International Classification of Diseases (ICD)-10). Musical skills were not required, but
their presence did not constitute a reason for exclusion. Ethical clearance regarding all proce-
dures involving human subjects/patients was received from the Ethical board of Central Finland
health care district, September 7, 2017, ref.: 17 U/2017. Written informed consent was
obtained from every participant.

The original RCT sample consisted of 70 clients. One of these clients dropped out before the
baseline measurement, so that, it was excluded from our study. After this, we excluded clients
who played piano improvisations in less than six sessions (half of the therapy process). This
resulted in a total of 58 clients who were used as the sample for all the analyses in this study.

Materials

Musical improvisations were created using two identical digital pianos placed opposite to each
other, one for the client, and another one for the therapist (see Figure 1). In addition, both impro-
visers had a djembe drum placed next to the piano. No other musical instruments were used. The
improvisations played during the music therapy trial were systematically recorded and stored in a
computer; digital pianos were recorded both as musical instrument digital interface (MIDI) and
digital audio, whereas djembe drums only as digital audio. Pro Tools sequencer software was used
for recording the improvisations and controlled by the therapist. Due to systematic recording of
the improvisations, it was possible for client and therapist to listen back to any of their past
improvisations. This working method is also an element of the IIMT model.

Added component: RFB. RFB is a safe, easy-to-learn breathing technique derived from heart rate
variability biofeedback (Lehrer & Gevirtz, 2014). It involves slow-paced breathing at the speed
that maximizes heart rate variability, called the resonance frequency. This optimal speed is
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located around six breaths per minute in the adult population, and its exact individual value
needs to be determined through a breathing assessment (Shaffer & Meehan, 2020). Generally
speaking, slow-paced breathing methods can promptly shift the autonomic nervous system of
individuals toward parasympathetic dominance, thus reducing stress and anxiety (Zaccaro
et al., 2018). It has been shown that RFB can be used as a stand-alone intervention to treat a
whole range of physical and psychological issues (Lehrer et al., 2020), including depression
(Lin et al., 2019). The novelty of our approach was to integrate RFB into IIMT, to enhance the
latter. During the music therapy trial (Erkkild et al., 2021), RFByes clients performed this
breathing technique for 10 min at the beginning of each session, while following visual breath-
ing cues provided by a tablet computer.

Added component: LH. Clients within the LH condition (LHyes) were given the possibility to listen
back at home to recordings of the improvisations that they created during the sessions, since
these were automatically transferred to their computers and could be accessed via a dedicated
music player. Clients were able to listen whenever and as many times as they wished through-
out the therapy process, while therapists were advised to discuss the listening experiences in the
therapy sessions. This procedure was inspired by findings suggesting that homework compli-
ance during psychotherapy is beneficial in depression (Kazantzis et al., 2010) and was meant to
encourage clients to bring back and further process therapeutic themes (e.g., emotions, images)
that were related to the improvisations.

Measures

Outcome measures. A set of outcome measures was collected during recruitment (baseline),
6 weeks after beginning the intervention (post-intervention), and 6 months after beginning the
intervention (follow-up). The Montgomery—Asberg Depression Rating Scale (MADRS) (Mont-
gomery & Asberg, 1979) was used to assess depression severity. The anxiety subscale (HADS-A)
of the Hospital Anxiety and Depression Scale (HADS) (Aro et al., 2004 ) was utilized to assess anxi-
ety. RAND-36 (Aalto et al., 1999), a quality of life survey, was aggregated into its two summary
scales, representing a mental component (RAND-36 MCS) and physical component (RAND-36
PCS). The Global Assessment of Functioning (GAF) scale (Jones et al., 199 5) was utilized to assess
how mental health symptoms affected clients’ daily life and general functioning. Based on the
direction of the change in these scales, client improvement can be characterized by a decrease in
MADRS and HADS and by an increase in RAND-36 MCS, RAND-36 PCS, and GAF. In other
words, better therapeutic outcomes would be associated with positive change scores for MADRS
and HADS and negative change scores for RAND-36 MCS, RAND-36 PCS, and GAF.

Musical features. A total of 31 symbolic musical features were extracted from the MIDI improvi-
sations (see Musical features for a description of the procedure and 2.1 and 2.2 in Supplemen-
tary Materials online for a description of extracted features). The analyses presented in this
article therefore only address piano improvisations, that is, not those on djembes. An algorith-
mic feature selection procedure, explained below, was used to select the two most relevant fea-
tures for subsequent analyses.

Analysis procedure

Treatment efficacy analysis. To facilitate interpretation of results for this specific sample of clients,
a treatment efficacy analysis was conducted through repeated-measures linear mixed-effects
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models (Twisk et al., 2018), following the approach described in the aforementioned RCT (Erk-
kild et al., 2021).

Musical data preprocessing and feature extraction. Musical improvisations were imported from Pro
Tools session files to MIDI using a parser!. Subsequently, they were manually checked for cor-
rectness and completeness. Next, all MIDI files were imported into MATLAB as note matrices
using MIDI Toolbox (Eerola & Toiviainen, 2004) to perform musical feature extraction.
Although our main goal was to focus on dyadic interaction, we extracted both individual, that
is, client features (n=16), and client—therapist interaction features (n=15) describing statisti-
cal properties regarding pitch, duration, and loudness. This was done to find out what feature
types (individual or dyadic) would yield higher relevance according to an automatic selection
procedure (explained below). For each client, the first recording of each therapy session was
chosen unless the client had played less than 10 notes or for under 60 s; this was done to ignore
too short and possibly interrupted improvisations. In that case, the next available recording
that would comply with this criteria was used for analysis. If none of the recordings were suit-
able, the session was labeled as missing data. In addition, there were three sessions (1, 6, and
12) in which the first recording of the session was not a free improvisation, but a structured
one; these data have been collected for a different study. Hence, in these cases, the second
recording (or the next suitable recording according to aforementioned criteria) was chosen
instead.

Optimal feature subset selection. Feature values were mean averaged across the 12 therapy ses-
sions. Subsequently, a data-driven model selection approach based on logistic regression (Cen-
kerova et al., 2018) was applied to further focus on a smaller subset of MIDI features. The aim
was to classify the factor levels of the clients (LHno/LHyes and RFBno/RFByes) based on musi-
cal features. Due to the relatively small sample size (58 clients) for this kind of approach, only
subsets with a size of two features were considered. Two binary classifications were performed,
using a decision threshold of 0.5, for each possible combination of features: one classified cli-
ents as RFBno/RFByes, whereas the other one classified them as LHno/LHyes. Standard perfor-
mance measures were computed to examine the classification results and a set of selection
criteria were applied to choose an optimal model (see 2.3.1 in Supplementary Materials online).
Subsequently, a 10-k, 10-fold cross-validation logistic regression was performed for the optimal
model to obtain a more realistic estimate of model performance.

Differences between factor levels based on musical features. Two-sample t-tests were computed to
find whether each of the selected musical features could be used to separate these grouping
variables. Mean feature values across sessions were used to investigate to what extent each
feature could discriminate clients based on their group membership.

To find out whether the degree of musical interaction followed a U-shape or an inverted
U-shape over time, two nonlinear models of musical interaction were computed for each client,
one for each of the selected musical interaction features (see 2.3.2 in Supplementary Materials
online for a detailed description). Standardized second-degree polynomial (quadratic) coeffi-
cients were computed by modeling interaction feature values as a function of session number.
Since our models of musical interaction described dissimilarity between dyad members, here a
positive quadratic coefficient is associated with an inverted U-shaped interaction curve, whereas
a negative one relates to a U-shaped interaction curve.

Subsequently, we investigated possible differences between factor levels with respect to tem-
poral patterns of musical interaction among sessions. Independent samples t-tests were
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conducted to assess the separability between factor levels based on the aforementioned stand-
ardized quadratic coefficients that were obtained for each client.

Mixed-effects modeling of musical interaction. To further investigate the assumption of an inverted
U-shaped curve of musical interaction, linear and quadratic mixed-effects models of musical
interaction as a function of time were compared using model selection techniques (log likeli-
hood, Akaike information criterion [AIC], and Bayesian information criterion [BIC]). For these
models, a random intercept was included to adjust for differences between clients in musical
interaction at baseline—which would, in turn, correspond to differences in depression. Five
linear models and five quadratic models were computed for each of the two musical features:
one per factor level (RFBno, RFByes, LHno, and LHyes) plus a model including the total sample
of clients.

Musical features as predictors of outcome change scores. Next, possible relationships between client
improvement and musical features were investigated using the whole sample of participants.
Mean feature values across sessions were correlated with change scores of the outcome meas-
ures (level of depression and secondary outcomes). We also assessed whether the quadratic
models of musical interaction were associated with their clinical improvement. To this end, we
computed correlations between standardized quadratic coefficients from fitted polynomials and
change score of outcome measures.

Results

The following section presents results regarding clinical characteristics of the sample of clients,
selection of optimal features for further analysis, associations between client improvement and
musical interaction features, and relationships between musical interaction features and client
allocation into factor levels.

Sample demographic characteristics and treatment efficacy

Both sample demographics (Table 1 in Supplementary Materials online) and treatment efficacy
analyses (Tables 2 and 3 in Supplementary Materials online) of the selected 58 clients were
similar to previously reported results for the full sample of 70 clients (Erkkild et al., 2021). The
RFB factor yielded significant overall effect of treatment for all outcomes (favoring RFByes),
whereas LH did not reach significant treatment effects. These results corresponded with the
mean change scores of the outcome measures (see Table 8 in Supplementary Materials online).

Selection of optimal musical features via logistic regression

A set of two musical interaction features that would best predict client allocation was identified
using an exhaustive combinatorial search (see 2.3.3 in Supplementary Materials online for a
detailed description): rhythmic complexity dissimilarity, which refers to the absolute difference
between client and therapist in entropy of note duration distribution, and beat clarity dissimilar-
ity, which describes the absolute difference between client and therapist in maximum of note
onset autocorrelation at lags greater than zero (see 2.3.4 in Supplementary Materials online
for examples of musical improvisations with low and high values for this feature). Since these
features describe differences between the playing of client and therapist, lower feature values
would be associated with higher client-therapist interaction.
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Table 1. Correlation Between Change Score of Outcome Measures and Mean Musical Interaction
Features Across Sessions for Total Sample of Clients.

MADRS  HADS  RAND36 MCS RAND36 PCS GAF

Rhythmic complexity dissimilarity -.29*% -.21 -.17 .19 .25%
Beat clarity dissimilarity —.28%* -.22 21 27* 22

Note: Pearson’s correlation coefficient. N=58. *p <.05 (one-tailed).

Table 2. Correlation, for Total Sample of Clients, Between Change Scores of Outcome Measures and
Quadratic Models of Musical Interaction.

MADRS HADS  RAND36 MCS RAND36 PCS GAF

Rhythmic complexity dissimilarity ~— —.03 .18 -.09 -11 .14
Beat clarity dissimilarity 32 .25% —.40%** —.33%* -.25%

Note: Pearson’s correlation coefficient. N=58. *p <.05; **p <.0l; **p <.001. p-values are one-tailed.

Relationship between client improvement and musical features

Next, we tested the hypothesis that clients with higher musical interaction throughout the
music therapy process would clinically improve more. Table 1 shows the correlation between
change scores and mean musical interaction features across sessions for all clients. Correlation
coefficient magnitudes were weak, but the direction of most of the coefficients—all except for
RAND36 PCS versus rhythmic complexity dissimilarity—suggests a positive relationship
between client improvement and musical interaction. Correlations reached statistical signifi-
cance for MADRS with both features, for RAND36 PCS with beat clarity dissimilarity, and for
GAF with rhythmic complexity dissimilarity.

Relationship between client improvement and quadratic models of musical interaction. We further
investigated the possible relationship between client improvement and the aforementioned
polynomial coefficients, which represented the session-to-session musical interaction profiles
as an upward- or downward-facing parabola (see Table 14 in Supplementary Materials online
for a similar exploration through a linear model of musical interaction). Our hypothesis was
that higher client improvement would be associated with an inverted U-shape of musical
interaction and vice versa. Correlation coefficients between change scores and standardized
quadratic coefficients of interaction features are presented in Table 2. The direction of most
correlations indicates a positive relationship between client improvement and standardized
quadratic coefficients. Only two correlations, namely rhythmic complexity dissimilarity ver-
sus MADRS and rhythmic complexity dissimilarity versus RAND36 PCS did not follow the
expected direction. Beat clarity dissimilarity exhibited statistically significant correlations for
all outcome measures.

Relationship between musical features and client allocation

Classification performance based on the selected musical features. A first step to understand whether
the musical feature values would allow to separate clients into groups were the performance
estimates obtained from the feature selection procedure. Regarding the chosen model, we
found that both the correlation between rhythmic complexity dissimilarity and beat
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Table 3. Performance Measures for Binary Classification into Factor Levels Based on Optimal Musical
Features.

Precision Recall F-measure Accuracy TP TN FP FN
RFB .64 .83 72 .67 25 14 14 5
LH .54 .70 .61 .53 21 10 18 9

Note. Optimal musical features: rhythmic complexity dissimilarity and beat clarity dissimilarity. RFB factor levels: RFBno/
RFByes. LH factor levels: LHno/LHyes. RFB: resonance frequency breathing; LH: listening homework; TP: true positives;
TN: true negatives; FP: false positives; FN: false negatives.

Table 4. Two-Sample t-Tests Between Factor Levels for Interaction Musical Features.

RFBno/RFByes LHno/LHyes
t df t df
Rhythmic complexity dissimilarity 2.75%* 56 0.07 56
Beat clarity dissimilarity 2.82%* 56 1.17 56

Note. *%p <.01.

clarity dissimilarity and their variance inflation factor (VIF) were insufficient for assuming
model collinearity, r=.53, VIF=1.38. Absolute standardized beta coefficients did not exceed
one either for RFB (rhythmic complexity dissimilarity 8 =—0.61; beat clarity dissimilarity
B=-0.80) or for LH (rhythmic complexity dissimilarity 8=0.21; beat clarity dissimilarity
B=-0.45). According to the direction of these coefficients, the RFByes group exhibited higher
musical interaction than the RFBno group; results for LH were more ambiguous but the direc-
tion of the strongest predictor (beat clarity dissimilarity) suggests higher musical interaction in
the LHyes group compared to the LHno group.

The obtained classification performance measures for each factor are shown in Table 3.
According to these metrics, the classification performance based on musical interaction was
higher for RFB than for LH, meaning that RFByes and RFBno groups differ more in terms of
musical interaction than LHyes and LHno.

A 10-k, 10-fold cross-validation logistic regression was performed with the selected features
to obtain a more generalizable performance estimate. The mean F-measure across runs of the
mean across folds was .68 (SD=0.04) for REBno/RFByes classification and .53 (SD=0.05) for
LHno/LHyes classification, again indicating higher performance for RFB than for LH.

Feature-based discrimination ability between factor levels. Next, we estimated the ability of each of
the two selected musical interaction features to separate “Yes” from “No” groups. Compared to
the aforementioned classification procedure, which focused on the yes/no separability through
a linear combination of musical interaction features, this analysis investigated the stand-alone
potential of each feature. Two-sample t-tests, shown in Table 4, were conducted to estimate the
separation ability between factor levels based on each musical feature. For both features, RFByes
yielded significantly lower feature values (i.e., more musical interaction) than RFBno. The com-
parisons for LH did not reach statistical significance.

T-tests comparing the standardized quadratic coefficient of a second-degree polynomial fit. Following
our hypothesis that clients with better therapeutic outcomes would follow a clearer inverted
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Table 5. Two-Sample t-Tests Between Factor Levels on Quadratic Models of Musical Interaction.

RFBno/RFByes LHno/LHyes
t df t df
Rhythmic complexity dissimilarity -0.90 56 0.84 56
Beat clarity dissimilarity -1.19 56 -0.23 56

U-shaped musical interaction pattern, we fitted a vertical parabola over the session-to-session
musical interaction profile of each client (see Table 6 in Supplementary Materials online for a
similar analysis based on a linear model of musical interaction). The musical interaction profile
of each client was then described via the narrowness of the parabola and the direction of its
opening: clients with better therapeutic outcome, such as those in the RFByes group, were
expected to display a musical interaction parabola opening downward and vice versa. Table 5
shows one-tailed two-sample t-tests comparing factor levels based on standardized quadratic
coefficients of the fitted polynomials for each interaction feature. The results did not reach sig-
nificance, but RFB yielded larger t-statistic magnitudes and a trend toward higher coefficients
for RFByes (RFBno x =—0.03, RFByes x =0.10). Positive standardized quadratic coefficients
mean that musical interaction increased at the midpoint and decreased at the beginning and
end of therapy, that is, an inverted U-shaped curve of musical interaction.

Linear and quadratic mixed-effects estimation. As a further exploration of the assumption of an
inverted U-shaped curve of musical interaction, a comparison between linear and quadratic
mixed-effects models of musical interaction as a function of time was performed. From the five
linear models and five quadratic models that were computed for each of the two musical fea-
tures, only the five quadratic models were found to be optimal with respect to log likelihood and
mean squared error. This was to be expected due to the increased complexity of these models.
However, quadratic RFByes models (illustrated in Figures 2 and 3) yielded optimal results for
two model selection methods that penalize for the number of model parameters, namely, AIC
and BIC. Regarding the characteristics of the RFByes group—relatively higher initial depres-
sion and highly positive outcome—it could be speculated that inverted U-shaped curves are
more salient for clients with higher depression who significantly improved throughout the
therapy process.

Discussion

This study is a follow-up to an RCT of music therapy for the treatment of depression. Its focus
was to investigate the role of musical interaction in improvisations between client and therapist
throughout a therapy process upon client improvement and differentiation between client allo-
cation. To that end, we focused on both global estimates of musical interaction across the ther-
apy process and on nonlinear—that is, quadratic—change across therapy sessions in musical
interaction. Our main finding is that musical interaction seems to be associated with clinical
improvement; in particular, we found that quadratic models of musical interaction could be
used to predict clinical improvement. Our results obtained through standardized quadratic
coefficients derived from musical improvisation descriptors show that clients whose pattern of
musical interaction more clearly resembled an inverted U-shape profile (i.e., those who achieved
more musical interaction in the middle of the therapy process than in the beginning and end)
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Figure 2. Distribution, for Each Session, of Rhythmic Complexity Dissimilarity Across Sessions for
RFByes. Means Are Shown With Circle Markers and Medians as Red Segments. A Random Intercept
Quadratic Mixed-Effects Estimation Is Plotted Through the Data; Each Curve Corresponds to a Different
Client.

were those who improved the most, compared to clients with other profiles (e.g., flat or
U-shaped). Another relevant finding was that clients with a higher clinical improvement tended
to display more musical interaction throughout the therapy process. In a nutshell, our findings
showed that clients with larger change scores (i.e., with a higher difference in level of depres-
sion between beginning and end of therapy), tended to exhibit higher musical interaction and
to follow an inverted U-shaped curve of musical interaction, whereas other clients exhibited
lower interaction and yielded other profiles. In the same vein, conditions exhibiting significant
differences with respect to treatment effects, such as RFByes and RFBno, could also be sepa-
rated based on their musical interaction: RFByes clients, who showed a significantly higher
decrease in MADRS than RFBno clients, exhibited significantly higher musical interaction than
RFBno. On a more general note, global estimates of interaction across sessions and quadratic
models of musical interaction seemed to be satisfactory predictors of client outcome.

Musical interaction was investigated in this study via two musical interaction features. The
first feature, rhythmic complexity dissimilarity, roughly describes whether therapist and client
exhibit differences in their playing with respect to the distributions of note durations in their
improvisations; for instance, this feature would yield a high value if one of the dyad members
tended to played notes with equal duration (low note duration distribution entropy), whereas
the other dyad member played using a large variety of note durations (high note duration dis-
tribution entropy). The second feature, beat clarity dissimilarity, describes whether both client
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Figure 3. Distribution, for Each Session, of Beat Clarity Dissimilarity Across Sessions for RFByes. A
Random Intercept Quadratic Mixed-Effects Estimation Is Plotted Through the Data.

and therapist exhibit different levels of adherence to a metrical level, regardless of whether they
follow the same metrical level. For instance, the feature would yield high values if the note
onsets played by one dyad member were rather regular, for example, occurring every half a beat
(high maximal onset autocorrelation), whereas the other dyad member tended to play more
irregularly (low maximal onset autocorrelation).

Our main goal was to investigate possible correlates between client improvement and musi-
cal interaction. In this respect, both musical interaction averages across sessions and nonlinear
models of session-to-session musical interaction profiles showed results that are in line with
our hypotheses. Table 1 indicates a positive relationship between mean musical interaction
across sessions and client improvement, suggesting that clients who benefited more from the
therapy also interacted more with their therapist and vice versa. Table 2 further shows that
clients following a more inverted U-shaped pattern of musical interaction exhibited higher clin-
ical improvement. In both tables, most correlations followed the expected direction. Notably, all
outcome measures exhibited significant correlations with quadratic models of beat clarity dis-
similarity, which was the most consistent of the two musical interaction features analyzed.
Although the majority of the correlations in Tables 1 and 2 did not reach statistical signifi-
cance, it is worth noting that MADRS, one of the most frequently used and validated instru-
ments in depression research, yielded significant results for most comparisons. In addition,
MADRS has the highest mean correlation with other outcome measures (Table 13 in
Supplementary Materials online), suggesting that other scales could help to reach a more com-
prehensive profile of the clients but might not necessarily evaluate characteristics that are



Hartmann et al. 13

intrinsic to depression. To give an example, according to the GAF scale, there were no signifi-
canttreatment effects post-intervention, neither for RFB nor for LH (see Table 2 in Supplementary
Materials online); in this vein, scoring difficulties with this scale have been previously reported
(Aas et al., 2018). Future work might shed light on the relationship between different modali-
ties of client—therapist interaction dynamics and clinical improvement in psychosocial dimen-
sions that are common to depression, such as social functioning and anxiety.

The selection of these two musical interaction features was based on their performance for
binary classification between levels for two participant grouping variables in an RCT—RFB and
LH. Our approach showed that client—therapist interaction musical features seem to be more
relevant than client features for discriminating clients with higher improvement (RFByes) from
those with lower improvement (RFBno). Comparing these two musical interaction features, we
found that beat clarity dissimilarity yielded higher separability between RFB and LH levels and
higher correlations with client improvement than rhythmic complexity dissimilarity. Indeed,
only one of the features—beat clarity dissimilarity—seemed to yield consistent results in our
analyses. Our findings thus underscore that similarities in beat salience between client and
therapist could be used to predict therapeutic improvement.

Other interesting relationships between treatment efficacy results and musical interaction
were observed. Treatment efficacy results revealed (Tables 2 and 3 in Supplementary Materials
online) significant treatment effects for RFB but not for LH, and generally more favorable out-
comes for “Yes” conditions than for “No” conditions. This pattern of results resembles the out-
come of our feature selection procedure. First, the RFB classification (cross-validation
F-measure =.68) was rather accurate and the contribution of the extracted musical interaction
features was easy tointerpret; in contrast, the LH classification (cross-validation F-measure =.53)
led to a less accurate and more complex model with regards to interpretability. Second, beat clar-
ity dissimilarity, the coefficient with largest magnitude for both RFB and LH, described higher
musical interaction for “Yes” than for “No” levels, both in the case of RFB and LH.

Our results regarding feature-based discrimination ability based on two-sample t-tests also
show this relationship between treatment efficacy results and differences in musical interaction
between groups characterized by clearly different therapeutic outcomes. As shown in Table 4,
mean musical interaction across sessions can function as a distinguishing feature, at least for
distinguishing RFByes from RFBno clients. Indeed, RFByes clients exhibited significantly higher
mean musical interaction than RFBno for both features. Along the same lines as the results
from the treatment efficacy analysis (see Section 1 in Supplementary Materials online), mean
interaction values tended to be higher in LHyes than LHno, but these differences did not reach
statistical significance. These results suggest that clients allocated to groups that yielded higher
clinical improvement also displayed higher musical interaction.

While the aforementioned results are based on musical interaction averages across sessions,
comparable findings were obtained via both nonlinear and linear modeling of session-to-ses-
sion musical interaction profiles. Based on nonlinear modeling of beat clarity dissimilarity pro-
files, RFByes and LHyes tend to follow an inverted U-shaped curve of musical interaction,
whereas for LHno and RFBno, the pattern of musical interaction tends to be flatter or to follow
a mildly U-shaped curve (Table 5; Table 5 in Supplementary Materials online). Linear modeling
of beat clarity dissimilarity profiles (Table 6 in Supplementary Materials online) further sug-
gests that the RFByes group exhibits a clearer decrease in musical interaction over time than
RFBno. According to these findings, inverted U-shaped curves with a salient decrease in musi-
cal interaction (see Figure 1 in Supplementary Materials online, where the average musical
interaction peak occurs before the middle of the therapy process) are associated with better
therapeutic outcomes. Despite the mean increase in interaction across clients between sessions
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1 and 4, RFByes seems to be better characterized by a linear decrease from that session onwards.
RFBno, in turn, exhibited a flatter profile of mean interaction across clients. It might be specu-
lated, in this respect, that clients with better therapeutic outcomes started relatively early to
rely less on therapist cues and carve their independent paths in the musical improvisations.

One of the limitations of this study is that the selected features are rough descriptors of musical
interaction. Indeed, the extracted musical interaction features could be better labeled as descriptors
of global similarity between client and therapist. On the other hand, it is valid to assume that musi-
cal similarity between client and therapist can serve as a measure of musical interaction between
them. Future work could focus on implementation of local interaction descriptors that would
allow for a dynamic quantification of musical synchrony between client and therapist.

Related to this, it is interesting to note that, from our initial set of 31 client and interaction
features, only interaction features were selected through the model selection approach. This
has facilitated our interpretation of the results: while the study of relationships between indi-
vidual client features and clinical improvement has a clear exploratory nature—it is difficult to
establish hypotheses regarding what types of musical features would be associated with clinical
improvement—the study of musical interaction is motivated by a considerable amount of work
that posits a connection between therapeutic alliance and clinical improvement.

Implications for clinical practice

Computational analysis of clinical improvisations is still a marginal field in music therapy
research. This is mainly because there is a lack of clarity regarding what aspects of improvisa-
tions should be targeted (Erkkild, 2007). The current challenge is to ascertain whether or not
musical behaviors reflect aspects of pathology or improvement. In other words, musical behav-
ior as such, or changes in it in the course of time, cannot be easily connected to a specific
pathology or to other types of outcomes due to individual and situational differences as well as
to the multidimensional nature of music. Recent research, however, is gradually diminishing
this confusion, as are large-scale studies where various correlations between different data
sources can be made. In the context of psychiatric music therapy, aspects of interaction derived
from computational musical analysis seem to become a potential source of information, while
allowing for connections to the idea of recovery. Recently, it has been shown that borderline
personality disorder (BPD) patients’ musical improvisations deviate from normal controls with
respect to temporal interpersonal synchrony in free improvisation (Foubert et al., 2017). The
current study, now in the context of depression, emphasizes interactive aspects of clinical
improvisation as the key change factors.

Throughout the sessions, an intersubjective field of playing will be developed, which starts
from a subtle and fine-tuned attunement of the therapist during music therapy improvisations
(Erkkila et al., 2012). This way of intervention creates a “sensing of each person’s ways of
being with others” (The Boston Change Processes Study Group [TBCPSG], 2010, p. 63), which
becomes more complex and articulated with repeated sessions and thus repeated patient—ther-
apist encounters. An articulated sensing leads to the emergence of more coherent and adaptive
forms of interaction (TBCPSG, 2010). This results in the emergence of more coherent fittedness
in the system (Sander, 1997), a tendency that our findings also show.

An increase of interaction could be hypothesized as an intensification of creative “now
moments” that are contained in “moments of meeting” (TBCPSG, 2010). Such present
moments support the development of interpersonal trust and recognition in clinical improvisa-
tions (Foubert et al., 2021), and are considered as a condition for the emergence of an “open
space,” that is, a new, still unknown intersubjective field that opens the possibility for change in
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the therapeutic process (TBCPSG, 2010). Here, therapist and patient disengage from their spe-
cific meeting and can be alone, in the presence of the other. It would be interesting to study this
hypothesis in relation to the decrease and quality of interactions in the final sessions as found
in the findings of our study.

Our results, which suggest that clinical improvisations seem to be more interactive in the
middle of music therapy than at its ends, resemble earlier psychotherapeutic findings in which
emotional processing of clients tended to be higher in the middle of the therapy process than at
the beginning and end of it (Watson & Bedard, 2006). This inverted U-shape phenomenon is
typical for clients with relatively high depression scores at the beginning of therapy who bene-
fited most from the therapy (Hayes et al., 2007). Interestingly, we also found that the inverted
U-shape phenomenon concerning the amount of interaction in clinical improvisations was
often observed for clients with higher depression scores at the beginning and who clearly ben-
efited from music therapy. A possible conclusion is that interaction intensive clinical improvisa-
tions are indicators of increased emotional processing and that therefore by carefully analyzing
the development of interaction in clinical improvisations, a music therapy clinician gets a valu-
able, intervention specific tool for assessment of clinical music therapy.

Acknowledgements

The authors would like to thank Inga Pontio for the psychiatric assessments, Markku Péyhonen for his
constant support in administrative, practical, and logistical matters, Mikko Leimu for setting up the music
recording platform, and Emily Carlson for her proofreading and comments on the manuscript.

Author contributions

Martin Hartmann: Conceptualization, Methodology, Software, Formal analysis, Investigation, Writing,
Visualization.

Anastasios Mavrolampados: Methodology, Investigation, Software, Writing — Review & Editing.
Petri Toiviainen: Conceptualization, Methodology, Investigation, Writing — Review & Editing.
Suvi Saarikallio: Conceptualization, Methodology, Investigation, Writing.

Katrien Foubert: Conceptualization, Writing.

Olivier Brabant: Investigation, Writing — Review & Editing.

Nerdinga Snape: Investigation, Writing — Review & Editing.

Esa Ala-Ruona: Investigation, Writing — Review & Editing.

Christian Gold: Methodology, Writing — Review & Editing.

Jaakko Erkkili: Conceptualization, Methodology, Investigation, Writing, Supervision.

Data availability

The authors are fully committed to make raw data and associated protocols (e.g., code used for feature
extraction and data analysis) supporting the conclusions of this article promptly available to readers with-
out undue qualifications.

Declaration of conflicting interests

The author(s) declared no potential conflicts of interest with respect to the research, authorship, and/or
publication of this article.

Funding

The author(s) disclosed receipt of the following financial support for the research, authorship, and/or
publication of this article: This work was supported by the Academy of Finland (Project Numbers:
298678,314651,316912,332331, and 346210).



16 Psychology of Music 00(0)

ORCID iDs

Martin Hartmann (/2 https://orcid.org/0000-0002-2897-0610
Petri Toiviainen /2 https://orcid.org/0000-0001-6962-2957
Suvi Saarikallio ©/27 https://orcid.org/0000-0002-4647-8048
Katrien Foubert 2 https://orcid.org/0000-0003-4688-6620

Supplemental material

Supplemental material for this article is available online.

Note
1. ptformat (https://github.com/zamaudio/ptformat)

References

Aalbers, S., Fusar-Poli, L., Freeman, R. E., Spreen, M., Ket, J. C., Vink, A. C., Maratos, A., Crawford, M.,
Chen, X., & Gold, C. (2017). Music therapy for depression. Cochrane Database of Systematic Reviews,
2017(11), Article CDO04517.

Aalto, A., Aro, A. R., & Teperi, J. (1999). RAND-36 as a measure of health-related quality of life. Stakes
Studies, 101.

Aas, I. H., Sonesson, O., & Torp, S. (2018). A qualitative study of clinicians experience with rating of the
global assessment of functioning (GAF) scale. Community Mental Health Journal, 54(1), 107-116.

Ardito, R. B., & Rabellino, D. (2011). Therapeutic alliance and outcome of psychotherapy: Historical
excursus, measurements, and prospects for research. Frontiers in Psychology, 2, Article 270.

Aro, P., Ronkainen, J., Storskrubb, T., Bolling-Sternevald, E., Sviardsudd, K., Talley, N. J., Junghard, O.,
Johansson, S., Wiklund, I., & Agréus, L. (2004). Validation of the translation and cross-cultural
adaptation into Finnish of the Abdominal Symptom Questionnaire, the Hospital Anxiety and
Depression Scale and the Complaint Score Questionnaire. Scandinavian Journal of Gastroenterology,
39(12), 1201-1208.

Cenkerova, Z., Hartmann, M., & Toiviainen, P. (2018). Crossing phrase boundaries in music. In A.
Georgaki & A. Andreopoulou (Eds.), Proceedings of the 15th Sound and Music Computing Conference
2018 (pp. 1-6). Limassol, Cyprus.

Eerola, T., & Toiviainen, P. (2004). MIDI toolbox: MATLAB tools for music research. University of Jyvaskyla.

Erkkild, J. (2007). Music Therapy Toolbox (MTTB): An improvisation analysis tool for clinicians and
researchers. In T. Wosch & T. Wigram (Eds.), Microanalysis in music therapy (pp. 134-148). Jessica
Kingsley.

Erkkild, J., Ala-Ruona, E., & Lartillot, O. (2014). Technology and clinical improvisation—From produc-
tion and playback to analysis and interpretation. In K. A. Stensaeth (Ed.), Music, health, technology and
design (pp. 209-225). Norwegian Academy of Music.

Erkkild, J., Ala-Ruona, E., Punkanen, M., & Fachner, J. (2012). Creativity in improvisational, psycho-
dynamic music therapy. In D. Hargreaves, D. Miell & R. MacDonald (Eds.), Musical imaginations:
Multidisciplinary perspectives on creativity, performance and perception (pp. 414—428). Oxford University
Press.

Erkkild, J., Brabant, O., Hartmann, M., Mavrolampados, A., Ala-Ruona, E., Snape, N., Saarikallio, S., &
Gold, C. (2021). Music therapy for depression enhanced with listening homework and slow paced
breathing: A randomised controlled trial. Frontiers in Psychology, 12, Article 613821. https://doi.
org/10.3389/fpsyg.2021.613821

Erkkild, J., Gold, C., Fachner, J., Ala-Ruona, E., Punkanen, M., & Vanhala, M. (2008). The effect of impro-
visational music therapy on the treatment of depression: Protocol for a randomised controlled trial.
BMC Psychiatry, 8(1), Article 50.


https://orcid.org/0000-0002-2897-0610
https://orcid.org/0000-0001-6962-2957
https://orcid.org/0000-0002-4647-8048
https://orcid.org/0000-0003-4688-6620
https://github.com/zamaudio/ptformat
https://doi.org/10.3389/fpsyg.2021.613821
https://doi.org/10.3389/fpsyg.2021.613821

Hartmann et al. 17

Erkkild, J., Punkanen, M., Fachner, ]J., Ala-Ruona, E., Pontio, I., Tervaniemi, M., Vanhala, M., & Gold,
C. (2011). Individual music therapy for depression: Randomised controlled trial. The British
Journal of Psychiatry: The Journal of Mental Science, 199(2), 132—139. https://doi.org/10.1192/bjp.
bp.110.085431

Foubert, K., Collins, T., & De Backer, J. (2017). Impaired maintenance of Interpersonal Synchronization
in Musical improvisations of patients with borderline personality disorder. Frontiers in Psychology, 8,
Article 537.

Foubert, K., Gill, S. P., & De Backer, J. (2021). A musical improvisation framework for Shaping
Interpersonal Trust. Nordic Journal of Music Therapy, 30(1), 79-96. https://doi.org/10.1080/0809
8131.2020.1788627

Gelo, 0. C. G., & Manzo, S. (2015). Quantitative approaches to treatment process, change process, and
process-outcome research. In O. C. G. Gelo, A. Pritz, & B. Rieken (Eds.), Psychotherapy research:
Foundations, process, and outcome (pp. 247-277). Springer.

Gordon, I., Gilboa, A., Cohen, S., Milstein, N., Haimovich, N., Pinhasi, S., & Siegman, S. (2020).
Physiological and behavioral synchrony predict group cohesion and performance. Scientific Reports,
10(1), Article 8484.

Hagen, E. H., & Bryant, G. A. (2003). Music and dance as a coalition signaling system. Human Nature,
14(1), 21-51.

Hari, R., Himberg, T., Nummenmaa, L., Himildinen, M., & Parkkonen, L. (2013). Synchrony of brains
and bodies during implicit interpersonal interaction. Trends in Cognitive Sciences, 17(3), 105-106.

Hayes, A. M., Laurenceau, J., Feldman, G., Strauss, J. L., & Cardaciotto, L. (2007). Change is not always
linear: The study of nonlinear and discontinuous patterns of change in psychotherapy. Clinical
Psychology Review, 27(6), 715-723.

Hove, M. J., & Risen, J. L. (2009). It’s all in the timing: Interpersonal synchrony increases affiliation. Social
Cognition, 27(6), 949-960.

Jones, S. H., Thornicroft, G., Coffey, M., & Dunn, G. (1995). A brief mental health outcome scale. The
British Journal of Psychiatry, 166(5), 654—659.

Kazantzis, N., Whittington, C., & Dattilio, F. (2010). Meta-analysis of homework effects in cognitive and
behavioral therapy: A replication and extension. Clinical Psychology: Science and Practice, 17(2), 144.

Kirschner, S., & Tomasello, M. (2010). Joint music making promotes prosocial behavior in 4-year-old
children. Evolution and Human Behavior, 31(5), 354-364.

Koole, S. L., & Tschacher, W. (2016). Synchrony in psychotherapy: A review and an integrative frame-
work for the therapeutic alliance. Frontiers in Psychology, 7, Article 862.

Lehrer, P., & Gevirtz, R. (2014 ). Heart rate variability biofeedback: How and why does it work?. Frontiers
in Psychology, 5, Article 756.

Lehrer, P., Kaur, K., Sharma, A., Shah, K., Huseby, R., Bhavsar, J., & Zhang, Y. (2020). Heart rate vari-
ability biofeedback improves emotional and physical health and performance: A systematic review
and meta-analysis. Applied Psychophysiology and Biofeedback, 45(3), 109—-129.

Lesaffre, M., Maes, P., & Leman, M. (2017). The Routledge companion to embodied music interaction. Taylor
& Francis.

Lin, I. M., Fan, S. Y., Yen, C.F., Yeh, Y. C., Tang, T. C., Huang, M. F., Liu T. L., Wang, P. W., Lin, H. C., &
Tsai, Y. C. (2019). Heart rate variability biofeedback increased autonomic activation and improved
symptoms of depression and insomnia among patients with major depression disorder. Clinical
Psychopharmacology and Neuroscience, 17(2), 222.

Luck, G., Lartillot, O., Erkkild, J., Toiviainen, P., & Riikkild, K. (2007). Predicting music therapy clients
type of mental disorder using computational feature extraction and statistical modelling techniques.
In T. Klouche & T. Nool (Eds.), MCM 2007. CCIS (Vol. 37, pp. 156-167).

Luck, G., Riikkil&, K., Lartillot, O., Erkkild, J., Toiviainen, P., Mikel4, A., Pyhéluoto, K., Raine, H., Verkila,
L., & Varri, J. (2006). Exploring relationships between level of mental retardation and features of
music therapy improvisations: A computational approach. Nordic Journal of Music Therapy, 15(1),
30-48.


https://doi.org/10.1192/bjp.bp.110.085431
https://doi.org/10.1192/bjp.bp.110.085431
https://doi.org/10.1080/08098131.2020.1788627
https://doi.org/10.1080/08098131.2020.1788627

18 Psychology of Music 00(0)

Montgomery, S. A., & Asberg, M. (1979). A new depression scale designed to be sensitive to change. The
British Journal of Psychiatry, 134(4), 382-389.

Mundyt, J. C., Vogel, A. P., Feltner, D. E., & Lenderking, W. R. (2012). Vocal acoustic biomarkers of
depression severity and treatment response. Biological Psychiatry, 72(7), 580-587. https://doi.
org/10.1016/j.biopsych.2012.03.015

Norcross, J. C., & Goldfried, M. R. (2005). Handbook of psychotherapy integration. Oxford University Press.

Ramseyer, F., & Tschacher, W. (2014). Nonverbal synchrony of head- and body-movement in psycho-
therapy: Different signals have different associations with outcome. Frontiers in Psychology, 5, Article
979. https://doi.org/10.3389/fpsyg.2014.00979

Sandak, B., Mazor, A., Asis, A., Gilboa, A., & Harel, D. (2019). Computational music therapy. In M.
Montiel, F. Gomez-Martin & O. Agustin-Aquino (Eds.), Mathematics and Computation in Music
(MCM 2019). Lecture Notes in Computer Science (pp. 359-368). Springer, Cham.

Sander, L. (1997). Paradox and resolution: From the beginning. In S. Greenspan, S. Wieder & S. Osofsky
(Eds.), Handbook of child and adolescent psychiatry (pp. 153-159). Wiley.

Sebanz, N., Bekkering, H., & Knoblich, G. (2006). Joint action: Bodies and minds moving together. Trends
in Cognitive Sciences, 10(2), 70-76.

Seikkula, J., Karvonen, A., Kykyri, V., Kaartinen, J., & Penttonen, M. (2015). The embodied attunement
of therapists and a couple within dialogical psychotherapy: An introduction to the relational mind
research project. Family Process, 54(4), 703-715.

Shaffer, F., & Meehan, Z. M. (2020). A practical guide to resonance frequency assessment for heart rate
variability biofeedback. Frontiers in Neuroscience, 14, Article 1055.

Shura, R. D., Rowland, J. A., Martindale, S. L., Brearly, T. W., Delahanty, M. B., & Miskey, H. M. (2017).
Evaluating the motor slowing hypothesis of depression. Psychiatry Research, 252, 188-195.

Snape, N. (2020). Building bridges: Exploration of music analysis methods in improvisational music therapy
research and clinical work [Doctoral dissertation, Jyviskyla Studies in Humanities 177, University of
Jyviskyld, Jyviskyld, Finland].

Streeter, E., Davies, M. E., Reiss, J. D., Hunt, A., Caley, R., &Roberts, C. (2012). Computer aided music ther-
apy evaluation: Testing the Music Therapy Logbook prototype 1 system. The Arts in Psychotherapy,
39(1), 1-10.

Tarr, B., Launay, J., Cohen, E., & Dunbar, R. (2015). Synchrony and exertion during dance independently
raise pain threshold and encourage social bonding. Biology Letters, 11(10), Article 20150767.

The Boston Change Processes Study Group. (2010). Change in psychotherapy: A unifying paradigm. W. W.
Norton.

Twisk, J., Bosman, L., Hoekstra, T., Rijnhart, J., Welten, M., & Heymans, M. (2018). Different ways to esti-
mate treatment effects in randomised controlled trials. Contemporary Clinical Trials Communications,
10, 80-85. https://doi.org/10.1016/j.conctc.2018.03.008

Watson, J. C., & Bedard, D. L. (2006). Clients’ emotional processing in psychotherapy: A comparison
between cognitive-behavioral and process-experiential therapies. Journal of Consulting and Clinical
Psychology, 74(1), 152-159.

World Health Organization. (2017). Depression (Fact sheet No. 369). http://www.who.int/mediacentre/
factsheets/fs369/en/

Zaccaro, A., Piarulli, A., Laurino, M., Garbella, E., Menicucci, D., Neri, B., & Gemignani, A. (2018). How
breath-control can change your life: A systematic review on psycho-physiological correlates of slow
breathing. Frontiers in Human Neuroscience, 12, Article 353.


https://doi.org/10.1016/j.biopsych.2012.03.015
https://doi.org/10.1016/j.biopsych.2012.03.015
https://doi.org/10.3389/fpsyg.2014.00979
https://doi.org/10.1016/j.conctc.2018.03.008
http://www.who.int/mediacentre/factsheets/fs369/en/
http://www.who.int/mediacentre/factsheets/fs369/en/

