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Objective: Affective flexibility, the capacity to respond to life’s varying environmental changes in a
dynamic and adaptive manner, is considered a central aspect of psychological health in many
psychotherapeutic approaches. The present study examined whether affective two-dimensional (i.e.,
arousal and valence) temporal variability extracted from voice and facial expressions would be
associated with positive changes over the course of psychotherapy, at the session, client, and treatment
levels. Method: A total of 22,741 mean vocal arousal and facial expression valence observations were
extracted from 137 therapy sessions in a sample of 30 clients treated for major depressive disorder by
nine therapists. Before and after each session, the clients self-reported their level of well-being on the
outcome rating scale. Session-level affective temporal variability was assessed as the mean square of
successive differences between consecutive two-dimensional affective measures. Results: Session
outcome was positively associated with temporal variability at the session level (i.e., within clients,
between sessions) and at the client level (i.e., between clients). Importantly, these associations held when
controlling for average session- and client-level valence scores. In addition, the expansion of temporal
variability throughout treatment was associated with steeper positive session outcome trajectories over
the course of treatment. Conclusions: The continuous assessment of both vocal and facial affective
expressions and the ability to extract measures of affective temporal variability from within-session data
may enable therapists to better respond and modulate clients’ affective flexibility; however, further
research is necessary to determine whether there is a causal link between affective temporal variability
and psychotherapy outcomes.

What is the public health significance of this article?

The current findings highlight the potential of computerized facial expressions and vocal analyses to
capture moment-by-moment processes in psychotherapy sessions. The results suggest that clients’
affective flexibility, which in this project was measured by depressed clients’ capacity to dynamically
shift their emotional states and their arousal levels from one moment to the next, was associated with
better session outcomes. The findings support therapeutic interventions aimed at enhancing clients’
affective flexibility. Future work is needed to determine the causal links between affective flexibility in
depression and outcomes.

Keywords: affective dynamics, facial expression, vocal arousal, major depressive disorder, affective
flexibility
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Affective flexibility, the capacity to dynamically modulate
one’s emotional responses from one moment to the next, represents
a fundamental component of psychological well-being (Kuppens
et al., 2010). Greater flexibility is considered to be indicative of
increased sensitivity and adaptiveness to external factors such as
environmental changes and internal factors including regulatory
processes. Lower levels of affective flexibility (or rigidness) are
considered to underlie mood disorders and depression in particular
(Koval et al., 2012). People who suffer from depression often tend
to persist in maintaining negative experiences or stimuli and avoid
new experiences (Kashdan & Rottenberg, 2010; Nolen-Hoeksema
et al., 2008).

Many psychotherapy models (e.g., Fonagy et al., 2018; Fosha,
2001; Greenberg, 2012; Hayes et al., 2011; McCullough & Magill,
2009) view increases in clients’ emotional flexibility as a key target
for intervention. In these approaches, psychotherapy aims at helping
clients augment their ability to experience a broader range of positive
and negative feelings, rather than numb or mute feelings (e.g., Fosha,
2001; Greenberg, 2012). Empirical support for this theoretical stance
has grown considerably in recent decades, based on evidence that
greater emotional flexibility is linked to outcomes such as fewer
depressive symptoms (Beshai et al., 2018), as well as better quality of
experience (Pascual-Leone, 2009; Pascual-Leone & Greenberg,
2007), and functioning (Bar-Kalifa & Atzil-Slonim, 2020).

Since affect fluctuates and varies continuously over time, the study
of affect dynamics depends on a fine-grained assessment involving
continuous or repeated measures (Kuppens & Verduyn, 2017). To
date, however, the empirical literature on affective flexibility in
psychotherapy has relied almost exclusively on clients’ end-of-
session self-reported emotions (e.g., Bar-Kalifa & Atzil-Slonim,
2020). Although self-reports provide important information about
participants’ subjective experiences, they also have critical short-
comings, especially with regard to evaluating affect dynamics. One-
time data of this type fail to capture the high-resolution dynamic
nature of affect and therefore cannot represent the extent to which
individuals’ affect shifts flexibly (or rigidly) from one moment to the
next within therapeutic sessions (Kuppens, 2015). By only utilizing
subjective reports, they may miss highly informative (and potentially
less biased) sources of information obtained from observed measures
of affect. Specifically, people tend to express their affective states
through different, easily observable communicative channels.
Whereas the voice conveys the arousal of affective states, the
face may more effectively convey the valence of emotions (e.g.,
Bustamante et al., 2015). Thus, even in the absence of continuous
self-reported affect, multimodal session recordings provide a rich
stream of information on affective valence and arousal.

This ties in with another limitation of many studies on emotional
dynamics in psychotherapy that are restricted to a single dimension
of affective space at any one time. Many studies have tended to focus
either on the valence (e.g., Bar-Kalifa & Atzil-Slonim, 2020) or
the arousal (e.g., Mundt et al., 2012) of emotional experiences,
despite the broad consensus that affect is best conceptualized as two
dimensional or more (e.g., Jacobson et al., 2023; Russell, 2003;
D. Watson & Tellegen, 1985). For example, Russell’s (1980) widely
used circumplex model posits that affective states can be situated in
a roughly circular organization in a two-dimensional space defined
by a positive—negative valence dimension and a high-low arousal
dimension (see also Russell, 2003). Recent discussions on emotional
flexibility and affect dynamics have highlighted the importance of

PAZ ET AL.

examining these qualities within their multidimensional space by,
for instance, considering valence and arousal jointly (e.g., Kuppens
et al., 2013).

To address these limitations, we (a) examined affective states
within psychotherapy dynamically (i.e., moment to moment within
sessions) rather than statically (b) using observed indices rather than
subjective self-reports and (c) exploring these dynamics while
attending to more than a single dimension (i.e., valence or arousal).
We used continuous recordings of psychotherapy sessions (vocal
qualities and facial expressions) to examine the dynamics in client
affect within the two-dimensional space of valence and arousal.

From Facial Expressions and Vocal Analysis to
Multimodal Affective Dynamics

Determining Valence From Facial Expressions

Facial expressions are a primary nonverbal emotional communication
channel (Cohn et al., 2007; Girard et al., 2013). Recent advances in
technology now enable the automatic evaluation of affect, which
naturally varies frequently during therapy sessions, from high-quality
recordings of visual data. The most common computerized method for
extracting emotional information from facial expressions is the facial
action coding system (FACS; Ekman & Friesen, 1976). FACS describes
facial activity in terms of anatomically based action units. Complete
facial expressions associated with specific emotions or valence are
captured by combinations of FACS codes (Freitas-Magalhdes, 2019).

More negative valence in facial emotion expressions is a charac-
teristic of depressed individuals (for a review, see Nasser et al., 2020).
Although several studies (e.g., Gavrilescu & Vizireanu, 2019; Wang
etal., 2018) have differentiated between depressed clients and healthy
controls using facial expression valence (FEV), they have all relied
on one-time, cross-sectional data. Studies that have made multiple
assessments of facial expressions have tended to focus on single
expressions (e.g., smiles or contempt; Girard et al., 2013) and/or
analyzed video data recorded outside psychotherapy sessions (e.g.,
before and after deep brain stimulation; Harati et al., 2016). Facial
expressions constitute a continuous, unobtrusive, and implicit
measure that can capture high-resolution changes in emotional
expression and hence are highly suitable for assessing affective
valence dynamics within psychotherapy sessions. Previous studies
have demonstrated the usefulness of these measures in assessing
psychological states automatically (e.g., Girard & Cohn, 2015).
However, to the best of our knowledge, no study has examined
whether the facial expression channel is sensitive to or predictive of
within-individual changes in psychotherapy outcomes.

Determining Arousal From Vocal Analysis

The voice serves as a primary nonverbal channel for emotional
communication. Two prosodic speech features, specifically vocal
pitch (i.e., the auditory perception of tone, indexed using fundamental
frequency [fp]) and intensity (i.e., loudness or volume), have been
extensively studied in relation to affective arousal (Cummins et al.,
2015; for an evolutionary background to the emergence of vocal
features in affective arousal, see also Filippi et al., 2017). In particular,
baseline f; and deviations from this baseline are strongly correlated
with self-reported and physiological indicators of affective arousal
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(heart rate, blood pressure, and cortisol secretion; Juslin &
Scherer, 2005).

Starting with Rice and Wagstaff’s (1967) pioneering ideas,
researchers have used speech- and voice-related measures to study
psychotherapy processes. Technological innovations have led to a
sharp increase in these studies in recent years (e.g., Baucom et al.,
2015; Fischer et al., 2023; Tomicic et al., 2015; Weber et al., 2022).
Several vocal features have been explored in psychopathology
studies, in particular ones that focus on depression, and include
vocal arousal (VA) prosody, level, and variability (Alpert et al.,
2001; Yang et al., 2013), VA range (Breznitz, 1992), and speech-
rate and pause variability (Mundt et al., 2012).

Recent work on the analysis of VA suggests that a combination of
several features, rather than the f; (i.e., a measure of vocal pitch)
alone, may reflect human affective arousal more accurately (Bone,
Lee, & Narayanan, 2014; Chaspari et al., 2017). An index combining
intensity and pitch was found to be more reliable than separate
indices of intensity and pitch (Bone, Lee, & Narayanan, 2014; Bone,
Lee, Potamianos, & Narayanan, 2014; Chaspari et al., 2017).
However, to date, most studies of VA in depression have utilized
only one vocal feature (fy) and have relied on vocal data from single
sessions. In addition, to the best of our knowledge, although vocal
features have been studied as predictors of affective arousal, no
works have investigated VA dynamics within clients and across
treatments or explore these dynamics’ associations with treatment
outcomes.

Combining Facial Expressions and Vocal Analysis

Affective valence as portrayed in facial expressions and affective
arousal detected in vocal analyses can be studied in isolation;
however, much can be gained by combining the two modalities.
Considerable work has recently been devoted to this effort (for a
review of multimodal affective computing, see Poria et al., 2017).
For example, in the assessment of depression, several studies have
shown that two or more modalities outperform any single modality
in identifying depression severity levels (e.g., Cohn et al., 2009;
Cummins et al., 2013; Dibeklioglu et al., 2018; Joshi et al., 2013;
Scherer et al., 2014).

Multidimensional Affective Dynamics Within
Psychotherapy Sessions

The continuous recordings of vocal qualities (as an index of
affective arousal) and facial expressions (as an index of affective
valence) make it possible to conduct dynamic (rather than static) and
multidimensional examinations of affective states within psycho-
therapy. Key features that reflect affect dynamics over time are
variability and inertia (Kuppens et al., 2010). Variability measures
a client’s movement across the affect spectrum, for example, the
shift from negative valence to less negative valence within the
same session. This is typically operationalized using the standard
deviation (SD) metric, which describes the magnitude of deviations
from the mean level. Inertia represents a client’s tendency to retain a
certain level of affect from moment to moment, for example,
persisting in negative valence affect from one moment to the next
during significant parts of the session. This is typically operatio-
nalized using the autoregression metric, which refers to the extent to

which affect is predictable from moment to moment. Both metrics
have proven useful in assessing the affect dynamics of one-
dimensional data over time. Jahng et al. (2008) introduced the mean
square of successive difference (MSSD) as a composite measure
of affect dynamics. This metric accounts for both variability and
inertia (see also Bos et al., 2019). It addresses several limitations of
previous measures (i.e., self-reports) by capturing affective states
dynamically (within sessions), is derived from observed measures,
and also allows the integration of more than one observed measure
(i.e., more than a single dimension). This measure has been shown to
capture moment-to-moment fluctuations (e.g., Lazarus et al., 2019;
Snir et al., 2017; Trull et al., 2008). Importantly, few studies have
used MSSD with multivariate affect data (cf. Krone et al., 2018; for
an example of multivariate emotion-network density analysis, see
Pe et al., 2015), and none, to our knowledge, have used nonself-
reported indices recorded continuously.

MSSD measures moment-to-moment variability or fluctuations
and, thus, can be considered an index of temporal variability.
This index may reflect a positive psychological phenomenon (i.e.,
flexibility) or a negative one (i.e., instability). On the one hand,
Bos et al. (2019; see also Koval et al., 2016) suggested that at
shorter time scales (milliseconds to minutes), temporal variability
may be indicative of the ability to adapt one’s affective system to
environmental changes (Carver, 2015; Frijda & Mesquita, 1994;
Kashdan & Rottenberg, 2010; Koval et al., 2016; Panksepp, 2012).
On the other, on longer time scales (hours to weeks), temporal
variability may indicate affect or mood swings associated with
negative psychological states (Houben et al., 2015; Koval et al.,
2013; Trull et al., 2015). Since our data involved affect that was
measured at short (millisecond to second) intervals within therapy
sessions, we predicted that our index of temporal variability would
reflect clients’ responses to interactions with the therapist and thus
would correlate with improved session outcomes.

The Present Study

Our objective was to harness technological advancements, by
utilizing vocal and facial expression analysis tools to investigate
high-resolution two-dimensional affective temporal variability
(operationalized using the 2D-MSSD index) displayed by clients
during their treatment for depression. Specifically, we examined
how temporal variability related to session outcomes and the
overall outcome trajectories over the course of treatment for these
clients.

We hypothesized that greater client affective temporal
variability would be associated with greater pre- to postsession
change in clients’ well-being (Hypothesis 1a: within client). In
addition, we hypothesized that clients with higher affective
temporal variability on average would show a greater average
improvement in well-being across treatments (Hypothesis 1b:
between clients). We also expected these associations to hold
beyond affective valence. Furthermore, in terms of the association
of clients’ affective temporal variability on outcome trajectory
(the slope of the outcome variable) over the course of treatment,
we hypothesized that overall, sessions characterized by greater
client affective temporal variability would be marked by greater
well-being (Hypothesis 2: outcome trajectory).
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Method
Data Transparency

The data reported in this article were previously published by
Atzil-Slonim et al. (2022), a study that focused on oxytocin
reactivity during treatment for depression. However, none of the
measures reported in the previous study were used in this study.

Participants and Treatment
Clients

In total, 178 candidate participants were screened using the
Beck Depression Inventory II (BDI-II; Beck et al., 1996). Of this
cohort, 64 individuals with BDI-II scores >17 were asked to
participate in an intake interview, during which the Mini-International
Neuropsychiatric Interview Version 5.0 (Sheehan et al., 1998) was
administered. The inclusion criteria were (a) a primary diagnosis of
major depressive disorder as indicated by the Mini-International
Neuropsychiatric Interview and (b) aged 18—67 years. The exclusion
criteria were (a) active suicidality, (b) substance abuse or dependence,
(c) current or past bipolar disorder, (d) presence of psychotic features,
(e) past severe head injury, (f) pending legal proceedings, and
(g) current pregnancy or medical condition warranting hormonal
treatment. Out of the initial 35 clients who began treatment, one client
withdrew, and another client discontinued therapy before the second
session. Three other clients opted to take psychiatric medication and
were excluded from the analysis. The final cohort was thus composed
of 30 clients (19 men) diagnosed with major depressive disorder,
with a mean age of 34.63 years, SD = 9.27, range = 21-59 years.
Fourteen participants were single, 16 were married or in a long-term
relationship, 23 had at least a bachelor’s degree, and all but two
were fully or partially employed. Twenty-three clients were native
Hebrew speakers, and all the clients indicated that they were Jewish.
The clients’ mean BDI-II score at intake was 22.5 (SD = 7.75),
indicating moderate levels of depression (Beck et al., 1996).

Therapists

Nine therapists (five women) participated in the study (age: M =
33.1; range: 30—41); four therapists treated three to four clients
each, whereas the five remaining therapists treated one to two
clients each. The therapists were advanced trainees in a university
clinic with 3—7 years of clinical experience.

Treatments

The clients underwent brief (16 sessions) supportive—expressive
psychodynamic therapy (SET; Luborsky & Mark, 1991) adapted
for the treatment of depression (Luborsky et al., 1995) primarily
implementing supportive techniques such as affirmation and
empathic validation and expressive techniques such as interpretation
and confrontation. SET has been reported to be effective in treating
depression (Beck et al., 1996; Sheehan et al., 1998). The therapists
were trained and supervised by senior clinicians with extensive
expertise in SET and underwent weekly individual and group
supervision. All the therapists were native Hebrew speakers, and all
were Jewish.

Procedure

The study was conducted in Bar-Ilan University’s outpatient
clinic and approved by the associated institutional review board.
Data were obtained as part of the routine monitoring used in the
clinic. Clients consented to participate voluntarily. They were told
they could terminate their participation at any time with no effect on
their treatment. The clients completed outcome rating scale (ORS)
questionnaires electronically (using computers located in the clinic
rooms) before and after each therapy session.

The therapy sessions were video and audio recorded using
two cameras and two microphones, with a camera and microphone
directed at each speaker. The original audio of the sessions’ working
phases (i.e., the 15 min ending 5 min before the end of the session;
J. C. Watson et al., 2011)" were segmented into interpausal
units (IPU; Levitan & Hirschberg, 2011; for details, see the Data
Analysis section) using an automatic speech diarization algorithm
(to determine who is speaking at any given moment, allowing
the isolation of each person’s vocal dynamics) explicitly developed
for the imbalanced nature of psychotherapy conversations where
clients often speak for extended periods and therapists frequently
respond with shorter utterances. To address the imbalance, we used
an algorithm based on previous work on speech diarization and
separation (Laufer-Goldshtein et al., 2018a, 2018b).> The mean VA
and FEV were calculated for each client’s IPUs. Across the 30
therapy dyads and 137 available sessions, 22,741 mean VA and
FEV observations were extracted with an average of M = 185
samples per session (SD = 51; range = [50:294)).°

Measures
Outcome Rating Scale

The ORS (Miller et al., 2003) is a four-item session by
session measure developed as a short-form alternative to the
Outcome Questionnaire—45 (Lambert et al., 1996). The ORS is
designed to track client progress session by session. The scale
assesses change in three domains of client functioning that are
widely considered to be valid indicators of progress in treatment
and successful outcomes: individual functioning, interpersonal
relationships, and social role performance. The clients completed
the ORS by rating items on a visual analog scale anchored at one
end by the words “low” and “high.” The items ranged from O to 10,
with higher scores indicating better functioning. The ORS was
completed twice in each session: immediately before and
immediately after each session. The pre- to post-ORS change
(ORS diff) was calculated as the presession ORS subtracted from
the postsession ORS. As in previous studies (e.g., Chen et al., 2018;
H. Fisher et al., 2016; Paz et al., 2021), the ORS was considered an
indicator of the client session outcomes. The correlation between

! Working phase corresponds to the part of the session during which
clients are likely to be the most engaged in therapeutic work (Auszra et al.,
2013).

2 Additional information and details on the speech diarization method can
be found in the online Supplemental Material (https://ost.io/h761r8/?view_o
nly=74b6a7fb42a5419292c6adeYecad7875).

3 The diarization algorithm and vocal arousal extraction were imple-
mented using MATLAB (Version 2019a). The vocal features were extracted
using Praat software (Boersma & Weenink, 2017; https://osf.io/h76r8/?vie
w_only=4f0df1004dac4ff19b85b7364{972d30; Paz, 2023).
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the general ORS score and a single item asking clients to rate
overall well-being on a continuous scale ranging from 0 to 10 was
r=0.94 (p < .001).

Vocal Arousal

Following Bone, Lee, and Narayanan (2014), VA was computed
as a weighted average index of three speech features: (a) intensity,
(b) pitch, and (c) HF500 (ratio of energy above 500 Hz divided
by the energy between 80 and 500 Hz). A higher VA was defined as
vocalizations that were louder, higher in pitch, or harsher and crisper
than typical speech. These features were normalized for each
speaker for each session, allowing each feature’s average level to
act as the speaker’s baseline. The final VA score was calculated
from the weighted average of the three feature scores. This measure
achieved state-of-the-art performance in a cross-corpus automatic
arousal recognition competition (Valstar et al., 2016). A total of
22,741 VA observations were obtained (M = 0.01; SD = 0.43).

Facial Expression Valence

FaceReader 9 was used to extract emotional responses from the
video recordings. Based on the circumplex model of affect (Russell,
1980), valence was measured on a continuous scale from —1 (most
negative emotion) to +1 (most positive emotion), captured at a rate
of 25 frames per second (40 ms per sample). The 40 ms samples
were aggregated into an average for each speech turn (e.g.,
Kuppens et al., 2010; Ogbaselase et al., 2022). The validity of
FaceReader’s affective measures was found to be comparable to
external professional annotators (see Skiendziel et al., 2019] who
tested for the convergence validity of FaceReader 7). In total,
22,741 FEV observations were obtained (M = —0.05; SD = 0.27).

Data Analysis

The basic temporal unit of analysis was the IPU (Levitan &
Hirschberg, 2011), in other words, parts of speech turns demarcated
by pauses lasting at least 50 ms, which themselves are pause-free
(i.e., interrupted, at most, by pauses lasting less than 50 ms). In
total, 22,741 VA and FEV data points were extracted from each
IPU. These data were collected from 137 sessions, with an average
of M = 185 samples per session (SD = 51; range = [50:294]). These
served as the two dimensions in a Cartesian arousal-by-valence
space; affective temporal variability was measured as the session-
level dispersion of IPUs in this space and was calculated as a two-
dimensional MSSD (2D-MSSD; Trull et al., 2008; see Equation 1).
This approach was utilized to quantify the variability of the time-
dependent affective two-dimensional movement (VA and FEV)
from one IPU measurement to the next (Hamaker et al., 2015):

1 .

2dMSSD _affectgc = \/ —- Z;:IZVIAX(IPU#)((VA; - VA;_1)? + (FEV, —FEV,_,)?).
7 —

(1)

Statistical Model

Given the nested nature of the data (with session [Level 1] ratings
nested within clients [Level 2]), we utilized multilevel modeling
(MLM; Raudenbush & Bryk, 2002). For Hypotheses 1a and 1b,
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MLM model 1 estimated the association between affective temporal
variability (2D-MSSD) and average session outcomes, which were
operationalized as changes in the clients’ ORS scores pre- and
postsession. The model was adjusted for mean FEV:

Level 1

ORSdlffSC = ﬁOSC + BISC * SeSSiOn_FEVSC
+ Posc * Session_2dMSSD _affectsc + esc, (2)

(ec) ~NI[0, 67, 3)
Level 2
Pose =Yoo + Yor * Client FEV,
+ Y02 * Client 2dMSSD _affecty, + g, @
Pise = V103 Pase = Y205 ®)
(uoe) ~ N[0, 5. ©)

Session outcomes were estimated using an intercept (yqp) term
and two slope terms for session-level mean valence (y;o) and
session-level affective temporal variability (y,o). The latter served as
a test for the within-client (Level 1) hypotheses. In addition, client-
level (i.e., Level 2) mean FEV (yo;) and mean affective temporal
variability (yp) were included; the latter served as a test of the
between-client (Level 2) hypotheses. Level 1 residuals (esc) and
level 2 random effects for the intercept (uo.) were also estimated.”*

For Hypothesis 2, the MLM model 2 estimated the moderation
effect of clients’ affective temporal variability session outcome
trajectory over the course of treatment, which was operationalized as
the slope of the clients’ post-ORS scores across treatment. The
growth model was adjusted for the clients’ mean affective temporal
variability:

Level 1
ORS_post_sessiong, = Py, + Prsc * Session_numy,
+ PBose * Session_2dMSSD _affect,,
+ P35 * Session_numg, * Session_2dMSSD_affect,,
+ e, @)
(esc) ~ N[0, 07, ®)
Level 2
Bosc = Yoo + Yo ¥ Client_2dMSSD _affecty. + u,, )

Brisc = Y10 + Y11 ¥ Client_2dMSSD_affecty,. + uy,, (10)
Base = Y205 Pase = Y30 (11)
T Too ¥ T
Uge, Uy.) ~N|{ 0, 00 00 '0}). 12
(Uges 1) ( |:TIO*TOO 2, (12)

4 Only the intercept term was estimated as a random effect because
estimating the slope terms as random effects did not improve the model fit,
x*(5) = 7.89, p = .165.
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Postsession outcomes (ORS measures) were estimated using
an intercept (yoo) term and three slope terms: one for outcome
trajectory (yi0), second for the session-level affective temporal
variability moderation of the outcome trajectory (y3p), and a third
term controlling for the main effect of session-level affective
temporal variability (y50). In addition, client-level (i.e., Level 2)
mean affective temporal variability (yo;) was included. Level 1
residuals (esc) and Level 2 random effects for the intercept (uq.)
and outcome trajectory (u,.) were also estimated.’

Results

The hypotheses were a priori but not preregistered. The data
and the study analysis code are available upon request from the
first author. The descriptive statistics for the study variables are
presented in Table 1.

Table 2 presents the Model 1 results predicting session outcomes
(i.e., pre- to postsession ORS differences) from clients’ mean
affective temporal variability while adjusting for FEV. In line
with the hypotheses, session outcome was associated with temporal
variability at a session level (i.e., Hypothesis la: within clients,
between sessions) and at the client level (i.e., Hypothesis 1b: between
clients). Importantly, these associations remained robust even after
accounting for both session- and client-level mean valence scores in
the model. Calculation of the effect sizes yielded a standardized
estimation of 0.27 for within-clients’ effects and a standardized
estimation of 0.26 for between-clients’ effects. In other words, clients
who experienced more affective temporal variability tended to show
greater improvement in their pre- to postsession ORS scores. In
addition, within clients, sessions characterized by greater affective
temporal variability were also characterized by greater improvement
in ORS scores.”

The following examples of greater and lesser temporal variability
patterns illustrate these data. The two clients were chosen to represent
good and poor responses. Client I’s well-being tended to improve
within each session (ORS difference from pre- to postsession: M =
0.50; SD = 0.41), whereas Client II’s well-being tended to decline
(ORS difference: M = —0.48; SD = 1.06). Figure 1 shows the
affect temporal variability patterns observed in the working phase
of five of each client’s analyzed sessions. The x-axis depicts the
valence extracted from the client’s facial expressions, and the y-axis
represents the arousal extracted from the client’s voice recordings.
The darker purple arrows correspond to measures from the beginning
of the working phases, and the lighter yellow arrows show the latter
parts of the working phases.

Client I's average temporal variability across the five sessions
(M = 0.62; SD = 0.016) was greater than Client II's temporal
variability (M = 0.46; SD = 0.44). In terms of within-client (i.e.,
session-level) variability, Client II's session d was characterized
by greater temporal variability (and improvement in well-being;
affective temporal variability = 0.48; ORS difference = 0.4),
whereas session e was characterized by less temporal variability
(and a decline in well-being; affective temporal variability = 0.41;
ORS difference = —2.1).

Table 3 presents the Model 2 results predicting the session
outcome trajectory (i.e., postsession ORS) moderation by affective
temporal variability while adjusting for clients’ overall mean
affective temporal variability. In line with the hypotheses, the
session outcome trajectory was steeper when affective temporal

variability increased throughout therapy. Importantly, this
moderation remained robust even when accounting for clients’
mean temporal variability across treatments. In other words, clients
who exhibited more of a linear growth trend in their temporal
variability also exhibited a steeper positive trajectory in their
outcome measures on average throughout their treatment. This
effect was robust even when accounting for the effect of clients’
mean temporal variability.

Discussion

The goal of the present study was to determine whether
multidimensional affective temporal variability (i.e., 2D-MSSD of
affective arousal and valence) when assessed multimodally (i.e., by
examining voice and facial expression data) was associated with
positive changes in psychotherapy at both the session and client
levels. Data came from sessions drawn from 30 therapeutic dyads
in which clients suffering from depression underwent brief SET
(Luborsky & Mark, 1991).

In line with Hypothesis 1a, the results indicated that sessions
characterized by greater affective temporal variability (i.e., greater
two-dimensional successive variability in VA and valence measured
by facial expressions) were associated with greater improvement
in clients’ self-reported presession to postsession well-being. In
addition, and in line with Hypothesis 1b, clients who experienced
more affective temporal variability tended to show greater overall
session-level improvement in their well-being across treatment.
These associations remained significant even when accounting
for mean affective valence scores at both the session and client
levels.

In addition, in line with Hypothesis 2, the session outcome
trajectory throughout treatment was moderated by clients’ affective
temporal variability. Clients who exhibited more affective temporal
variability throughout treatment (i.e., sessions in the latter parts of
treatment were also characterized by greater affective temporal
variability) were also characterized by steeper linear improvement
in their outcome trajectory across treatment. Overall, these results
indicated session and treatment level associations between affective
temporal variability and outcome. Nevertheless, it is important
to note that the findings for between-client (Hypothesis 1b) and
treatment-level trajectory (Hypothesis 2) should be approached
with caution due to the relatively small sample size of 30 clients.

These results strengthen previous findings that have linked
affective temporal variability with greater well-being, in general

>Only the intercept term and the slope term for session number
(Session_num) were estimated as random effects, since estimating the
remainder of the slope terms as random effects did not improve the model fit,
x> (7) = 3.69, p = .815.

® In response to the editor’s request, we conducted an additional analysis
comparing the unified two-dimensional MSSD presented in this article to
separate univariate MSSDs for vocal arousal and facial expression
valence, as well as a model including both univariate MSSDs. The results
demonstrated that the unified model had a superior fit in terms of fixed
effects than each of the univariate MSSD models. Interestingly, the
univariate model assessing MSSD from the arousal signal alone explained
nearly as much variance as the unified model. The model incorporating
both separate univariate MSSDs for arousal and valence explained slightly
more variance than the unified two-dimensional MSSD model. A detailed
description and discussion of these analyses and findings can be found
in the online Supplemental Material (https://osf.io/h761r8/?view_only=
74b6a7fb42a54f9292c6adeYecad 7875).


https://osf.io/h76r8/?view_only=74b6a7fb42a54f9292c6ade9eca47875
https://osf.io/h76r8/?view_only=74b6a7fb42a54f9292c6ade9eca47875
https://osf.io/h76r8/?view_only=74b6a7fb42a54f9292c6ade9eca47875
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Means, Standard Deviations, and Intercorrelations for Study Variables

Zero-order correlation

Study variable M 2 3
Affective temporal variability 0.54 0.057 0.20 (p = .05) 0.40 (p < .001)***
FEV —-0.06 0.130 0.12 (p = .18)
ORS difference 0.59 1.233
Note. Affective temporal variability: two-dimensional (vocal arousal, facial expression valence) session-level mean square

of successive differences; zero-order correlations applied the variable means computed across all treatment sessions. FEV =
facial expression valence; ORS difference = outcome rating scale difference between pre- and postsessions.

HEE p < .001.

(Coifman & Summers, 2019; Hollenstein, 2015; Kashdan &
Rottenberg, 2010) and specifically in individuals suffering from
depression (e.g., Koval et al., 2012). They are in line with various
emotion theories which argue that temporal variability may reflect
healthy flexibility, as it enables adaptive responses to environmental
demands (Carver, 2015; Frijda & Mesquita, 1994; Kashdan &
Rottenberg, 2010; Panksepp, 2012). This may be particularly true
for temporal variability in the microtimescale (i.e., milliseconds to
seconds; see Bos et al., 2019; Koval et al., 2016).

The results are also consistent with psychotherapy studies that
have noted the importance of temporal variability as a predictor
of treatment outcomes (e.g., Bar-Kalifa & Atzil-Slonim, 2020;
A. J. Fisher & Newman, 2016; Pascual-Leone, 2009). However,
the diverse range of resolution from between-session dynamics
to various levels of within-session dynamics, as well as the array
of methodologies employed to assess temporal variability (self-
reports at the therapy or session level, complex systems theory
methodologies, and external raters), may present challenges in
directly extending the results of our project to build upon these
prior findings.

The results also support psychotherapy theories that emphasize
the central role of inflexible psychological patterns, particularly
affective/emotional rigidity, in psychopathology, such as emotion-
focused therapy (Greenberg, 2012), acceptance and commitment
therapy (Hayes et al., 2011), and psychodynamic theories (Fonagy
et al., 2018; Fosha, 2001; McCullough & Magill, 2009).

The present study goes beyond these studies by examining
temporal variability as multimodal rather than unimodal—as
strongly advocated by affect scholars (e.g., Kuppens et al., 2013).
A multimodal view is also consonant with the fact that humans
communicate through more than one expressive channel. The

Table 2

examination of multimodal expressive data—in our case, vocal
and facial expressions—draws on improved techniques for the
monitoring of biobehavioral signals and has become quite common
in affect research. To date, such methods have been used most
extensively in the prediction of psychopathology (for a review, see
Poria et al., 2017; for applications specific to depression, see
Alghowinem et al., 2018; Dibeklioglu et al., 2015). The results of
this project highlight the advantages of using this multimodal
approach to capture affect dynamics in psychotherapy research.

Specifically, the collection of multimodal data made it possible to
assess affective valence and affective arousal and examine temporal
variability within a two-dimensional affective space. In the context of
psychotherapy, clients’ affective flexibility can manifest in several
ways. Greater temporal variability in the valence dimension may
signify clients’ flexible capacity to experience a broader spectrum
of emotional valence. This can include the ability to traverse a wide
range of emotions, such as transitioning from negative to positive
emotions, or shifting between secondary and primary negative
emotions, as proposed by Greenberg (2012). At the same time,
greater temporal variability in the arousal dimension may reflect a
greater ability to sustain and regulate emotional experiences. For
example, clients who experience sadness with a high level of arousal
during a session may be able to downregulate their emotional state
to a lower level of arousal while still experiencing sadness. This
ability to experience a wider range of emotions combined with the
ability to adaptively regulate emotional experiences may allow
clients to better communicate and handle their emotions, which is
one of the main goals of therapy.

To date, most studies on temporal variability have explored it with
respect to one dimension of affect, namely, valence or arousal (e.g.,
Carryer & Greenberg, 2010; Nolen-Hoeksema et al., 2008). Using

Fixed Effect of Temporal Variability and Valence of Session and Client Mean as Predictors for Clients’ ORS

Difference (Between Post- and Presession Reports)

Variable Est. (SE) 95% CI P Std. est.
Intercept (Yoo0) 0.59 (0.15) [0.30, 0.88] <.001%**
Session mean valence (7o) 2.17 (1.25) [—0.26, 4.60] 086" 0.12
Client mean valence (yq;) —0.06 (1.33) [-2.74, 2.62] 965 —0.01
Session mean temporal variability (y20) 7.17 (1.79) [3.68, 10.66] <.001%** 0.27
Client mean temporal variability (yoy) 9.73 (4.55) [0.59, 18.87] .042% 0.26

Note.
estimation.
¥ p <.l

*p <05 **p < .001.

ORS = outcome rating scale; Est. = estimation; SE = standard error; CI = confidence interval; Std. est. = standard
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Figure 1

PAZ ET AL.

The Two-Dimensional Affect Representation, With the x-Axis Indicating Facial Expression Valence (Higher Values Denoting More Positive
Valence Affect) and the y-Axis Representing Vocal Arousal (Higher Values Indicating Higher Affective Arousal)
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Note.

Each panel in the figure depicts the affect dynamics of an individual client across five sessions’ working phases. The arrows indicate the movement of

affect between consecutive IPUs. The color of the arrows corresponds to the IPU start time within the working phase in seconds, ranging from dark purple at
the beginning to light yellow toward the end of each session’s working phase. MSSD = mean square of successive differences; ORS = outcome rating scale;
Dift = difference; IPU = interpausal units. See the online article for the color version of this figure.

both affect dimensions allows for the exploration of individuals’
ability to both generate or amplify a range of emotions and to inhibit
or dampen them, a capacity that may promote flexible adaptation
to challenges as well as routine or daily functioning.

Limitations and Future Directions

Our data suggest that multidimensional temporal variability
may play a salubrious role in terms of client well-being. This role
may be causal in nature and may suggest that temporal variability
fosters well-being by allowing clients to respond flexibly to life
circumstances (i.e., to show regulatory flexibility; e.g., Zhu &
Bonanno, 2017). However, such causal claims may be premature.
One way to explore this issue further would be to use multisession
psychotherapy data and additional measures (unfortunately not
available in the present study) for both affective and regulatory
flexibility.

If multidimensional temporal variability in affect is indeed
causally tied (directly or indirectly) to treatment outcomes, future
research will need to explore what facilitates it. In particular,
alongside personality (e.g., Rademacher et al., 2022) and contextual
factors (Godara et al., 2020), which have been shown to predict
temporal variability (albeit unidimensionally), various clinical
models offer both theoretical and (some) empirical ideas about
altering it. In particular, affective flexibility has been discussed as an
outcome of particular interventions that increase cognitive defusion
(e.g., ACT: Hayes et al., 2011), work with within-person dialogues
(e.g., emotion-focused therapy: Greenberg, 2012; self-compassion
therapy: Gilbert, 2009; and schema therapy: Rafaeli et al., 2010),
and rely on explicit or implicit models that highlight within-person
multiplicity (Lazarus & Rafaeli, 2023).

Future work could fruitfully use the methods presented in the
present work with within-session data drawn from these or other
modalities to explore which factors contribute to the emergence of

Table 3

Fixed Effect of Session Outcome (Postsession ORS) Trajectory Moderation by Clients’ Affective Temporal Variability
Variable Est. (SE) 95% CI P Std. est.

Intercept (Yoo) 4.65 (0.56) [3.56, 5.73] >.000%**

Session number (y;0) 0.17 (0.04) [0.09, 0.25] <.001%** 0.24

Session mean temporal variability (y0) —7.54 (8.58) [—24.16, 9.07] 383 -0.16

Client mean temporal variability (yo;) 21.01 (16.31) [—11.34, 53.36] .208 0.32

Session Number X Session Mean Temporal Variability (y30) 2.32 (1.09) [0.20, 4.43] .038* 0.41

Session Number X Client Mean Temporal Variability (y;,) —0.52 (1.11) [-2.67, 1.63] 641 —0.08

Note.

*p < .05 FFFp <001,

ORS = outcome rating scale; Est. = estimation; SE = standard error; CI = confidence interval; Std. est. = standard estimation.
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adaptive affective dynamics. For example, it would be interesting to
use natural language processing techniques to automatically extract
therapists’ interventions speech turn-by-speech turn and examine
which intervention sequences enhance clients’ affective flexibility
(e.g., Warikoo et al., 2022).

While temporal variability was operationalized using succes-
sive changes in facial and vocal affect, it is worth considering that
fluctuations in affective channels may reflect other processes.
Complex systems theory, for example, suggests that affect often
exhibits stable states that are occasionally interrupted by less
common departures from these states. These departures are
typically preceded by destabilization of the system, as indicated
by increased variability (Hollenstein, 2015; Lewis, 2000; Olthof
etal., 2023). Thus, temporal variability may reflect destabilization
rather than flexibility, as suggested in studies such as Lichtwarck-
Aschoff et al. (2012).

Our results, particularly those related to Hypothesis 2, provide
some insights into this question. Specifically, while the results related
to Hypotheses la and 1b demonstrated an association between
temporal variability and session outcomes, the results pertaining to
Hypothesis 2 help further orient the interpretation of our temporal
variability index toward the flexibility rather than the destabilization
interpretation. The interaction effect in Hypothesis 2 indicates that
while destabilization could co-occur, affective temporal variability
indeed increased throughout treatment and was linked to improved
outcomes (which is also in line with the findings of A. J. Fisher &
Newman, 2016). Importantly, these findings are preliminary and
require replication. It is important to note that we did not identify
specific states, their distribution, or state shifts in a manner that could
answer this question. This opens up a potential avenue for exploration
in future studies (see, e.g., Cui et al., 2023).

Various clinical models posit that interpersonal (i.e., therapist—
client) dynamics may enhance intrapersonal flexibility. For
example, Fonagy et al. (2018) suggested that clients internalize
affective regulation abilities in ways that are similar to those in
which children internalize them from their caregivers (see also
Feldman, 2015; Fosha, 2001; Wright et al., 2023). Recent theories
(Koole & Tschacher, 2016) and meta-analytic reviews (Atzil-
Slonim et al., in press) have begun to delineate the conditions in
which dyadic coregulation exerts these effects on individual affect
dynamics. For example, in a recent study, Paz et al. (2021) related
interpersonal coregulation to session outcomes and clients’ ability
to internalize intrapersonal arousal regulation capability throughout
treatment.

This points to another limitation of this study, which focused
on examining clients’ affect dynamics but did not explore the
potential role of therapists’ affective flexibility in facilitating their
clients’ development of affective flexibility. Previous findings have
highlighted the therapeutic gain from therapists’ dynamic emotional
responsiveness to their clients’ changing needs (e.g., Lazarus et al.,
2019; Stiles, 2009). In a recent article, Abargil and Tishby (2021)
showed that greater variation in therapist-experienced emotions
was linked to therapy outcomes. These findings may encourage
researchers to examine whether therapists’ affective flexibility
influences clients’ affective flexibility and vice versa.

A further limitation of this study has to do with its focus on the vocal
and facial (communicative) aspects of affect. Alongside the advantages
of biobehavioral data such as the availability of high-resolution
recordable signals that do not require participant self-reporting, they

have several drawbacks. One is associated with the noncontinuous
nature of speech, which creates “blind spots” when assessing clients’
affective states during moments without speech. This also poses
challenges for conducting consecutive moment-to-moment time-
dependent analyses, including the MSSD employed in this study.
Additionally, temporal variability in affect may operate differently at
levels that are more or less explicit (e.g., Cisler et al., 2010). Future
exploration of affective flexibility within psychotherapy should
integrate these levels and explore temporal variability across many
modalities in tandem.

The generalizability of our findings is constrained by three
main issues. First, this study used psychotherapy data in indivi-
duals experiencing major depression, who received a specific
form of psychotherapy treatment (SET; Luborsky & Mark, 1991).
Although previous research has highlighted the relevance of
temporal variability in affect to a broad spectrum of psychopath-
ological conditions and well-being parameters (e.g., Kashdan &
Rottenberg, 2010), applying our findings to other populations and
alternative therapeutic approaches necessitates further replication.
Second, the client sample size (N = 30) was relatively small. This
may have led to underpowered analyses, making it difficult to
detect between-dyad effects accurately. Therefore, conducting
replications with a more substantial client sample is imperative to
enhance the robustness and generalizability of our results. Third,
our psychotherapy data were in Hebrew, and the sample was
relatively homogeneous because it mostly consisted of native
Hebrew speakers. This may limit the generalizability of the results
to other languages and cultures. Fourth, the ORS measure (Miller
et al., 2003), while previously validated for assessing clients’
session-level outcomes, is applied less often to calculate changes
in well-being during a session (the ORS difference) by measuring
pre- to postsession shifts (see Paz et al., 2021, for an example).
Despite its strong correlation with clients’ well-being, this metric
raises questions about the extent of change detectable in clients’
well-being or functioning within a psychotherapy session. Its
narrow scope may limit the generalizability of the findings. Thus,
future research would benefit from the inclusion of additional
variables to more thoroughly investigate how affective dynamics
relate to session outcomes.

Finally, our analyses focused on temporal variability assessed at
the session level. Recent technological advances, such as natural
language processing, now permit more fine-grained analyses of
processes and outcomes in psychotherapy sessions that can be
applied to within-session segments (e.g., Atzil-Slonim et al., 2021;
Flemotomos et al., 2022). This allows researchers to capture the
microlevel events that precede or follow changes in temporal
variability and show how such sequences are associated with
treatment outcomes.

Clinical Implications

The continuous assessment of both vocal and facial affective
expressions, along with the ability to derive indices of temporal
variability in affect from within-session data, holds promise for
both clients and clinicians in psychotherapy. It encourages therapists
to be more attentive to their clients’ emotional range, including
what can be discerned from nonverbal aspects of speech and
facial expressions. This awareness can guide therapists toward
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interventions aimed at enhancing their clients’ emotional and
psychological flexibility.

The integration of multimodal assessments of affective temporal
variability into existing feedback systems can furnish therapists
with valuable insights into within-session affect dynamics. This
includes identifying moments when temporal variability in affect
diminishes or increases. This information can significantly enhance
the precision and tailoring of therapeutic approaches and inter-
ventions.
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