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Abstract
Introduction Flexibility, the ability of an individual to adapt to environmental changes in ways that facilitate goal attainment, 
has been proposed as a potential mechanism underlying psychopathology and psychotherapy. In psychotherapy, most 
findings are based on self-report measures that have important limitations. We propose a multimodal, multi-dyad 
approach based on a nonlinear dynamical systems framework to capture the complexity of this concept.
Method A new research paradigm was designed to explore the validity of the proposed conceptual model. The paradigm 
includes a psychotherapy-like social interaction, during which body movement and facial expressiveness data were 
collected. We analyzed the data using Hankel Alternative View of Koopmann analysis to reconstruct attractors of the 
observed behaviors and compare them.
Results The patterns of behavior in the two cases differ, and differences in the reconstructed attractors correspond with 
differences in self-report measures and behavior in the interactions.
Conclusions The case studies show that information provided by a single modality is not enough to provide the full picture, 
and multiple modalities are needed. These observations can serve as an initial support for our claims that a multi-modal and 
multi-dyad approach to flexibility can address some of the issues of measurement in the field.

Keywords: psychotherapy; multimodal measurement; nonlinear dynamics; flexibility; dynamical systems

Clinical or methodological significance of this article: The findings of the present study suggest that automatic 
multimodal measurement of interpersonal behaviors in psychotherapy may be the key to measuring flexibility in a way 
that captures the full extent of this construct. This will enable researchers and clinicians ecological and automatic 
assessment of flexibility in the psychotherapy setting, accompanied by a method of analysis that can describe the intricate 
dynamics of such data. Thus, the measurement paradigm outlined here has the potential to facilitate a leap forward in 
psychotherapy research on predictors and mechanisms of change.

Introduction

The average response rate to therapy is estimated at 
around 50% (Cuijpers et al., 2014; Cuijpers et al.,  
2019), meaning that many individuals suffering 

from psychopathology do not find relief for their 
suffering. This problem is being addressed in 
psychotherapy through research on meaningful 
constructs that may serve as predictors or 
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mechanisms of change. Predictors help identify indi
vidual differences between patients that may have 
implications for their ability to benefit from treat
ment (e.g., treatment moderators; Lutz et al.,  
2021), and ones that may be the target of future 
interventions (e.g., mechanisms of change; Kazdin,  
2009). The present study focuses on flexibility as a 
mechanism that has been proposed as having the 
potential to meet these two aims: to differentiate 
between patients in their trait-like characteristics 
before the start of treatment (Ong et al., 2023), and 
to serve as a mechanism that can be targeted to facili
tate state-like changes during treatment (Stockton 
et al., 2019).

Flexibility can be defined as the ability to: (1) per
ceive and tolerate changes in demands imposed by 
the environment; (2) have a wide repertoire of 
emotional, mental, and behavioral strategies that 
can be used to adapt to changes in the environment; 
(3) choose and implement the strategies that fit with 
the demands of a given situation and the chosen goal 
(Cherry et al., 2021; Kashdan & Rottenberg, 2010). 
Deeply rooted in evolutionary perspectives, the 
general idea is that a flexible individual is able to 
adapt to changing environments by responding to 
them in such a way that facilitates valued goal 
pursuit. In an interpersonal context such as psy
chotherapy, a more or less consistent ability to 
adapt and change one’s responses over time when
ever situational demand arises, can be associated 
with a better ability to benefit from psychotherapy 
(Greenberg & Safran, 1987; Yasinski, 2016). Con
sidering that different environments merit different 
responses, a flexible individual is more likely to be 
able to adapt to the ever-shifting environment of 
intra- and interpersonal conflicts and relationships 
that make up human life (Hayes & Strosahl, 2004; 
Kashdan & Rottenberg, 2010). Conversely, inflex
ible individuals who do not possess these abilities 
are less likely to be able to cope with changing 
environmental demands, and thus adapt less success
fully and face challenges. Patterns of inflexible be
havior are theorized to increase the probability of 
developing mental health symptoms and disorders 
(Cherry et al., 2021; Hayes et al., 2006; Kashdan & 
Rottenberg, 2010). This idea is supported by 
studies that show individuals who are less flexible 
tend to suffer more from a range of psychopatholo
gies such as depression (McCracken et al., 2021), 
anxiety and general distress (Masuda & Tully,  
2012), eating disorders (Bluett et al., 2016), 
chronic pain (De Boer et al., 2014), and externalizing 
behaviors in individuals with PTSD (Dutra & Sadeh,  
2018).

In recent years flexibility was theorized to be 
important for psychotherapy process and outcome 

(Hayes et al., 2006). Flexibility has even been 
suggested as a potential mechanism of change 
across psychotherapies. For example, in Acceptance 
and Commitment Therapy, increasing an individ
ual’s flexibility is a central and explicitly stated 
goal, as it is hypothesized to curb experiential avoid
ance and supposedly promotes adaptive behavior 
and mindful contact with life’s experiences. This 
in turn is expected to help alleviate mental symp
toms and improve well being (Ciarrochi et al.,  
2010). Researchers both within the ACT movement 
and outside it have directed efforts to test these 
hypotheses, and findings indeed show that increases 
in flexibility in the process of psychotherapy are 
linked to decreases in symptoms of depression 
(Atzil Slonim et al., 2011; Yasinski et al., 2020), 
anxiety (Fisher & Newman, 2016; Shalom et al.,  
2018), and eating disorders (Pellizzer et al., 2018). 
These results are rather consistent across studies 
and provide support for the identification of flexi
bility as a mechanism of change, and a facet of 
healthy functioning. Most of this literature is based 
on self-report measures (Cherry et al., 2021; 
Doorley et al., 2020), in which the participants are 
asked about their level of flexibility directly (e.g., 
“I feel open to change”) or indirectly (e.g., “It’s ok 
to remember something unpleasant”). The latter 
example is taken from the most common self- 
report measure of flexibility, the Acceptance and 
Action Questionnaire (AAQ-II; Bond et al., 2011), 
which indirectly measures levels of flexibility by 
asking about aspects of flexibility such as experien
tial avoidance.

One of the most important shortcomings in the 
current literature on flexibility in psychotherapy is 
the strong reliance on few self-report measures 
(Cherry et al., 2021; Doorley et al., 2020). Although 
self-reports have advantages such as the ease of use 
and adequate face validity, they have their limit
ations. Therefore, assessing flexibility in a way 
which will complement self-reports should include 
the same individual in differing circumstances that 
require differing responses. To capture the dynamics 
of responding to the ever-shifting environment, auto
matic moment-to-moment measures such as body 
movement and facial expressiveness can prove very 
useful.

A Multi-modal and Multi-dyad Approach in 
Psychotherapy Research

It has been suggested that as individuals are exposed 
to a variety of circumstances in everyday life, display
ing variability over time and across contexts can serve 
as an indicator of a system able to integrate and adapt 
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to internal and external demands, which may result 
in better mental health (Atzil Slonim et al., 2011; 
Fisher & Newman, 2016). A multimodal approach 
to measuring flexibility may provide a lens through 
which an individual’s level of flexible response can 
be assessed (Bakhchina et al., 2018; Stange et al.,  
2023), both as part of the pre-treatment assessments 
and as an assessment of the process of change as the 
result of treatment. Such flexibility may manifest pre 
and during treatment as distinct responses to inter
personal contexts in which one individual (patient) 
is sharing an emotional experience with another indi
vidual (therapist). It can be expected that patients 
who come to treatment with higher trait-like ten
dencies to show flexibility, may respond better to 
situations in which they need to respond in 
manners that are distinct from their interpersonal 
tendencies. For example, some patients may find it 
difficult to share a painful experience, receive feed
back from the therapist on what they share, or 
bring up their own concerns about the progress of 
therapy. For those individuals, an ability to overcome 
this difficulty could result in therapeutic progress 
(Greenberg et al., 2007). From the perspective of 
flexibility, individuals need to be able to respond in 
manners that are distinct from their interpersonal 
tendencies, to be able to be able to work effectively 
in treatment. When patients are not characterized 
by higher levels of flexibility, increasing flexibility 
may become the goal of treatment in itself. In such 
circumstances, flexibility becomes a mechanism of 
change.

Working effectively in treatment is a possible long- 
term goal that the flexible patient may pursue, which 
may require sacrificing short-term goals such as 
avoiding difficult emotions. Consistently pursuing 
such a goal over time, situations, and different 
therapeutic relationships, requires implementing 
various interpersonal responses. Based on literature 
suggesting that automatic moment-to-moment 
measures are able to assess interpersonal relation
ships and therapeutic processes (Cohen et al.,  
2021), we propose that meaningful aspects of the 
flexible ebb and flow of interpersonal responses 
can be measured using automatic measures such as 
facial expressiveness and body movement.

Facial expression generation and perception are 
an integral part of successful communication 
between individuals, and they contain information 
about the kind of emotions that are being conveyed 
(Ekman & Friesen, 1978). Facial expressiveness 
(overall facial movement activity across a given 
frame) provides information about the amount of 
facial movements that have transpired during an 
interaction as individuals attempt (both consciously 
and unconsciously) to communicate experiences 

(Salah et al., 2011) and manage their partner’s 
attention (Sawada & Sato, 2015). Observing the 
moment-to-moment changes in facial expressive
ness of a patient in therapy provides information 
about the dynamics governing expression of 
emotions that are being communicated (Lin et al.,  
2019). Implementing this nonverbal mode of com
munication differently when interacting with differ
ent caretakers or the same caretaker at different 
time-points, may signify an ability to adapt one’s 
way of communicating to changes in relationship 
dynamics.

However, facial expressiveness alone is not enough 
as the meaning behind such behavioral changes may 
differ drastically depending on context. For example, 
a patient might become more expressive when 
attempting to facilitate the therapist’s understanding 
of their experience at one time but at other times 
they might do so to avoid another topic. Conse
quently, the same behavior may be considered flex
ible or inflexible depending on the goal it serves 
and its outcomes. Thus, we propose that at least 
one more modality of behavior be considered to 
remedy this (if only partly) by providing useful 
context. The second modality that we consider is 
the amount of body movements as they hold infor
mation regarding the intensity of emotions, as well 
as some information regarding their quality 
(Aviezer, Trope, & Todorov, 2012; Wallbott,  
1998). Observing patterns of momentary changes 
in body movement may shed light on the ebb and 
flow of emotional arousal during a therapy session. 
Thus, changes in the patterns of arousal occurring 
between different sessions or interactions with differ
ent caretakers might provide a hint that the emotion
al experience was somehow changed in its intensity 
or quality.

Taken together, changes in the patterns of body 
movement that are not accompanied by changing 
patterns of facial expressiveness might indicate 
that something is being felt but not communicated 
overtly in or between sessions, making it more 
possible for goal pursuit to be disrupted. 
However, changes in facial expressiveness patterns 
may occur along with changes in body movement 
patterns or without them. In our view, the 
former could occur when what is being felt might 
also be expressed overtly, while the latter may 
occur when the act of expression itself allows to 
keep patterns of arousal relatively unphased. 
Finally, an absence in both types of changes 
might indicate either that these adaptations were 
not required by the changing situation in or 
between sessions or that situational demand was 
left unattended, in which case goal pursuit would 
be disrupted.
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Flexibility Through the Lens of a Dynamical 
Systems Approach

The dynamics of facial expressiveness and body 
movement in theory, as well as the actual dynamics 
displayed by such data (Moulder et al., 2021), are 
all complex and nonlinear in nature. Such an under
standing of these modalities is in line with a Non
linear Dynamical Systems Theory (NDST) 
framework of interpretation and analysis. Dynamical 
Systems Theory contains both linear and nonlinear 
methods, both of which give rise to powerful analytic 
tools. In the case of flexibility, a linear approach using 
more traditional methods would be inappropriate 
(Van Montfort et al., 2018). A more suitable 
approach for studying flexibility in psychotherapy 
would have to derive from nonlinear methods, 
which allow for both qualitative and quantitative 
descriptions of systems that exhibit complex and 
unpredictable behavior (de Felice et al., 2022; Schie
pek et al., 2021).

A linear system can only ever exhibit some combi
nation of exponential growth or decay to a baseline 
and periodic fluctuations (Strogatz, 2018). Higher 
levels of flexibility, in general and in the therapeutic 
context in particular, depict behavior as adaptive, 
sensitive to environmental changes and inputs, and 
highly complex. Body movements and facial expres
siveness during psychotherapy sessions do not 
adhere to either monotonous growth, decay, or oscil
lation. As we mentioned above, the same behaviors in 
therapy can mean either progress, problems, or hold 
no meaning depending on the goal and context 
underlying them. This not only justifies the use of 
NDST, but makes it crucial for studying and analyz
ing therapeutic datasets.

To study and analyze flexibility in therapeutic 
datasets, we propose using attractor reconstruction 
techniques (Takens, 2006) to approximate the 
underlying attractors of body movement and facial 
expressiveness in psychotherapy sessions. An attrac
tor is a representation of the entirety of a system’s 
dynamics in the long term, which can be rendered 
visually for qualitative examination, and its proper
ties may be estimated computationally (Haken,  
2006). Using such methods, attractors of the two 
modalities belonging to the same patient, stemming 
from different therapy sessions may be compared to 
assess their flexibility. Qualitative comparisons of 
attractor structures may be used to detect whether 
the dynamics of each modality changed between 
therapy sessions. This may also be supported by 
changes in the values of quantitative metrics esti
mated for the attractors: e.g., the Lyapunov exponent 
and the Correlation Dimension. Thus, individuals 
who exhibit greater changes in their attractor struc

tures and these two metrics between therapy sessions 
or interactions with multiple caregivers might be 
more reactive, and possibly adapt more to changing 
inputs. For example, during the therapy session, 
the therapist and patient may exhibit a variety of 
movements and facial expression dynamics over 
time, which may be described as a reconstructed 
attractor and estimated matrix. Qualitative compari
sons of attractor structures of different phases of the 
same therapy session or different sessions result in 
quantifying the level of flexibility of the patient.

In addition to serving as quantifiable metrics that 
can be compared between attractors, The Lyapunov 
exponent and the Correlation Dimension contain 
information to complement the information pro
vided by the attractor. Lyapunov exponents can 
serve as measures of the unpredictability of the be
havior exhibited in a therapy session (Taylor,  
2010). Higher Lyapunov exponent values may indi
cate reactivity to what is happening in the session, 
which may signal a flexible behavior. While Lyapu
nov exponents may be construed as measuring the 
predictability of behavior, the Correlation dimension 
may signify the complexity of that behavior. The 
larger its value, the more dimensions are needed to 
aptly describe the dynamics (Sprott & Rowlands,  
2001). In psychotherapy (and possibly other inter
personal contexts), one possible interpretation of 
the value of the Correlation Dimension is that it 
quantifies the number of different behaviors, of 
body or facial movement, that are implicit in the 
dynamics. Both metrics can thus provide an under
standing of the number of behaviors available to an 
individual and the predictability of their use. We 
expect that low values of these metrics represent 
less flexible characteristics of individuals in the thera
peutic context.

The Current Study

In light of all the above, we propose a research para
digm for assessing flexibility in the context of psy
chotherapy, that leans on multimodal and multi- 
dyad measurement and is nested within a NDST 
analytical framework. This manuscript compares 
two cases of experimental participants assigned to 
the roles of pseudo-patients, as a preliminary demon
stration of the type of information our operationaliza
tion is geared to collect. We conducted the current 
study having two hypotheses: (1) The proposed para
digm would allow us to differentiate between the two 
individuals in terms of their levels of flexibility in a 
way that would coincide with their self-report 
measures, as well as with the theoretical definition 
of flexibility. (2) This differentiation will only be 
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possible by assessing and interpreting the patterns of 
both facial expressiveness and body movement mod
alities. Facial expressions are expected to signify the 
emotions the patient explicitly communicates in the 
interaction. In contrast, the movement is expected 
to signify the level of arousal. Combining these two 
modalities is capable of shedding light on the level 
of concordance between the two modalities. Thus, 
we expected that changing patterns of body move
ment between interactions would signify flexible be
havior only when accompanied by changing patterns 
of body movement.

Method

Design

Participants underwent the Flexibility Interaction 
Paradigm (FIP) procedure (described below), 
which consists of several social interactions designed 
to resemble psychotherapy, as well as self-report 
questionnaires before the interactions.

Flexibility Interaction Paradigm (FIP)

This paradigm was designed to resemble the 
patient’s process of sharing interpersonal experience 
in short-term psychodynamic psychotherapy for 
depression. To achieve this, we adapted the first 
session of the supportive-expressive psychodynamic 
therapy protocol (SET: Luborsky, 1984; Luborsky 
et al., 1995), in which the patient is asked to share 
Relationship Episodes (RE’s) with the therapist. 
RE’s are interactions between the patient and impor
tant figures in their life, in which the patient felt some 
kind of discomfort, tension, disagreement, or hurt 
(Gibbons, 2017). The “pseudo-patients” (from 
now on we will refer to them as “speakers”) recruited 
for the FIP were asked to provide three RE’s in 
advance, the order of which was randomized to 
determine which RE would be discussed in each 
interaction. In each of the FIP interactions, the 
“speaker” was asked to discuss RE’s from their lives 
with another participant who was assigned to the 
role of “pseudo-therapist” (from now on we will 
refer to them as “listeners”). As we were interested 
in assessing the behavior of each speaker as they 
interacted with different listeners, each speaker par
ticipated in three separate interactions, each of 
them with a different listener. Additionally, we were 
interested in manipulating the level of familiarity 
and closeness in the interactions, to strengthen the 
claim that these interactions impose different situa
tional demands on the speakers.. Thus, some 

listeners were strangers to the speaker, while others 
were the speaker’s close friends.

The instructions provided to the speakers were 
based on the SET protocol’s definition of RE’s 
(Gibbons, 2017). Additionally, the experimenters 
explicitly stated to the speakers that their goal is to 
tell the RE’s to the listeners. These instructions 
were given twice: once to speakers and listeners 
apart, and once more together with the listeners 
before the start of each interaction. The length of 
each interaction was 15 min, which was determined 
in a few trial runs as a feasible time for strangers to 
be able to converse, while still providing us with 
enough time to measure the desired behaviors (Ram
seyer, 2020b; Reich et al., 2014). All interactions 
were recorded on video to allow for the collection 
of behavioral data.

Measures

Behavioral measures. Motion data. The 
Motion data were collected from video recordings 
of FIP interactions. The interactions were filmed 
with cameras installed in the room positioned at 
equal distances from both speaker and listener, with 
a sampling rate of 25 frames per second. The video 
recording was then cropped (using Corel VideoStu
dio software, Ottawa, Ontario, Canada) to make 
sure that they contained only segments where the 
speaker and listener were interacting, and not the 
parts where the instructions were being given by the 
experimenters. The quantity of motion in the 
cropped videos was assessed using Motion Energy 
Analysis (MEA; Ramseyer, 2020b), in which 
Regions of Interest (ROIs: the head and body of 
therapist and patient) were manually selected, and 
the number of pixels changing from frame to frame 
was calculated in each ROI. The resulting data 
were then smoothed, averaging every half-second 
window using a moving average function.

Facial expressiveness. Data were collected from 
video recordings of the interactions using the Open
Face software (Baltrušaitis et al., 2016) which is 
based on the Facial Action Coding System (Ekman 
& Friesen, 1978). OpenFace identifies the intensity 
of activation of facial muscle groups (termed 
“Action Units”) in the video frames and provides 
values that represent the level of each of 14 action 
unit’s activation in each frame. This is achieved 
after OpenFace identifies facial landmarks in each 
frame that serve as reference points.

Once the raw OpenFace data had been extracted, 
we calculated the overall level of expressiveness in 
each frame across the 14 action units. This was 
achieved by addressing each frame as a point in a 
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14-dimensional Cartesian space, with 14 sets of coor
dinates. Then we used the “numpy.linalg.norm” 
function in the “Numpy” library (Harris et al.,  
2020), using Python (Python 3.6.8; Van Rossum & 
Drake, 2009), to calculate the distance between 
each two consecutive frames. The resulting values 
are difference scores between frames that represent 
the amount of movement in the facial expression 
from one frame to the next. Higher scores indicate 
that a lot of movement has occurred while at the 
lower end, a score of zero indicates that no move
ment has occurred at all.

Self-report measures. Psychological Flexi
bility Questionnaire (PFQ; Ben-Itzhak et al.,  
2014). A 20-item self-report questionnaire for 
measuring the psychological flexibility of an individ
ual. The 20 items assess psychological flexibility 
across 5 domains: (1) positive perception of 
change; (2) characterization of the self as flexible; 
(3) self-characterization as open and innovative; (4) 
a perception of reality as dynamic and changing, 
and (5) a perception of reality as multifaceted. 
Each of the 20 items is rated on a scale ranging 
from 1 (strongly disagree) to 6 (strongly agree), 
thus higher scores indicate greater psychological 
flexibility. Good reliability (Cronbach’s ɑ = .92) 
and validity of the PFQ have been demonstrated 
(Ben-Itzhak et al., 2014).

Acceptance and Action Questionnaire (AAQ- 
2; Bond et al., 2011). A 10 item self-report question
naire used for measuring psychological flexibility as 
defined in ACT, where flexibility is a core concept. 
This questionnaire measures flexibility by asking 
questions about experiential avoidance, immobility, 
and acceptance tendencies. Each item is rated on a 
scale from 1 (never true) to 7 (always true), such 
that higher scores on the AAQ-2 represent more 
experiential avoidance and thus—less flexibility. 
Good reliability (Cronbach’s ɑ ranges between .78 
and .88) and validity for the AAQ-2 have been 
demonstrated (Bond et al., 2011).

Outcome Questionnaire (OQ-30; Wells et al.,  
1996). A 30-item self-report questionnaire designed 
for repeated measurement of progress in psychother
apy along three main scales: (a) level of symptom dis
tress, including symptoms of commonly diagnosed 
disorders such as depression, anxiety and substance 
abuse. (b) The interpersonal relationships scale 
assesses problems in relationships, feelings of iso
lation, inadequacy and withdrawal. (c) The social 
role performance scale assesses satisfaction with 
work and personal life. Variable reliability (Cron
bach’s ɑ coefficient ranges between .47 and .75) 
and validity for the Outcome Questionnaire have 

been reported (Gross et al., 2015; Wells et al.,  
1996). In the current study, the OQ was used as a 
measure of general distress.

Experience in Close relationship (ECR; 
Brennan et al., 1998). A 36-item self-report 
measure of adult attachment, in which individuals 
report their thoughts, feelings, and experiences in 
interpersonal relationships on a 7-point Likert 
scale from 1 (disagree) to 7 (highly agree). The 
scale produces scores on two dimensions: anxious 
attachment and avoidant attachment. Adequate 
reliability (Cronbach’s ɑ for anxious and avoidant 
attachment are .89 and .90 respectively) and validity 
of the scores has been reported (Brennan et al.,  
1998).

Inventory of Interpersonal Problems (IIP-32; 
Alden et al., 1990; Horowitz et al., 1988). A 32-item 
self-report measure for assessment of interpersonal 
distress and social adjustment level. The items are 
rated on a 5-point Likert scale, ranging from 0 (not 
at all) to 4 (extremely). The total score, which is 
the indicator for the severity of difficulties in interper
sonal functioning, is computed by averaging the item 
scores. Higher scores indicate poorer interpersonal 
functioning, which can manifest as difficulties 
expressing affection, being assertive or aggressive, 
being overly disclosing, etc. Adequate validity and 
reliability (alpha = .86) have been reported for the 
IIP-32 (Barkham et al., 1996).

Participants

In the current study, participants were recruited 
from the community via social media and volun
teered to participate in exchange for monetary com
pensation. We enrolled two participants for the 
Flexibility Interaction Paradigm (FIP; described 
below) in the roles of “speakers”. Each one of 
them interacted with three additional participants 
that were enrolled in the role of “listeners”. Four lis
teners (two for each speaker) were enrolled in the 
same way, and two more (one for each speaker) 
were close friends of the speakers, recruited 
through them. Thus, each speaker interacted with 
a total of three listeners, two of whom were stran
gers, and one of whom was a friend. All details 
bearing on the participants’ identity (e.g. name, 
gender, age, occupation) have been disguised in 
this study.

Speaker 1—Ted: Ted is a male in his twenties, 
single, and studying for a graduate degree in social 
work. Ted identifies as a Jewish man of European 
descent and reported his family’s income to be 
below average. On the self-report measures taken at 
baseline (see Table I), Ted reported experiencing 
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low levels of symptoms such as stress and irritability, 
and reported having a happy life with which he was 
satisfied (total OQ score = 29). Additionally, Ted 
reported a slight tendency towards anxious attach
ment, (ECR anxiety scale score = 3.72) and avoid
ance (ECR avoidance scale score = 2.89), and low 
levels of interpersonal problems (IIP score = 1.28). 
Finally, Ted showed moderate to high levels of self- 
reported psychological flexibility (PFQ score = 78), 
as well as low levels of experiential avoidance and dis
tress (AAQ-II score = 20). During the FIP paradigm, 
Ted interacted with three listeners in the following 
order: a male stranger, a female stranger, and a 
male close friend.

Speaker 2—Keely: Keely is a female in her 
thirties, single, studying finance and working as a 
sales representative. Keely identifies as a Jewish 
woman of European descent and reported her 
family’s income to be average. On the self-report 
measures taken at baseline (see Table I), Keely 
reported experiencing high levels of symptoms, 
among which were: stress, worries, loneliness, 
depressed mood, and a lack of satisfaction and happi
ness in life (total OQ score = 70). Additionally, Keely 
reported a slight tendency towards anxious attach
ment (ECR anxiety scale score = 3.78) and a signifi
cant tendency towards avoidance (ECR avoidance 
scale score = 4.94), as well as low levels of interperso
nal problems (IIP score = 2.44). Finally, Keely 
showed moderate levels of self-reported psychologi
cal flexibility (PFQ score = 63), as well as high 
levels of experiential avoidance and distress (AAQ- 
II score = 54). During the FIP paradigm, Keely inter
acted with three listeners in the following order: a 
female close friend, a female stranger, and a male 
stranger.

Procedure

First, participants who contacted the research team 
were randomized to either the role of a “speaker” 
or a “listener”. Then, the research team briefed 
them about the goals of the study and the study’s 
requirements (i.e., the role they were expected to 

play), and provided them with an informed consent 
form. After signing, the participants filled out 
online questionnaires (Demographics and OQ), 
and speakers were asked to write down three short 
descriptions of REs for the FIP. The participants 
were then invited to come to the lab for the next 
stage of the study.

Once at the lab, another set of questionnaires (IIP- 
32, PFQ, ECR) was administered before entering the 
first FIP interaction. Once 15 min of interaction had 
passed, the experimenter came into the room to stop 
the conversation. At this point, the listener was 
debriefed while a new listener was being prepared 
for interaction. The speaker received the instructions 
again in preparation for interaction as well. The 
speaker was debriefed after three FIP interactions 
conducted in this way.

Statistical Analysis

Producing a reconstructed attractor: Hankel 
Alternative View of Koopman analysis 
(HAVOK; Brunton et al., 2017). We analyzed the 
data of two cases using Hankel Alternative View of 
Koopmann analysis, to reconstruct attractors of the 
observed behaviors, and compare them. HAVOK 
analysis was used to model the time-series of behav
ior modalities (body movement, facial expressive
ness) generated by the speaker in the FIP. HAVOK 
is a method derived from NDST which is able to 
reconstruct the nonlinear dynamics of an observed 
system within an entirely linear framework. To 
accomplish this, HAVOK analysis uses time-delay 
embedding techniques (Takens, 2006) via a Hankel 
matrix approach to reconstruct the attractor of a 
system using time-series data.

To conduct a HAVOK analysis, a time-series of 
interest is first embedded into a time-delayed 
matrix with a Hankel matrix structure. This time- 
delay matrix then undergoes Singular Value 
Decomposition (SVD). The right singular values of 
the SVD represent a new matrix of orthogonal 
latent time series which share the least amount of 
linear information with one another and that are 
ordered in terms of the proportion of variance 
explained in the original time-delay matrix. The 
matrix of orthogonal latent time-series then under
goes a regularization and sparsification process to 
reduce its dimensionality from its original dimen
sionality (D) to a reduced rank dimensionality (r). 
If done correctly, the final column of the matrix of 
orthogonal latent time-series will represent the 
amount of non-linear forcing present in the system 
at any given time. Generally, this final column will 
show a spiking behavior, indicating times when a 

Table I. Self-report measures taken at baseline.

Measure Ted’s values Keely’s values

PFQ (total score) 78 63
AAQ-II (total score) 20 54
OQ-30 (total score) 29 70
ECR (average score)
Anxiety axis 3.72 3.78
Avoidance axis 2.89 4.94
IIP-36 (average score) 1.28 2.44
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system is undergoing some sort of nonlinear 
behavior.

A continuous-time state-space model may then be 
constructed regressing the first derivatives of the 
time-series in the SVD matrix of orthogonal latent 
time-series on the first r-1 components of the SVD 
matrix of orthogonal latent time-series and treating 
the rth component of the SVD matrix as an exogen
ous forcing component. The result of this process is a 
function that is meant to model the behavior of the 
original time-series data in time:

Ẋ = AX + BU 

where X is the matrix of first derivatives of the first 
r-1 columns of the SVD matrix of orthogonal latent 
time-series, U is the rth column of Ẋ; and A and B 
are parameter matrices relating X and U to Ẋ. This 
two-part equation represents the time-series as a 
linear system that is intermittently forced via U. 
The linear term (AX) contains wave-like periodic 
functions, which are then displaced by the nonlinear 
forcing term U at points in time where it is most 
active (where the time-series experiences deviations 
from a repetitive wave pattern). Thus, when the 
speaker is moving (the face or the body) very predic
tably the forcing term will be close to zero, whereas 
when the speaker’s movements become increasingly 
erratic or unpredictable the forcing term will increase 
in magnitude.

HAVOK analysis results are highly dependent on 
hyperparameters that define how many columns of 
the SVD matrix are to be used (“rmax”), what time 
difference exists between measurements in a time- 
series (“dt”), number of rows to be used in creating 
the Hankel matrix (“stackmax”), and a sparsifica
tion threshold (“lambda”). In the current study, 
we used the “phavok” function from the HAVOK 
R package (Moulder et al., 2021) to find hyper
parameter values that would best fit the dataset in 
each modality via a large grid-search of possible 
parameters. Thus, we found two sets of parameters 
(see Table II), one for each modality (facial expres
siveness and movement), that would be unchanging 
across time-series from all six sessions we recorded, 
and still facilitate good fits of the HAVOK models 
to the original time-series.

Estimating Quantitative Properties of the 
Attractors

(a) The Lyapunov exponent. One of the meta- 
metrics applicable to attractors is the Lyapu
nov exponent, which serves as an estimate of 
the system’s unpredictability. This metric is 
estimated by taking the value of two points 
that neighbor each other in a certain radius 
of state-space at time (t), and calculating 
the exponential growth in distance between 
them as time progresses. This process is 
repeated numerous times to estimate the 
average rate of increase in exponential dis
tance between the two points, thus providing 
the Lyapunov exponent. The higher this 
metric is, the more unpredictable the system 
is (Taylor, 2010).

(b) The Correlation Dimension. This meta- 
metric quantifies the number (sometimes 
fraction) of dimensions needed to represent 
the system underlying a time-series. The 
higher the correlation dimension, the more 
complex the system is, as it requires more 
dimensions to fully describe (Sprott & Row
lands, 2001).

Results

HAVOK Analysis Results

First, we ran “phavok” to identify sets of parameters 
that could be used across time-series for both Ted 
and Keely in each modality. We identified one such 
set for each modality, the sets are shown in Table 
II. Then we ran HAVOK using these optimal par
ameters to reconstruct the underlying attractor for 
each time-series. Figures 1 and 2 show the attractors 
reconstructed from body movement and facial 
expressiveness data (respectively), for each of three 
interactions Ted and Keely participated in. The 
reconstructed attractors shown in Figures 1 and 2 
represent the time-delayed embedding of the time- 
series (after it had undergone Singular Value 
Decomposition) in three dimensions. The resulting 
shapes represent the dynamics underlying facial 
expressiveness and body movement in time, in each 
interaction. We will analyze the resulting attractor 
shapes both through qualitative description of the 
dynamics, and through quantitative comparison. 
Qualitative analysis allows us to describe features 
that are visually apparent in the attractor shapes but 
difficult to quantify. To analyze the attractors quan
titatively we used the two metrics: the Lyapunov 
exponent and correlation dimension. Tables III and  
IV show the values of these metrics for all recon
structed attractors shown in the previous section.

Table II. HAVOK parameters—sets of parameters for each 
modality.

Modality rmax stackmax labda dt

Facial expressivenes 20 100 0.01 0.04
Body movement 16 100 0.01 0.04
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Figure 1. Attractors reconstructed from body movement.
Note: These figures show the attractors reconstructed from body movement data for each of three interactions Kelley and Ted participated 
in. Attractors A, B, and C represent Ted’s three interactions—1, 2, and 3—respectively. Attractors D, E, and F represent Kelly’s three inter
actions—1, 2, and 3—respectively.

Figure 2. Attractors reconstructed from facial expressiveness.
Note: These figures show the attractors reconstructed from facial expressiveness data for each of three interactions Kelley and Ted partici
pated in. Attractors A, B, and C represent Ted’s three interactions—1, 2, and 3—respectively. Attractors D, E, and F represent Kelly’s three 
interactions—1, 2, and 3—respectively.
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Before we proceed to report on the results, it is 
important to show that these shapes differ greatly 
from attractors that would have resulted from 
random data. Figure 3 shows an example of three 
attractors, where one is obtained from a purely math
ematical system (A); one is obtained from a HAVOK 
reconstruction of data presented in this manuscript 
(B); and one from random Gaussian noise (C). 
While the attractor structure obtained from our 
observed data is not as visually smooth and clean as 
a purely mathematical system, it does show meaning
ful order and structures compared to random noise. 
This indicates that our data signal is picking up 
meaningful dynamics of behavior as opposed to 
only measurement error.

Ted’s Results

Description of interactions. Ted interacted 
with three different listeners both in terms of their 
familiarity to him, as well as their behavior in the 
interactions. The first listener was a very energetic 
and engaged same-sex stranger who offered verbal 
feedback with enthusiasm. The second was a stran
ger of the opposite sex who seemed to engage much 
less, moved less, and barely spoke back to Ted. 
Finally, Ted met a same-sex friend who reacted 
mildly but was engaged throughout the interaction. 
In the three interactions Ted was able to meet the 
goal set by the FIP paradigm, namely, to tell his 
RE’s from start to finish and have a conversation 
about them with his listeners. Additionally, Ted 
was very responsive to engagement from his listeners, 
and seemed to revel in their reactions and feedback. 
This was reflected in Ted’s movements, which were 
characterized by a relaxed posture on one hand, 
and hand gestures that were used to illustrate his 
words and imbue them with the intensity he wished 
on the other. While listening to the responses of 

listeners, Ted would sit rather still and nod his 
head from time to time. Ted’s facial expressions 
also showed a similar pattern: when speaking, 
Ted’s expressions would change quickly to match 
the tone of his words. However, when being spoken 
to, Ted would adopt a rather unchanging but friendly 
face while keeping eye contact. While this description 
was generally true for all three interactions, it 
changed visibly in the second. As the second listener 
responded to Ted minimally, Ted’s efforts to “pull 
him into the RE’s story” (with both gestures and 
expressions) became more pronounced on the back
ground of the times Ted spent awaiting a response 
without moving.

Reconstructed attractors. Ted’s body move
ment attractors across sessions (see Figure 1(A–C)) 
show a rather similar structure: each attractor has a 
dense center with perturbations encircling it and 
expanding out. The general pattern of the three 
attractors shows that ted spent most of the time in 
the interaction moving rather mildly, with larger 
movements happening once in a while. This reflected 
Ted’s behavior in the video recordings, as described 
above, so that the dense center could represent the 
times spent not listening, smiling and nodding, 
whereas the perturbations reflect the more active 
behaviors.

Ted’s facial expressiveness attractors exhibit 
different patterns (see Figure 2(A–C)): the general 
shape of the attractors resembles the shapes observed 
in body movement attractors, in that generally the 
attractors possess some kind of dense center. The 
attractors for interactions one (A) and three (C) 
have a defined dense center with large perturbations 
encircling it, however the first attractor’s center 
seems denser, and the perturbations less frequent 
than those of the third. The attractor for the second 
(B) interaction seems to possess two pronounced 

Table III. Lyapunov exponent values, means, and ranges for each speaker.

Modality speaker interaction Lyapunov exponent value mean range

Facial expressivenes Ted 1 1.428 1.015 1.285
2 0.166
3 1.451

Keely 1 0.655 0.739 0.32
2 0.621
3 0.941

Body movement Ted 1 1.682 1.568 0.669
2 1.845
3 1.176

Keely 1 0.871 0.765 0.169
2 0.702
3 0.723
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dense centers, which represent the frequent switch
ing of Ted’s face from an unmoving state of awaiting, 
to trying to grab the listener’s attention when 
speaking.

Lyapunov exponent and correlation 
dimension metrics. As shown in Table III, Lyapu
nov exponent values derived from Ted’s data were all 
positive, meaning that distances between nearby 
trajectories on the attractors increase exponentially 
as time passes. Ted’s mean value of Lyapunov expo
nents in facial expressiveness data were lower than 
the mean value of the same metric in the body move
ment data (1.02 and 1.57 respectively). Additionally, 
the range of Lyapunov exponent values in facial 
expressiveness data were larger than in body move
ment data (1.29 and 0.67 respectively). These differ
ences are mainly due to a sharp drop in the Lyapunov 
exponent value for facial expressiveness in the second 
interaction. This suggests that Ted’s facial expres
siveness attractors differ in terms of their predictabil
ity more than his body movement attractors do. The 
mean value and range of the correlation dimension 
(see Table IV) metric was much higher in Ted’s 
facial expressiveness data than in body movement 
(means: 5.64 and 2.29 ranges: 7.33 and 1.34 respect
ively). This suggests that Ted’s facial expressiveness 
attractors vary much more between themselves, and 
are generally more complex than his body movement 
attractors.

Keely’s Results

Description of interactions. Keely also inter
acted with three different listeners: she first interacted 
with a same-sex friend of many years, who was very 
agreeable. Then she interacted with a same-sex stran
ger who was very enthusiastic about giving positive 
feedback, as well as presenting her own perspective 
during the interactions. Finally, Keely interacted 

with another stranger of the opposite sex, who was 
more assertive and self-expressive than the others. 
Upon inspecting the interaction recordings, we 
found that Keely did not stay on-task and did not 
share the RE’s with her listeners. Rather, she made 
small talk with them on topics related to the RE’s she 
was supposed to discuss. For example: when interact
ing with the stranger in the third interaction, she did 
not tell him about the political argument that arose 
between her and a colleague. However, she did 
choose politics as a general subject of discussion with 
the listener. The interactions seemed pleasant to 
both sides, however they shared a similar behavioral 
pattern: Keely would speak more than the listeners, 
with her face constantly switching between moments 
of stillness and sharp movement, mostly keeping a 
commanding and assertive, yet friendly voice. She 
tended to interrupt the speakers when they offered 
feedback, often adding a proclamation such as: 
“This is what I am, and it’s not going to change”. 
This verbal behavior was mostly accompanied by a 
sharp increase in body movement and hand gesturing. 
This pattern seemingly became more pronounced 
with each interaction.

Reconstructed attractors. Keely’s body move
ment attractors across sessions (see Figure 1(D–F)) 
differ in structure more than Ted’s: the first two 
attractors (D and E) follow roughly the same struc
ture as Ted’s, however; the center seems to be 
denser. Additionally, the perturbations from the 
dense center seem to be less frequent but larger in 
magnitude, especially in Keely’s attractor for the 
second interaction (E). Keely’s attractor from the 
third interaction (F) differs greatly from the first 
two, exhibiting no defined center, and a rather 
uniform density in space that is the result of constant 
large motions. This pattern coincides with the behav
ior observed in the video recordings described above 
at its most severe. In the third interaction, Keely’s 

Table IV. Correlation dimension values, means, and ranges for each speaker.

Speaker Interaction Correlation dimension value Mean Range

Facial Expressiveness Ted 1 10.152 5.640 7.332
2 2.82
3 3.949

Keely 1 4.048 4.451 3.042
2 6.173
3 3.131

Body Movement Ted 1 1.662 2.291 1.335
2 2.215
3 2.997

Keely 1 3.187 2.593 1.165
2 2.57
3 2.022
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swinging between little motion and large sharp hand 
gesturing was the most erratic.

Keely’s facial expressiveness attractors (see Figure 
2(D–F)) look similar to each other, having an arrow- 
like shape like Ted’s but with no clearly defined 
center. The state-space seems to be uniformly 
filled by trajectories, coinciding with the consistent 
but large changes in facial expressions during the 
interactions.

Lyapunov exponent and correlation dimension 
metrics. As shown in Tables III, Lyapunov exponent 
values derived from Keely’s data were all positive, 
meaning that distances between nearby trajectories 
on the attractors increase exponentially as time 
passes. Keely’s mean value of Lyapunov exponents 
in facial expressiveness data were very similar to the 
mean value of the same metric in the body movement 
data (0.74 and 0.77 respectively). Additionally, the 
range of Lyapunov exponent values in facial expres
siveness data were larger than in body movement 
data (0.32 and 0.17 respectively). This suggests that 
Keely’s facial expressiveness attractors in both mod
alities do not strongly differ in terms of their predict
ability. The mean value and range of the correlation 
dimension metrics (see Table IV) were much higher 
in Keely’s facial expressiveness data than in body 
movement (means: 4.45 and 2.69, ranges: 3.04 and 
1.17 respectively). This suggests that Keely’s facial 
expressiveness attractors vary much more between 
themselves and are generally more complex than her 
body movement attractors.

Integration of HAVOK Analysis Results and 
Case Descriptions

During the FIP interactions, it seems that of the two 
speakers described here, Ted was the only one who 

stayed on-task and was able to discuss his RE’s 
with the listeners consistently, regardless of their 
reactivity and collaboration with him. Additionally, 
both the quantitative and qualitative analyses of the 
speakers’ facial expressiveness attractors show 
Ted’s attractors to differ between interactions, as evi
denced by the shapes described above, and the larger 
ranges of Lyapunov exponent and correlation dimen
sion values. These results correspond with Ted’s be
havior in the interactions, where he used changing 
facial expressions to communicate and react to his 
listeners as he was speaking, and was less expressive 
as they were replying, seemingly attending to their 
words. Of great interest is the change in Ted’s behav
ior during the second interaction, where the listener 
was much less active both verbally and non-verbally. 
In this interaction, Ted’s face seemed to switch 
between two modes of behavior that alternated repe
titively. The first was characterized by relative 
motionlessness and a flat facial expression, while 
the second mode seemed to contain attempts to 
excite the listener into reacting by accompanying 
pieces of dialogue with a smile. This pattern might 
explain the sharp decrease in the value of the Lyapu
nov exponent in this interaction as well as the appear
ance of a second dense area in the attractor, thus 
exemplifying Ted’s adaptation to differences 
between listeners. While the results indicate Ted’s 
facial expressiveness behavior varies between inter
actions, this is not true for his body movements. 
During the interactions, Ted’s way of moving was 
fairly consistent, including relaxed hand gestures 
accompanying speech, and larger movements such 
as adjusting the sitting pose. This relatively small 
and consistent selection of behaviors seems to be 
reflected in the lower values of correlation dimen
sion, as well as in the attractors that have very 
similar shapes. However, the larger range values of 
both metrics indicate that the attractors differed in 

Figure 3. An example of different attractors.
Note: Attractor A represents is an example of an attractor obtained from the purely mathematical Lorenz system. Attractor B was obtained 
using HAVOK analysis with data presented in this manuscript. Attractor C is an attractor reconstructed from random Gaussian noise.
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their level of predictability and complexity more than 
Keely’s.

Keely, on the other hand, did not stay on-task, 
especially when interacting with strangers in inter
actions two and three. As described above, Keely 
did not truly discuss the RE’s with her listeners, but 
rather talked around them, making small talk about 
a general topic that is remotely related to each 
given RE. This pattern of avoidance was 
accompanied by both qualitative and quantitative 
properties of her attractors that were different to 
Ted’s. Keely’s facial expressiveness attractors are 
very similar across interactions: this is reflected 
both by the attractor shapes as well as the lower 
range and mean of Lyapunov exponents in Keely’s 
data. However, for body movement a different 
pattern emerged: Keely’s attractor shapes differed 
more than Ted’s, and her mean value of correlation 
dimension was higher than Ted’s. However, 
Keely’s mean Lyapunov exponent and the ranges of 
both metrics remained consistently lower than Ted’s.

Discussion

The goal of the present study was to introduce a 
novel approach to measuring flexibility in psy
chotherapy, and demonstrate its use using an exper
imental design. We set out to achieve this goal by 
using a multi-dyad and multi-modal approach 
nested within a Nonlinear Dynamical Systems 
framework. The framework is based on a definition 
of flexibility as behaviors that vary when circum
stances demand it, in a way that allows toleration of 
distress and promotes goal attainment (Cherry 
et al., 2021; Kashdan & Rottenberg, 2010). The 
FIP paradigm was designed to mimic therapeutic 
interactions between individuals in which one 
shares emotional experiences with another, as may 
happen in many clinical settings where the same indi
vidual (patient) meets with several caretakers (thera
pist, diagnostician, or case manager).

Our first hypothesis was that the FIP paradigm, 
designed as psychotherapy-based interactions, 
would successfully differentiate between two individ
uals—Ted and Keely. From the outset, we chose Ted 
and Keely for this demonstration because their flexi
bility levels differ as manifested by self-report 
measures of flexibility as well as psychological 
health and functioning levels. Ted’s pre-session 
self-report measures indicated him as more flexible 
than Keely, which was accompanied by better 
psychological health and functioning. The results 
suggest that the FIP was able to differentiate 
between Ted and Keely’s flexibility levels. Ted’s be
havior during the therapy-like interactions with three 

different partners showed more unpredictability 
within the interactions as well as more structural 
variability between them, compared to Kelly’s pat
terns of behavior.

Our second hypothesis was that multimodal infor
mation would be crucial to reveal which of the pat
terns identified was indicative of flexibility and 
adaptive behavior. Had we looked at either modality 
on their own, we could have identified both individ
uals as flexible based on the attractor shapes. Our 
results indicate that Ted’s facial expressiveness be
havior was more varied in terms of its dynamics, pre
dictability, and complexity than Keely’s. The results 
for body movement emerged as less conclusive, 
showing that on one hand, Keely’s attractor shapes 
differ between interactions much more than Ted’s, 
but are still characterized by higher predictability 
and lower ranges of the quantitative metrics esti
mated. Thus, Ted’s varying facial expressiveness 
attractors and his ability to stay on-task would have 
crowned him as flexible, while in the body movement 
modality Keely might have taken the prize. However, 
by putting these modalities together, minding their 
postulated meaning and integrating these results 
with the speaker’s ability to stay on-task, a more com
plicated and richer picture emerged.

Ted showed an ability to change the dynamics of 
his facial expressiveness when faced with different 
conversation partners, which was not observed in 
Keely’s data. In Ted’s case, these changes were 
accompanied by rather similar attractor shapes of 
body movements, which may show that Ted was 
able to regulate the changes in his arousal at least in 
part. However, some variability between the attrac
tors remained and manifested itself in the quantitat
ive metrics of the attractors. Thus, while Ted’s body 
movement patterns are less variable than his facial 
expressiveness patterns, they are still characterized 
by less predictability and more complexity than 
Kelly’s. Taken together with Ted’s ability to stay 
on-task during the interactions, Ted’s better inter
personal functioning, and lower symptom distress 
when compared to Keely, Ted’s pattern of behavior 
may be defined as flexible (Cherry et al., 2021; 
Kashdan & Rottenberg, 2010). Finally, Ted and 
Keely’s psychological flexibility as measured by two 
self-report measures seems to be in line with this defi
nition. These findings provide preliminary support 
for our claim that the multimodal data collected in 
the FIP may differentiate between patients with 
different levels of flexibility.

This study is the first to suggest a paradigm for the 
assessment of individuals’ flexibility that was devised 
specifically to be suitable to psychotherapy as well as 
the theoretical definition of flexibility. In many psy
chotherapy settings (inpatient and outpatient clinics, 
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and RCTs) patients meet more than a single provider 
of mental healthcare. Thus, the FIP paradigm might 
be used in such settings for ecological collection of 
data. Such a method requires no additional effort on 
the patient’s part and is directly relevant to measuring 
flexibility in psychotherapy, thus bypassing some 
shortcomings of self-report measures. Integrating 
multimodal automatic measurement in psychother
apy will allow researchers and clinicians to observe 
patterns of behavior as the patient interacts with mul
tiple caregivers, as well as the same caregiver over time 
(namely, as it evolves throughout different sessions). 
Observing differences in patterns of patient’s behavior 
with different caretakers may serve as an indication of 
their trait-like flexibility at a given time (Zilcha-Mano,  
2021). Conversely, state-like changes in these pat
terns over time might hint at changes in a patient’s 
flexibility, which might then be related to therapy out
comes. Such research may shed light on the role of 
flexibility as a predictor, and a mechanism of change 
in psychotherapy.

Importantly, this work is also novel due to its use of 
nonlinear dynamical systems methods within the psy
chotherapy research space. Without leveraging NDST 
methodology, these findings would have been possible 
given that the metrics we used in this study (Lyapunov 
exponents and Correlation Dimension) are either 
undefined or have no equivalent within a linear analy
sis framework. These methods can be implemented 
with any kind of data that is collected frequently 
enough, such as vocal and physiological signals from 
therapy sessions (Kleinbub et al., 2020; Reich et al.,  
2014). Another research direction that can implement 
these methods is using smartphones and smart
watches before the start of treatment in an ecological 
manner throughout the patient’s daily life. The level 
of flexibility of the patient can then be evaluated 
using these data as collected across time before the 
start of treatment and across types of daily life inter
actions (with significant others, strangers, etc.).

Our study is of course not without its limitations. 
Although in the current study we devised the FIP 
to resemble psychotherapy, we believe that the true 
potential of our approach will be realized once 
implemented in psychotherapy directly, as described 
above. On one hand, the FIP was created to best 
resemble psychotherapy but on the other there are 
several shortcomings of this paradigm that must be 
considered: (a) the interactions of the FIP were 
only fifteen minutes long, as opposed to the fifty 
minutes of a standard therapy hour; (b) due to the 
attempt to resemble the naturalistic setting of 
therapy, the goals of the participants were not 
manipulated as well as they could have been in a rig
orous experimental setting. Thus, while operating 
and interpreting on the assumption that the 

participants were motivated to follow our instruc
tions to share their RE’s, we cannot know if that 
assumption is true. This is important because asses
sing whether behavior is adaptive in achieving a 
valued goal is one of the criteria for classifying the be
havior as flexible or not (Kashdan & Rottenberg,  
2010).

Additionally, as the current study was meant to be a 
demonstration, we examined only two cases. Accord
ingly, its results should be interpreted with caution 
until confirmed by studies with large samples and 
several time-points. Third, psychotherapy is (cer
tainly to some extent) an interpersonal process, 
meaning that assessing the flexibility of one side of 
an interaction without considering the other may 
result in conclusions that differ greatly from ones 
derived by considering both sides in the dyad. In the 
current study we decided to focus on the patient 
side of therapy in isolation for the sake of simplifying 
a complex outlook on human behavior. While that 
may have provided a clearer demonstration, the 
results that might have come out of analyzing the 
flexibility of synchrony of nonverbal behavior 
between therapist and patient, might have been 
different. In future studies we intend to use our 
approach to study the flexibility of synchrony 
between patient and therapist, in the hopes of shed
ding light on differences between flexible and inflex
ible patterns of synchrony and their possible 
ramifications for therapeutic success.

In conclusion, our study demonstrates a novel 
approach to measuring flexibility in psychotherapy. 
The FIP allows for the collection of multimodal 
data that holds information regarding an individual’s 
repertoire of interpersonal behaviors and the predict
ability of these behaviors. This measure has the 
potential to provide a strong operationalization that 
would complement existing measures and allow the 
required complexity for understanding this concept. 
Future studies should assess the replicability and 
generalizability of this study’s findings in large 
samples of psychotherapy patients that interact with 
multiple treatment providers over time. Additionally, 
future studies should further assess whether changes 
in multimodal behavioral patterns occur during psy
chotherapy, and whether these changes precede 
fluctuations in symptom severity. This will serve to 
further establish the role of flexibility as a mechanism 
of change in psychotherapy.

Disclosure Statement

No potential conflict of interest was reported by the 
author(s).

252 T. Guralnik et al.



Funding

T.G. was supported by the Society for Psychotherapy 
Research Small Research Grant 2023. S.Z.M. was 
supported by a grant from the Israeli Science Foun
dation [grant 395/19] as well as by the European 
Research Council (ERC) under the European 
Union’s Horizon Europe Research and Innovation 
Programme [grant agreement no.101123661 
SynSig]. The content is solely the responsibility of 
the authors and does not necessarily represent the 
official views of the sponsors.

ORCID

Sigal Zilcha-Mano http://orcid.org/0000-0002- 
5645-4429

References

Alden, L. E., Wiggins, J. S., & Pincus, A. L. (1990). Construction 
of circumplex scales for the Inventory of Interpersonal 
Problems. Journal of Personality Assessment, 55(3-4), 521–536. 
https://doi.org/10.1207/s15327752jpa5503&4_10

Atzil Slonim, D., Shefler, G., Dvir Gvirsman, S., & Tishby, O. 
(2011). Changes in rigidity and symptoms among adolescents 
in psychodynamic psychotherapy. Psychotherapy Research, 21 
(6), 685–697. https://doi.org/10.1080/10503307.2011.602753

Aviezer, H., Trope, Y., & Todorov, A. (2012). Body cues, not 
facial expressions, discriminate between intense positive and 
negative emotions. Science, 338(6111), 1225–1229.

Bakhchina, A. V., Arutyunova, K. R., Sozinov, A. A., Demidovsky, 
A. V., & Alexandrov, Y. I. (2018). Sample entropy of the heart 
rate reflects properties of the system organization of behaviour. 
Entropy, 20(6), 449. https://doi.org/10.3390/e20060449

Baltrušaitis, T., Robinson, P., & Morency, L. P. (2016). Openface: 
An open source facial behavior analysis toolkit. IEEE Winter 
Conference on Applications of Computer Vision (WACV), 
Lake Placid, NY, USA, 07–10 March 2016.

Barkham, M., Hardy, G. E., & Startup, M. (1996). The IIP-32: A 
short version of the Inventory of Interpersonal Problems. 
British Journal of Clinical Psychology, 35(1), 21–35. https://doi. 
org/10.1111/j.2044-8260.1996.tb01159.x

Ben-Itzhak, S., Bluvstein, I., & Maor, M. (2014). The psychological 
flexibility questionnaire (PFQ): Development, reliability and val
idity. http://www.webmedcentral.com/article_view/4606

Bluett, E. J., Lee, E. B., Simone, M., Lockhart, G., Twohig, M. 
P., Lensegrav-Benson, T., & Quakenbush-Roberts, B. 
(2016). The role of body image psychological flexibility on 
the treatment of eating disorders in a residential facility. 
Eating Behaviors, 23, 150–155.

Bond, F. W., Hayes, S. C., Baer, R. A., Carpenter, K. M., 
Guenole, N., Orcutt, H. K., Waltz, T., & Zettle, R. D. 
(2011). Preliminary psychometric properties of the 
Acceptance and Action Questionnaire–II: A revised measure 
of psychological inflexibility and experiential avoidance. 
Behavior Therapy, 42(4), 676–688. https://doi.org/10.1016/j. 
beth.2011.03.007

Brennan, K. A., Clark, C. L., & Shaver, P. R. (1998). Self-report 
measurement of adult attachment: An integrative overview. In 
J. A. Simpson & W. S. Rholes (Eds.), Attachment theory and close 
relationships (pp. 46–76). Guilford.

Brunton, S. L., Brunton, B. W., Proctor, J. L., Kaiser, E., & Kutz, 
J. N. (2017). Chaos as an intermittently forced linear system. 
Nature Communications, 8(1), 19. https://doi.org/10.1038/ 
s41467-017-00030-8

Cherry, K. M., Vander Hoeven, E., Patterson, T. S., & Lumley, 
M. N. (2021). Defining and measuring “psychological flexi
bility”: A narrative scoping review of diverse flexibility and 
rigidity constructs and perspectives. Clinical Psychology 
Review, 84(101973), 1–16. https://doi.org/10.1016/j.cpr.2021. 
101973

Ciarrochi, J., Bilich, L., & Godsell, C. (2010). Psychological flexi
bility as a mechanism of change in acceptance and commitment 
therapy. In R. Baer (Ed.), Assessing mindfulness and acceptance 
processes in clients: Illuminating the theory and practice of change 
(pp. 51–75). Context Press.

Cohen, K., Ramseyer, F. T., Tal, S., & Zilcha-Mano, S. (2021). 
Nonverbal synchrony and the alliance in psychotherapy for 
major depression: Disentangling state-like and trait-like 
effects. Clinical Psychological Science, 9(4), 634–648. https:// 
doi.org/10.1177/2167702620985294

Cuijpers, P., Cristea, I. A., Karyotaki, E., Reijnders, M., & 
Hollon, S. D. (2019). Component studies of psychological 
treatments of adult depression: A systematic review and 
meta-analysis. Psychotherapy Research, 29(1), 15–29. https:// 
doi.org/10.1080/10503307.2017.1395922

Cuijpers, P., Karyotaki, E., Weitz, E., Andersson, G., Hollon, 
S. D., & van Straten, A. (2014). The effects of psychothera
pies for major depression in adults on remission, recovery 
and improvement: A meta-analysis. Journal of Affective 
Disorders, 159, 118–126. https://doi.org/10.1016/j.jad.2014. 
02.026

De Boer, M. J., Steinhagen, H. E., Versteegen, G. J., Struys, M. 
M., & Sanderman, R. (2014). Mindfulness, acceptance and 
catastrophizing in chronic pain. PLoS One, 9(1), e87445. 
https://doi.org/10.1371/journal.pone.0087445

de Felice, G., Giuliani, A., Pincus, D., Scozzari, A., Berardi, V., 
Kratzer, L., Aichhorn, W., Schöller, H., Viol, K., & 
Schiepek, G. (2022). Stability and flexibility in psychotherapy 
process predict outcome. Acta Psychologica, 227, 103604. 
https://doi.org/10.1016/j.actpsy.2022.103604

Doorley, J. D., Goodman, F. R., Kelso, K. C., & Kashdan, T. B. 
(2020). Psychological flexibility: What we know, what we do 
not know, and what we think we know. Social and Personality 
Psychology Compass, 14(12), 1–11. https://doi.org/10.1111/ 
spc3.12566

Dutra, S. J., & Sadeh, N. (2018). Psychological flexibility miti
gates effects of PTSD symptoms and negative urgency on 
aggressive behavior in trauma-exposed veterans. Personality 
Disorders: Theory, Research, and Treatment, 9(4), 315.

Ekman, P., & Friesen, W. V. (1978). Facial action coding systems. 
Consulting Psychologists Press.

Fisher, A. J., & Newman, M. G. (2016). Reductions in the diurnal 
rigidity of anxiety predict treatment outcome in cognitive behavior
al therapy for generalized anxiety disorder. Behaviour research and 
therapy, 79, 46–55. https://doi.org/10.1016/j.brat.2016.02.006

Gibbons, M. B. C. (2017). The self-understanding of Interpersonal 
Patterns Scales- Interview version. Unpublished manuscript. 
University of Pennsylvania.

Greenberg, L. S., Auszra, L., & Herrmann, I. R. (2007). The 
relationship among emotional productivity, emotional arousal 
and outcome in experiential therapy of depression. 
Psychotherapy Research, 17(4), 482–493. https://doi.org/10. 
1080/10503300600977800

Greenberg, L. S., & Safran, J. D. (1987). Emotion in psychotherapy: 
Affect, cognition, and the process of change. Guildford Press.

Gross, M. D., Glasser, S., Jacobson, D. M., Levitan, G., & 
Ponizovsky, A. M. (2015). Validation of the Hebrew and 

Psychotherapy Research 253

http://orcid.org/0000-0002-5645-4429
http://orcid.org/0000-0002-5645-4429
https://doi.org/10.1207/s15327752jpa5503&4_10
https://doi.org/10.1080/10503307.2011.602753
https://doi.org/10.3390/e20060449
https://doi.org/10.1111/j.2044-8260.1996.tb01159.x
https://doi.org/10.1111/j.2044-8260.1996.tb01159.x
http://www.webmedcentral.com/article_view/4606
https://doi.org/10.1016/j.beth.2011.03.007
https://doi.org/10.1016/j.beth.2011.03.007
https://doi.org/10.1038/s41467-017-00030-8
https://doi.org/10.1038/s41467-017-00030-8
https://doi.org/10.1016/j.cpr.2021.101973
https://doi.org/10.1016/j.cpr.2021.101973
https://doi.org/10.1177/2167702620985294
https://doi.org/10.1177/2167702620985294
https://doi.org/10.1080/10503307.2017.1395922
https://doi.org/10.1080/10503307.2017.1395922
https://doi.org/10.1016/j.jad.2014.02.026
https://doi.org/10.1016/j.jad.2014.02.026
https://doi.org/10.1371/journal.pone.0087445
https://doi.org/10.1016/j.actpsy.2022.103604
https://doi.org/10.1111/spc3.12566
https://doi.org/10.1111/spc3.12566
https://doi.org/10.1016/j.brat.2016.02.006
https://doi.org/10.1080/10503300600977800
https://doi.org/10.1080/10503300600977800


Arabic versions of the Outcome Questionnaire (OQ-45). Israel 
Journal of Psychiatry, 52(1), 33.

Haken, H. (2006). Synergetics of brain function. International 
journal of psychophysiology, 60(2), 110–124. https://doi.org/10. 
1016/j.ijpsycho.2005.12.006

Harris, C. R., Millman, K. J., van der Walt, S. J., Gommers,  R., 
Virtanen, P., Cournapeau, D., Wieser, E., Taylor, J., Berg , S., 
Smith, N. J., Kern, R. , Picus, M., Hoyer , S., van Kerkwijk , M. 
H., Brett , M., Haldane , A., del Río, J.F., Wiebe, M., Peterson, 
P., … Oliphant, T. E. (2020). Array programming with 
NumPy. Nature, 585(7825), 357–362. https://doi.org/10. 
1038/s41586-020-2649-2

Hayes, S. C., Luoma, J. B., Bond, F. W., Masuda, A., & Lillis, J. 
(2006). Acceptance and commitment therapy: Model, pro
cesses, and outcomes. Behaviour research and therapy, 44(1), 
1–25. https://doi.org/10.1016/j.brat.2005.06.006

Hayes, S. C., & Strosahl, K. D. (Eds.). (2004). A practical guide to accep
tance and commitment therapy. Springer Science & Business Media.

Horowitz, L. M., Rosenberg, S. E., Baer, B. A., Ureño, G., & 
Villaseñor, V. S. (1988). Inventory of interpersonal problems: 
Psychometric properties and clinical applications. Journal of 
Consulting and Clinical Psychology, 56(6), 885. https://doi.org/ 
10.1037/0022-006X.56.6.885

Kashdan, T. B., & Rottenberg, J. (2010). Psychological flexibility 
as a fundamental aspect of health. Clinical Psychology Review, 30 
(7), 865–878. https://doi.org/10.1016/j.cpr.2010.03.001

Kazdin, A. E. (2009). Understanding how and why psychotherapy 
leads to change. Psychotherapy Research, 19(4-5), 418–428. 
https://doi.org/10.1080/10503300802448899

Kleinbub, J. R., Talia, A., & Palmieri, A. (2020). Physiological 
synchronization in the clinical process: A research primer. 
Journal of Counseling Psychology, 67(4), 420. https://doi.org/ 
10.1037/cou0000383

Lin, V., Girard, J. M., & Morency, L. P. (2019). Context-depen
dent models for predicting and characterizing facial expressive
ness. arXiv preprint arXiv:1912.04523.

Luborsky, L. (1984). Principles of psychoanalytic psychotherapy: A 
manual for supportive expressive treatment (No. 616.8917 L8). 
Basic Books.

Luborsky, L., Mark, D., Hole, A. V., Popp, C., Goldsmith, B., & 
Cacciola, J. (1995). Supportive expressive dynamic psychotherapy 
of depression: A time-limited version. In J. P. Barber & P. Crits- 
Christoph (Eds.), Dynamic therapies for psychiatric disorders 
(Axis I) (pp. 13–42). Basic Books.

Lutz, W., de Jong, K., Rubel, J. A., & Delgadillo, J. (2021). 
Measuring, predicting, and tracking change in psychotherapy. 
In M. Barkham, W. Lutz, & L. G. Castonguay (Eds.), Bergin 
and Garfield’s handbook of psychotherapy and behavior change 
(7th ed., pp. 89–133). Wiley.

Masuda, A., & Tully, E. C. (2012). The role of mindfulness and 
psychological flexibility in somatization, depression, anxiety, and 
general psychological distress in a nonclinical college sample. 
Journal of Evidence-Based Complementary & Alternative Medicine, 
17(1), 66–71. https://doi.org/10.1177/2156587211423400

McCracken, L. M., Badinlou, F., Buhrman, M., & Brocki, K. C. 
(2021). The role of psychological flexibility in the context of 
COVID-19: Associations with depression, anxiety, and insom
nia. Journal of Contextual Behavioral Science, 19, 28–35. https:// 
doi.org/10.1016/j.jcbs.2020.11.003

Moulder, R. G., Martynova, E., & Boker, S. M. (2021). 
Extracting nonlinear dynamics from psychological and behav
ioral time series through HAVOK analysis. Multivariate 
Behavioral Research, 58(2), 1–25. https://doi.org/10.1080/ 
00273171.2021.1994848.

Ong, C. W., Woods, D. W., Franklin, M. E., Saunders, S. M., 
Neal-Barnett, A. M., Compton, S. N., & Twohig, M. P. 
(2023). The role of psychological flexibility in acceptance- 

enhanced behavior therapy for trichotillomania: Moderation 
and mediation findings. Behaviour Research and Therapy, 164, 
104302. https://doi.org/10.1016/j.brat.2023.104302

Pellizzer, M. L., Waller, G., & Wade, T. D. (2018). Body image 
flexibility: A predictor and moderator of outcome in transdiag
nostic outpatient eating disorder treatment. International 
Journal of Eating Disorders, 51(4), 368–372. https://doi.org/10. 
1002/eat.22842

Ramseyer, F. T. (2020b). Motion energy analysis (MEA): A primer 
on the assessment of motion from video. Journal of Counseling 
Psychology, 67(4), 536–549. https://doi.org/10.1037/cou0000407

Reich, C. M., Berman, J. S., Dale, R., & Levitt, H. M. (2014). 
Vocal synchrony in psychotherapy. Journal of Social and 
Clinical Psychology, 33(5), 481–494. https://doi.org/10.1521/ 
jscp.2014.33.5.481

Salah, A. A., Sebe, N., & Gevers, T. (2011). Communication and 
automatic interpretation of affect from facial expressions. In 
Didem  Gökçay & Gülsen Yildirim (Eds.), Affective computing 
and interaction: Psychological, cognitive and neuroscientific perspec
tives (pp. 157–183). IGI Global. https://doi.org/10.4018/978- 
1-61692-892-6.ch008.

Sawada, R., & Sato, W. (2015). Emotional attention capture by 
facial expressions. Scientific Reports, 5(1), 14042. https://doi. 
org/10.1038/srep14042

Schiepek, G., Viol, K., Aas, B., Kastinger, A., Kronbichler, M., 
Schöller, H., Reiter, E.-M., Said-Yürekli, S., Kronbichler, L., 
Kravanja-Spannberger, B., Stöger-Schmidinger, B., Aichhorn, 
W., Battaglia, D., & Jirsa, V. (2021). Pathologically reduced 
neural flexibility recovers during psychotherapy of OCD 
patients. NeuroImage: Clinical, 32, 102844. https://doi.org/10. 
1016/j.nicl.2021.102844

Shalom, J. G., Gilboa-Schechtman, E., Atzil-Slonim, D., Bar- 
Kalifa, E., Hasson-Ohayon, I., Van Oppen, P., van Balkom, 
A. J. L. M., & Aderka, I. M. (2018). Intraindividual variability 
in symptoms consistently predicts sudden gains: An examination 
of three independent datasets. Journal of Consulting and Clinical 
Psychology, 86(11), 892. https://doi.org/10.1037/ccp0000344

Sprott, J. C., & Rowlands, G. (2001). Improved correlation dimen
sion calculation. International Journal of Bifurcation and Chaos, 11 
(07), 1865–1880. https://doi.org/10.1142/S021812741103009X

Stange, J. P., Li, J., Xu, E. P., Ye, Z., Zapetis, S. L., Phanord, C. 
S., Wu, J., Sellery, P., Keefe, K., Forbes, E., Mermelstein, R. 
J., Trull, T. J., & Langenecker, S. A. (2023). Autonomic com
plexity dynamically indexes affect regulation in everyday life. 
Journal of Psychopathology and Clinical Science, 132 (7), 847– 
866. https://doi-org.ezproxy.haifa.ac.il/10.1037/abn0000849

Stockton, D., Kellett, S., Berrios, R., Sirois, F., Wilkinson, N., & 
Miles, G. (2019). Identifying the underlying mechanisms of 
change during acceptance and commitment therapy (ACT): 
A systematic review of contemporary mediation studies. 
Behavioural and cognitive psychotherapy, 47(3), 332–362. 
https://doi.org/10.1017/S1352465818000553

Strogatz, S. H. (2018). Nonlinear dynamics and chaos with student 
solutions manual: With applications to physics, biology, chemistry, 
and engineering. CRC Press.

Takens, F.. (2006). Detecting strange attractors in turbulence. 
Dynamical Systems and Turbulence, Warwick, 1980.

Taylor, R. L., & David, J. (2010). Attractors: Nonstrange to 
chaotic. In Society for industrial and applied mathematics, under
graduate research online (pp. 72–80). Semantic Scholar.

Van Montfort, K., Oud, J. H., & Voelkle, M. C. (Eds.). (2018). 
Continuous time modeling in the behavioral and related sciences. 
Springer International Publishing.

Van Rossum, G., & Drake, F. L. (2009). Python 3 reference manual. 
CreateSpace.

Wallbott, H. G. (1998). Bodily expression of emotion. European 
Journal of Social Psychology, 28(6), 879–896. https://doi.org/ 

254 T. Guralnik et al.

https://doi.org/10.1016/j.ijpsycho.2005.12.006
https://doi.org/10.1016/j.ijpsycho.2005.12.006
https://doi.org/10.1038/s41586-020-2649-2
https://doi.org/10.1038/s41586-020-2649-2
https://doi.org/10.1016/j.brat.2005.06.006
https://doi.org/10.1037/0022-006X.56.6.885
https://doi.org/10.1037/0022-006X.56.6.885
https://doi.org/10.1016/j.cpr.2010.03.001
https://doi.org/10.1080/10503300802448899
https://doi.org/10.1037/cou0000383
https://doi.org/10.1037/cou0000383
https://doi.org/10.1177/2156587211423400
https://doi.org/10.1016/j.jcbs.2020.11.003
https://doi.org/10.1016/j.jcbs.2020.11.003
https://doi.org/10.1080/00273171.2021.1994848
https://doi.org/10.1080/00273171.2021.1994848
https://doi.org/10.1016/j.brat.2023.104302
https://doi.org/10.1002/eat.22842
https://doi.org/10.1002/eat.22842
https://doi.org/10.1037/cou0000407
https://doi.org/10.1521/jscp.2014.33.5.481
https://doi.org/10.1521/jscp.2014.33.5.481
https://doi.org/10.4018/978-1-61692-892-6.ch008
https://doi.org/10.4018/978-1-61692-892-6.ch008
https://doi.org/10.1038/srep14042
https://doi.org/10.1038/srep14042
https://doi.org/10.1016/j.nicl.2021.102844
https://doi.org/10.1016/j.nicl.2021.102844
https://doi.org/10.1037/ccp0000344
https://doi.org/10.1142/S021812741103009X
https://doi-org.ezproxy.haifa.ac.il/10.1037/abn0000849
https://doi.org/10.1017/S1352465818000553
https://doi.org/10.1002/(SICI)1099-0992(1998110)28:6%3C879::AID-EJSP901%3E3.0.CO;2-W


10.1002/(SICI)1099-0992(1998110)28:6<879::AID-EJSP90 
1>3.0.CO;2-W

Wells, M. G., Burlingame, G. M., Lambert, M. J., Hoag, M. J., & 
Hope, C. A. (1996). Conceptualization and measurement of 
patient change during psychotherapy: Development of the 
Outcome Questionnaire and Youth Outcome Questionnaire. 
Psychotherapy: Theory, Research, Practice, Training, 33(2), 
275–283. https://doi.org/10.1037/0033-3204.33.2.275

Yasinski, C., Hayes, A. M., Ready, C. B., Abel, A., Görg, N., & 
Kuyken, W. (2020). Processes of change in cognitive 

behavioral therapy for treatment-resistant depression: 
Psychological flexibility, rumination, avoidance, and emotional 
processing. Psychotherapy Research, 30(8), 983–997.

Yasinski, C. W. (2016). Psychological flexibility, rumination, and avoid
ance as predictors of outcome in cognitive behavioral therapy for treat
ment-resistant major depressive disorder. University of Delaware.

Zilcha-Mano, S. (2021). Toward personalized psychotherapy: 
The importance of the trait-like/state-like distinction for 
understanding therapeutic change. American Psychologist, 
76(3), 516–528. https://doi.org/10.1037/amp0000629

Psychotherapy Research 255

https://doi.org/10.1002/(SICI)1099-0992(1998110)28:6%3C879::AID-EJSP901%3E3.0.CO;2-W
https://doi.org/10.1002/(SICI)1099-0992(1998110)28:6%3C879::AID-EJSP901%3E3.0.CO;2-W
https://doi.org/10.1037/0033-3204.33.2.275
https://doi.org/10.1037/amp0000629

	Abstract
	Introduction
	A Multi-modal and Multi-dyad Approach in Psychotherapy Research
	Flexibility Through the Lens of a Dynamical Systems Approach
	The Current Study

	Method
	Design
	Flexibility Interaction Paradigm (FIP)
	Measures
	Behavioral measures
	Self-report measures

	Participants
	Procedure
	Statistical Analysis
	Estimating Quantitative Properties of the Attractors

	Results
	HAVOK Analysis Results
	Ted’s Results
	Description of interactions
	Reconstructed attractors
	Lyapunov exponent and correlation dimension metrics

	Keely’s Results
	Description of interactions
	Reconstructed attractors
	Lyapunov exponent and correlation dimension metrics

	Integration of HAVOK Analysis Results and Case Descriptions

	Discussion
	Disclosure Statement
	ORCID
	References

