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Physiological synchronization is the study of how individuals in interaction coregulate their physiology.
The topic has sparked increasing interest in counseling and psychotherapy research, where it has been
found to be associated with the therapeutic alliance, clinicians’ empathy and patients’ outcome. Physiological synchronization allows researcher to investigate subtle but fundamental aspects of the clinical
process through objective measures. In this article, we aim to offer a guide to researchers and clinicians
to explore this growing field of study. We begin by reviewing the existing literature of physiological
synchronization in clinical relationships, and then we provide practical guidelines for research. We
discuss the various aspects involved in synchronization studies: study design, selection of physiological
signals, data analytic approaches, and interpretation of results. To better illustrate how to implement these
types of design, we provide a running example describing the data collection and analysis of a single-case
study. In the example we discuss both how to conduct a longitudinal nomothetic analysis, as well as a
moment-to-moment idiographic exploration of the clinical content. In this latter analysis, in particular, we
show how physiological synchronization can be used in combination with 2 transcripts analysis tools, the
Patient Attachment Coding System, and the Therapist Attunement Scales to reach a deeper understanding
of the ongoing processes. We conclude by arguing that research in counseling and psychotherapy has
much to gain from and contribute to the overall development of our understanding of physiological
synchronization in human interaction.

Public Significance Statement
Physiological synchronization is the study of simultaneous changes in patients’ and therapists’
physiological activity. Physiological synchronization has been associated with empathy, attachment,
and positive therapeutic relationship, and although still in its infancy, the research field promises to
pave the way for objective and fine-grained assessment of various therapy processes. In this article
we provide an overview of existing literature and practical guidelines for researchers and clinician
interested in the approach.

Keywords: interpersonal physiology, microprocess research, therapeutic relationship, psychodynamic
psychotherapy, attachment

When two or more individuals interact with one another, something significant happens in their physiological activity. Their
hearts increasingly beat at a similar speed (e.g., Mitkidis, McGraw,

Roepstorff, & Wallot, 2015). Their eccrine sweat glands are more
and more activated in a simultaneous way (e.g., Chatel-Goldman,
Congedo, Jutten, & Schwartz, 2014). Their breathing rhythms are
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PHYSIOLOGICAL SYNCHRONY IN THE CLINICAL PROCESS

reciprocally regulated (Ferrer & Helm, 2013). All of these phenomena are collectively called “physiological synchronization” or
“interpersonal physiology” and they are, together with nonverbal
behavior synchronization (Ramseyer & Tschacher, 2011) the object of growing interest in research on human interaction, including
studies on client–therapist interaction in the context of counseling
and psychotherapy research.
There are several reasons why physiological synchronization
seems relevant to clinical relationships (and to researchers who are
interested in these). Studies outside of the clinical domain have
already shown that synchrony plays a key role in predicting
qualities of relationships such as support, empathy, and adaptive
emotion-regulation (see Palumbo et al., 2017 for a review); it is
thus likely that the same may be true of clinical relationships,
where such qualities are prominent. In addition, physiological
synchronization can be studied with precise and objective assessment methods with very high temporal resolution and potentially
assess the quality of the clinical process on a moment-to-moment
(or sentence-to-sentence) level. Due to the diffusion of relatively
cheap and unobtrusive acquisition devices that allow for inexpensive but precise data acquisition, research on physiological synchronization may soon represent a new force in the field of
treatment research.
In this article, we wish to provide a guide for applying such
innovative approach in counseling psychology and psychotherapy
research. In particular, we present a conceptual introduction on the
phenomenon of physiological synchronization and we summarize
research on physiological synchronization in clinical relationships
(see Overview of the Literature on Physiological Synchronization
in Counseling Psychology and Psychotherapy section). We then
introduce a running example which will be used to demonstrate
various methods and procedures in the rest of the article. In the
Practical Guidelines section we discuss the most important methodological aspects involved in physiological synchronization research. Specifically, we provide practical guidelines to the choice
of study designs, the selection of physiological variables, and the
strengths and limitations of the most common analytical approaches’ for assessing synchronization. In order to demonstrate
the clinical usefulness of this approach, we discuss in detail the
results of the running example (see Clinical Relevance: Interpretations of the Results section), and provide a discussion of common pitfalls, open questions, and future direction for the field (see
Practical Suggestions and Open Questions section).

Overview of the Literature on Physiological
Synchronization in Counseling Psychology and
Psychotherapy
Physiological synchronization is defined as the shared temporal
organization of the physiological signals of two (or more) interacting persons. Although the most common form of synchronization is “in-phase” (i.e., two people manifesting similar physiological activation at same moment), other forms of coupling are
possible, including “antiphase” synchronization (e.g., simultaneous increase of heart-rate in a person and decrease in the other, a
sort of physiological turn taking) and other more complex patterns.
Physiological synchronization has been studied in a broad spectrum of contexts. Since the very beginning of their lives, human
infants are involved in a dance with their caregivers, which in-
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volves synchronization of facial expressions, body movements,
and physiological activity (see Beebe & Lachmann, 2002).
Mother–infant synchronization covers many functions, from selfregulation (Ham & Tronick, 2009; Van Puyvelde et al., 2015),
development of attachment (Jaffe et al., 2001), and infants’ presymbolic representations (Beebe & Lachmann, 2002). Physiological synchronization has also been studied in adults. For instance,
a seminal study by Levenson and Gottman (1983) observed that
couples’ heart rate synchronization during arguments explained up
to the 60% of variance in marital satisfaction, while another study
found greater physiological synchronization in couples with higher
relationship quality (Helm, Sbarra, & Ferrer, 2014). In teammates,
synchronization of heart rate variability (HRV) and skin conductance predict team performance (e.g., Henning, Boucsein, & Gil,
2001; Montague, Xu, & Chiou, 2014) and empathy and understanding between players (Järvelä, Kivikangas, Kätsyri, & Ravaja,
2014). Physiological synchronization has been studied in many
other contexts: military training tasks, video games, participation
to rituals, trust building tasks, singers, and dancers (we refer the
interested reader to the following reviews: Butler & Randall, 2013;
Delaherche et al., 2012; Palumbo et al., 2017; Timmons, Margolin,
& Saxbe, 2015).
Historically, it is interesting to notice that the first scientific
publications on the phenomenon of physiological synchronization
were psychotherapy studies. In the 1950s, three pioneering studies
(Coleman, Greenblatt, & Solomon, 1956; Di Mascio, Boyd, &
Greenblatt, 1957; Di Mascio, Boyd, Greenblatt, & Solomon, 1955)
provided the first evidence of a simultaneous covariation in the
physiological activity of patients and therapist dyads. Despite
some occasional later attempt, it is not until the last decade that
interpersonal physiology has become the object of high quality,
focused research.
Physiological synchronization has been investigated in clinical
settings by a growing yet still comparatively small number of
studies (see Kleinbub, 2017). One important finding in this field
has been that physiological synchronization is associated with core
positive qualities of the therapist, such as therapist’s empathy. For
instance, a famous study by Marci, Ham, Moran, and Orr (2007)
found a positive correlation (r ⫽ .47) between physiological synchronization and therapists’ empathy as perceived by 20 patients
involved in psychodynamic psychotherapies. The authors further
observed significantly more positive “social-emotional” interactions in high versus low synchronization phases. These results
were partially replicated by other researchers (Kleinbub et al.,
2012; Messina et al., 2013) who, in addition to that, found that
different levels of clinical training were associated with meaningful differences in physiological synchronization, with freshly graduated psychologist showing high levels of simultaneous synchronization, and more trained psychotherapists showing the highest
synchronization at a 3-s delay (for a discussion on delayed, or
lagged, synchronization please refer to section Stationarity, detrending, and moving windows further in the article).
Another group of studies has addressed the possible link between physiological synchronization and the clinical process. In
particular, these studies have found support for the existence of a
link between physiological synchronization and the therapeutic
alliance (Karvonen, Kykyri, Kaartinen, Penttonen, & Seikkula,
2016; Stratford, Lal, & Meara, 2012). Another study by Tourunen
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et al. (2019) has found that changes in physiological synchronization were related to changes in therapeutic alliance.
Other studies have started to explore ways in which changes in
physiological synchronization may be affected by the clinical
processes. For instance, Palmieri et al. (2018) observed that a
stimulus aimed at priming secure attachment increased physiological synchronization and its dynamics in psychotherapists in training who were role-playing simulated clinical interviews. As another example, a research group from Finland, explored in various
studies (e.g., Karvonen et al., 2016; Kykyri et al., 2017, 2019;
Seikkula, Karvonen, Kykyri, Kaartinen, & Penttonen, 2015) the
multivariate physiological synchronization occurring not only in a
clinical dyad but in a couple-therapy setting, often involving more
than a single therapist. In one of these studies (Tourunen et al.,
2019), these authors found that skin conductance synchronization
between couples increased from the beginning to the end of
therapy, with a trend similar to that of their well-being.
On the whole, these initial results support the emerging consensus that physiological synchronization is associated with key clinical variables and represents a measure of the interpersonal process.

A Motivating Example
The study of physiological synchronization in the clinical setting is still in its infancy and its overall configuration as a research
field may appear confusing to the beginner. No agreement has
emerged yet about what physiological indexes and types of analysis are the optimal ones in this context. Thus, while the present
article has the main goal of providing guidance through the different possibilities and choices offered by the field, exhaustively
providing the required backgrounds in physiology and dataanalysis goes beyond our aims.
In order to provide introductory, practical directions for researchers and clinicians that wish to move their first steps in the
field, we will complement our methodological section with a study
example that can be easily replicated and is presented along with
comprehensive practical information. The example presents a
completely novel and unpublished analyses of a data subset from
the Kleinbub et al. (2019) study. Specifically, the data discussed in
this example consists in the continuously collected skin conductance levels of a patient (24-year-old woman) and her therapist
(44-year-old man) during 16 sessions of brief psychodynamic
psychotherapy. The sessions lasted about 50 min and were audioand video-recorded.
In order to provide a direct application of each of the points
discussed in the article, at the end of each of the following
subsection, we will reprise the example and update the relevant
parts.

Practical Guidelines
Setting up a study on physiological synchronization requires
going through a sequence of fundamental steps. Researchers must
select an experimental design suitable to their hypotheses; they
must choose what physiological signals to collect; they must
collect and process the data, correctly mounting electrodes and
sensors, detecting and managing artifacts, and adequately filtering
the signals; finally, they must adopt an appropriate data-analytic

approach to calculate synchrony. In this section we will provide a
general review of the choices that the researcher has to make at
each of these steps, as well as offer an illustration through our
running example. Table 1 presents a schematic overview of the
different steps involved and can be used as an index or a map for
this section. Although our hope is to present a comprehensive
general overview of the field, the study of physiological synchronization is a branch of psychophysiological research, so that we
shall indicate reference manuals and articles to the interested
reader whenever necessary.

Experimental Designs
Raw physiological data are sometimes called high-density data,
as they assess the level of a given variable tens of times each
second. This is in stark contrast with instruments usually employed
in psychotherapy research, such as self-report questionnaires that
synthesize information from much larger time scales. In longitudinal designs especially, the amount of information can quickly
become overwhelming. For this reason, researchers and clinicians
should start with a clear data acquisition and plan for analyses,
consistent with the aims of their investigation. In this section, we
present an overview of common study designs, data reduction
strategies, and other key concepts. Further suggestions and a
detailed discussion can be found in Thorson, West, and Mendes
(2018).
Number of sessions. Researchers can record physiology in a
single therapy session, in a selected few sessions at the beginning
and the end of treatment, at regular intervals, or in all sessions in
treatment. There are at least three reasons why we recommend
collecting as much data and as many sessions as possible. First, in
a naturalistic setting such as a psychotherapy session, there are
many chances of failure in data acquisition. For instance, if a
patient dislocates an electrode, it is often impossible to interrupt
the session and restore data acquisition. Second, consistent effect
sizes required for adequate sample size estimations are not currently well-known. Third, there is initial evidence for betweensessions trends in physiological synchronization (Tourunen et al.,
2019), and the study of these may have great potential in predicting
treatment outcome and drop-out rates.
Macroprocess studies. Most researchers in physiological
synchronization have adopted a macrolevel perspective, usually
extracting a single value that summarizes the amount of synchronization within a given session. This procedure conveniently reduces tens of thousands of data points to a single value, which can
be then easily used in further analyses. Regression based approaches natively offer such a value in the form of parameter
estimations and fit indices. A synchronization time series, as that
resulting from a windowing procedure, can be reduced to a single
session value by calculating the median, or through more sophisticated indexes. The most widely employed index is the “concordance index” (Marci et al., 2007), which essentially consists in a
ratio between the sum of all positive correlations and the sum of all
negative ones. Different choices of summarizing indexes will
extract different types of information from the session data (e.g.,
an average, a measure of dispersion, etc.) potentially describing
different aspects of the interpersonal coregulation process. Further
studies are warranted to compare different summarizing procedures and identify their association with clinical processes.
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Table 1
Typical Steps Involved in Physiological Synchronization Research on Psychotherapy
Step
Experimental design

Objective
According to the hypotheses,
researchers must make
fundamental choices on
the data to collect.

Typical choices
Macroprocess

This document is copyrighted by the American Psychological Association or one of its allied publishers.
This article is intended solely for the personal use of the individual user and is not to be disseminated broadly.

Microprocess

Mixed designs

Choice of
physiological
variables

Researchers must select the
physiological signal(s) the
suit their hypotheses.
More indexes can be
collected simultaneously
and analyzed in
combination.

Autonomic nervous
system measures

Facial myography

Vocal pitch

Computing synchrony

According to the type of
data and hypotheses,
researchers must calculate
synchronization indexes.
Researcher must take care
to constrain these models
to physiologically
plausible limits, to avoid
an excess of false-positive
results.

Moving-windows crosscorrelation

Dynamic time warping

Frequency domain
analyses

Description and examples
This approach focuses on extracting a single summary
of physiological synchronization for each session.
This can be used to study longitudinal trends, prepost differences, and correlations with traditional
process and outcome measures. An example of
research question could be: “Does a linear increase
in synchronization across sessions predicts good
therapy outcome?”
This approach focuses on studying moment-to-moment
variations in physiological synchronization. This can
be used to explore the interpersonal coregulation
associated to specific interaction sequences, or the
association with traditional observer-rated content
analysis. An example of research question could be:
“Does physiological synchronization discriminate
between efficacious or nonefficacious therapeutic
interventions?”
This approach combines the micro and macro designs,
focusing on how moment-to-moment features of
synchronization vary across sessions. An example of
research question could be: “Do strong drops in the
synchronization levels associated with a specific
therapy theme become less severe across sessions?”
Skin conductance and heart rate variability are the
most employed indexes. They represent the activity
of the sympathetic and parasympathetic nervous
systems in variable combinations which are good
descriptors of emotional arousal and self-regulation
processes.
Can be used to collect facial microexpressions, which
may be associated with unconscious emotional
activity, and according to which muscle group is
activated can discriminate different emotions.
The least invasive index to collect. Vocal pitch is
associated with emotional arousal, and can be
employed in a broader speech-analysis framework.
Synchronization algorithms tend to be more
complex due to turn-taking in speech.
The most used approach. Simple to implement and
relatively robust, provides results that are
straightforward to interpret. Its main limitations are
the risk of biased results due to autocorrelation, and
the reliance on a priori parameters such as the
windows size and increments.
The technique can easily be improved with lag
analysis strategies to assess leading-following
dynamics.
A more flexible approach that allows to model not
only fixed leading-following dynamics but as well
their variation in time, offering a very rich
representation of the coregulation dynamics.
Nonetheless dynamic time warping has been rarely
employed and further research is needed to assess
its validity.
This family of analyses, broadly used in most natural
science fields, focuses on extracting fundamental
cyclical properties of longer segments of the signals.
They can be used to disentangle interpersonal
dynamics from individual activity and to extract
“hidden” information from a signal, such as the
main pitch from a vocal recording.
(table continues)
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Step
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Assessing
synchronization
accuracy

Objective
Independently from the
chosen algorithm,
researchers should
demonstrate that the
observed synchronization
values describe genuine
interpersonal processes
and are not an artifact of
the analytic procedure.

Typical choices
Pseudo-synchrony

Regression based tests

External validation

Further analyses

According to the
experimental design,
researchers should
compare physiological
synchronization with the
clinical process

Quantitative comparison
with validated
measures
Explorative approaches

Broadly speaking, exploring the variation of synchronization
across sessions can provide rich information about the therapy
process, such as the overall trend, or could lead to the identification of notable sessions, characterized by unusually high or low
synchronization. Similarly, this approach can focus in changes in
stable patterns, for instance a researcher may explore whether
drops in synchronization levels can predict therapy drop-outs, or if
specific synchronization patterns can predict therapy outcome, as
was observed for nonverbal synchronization (head movements;
Ramseyer & Tschacher, 2014).
Microprocess studies. Averaging synchronization during a
whole session relegates the dynamics of synchronization within a
black box. For instance, although studies have shown that greater
therapist empathy is associated with physiological synchronization, we do not know whether higher synchronization follows
empathic communication, or if their correlation is better explained
by a third latent variable, such as the therapeutic alliance. Macroprocess designs tell us what synchronization is associated with, but
they cannot tell us much about its meaning. For these reasons, an
entirely different approach is emerging in the literature (Kleinbub,
2016; Kleinbub et al., 2019; Orsucci et al., 2016;) where session
data reduction is entirely avoided, and the whole moment-tomoment information is employed in the analysis.
This study of microprocesses can isolate specific synchronization patterns and their co-occurrence in time with discourse
elements and other verbal and nonverbal phenomena, thereby
modeling process and testing specific predictors. The most
straightforward application of this idea is combining physiological
synchronization and observer-rated or transcript-analysis instru-

Description and examples
This simple combinational approach consists in
creating fake dyads by matching signals that do not
correspond to actual interactions, to calculate how
much synchronization the chosen algorithm would
find by pure chance. These values can be used to
rescale the real synchronization ones to easy to
interpret standard scores.
Synchronization calculated by means of regressionbased approaches may directly provide accuracy
indexes, in the form of significance testing of the
model or the parameters, goodness-of-fit indexes,
etc.
The calculation accuracy can also be demonstrated by
finding a relevant nonrandom association between
the computed synchronization and external sources
of information, such as observer-rated measures, or
questionnaires. This can be performed with classical
procedures such as null hypothesis testing and
permutation strategies.
Following this strategy, researchers compare the
computed synchronization to questionnaire scores,
observer ratings, or other objective data. Typically
this is performed by means of regression models
and with a nomothetic aim.
Following this strategy, researchers may use the
information extracted from physiological
synchronization to identify notable moments in the
sessions, and proceed to ideographically explore
them, typically with qualitative methods, in order to
generate new hypotheses.

ments, focusing on various constructs such as therapists’ interventions, ruptures and repair, change moments, and so forth. This
insightful approach can be used to answer a broad range of
questions regarding both clinical and basic research. On one hand,
the presence of physiological synchronization patterns (e.g., high
average level, sudden drops, etc.) can be used to understand the
interpersonal and embodied nature of specific content markers,
helping in developing mind– body integration in clinical theories.
Similarly, various synchronization patterns may lead to identify
further characteristics of the original markers, such as their exact
starting and ending points or, qualities that may not be directly
observable. For instance a therapist intervention coded as “interpretation” may be further classified as validated or rejected by the
patient, even in the absence of open verbal feedback.
On the other hand, given that observer-rated instruments are
typically theory-driven, finding associations between synchronization and specific markers will be of great importance in order to
advance our understanding of what processes physiological synchronization represents, allowing the integration of the physiological data into the clinical models.
Microprocess studies can also follow more explorative approaches, observing moment-by-moment variations in physiological synchronization and directly combining such observations
with the clinical content. Although this approach is much more
time-consuming than employing existing content analysis tools, it
can lead to novel insights and open new research directions. For
instance, in an exploratory study, Kleinbub (2016) analyzed psychotherapy sessions segments corresponding to very high, and
very low synchronization through the method of interpretative
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phenomenological analysis. The results showed that the highest
synchronization phases were associated with smooth interactions,
bonding, and supportive interventions, whereas the segments with
the lowest synchrony seemed to match with moments of withdrawal, silence, or intense expressive interventions rejected by the
patient.
Alternatively, the within-session dynamics can be compared with
questionnaires or other assessments of the overall session quality. It
could be hypothesized that “good” sessions are characterized by
specific synchronization patterns, such as overall high levels or a
frequent alternation between high and low synchrony, and so forth.
Ultimately, discovering when and how synchronization characterizes an efficacious patient–therapist interaction, may be of great
importance for understanding how the therapeutic relationship
develops, and a precious resource for training new therapists.
Running example: Design. With reference to our running
example, in order to provide both an example of macro and micro
processes, first we consider the average synchronization values of
each session in order to explore longitudinal trends. Indeed, because synchronization is correlated to the therapeutic alliance, we
hypothesized that we would observe synchronization trends similar to the ones observed in alliance studies. For instance, Kivlighan
and Shaughnessy (2000) described three typical profiles of alliance
development in clients: a stable pattern with little change across
sessions, a linear increase, or a U-shaped, quadratic pattern. Alternatively, following a dynamic systems approach (Gelo & Salvatore, 2016) we may expect that ruptures and reparations dynamics may lead to “critical instabilities,” that is, sudden fluctuations,
peaks, drops, or increases in the synchronization amount.
Second, we demonstrate an in-depth analysis of a single session
to highlight the potential clinical applications of physiological
synchronization in the analysis of microprocesses. For this
moment-to-moment investigation, one of the sessions was transcribed and coded with the Patient Attachment Coding System
(PACS, Talia, Miller-Bottome, & Daniel, 2017) and the Therapist
Attunement Scales (TASc; Talia, Muzi, Lingiardi, & Taubner,
2018) two instruments that classify, respectively, patients’ and
therapists’ attachment status based on their communication during
psychotherapy.
The link between secure attachment and physiological synchronization has been already investigated outside of psychotherapy research. In particular, microanalytic studies of parent communication
have distinguished interaction patterns that are associated with certain
types of attachment relationships (e.g., Beebe & Lachmann, 2013;
Beebe & Steele, 2013). By analyzing face-to-face interactions with
infants as young as 4 months on a moment-to-moment basis, several
studies showed that secure, insecure, and disorganized attachment are
associated with specific patterns of moment-to-moment behavioral
coordination (e.g., Jaffe et al., 2001).
In general, it is believed that secure attachment is associated
with more harmonious reciprocal adjustment (Haft & Slade, 1989).
Because the patient–therapist relationship has often been regarded
as an attachment relationship (Bowlby, 1988; Mallinckrodt, 2010),
the study of the therapeutic context seems particularly promising
when investigating the influence of adult attachment on physiological synchronization (Palmieri et al., 2018). Finally, the ability
of the PACs and the TASc to track attachment-related communication markers on a moment-to-moment basis makes them ideal
tools for comparing the therapeutic process and physiological
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synchronization. On these premises, we expect to find links between specific communication markers of secure attachment and
higher concurrent synchronization in patient–therapist skin conductance.

Choice of Physiological Variables
The first step for the researcher who wants to study physiological synchronization in psychotherapy is deciding what physiological variables to consider. Indeed, the clinical and intersubjective
implications of synchronization depend on the response systems
measured (Helm et al., 2014). For instance, synchronization in
facial myography may describe different interactive processes than
synchronization in skin conductance. No study has formally compared the clinical meaning of the synchronization in different
signals yet. Some intuition on this matter, though, comes from
nonverbal synchronization, a twin research domain. In that field,
Ramseyer and Tschacher (2014) found that coordination in head
movements is predictive of therapy outcome, whereas coordination
of gross body movements predicts session-by-session outcome
only.
Physiological synchronization research in counseling and psychotherapy has mainly focused on measures of the autonomic
nervous system (ANS) and specifically cardiac and electrodermal
activity.1 ANS measures are among the least invasive and fit well
the ecological setting of this research. Furthermore, because ANS
is typically associated with emotional responses, measuring its
activity can shed light over processes that may not be consciously
controlled, or that may not be visually assessed by the therapist or
by external raters. Nonetheless, many other physiological signals
(facial myography, skin temperature, respiratory rhythms, speech
pitch, etc.) have been explored in interpersonal designs (Palumbo
et al., 2017), or could be of interest given their association with
patients’ psychological processes (Del Piccolo & Finset, 2018;
Siegel et al., 2018). Given their importance for the field, in the next
paragraphs we will briefly describe electrodermal and cardiac
activity. For further discussion of other signals, the psychological
correlates, acquisition instructions, and general guidelines, we
refer the interested reader to the handbooks by Cacioppo, Tassinary, and Berntson (2007) and Blascovich, Vanman, Mendes, and
Dickerson (2011). Further ideas and commentary on the role of
various signals in physiological synchronization designs can be
found in Palumbo et al. (2017) and Thorson et al. (2018).
Skin conductance. Skin conductance (SC) is the method of
choice to measure electrodermal activity (Boucsein, 2012), that
is, the electrical properties of the skin. SC essentially depends
on the activity of eccrine sweat glands, which present exclusive
sympathetic nervous system innervation. This system is associated with the “fight or flight” response, orientation response,
activation, arousal, and attention, and thus SC is typically used
as an indicator of all of these processes. Whereas SC is traditionally used in stimulus-response research designs, physiological synchronization studies the evolution and the features of
1
Physiological synchronization of central nervous system measures
(e.g., EEG, fMRI, etc.) is studied under the different label of hyperscanning. Given the difficulty of obtaining these measures in an ecologically
valid manner, they are not suited for clinical research yet, and will not be
further discussed.
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the whole signal. This physiological index is easy to acquire,
noninvasive (especially when using wireless devices), and
straightforward to analyze and interpret. Indeed, rough estimations of SC synchronization can usually be inferred already by
visually inspecting the raw data.
Although for the reasons outlined above SC is highly suggested as a physiological synchronization signal in the clinical
setting, great care must be given in the electrode placement, as
variations in their adherence can have a strong effect on data
acquisition, and because electrode replacement is not feasible
during a therapy session. Similarly, SC is prone to movement
artifacts, because patients may often move their fingers. As
with most physiological measures, the acquisition of a clean
signal is of paramount importance. Indeed, beyond simple filtering procedures (Boucsein, 2012), artifact detection must be
performed manually, and noisy data should be discarded by the
researcher.
Cardiac activity. Whereas skin conductance is clearly associated with sympathetic activity, the heart is innervated both
by the sympathetic and the parasympathetic nervous systems,
which makes the study of heart synchronization dynamics complex to interpret. Indeed, while traditionally associated with
resting, feeding, and sexual arousal, recent neuroscientific models suggest that parasympathetic activity may play a critical role
also in cognitive, emotional, and attentional processes (Smith,
Thayer, Khalsa, & Lane, 2017). Cardiac activity can be measured through indexes such as blood pressure, the preejection
period, or blood oxygen saturation. Precise measurement of
these indexes requires specific devices, which often are expensive and unsuitable for ecological studies. Heart rate (HR), on
the other hand, can easily be acquired through electrocardiography, or trough photoplethysmography. Both these measures
(especially the latter) are nowadays inexpensive, easy to use,
minimally invasive, and increasingly integrated in consumer
“wearable” devices, fitness gizmos, and smartphones.
The variation in time of HR is called heart rate variability
(HRV) and is itself a broad field of study encompassing many
different measures (for a review see Shaffer & Ginsberg, 2017),
each aiming to extract specific features of the cardiac activity to
isolate parasympathetic and sympathetic activity, or respiratory
sinus arrhythmia. For example, the root mean of the squared

successive peak-to-peak interval differences (RMSSD) is believed to reflect primarily parasympathetic activity, whereas
other measures such as the low-frequency band power (LFHRV) reflect both parasympathetic and sympathetic activity in
a proportion that varies across tasks type and duration.
In conclusion, HRV represents the easiest and most economical
signal to acquire and conveys rich information on the individual
psychological status. However, given the complex physiological
mechanisms involved, authors interested in exploring this signal
should place great care in planning data processing and ground the
results interpretation in theory.
Running example: Acquisition. In the data collection from
our running example, we aimed to perform an exploration of
coregulatory dynamics between a patient and her therapist, without
strong a priori hypotheses. Thus, we selected skin conductance as
the physiological index of choice, mainly due to the simplicity of
its interpretation. Our acquisition device was a BIOPAC MP-150
System, equipped with two PPG-ED BioNomadix units. This setup
consists in a control unit, connected to an acquisition computer,
and two wireless transmitters attached to the wrist of the participants with a Velcro armband. At the beginning of the session, two
single-use adhesive electrodes are connected to each transmitter
and to each participant’s hand. As a recording site, we chose the
index and middle fingers’ distal phalanges, as they provide a
higher amplitude signal (Boucsein, 2012, p. 106). Figure 1 presents a diagram showing the set-up, and a close-up of the electrode
placement.
According to guidelines (Boucsein, 2012) and the manufacturer instructions, we acquired the raw data with a frequency of
1000 Hz and we filtered it through a 1-Hz low-pass filter to
remove the sensors’ noise. Finally, the frequency was reduced
to 10 Hz, to speed up further analyses. In order to synchronize
the video and the physiological tracks, the experimenter would
simultaneously place a marker on the physiological signal (a
function offered by most acquisition software) and clearly say
the word “start.” Further research needs to investigate patient’s
experience of wireless data acquisition in physiological synchronization research; however, in our colleagues’ experience
(Zimmermann et al., 2018) as well as ours, patients do not seem
to perceive it as an invasive procedure.

Figure 1. The diagram in the left panel presents the set-up of the physiological acquisition. The right panel
shows a close-up of the wireless transmitter and the electrodes placement. See the online article for the color
version of this figure.
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Data Analytic Approaches to Synchronization
Generally, methods used in the study of physiological synchronization aim to find similarities among signals features such as
peaks, cycles, or trends.
Correlation-based and regression-based approaches. Correlation is the most widely used analysis in the field. Correlation of
two time-varying signals is a straightforward measure of their
similarity and is easy to compute and interpret. Correlational
approaches, however, are unable to include more variables in the
analyses, such as other participants (e.g., couples or group therapies) or external covariates. Furthermore, simple correlations may
fail to detect synchrony in many real-case scenarios, for example,
when two similar peaks are shifted in time by some lag. Finally,
correlational approaches only provide an assessment of signal
similarity, but they do not allow inferences (e.g., Is the patient
regulating the therapist, or vice versa?).
Some of these limitations can be overcome through regressionbased time series analyses,2 which present a good tradeoff between
powerful modeling capacity and intuitive interpretation of the
results. Unfortunately, most of these models were developed for
economics and meteorology, and adequately assessing high frequency physiological data usually requires customizing the models
or to transform the raw data. A full discussion of the available
models and their adaptation to different physiological signals goes
beyond the scope of the present article. We refer the interested
readers to the works by Gates and Liu (2016) and Helm, Miller,
Kahle, Troxel, and Hastings (2018).
Stationarity, detrending, and moving windows. Just as for
any statistical procedure, the validity of correlation and regression
methods requires respecting given assumptions, the most crucial
one being stationarity of the time series. Stationarity, in simple
terms, implies that the signals have a mean and variance that is
constant in time. Because this is almost never the case in physiological data, not addressing this problem can lead to spurious
results that lack real-world meaning.
One possible approach for solving this problem is to transform
the signals to make them become stationary, a process known as
“detrending” (see Helm et al., 2018). This can be achieved with
simple signal-processing tools, such as high-pass and movingaverage filters, or through mathematical models that account for
each signal specificity. For instance, phasic skin conductance (i.e.,
the fast changes happening in the range of few seconds) can be
separated from the tonic skin conductance (i.e., the slow drifts of
the signal that happen across minutes) through various techniques
(Greco, Valenza, & Scilingo, 2016, pp. 19 –34). These procedures,
however, should be followed only by experienced physiology
researchers because they alter the signal in significant ways may
lead up to artifacts resulting from the filtering procedure or to
remove relevant information.
A more straightforward approach to the problem of nonstationarity is the use of moving windows. Instead of correlating whole
signals, this technique (Boker, Xu, Rotondo, & King, 2002),
illustrated in Figure 2, consists in extracting a small window, for
example, the first 30 s of a patient’s and a therapist’s signals;
correlation is then calculated over this window, and then the
window is moved by a given increment, which can be either
smaller (overlapping windows) or equal (nonoverlapping windows) to the window size. This procedure assumes that although
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signals may not be stationary over their entire duration, they may
be stationary over shorter segments (i.e., local stationarity). Correlation (or regression) over moving windows offers a robust
time-varying function of the similarity of two signals.
Panel A in Figure 3 shows two signals that aside from their
timing are identical. It could be reasonable to hypothesize a causal
link between them (the peaks in the blue, lower signal could be a
response to the peaks in the pink, upper one) or at least to speculate
that an effective, although delayed coordination was happening.
This is a common phenomenon in both physiological and
other types of synchronization; for instance, two individuals clapping their hands with a given rhythm may not clap perfectly on the
beat. Yet, to be able to assess this delayed similarity, the procedure
needs to account for the lags. In its simplest form, lag analysis
consists in repeatedly shifting one of the signals with respect to the
other by a given time interval (e.g., ⫾1 s, or ⫾1 sample) and
calculating a new correlation value for each shift. If windowing is
also being used, the lag analysis must be repeated for each window. By this means, the shift in time which maximizes the correlation can be interpreted as the best (and eventually the “real”) lag,
as is shown in Figure 3, Panel C.
More sophisticated regression-based approaches, as in the case
of vector autoregression or dynamic causal modeling, may instead
directly include lagged values of the other signals, and may formally test causal (directed) inferences about which signal is influencing and which is influenced.
Dynamic time warping. Panel B in Figure 3 shows a more
complex situation, where similarity is not observed with a fixed
delay, but with a varying rate of chance, a phenomenon which can
often be observed in electrodermal activity and other signals. One
possible solution to these problems is an algorithm called dynamic
type warping (DTW), which has rarely been applied to physiological synchronization research. The main idea behind DTW is to
find the best amount and direction by which to “stretch” one of the
two signals, in order to minimize their difference. Figure 3, Panel
D, provides a graphical representation of the algorithm results. A
good real-world application example can be found in Chikersal,
Tomprou, Kim, Woolley, and Dabbish (2017), where DTW was
employed to assess skin conductance synchronization in dyads
involved in a collaborative task. Another example of an algorithm
similar to DTW is described in the running example, later in this
section.
The flexibility offered by these approaches can be very effective
in modeling synchronization variations in time and speed, and thus
researchers should favor them. Such flexibility, however, does not
come without limitations. In fact, if lag analysis and DTW allow to
assess signal similarity when time and speed are not identical,
these procedures force data-driven manipulations based on specific
assumptions, which may lead to false positives results. The choice
of the correct parameters for these analyses is crucial to ensure that
they are as conservative as possible. For instance, employing too
broad of a lag range on a signal with cyclical components (e.g.,
respiration, heart rate, or phasic skin conductance) may lead to
erroneously compare one feature of person’s signal, not with the
2
For example, auto-regressive moving average (ARMA), vector autoregression (VAR), cointegration, dynamic system modeling, Granger causality, mixed models, and growth-curve analyses.

This document is copyrighted by the American Psychological Association or one of its allied publishers.
This article is intended solely for the personal use of the individual user and is not to be disseminated broadly.

428

KLEINBUB, TALIA, AND PALMIERI

Figure 2. The diagram shows a simulation of a moving-windows correlation procedure, using 30-s windows and 15-s increments. For each
window, the correlation between the corresponding 30 s of the patient’s
and therapist’s signals is calculated (red dashed line). The window is then
shifted by a 15-s increment and the procedure repeats, until the whole
duration of the recording is analyzed (only the first four windows are
shown in the diagram). The result is a time series of correlations (connected
red dots) which represents the two signals similarity in time. See the online
article for the color version of this figure.

corresponding one in the other person, but rather with the previous
or the next one (i.e., phase shifting).
Assessing synchronization accuracy. Synchronization algorithms are affected by a relatively high amount of assumptions
which, given the high data density, are often hard to be manually
verified. Beyond the mentioned stationarity issue, presence of
autocorrelation in the time series can as well lead to spurious
correlations (an excellent discussion can be found in Dean &
Dunsmuir, 2016). Furthermore, given the cyclical properties of
most signals, most procedures will present a not negligible degree
of false positives. For these reasons, researchers should always
assess the accuracy of their calculations or, in other terms, whether
the measured synchronization is a true descriptor of coregulation,
or just a “dead salmon” (Lyon, 2017) statistical artifact. Some
regression-based approaches specifically devised for nonstationary
time series may directly provide accuracy indexes, in form of
significance testing of the model or the parameters, goodness-of-fit
indexes, and so forth. Yet, in the general case, uncorrected nullhypothesis testing and standard effect sizes may prove inadequate
for the case of physiological synchronization. Another approach is
that of external validation, where the demonstration of the genuine
nature of synchronization is based on finding a relevant nonrandom association between the computed values and external
sources of information, such as observer-rated measures, or questionnaires.
Beyond these specific approaches, a general solution, pseudosynchrony, has been devised to discriminate between “real” and

“random” synchrony independently from the employed algorithm.
Pseudosynchrony was introduced by Bernieri, Reznick, and
Rosenthal (1988), and consists in shuffling the pairings between
signals, so that new surrogate data sets are analyzed where signals
of persons who did not interact with each other are matched
together, leading to the measurement of an empirical zero value.
The idea is that if real dyads present a higher degree of synchronization than that observed in surrogate dyads, then the algorithms
are actually extracting information specific to that place and time,
and possibly to that interaction.
Among various shuffling possibilities (Moulder, Boker, Ramseyer, & Tschacher, 2018), two forms of pseudosynchrony are
mainly employed in literature. In the first one, “between-dyads” or
“subject-shuffling,” randomization is done using entire signals,
and shuffling the dyad matchings (e.g., the signal of a patient’s
session is matched with that of a random session of a therapist that
was not his own); in the second one, “within-dyads” (sometimes
called surrogate synchrony, SuSy, or segment-shuffling), first proposed by Ramseyer and Tschacher (2010), participants are not
shuffled, instead each person’s signal is split in fixed-width segments the order of which is randomized. As customary, the choice
of a randomization level must be driven by theoretical considerations. In the general case of patient–therapist dyads, it seems to us
that “between-dyads” pseudosynchrony represents a more conservative and robust approach, as it includes all session-level effects
which may characterize both participants in every session, without
being strictly dependent from the moment-by-moment interaction.
Some examples might be a constant increase in the room temperature, increased fatigue across the session, or specific session
regularities given by specific intervention models or clinicians’
routines.
Pseudosynchrony mean and standard deviation can be employed
as the population parameters to compute standard scores. These
corrected scores have a value of zero when equal to the mean of
the random data, one when equal to one standard deviation, and so
on, and can be interpreted as an effect size estimation, with a scale
similar to Cohen’s d (Cohen, 1988).
Other approaches. Although less often used in the literature,
we would be remiss not to mention a number of other viable
analytic strategies. While the analytic approaches described until
now are defined to be within the “time domain,” as they focus over
how each signal evolves in time, other approaches pertain to the
“frequency domain.” Common examples are the study of alpha
bands in EEG activity, identification of the average pitch of
someone’s voice, or even the simple recognition of a color from
the whole visible light spectrum. Indeed, frequency domain analyses decompose the original signal into its cyclical components
and describe how much each of these components (i.e., frequencies) contributes to the whole signal. One frequency-domain approach to synchronization is studying whether different elements
(such as neurons or persons) share the same dominant frequencies,
in which case they are said to be “coherent” (e.g., Codrons,
Bernardi, Vandoni, & Bernardi, 2014). A further advancement in
these ideas is “wavelet analysis,” which is an advanced technique
combining the frequency-domain ability to precisely identify the
signal components, and the time-domain temporal resolution.
Some examples of application and a more detailed introduction to
the topic can be found in Müller and Lindenberger (2011), Daftari,
Quer, and Rao (2012), and Quer, Daftari, and Rao (2016).
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Figure 3. The two upper panels show two situations in which simple correlation or regression may fail to assess
signal similarity. In Panel A, both signals are identical (r ⫽ 1), yet because the lower one is delayed in time, their
computed correlation is r ⫽ ⫺0.44. Similarly, in Panel B, the lower signal is identical to the upper one, but its rate
of change in time (i.e., its speed) is lower, reducing the correlation between the two signals at r ⫽ .54. The two lower
panels show the analytic model flexibility necessary to adequately assess similarity in these cases. Panel C shows the
application of a constant lag, in a lag analysis. Panel D shows the application of dynamic time warping to establish
the best lag for each specific moment. See the online article for the color version of this figure.

Beyond the classical time and frequency domains, other analytical techniques are being explored for the assessment of physiological synchronization, such as principal component analysis
(Kleinbub et al., 2019), information-domain (entropy), and other
tools drawing from the field of nonlinear data analysis, chaos
theory, and dynamic complex systems analysis, such as recurrence
quantification analysis. We refer the reader interested in these
advanced methods to the review by Gates and Liu (2016). As a last
suggestion, we would like to mention dynamic causal modeling, a
technique developed by Karl Friston (Friston, Harrison, & Penny,
2003) that involves specifying dynamic models, fitting them to
data and comparing their evidence using Bayesian model comparison. While to the best of our knowledge this approach has never
been applied to interpersonal physiology data, it has become the de
facto standard for the analysis of a similar class of problems in
neuroimaging, and we therefore consider it as one of the most
promising future directions in the field.
Running example: Analysis. In this section we present in
detail possible approaches for both the longitudinal analysis at
the session level, and a moment-to-moment analysis. An R
script containing all the commands necessary to replicate this
methodology is available at http://kleinbub.it/code/kleinbub_
2019_demo.R.
Macro design: An example of moving windows correlations.
For the first analysis, we implement the most basic approach, that
is, moving-windows correlations, without lag analysis. This
method requires that we choose two “settings” or parameters, that

is, the windows size and the windows increment (see Figure 2).
For this example, we choose a window size of 10 s, which given
the nature of the skin conductance signal, is a length that has a
good chance of representing the signals’ fast changes, and to
exclude the slower drifts which may be less related by interpersonal processes. As for the windows increment, in our experience
values between one fifth and one half of the window length tend to
offer the best results. Here we choose an increment size of 2 s, to
have a good temporal resolution. Next, because we are interested
in seeing the trend in synchrony across sessions, we need to reduce
each session’s correlations time series to a single value. As discussed before, the most straightforward option is to calculate the
median correlation for each session. Finally, to correct our results
for pseudosynchrony, we calculate the same median correlation
over all the 480 possible combinations of the 16 patient’s and the
16 therapist’s recordings (excluding the real matches and repetitions). The resulting distribution is used to transform the real
synchronization values in z-scores, or “z-synchrony.”
Micro design: A custom dynamic time warp algorithm.
While the moving-windows correlation approach is generally robust in estimating average synchronization levels, a moment-tomoment analysis requires a very high precision, so that each skin
conductance peak in the patient’s signal is correctly matched to the
therapist’s ones, if plausible (e.g., within a reasonable time interval). To achieve the required precision, we implemented a version
of the dynamic time warping algorithm customized for skin conductance. This method, called adaptive matching interpolated cor-
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relation (AMICo) is freely available in the DyadSync package
(Kleinbub, 2019) for the statistical software R. In synthesis, for
each session the algorithm first identifies the peaks and valleys in
the patient’s and therapist’s SC signals and tries to match them,
considering a maximum lag of ⫾4 s.3
The similarity of each possible peak-peak and valley-valley
match is calculated, and the combination of matches that maximizes the overall similarity along the whole session is selected.
Once the most plausible lag structure has been determined, for
each match, the shorter of the patient’s and therapist’ peak or
valley is then warped to match the length of the longer one and
Pearson correlation is calculated. Similarly to the moving windows
approach, the result is a time series of correlations, but in this case
each r value corresponds to a specific patient–therapist matched
event (peak or valley in both signals). In order to provide a visual
comparison of the approaches, Figure 4 represents 1 min of the
patient’s and therapist’s skin conductance signals, the upper side of
the picture shows the synchronization calculated with the moving
window correlation (red dashed line), and with the AMICo algorithm (gold continuous line). For the most part of the sequence,
both signals share a very similar peaks-valleys structure, yet the
moving-windows correlation fails to assess this similarity, returning correlation values around zero, or even negative. The ability of
the AMICo algorithm to dynamically identify and match the
features in the signals is shown through the black connection lines
between the signals and allows to interpret the whole sequence as
characterized by a high level of synchronization.
For the goals of this example, the synchronization time series
resulting from the AMICo algorithms will be employed in an
explorative graphical analysis in the next section.

Clinical Relevance: Interpretations of the Results
In this section we present the results of the analyses for the
running example. Through these, we aim to show possible practical applications of these research method. Although the results
stemming from other types of analytical approaches and study
design may lead to significantly different interpretation strategies,
we aim to demonstrate the potential value of interpersonal physiology both for clinical practice and research.

Macro Design: Longitudinal Results
For the study of macroprocesses in the running example, we
extracted the median synchronization of each session, with the aim
of exploring the presence of longitudinal trends. In literature,
physiological synchronization is associated with positive traits in
the relationship, such as empathy and therapeutic alliance. Therefore, in a good therapy, it would be expected that these dimensions
follow specific trends over the course of the therapy (e.g., Kivlighan & Shaughnessy, 2000). According to this exploratory hypothesis, the results, presented in Figure 5, show that physiological
synchronization in our dyad did increase with a linear trend.
Furthermore, because the synchronization data was transformed in
z-scores relatively to pseudosynchrony calculated over the randomly matched signals, the values can be interpreted as an effect
size estimation, similar to Cohen’s d (Cohen, 1988). As can be
seen in the figure, with the exception of Session 2, synchronization
in the dyad was always greater than random, with a medium effect

size for the first half of the therapy, gradually increasing to a large,
and very large to huge effect.
By themselves, these values may be used to evaluate the development of a clinical relationship. While the precise relationship
between skin conductance synchronization and therapy outcome is
still to be established, the literature (see Kleinbub, 2017) suggests
that the processes behind physiological synchronization are important for establishing an efficacious clinical relationship, and a
lack or drop in synchronization may indicate and predict problems.
Furthermore, these values can be used together with other sessionby-session assessments, such as questionnaires or observer rated
evaluations, as in traditional process-outcome research.

Micro Design: Content Analysis
While session-level data seems of high practical value, the
temporal resolution offered by physiological measures paves the
way for an entirely novel approach to studying therapy process. In
the following paragraphs, we show how we used validated
observer-based psychotherapy measures to study the moment-bymoment fluctuations in physiological synchronization. We demonstrate this research strategy by coding the 15th session of our
running example with the Patient Attachment Coding System
(PACS, Talia et al., 2017) and the Therapist Attunement Scales
(TASc; Talia, Muzi, et al., 2018), two instruments that classify
patients’ and therapists’, respectively, attachment status based on
their communication during psychotherapy.
The criteria for coding the PACS and TASc are too extensive to
be described here (but see Talia et al., 2017; Talia, MillerBottome, et al., 2018). In general, both measures assess patients’
and therapists’ in-session attachment based on any single therapy
session transcribed verbatim, regardless of the topics discussed or
the therapeutic modality. In both instruments, the transcript is rated
as a whole without segmenting the text, and the coder identifies
discourse markers described in a coding manual as they occur in
patients’ and therapists’ speech turns. For example, some common
PACS markers are assigned when the patient tells a vivid narrative
of an event that is presented as distressful (i.e., the patient conveys
feeling hurt by it); or when the patient describes a significant other
in a way that manifests praise for the other’s sensitivity (thereby
manifesting her feelings toward the other). In this model, communication typical of secure attachment is one that fully conveys
one’s present intentional state, which includes describing the
subject of one’s attention (e.g., a person, an event, a general
memory) and one’s present attitude toward it (Miller-Bottome,
Talia, Eubanks, Safran, & Muran, 2019).
These observations are best understood through examples. Each
of the plots in Figure 6 represent about 1 min of skin conductance
activity of the patient and therapist, along with their computed
moment-to-moment synchronization and in-session discourse. In
the first vignette (Panel A), extracted from the first session in
therapy, the patient begins to provide contextual information about
3
Four seconds was chosen as a maximum lag because it is described in
the literature as the maximum latency between any stimulus and the
subsequent electrodermal response (Cacioppo et al., 2007). Furthermore,
because increasing the lags span also implies increasing the risk of false
positives, a normally distributed weighting is applied to penalize extreme
lags (i.e. ⫾4 s) up to 35%.
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Figure 4. The figure represents 1 min of the patient’s (green) and therapist’s (blue) skin conductance signals,
the upper side of the picture shows the synchronization calculated with the moving window correlation (red
dashed line), and with the adaptive matching interpolated correlation (AMICo) algorithm (gold continuous line).
The dynamic matching of peaks and valleys performed by the AMICo algorithms is represented through the
black connection lines between the two signals. See the online article for the color version of this figure.

a group of friends (i.e., who they are, what is their profession, what
is their relation to the speaker). As she does this, physiological
synchronization is low. We speculate that this is because a shared
understanding between patient and therapist about the patient’s
present intentional state is not given yet. Indeed, high synchronization only begins after the patient has clarified her intentions
toward the subjects of the narrative (i.e., her friends) through a
PACS “proximity seeking”4 marker: “. . . I don’t want them to see
that I am . . . afraid.” A number of subsequent speech acts
associated with secure attachment, by both the patient and the
therapist seem to sustain high synchronization: First, the therapist
completes the patient’s sentence by uttering the word “afraid”;
then, the patient’s uses a PACS “contact maintaining”5 marker, by
agreeing with the therapist, and the same “proximity seeking”
marker as before, by reiterating her current intentions toward her
friends. Finally, the therapist uses a TASc “empathic validation”6
marker by grounding the patient’s intentions on her underlying
needs. This sequence of secure attachment markers is interrupted
by the patient introducing addressing a different topic (“Well,
actually what I’d really like would be to . . .”), which ends both the
communicative sequence as well as the high synchronization sequence.
In the second vignette (Panel B), a passage of relatively lower
synchronization occurs as the patient provides contextual information and sets the scene for narrating an episode. Once again, higher
synchronization follows only after the narrative conveys the patient’s present intentional state by revealing that the patient had
been a victim of the uncle’s insensitive behavior (proximity seeking). The high synchronization in the passage is terminated as the
patient begins discussing a different perspective (i.e., her grandparents presumed feelings in that situation), which terminates the
secure attachment sequence.
These results are in line with the hypothesized increase in
synchronization during interactions associated to a secure attachment status. While no firm conclusion can be drawn from these

two vignettes, we think that the example illustrates the potential of
the approach. Indeed, this kind of analysis allows to directly
observe the interaction between verbal clinical processes, individual physiology, and patient–therapist synchronization, offering a
magnifying glass for the study of the embodied interpersonal
aspects of the clinical exchange. Starting from these preliminary
observations, researchers may devise clear norms for which types
of interaction elicits high synchrony and predictively test them on
a larger dataset. This in turn could lead to a deeper understanding
on how patients’ and therapists’ communication influences the
therapeutic relationship, and eventually help in improving the
therapeutic techniques.

Practical Suggestions and Open Questions
As it was described throughout the article, the study of physiological synchronization is a novel area of research that encompasses different applications and methods. Synchronization can be
studied in most clinical contexts, from individual counseling to
couple and group therapies, and has the potential of becoming a
4
Proximity seeking marks speech acts in which patients describe an
interpersonal experience and express their painful feelings in relation to it,
thereby eliciting support from the therapist. For example, disclosing angry,
anxious, or sad feelings in the here-and-now; or recounting in detail
distressful episodes that contain action verbs.
5
Contact maintaining rates speech acts in which patients disclose their
positive experience of the treatment or the therapist, thereby inviting a
positive feedback.
6
In these interventions, associated with a secure attachment classification, therapists present their own perspective on the patient’s subjective
experience in a way that conveys assurance and understanding of the
patient. For example, the therapist may agree that the patient is having a
certain emotion based on what the therapist sees or feels, or may provide
reasons for why a patient had a certain feeling, based other patients’
underlying mental states, or on the therapist’s own subjective view of the
patient’s interpersonal situation.
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Figure 5. Longitudinal trends in physiological synchronization. The plot presents the median synchronization
values of each session. The values are transformed to z-scores relative to pseudosynchrony. In this way a value
of one implies that the observed value is one standard deviation greater than the random average. These values
can be interpreted in a similar way to Cohens’ d effect sizes. The colored bars in the background represent the
classical effect size’s rules of thumb, medium: z ⬎ 0.5; large: z ⬎ 0.8; very large: z ⬎ 1.2; huge: z ⬎ 2 (Cohen,
1988; Sawilowsky, 2009). See the online article for the color version of this figure.

source of high-quality clinical assessments. Because research in
this field is still in a pioneering phase, in this section we present
some important remarks that may guide future researchers.

How Much Synchrony Is Ideal?
Because we know that synchronization is associated with positive relational traits (e.g., empathy; Marci et al., 2007), it is
frequently assumed that the more synchronization the better. While
conclusive empirical data is not available at this point, various
findings point toward a more sophisticated scenario. For instance,
research on couples and mother–infant dyads, reports that a balance between moments of rupture and synchronization is optimal
(Jaffe et al., 2001; Timmons et al., 2015). This is consistent with
the qualitative analysis reported in our running example, while we
observed clear descriptions of the patient’s experience and expression of her feelings to be associated with heightened synchronization, we also saw that these moments were often preceded (and
even prepared) by passages of lower synchronization, where the
patient provided background information to ensure mutual understanding. Changes of topic and expression of disagreement from
the patient and the therapist seemed similarly associated with
lower physiological synchronization in the analyzed session. We
assume that providing context, introducing new topics, and even
dissenting with the therapist’s interpretations are crucial aspects of
a collaborative relationship (Safran & Muran, 2000). A coregulation “dance” where the dyad can flexibly enter and exit synchronous states, by adapting and negotiating to the partner’s various
lags and speed, such as in the data we observed, may indeed be
beneficial and even necessary to form clinical relationships that
truly support change.

Avoid Confounding Factors
It is important that researchers who want to study physiological
synchronization make an effort to exclude synchronization due to

external, noninterpersonal factors. To begin with, quantitative
analyses should always be preceded by graphical investigation of
the signals and (if possible) of the calculated synchrony, similar to
Figure 4. Furthermore, before interpreting regular patterns in the
signals as an effect of clinically relevant interpersonal coregulation, possible alternative explanations should be ruled out. As one
example, physiological synchronization may derive from being
exposed to shared stimuli or similar physiological adaptations. For
instance, Golland, Arzouan, and Levit-Binnun (2015) concluded
that the physiological synchronization they observed in individuals
watching the same movie resulted from moment-to-moment emotional transmission. A more economic hypothesis, it seems to us,
would be to interpret the results of this study as stemming from
reactions to the same stimulus.
In a second example, Figure 7 shows a common finding in the
field (e.g., Tschacher & Meier, 2019), that is, that patient’s and
therapist’s slow changes in HRV show strong inverse correlation,
and distinct diamond-like shapes that hint to a process of marker of
physiological synchronization. Cross-checking the data with the
speaking turns, though, reveals that the HRV dynamics coincide
with verbal turn-taking, leading to a more parsimonious explanation of an intrapersonal process probably caused by RSA connected with speaking and/or listening (e.g., Mackersie & CalderonMoultrie, 2016).

Plurality of the Field
Perhaps because physiological synchronization has been studied
in a variety of contexts and research traditions, researchers in this
field have often used different terms and constructs to refer to it.
Such terms include interpersonal physiology, social resonance,
mimicry, attunement, stress contagion, chameleon effect, interpersonal coordination, interactional synchrony, concordance, therapeutic index, linkage, coupling, entrainment, contingency, mutual
responsiveness, mutual adaptation, reciprocity, mutuality, dyadic
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Figure 6. Each of the two panels represents multiple patient–therapist variables within 1 min of therapy. In each
panel, the green continuous and the blue dashed lines are respectively the patient’s and therapist’s skin conductance
levels; the black connection segments represent the adaptive matches of the adaptive matching interpolated correlation
(AMICo) algorithm; the upper section of each panel shows the correlation between the patient’s and therapist’s signals
within each window. The transcripts of the corresponding dialogues are reported below each panel— bold green is the
patient and blue italic is the therapist. Patient Attachment Coding System (PACS) and Therapist Attunement Scales
(TASc) markers are represented through arrows. PS ⫽ proximity seeking; CM ⫽ contact maintaining; EV ⫽
empathic validation. See the online article for the color version of this figure.

affect regulation, coregulation, covariation, relational psychophysiology, physiological influence, interdependence, and so on
(Kleinbub, 2017).
Similarly, as it was described in the Practical Guidelines section,
synchronization can be measured through a broad range of applications and methods, each capturing different aspects of the phenomenon. Assessing the meaning and adequacy of each different
algorithm is one of the necessary steps for the development of this
field. Indeed, results stemming from different approaches (e.g.,
co-occurrence of peaks vs. frequency coherence) may often not be
comparable, and the synchronization observed in two different

signals may capture very different psychological processes. Because generalizing the results of a specific method to the whole
domain may lead in the future to problems in replication and
consolidation of constructs, we suggest that positing the equivalence of approaches and assumptions should only follow further
empirical testing.

Facing Complexity
The suggestion that physiological synchronization become an
objective measure of the clinical process, with a temporal resolu-
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Figure 7. The figure represents patient’s (pink dashed line) and therapist’s (blue continuous line) average
interbeat interval (RRmean), a classic (HRV) index. The black vertical lines represent the timing of turn changes
in the dialogue, and the colored arrows indicate the speaking participant, P for patient and T for therapist. While
the two signals show an evident inverse correlation, which may be interpreted as an intersubjective coregulation
process, the clear association between the HRV dynamics and turn-taking suggests a more parsimonious
interpretation. See the online article for the color version of this figure.

tion of few seconds, seems enthralling to us; and yet the nature of
this phenomenon has still to be comprehensively mapped. For
instance, being the effect of dyadic interaction, synchronization
must be influenced by patients’ individual characteristics such as
gender, personality, attachment, and, crucially, diagnoses. Similarly, it is known that therapists’ training (Messina et al., 2013) and
attachment (Palmieri et al., 2018) influence synchronization, but it
is reasonable to hypothesize that there are many other influences.
At the current state of the art, the way in which such individual
characteristics influence physiological synchronization is still unknown. Because assessing every combination of signals, indexes,
methods, settings, and patients’ and therapists’ individual characteristics is unfeasible, a research program that aims to go beyond
the simple correlational evidence should take advantage from an
abductive approach. Beyond the classic nomothetic/idiographic
dichotomy (Salvatore & Valsiner, 2010), abduction works by
finding, through logic and theory, the most plausible causes of
individual observations, without relying on the repetition of patterns in larger samples. The process leads to new hypotheses,
which can then be verified (e.g., through randomized control
trials), creating a generative cycle between theoretical development and empirical observation. We suggest that future research
should preferably test hypotheses that have been advanced following intensive qualitative observation (see for some additional examples citation: Kykyri et al., 2017; Laitila et al., 2018; Voutilainen et al., 2018). Indeed, only through efficacious theoretical
models, and by answering the fundamental questions about the
mechanisms underlying physiological synchronization and its role
in human communication, the methods will progress toward their
full potential of measuring, predicting, and explaining clinical
interaction.

Conclusion
The study of physiological synchronization in psychotherapy
and counseling psychology is still in its infancy. Yet, a growing
number of empirical studies suggest that this phenomenon is
associated with empathy, therapeutic alliance, and other positive
aspects of the clinical relationship (Kleinbub, 2017). These results

provide initial support to the general principle that interacting
individuals coregulate their physiological activity, they confirm
that this phenomenon can be objectively measured and linked to
meaningful interpersonal processes, and they encourage a new
generation of researchers to take up the challenges of understanding the meaning of and the role played by physiological synchronization in treatment.
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