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Abstract 

We explored use of Recurrence Quantification Analysis (RQA) 
of speech rhythm data from mental-health counseling sessions 
for prediction of quality of psychotherapy. Time-series of inter-
syllable intervals (ISIs) were extracted from 239 counseling 
sessions conducted by 12 therapists who repeatedly interacted 
with 30 clients. We found a negative association between 
recurrence metrics and client-rated session quality and a 
negative link between percent of laminarity and therapist-rated 
session quality, after controlling for self-reported client 
depression and distress measures and duration of speech sound 
within a session. Placing value on reduced recurrence in 
patterns of ISIs, and especially reduced degree of a dyadic 
system remaining in the same speech-rhythm pattern may be 
indicative of a desire for variation in content and strategies of 
client-therapist interaction. These exploratory findings point to 
the possibility of RQA-based automated systems to capture the 
‘footprint’ of the non-verbal dynamic that is indicative of 
successful mental-health counseling. 

Keywords: Recurrence Quantification Analysis, non-verbal 
speech parameters, speech rhythm, dialogue, psychotherapy 

Introduction 

Increased demand for mental health services has created a 

need for automated evaluations of psychotherapy to improve 

training and provide quality control in an expanding market. 

However, the cost- and time-prohibitive nature of coding and 

analyzing large amounts of linguistic data by human raters 

precludes timely evaluation of counseling sessions. A 

possible solution where psychotherapy rating tools use 

natural-language processing (e.g., Femotomos, Martinez, 

Chen, Singla et al., 2021) can run into privacy problems as 

therapists and clients may be reluctant to disclose the content 

of their interactions even to automated systems. In this study, 

we explore whether counseling efficacy can be estimated 

from the dynamics of non-verbal speech parameters. 

Exploring how well the dynamics of non-verbal aspects of 

communication can predict attainment of counseling goals is 

not just of applied importance but has important implications 

for the theoretical understanding of the structural 

organization of social interaction across multiple levels of 

linguistic representation and modalities of action. 

Previous research has demonstrated that degree of 

alignment and coordination is linked to communicative 

success, especially when it occurs on more global levels of 

interaction (Fusaroli, Bahrami, Olsen, Roepstorff et al., 2012) 

or over longer time frames (Reitter & Moore, 2014). In 

laboratory experiments, the link between alignment and 

coordination on the one hand and communicative success on 

the other has been observed across multiple levels of 

linguistic representation, e.g., in lexical choices, prosody and 

speech rhythm (Fusaroli & Tylén, 2016). Yet, while solving 

joint tasks tends to benefit from alignment and coordination 

on various aspects of communication, in more naturalistic 

interactions such as psychotherapy the link to communicative 

outcomes is less straightforward: Several studies have shown 

positive links between synchronization of head and body 

movement and therapeutic outcomes (Paulick, Deisenhofer, 

Ramseyer, Tschacher et al., 2018; Ramseyer & Tschacher, 

2011; 2014) while another study demonstrated that greater 

pitch synchrony was associated with lower ratings of 

therapeutic alliance and greater client distress, presumably 

reflecting sensitivity to therapist-initiated bids for changes in 

conversational direction or to attempts at repairing ruptures 

in rapport (Reich, Berman, Dale & Levitt, 2014).  Thus, 

patterns of alignment and coordination between interlocutors 

may differ considerably depending on communicative 

situations and goals. 

The aim of the present study was therefore to investigate 

further how patterns of alignment and coordination between 

interlocutors are linked to outcome measures in the specific 

setting of psychotherapeutic counseling. We examine links 

between clients’ state of mental health, which is known to 

impact a range of communication features (Alpert, Pouget & 

Silva, 2001), dynamic characteristics of alignment on a non-

verbal speech parameter – speech rhythm – and subjective 

evaluations of the quality of counselling sessions. We 

selected speech rhythm as the target non-verbal speech 

parameter due to its demonstrated suitability as a predictor of 

communicative outcome (Fusaroli & Tylén, 2016, Reuzel, 

Embregts, Bosman, Cox et al., 2013) and used RQA to 

quantify the temporal dynamics of speech rhythm.  

Recurrence Quantification Analysis (RQA) 

Time series data of features of communicative interaction 

tend to be non-stationary, i.e., the means and standard 

deviations of relevant measures change over time. Such 
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complex non-linear dynamic, which reflects shifting patterns 

of alignment and coordination over time, can be analyzed 

using RQA, a method for visualizing the patterns in which 

time series revisit previous states in reconstructed 

multidimensional state space using two-dimensional 

recurrence plots (Webber & Zbilut, 2005). RQA captures 

dynamic properties of communication that otherwise would 

be missed using aggregate measures or conventional time-

series analyses.  Characteristics of recurrence plots can be 

quantified using a range of recurrence metrics that can be 

subjected to statistical analyses (see Table 1). 

 
Table 1: Recurrence metrics 

 

Recurrence 

Parameter 

Description 

%Recurrence   Percent of recurrence points falling 

within a certain radius in state space 
 

%Determinism 

(DET) 

Percent of recurrence points forming 

diagonal lines; quantifies recurrence of 

deterministic patterns/sequences 
 

Length  

(L) 

Average length of diagonal lines; 

quantifies degree of stability and 

structure in a system  
 

Entropy 

(ENTR) 
 

Entropy of lengths of diagonal lines; 

quantifies complexity of recurrent 

patterns 
 

%Laminarity 

(LAM) 

 

Percent of recurring points falling into 

vertical/horizontal lines; indicates 

degree of system being trapped in the 

same state  

Trapping Time 

(TT) 

Average length of vertical/horizontal 

lines; indicates length of time a system 

being trapped in the same state 

 

Many studies of alignment and coordination in dyadic 

interactions use cross-RQA (Coco & Dale, 2014) to analyze 

the way in which two or more interacting systems revisit each 

other’s states. However, in this study we used auto-RQA 

which treats the dyad as a single system without 

discriminating between interlocutors. We chose this 

approach for two reasons: (a) Fusaroli & Tylén (2016) 

showed that auto-recurrence, which captures synergistic 

patterns of how interlocutors complement rather than mimic 

each other, is a better predictor of joint action success, and 

(b) size and nature of our corpus rendered diarization of 

audio-recordings to partition the speech stream by speaker 

identity technically infeasible. For communication that 

accompanies joint action the degree and complexity of 

recurrence obtained from auto-RQA should be positively 

correlated with communicative success and action outcome. 

However, it is unclear whether such a positive link would also 

be observed in psychotherapy where therapists aim not just 

to project empathy and to gain rapport but also to challenge 

and modify a client’s entrenched views, behaviors, and 

communication strategies. 

Method 

We analyzed auto-recurrence patterns in audio-recordings of 

a corpus of counseling sessions conducted in the context of 

therapist training within the Pluralistic Counseling 

Framework (Cooper & McLeod, 2011; Smith & De La Prida, 

2021). The aim was to establish whether RQA metrics can 

serve as predictors for subjective ratings of session quality by 

therapists and clients, controlling for clients’ state of mental 

health and overall duration of speech sounds within a session. 

The Counseling Corpus 

The corpus was recorded as part of a community counseling 

research project between 2015 and 2018. All therapists and 

clients had provided consent for their data to be used in future 

research. The entire corpus comprises 644 sessions 

conducted by 17 therapists with 45 clients. The number of 

interactions per dyad ranged from 2 to 33 sessions. For the 

present analyses, were selected the first 6-9 sessions of each 

dyad (excluding the introductory session) from a sub-sample 

of 239 sessions of dyads for which more than six sessions 

were available. This corresponds to a counseling period that 

is roughly in line with therapeutic guidelines for individuals 

with mild-to-moderate depressive symptoms (National 

Institute for Health and Care Excellence [NICE], Guideline 

1.5.3.6., 2009). Our sub-corpus comprised 30 clients (aged 

21 to 65 years; 21 women, 9 men) who interacted with 12 

therapists (11 women, 1 man). Five of the therapists 

interacted with one client, three interacted with two clients, 

the remaining therapists interacted with three, four, five or 

seven clients each. Counseling sessions lasted from 7 to 89 

minutes with a mean session duration of 50 minutes and a 

standard deviation of 10 minutes.   

Extracting Speech Duration and Rhythm  

We used an algorithm written for PRAAT (Boersma & 

Weenink, 2018) by De Jong and Wempe (2009) to identify 

voiced intensity peaks as proxies for vowel onsets that 

identify individual syllables. We then extracted the time-

series of intervals between these voiced intensity peaks which 

we take as a proxy for inter-syllable-intervals (ISIs). Note 

that these time-series are not a measure of speech rate in 

voiced segments of the interaction but rather a measure of 

overall speech rhythm that includes pauses and longer 

periods of silence. 

To obtain the overall duration of speech sound, 

corresponding to the amount of talk within a session, we 

subtracted the sum of all ISIs from the total session duration. 

Measuring of Client Mental Health  

A battery of mental health questionnaires was administered 

prior to each session. We controlled for measures of client 

depression and distress because of their established link to 

communicative outcomes (Ellgring, 2007). This allows us to 

ascertain whether speech rhythm recurrence patterns account 
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for additional variance in the appraisal of session quality over 

and above a clients’ state of mental health. 

Measuring Distress Client distress was evaluated using the 

Clinical Outcomes in Routine Evaluation (CORE) 

instrument, designed to determine treatment response during 

a course of psychotherapy with respect to a broad spectrum 

of problems associated with mental health difficulties 

including well-being deficits, mental health symptoms, life-

functioning difficulties, and risk of harm (Evans, Mellor-

Clark, Margison, Barkham et al., 2000). Total scores range 

from 0 to 136; the mean score in this sample was 46.1, SD = 

18.1. CORE scores were missing for 13 of the 239 sessions.  

 

Measuring Depression Client depression was evaluated 

using the Patient Health Questionnaire (PHQ-9), a 

monitoring instrument comprising multiple-choice questions 

designed to screen for severity of depressive symptoms in the 

general population (Kroenke, Spitzer, & Williams, 2001). 

Total scores range from 0 to 27 (scores of 5–9 are classified 

as mild depression; 10–14 as moderate depression; 15–19 as 

moderately severe depression; ≥ 20 as severe depression); the 

mean score in this sample was 10.6, SD = 5.5. PHQ scores 

were missing for 2 of the 239 sessions. 

Session Quality Ratings 

After each session both client and therapist rated the session 
for Helpfulness (1-9), Merit (1-7) and Productivity (1-7) with 

respect to their therapeutic goals. Cronbach’s α was .86 for 

therapists and .77 for clients. Ratings for Merit and 

Productivity were rescaled and combined with the ratings for 

Helpfulness into an average score of session quality. 

Therapists’ ratings were missing for 8, and clients’ ratings 

were missing for 24 of the 239 sessions.  

On average, therapists rated session quality lower than 

clients (client M = 6.81, SD = 1.15; therapist M = 5.44, SD = 

1.03); this difference was significant in a multi-level model 

nesting session within clients within therapists (β = -1.38, t = 

-9.59, p < .001). Both ratings were positively linked in a 

multi-level regression model that predicted therapists’ ratings 

from clients’ ratings (β = 0.52, t = 12.23, p < .001). 

Results 

For all analyses, we fitted multiple multi-level regression 

models of session-level data with random effects of sessions 

nested within clients nested within therapists using the lme4 

package version 1.1.27.1 (Bates, Mächler, Bolker, & Walker, 

2015) in R version 4.1.1. All fixed effects were centered and 

statistical significance of each model coefficient was 

evaluated with p-values approximated with the Satterthwaite 

method implemented in the lmerTest R-package version 

3.1.3. (Kuznetsova, Brockhoff & Christensen, 2017).  

Recurrence metrics were determined using the crqa 

package (Coco & Dale, 2014). To reconstruct the phase-

space using the method of time-delayed embedding (Takens, 

Rand & Young, 1981), time delay for all sessions was 

estimated using the first local minimum of the average-

mutual-information function which was 1 for all sessions as 

would be expected for inter-event intervals (Wallot & 

Leonardi, 2018). Embedding dimension was estimated using 

the false nearest neighbors algorithm (Abarbanel, 1996), 

yielding a range of 3 - 18 embedding dimensions across all 

sessions. We used an embedding dimension of 10 for all 

sessions as 96% of session embedding dimensions were at or 

below this value and RQA-metrics tend to be robust across a 

range of embedding dimensions (Wallot & Leonardi, 2018).  

Because the sessions differed greatly in length using the 

same radius led to large variation in %Recurrence, which in 

most instances exceeded the recommended range of 1-5% 

(Webber & Zbilut, 2005) and rendered recurrence patterns 

indiscriminable in the recurrence plots. We therefore adjusted 

radius for each session to yield a %Recurrence within the 

range of 2.0 - 2.002%. Limitations in computational 

processing capacity made it necessary to cap the ISI time-

series for 27 sessions at 11,000 data points. To control for 

recurrence due to incidental artefacts in the distribution of 

ISIs we also determined the recurrence metrics for time series 

of values shuffled within a session. 

Figure 1 illustrates the variability in recurrence plots by 

depicting example plots of sessions with highest and lowest 

values in pre-session distress scores and post-session 

outcome quality ratings. Plot brightness reflects differences 

in amount of data points due to differences in amount of talk 

and suggest that higher levels of distress were associated with 

overall lower amounts of talking.  

 

 
Figure 1: Recurrence plots for session with low client 

distress and high session quality rating (top left panel), high 

client distress and high session quality rating (top right 

panel), low client distress and low session quality rating 

(bottom left panel) and high client distress and low session 

quality rating (bottom right panel). 
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To confirm the link between mental health state and 

amount of talk, we fitted a multi-level regression with either 

distress (CORE) or depression (PHQ) score as predictor and 

overall speech sound duration as dependent variable. As all 

multi-level models with uncorrelated random slopes of 

CORE or PHQ scores resulted in singular fit we fitted 

intercept-only models which confirmed a positive link 

between PHQ score and speech sound (β = -107.70, t = - 2.45, 

p = .02) but not between CORE and speech sound (β = -93.59, 

t = 1.83, p = .07). This shows that clients’ severity of 

depression, but not general distress, was linked to less talk in 

the counseling sessions. 

To ascertain how to best predict session outcome quality 

ratings from recurrence metrics while controlling for client 

mental health state and amount of talk we checked for 

Pearson correlations between recurrence metrics, treating 

sessions as independent events. The correlation coefficients 

ranged from .50 to .99 (n = 239) and were all significant after 

Bonferroni correction. To explore the unique contribution of 

qualitatively different aspects of recurrence we fitted 

multiple multi-level regression models with each recurrence 

metric as a separate predictor. 

 Recurrence metrics were entered in addition to one of the 

measures of client mental health state and total speech sound 

duration per session. All models with random slopes either 

failed to converge or resulted in singular fit leading us to 

adopt the intercept-only model lmer (Session Rating ~ Mental 

Health Score + Sound in Session + Recurrence Metric + (1 | 

Therapist_ID / Client_ID). Table 2 shows coefficients for 

models fitted to session quality ratings of the therapists 

(Panels A and B) and the clients (Panels C and D) controlling 

for either overall distress (Panels A and C), or depression 

(Panels B and D). We also performed a second set of analyses 

on the shuffled timeseries to control for incidental recurrence 

artefacts, which confirmed the predictive effects of the CORE 

and the PHQ as well as of the total sound duration but showed 

no significant effects of any of the recurrence metrics (all data 

and code for main and shuffled analyses available at 

https://osf.io/n9wcx/files/). 

 

Table 2: Model coefficients for predicting ratings of session 

outcome quality with centered fixed effects of client mental 

health state, sound duration and target RQA metric.  
* p < 05, ** p < .01, *** p < .001 

 

Panel A: Therapist Rating, Distress 

Model 1 2 3 4 5 

intercept  5.33*  5.34***  5.34***  5.34***  5.33*** 

CORE -0.27*** -0.27*** -0.27*** -0.26*** -0.26*** 

sound   0.13*  0.13*  0.13*  0.11  0.11 

DET -0.05     

L  -0.05    

ENTR   -0.06   

LAM    -0.13*  

TT     -0.13* 

 

 

Panel B: Therapist Rating, Depression 

Model 6 7 8 9 10 

intercept  5.34***  5.34***  5.34***  5.34***  5.34*** 

PHQ -0.15* -0.16* -0.16* -0.14* -0.14* 

talk dur   0.13*  0.13*  0.13*  0.11  0.11 

DET -0.06     

L  -0.06    

ENTR   -0.07   

LAM    -0.13*  

TT     -0.12 

 

Panel C: Client Rating, Distress 

Model 11 12 13 14 15 

intercept    6.73***  6.73***  6.73***  6.74***  6.73*** 

CORE   -0.28** -0.29** -0.29** -0.29** -0.30** 

sound     0.04  0.03  0.03  0.02  0.03 

DET   -0.16*     

L  -0.22*    

ENTR   -0.26**   

LAM    -0.19*  

TT     -0.19* 

 

Panel D: Client Rating, Depression 

Model 16 17 18 19 20 

intercept    6.75***  6.75***  6.75***  6.76***  6.75*** 

PHQ   -0.15 -0.15 -0.15 -0.14 -0.15 

sound     0.05  0.04  0.04  0.03  0.04 

DET   -0.14*     

L  -0.17*    

ENTR   -0.18*   

LAM    -0.18*  

TT     -0.14 

Discussion 

Our results showed that ratings of session outcome quality 

were negatively affected by client distress: The higher the 

CORE score the lower did therapists and clients rate the 

outcome of the session. Interestingly, PHQ scores, which 

indicate severity of depressive symptoms and were highly 

correlated with CORE scores (Spearman’s r = .74, n = 225, p 

< .001), only affected therapists’, but not clients’ ratings. It 

appears that a broad indicator of distress across a range of 

mental health problems either affected clients’ 

communicative behavior to a greater extent or biased their 

outcome ratings more. While this is an interesting finding to 

pursue further it was not the primary focus of this study and 

is only of relevance insofar as it shows that clients’ mental 

health state affected how sessions were evaluated. 

Furthermore, the results showed that therapists’, but not 

clients’ ratings of session quality could also be predicted from 

how much talk had taken place. As our analyses did not 

differentiate between therapists’ and clients’ speech this 

association may reflect either that therapists place greater 

value on conversational contributions of the clients or on 

greater interaction between the clients and themselves.  

While amount of talk seemed to be an important dimension 

that influenced therapists’ evaluation of session quality, 
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clients did not rely on this information in their evaluations. 

Instead, their ratings were predicted by recurrence metrics, 

which all had a significant negative effect over and above 

mental health state and sound duration (aside from Trapping 

Time in the model that included PHQ as mental health state 

predictor). For the therapists, only laminarity, i.e., to what 

extent ISIs remained the same over periods of time, was 

negatively linked to their ratings. Our finding that therapists 

base their evaluations on aggregate quantitative measures 

such as amount of talk while clients evaluate interactions 

more positively and are more sensitive to qualitative features 

of the interactional dynamics is in line with findings by 

Reuzel et al. (2013). That study predicted evaluations of 

interactions between support staff and learning-disabled 

clients by independent staff and client observers from 

recurrence in gaze direction and speech rhythm, and found 

greater sensitivity of staff evaluations to aggregate 

quantitative measures like amount of talk and greater 

sensitivity of clients’ evaluations to patterns of recurrence, 

which in this case were positively linked to evaluations. Thus, 

participants in psychotherapy and in broader support-type 

interactions appear to evaluate communicative success 

differently presumably because basic support and therapy 

interactions have different goals. Still, our findings confirm 

that clients are more in tune with dynamic patterns of 

recurrence in non-verbal features of communication than 

staff or therapists. 

If we accept that client-based evaluations carry greater 

weight due to their stronger link with treatment outcome (it 

is likely to matter more what the client thinks about session 

quality) the consistent negative link with recurrence metrics 

in this study is an important finding: It suggests that in 

psychotherapy, clients view a greater degree of recurrence as 

detrimental to counselling success. This finding confirms the 

finding by Reich et al. (2014) of a negative link between pitch 

synchrony and ratings of therapeutic alliance. Placed in the 

broader context of research on how alignment and 

coordination affect communicative outcomes our findings 

show that the direction of this link may strongly depend on 

communicative context and communicative goal: While 

alignment and coordination of various features of 

communication may be predictive of positive outcomes in 

joint action contexts they may be counterproductive in 

contexts where communication, among other things, aims to 

modify entrenched patterns of thinking and behavior.  

While our findings suggest that RQA may be a promising 

avenue for automated appraisal of communicative outcomes 

in the context of psychotherapy it is important to point to 

several caveats associated with this study that should be 

remedied in further research. 

First, although the size of our corpus was large compared 

to other studies in this area, the outcome measures we had to 

work with were not optimally designed to appraise quality of 

psychotherapy. Future studies should select better 

instruments for therapists and clients to evaluate session 

quality based on theoretically meaningful constructs. More 

importantly, the predictive validity of RQA metrics of non-

verbal parameters of communication would be considerably 

enhanced by independent ratings of session quality from 

trained observers.  

Second, our study was confined to the analysis of speech 

rhythm but other non-verbal features of communication such 

as pitch patterns, body and head movements (Ramseyer & 

Tschacher, 2014) or heart rate fluctuations (Kodama, Tanaka, 

Shimizu, Hori et al. 2018) should be considered as well to 

gain a better understanding of the interplay between different 

levels and modalities of social interaction. 

Third, technical constraints and capacity limitations 

precluded diarization of the audio-recordings and the 

application of cross-RQA. While there are theoretical reasons 

to treat the dyad as a synergistic unit and use auto-RQA as 

we did (Fusaroli & Tylén, 2016), it would still be important 

to explore patterns of synchronization between interlocutors 

using cross-RQA. From the analyses conducted here we are 

unable to determine whether recurrence occurred within or 

across speakers; hence, we cannot draw conclusions as to 

whether the recurrence patterns that negatively impacted 

clients’ session appraisal were due to repetitiveness and 

perseveration in the client’s own speech or the mimicking of 

speech rhythm patterns between client and therapist. 

Fourth, we presented exploratory findings from an 

observational study which needs corroboration in 

experimental research to carefully manipulate 

communicative contexts and goals. For example, mood 

induction can be employed prior to communication to 

examine how the interplay between affective states of 

interlocutors and temporal dynamics of non-verbal speech 

parameters measured through RQA affects appraisal of 

attainment of various communicative goals.  

Finally, the strong correlation between the various 

recurrence metrics poses problems for RQA of complex time-

series data: Entering highly correlated predictors into 

regression models leads to multicollinearity yet reducing 

dimensionality through PCA could obscure individual 

contributions of, and potential interactions between, these 

metrics, e.g., amount and length of recurring patterns (DET 

and L) vs. amount and length of instances a dyad remains in 

the same state (LAM and TT). At the same time, performing 

multiple analyses using individual recurrence metrics as 

predictors can inflate the likelihood of spurious effects. One 

possible solution that we are currently pursuing is to employ 

machine learning to predict communicative outcomes 

directly from recurrence plots treated as visual objects – an 

approach that may better capture subtle differences in the 

complexity of recurrence patterns while preserving 

information from aggregate measures such as amount of talk. 

Despite these caveats our findings show that application of 

RQA should be developed further as a promising tool for 

automated appraisal of quality of communicative interactions 

in contexts like psychotherapy, where such appraisals are of 

great practical interest.  Using RQA would also improve the 

theoretical understanding of which specific patterns of 

alignment and coordination are indicative of attainment of 
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different communicative goals in a diverse range of social 

interactions. 
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