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1

Personality expression in body motion dynamics: An enactive, embodied and complex systems 

perspective

Abstract

We explored personality expression through body motion using enactive/complex systems 

perspectives. We invited 105 adults (aged 18-33, 70% women) to talk for 15-minutes about three 

self-referencing topics (introduction, bodily perception/sensory life, socio-emotional life). A video 

frame-by-frame differentiation method provided time-series to perform Recurrence Quantification 

Analysis (RQA), extracting four measures (Determinism/Entropy/Laminarity/MeanLine). Multilevel 

models linked Big-Five traits (IPIP-NEO-120) to embodied dynamics. Neuroticism predicted lower 

determinism and fluctuating dynamics when talking about bodily perception/sensory life and 

socioemotional life; less complexity and stability when talking about socioemotional life, and post-

task negative affect. Extraversion predicted regular/deterministic dynamics when talking about bodily 

perception/sensory life. Conscientiousness predicted less deterministic and more variability. 

Agreeableness predicted low post-task negative affect. The results are discussed integrating 

enactive/complexity, and personality perspectives.

Keywords: embodiment, dynamic systems, body movement, intra-personal dynamics, enaction, 

personality

1 Introduction

We examine how personality differences are expressed in body motion dynamics when a 

person speaks in a semi-structured individual laboratory session to study human self-organization in 

a standardized context. Our research work is grounded on enactive, embodied, and dynamic process 

perspectives, which can be applied at the level of the cell/organ/organism or extended to more 

abstract levels of human cognitive and psychological functioning and personality systems (Varela et 

al., 1991/2017; Carruthers et al., 2005; Di Paolo et al., 2017; Hovhannisyan & Vervaeke, 2022). In 

the present study, young adults talk about three specific self-referencing topics to examine self-

organization dynamics extracted from body motion (question 1), and subsequently, we study whether 

and which personality differences explain (part of the) variation in measures of dynamic self-

organization of body motion (question 2). Our theoretical framework and methodological approach 
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2

including the operationalization of four dynamic systems measures are outlined below (and in Table 

1) before we present and discuss our study results.

From the enactive approach to personality research

Enactive and embodied perspectives describe humans and all other living organisms as self-

organizing adaptive systems involved in a non-linear and continuous exchange of energy, 

information, and matter with their environment (e.g., Di Paolo & Thompson, 2014; Fuchs 2017). The 

continuity thesis in this line of thinking describes a continuum between basic life processes up to 

emergent psychological functionality such as cognition and meaning that cannot be reduced to a 

brain or nervous system but emerges from distributed processes throughout the whole organism 

(Varela et al., 2017; Thompson, 2010; Johnson, 2015; Fuchs, 2020). From this perspective, (a) 

human physical and mental organization and the material world share a fundamental set of (self-

)organized features; and (b) the individual and environment are in a constant mutually constraining 

interaction (Thompson, 2010; Varela et al., 2017; Galbusera et al., 2019). 

This interconnectedness between individuals and their environment shapes human affect, 

cognition, and behavior, and has been a focus of study across various fields including biological, 

developmental, personality, and social psychology (Tooby & Cosmides, 1992; Dawkins, 2016; 

Rauthmann, 2021). The environment in which an individual is situated presents specific opportunities 

or affordances, influencing the likelihood of specific behaviors (Gibson, 1979; Rietveld & 

Kiverstein, 2014; Bruineberg et al., 2019), thereby establishing nonlinear person-environment 

interactions (Davis et al., 2016; Schloesser et al., 2019; Bloch et al., 2019). These interactions 

manifest through nonverbal features such as gaze, gestures, and body motion, requiring coordination 

(within-subject and with the environment) to achieve self-regulatory and communicative objectives 

effectively (Blake & Shiffrar, 2007; Bloch et al., 2019; Chemero, 2013; Barrett, 2017).

Personality theory describes and explains how individuals explore, perceive, anticipate and 

craft the world around them (e.g., Buss, 2019). An accepted conceptualization defines personality as 

an abstraction to describe and explain the relatively stable patterns of what someone feels, thinks, 

does, and desires over time and situations (Larsen et al., 2020; Wilt & Revelle, 2019). From a 

dynamic perspective, personality is understood as a system that flexibly adjusts to situations and 

evolves within humans over their lifespan (Vallacher et al., 2002; Nowak et al., 2020). Each adult 

with a characteristic level (baseline) on each dimension (an attractor state) around which states 
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3

fluctuate in response to situational factors and the psychological landscape, which is also known as 

the dynamic equilibrium model (see Sosnowska et al., 2019). Some enactive and ecological theorists 

understand personality as stylistic individual differences in their perception of the world (“filters”), as 

well as their selection, evocation, and creation of environments (e.g., Buss, 1991; Baron & Boudreau, 

1987; Satchell et al., 2021). According to these approaches, personality traits would be organized as 

adaptive cognitive systems to cope with environmental demands (e.g., Mischel and Shoda, 1995; 

Nettle, 2006; Hovhannisyan & Vervaeke, 2022).

Empirical studies in personality research suggest that minimal body motion information such 

as major joint movement of animated stick figures (or point-light displays) without identifiable 

physical features (such as faces) suffices for observers to ascribe differences in extraversion and 

neuroticism (emotional stability, see Koppensteiner, 2011, 2013), or differences in dominance, 

trustworthiness, and competence (Koppensteiner et al., 2016), among others. Similarly, brief 

glimpses of milliseconds up to seconds of target behavior i.e. thin-slices of visual information suffice 

for many humans to reliably attribute affective states, personality, or other traits and further relevant 

information to targets (e.g., Ambady & Rosenthal, 1992; Ambady et al., 2000; Jiang et al., 2023). 

When it comes to the reliability of discerning specific personality traits, the higher interrater 

reliability of agreeableness, extraversion, and conscientiousness suggests greater accessibility to 

observers; whereas neuroticism and openness seem to be more difficult to discern in this set of 

behavioral snippets (e.g., Albright et al., 1988; Jiang et al., 2023). A meta-analytic study indicated 

that 30 seconds of exposure time sufficed and more did not notably improve personality judgment 

accuracy (Ambady & Rosenthal, 1992). Later work noted that observers required five seconds to 

judge extraversion, conscientiousness, intelligence, and negative affect accurately, but up to 60 

seconds to reach this accuracy on neuroticism, openness, agreeableness, and positive affect (Carney 

et al., 2007). Overall, the methodology of thin-slice behavioral observation suggests that human 

accuracy in personality observation is situation dependent, such as whether the target is in a dyadic or 

group situation, which means visual information is enriched with contextual understanding (Jiang et 

al., 2023). These findings are relevant to the extent that, if minimal observable cues are accurately 

used to discern attributes from others, we as researchers can find information (i.e., patterns/features) 

in diverse modalities of measurement that direct us to specific psychological constructs (e.g., 

traits/states).
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4

Specifically, embodied features –such as body motion over short periods– provide 

information about personality and other individual differences and can inform observers of self-

organizing processes inherent to their individuality. A stable and standardized situation (such as a 

laboratory setting) may allow for reliable measurements of contextual differences in systems 

behavior, as evident in body motion dynamics, which are theorized to map individual personality 

differences. Accordingly, we combine body motion time series with self-reported personality and 

affect (prior and post-task), which may foster a nuanced and integrative understanding of personality 

processes as expressed and enacted through embodied features and person-environment interactions. 

Complex systems can bridge enaction and personality research paradigms

The convergence of complex systems and enaction principles presents an opportunity to 

bridge enaction and personality research paradigms (e.g., Fajkowska, 2015). This is achieved by 

recognizing that dynamics within various modalities (e.g., embodies features) can serve as windows 

into psychological processes (Thompson & Varela, 2001; Michaels et al., 2021; Xu et al., 2020). 

Complex systems (e.g., human beings) are composed of interacting elements that result in 

spontaneous self-organization (Strogatz, 1994; Vallacher et al., 2013; Gallagher & Appenzeller, 

1999); enabling the occurrence of emergent behavior and patterns over time (Goodwin, 2001; Pross, 

2016; Richardson & Chemero, 2014). It is within this context that we endeavor to capture self-

organizing dynamics from body motion patterns, exploring how individual systems respond to 

diverse environmental constraints and the degree to which personality traits predict variations in 

motion dynamics.

Dynamic self-organization underlies and maintains stability (Pross, 2016; Varela et al., 2017). 

Through observable behavioral shifts during critical states or phase transitions, the system shifts to a 

distinct state or "attractor" in response to environmental/individual constraints (Vallacher et al., 

2013). In this sense, situational constraints such as a motor task (low-level constraint) or a 

conversation topic (high-level constraint) can promote adaptation and the emergence of critical states, 

resulting in novel emergent properties (cf. Bak & Wiesenfeld, 1987; Kelso & Schöner, 1988; Plenz et 

al., 2021). These emergent properties can be captured at different levels of analysis, for example, in 

body motion dynamics, as we propose in this study. 

Dynamic self-organization can offer insights about individual differences in personality traits 

stability (e.g., Bleidorn et al., 2022 for trajectories); and critical states can provide information about 
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5

the responsivity to situational constraints within varying contexts contingent on individual 

differences (cf. Paxton & Dale, 2017). For example, conscientious individuals (vs. low conscientious 

peers) are typically conceived as stable over time (e.g., stronger attractor pull; Fetterman et al., 2010). 

Whereas people high in neuroticism (low emotional stability) might exhibit heightened reactivity to 

stress and more diverse behaviors across situations (e.g., Xin et al., 2017). Highly extroverted 

individuals may exhibit consistent movement patterns that embody their inclination for social 

interactions such as elevated speed of movement, and overall kinetic activity, which shows their 

dynamic and expressive approach to their surroundings (Luck et al., 2010). These patterns reflect the 

interplay of self-organization processes across neural, cognitive, musculoskeletal, and social 

subsystems that underlie personality factors (Buss, 2019). 

In sum, enaction theory provides a complementary perspective on the intricate relationship 

between behavior, personality, and the situation and suggests that personality traits are not merely 

abstract concepts but embodied and enacted systems that allow for consistent body motion patterns in 

the interaction with one’s environment (e.g., mediated by cognitive processes), in line with the 

process approach to personality (e.g., Baumert et al., 2017; Denissen et al., 2008) and the idea of 

behavioral signatures underlying personality systems (Mischel and Shoda, 1995). In this paper, we 

focus on body motion to examine emergent self-organizing patterns at the level of the whole 

individual sensorimotor system (Vallacher et al., 2013; Nowak et al., 2020) to see whether we can 

discern personality differences therein. 

Current study

We investigated personality differences as expressed in body motion dynamics when a person 

speaks individually in a semi-structured task1, Body motion dynamics were measured during three 

self-referencing topics to examine individual self-organization (using Recurrence Quantification 

Analyses, RQA) in terms of system Determinism, Entropy, Laminarity, and Mean Line, and these 

measures are introduced and defined in Table 1 and our method section. 

We hypothesized that (H1) self-referencing topics predict (part of) the dynamic self-

organization operationalized by RQA measures (details on statistical significance, effect size, power, 

and sensitivity are provided in the method section). We further anticipated that personality 

1 We refer to “task” or “session” indistinctly as the full 15-minute experiment. We refer to “topic” or “self-referencing 
topic” when we talk about the three different parts of the session (high-level constraints, see method section for details).  
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6

differences would moderate the effect of these topics on body motion dynamics (H1b), drawing from 

research on the influence of conversational constraints (high-level constraints) on behavior (Abney et 

al., 2014; Paxton & Dale, 2017; Tschacher et al., 2018; Arellano-Véliz et al., 2023). 

In the context of our RQA measures, we reasoned that adaptable sensorimotor systems exhibit 

complexity and stability (De Jonge-Hoekstra et al., 2020). Complexity arises from the interplay of 

information and (dis)equilibrium, fostering a functional, flexible, and adaptive state (López-Ruiz et 

al., 1995). Thus, systemic stability through self-organization should be reflected by complexity 

(positive effects on Entropy), regularity (positive effects on Laminarity), stability (positive effects on 

Mean Line), and predictability (positive effects on Determinism; Manor et al., 2010; Galbusera et al., 

2019). These ideas delineated the basis for personality trait-specific hypotheses in alignment with the 

general expectation (H2) that personality traits would predict (a part) of individual variation in the 

dynamic self-organization of body motion. Our expectations were delineated as follows: 

Extraversion as most expressible personality factor (e.g., Albright et al., 1988; Kenny et al., 

1992; Jiang et al., 2023) captures differences in flexibility, novelty seeking (DeYoung, 2013), and 

resilience (Oshio et al., 2018), and high scorers were expected (H2a) to show adaptive self-

organizing behavior as indicated by more system Entropy (complexity/flexibility), Determinism, 

Laminarity, and Mean Line. Neuroticism captures more unstable patterns of body motion 

(Koppensteiner, 2013) and emotion dynamics (Mader et al., 2023). Neuroticism was expected (H2b) 

to associate with less adaptive dynamic self-organization than other traits, thus lower system 

Entropy, Laminarity, Determinism, and Mean Line. High Agreeableness was expected (H2c) to 

predict adaptive dynamic self-organization evidenced by more complex/flexible patterns of 

movement as indicated by more system Entropy (cf., Arellano-Véliz et al., 2023), Determinism, 

Laminarity, and Mean Line. Conscientiousness captures orderliness and prioritizing non-immediate 

goals (DeYoung, 2015), anticipated to be reflected in organized/controlled movement patterns, thus 

in stronger system Mean Line and Determinism (H2d). High openness to experience is associated 

with body motion direction and variability (e.g., Koppensteiner, 2013) and dyadic attunement 

(synchronization, see Tschacher & Ramseyer, 2018); therefore we predicted (H2e) more 

complex/flexible patterns of movement as reflected in higher Entropy and lower Determinism 

(predictability), which may be linked to behaviors of exploration and novelty (Gocłowska et al., 

2019). All general predictions were pre-registered. In addition, affect valence pre and post-task were 
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7

explored as a process (self-report) measure in connection to dynamic self-organization and 

personality.

2 Method

2.1 Sample 

We invited students from the University of Groningen to participate who were rewarded with 

European Credit Transfer and Accumulation System (ECTS) credits. A total of 105 undergraduate 

students, from a total of approximately 300 screened students (age range 18-33, mean = 20.48, SD = 

2.6) took part in a laboratory session (same screened sample as in Arellano-Véliz, 2023). Our sample 

(70% women, 30% men, 0% other) came from diverse backgrounds (50% Dutch, 26%, German, and 

24% other). This study was approved by the Ethical Committee for research with human participants 

of the Faculty of Behavioural and Social Sciences, University of Groningen, Netherlands. 

2.2 Self-report 

2.2.1 Personality traits 

Personality traits were measured using the publicly available IPIP-NEO-120 (Johnson, 2014) 

via the online Qualtrics platform before the laboratory study was conducted. The IPIP-NEO-120 is a 

self-report questionnaire with 120 items designed to assess the five major personality traits: 

Neuroticism, Extraversion, Openness to Experience, Agreeableness, and Conscientiousness, along 

with their 30 facet traits (Johnson, 2014). The IPIP-NEO-120 showed good psychometric properties 

comparable to those of the NEO-PI-R scales (Costa & McCrae, 2008), which indicates that the IPIP-

NEO-120 is a reliable and valid measure (see items and facets on https://ipip.ori.org/30FacetNEO-PI-

RItems.htm). In a sample of 501 individuals, the IPIP-NEO-120 showed high correlations with the 

NEO-PI-R scales (Neuroticism 0.87; Extraversion 0.85; Openness to Experience 0.84; Agreeableness 

0.76; and Conscientiousness 0.80, all p<.01). The IPIP-NEO-120 also demonstrated good internal 

consistency, with Cronbach's alpha coefficients of 0.88, 0.84, 0.85, 0.81, and 0.84 for each trait, 

respectively. 

2.2.2 Affect Valence (process assessment)

Positive and negative affect states were measured with the 10-item self-report I-PANAS-SF 

instrument (Thompson, 2007) that was assessed before and after our task. The I-PANAS-SF 
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8

examines the extent to which five positive affect adjectives (determined, attentive, alert, inspired, and 

active) and five negative affect adjectives (afraid, nervous, upset, ashamed, and hostile) apply to 

oneself at the present moment (we adjusted the instruction to measure affect state) a 5-point Likert 

scale from 1 (very slightly) to 5 (extremely). Composite scores for positive affect (PA) and negative 

affect (NA) were calculated by summing the item scores. The psychometric properties of the I-

PANAS-SF were comparable to the original 20-item PANAS, with high correlations for both PA (r = 

0.92) and NA (r = 0.95, both p < .01; Thompson, 2007). The I-PANAS-SF demonstrated adequate 

test-retest reliability (N = 143, r = 0.84 for both PA and NA, p < .01) and good internal consistency, 

with Cronbach's alpha coefficients ranging from 0.72 to 0.78 (Thompson, 2007), which are similar to 

those of the original 20-item PANAS version (Watson et al., 1988).

2.3 Procedure

When the participants arrived at the laboratory, they were asked to read the informed consent 

and to wear a heart rate belt (not reported in this paper). Participants were instructed to speak in front 

of a camera about themselves for 15 minutes on three broad and increasingly personal topics. They 

were standing on a posture tracking board (data not reported in this paper), which also served as a 

marker for the exact position to be recorded. The experimenter (female) stayed in the same room 

behind a screen to not disturb the participants. The participants were asked to talk as openly and 

freely as they wanted about themselves as if they were speaking to someone who did not know them. 

The topics were defined as follows: 1) Introducing oneself; 2) bodily perception/sensory life; 3) 

socio-emotional life. Some guiding questions or subthemes were given together with the instructions 

in case they needed some directions, for example, for topic 1: “what is your name and age?”, “how 

does a normal day look like for you?”; topic 2: “How would you describe the way your body feels 

when you move? (e.g., you feel it graceful,  heavy, light, energized, tired)”; topic 3: “How do you 

describe your childhood and family life?”; “How would you describe yourself emotionally?”. These 

guiding questions were given as suggestions, and the requirement was to speak for approximately 

five minutes on each of the main three broad topics. The topics represent different perspectives and 

high-level constraints for self-referencing and elaborating on each individual’s personal experiences. 

We measured positive and negative affect (state) pre/post the full task.  
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2.4 Quantification and Statistical Analyses

2.4.1 Measurement of Body Motion

Video recordings were analyzed with a behavioral imaging technique to examine frame-by-

frame sequences and create body motion patterns (e.g., Paxton & Dale, 2013). The amount of body 

motion in each video file was calculated using the Motion Energy Analysis software (MEA, version 

4.b., Ramseyer 2018, 2020, see also Tschacher et al., 2018). This frame-by-frame differentiation 

method calculates the change of pixels between each frame of the video recordings. The target area 

selected to perform the analysis was the full body of each participant recorded at 32 frames per 

second (fps). The raw files were preprocessed within time windows of 0.5 seconds (smoothed) and 

standardized using the SD (rescaled). The data streams were automatically cleaned to remove 

artifacts and outliers that could result from involuntary changes in the video files due to changes in 

lighting or otherwise (all missing data and values >10 SD of each time series, as advised  by 

Kleinbub and Ramseyer, 2021), while the laboratory setting provided stable conditions in terms of 

lighting and no external disturbances. The time series amounted to a final mean of 29.436 data points 

for the full 15-minute session or 9.743 (SD = 965) data points per participant per topic (on average). 

We performed central tendency descriptive analyses (for comparative and descriptive purposes) on 

these cleaned time series such as the average and variability (SD) of body motion and the Recurrence 

Quantification Analysis (RQA) for all three topics, as detailed below.    

2.4.2 Dynamic Self-Organization Operationalizations via Recurrence Quantification Analysis

To quantify dynamic self-organization from the body motion time series, we performed 

Recurrence Quantification Analysis (RQA) on each participant's motion energy time series. RQA is a 

nonlinear time series analysis that produces robust results with few assumptions and provides 

information about the dynamic organization of the system under study (Shockley et al., 2022). The 

four measures of dynamic self-organization we extracted were differences in Determinism, Entropy, 

Laminarity, and Mean Line, which we define and describe (also statistically) in Table 1. The RQA 

uses the number and duration of recurrences within the system's multidimensional phase space as 

visualized in recurrence plots that provide a two-dimensional representation of a multidimensional 

phase space trajectory and are depicted in a symmetrical square matrix with a time series repeated in 

both x and y axes (Webber & Zbilut, 2005; Marwan et al., 2007; Konvalinka et al., 2011). RQA 

reduces the complexity of multidimensional data to a more comprehensible two-dimensional 
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10

representation. In the context of our study, a person’s movement while talking about different themes 

is a multidimensional system affected by an unknown number of variables, and personality traits can 

be seen as part of those variables. 

The visualization of state recurrences such as in Figure 1 provides these states at the time "i" 

with respect to a different time "j" to create a pattern in a square matrix composed of ones and zeros 

(or black and white dots in a plot). Both axes of the matrix (time axes) represent the movement 

system's temporal dynamics with diagonal and vertical structures as indicative of non-random 

patterns or “deterministic processes” among stochastic elements (see Riley et al., 1999; Marwan & 

Webber, 2015). Diagonal lines in the recurrence matrix represent sequences of state changes that 

repeat over certain trajectories or different times, and these patterns can provide valuable information 

about the system's regularities, attractor states, and overall dynamics; however, when diagonal lines 

appear alongside single isolated points, they might signify chaotic processes, indicating instability 

within the system (Marwan et al., 2007). Vertical structures in the matrix signify instances when the 

system remains in the same state for a period of time or changes gradually (Spiegel et al., 2016; 

Tomassini et al., 2022). Vertical lines are also an indication of laminar states (Marwan et al., 2007). 

RQA relies on the concept of informational entropy (Shannon, 1948) to quantify the amount of 

uncertainty or randomness present in the system. Informational entropy measures the level of 

unpredictability or disorder in the state transitions within the recurrence plot (Marwan, 2007). The 

graphical information enables us to extract insights from the state recurrences and the underlying 

system dynamics to enrich the interpretation of the numerical measures extracted from the RQA. All 

dynamic measures and their interpretations are outlined in Table 1. 

A distinctive feature of RQA and recurrence plots are their reliance on the sequential 

organization of the time series under investigation. Conventional measures of central tendency 

discard the small-scale temporal order information in the data when they aggregate information 

derived from the system's behavior (e.g., mean, SD, MSSD, see Webber & Zbilut, 2005). A growing 

body of evidence showed this temporal information to be crucial to predict and understand better 

human bodily and mental functioning (e.g., Kunnen, 2012; Box-Steffensmeier et al., 2014; Michaels 

et al., 2021). We computed central tendency measures in order to compare both linear (central 

tendency) and nonlinear (RQA) measures over the different self-referencing topics of the study. 

The time series used for RQA were preprocessed, thus smoothed, rescaled, and cleaned. The 

parameters for the phase state reconstruction (lag and embedding dimension) were set to the values: 
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lag = 40, embedding dimension = 7, following the procedure previously described in the literature 

(e.g., Wallot & Leonardi, 2018; Wijnants et al., 2012), and employed previously in this dataset 

(Arellano-Véliz et al., 2023). In the present study, we set the minimum line length to the value of 

lmin = 4, which is equivalent to four consecutive points that conform diagonal lines in the recurrence 

plot, setting a threshold for short time scales at 120 milliseconds (0.12s, similar to Tomassini et al., 

2022). The default value used in the literature is lmin = 2, however, several studies have tried 

different values of lmin to decrease the likelihood to find random structures in diagonal lines in 

diverse complex systems (e.g., Thiel et al., 2002; Tomassini et al., 2022; Sviridova & Ikeguchi, 

2022). Importantly, the parameter definition will depend on the type of system and processes under 

study. We used a fixed recurrence rate of 2% for all participants instead of a prespecified radius, 

accounting for an improvement in the reliability and comparability of our results across conditions 

(e.g., Konvalinka et al., 2011; Wijnants et al., 2012; van den Hoorn et al., 2020). See Figure 1 for a 

representation of a recurrence plot and our variables of interest. 

Figure 1. Recurrence Plot 

Note: This is the RQA plot of one participant during self-referencing topic 3 when talking about 

socio-emotional aspects of their life. The x and y axes represent the repeated time series at a sample 

rate of 32 fps. The dynamic measures are defined and explained in Table 1. Figure layout and labels 

were adapted from Coco et al., (2017), Webber & Zbilut (2005), and Arellano-Véliz et al. (2023). 

The parameters used were: lag = 40, embedding dimension = 7, lmin = 4, RR = 2%.  The plot was 

created on Rstudio using the ‘nonlinearTseries’ package (García, 2022).
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—Table 1– 

2.5 Multilevel Linear Mixed-Effects Models

Big Five personality traits were associated with dynamic self-organization measures of body 

motion (using RQA) across three self-referencing topics using Maximum Likelihood (ML) linear 

mixed-effects models (fit using the lme4 R package; Bates et al., 2015). These mixed models had a 

hierarchical two-level organization in which the results on every topic (level 1, level 1, N1= 315) 

were nested into the “participant” structure level where personality traits were situated (level 2, N2= 

105). Effect size and significance were calculated using Satterthwaite’s method to compute the 

approximate degrees of freedom for t distributions (see lme4 R package for details, Bates et al., 

2015). First mixed-effect models were fit to examine differences between the topics (as the 

independent variable) in terms of system dynamics (four RQA measures each as the outcome of their 

separate model), followed by models with each personality trait separately (in interaction with topic) 

to examine trait-specific effects.2 Third, we estimated a full model with all personality traits 

cumulatively predicting each RQA measure (in interaction with topic), resulting in a total of 24 

models (four full models) to examine the relationship between the big five personality traits and 

dynamic self-organization of body motion. 

Dependent variables in each model were the dynamic self-organization RQA measures 

(Determinism/Entropy/Mean Line/Laminarity) and the independent variables were the Big Five 

personality traits (Extraversion, Neuroticism, Conscientiousness, Agreeableness, and Openness to 

Experience) and the self-referencing topic (a categorical variable with three levels: 1. introduction; 2. 

bodily perception/sensory life; 3. socio-emotional life), where the introduction topic was considered 

the baseline in the models.3 The models included a random effect (Participant ID) to account for the 

variation in the response variable that was not accounted for by the fixed effects (i.e., personality 

traits and topic). All the continuous predictors (personality traits) were centered by their mean and 

scaled, which involves subtracting the group grand average from each personality score to prevent 

multicollinearity issues (because of the correlation of predictors), and to improve the interpretability 

2 The short models are defined following the structure: [Determinism ~ (Neuroticism) * Topic + (1|Participant). One 
model was performed for each personality trait predicting each RQA measure in interaction with the topic.
3 The full mixed effects models are defined following the structure: [Determinism ~ (Neuroticism + Extraversion + 
Conscientiousness + Agreeableness + Openness to Experience) * Topic + (1|Participant). One model per RQA measure 
was performed.
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and generalizability of results (this procedure was conducted with the “base” R package, R Core 

Team, 2022).

2.6 Power and sensitivity 

We used some common effect indicators, namely, the coefficient of determination (R2), 

Cohen’s d, partial eta squared (η²), correlations (r), and partial regression coefficients (ß). Henceforth 

we describe coefficients of determination (R2) as weak if they are between 0.02 and 0.13; moderate 

between 0.13 and 0.26, and substantial if they are larger than 0.26 (Cohen, 1988). For Cohen’s d we 

identify 0.20 as small, 0.50 as medium, and 0.80 as large (Cohen’s 1988). Partial eta squared (η²) was 

deemed small (0.01), medium (0.06), and large (0.14) (Cohen & Cohen, 1983). And for correlations 

(r) and beta’s (ß) as small if they are between 0.10 and 0.19; moderate between 0.20 and 0.29, and 

large from 0.30 (Peterson & Brown, 2005; Richard et al., 2003). Commonly, for an approximate 

effect size of r= 0.20 in correlational studies, at least 150 participants are necessary to reduce the 

errors in estimations (Richard et al., 2003; Schönbrodt & Perugini, 2013). These estimates may be 

conservative when additional power is derived from individual time series of approximately 29.436 

consecutive data points on average per participant (9.743 per topic on average), although we are 

aware that our sample size is modest in the context of personality research. In the present study with 

a sample size of N = 105, the statistical power to detect a medium effect size of Cohen’s d = 0.50 at 

alpha = 0.05 was 0.85 (calculated with the “pwr” R package, Champely, 2022), indicating a 

likelihood of 85% to detect effects of this magnitude (>0.50 SD) if they exist. This applies to all the 

models of dynamic organization of body motion and personality traits as they have the same 

structure.    

In the full models, we controlled False Discovery Rate by correcting the p-values using the 

Benjamini-Hochberg (1995) procedure. This method consists of a modified Bonferroni correction 

(usually less conservative) to adjust for alpha inflation related to multiple hypothesis testing 

(performed with “stats” R package, R Core Team, 2022). 
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3 Results  

3.1 Dynamic Self-Organization by Self-referencing Topics

The descriptive statistics for the variables of interest per topic (or self-referencing topic) and 

the self-report measures are provided in Tables 2 and 3. There was one missing value in topic 3 for 

the RQA analysis, which was imputed by the respective group mean (one value among 315 

observations). Overall, the means across topics for the RQA measures do not seem to differ 

substantially, only slightly higher values were observed in topic 2 and 3 (see Table 2). 

A repeated measures Analysis of Variance (ANOVA, see Table 2) was performed for each 

RQA measure separately to test the differences among the three types of topics independent of 

personality traits (i.e., introduction, bodily perception/sensory life, and socio-emotional life). The 

results revealed a significant but small effect of topic for determinism (F(2,208) = 8.19, p < .001, η² = 

.02) and entropy (F(2,208) = 7.602, p< .001, η²=.02), see Figure 2. According to pairwise comparisons 

(Bonferroni corrected), there were significant differences in determinism and entropy between the 

topics of introduction and bodily perception/sensory life (p=.03 and p=.04 respectively). These 

results support the effect of the situation (topics) on the dynamic self-organization of body motion 

(H1), but the topic effect was not the same in all RQA measures, as illustrated in the recurrence plots 

for each topic in Figure 3. The same procedure was performed for the linear variables, mean and SD, 

but no differences were observed (mean body motion: F(2, 208)= 1.57, p= .21, η² = .004, SD body 

motion: F(2, 208)= 1.65, p= .20, η² = .02).

Overall, these findings suggest that the specific self-referencing topic influences their 

dynamic self-organization of body motion, as captured by RQA measures such as determinism and 

entropy. However, the topic effect did not extend to all RQA measures in this test and did not 

influence linear measures of mean body motion and the standard deviation of body motion. This 

suggests that nonlinear and linear measures do not evidence the same granularity in evidencing 

systems’ dynamics and patterns (i.e., body motion dynamics), as here the nonlinear measures appear 

to be sensitive to differences in self-referencing topics. 
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Figure 2. Plots representing the distribution of RQA measures by self-referencing topics

Note: The self-referencing topics were: 1) Introduction, 2) Bodily perception/sensory life, and 3) 

Socio-emotional life. p-values were Bonferroni corrected. Both determinism and entropy were 

significantly higher during topic 2. 
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Figure 3. Recurrence Plots over the three different self-referencing topics

Note: The figures represent the recurrence plots from one participant during the three different topics 

(A = Introduction, B = Bodily perception/sensory life, C = Socio-emotional life. The parameters used 

were: lag = 40, embedding dimension = 7, lmin = 4, RR = 2%. Different patterns and trajectories over 

the topics can be observed. In panel A (topic 1), the cluster structures in the superior left quadrant are 

less prominent in the rest of the plot (asymmetrical), this pattern can be indicative of changes in the 

trajectories over the topic; Panel B (topic 2), exhibits a homogeneous and relatively symmetrical 

repetition of cluster structures (black blocks), suggesting regularity and repetition in the system’s 

dynamics. In panel C (topic 3), the recurrence plot shows less regularity and higher variability over 

the topic; it is possible to see disruptions (white bands), indicating nonstationarity and transitions 

(Marwan et al., 2007). Overall, the clusters represent regions in phase space that the system 

repeatedly visits. The plots were created on Rstudio (‘nonlinearTseries’, García, 2022).

3.2 Correlation analysis

Pearson correlation coefficients showed positive intercorrelations between all RQA measures 

(see Table 4). A grand average of each RQA and linear body motion measure among the three 

different topics was computed into one single value of each measure to compute the correlations. The 

correlations between RQA and linear measures of body motion and self-reported personality and 

affect are provided in Table 4 and showed a significant inverse association between overall body 

motion variability (SD) and the personality traits of agreeableness (r= -0.24), conscientiousness (r= -

0.20), and openness (r= -0.16). Agreeable people also reported lower post-task negative affect. 

Among the RQA measures, more system Laminarity was associated with lower pre-task positive 

affect (r= -0.16). 
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Personality traits showed inverse correlations such as neuroticism with extraversion and 

agreeableness or positive correlations such as between conscientiousness and extraversion and 

agreeableness; and agreeableness with openness (see Table 4). The Big Five dimensions are in 

principle defined as independent personality factors (orthogonal), nevertheless, these associations are 

commonly reported, as behavior cannot be clearly divided into absolutely independent categories 

(Koppensteiner, 2013); and also higher-order structures (meta-traits) have been reported in the 

literature (e.g., DeYoung, 2006). In the context of this study, it is possible to indicate, for example, 

that the effects of neuroticism (emotional stability) were negatively related to extraversion and 

conscientiousness, to the extent that a highly emotionally stable individual (low neuroticism) would 

be likely to score relatively high in extraversion and conscientiousness as well (a “maturity” process, 

see Bleidorn et al., 2022).    

3.3 Predicting self-organizing dynamics from personality traits 

First, the models estimating the effect of topics independent of other predictors on the RQA 

measures (Table 5) revealed that talking about sensory and social-emotional life (topics 2 and 3) 

predicted more system Determinism, Entropy, Laminarity, and Mean Line compared to the self-

introduction (baseline topic 1). These results indicate that the psychological situation (in this case, the 

self-referencing topic) is significantly associated with the dynamic self-organization of body motion 

in line with our expectations (H1). Effect sizes (Cohen’s d) as presented in Table 5 indicate large 

effects for the fixed and random effects of these models. The Intraclass Correlation Coefficient 

(ICC), or proportion of variance explained by each participant or clustering structure (Hox, 2017), 

here captures the consistency of the observed effects for each individual across topics, the larger the 

ICC, the higher the consistency of observed behavior over measurements. The largest ICC (least 

observed variability across topics) was exhibited in Laminarity (.63), followed by Determinism (.62), 

Entropy (.58), and Mean Line (.52), which showed the most variability.     

Personality moderated the topic effects on dynamic system measures (short models), as more 

extroverted participants showed more determinism when discussing their bodily perception and/or 

sensory life (topic 2, p = 0.04). The conditional R2 of this model is .64 (percentage of explained 

variance given by fixed and random effects), thus higher Extraversion scores were associated with 

more predictable, consistent, and regular movement dynamics (Determinism) when talking about 

their bodily perception/sensory life (see Table 6, Figure 4A). This supports the higher dynamic self-

organization of extraverted individuals (H2a), but note there were no significant effects linked to the 
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other RQA measures, therefore, H2a was partially met. And, as shown in the plot, this effect when 

talking about bodily perception/sensory life (topic 2) is qualitatively different from the other topics.

Neuroticism influenced body motion during the topic about bodily perception/sensory life 

(topic 2) and socio-emotional life (topic 3) in terms of system Determinism (p< 0.05, conditional R2 

= .64, see Table 6) and Laminarity (p< 0.05, conditional R2 = .64, see Table 8), and, only when 

talking about their socio-emotional life (topic 3), in terms of Mean Line (p< 0.05, conditional R2 = 

.53, see Table 9 and Figure 5). These results suggest that higher neuroticism scores were associated 

with less predictable, less deterministic system processes, and less laminar states (more variability, 

fluctuation, and volatility), and less stability in topics 2 and 3. These results support our hypothesis 

about lower emotional stability (high neuroticism) and the critical effects related to the topic (H2b). 

Agreeableness showed no association with system states nor any interaction with the topic in 

any of the individual models, as the significant effects in the full model of Entropy (in interaction 

with topic 2) became non-significant after correcting the p-values; thus we observed no significant 

effects on Entropy (H2c not supported). Conscientiousness predicted lower system Determinism (p = 

0.03, conditional R2 = .62, Table 6, Figure 4B) and less Laminarity (p= 0.01, Table 8, Figure 4C), but 

no interaction with the self-referencing topic, thus main-effects only. More conscientious participants 

showed less deterministic (predictable), and fewer system laminar states, the inverse of our 

expectations (H2d, see discussion section), whereas less conscientious participants showed higher 

determinism. Openness differences were unrelated to movement dynamics and there was no 

moderation by topic (thus H2e was not supported). Overall, neuroticism was the personality trait that 

evidenced the best fit (in terms of AIC) in the individual models predicting all four RQA measures, 

and interacted with the self-referencing topics. 

When performing the full models, the effect of personality traits on determinism (full model, 

see Table 6 model 6), exhibited statistically significant results (� = 0.91, p<.001, conditional R2 = 

.64). When talking about bodily perception/sensory life participants showed higher values of 

determinism (“predictability”) in comparison to their introduction of themselves. Neuroticism 

(emotional stability) showed interactions with the topic socio-emotional life (topic 3), particularly, 

more neurotic participants showed lower determinism (predictability) (p < 0.01), in keeping with the 

effects observed in the short model of neuroticism-determinism, supporting H2b. 
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According to the full model of system Entropy (“complexity”, see Table 7, model 6; p < 

0.001, conditional R2 = .65), the self-referencing topics of bodily perception/sensory life and socio-

emotional life, predicted higher values of system entropy compared to the baseline topic in which 

participants introduced themselves. More neurotic participants who talked about their socio-

emotional life (topic 3) showed lower system entropy (p < 0.01) which suggests less complexity in 

the dynamic self-organization during this particular topic, whereas lower neuroticism scores (thus 

emotional stability) predicted more complex motion patterns thus higher entropy (see Figure 5D), 

which was in line with expectations (H2b).   

During the topic of bodily perception/sensory life (topic 2) participants showed more system 

Laminarity (see Table 8, model 6, p < 0.001), in support of topic effects (H1). Finally, in the model 

of Mean Line (dynamic stability, Table 9), the effect of neuroticism in interaction with socio-

emotional life predicted lower values of Mean Line, indicating less dynamic stability (p < 0.01, 

conditional R2 = .54), in line with the effects described in the short model and expectations (H2b). 

Overall, our results support personality differences in body motion dynamics between the self-

referencing topics (across topics, H1b). Of the personality factors only conscientiousness predicted 

different body motion dynamics without interacting with any topic, but overall, personality 

differences surfaced most easily across the self-referencing topics.  

3.4. Affect Valence

The descriptives of affect valence exhibited slightly higher mean values of positive affect 

post-task and slightly lower negative affect post-task (see Table 3). When testing the report of affect 

pre and post-task, the ANOVA tests revealed significant differences in negative affect (F[1,101] = 

7.50, p = 0.01, η² = 0.07), but not in positive affect  (F[1,101] = 0.004, p = .94, η² = 0.00) (two 

observations were removed due to missingness). To explore the effects of personality as predictors of 

positive and negative affect, general linear models suggested a significant effect of neuroticism 

predicting higher negative affect post-task (p < 0.001), in contrast to the effect of agreeableness, 

predicting lower negative affect post-task (p < 0.001) (Table 10). This model explains 11% of the 

variance of negative affect (R2 = .11) and it has a medium effect size (Cohen’s d = .70).
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Figure 4. Plots representing significant fixed effects of Extraversion and Conscientiousness on 

Determinism

Note: The figures represent the predicted effects in the individual models of (A) Extraversion on 

determinism (DET), (B) Conscientiousness on determinism, and (C) Conscientiousness on laminarity 

(LAM). Personality traits were centered and scaled. Figure 4A represents the effects of Extraversion 

on determinism, in this case, the effect of Extraversion * Topic 2 is statistically significant relative to 

Topic 1 or baseline. Figures 4B and 4C represent the effects of Conscientiousness on determinism 

and laminarity respectively which resulted in significant results independent of topic.
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Figure 5. Plots representing significant fixed effects of Neuroticism on system Determinism, 

Laminarity, Mean Line, and Entropy

Note: The figures represent the predicted effects of Neuroticism on determinism (A), Laminarity (B), 

Mean Line (C) in the individual models; and Neuroticism on Entropy (D) in the full model.
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4 Discussion

We studied how personality differences are expressed in body motion dynamics using 

enactive, embodied, and complex systems perspectives. Our study followed two aims: first, exploring 

the effects of “high-level” situational constraints on individual self-organization, as reflected in body 

motion dynamics (see introduction section). To accomplish this, we designed a simple study in which 

participants were invited to a laboratory where they introduced themselves, talked about their bodily 

perception/sensory life, and socio-emotional life, thus three self-referencing topics as high-level 

constraints. Second, we explored whether personality differences predicted how these high-level 

constraints influenced self-organizing dynamics derived from body motion. Our study yielded two 

general key observations. First, we established the relevance and explanatory power of high-level 

constraints (such as a self-referencing topic) to understand the dynamics of self-organized behavior 

as extracted from body motion dynamics in a standardized individual setting. Second, we showed 

how personality differences predicted and moderated the effect of the topic (or high-level constraint) 

on embodied (i.e. movement) dynamics. Both points and their implications are discussed in more 

detail below, followed by the limitations and conclusions of our study. 

4.1 Effects of High-Level Constraints on Self-Organization

We observed significant differences elicited by the self-referencing topics in the self-

organizing dynamics as expressed in whole-body motion (in line with H1), especially in terms of the 

degree of predictability (operationalized as Determinism), and complexity (operationalized as 

Entropy). The high-level constraints (self-referencing topics) predicted differences in all measures of 

dynamic self-organization, namely, more Determinism (predictability), Entropy (complexity), 

Laminar states, and Mean Line (stability). Apparently, once participants reflected on their bodily and 

sensory experiences and socio-emotional life, they started to show more organized, complex, stable, 

and fixated dynamics in the movement when contrasted with the self-introductory topic. These 

findings align with the self-pattern accounts of the self which holds that individuals are best 

understood when immersed in a meaningful environment that promotes flexibility and adaptation 

(Gallagher, 2013; Gallagher & Daly, 2018). In addition, we observed an overall reduction in negative 

affect after our participants completed the full session, suggesting that talking about self-referencing 

topics on their own, would have a “positive” effect, except for participants with high levels of 

neuroticism (low emotional stability).
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In our study, the dynamical patterns in whole-body motion captured self-organizing processes 

that reflect an underlying current of sensations, feelings, thoughts, memories, emotions, and meaning 

(Gallagher & Daly, 2018; Di Paolo, 2021). The high-level constraints might have created situations 

that required individuals to adapt to changing environmental demands (self-organized criticality), 

thereby influencing their embodied dynamic self-organization through critical states (Goodwin, 

2001; Plenz et al., 2021). Our results align with pioneering studies that illustrated the dynamic nature 

of human systems and their capacity to exhibit emergent self-organized behavior and critical states 

given specific situational conditions (e.g., Kelso and Schöner, 1988). 

4.2. Personality Differences and Their Modulation of Self-Organization

Of the personality traits, neuroticism was most predictive of the self-organizing dynamics of 

body motion (RQA) measures. More neurotic participants were more likely to show unpredictable, 

unstable, less complex, and more fluctuating/volatile motion dynamics (thus low emotional stability), 

in line with H2b and the literature (e.g., Mader et al., 2023). These effects were observed when 

talking about sensory experiences (topic 2) and were most pronounced when participants talked about 

their socio-emotional life (topic 3). Arguably, these self-referencing topics promoted the emergence 

of critical states in the participants, and more neuroticism made such critical transitions more likely, 

in line with a heightened sensitivity to environmental demands and more rapid mood changes (e.g., 

Jeronimus, 2019). Contrarily, low neuroticism would predict more complex, predictable, and stable 

dynamics of body motion (high emotional stability, see H2b). These findings on neuroticism are 

relevant to the personality literature as the laboratory setting and study methodology allowed us to 

capture embodied dynamics using body motion information only (test-data), which were less visible 

in previous studies that relied on “observer interpretations” (see Albright et al., 1988; Jiang et al., 

2023). These effects may reflect the emotional nature of the self-referencing topics which likely 

elicited emotion regulation processes (topics 2 and 3, see Robinson et al., 2007), in line with 

situational personality theories such as the Trait Activation Theory (Tett & Guterman, 2000) and the 

Whole Trait Theory (Fleeson & Jayawickreme, 2021). Evidently, response mechanisms are trait and 

situation-specific (cf. Mischel and Shoda, 1995). Admittedly, we did not assess trait expression in our 

study, but the results indicate clear interactions between neuroticism and situational processes, 

expressed in the self-organizing dynamics exhibited in body motion.   

As mentioned in the introduction, from an enactive view of personality traits, they function as 

stylistic differences in the way that individuals perceive and act in relation to their environments 
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(Hovhannisyan & Vervaeke, 2022; Todd & Gigerenzer, 2019; Satchell et al., 2021). Theorists using 

this approach introduced the dynamic meta-traits Stability and Plasticity in response to the meta-

problem of uncertainty (or “psychological entropy”, referred to as “the variation in the possibilities 

for action available to the cognitive agent” by De Young (2013) and Hovhannisyan & Vervaeke, 

2022, p.355). Stability accounts for the shared variance of neuroticism, agreeableness, and 

conscientiousness, whereas Plasticity accounts for the variance of extraversion and openness 

(DeYoung, 2006; DeYoung & Weisberg, 2018). Stability and Plasticity represent adaptive strategies 

for individuals when confronted with environmental demands or uncertainty (Hovhannisyan & 

Vervaeke, 2022). This approach adds a dynamic and enactive component to discuss our results.

Neuroticism would optimize organismic security against perceived threats or uncertainty (i.e., 

psychological entropy, DeYoung, 2013). Phenomenologically, this could be observed in experiencing 

uncertainty as threatening and eliciting anxiety and defensive responses; however, this configuration 

makes individuals better adapted to threatening situations, in opposition to emotionally stable 

individuals who are less likely to experience uncertainty as threatening (Hovhannisyan & Vervaeke, 

2022; Jeronimus, 2019). Highly neurotic (i.e. emotionally unstable) individuals could have 

experienced more anxiety when talking about their sensory and socioemotional experiences (topics 2 

and 3), which would align with their body motion patterns and negative affect after the topic. 

Phenomenologically, this instability could have been efficient to them, as it represents a 

defensive/protective response. Conversely, low neurotic (thus emotionally stable) individuals would 

not feel anxious and were more prone to explore (more complex patterns of behavior), but also 

exhibited stability, predictability, and smoothness in their motion dynamics, which indicates well-

adjusted self-organizing dynamics and systemic stability overall (“serenity”).

For extraversion only the topic on sensory experiences (topic 2) was associated with more 

predictable patterns of self-organization, a topic effect that went opposite to effects observed in the 

introduction and socio-emotional topic (this last effect was not significant), which indicates a topic-

specific effect. Without extraversion effects on Entropy (complexity), results only partially supported 

H1a. Arguably, focusing on one’s body and perceptual experiences could elicit differentiated patterns 

of self-organization compared to an (alleged) self-introduction. Some authors describe a continuum 

in the affect sphere, evolving from bodily and sensorial affects to more elaborated and stable 

affective or emotional patterns (e.g., Barrett, 2017; Newen et al., 2015). This continuum was possibly 

captured in our experimental design, where the topic of bodily perception/sensory life may have 
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invited participants to engage in self-awareness and concrete processes that were enacted through 

their body motion. The conceptualization of extraversion as a measure of social, gregarious, and 

outgoing behavior (McCrae & Costa, 2003) may explain the lack of extraversion effects via the 

individual nature of the topics, which were less extraversion-congruent (and more neuroticism-

congruent). Moreover, extraversion has been described as a dynamical system optimizing for the 

reward value of uncertainty (dopaminergically regulated processes), which can phenomenologically 

promote exploration in response to perceived uncertainty (DeYoung 2013; Hovhannisyan & 

Vervaeke, 2022). Such processes could explain why highly extroverted individuals exhibit more 

deterministic (predictable) patterns in response to the topics of bodily perception/sensory life and no 

other effects (e.g., regarding Entropy). Possibly, the situation, which can be seen as concrete and 

oriented to oneself instead of social domains, was not optimal to see further effects.  

More conscientious participants showed less Determinism and Laminarity in general (without 

interaction with the topic), which suggests less sensitivity to environmental or high-level constraints, 

and more behavioral stability regardless of the situation. In this sense, conscientiousness is a 

personality trait associated with self-discipline, organization, goal-directed behavior, and attention to 

detail (McCrae, 2004). Phenomenologically, conscientiousness represents variation in mechanisms 

that lead to following rules and prioritizing long-term goals, for example by displaying motivation 

and enabling mechanisms (industriousness) and reducing distractions (orderliness) (DeYoung, 2015; 

DeYoung & Weisberg, 2018). And it is thought to efficiently grip over ordering and planning 

depending on the goals to be achieved and their timescales (Rueter et al., 2018; Hovhannisyan & 

Vervaeke, 2022). We expected that conscientious participants showed more Determinism in their 

self-organizing dynamics (H2d), as a reflection of structure and controlled patterns (see introduction). 

Our result aligns more with an understanding of conscientiousness as differences in detail 

orientation and adaptability (Ness et al., 2021). This can be linked to the characteristic of highly 

conscientious individuals to pay attention to subtle nuances in their movements –as they may 

prioritize goal achievement according to situational affordances, directing their attention toward the 

stimuli that are relevant to their goal (e.g., Sassenberg et al., 2023). Likewise, they may have adjusted 

their body motion based on the requirements of the topic while trying to display a high performance, 

leading to less deterministic (less regular/predictable), more variable (less laminar states), and 

possibly, efficient patterns. Thus, individuals who score high in conscientiousness seemed to display 
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more varied and less stereotypical movement patterns. It remains an open question why conscientious 

participants tend to show these self-organizing embodied dynamics (i.e. the driving “mechanisms”). 

According to the high-performance cycle of goal-setting theory (Locke & Latham, 2002; 

2019), the specificities and difficulty of a topic are related to the use of mechanisms of attention, 

effort, persistence, and strategy, among others. These mechanisms would lead to high performance, 

satisfaction, and reward; and importantly, all of them are predictive of high conscientiousness (Bates 

et al., 2023), which can help to understand our results as participants might have paid more attention 

when performing the task. However, we lack insight into the (potential) influence of interactions 

between the personality traits across situations on embodied dynamics (as highly conscientious and 

extroverted people may respond differently than conscientious-introverted people). In this sense, 

according to the literature, the conscientiousness component of industriousness is thought to enable 

possibilities for action and goal achieving, being negatively related to neuroticism and positively 

related to extraversion (higher reward sensitivity); while the component of orderliness is a selective 

constraint (reducing distraction) and is positively related to neuroticism and negatively related to 

extraversion –thus, rules would work as protective strategies against defensive responses to 

uncertainty (Rueter, 2018; Hovhannisyan & Vervaeke, 2022). These interactions indicate 

differentiated mechanisms toward situational demands, hence, they need to be considered in future 

research. It would be also relevant to explore interactions between the different system dynamic 

(RQA) measures, as different configurations may indicate different mechanisms and dynamics (for 

example, in interaction with Entropy, Laminarity, or Mean Line).  We return to this last point below. 

Differences in agreeableness and openness showed non-significant effects on differences in 

dynamic self-organization of body motion (H2c was not supported). Agreeable participants reported 

less negative affect after the task which may reflect the characteristic cooperation, compassion, 

warmth, politeness, transparency, and communion associated with high scores (McCrae & Costa, 

2003). Zooming into some of these characteristics, politeness has been described as a voluntary, 

conscious process and selective constraint toward pro-social possibilities (Hovhannisyan & 

Vervaeke, 2022); and communion, refers to a person’s wish to relate closely, merge, cooperate with 

others, and express their own emotions (Bakan, 1966; Abele & Wojciszke, 2007). These drivers can 

phenomenologically explain why highly agreeable individuals felt less negative affect after 

disclosing personal information –which was a self-referencing topic but also involved talking about 

their socio-emotional lives, for example, about their families and friends. Prior research has shown 
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that communion is linked to taking others’ perspectives when sharing information (Abele & 

Wojciszke, 2007). Nevertheless, the content of the participants’ speech was not studied, and it would 

be relevant to incorporate in future research.

The absence of significant effects for openness can be explained by the laboratory task. 

According to a study that reviewed methods that promote the expression and perception of 

personality traits (Wrzus & Mehl, 2015), the ideal situations to capture effects related to openness 

should promote creativity and imagination, as well as involve new experiences. These situations can 

provide space to display behavioral plasticity and complex behavior. Hence, it is likely that the 

scenario of our study was not optimal for capturing complexity in self-organizing dynamics captured 

in body motion by openness to experience.

Finally, it is important to emphasize that complex behavior refers to an intricate interplay 

between information (Entropy) and dis(equilibrium) (López-Ruiz et al., 1995). In the context of our 

study, to address the problem of uncertainty –referred by enactive theories of personality, we believe 

that individuals tend to an optimal balance between Entropy and equilibrium or stability (López-Ruiz 

et al., 1995). Entropy alone does not fully capture a system's complexity, as it is the emergent result 

of interactions among components when a new element emerges (complexity) due to uncertainty and 

the degree of dis-equilibrium within the system (López-Ruiz et al., 1995). Complexity then, becomes 

evident when the system reaches intermediate levels of disequilibrium (Mean Line) and uncertainty 

(Entropy), highlighting the dynamic interplay between these factors. It is crucial to recognize that 

complexity does not solely depend on Entropy but is also influenced by the interwoven relationship 

between uncertainty and disequilibrium. This is relevant to the extent that, it is relevant to study these 

dynamics and interactions (between measures) closely over time, as well as during specific tasks. 

5 Conclusions, Limitations, and Future Directions

This paper exhibited the relevance of studying full agent/system dynamics considering 

embodied, enactive and complex systems perspectives and how they relate to personality traits. Our 

results extend the knowledge on enactive approaches to personality, emphasizing the role of 

situational constraints. It is relevant that future studies expand on different levels of analysis and 

phenomenological domains and first-person experiences. It would be also important to further study 

the mechanisms involved in the processes of dynamic self-organization.
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As limitations, we recognize the modest size and nature of our sample, composed of 

undergraduate students and females in their majority. In addition, the laboratory task involved the 

presence of an experimenter, even though we followed a rigorous protocol. Besides, we employed a 

self-report questionnaire to measure personality traits cross-sectionally, which might not be optimal 

from a complex dynamic systems perspective as we are not considering the dynamism of these 

traits/states over time. Nevertheless, we acknowledge the functionality of these assessment tools, 

their psychometric properties, and the rigorous scientific work behind their development. On the 

other hand, RQA is a powerful tool for analyzing the patterns in time series, but we were not able to 

describe underlying mechanisms. Moreover, more research is needed to define thresholds and 

parameters in RQA that apply to specific systems or levels of explanation. This would be necessary 

to fully place the results these measures reveal in the context of psychological constructs. In this 

sense, adopting multimodal and multimethod approaches is advised in future studies. 
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Table 1

Variables Operationalization, Definition, and Statistical Analyses* 

Dynamic Self-Organization: Intrapersonal dynamics of body movement based on Motion Energy Analysis

Strategy Step 1: Nonlinear time-series analysis measuring the temporal structure and self-organization of body motion.
Technique: Recurrence Quantification Analysis (RQA).

Variable Definition Interpretation

Determinism 
(DET)
 
 

Proportion of recurrences ≥ 4 along diagonal lines in the 
recurrence plot, where line length i.e. periods of recurrences 
varies  (as detailed in MnL).1-3 

Estimates predictability of the time series in terms of signal 
regularity.2,4 Higher DET values (0-1) tend to indicate more 
consistent and predictable system dynamics.1,2

Entropy (ENT) Shannon entropy of the distribution of diagonal line lengths in 
the recurrence plot captures the range of patterns that couple the 
time series and type of paths that the systems visit in the 
reconstructed state space.2,3

Estimates the complexity of the system’s deterministic 
structures and low(er) ENT values suggest a greater likelihood 
of repeating, regular, and more rigid paths. Higher ENT values 
suggest greater heterogeneity in the duration of recurrent paths 
or trajectories.5 Higher scores can indicate both higher 
irregularity and more complexity/flexibility in the system 
trajectories.2,6 Importantly, complexity can be understood as an 
interaction between entropy (information) and 
(dis)equilibrium.7 

Laminarity 
(LAM) 

The proportion of recurrent points forming vertical lines in the 
recurrence plot quantifies the occurrence of laminar states in 
the system, which indicates intermittency.♰ Laminar structures 
are episodes in which the system is “captured” in a particular 
state known as an attractor state. It is analogous to DET but 
Laminarity measures the proportion of recurrences in the 
vertical lines instead of diagonal lines.8,9

Laminar states describe periods of relatively stable and 
predictable system behavior (attractor) while low(er) LAM 
values indicate more variable system dynamics.4,5,10 
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Mean of 
diagonal line 
length (MnL) 

The Mean diagonal line length (MnL) of all diagonal lines in 
the recurrence plot describes the overall plot structure, and 
particularly, the average time by which two segments of a 
trajectory are close to each other.3,6 

Estimates system stability as short MnL indicates unpredictable 
(irregular) dynamics and longer MnL indicate stable and 
predictable dynamics.3

Step 2: Statistical analysis

a. Descriptive statistics for full-body motion dynamics (e.g., mean, SD, median, range).
b. Hierarchical models predicting dynamic self-organization of body motion from personality traits and high-level constraints/topics (Level 1: RQA 
measures by self-referencing topics; Level 2: Individuals)
c. Post-task exploratory measures: affect-state in relation to RQA measures

Dynamic self-organization of motor behavior in the RQA is thought to reflect a sensorimotor system that adapts to contexts and shows more 
Determinism (predictability), Entropy (i.e., complexity, which would indicate flexibility and adaptability), more laminar states (which can also 
indicate periods of inflexibility or rigidity but their absence suggests volatile dynamics); and more stability in terms of higher Mean Line values. 
* Table adapted from Arellano-Véliz ea. (2023). ♰ Intermittency refers to an irregular alternation of phases of apparently periodic (organized) 
and chaotic (disorganized) dynamics. 1 Curtin ea. (2017). 2 McCamley ea. (2017). 3 Marwan ea. (2007). 4 Konvalinka ea. (2011). 5 Tomassini ea. 
(2022). 6 Wallot & Leonardi (2018). 7 López-Ruiz ea. (1995). 8 Marwan ea. (2002). 9 Webber & Zbilut, 2005. 10 Dimitriev ea. (2020).
For equations of each RQA measure, see Tomassini ea. (2022).
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Table 2. 
Descriptive statistics linear and RQA measures of body motion

Topic 1. Introduction Topic 2. Bodily Perception/Sensory Life Topic 3. Socio-emotional Life ANOVA

Variable M SD Mdn Range M SD Mdn Range M SD Mdn Range F

Average Body 
Motion

0.73 0.26 0.69 [0.10, 1.37] 0.73 0.25 0.72 [0.07, 1.33] 0.76 0.23 0.79 [0.27, 1.35] 1.57

Variability Body 
Motion (SD)

0.97 0.16 0.98 [0.17, 1.43] 0.97 0.16 1.00 [0.15, 1.6] 1.01 0.14 0.99 [0.61, 1.63]  1.65

Determinism (DET) 0.90 0.03 0.89 [0.82, 0.98] 0.91 0.03 0.91 [0.82, 0.98] 0.90 0.03 0.91 [0.82, 0.98] 8.18* (T1 < T2) 

Entropy (ENT) 2.87 0.23 2.82 [2.44, 3.44] 2.95 0.23 2.95 [2.4, 3.47] 2.93 0.24 2.92 [2.41, 3,49] 7.60* (T1 < T2)

Laminarity (LAM) 0.95 0.02 0.95 [0.91, 0.99] 0.96 0.02 0.96 [0.91, 0.99] 0.95 0.02 0.96 [0.91, 0.99] 7.28

Mean Line (MnL) 11.40 3.04 10.24 [8.01, 22,74] 12.14 3.04 11.48 [7.73, 25.14] 12.13 3.8 11.12 [7.84, 32.66] 3.47

N = 105 participants. M = mean, SD = standard deviation, Mdn = median. The degrees of freedom for ANOVA numerators were 2 and for 
denominator 208, with a within-subject design. Significance at * p < .05 and ** p < .01, and *** p <.000, all Bonferroni corrected. 
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Table 3. 
Descriptive statistics self-report

Variable Mean SD Median Range

Extraversion 78.07 16.10 80 40-110

Neuroticism 73.91 15.18 73 32-108

Agreeableness 86.21 10.98 87 44-111

Conscientiousness 79.43 15.10 80 44-112

Openness to Experience 89.38 11.00 87 58-115

Positive Affect (pre-task) 13.89 4.35 14 5-23

Positive Affect (post-task) 14.24 4.80 14 5-24

Negative Affect (pre-task) 8.32 3.43 7 5-22

Negative Affect (post-task) 7.68 3.50 6 5-19

N = 105 participants. SD= standard deviation. Pre-task was before starting the laboratory session, and the post-
task was after finishing the full 15-minute session.
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Table 4. 
Pearson correlations (r) between body motion variables (grand average) and self-report protocols 

Variable 1 2 3 4 5 6 7 8 9 10 11 12 13 14

1. Extraversion –

2. Neuroticism -0.50*

3. Agreeableness 0.24* -0.23*

4. Conscientiousness 0.24* -0.25 0.30*

5. Openness 0.28 0.07 0.33* 0.13

6. Determinism (DET) -0.06 -0.06 -0.01 -0.19 0.14

7. Entropy (ENT) -0.07 -0.08 0.01 -0.15 0.11 0.95*

8. Laminarity (LAM) -0.08 -0.06 -0.02 -0.19 0.09 0.97* 0.90*

9. Mean Line (MnL) -0.05 -0.10 0.01 -0.11 0.14 0.86* 0.89* 0.81*

10. Average body 
motion

0.02 -0.03 -0.10 -0.16 -0.01 -0.02 -0.06 -0.07 0.02

11. Variability (SD) 
body motion

-0.18 0.13 -0.24* -0.20* -0.16* 0.05 0.06 0.05 0.06 0.35*

12. PA Pre-task 0.21 -0.06 0.10 0.11 0.17 -0.11 -0.07 -0.16* -0.07 0.17 0.16

13. PA. Post-task 0.02 -0.10 0.05 0.00 0.00 -0.07 -0.07 -0.10 -0.04 0.22 -0.10 -0.01

14. NA. Pre-task -0.03 0.10 0.01 0.06 -0.06 0.07 0.07 0.04 0.11 -0.17 0.00 -0.01 0.02

15. NA. Post-task -0.01 0.21 -0.23* 0.00 0.04 0.05 0.02 0.06 0.05 0.02 0.11 0.05 -0.24* 0.26

Note: N = 105 participants, 315 observations. Statistical significance is indicated as * p< .05 and **p < .01.The body motion variables (linear and nonlinear) correspond 
to the full task (grand average of the three topics). NA= Negative Affect (state). P.A. = Positive affect (state). SD= Standard Deviation. All dynamic system measures 
(6-9) are defined in Table 1.
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Table 5.
Mixed-Effects Models predicting RQA measures from self-referencing topics with 105 participants (Ni) and 
315 observations (Nt), (105i * 3 topics)

M1. Determinism M2. Entropy M3. Laminarity M4. Mean Line

Predictors Estimate (SE) Estimate (SE) Estimate (SE) Estimate (SE)

Intercept .90 (.003)*** 2.87 (.023)*** 0.95 (.002)*** 11.40 (.321)***

Topic 2 (T.2) .001 (.002)*** .08 (.021)*** .005 (.001)*** .73 (.318)*

Topic 3 (T.3) .001 (.006)* .06 (.021)**  .002 (.001) .73 (.318)*

Random Effects

ICC .61 .57 .62 .51

Marg. R2/Cond. R2 .02 / .62 .02 / .58 .02/.63 .01/.52

AIC -1357 -113.5 -1808.2 1578.7

Cohen’s d 
(Marg.R2/Cond.R2)

.28 / 2.56
(small/large)

.28 / 2.35
(small/large)

.28 / 2.61
(small/large)

.20 / 2.08
(small/large)

Note: Significance was indicated as * p < .05. ** p < .01,***p <.001. Ni= number of participants. Nt= total; 
number of observations, which was= 315 (105 participants * 3 topics). SE= Standard Error. T.2 = Topic 2, a 
self–referencing speaking task about bodily perception/sensory life; T.3 = Topic 3, a self–referencing speaking 
task about socio-emotional life. AIC = Akaike’s Information Criterion (lower values indicate better fit). ICC = 
Intra-class Correlation Coefficient. M1.= dynamic system measure 1, Determinism, see Table 1 for definitions.
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Table 6. 
Mixed-Effects Models predicting Determinism. Ni = 105; Nt = 315 observations (105i * 3 topics)

M1. E M2. N M3. A M4. C M5. O M6.  Full model

Predictors Estimate (SE) Estimate (SE) Estimate (SE) Estimate (SE) Estimate (SE) Estimate (SE)

Intercept .90(.02)*** .90(.003)*** .90(.003)*** .90(.003)*** .90(.003)*** .91 (.002)***

Extraversion -.004(.003) -.004(.004)

Neuroticism .003(.003) -.001(.004)

Agreeableness -.001(.003) .006(.003)

Conscient. -.007(.003)* -.007(.003)

Openness .003(.003) .005(.003)

Topic 2 (T.2) .001(.003)*** .012(.003)*** .001(.003)*** .012(.003)*** .012(.003)*** .022(.003)***

Topic 3 (T.3) .006(.003)* .006(.003)* .006(.003)* .006(.003)* .006(.003)* .006(.003)

Extraversion*T.2 .006(.003)* .001(.003)

Extraversion*T.3 .002(.003) -.004(.003)

Neuroticism*T.2 -.008(.003)** -.007(.003)

Neuroticism*T.3 -.007(.003)* -.009(.003)*

Agreeableness*T.2 -.000(.003) -.004(.003)

Agreeableness*T.3 .001(.003) -.001(.003)

Conscient.*T.2 .003(.003) .002(.003)

Conscient.*T.3 .001(.003) -.000(.003)

Openness*T.2 .002(.003) .003(.003)

Openness*T.3 .001(.002) .003(.003)

Random Effects

ICC .62 .62 .61 .60 .61 .60

Marg. R2/Cond. R2 .03 / 0.64 .03 / .64 .02 / .62 .05 / .62 .03 / .62 0.11 / 0.64

AIC -1355.6 -1360.3 -1351.4 -1356.2 -1353.8 -1352

Cohen’s d 
(Marg.R2/Cond.R2)

.35 / 2.67
(small/large) 

.35 / 2.67
(small/large)

.28 / 2.55
(small/large)

.46 / 2.56
(small/large)

.35 / 2.56
(small/large)

0.70 / 2.67
(medium/large)

Note: * indicates p < .05. ** indicates p < .01. ***indicates p <.000. p-values were corrected in the full model by 
Benjamini-Hochberg (Benjamini & Hochberg, 1995) FDR procedure. T2 = Topic 2, bodily perception/sensory life; T3 = 
Task 3, socio-emotional life. E=Extraversion, N=Neuroticism, A=Agreeableness, C/Conscient. = Conscientiousness, 
O=Openness. In all models, Determinism is the response variable. ICC = Intra-class Correlation Coefficient. AIC = 
Akaike’s Information Criterion (lower values indicate better fit). Personality traits were centered and scaled.
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Table 7.
Mixed-Effects Models predicting Entropy. Ni = 105; Nt = 315 observations (105i * 3 topics)

M1. E M2. N M3. A M4. C M5. O M6. Full model

Predictors Estimate (SE) Estimate (SE) Estimate (SE) Estimate (SE) Estimate (SE) Estimate (SE)

Intercept 2.87(.023)*** 2.87(.023)*** 2.87(.023)*** 2.87(.023)*** 2.87(.023)*** 2.87(.021)***

Extraversion -.017(.023) -.020(.027)

Neuroticism .001(.001) -.006(.027)

Agreeableness .015(.022) .025(.025)

Conscientiousness -.034(.023) -.004(.023)

Openness .012(.023) .015(.025)

Topic 2 (T.2) .079(.021)*** .079(.021)*** .079(.021)*** .079(.021)*** .079(.021)*** .079(.020)**

Topic 3 (T.3) .059(.021)** .059(.021)** .059(.021)** .059(.021)** .059(.021)** .059(.020)*

Extraversion* T.2 .026(.021) -.001(.020)

Extraversion * T.3 -.013(.021) -.051(.025)

Neuroticism * T.2 -.003(.001) -.051(.003)

Neuroticism * T.3 -.002(.001) -.072(.025)*

Agreeableness* T.2 -.020(.021) -.047(.023)

Agreeableness* T.3 -.018(.021) -.034(.027)

Conscient.* T.2 .058(.021) .012(.023)

Conscient.* T.3 -.003(.021) -.003(.022)

Openness * T.2 .019(.021) .036(.023)

Openness* T.3 .008(.021) .039(.023)

Random Effects

ICC .58 .58 .58 .57 .57 .57

Marg. R2/Cond. R2 .02 / .59 .03 / .59 .02 / .58 .04 / 58 .03 / .58 .09 / .61

AIC -111.7 -112.6 -108.7 -110.8 -109.5 -108.3

Cohen’s d 
(Marg.R2/Cond.R2)

.28 / 2.40
(small/large)

.35 / 2.40
(small/large)

.28 / 2.35 
(small/large)

.41 / 2.35
(small/large)

.35 / 2.35
(small/large)

.63 / 2.50
(medium/large)

Note: * indicates p < .05. ** indicates p < .01. ***indicates p <.000. p-values were corrected in the full model by 
Benjamini-Hochberg (Benjamini & Hochberg, 1995) FDR procedure. T.2 = Topic 2, bodily perception/sensory life; T.3 = 
Topic 3, socio-emotional life. E=Extraversion, N=Neuroticism, A=Agreeableness, C/Conscient. = Conscientiousness, 
O=Openness. In all models, Determinism is the response variable. ICC = Intra-class Correlation Coefficient. AIC = 
Akaike’s Information Criterion (lower values indicate better fit). Personality traits were centered and scaled.
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Table 8.
Mixed-Effects Models predicting Laminarity. Ni = 105; Nt = 315 observations (105i * 3 topics)

M1. E M2. N M3. A M4. C M5. O M6. Full model

Predictors Estimate (SE) Estimate (SE) Estimate (SE) Estimate (SE) Estimate (SE) Estimate (SE)

Intercept .95(.002)*** .95(.002)*** .95(.002) .95(.002) .95(.001)*** .95(.002)***

Extraversion -.002(.002) -.190(.002)

Neuroticism .002(.002) -.000(.002)

Agreeableness -.001(.002) .000(.002)

Conscientiousness -.004(.002)* -.004(.002)

Openness .000(.000) .002(.002)

Topic 2 (T2) .005(.001)*** .005(.001)*** .005(.001)*** .005(.001)*** .005(.001)*** .005(.001)**

Topic 3 (T3) .002(.001) .002(.001) .002(.001) .002(.001) .002(.001) .002(.001)

Extraversion* T.2 .002(.001) -.000(.001)

Extraversion * T.3 .001(.001) -.173(.002)

Neuroticism * T.2 -.004(.001)** -.004(.002)

Neuroticism * T.3 -.003(.001)* -.004(.002)

Agreeableness* T.2 .001(.001) -.001(.002)

Agreeableness* T.3 .001(.001) .000(.002)

Conscient.* T.2 .002(.001) .002(.001)

Conscient.* T.3 .001(.001) .001(.001)

Openness * T.2 .000(.000) .002(.002)

Openness* T.3 .000(.000) .002(.002)

Random Effects

ICC .63 .63 .62 .62 .62 .62

Marg. R2/Cond. R2 .03 / .64 .03 / .64 .02 / .63 .05 / .63 .03 / .63 .08 / .65

AIC -1805.9 -1812.1 -1803.3 -1809.1 -1804.3 -1802.1

Cohen’s d 
(Marg.R2/Cond.R2)

.35 / 2.67
(small/large)

.35 / 2.67
(small/large)

.28 / 2.61
(small/large)

.46 / 2.61
(small/large)

.35 / 2.61
(small/large)

.59 / 2.73
(medium/large)

Note: * indicates p < .05. ** indicates p < .01. ***indicates p <.000. p-values were corrected in the full model by 
Benjamini-Hochberg (Benjamini & Hochberg, 1995) FDR procedure. T.2 = Topic 2, bodily perception/sensory life; .= 
Topic 3, socio-emotional life. E=Extraversion, N=Neuroticism, A=Agreeableness, C/Conscient. = Conscientiousness, 
O=Openness. In all models, Determinism is the response variable.  ICC = Intra-class Correlation Coefficient. AIC = 
Akaike’s Information Criterion (lower values indicate better fit). Personality traits were centered and scaled.
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Table 9.
Mixed-Effects Models predicting Mean Line. Ni = 105; Nt = 315 observations (105i * 3 topics)

M1. E M2. N M3. A M4. C M5. O M6. Full model

Predictors Estimate (SE) Estimate (SE) Estimate (SE) Estimate (SE) Estimate (SE) Estimate (SE)

Intercept 11.40(.319)*** 11.40(.319)*** 11.40(.319)*** 11.40(.319)*** 11.40(.319)*** 11.40(.308)***

Extraversion -.219(.321) -.346(.383)

Neuroticism .089(.320) -.202(.379)

Agreeableness -.030(.322) -.027(.347)

Conscientiousness -.328(.320) -.342(.332)

Openness .249(.319) .413(.351)

Topic 2 (T2) .731(.317)* .731(.315)* .731(.318)* .731(.318)* .731(.318)* .731(310)

Topic 3 (T3) .728(.317)* .728(.315)* .728(.318)* .728(.318)* .728(.318)* .728(.310)

Extraversion* T.2 .355(.317) .058(.385)

Extraversion * T.3 -.048(.317) -.675(.385)

Neuroticism * T.2 -.489(.315) -.493(.381)

Neuroticism * T.3 -.631(.315)* -1.089(.381)*

Agreeableness* T.2 .095(.319) -.124(.349)

Agreeableness* T.3 .114(.319) -.093(.349)

Conscient.* T.2 .175(.318) .043(.334)

Conscient.* T.3 -.086(.318) -.245(.334)

Openness * T.2 .197(.318) .248(.352)

Openness* T.3 .269(.318) .592(.353)

Random Effects

ICC .51 .51 .51 .51 .50 .50

Marg. R2/Cond. R2 .02 / .52 .03 / .53 .02 / .52 .02 / .52 .03 / .52 .09 / .54

AIC 1582.6 1579.2 1584.6 1582.7 1581.6 1587.3

Cohen’s d 
(Marg.R2/Cond.R2)

.28 / 2.08
(small/large)

.35 / 2.12
(small/large)

.28 / 2.08
(small/large)

.28 / 2.08
(small/large)

.35 / 2.08
(small/large)

.63 / 2.17
(medium/large)

Note: * indicates p < .05. ** indicates p < .01. ***indicates p <.000. p-values were corrected in the full model by 
Benjamini-Hochberg (Benjamini & Hochberg, 1995) FDR procedure. T2 = Topic 2, bodily perception/sensory life; T3 = 
Topic 3, socio-emotional life. E=Extraversion, N=Neuroticism, A=Agreeableness, C/Conscient. = Conscientiousness, 
O=Openness. In all models, Determinism is the response variable. ICC = Intra-class Correlation Coefficient. AIC = 
Akaike’s Information Criterion (lower values indicate better fit). Personality traits were centered and scaled.

This preprint research paper has not been peer reviewed. Electronic copy available at: https://ssrn.com/abstract=4560996

Pr
ep

rin
t n

ot
 p

ee
r r

ev
ie

wed



49

Table 10. 
General Linear Models predicting affect valence from Personality (N = 103)

M1. Positive Affect 
Pre-Task

M2. Positive Affect 
Post-Task

M3. Negative Affect 
Pre-Task

M4. Negative Affect 
Post-Task

Predictors Estimate (SE) Estimate (SE) Estimate (SE) Estimate (SE)

Intercept 13.88 (0.43)*** 14.23 (0.48)*** 8.32 (0.34)*** 7.69 (0.33)***

Extraversion 0.80 (0.53) -0.23 (0.60) 0.20 (0.42) 0.42 (0.41)

Neuroticism 0.17 (0.53) -0.57 (0.60) 0.57 (0.42) 0.82 (0.41)*

Agreeableness 0.08 (0.48) 0.17 (0.54) 0.17 (0.38) -0.88 (0.38)*

Conscientiousness 0.24 (0.46) -0.11 (0.52) 0.28 (0.37) 0.34 (0.36)

Openness 0.44 (0.48) 0.05 (0.55) -0.39 (0.39) 0.21 (0.38)

R2 .06 .02 .03 .11

Cohen’s d (R2) .51 (medium) .29 (small) .35 (small) .70 (medium)

Note: * indicates p < .05. ** indicates p < .01. ***indicates p <.000. Number of observations = 103 (two 
missing values). Predictors are centered and scaled.
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