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Abstract

Behavioral observation has a longstanding tradition in psychology. However, its reliance
on manual coding makes observational methods costly and prone to biases that arise from the
inherent limits of coding schemes and from the subjectivity of human raters. Behavioral
observation research therefore has drawbacks in terms of applicability, accessibility,
reproducibility, and equitability. Computer vision (CV) methods have promise in this regard. In
the context of quantifying human movement, CV approaches to pose estimation are becoming
increasingly precise and have the benefit of being non-intrusive, reproducible, and low-cost. With
such methods, human movement in videos can be processed as multivariate time-series data,
offering a basis for a more comprehensive analysis of individual, interpersonal, and social
dynamics, opening up the possibility for the widespread study of diverse populations in out-of-lab
real-world contexts. Fulfilling such a promise goes beyond technical progress, it requires a
theory-driven implementation of new accessible observational methods made equitable to learn.
To showcase this promise, we present a CV pipeline with analyses of the temporal dynamics of
dyadic interactions, including a cross-cultural investigation of movement fluidity in sibling
cooperation during task-focused interactions and longitudinal assessments of infant-caregiver

coordination during free-play sessions. The pipeline incorporates a pedagogical computational

notebook, pose estimation (YOLOVS), theory-driven linear and non-linear time series analysis,
and a CV method for more privacy-aware video data archiving. Together, this pipeline showcases
a promising advancement in behavioral observation methods, expanding both who can conduct
research and who can benefit from it.

Key words: behavioral observation, dynamical systems, interpersonal interaction.

open-science, reproducibility
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Introduction'

When a mother and infant look at each other and exchange smiles or when siblings
negotiate who places the next block on a tower, these seemingly simple human interactions reveal
rich information about relationships, individual experiences, development, and social functioning.
The observation of behavior has a long-standing tradition in the life and social sciences and has
been used in science at least since Darwin’s work on emotion (Darwin, 1872). Yet capturing and
analyzing such behavioral dynamics has remained surprisingly challenging, limiting our

theoretical understanding and our ability to study diverse populations equitably.

Observational methods form the core of many studies across disciplines including
ethology (Tinbergen, 1963), medicine (Berk & Verghese, 1990), cultural anthropology (Bernard,
2017), and many areas of psychology including educational and clinical psychology. Specifically,
observation is a primary mode of gaining knowledge about individual and collective behavior.
Observations are realized in a particular time and place, whereby the observer, tuned by evolution
and experience, captures functional and socially significant aspects of behavior in specific
situations (De Jaegher, 2021). Observational methods often utilize an agreed-upon catalog of
behavior codes - a “coding scheme” (Brauner, 2018). Although researchers adopt various strategies
to ensure their observations are rigorous, they remain prone to biases, stereotypes, and practical
constraints.limits. Biases are inherent to human perception, but also structurally imposed by the
scientific community through the historical continuation of drawing upon researchers and
participants from WEIRD populations). Additionally, observational methods are extremely
time-consuming and therefore limiting. They require highly trained coders and many hours of
coding reliability, which makes rigorous observational research expensive and only performable
by well-resourced labs. The high potential for bias as well as their resource intensiveness greatly

reduces the equitability of these methods.

! This article is the result of a collaboration initiated during the Behavioral Dynamics in Social Interactions workshop
held at Jagiellonian University on May 2—4, 2024. As such, it reflects our particular approach to the issue of
incorporating observation in psychological research. Our approach stems from the ethological tradition, which
emphasizes the importance of observation and description of phenomena, as well as from a processual and, in
particular, dynamical systems approach to understanding them. Our aim of creating a pipeline for collecting and
analyzing observational data reflects the values of equity, transparency, and reproducibility in psychological research.
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Advancements in computer vision (CV), i.e. use of computer science techniques to
automate the analysis and/or interpretation of images and videos (Chai et al., 2021) may address
these limitations. The technique enables motion tracking in more ecological contexts, in a
reproducible way, and, being open-source and time-efficient, can be used more widely as an
observational tool. Tools such as OpenPose or Mediapipe provide rich multivariate time-series,
which can serve as a basis for a less biased, and more comprehensive analysis of individual,
interpersonal, and social dynamics across diverse populations. Such rich data and novel analyses
enable addressing various new and longstanding research questions and equitability concerns (e.g.,
Paxton & Dale, 2017). Pose estimation from video may form an important antidote to the generally
expensive equipment needed for human movement research such as motion tracking systems
which often use software that is not open source. While such high-precision equipment is not yet
fully replaceable by CV, it remains inequitable - accessible to only certain labs around the world,
and not reusable in a fully transparent way (for discussions on barriers for open science practices
see (Bahlai et al., 2019). An additional limitation of high-precision motion tracking systems is the
need to attach markers to the body, which some participants, such as children may find intrusive
and movement-restricting, thereby reducing the ecological validity and equity of research.
CV-based pose estimation finds the position of structurally defined points on the entire body from
images or videos (Gao et al., 2025) without need of markers and expensive equipment. These tools
further fulfill their promise as observational tools if they are applicable outside of the lab, so as to
be integrated into the study of real-world (social) phenomena and enable the investigation of
cognition in the wild. Although CV approaches to the study of social interaction are not new (e.g.,
De Barbosa, 2017), recent developments in these methods have enabled much more precise
measurement (e.g., tracking a single body part, such as the wrist, rather than an entire indicated
area). In order to fulfill the promise that CV methods hold with respect to becoming more
equitable tools for inferring knowledge from movement-based interactions, these tools need to be
made accessible and usable for all researchers.

In this paper, we demonstrate the continued and evolving usefulness of CV-based
techniques for studying behavior and social interaction in general (for earlier work see Barbosa &

Vatikiotis-Bateson, 2006; Latif et al., 2014), and particularly for research grounded in a
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process-oriented perspective (van Geert & de Ruiter, 2022). To this end, we propose a pipeline that
facilitates the observation of naturalistic and semi-naturalistic human interactions. This pipeline
integrates pose estimation with analyses based in dynamical systems theory and further combines
with masking methods that have promise to increase ethical data preservation/storage. This
pipeline is not intended to be a one-size-fits-all solution for all interaction data, but rather a
functional workflow going from raw videos to statistical analysis, where specific pieces (e.g., the
specific statistical analysis script) can be replaced or adapted to meet researchers’ needs.

The pipeline 1) relies on video recordings, which are easy to collect and widely available,
thereby enabling research in ecologically valid settings and expanding the range of populations
that can be readily studied (e.g., individuals who are unable to visit a laboratory due to
socioeconomic status, disability, or geographic distance can record themselves in settings that are
suitable for them); ii) wuses CV analysis of recordings, which provides precise time-series
description of behavior based on estimations of the individuals musculoskeletal positions; iii)
demonstrates its usability through two case studies; iv) contains a protocol for masking recordings
and archiving data; v) is open source and designed for researchers who do not yet have the
programming experience to build a pipeline themselves. In sum, the pipeline enables the
collection, storage and sharing of precise, multidimensional behavioral data that were previously
inaccessible, facilitating a more inclusive theory development (Dale et al., 2023). As such, our
approach is also aligned with calls for increased collaboration in revisiting and updating ethical
standards for research involving human participants (Light et al., 2024).

Below, we first describe the theoretical underpinnings of the method/pipeline, against the
background of traditional observational methods. Importantly, we address the problem that
although CV-processed behavioral data may be considered "raw observations" free from coder
biases, such data captures movements of individuals and interacting humans that are complex and
governed by multiple goals and values, therefore, the individuation from high-dimensional
spatio-temporal data to relevant behaviors is not straightforward. However, knowledge about the
structure of human movement, grounded in dynamical systems theory, facilitates decisions about
which variables in a raw stream of data need to be traced and how to analyze and interpret them

using theoretical and experiential insights. Against this theoretical background, we describe the
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pipeline in detail, highlighting its features mentioned above and, finally, illustrate its application
in two example cases: the flow of cooperation, operationalized as movement smoothness
(Mejia-Arauz et al., 2018) among Yurakaré and Polish siblings (Case 1) and the development of
coordination in parent-infant interactions in Poland (Case 2).

Direct Observation of Behavior

Direct observation of behavior is regarded as the oldest research method in behavioral
science (Jersild & Meigs, 1939), but due to its labor-intensiveness and its inherent biases, it has
never been a substantial mode of inquiry. The human coder is often more than a “detector” of
behaviors, serving as “cultural informant” who infers meaning about observed individuals
(Bakeman & Gottman, 1997). At the same time, psychology, in its effort to establish itself as mature
science, modeled itself on natural sciences and focused on advancing precise and experimental
methods (Rozin, 2001). As a result, many branches of psychology have become what Rai and
Fiske (Rai & Fiske, 2010) call an ODD science - observation- and description-deprived - relying
heavily on self-reports and finger “movements” (Dolifiski, 2018).

The proposed pipeline supports a shift toward a psychology that is less WEIRD and less
ODD, but also more WILD (Newson et al., 2018). It enables the inclusion of participants
Worldwide, in research conducted In situ - that is outside the laboratory - informed by Local
values and belief systems, and in Diverse samples that extend beyond university students or
families living near research institutions. It is open source, based on video recordings that can be
easily collected by anyone and pedagogically designed to support use by researchers with
minimal programming experience. Thus, it has the potential to help make psychology a science
grounded not only in the systematic observation of real-life behavior, but also one that is less
elitist and marginalizing. No longer limited by WEIRD participants, theory, methods, or
institutions (Oliveira & Baggs, 2023), we envision that pipelines of this kind, with their potential for
universal availability and applicability, can support realization of diversity, equity, and inclusion
in psychological research and theory.

Temporal Dynamics of Behavior

Classical observational studies quantified human activities and provided information about
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their frequencies and proportions; however, they often failed to capture the temporal dimension of
unfolding behavior and social interactions. Averaging values over time, which reduces variability

b

typically regarded as “noise,” results in the loss of critical information about behavior and its
interdependencies. By contrast, the “process-oriented”” approach (van Geert & de Ruiter, 2022) does
explicitly consider temporal properties, enabling observational measurement that captures
temporal ordering and co-dependencies of unfolding behavior and dynamics of interaction
through methods such as sequential (e.g., Bakeman & Gottman, 1997) or time series analysis (e.g.,
Guastello & Gregson, 2011). The growing availability of digital recordings has further facilitated the
study of these dynamic, time-related aspects of behavior, making it possible to quantify change
over time (Dishion & Granic, 2004); however, when such analyses rely on manual coding, they
remain time-consuming and labor-intensive. CV-based measurement overcomes these limitations,
allowing for precise and dense behavioral measurement beyond the scope of human coders by
continuously estimating points of the human body in each frame of video recordings.
Complemented with dynamical time series analyses, such as Recurrence Quantification Analysis
(RQA, Webber & Zbilut, 1994) and Cross- RQA (CRQA, Marwan & Kurths, 2002), the possibility to
discover temporal patterns of behaviors by investigating non-linear dynamics of multivariate

continuous data is greatly expanded beyond the sequential categorical analyses (Dale et al., 2011).

Why Movement Matters: From Time Series to Understanding Behavior

CV-based motion tracking, as in traditional observational research, requires the
specification of observation “targets”, which remain inherently observer-dependent. Data captured
on video are a source of thousands of variables that can be used to specify behaviors of interest.
Without any constraints, facing these high-dimensional data puts us in a similar situation to a
researcher without a theory nor a coding scheme observing a live situation. How should one
decide what is interesting and worth studying without narrowing the scope of observation too
much? The proposed pipeline supports three ways to focus observations: data-driven approaches
that find recurring movement patterns automatically; theory-driven approaches that select
measurements based on established research concepts (Maass et al., 2018); and experience-driven

approaches that use researchers' and participants' insights to identify meaningful changes in how
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interactions unfold.

The theory-driven approach hinges on the dynamical systems view of behavior (Thelen &
Smith, 1994), which assumes that every movement of a living organism is a manifestation of
engagement in multiple ‘projects’ (i.e., goal-directed actions; Merleau-Ponty, 1945). Therefore the
dynamics of the movement itself, and of the relations of this movement to other movements, is
informative about these projects (Van Orden et al., 2003). Patterns of movement that recur are
therefore informative about the stable organizations within the system itself or of the coupling of
the system with the environment (Olthof et al., 2023). Take an undisclosed example of a moving
human being: analyzing movements of the body parts, we would quickly note a curious, strong
coupling between the movement of legs and arms. Such relative recurrent organization is an
indication of the presence of behavior that is functional for the organism (in this case walking).
Even without the first-hand knowledge of walking or the observation of walking in nature, the
presence of such a pattern of movement, obtained via CV would indicate the importance of this
behavior for a given organism.

At an interpersonal level, bodily movement coordination can — with some degree of
certainty — reflect aspects of a relationship between people. For example: is the conversation they
are having argumentative or affiliative? Is one person a leader or is it a symmetrical exchange
(Paxton & Dale, 2017)? Relations among the selected aspects of the captured movement (such as
synchrony, lag correlations, leader-follower dynamics) are informative about the interaction
processes between two or more participants, instead of being focused on individual “behaviors”
typically interpreted as actions characterizing a person. Capturing such dynamical structures
underlying interpersonal interactions means we seek patterns of coordination sustained at multiple
levels of organization (Kelso, 1995). The pipeline presented below exemplifies such particular
dynamical systems approach to understanding behavior. However, it remains theoretically open,
inviting other approaches, and ensures that researchers collect and curate privacy-protecting data
tailored to their research questions, enabling the reuse of archived data in theory-driven,
data-driven, and third-person experience-driven approaches.

Workflow Overview

The workflow proceeds in five primary steps (shown in Figure 1). Step 1 covers
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observation, applying CV to video data in order to acquire interaction-relevant time series (e.g.,
proximity at time #). The use of CV ensures a reproducible, quantitative approach to capturing
observational data. Step 2 covers (linear) feature extraction, summarizing time series into single
features representative of particular behavioral constructs. For our cases, we calculate the
smoothness of an interaction by quantifying interpersonal distance and its abruptness of change
over time (Case 1) and in Case 2 we assess coordination dynamics of interpersonal
approach-avoidance behavior. Step 3 covers nonlinear time-series analysis for the study of
coordination dynamics. Specifically, Cross-Recurrence Quantification Analysis may be adopted
(CRQA; as demonstrated in our case examples) to assess bodily proximity changes between
dyads, providing for each dyad features (e.g., determinism as a measure for dynamic
predictability) that characterize the coordination dynamics. Once all metrics are calculated, we
move to step 4: statistical analysis. This step covers statistical testing of the smoothness and
non-linear analysis results. For the case studies, we assessed the changes in the smoothness of
proximity measures across groups (Case 1) or age (Case 2). Finally, step 5 covers archiving and
deidentification strategies. This step involves masking while preserving relevant kinematic
information, ensuring that data are stored in an accessible, sustainable fashion that maximizes
openness while ensuring privacy.

It is important to emphasize that at each step other choices concerning variables and
underlying models can be made and/or other further analyses can be proposed. For example, after
step 2 the resultant data can be used to assess overall turn-taking timing (Raffensperger et al., 2012)
or movement synchrony (Hudson et al., 2023), instead of focusing on smoothness or subjecting it to
non-linear time series analyses as in the cases described here The steps of the pipeline are
therefore presented as generally as possible and the exact implementation can be found in the

supplemental computational notebook.
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Figure 1. Overview of Workflow for Open Source Standardized Pipeline for Equitable
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Pipeline Details

To enhance reproducibility, we provide a Quarto Notebook that presents the methods and
results in extended and fully reproducible format. This Notebook is an essential component of the
present contribution as it allows researchers to implement (and adapt) an instantiation of our
proposed pipeline in a step-by-step fashion. The Notebook includes details, elaborations and
complete references®. The descriptions we provide here are abbreviated conceptual summaries of
the phases of the procedure to be able to argue for the potential value of the current approach for

an equitable behavior science.

Transparency and Openness

The current demonstrative position paper is not a confirmatory research contribution: The
demonstrated analysis and the studies drawn upon are therefore not pre-registered. However, all
code (processing, statistical analysis, masking) is fully reproducible and can be found on github,
with the notebook as the key landing page providing a step-by-step technical demonstration with
detailed conceptual explanations. Upon publication we will move our github materials to
https://codeberg.org/, a non-profit GDPR-aligned transparent alternative. Materials used for this
pipeline are explained in detail (e.g., computing infrastructure), and materials used in the studies
are minimal (and described in the methods). Study protocols are described in the methods. All
de-identified quantitative pose data and further derived data structures are provided on github.
Masked recordings, provided with parental consent, will be deposited in the *** Anonymized***
Open Research Data Repository and may be shared with other researchers upon reasonable
request once a data use agreement has been signed. During peer review the masked data snippets
are available on a password-protected server (password: InterPerDynPipeline) so researchers get a
preview of the dynamics that can be investigated with the corpus and accompanying dataset.

Step 1: Pose Tracking, Post-processing, Animating

2 As a side note, page limits or reference limits lead to disparities between who is likely to be cited, and we think
increasing extended reference sections to be future-proof practices for (society-run) journals (next to other practices
in scholarly publishing such as increasing biblio-diversity and diamond open access publishing).


https://anonymous.4open.science/w/InterPerDynPipeline-5AEE/
https://github.com/WimPouw/InterPerDynPipeline
https://wimpouw.github.io/InterPerDynPipeline
https://surfdrive.surf.nl/files/index.php/s/ppkW8MBBIriE4Rf
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Step 1.1 Extracting Poses Per Frames (implementation e.g., YOLOVS). Pose tracking
from video can be performed by any of the multiple tools available (such as, e.g., MediaPipe,
OpenPose or YOLO). The choice for a particular pose model depends on many factors, such as
camera angle availability, differences in research emphasis on whole-body versus hand
movement, or the computational resources available. For the Cases described here, YOLOvVS
(Jocher et al., 2023) was selected for its high consistency in pose tracking from a top-view camera
angle. YOLO provides 17 pose keypoints per detected person which were filtered to ensure the
quality of the tracking data. Specifically, we excluded duplicate detections of persons, as well as
skeletons with excessive missing data. Particle detection of the skeleton often concerned
mistrackings of individuals or tracking of the experimenter who is momentarily in the frame. The
parameters that determine the exclusions are adjustable by the user. For specific information
about the tracking procedure (e.g., list of keypoints), see the notebook.

Step 1.2. Post-processing to Time Series. Raw pose data were transformed to time series
matrix format, which means for each frame we have a timestamp (in seconds), keypoint data, and
derived measurements (e.g., speed wrist, center of mass). All keypoint data and derived measures

were smoothed to reduce noise-related jitter in the measurements, and all derived measures such

as speed were also smoothed (with a Savitzky-Golay filter, see notebook). Missing data points for
particular frames were linearly interpolated to increase the quality of the tracking (YOLO may fail
to track all key points across all frames). The derived variables were, for example, wrist speeds
for left and right hand for both persons, or shoulder midpoint x,y locations. Furthermore, we
derived variables such as the “center of mass” (COM) measure for each person, which is defined
by the average horizontal and average vertical location of the upper body key points for each
person (see Figure 1). Those variables allow for deriving the Euclidean distance between each
person’s center of mass coordinates.

Central to our main research questions involved extracting measures that track
approach-avoidance behavior. Such behaviors could, in principle, be defined by an interpersonal
distance measure, and in Case 1, we implemented this by measuring the Euclidean distance
between person 1 and person 2’s center of mass. The change of this distance measure over time

was then administered to the smoothness analyses (Step 2). However, a simple distance measure
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cannot distinguish between who of the two persons is approaching or avoiding at a particular
moment, losing information about coordination dynamics. Case 2 required deriving a measure
that would capture this person-specific approach-avoidance. This “Social proximity” determines
whether the person A approached/avoided B and/or B approached/avoided A at any particular
time, while ignoring dynamic rearrangements (e.g., angle between the persons). We further
differentiated the changes in the COM with respect to each time step (i.e. video frame), for each
individual, which would later form input for their non-linear analysis of the interaction dynamics
(Step 3). For a detailed explanation see the notebook.

Step 1.3 Video-Animations. The pipeline further provides animation code that is
designed to allow for qualitative checking of the time series. The user can select variables that
need to be plotted in the video that is then integrated with the tracked video. This way, the derived
time series and measures can be compared directly to the behavior observed in the video,
increasing qualitative understanding of the quantitative measures, further serving as a sanity
check of preprocessing steps such as smoothing of time series (see here for details).

Step 2: Feature Extraction

The next step in the pipeline is to extract features from the time-series data. In principle,
any features can be extracted and the choice is motivated by theoretical concerns and concrete
research questions. For example, one can choose to determine features in a fully data-driven way
(Christ et al., 2018), or one can focus on variables that summarize synchrony over time, or turn
taking, or statistical measures of complexity. For the Case 1 analysis, we focus on
operationalizing the concept of smoothness. We use log dimensionless squared jerk as a measure
of smoothness (Hogan & Sternad, 2009). For Case 2, we generate features based on non-linear time
series analyses which is described in the next step.

Step 3: Non-linear Time Series Analysis

In Case 2, the development of infant-caregiver interaction was studied using CRQA, which,
as mentioned above, is a nonlinear time series analysis method for studying synchronization and
the strength and direction of coupling dynamics between two systems (Marwan & Kurths, 2002;

Shockley et al., 2002). Specifically, we used CRQA to quantify the coupling between infant and
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caregiver. To assess whether the overall strength of coupling changes over time, a generalized
mixed model will be used, with the CRQA measure that quantifies coupling strength (determinism)
as the dependent variable and age and dyad relation as predictors.

Using CRQA, the extent to which the dynamics of two different systems are coupled over
time can be quantified by evaluating whether they occupy the same regions in a shared
multidimensional phase space. In this space each coordinate represents a state, and a trajectory
represents the evolution of system states over time. A phase space trajectory can be reconstructed
from a single observed time series by creating delayed copies that represent so-called surrogate
dimensions. Takens’ theorem (Takens, 1981) guarantees the reconstructed trajectory will be
topologically equivalent to the original, the important dynamical properties are recovered, not the
exact same trajectory. The embedding procedure includes estimating two parameters, an
embedding delay and the number of embedding dimensions. Using the same delay and
embedding dimension for all time series enables constructing a cross-recurrence matrix for each
dyad and comparisons among them (in Case 2 delay 838 and embedding dimension 3 were used,
for details see notebook step 3).

Many different measures can be calculated from the cross-recurrence matrix, in the
present study, the focus is on determinism (DET), defined as the proportion of the number of
recurrent points that form diagonal lines of specified length to the total number of recurrent
points. Diagonal lines indicate that a consecutive sequence of states that occurred in one time
series is repeated in the other time series in almost exactly the same way. In other words, at some
point during the observation period, both systems followed the same path through state space for
a while. Therefore, determinism is generally considered a measure of the strength of the coupling
between the two systems.

Step 4: Statistical Analysis

Step 4 consists of statistical testing of the observed phenomenon in order to assess a
particular research question or test specific hypotheses regarding differences between individuals,
sessions, or groups. It can also include model building such as mixed effects models or structural

equations models. What we advise in this step is to follow best practices for conducting as well as
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reporting statistical analyses (Lakens, 2022). For our specific examples, in Case 1 and 2 we use a
variety of common tests such as t-tests and linear mixed effects models (Case 1) and growth curve
models (Case 2). While CV-based movement extraction allows for rich analyses of the temporal
dynamics, in Case 1, we demonstrate an approach that aggregates measures across the interaction
into a single summary statistic (yet still a temporal statistic; Abney et al., 2025). In Case 2, we
demonstrate a more process-oriented approach that preserves even more of the temporal dynamics
using non-linear time series analysis. Additional details of those methods are provided below.

Case 1 Analyses: Movement fluidity of sibling cooperation in multiple cultures.
Cooperation, as ‘doing things together’, involves partners sharing a goal, and coordinating actions
and intentions to achieve it. Its development is embedded in cultural contexts, and cultural
differences in cooperation patterns should already be observable in childhood.

Children from Indigenous communities in the Americas have been observed to exhibit
what has been called "fluid collaboration," functioning as a cohesive ensemble that integrates
individual goals, and actions, anticipate each other’s contributions, respond harmoniously to each
other, contributing smoothly with the shared direction and rhythm of the group (Ruvalcaba &
Rogoff, 2022). In contrast, Euro-American children tend to share tasks, leadership, and resist
suggestions, reflecting a more negotiation-based form of interaction (Mejia-Arauz et al., 2018).

We will focus on studying cooperation in childhood through behavioral analysis of sibling
interactions during a tower building task in two different cultures: Yurakaré Indigenous
community of Bolivia and Polish urban culture. Yurakaré children grow up in mixed-age peer
groups that foster active participation through cooperation and adaptive adjustment to others.
Polish children represent a Western context characterized by child-centered, adult-organized
activities that prioritize psychological autonomy. Our hypothesis is that Yurakaré children, as
representatives of an Indigenous, cooperation-oriented culture, will demonstrate more fluid and
smooth dynamics during the task than Polish children. Most research on early cooperation relies
on pairings of same-age peers and overlooks the mixed-age groups that are typical of children's
social environments in traditional societies. Our research addresses this gap.

The cross-cultural patterns of collaboration described above were studied using

observational coding into mutually exclusive categories within specific time-segments. CV tools
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allow bottom-up, time-series analysis of interaction dynamics, enabling quantitative study of
these phenomena. Thus, in the movement-based task of sibling pairs in the presented case study,
we operationalize “fluid collaboration” in terms of the smoothness of their movements. But, given
the high dimensional data extracted from the videos, we focused on two metrics one that is based
on the smoothness of the individual approach/avoidance behavior (see Step 2 of the pipeline,
explained in detail in our notebook) and one that is dyadic and based on the smoothness of the
distance between the COM between the members of the dyad.

We observed 10 sibling pairs from each group (Yurakaré: Mage = 5.5 years, SD = 21.03
months, 70% female; Polish urban: Mage = 5.05 years, SD = 17.42 months, 45% female).
Observations were made during a semi-structured play situation: in the natural environment of the
Yurakaré community and laboratory conditions in Poland. Siblings were asked to build a tower
together using 54 wooden blocks (see masked video in notebook). Each pair had 4 minutes to
complete the task. This setup allowed for a systematic comparison of coordinated and mutually
adjusted movements, using our pipeline to examine the smoothness of interaction while "doing
things together". Interactions involving Polish siblings were recorded with an AXIS V5938 PTZ
Network Camera, and Yurakaré interactions with a Nokia Lumia 1020 smartphone camera. The
research was reviewed and approved by the Research Ethics ***Anonymized***, on May 12,
2021 for Yurakaré group and ***Anonymized*** Polish sample.

Note that for these analyses, we use a single summary statistic aggregating across the
observed 4 minute period of interaction. For both of these metrics, lower values indicate more
smooth movements and higher values indicate more jerkiness (i.e., less smooth) in the
movements. For the individual level analysis of the smoothness of the individual
approach/avoidance behavior, we fit a linear mixed model where the individual smoothness
metric was the outcome variable, culture (Yurakaré or Polish) was the predictor variable, and we
included a random intercept to account for individuals being nested within sibling pairs. Overall,
the model suggests there was no evidence of an effect of culture on the smoothness of individual
approach/avoidance movements, (f = 0.12, 95% CI [—0.53, 0.77], marginal R? = .004). For the
Polish group, the estimated marginal mean was 38.3 (SE = 0.45, 95% CI [37.3, 39.2]). For the
Yurakaré group, the estimated marginal mean was 39.5 (SE = 0.45, 95% CI [37.6, 49.5]). Figure 2
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shows the overall pattern. In order to evaluate whether the results of these models were biased due
to singular fit issues in estimating the random effects, we ran an equivalent linear regression
including cluster robust standard error estimates which provided compatible results (see notebook
for full details).

For the dyadic distance between center of mass analyses, we fit a simple linear regression
with the smoothness of the distance between the dyad members’ center of mass as the outcome
variable and culture (Yurakaré vs Polish) as the predictor variable. Consistent with the prior
analyses, we did not observe a significant effect for culture (f = 0.15, 95% CI [-0.81, 1.11], R?=
.006). The estimated marginal mean for the Polish group was 39.0 (SE = 0.64, 95% CI [37.7,
40.3]), and for the Yurakaré group it was 39.3 (SE = 0.64, 95% CI [38.0, 40.6]).

Case 1: Discussion. We did not observe differences in the smoothness of movements
between Yurakaré and Polish siblings. As was made transparent above, there are many possible
ways one might have operationalized this psychological construct. Our choice might have not
reflected other qualitative differences between populations. For example, the more extensive
language use by Polish children might have constituted an additional constraint coordinating them
and might have hidden the expected disfluencies. Our pipeline enables additional qualitative
observations and quantitative coordination analyses based on other features in order to contribute
to the discussion of the “smoothness” concept - e.g., its abandonment or redefinition. Thus, what
appears as “smooth” adjustment might involve sudden behavioral shifts that the jerk measure may
not adequately capture. These contexts also have a high degree of turn-taking such that when
smoothness measures are aggregated across the entire period of observation, these measures may
not quite reflect the complementarity of interaction that is turn-based (Fusaroli et al., 2014;
Raffensperger et al., 2012). And lastly, we focused primarily on movements, but from a complex,
dynamical systems perspective there are many relevant ‘scales’ of social interactions (Abney et al.,
2025) to analyze and it could be that the “fluid collaboration” is more evident, for example, in the
vocalizations or pliant leadership.

Case 2: Longitudinal Infant-Caregiver Interactions. Interactions between infants and
their caregivers are essential for early developmental processes. Infants from an early age engage

in coordinated interactions with caregivers and become sensitive if caregivers contingently


https://anonymous.4open.science/w/InterPerDynPipeline-5AEE/#step-4-statistical-analysis-r

POSTPRINT OPEN-SOURCE PIPELINE FOR EQUITABLE OBSERVATIONS 18

respond to their behavior by 4 months (Beebe et al., 2016). Parents provide structure for such
rhythmic interactions; they “frame” infants’ actions. Although timing matters in all social
interactions, it is especially crucial for mother-infant interactions, where the focus is more on
when things happen than what happens — the rhythm matters more than specific actions (Fogel,
1988). Caregiver-infant interactions involve multiple channels: vocalizations, gaze, and rhythmic
body movements during back-and-forth sequences. These timing patterns reveal the structure of
social connection without requiring identification of specific behaviors.

Timing patterns identified in research to date were identified predominantly on the basis of
manual coding of behaviors cataloged in a coding scheme. CV-based measurement enables the
study of the temporal organization of interpersonal interactions in a novel way. Its application will
be illustrated using recordings from a longitudinal, semi-naturalistic observational study focused
on development of pointing gesture in infant-caregiver interactions. Thirteen infant-caregiver
pairs visited the child laboratory monthly for a total of seven visits. The infants' ages at the first
visit ranged from 7 to 9 months (M,,. = 236.4 days, SD = 17.26 days, 62% female). Parents were
instructed to ‘play as usual,” with a set of five age-appropriate toys while the infant was seated in
a feeding chair facing the caregiver, who sat directly across the infant. The interaction was
recorded using AXIS V5938 PTZ Network Camera. The research was reviewed and approved by
the Research Ethics **Anonymized**, on February 11, 2022.

To analyze the development of parent-infant interactions, we fit a logistic (generalized)
mixed model predicting the determinism (DET) measure obtained from CRQA for each dyad at
each measurement occasion. The age of the infant (in days) was used as the time predictor and
was centered on the average age of the sample at the first measurement occasion. The framework
of generalized mixed models allows for the estimation of proportion data based on counts, where
the denominator may vary from case to case (Renjaén et al., 2024). In the present dataset 2 dyads
had 1 time series that was shorter than expected based on the selection criterion of 150 seconds, 4
dyads had one time series that required the removal of movement artefacts. These datapoints were
set to missing values. Time series length will affect the number of recurrent points that can be
detected; therefore, we used the number of recurrent points detected as a weight variable in the

model (see supplementary data for details). A linear and quadratic effect of the time variable (age
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in days) were included in the model, as well as an interaction with a categorical variable
indicating parent-infant relation; mother-daughter (N = 6), mother-son (N = 5), father-daughter (N
= 1) with the latter as the reference category. The dyad ID was entered as a random effect in the
model. The model predictions are displayed in Figure 2 The estimated marginal means at 236.4
days (the average at the first measurement occasion) for the father-daughter dyad (M = .39, 95%
CI [.36, .42]) did not differ from the mother-daughter dyads (M = .36, 95% CI [.35, .37]) and
mother-son dyads (M = .40, 95% CI [.39, .41]), but the mother-daughter and mother-son dyads
did differ (OR = 0.86, Z.yi, = -3.96, Prurey = -002). All interaction effects of the dyad type with
linear and quadratic age effects were significant (for details see Table S1).

Case 2: Discussion. The observed pattern of growth in infant-caregiver coordination
partly replicates findings from studies using manual coding; Tronick and Cohn (1989) found
increasing coordination in infants 3, 6, and 9 months. Our sample included infants up to 13-14
months (in two cases up to 15 months), and after a similar initial increase, we observed a
subsequent decline in strength of the coupling. Given the small sample, these findings should be
interpreted cautiously. Notably, peak infant-caregiver coordination occurred around 10-11
months, a period of major social-cognitive developments like joint attention (Tomasello, 2018).

We also observed gender differences consistent with findings from previous studies using
manual coding. Specifically, prior research has shown that at six and nine months, mother-son
pairs spend more time in coordinated states than mother-daughter pairs (Tronick & Cohn, 1989),
and that at six months mother-son dyads exhibit higher synchrony scores than mother-daughter
dyads (Weinberg et al., 1999). Again, given our small sample size, the observed gender differences
in the level of determinism should be treated cautiously. Tentatively, mothers and sons track each

other’s behavior more precisely and sustain structured interactions longer.
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Comparison of Jerkiness in Distance Between Center of Mass || Predicted Determinism of Proximity
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Figure 2. Combined results for the case studies: Smoothness (Case 1) and CRQA (Case 2)

Note. Case 1 (left plot): Cross-cultural Comparisons of Individual Jerkiness of Distance between
Center of Mass (B). Case 2 (right plot): Predicted changes in Determinism by Age and type of
Dyad. Predicted values are based on a logistic mixed model with linear and quadratic time
predictors interacting with dyad type.

Step 5 - Protocols for Archiving Sensitive Data Using Masking Strategies

Behavioral video data offers significant scientific value for understanding human
interaction but presents serious ethical challenges, particularly with machine learning adoption.
Movement data retains ethically significant information about culture, affect, health, age, and
neurodevelopment even after facial de-identification, reflecting meaningful social patterns related
to identity and relationships that require protection rather than erasure (Light et al., 2024). Video
observation captures embodied and temporal dynamics, yet this richness renders data highly
identifying, particularly for wvulnerable populations like children or culturally specific
communities, while conventional approaches often restrict access entirely, creating data silos that
hinder reproducibility and collaboration (Landi et al., 2020).

Concerning layered archiving of time series and masked videos, the pipeline produces two

complementary outputs for archiving and sharing, each serving distinct purposes in the data reuse
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ecosystem. Time series data as the primary shareable output. At the foundational level, computer
vision tools like YOLO extract movement data as high-frequency time series of body landmark
positions and trajectories (Gao et al., 2025). These time series—including keypoint coordinates,
derived measures (e.g., velocity, interpersonal distance, center of mass), and summary statistics
(e.g., smoothness, CRQA metrics)—constitute fully de-identified behavioral data. Because no
visual information is retained, these data carry minimal re-identification risk while preserving the
full analytic value of the original recordings. Researchers seeking to replicate or extend analyses
should use these time series directly; they contain all information necessary to reproduce the
statistical results reported in a study.

When visual context is necessary to interpret the behavior—for example, to understand the
physical setting, verify tracking quality, or conduct supplementary manual coding—a second
archiving level preserves movement while obscuring identifiable features. This is achieved
through targeted blurring, pixelation, conversion to silhouettes or skeletal figures, and background
removal using segmentation models like SAM2 (Segment Anything Model; Ravi et al., 2024) and
open-source tools such as MaskAnyone CLI (Owoyele et al., 2024). These transformations offer a
compromise that maintains interactional content while achieving ethically acceptable
de-identification levels.

Importantly, masked videos are not intended as input for re-running pose estimation.
Preliminary evaluation indicates that applying pose estimation models to masked videos yields
detectably different outputs compared to original recordings—a finding we interpret as evidence
that the de-identification transformations effectively disrupt the visual features these models rely
on. This degradation in model performance does not compromise data reusability, because the
high-fidelity time series extracted from the original videos remain the primary resource for
quantitative reanalysis. The masked videos and the time series data thus serve complementary
roles: the former supports qualitative understanding and transparency, while the latter enables
rigorous, reproducible secondary analysis.

Regarding selecting de-identification levels, the layered protocol enables researchers to
select de-identification levels based on ethical review, participant consent, and intended use. For

maximum openness, time series data can often be shared with minimal restrictions. For masked
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videos, the appropriate level of transformation (e.g., blur vs. silhouette vs. skeleton) depends on
the population studied, the sensitivity of the behavioral context, and the consent obtained. The
recommendation is that researchers consult with ethics boards and, where possible, with

participant communities to determine acceptable levels of visual detail.

In terms of equity and the future of behavioral data sharing, this archiving approach
enables broader, fairer participation by lowering re-identification risks while preserving analytic
properties. It facilitates data reuse, supports replication, and reduces inequities in who gets
studied. Ethical de-identification is not a constraint on behavioral science—it is a condition for its
equitable future. It is important to reflect on the challenges encountered in fully archiving the raw
videos,as the original study did not have signed agreements from all participants and because of
the sensitive nature of the videos containing minors, masking serves as an intermediate step in the
archiving workflow. Support from institutional repositories and pre agreed consent forms are
practical strategies for granting fuller access. For now the CSV files and masked video snippets
have been curated carefully to reflect the intended spirit of the archiving workflow-to be as open
as possible, as closed as necessary.

The future of the pipeline: A community approach

The current technical demonstration of the pipeline is a starting point for equitable
innovations in methodology. The pipeline should evolve from here, in part by project and aims of
the current team, but also by recruiting community involvement. Some of the features we think
can be further profitably integrated are video tutorials, specification of learning routes with open
access learning materials related to components of the pipeline (e.g., R, Python, Kinematics, Time
series, Dynamical Systems). Furthermore the notebook can be improved itself, with interactive
FAQ, but also by more interactive graphical-user-interface (GUI) elements that invite researchers
to connect their aggregate findings to the specific situations in the interactions (Miao et al., 2025).
To increase community involvement in our notebook and future versions, the notebook will be
staged (after review) as a module on non-profit open science platform www.envisionbox.org.

There we also reserved two channels on their forum so that users and developers can

discuss specifics of using and improving the pipeline (https://discord.gg/GQmwYmS4). In this
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way, future versions or new derivative pipelines with more contributors will more likely come

about through community effort (for similar approaches see Matthis, 2025).

Discussion

Our pipeline addresses traditional observational research limitations by making behavioral
analysis accessible and equitable. The widespread availability of recording tools enables
researchers to collect naturalistic data without high-tech laboratories, while the proposed
open-source, pedagogically oriented design accommodates users with minimal programming
expertise. Combined with masking procedures for privacy protection, this supports diverse
populations and researchers previously excluded from such studies. What once required months
of manual coding can now be processed in hours, making large-scale observational research
feasible and overcoming traditional barriers of cost, complexity, and time. Rather than using
predetermined coding schemes, our theory-driven approach examines emergent movement
patterns. We operationalized constructs like movement fluidity through smoothness measures and
coordination through coupled changes in center of mass. This creates opportunities to discover
behavioral patterns that might not align with established frameworks.

Movement tracking reveals behavioral dynamics across multiple timescales, from
micro-level coordination to developmental changes over months. This process-focused analysis
aligns with dynamical systems perspectives and enables previously impractical questions about
how behavioral patterns vary across populations, developmental stages, and cultural contexts
which is essential for developing much-needed psychological theories that target humanity in its
diversity.

Constraints on Generality and Other Limitations

Due to small sample size, the case studies presented in our paper serve primarily an
illustrative purpose, rather than providing conclusive results, and thus have inherent limitations in
terms of generalizability. At the same time, given the characteristics of the presented pipeline, we

consider its usability to be relatively universal, and our contribution to confirmatory research lies
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in the pipeline’s potential of future reuse. Potential users do need to obtain participants’ consent to
be recorded, and consent for their data to be masked and archived for a certain amount of time.

CV-augmented behavioral analysis raises complex ethical questions that extend beyond
traditional research ethics. While seemingly neutral, CV methods and workflows can encode
sensitive (mis)information about health, emotional state, and cultural background (Buolamwini &
Gebru, 2018) and developments in computer vision are often used for questionable surveillance
practices (Kalluri et al., 2025). While potentially reducing labor associated with observations,
models still need to be trained on often human-annotated data. Furthermore, masking protocols
provide multiple levels of de-identification, but the fundamental challenge remains: how do we
balance scientific utility with participant privacy while taking into account that sophisticated
algorithms of tomorrow might retrieve information that was masked by technology we have
today?

We must also resist the temptation to view automated analysis as inherently objective. CV
systems embody the biases of their training data and the assumptions of their developers; they are
as accurate and equitable as data on which they were trained (Fabbrizzi et al., 2022). Awareness
of such biases has prompted efforts to address them, including the development of mitigation
strategies such as the collection of bias-controlled datasets. It is essential that the application of
such methods continues to be grounded in cross-cultural research and collaboration, along with a
critical validation of the perspectives we adopt. More generally, a key feature of observational
coding schemes used in manual analyses is their reliance on the “unit of meaning” rule (Lamb,
1979), according to which the coding system identifies behavior units typically used by the focal
interactants. Although this approach entails a degree of researcher subjectivity and potential bias,
CV-based tracking lacks such interpretive grounding. Consequently, validating CV-based results
through comparisons with participant and researcher ratings remains an important and urgent
task, as has been done in validation studies comparing CV-based measures with motion captures
(Needham et al., 2021).

Video processing requires significant computational resources, making environmental
considerations important. As these methods become widespread, researchers should minimize

environmental impact while maximizing scientific benefit. Reusing masked data helps offset these
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costs by reducing redundant processing.

Another caveat should be mentioned concerning the current pipeline: there is an inherent
limit to the degree that “feature” extraction can capture the significance of social interactions.
Collapsing the temporal dimension into single-point estimates makes it easier to use traditional
statistical tools, but it then simplifies the context-dependent and multi-scale unfolding of
interactional dynamics that participants engage in. The researcher is ultimately tasked with
balancing the inherently meaningful qualitative observations of (reported) lived experiences,
against the quantitative measurements that aim to capture something of significance. One
promising way forward is to design analyses that retain temporal information rather than
collapsing it entirely, for instance, through windowed analyses and dynamical systems approaches
that directly characterize recurring structures. These approaches make it possible to identify
recurrent patterns or changes over multiple timescales while still grounding them in the specific
observable phenomena (Gorman et al., 2020; van Eijndhoven et al., 2023). In this way, integrating
qualitative and quantitative functions of measurement such that researchers are increasingly able
to perceive new significances in social interactions through technology and formally specify the
recurrent aspects of significant moments through technology.

Several promising developments could extend our approach. Real-time analysis
capabilities would enable new forms of intervention research where participants receive
immediate feedback about their interaction patterns (Wiltshire et al., 2024). Integration with other
data streams such as physiological measures, environmental sensors, linguistic analysis could
provide richer insights into the constraints and functions of behavioral dynamics (Alviar et al.,
2023). We envision combining automated analysis with systematic inclusion of participant
perspectives. Further, precision movement data provided by CV, when analyzed within Empirical
Dynamic Modeling (Munch et al., 2023), opens a new avenue for investigating relationships
between, for example, caregiver behavioral predictability and child development. The relationship
between movement dynamics and established psychological constructs remains an active area of
investigation (Warren, 2006). Future research should examine how patterns detected through
automated analysis relate to traditional observational measures while remaining open to the

possibility that movement-based approaches might reveal novel aspects of human behavior.
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Beyond the traditional research sphere we are making this pipeline accessible to early career

researchers and citizen scientists via bootcamps and summer schools.

Conclusions

Our open-source pipeline is designed to facilitate the collection, analysis, dissemination,
and reuse of observational data in an equitable manner. Its use can not only help ground
psychological research more firmly in observation of behavior, but also significantly broaden the
diversity of studied populations. The pipeline advances traditional application of observational
methods and creates opportunities for both researchers and participants from historically
marginalized groups to contribute to the development of psychology. While we illustrate its
usability within process-oriented and dynamic systems framework, the pipeline is adaptable to a
range of theoretical approaches.
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