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ABSTRACT

Advances in computational behavior analysis have the potential to
increase our understanding of behavioral patterns and developmen-
tal trajectories in neurotypical individuals, as well as in individuals
with mental health conditions marked by motor, social, and emo-
tional difficulties. This study focuses on investigating how head
movement patterns during face-to—face conversations vary with
age from childhood through adulthood. We rely on computer vision
techniques due to their suitability for analysis of social behaviors in
naturalistic settings, since video data capture can be unobtrusively
embedded within conversations between two social partners. The
methods in this work include unsupervised learning for movement
pattern clustering, and supervised classification and regression as
a function of age. The results demonstrate that 3-minute video
recordings of head movements during conversations show patterns
that distinguish between participants that are younger vs. older
than 12 years with 78% accuracy. Additionally, we extract relevant
patterns of head movement upon which the age distinction was
determined by our models.
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1 INTRODUCTION

Nonverbal communication, carried out through a variety of modal-
ities, including eye gaze, facial expression, gesture, posture, ori-
entation, and other head and body movements [16], is a rich and
complex domain of functioning in humans. Nonverbal cues are
used alone, in combination with one another, and alongside speech
cues throughout development in order to successfully communi-
cate. The in—depth analysis of nonverbal cues holds important
implications for understanding human behavior. Such analysis can
characterize how we relate to others [3, 34] and how the ways
we express ourselves vary as a function of age, sex, context, and
culture [20, 39]. In-depth study of nonverbal communication also
has the potential to improve understanding of mental health con-
ditions characterized in part by nonverbal behavior differences.
Nonverbal communication is a truly trans—diagnostic domain of
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functioning with differences observed in several mental health con-
ditions, including autism, depression, anxiety, schizophrenia, and
ADHD [7, 9, 11, 13, 14, 21, 33].

Successful social communication is achieved through the ex-
ecution and coordination of multiple nonverbal modalities (e.g.,
facial expressions, eye gaze, head movements). The current study
focuses on the analysis of one critical modality: head movement.
Head movements serve several important functions during social
interaction, including conveying meaning, signaling engagement
and turn-taking, and providing structure [6, 30]. Studying head
movements may improve understanding of the phenomenon of
interpersonal coordination [15] - the tendency for social partners
to match the form and timing of one another’s verbal and nonverbal
cues — which has been found to be critical for positive social inter-
action, and reduced in certain mental health conditions [8, 26, 41].
Unfortunately, the characteristics of head movements during social
interactions are understudied relative to other nonverbal commu-
nication domains, particularly in age groups outside of infancy and
toddlerhood.

Traditionally, the conversational dynamics of nonverbal behav-
ior have been studied through manual annotations (e.g., moments
of head nodding) by trained observers. Manual annotations [4, 12],
however, can potentially lack scalability and reliability, or require
a considerable time investment. Recent developments in computer
vision and human-computer interaction have enabled more precise
and automated analysis of several behavioral modalities [10, 22] us-
ing a variety of computational models. As a result of these advances,
it is now possible to obtain a rich characterization of nonverbal
behaviors as they unfold over time, including nuanced differences
in how different cues are used across people.

In this study, we used a computational approach to investigate
patterns of head movements used by neurotypical school-aged chil-
dren, adolescents, and adults during face-to-face conversations
with an unfamiliar adult, as well as how those movement patterns
varied with age. Our goal is to enhance understanding of normative
patterns of head movements over typical development, in order
to establish developmentally—-sensitive normative models, which
in turn are critical for studying atypicality (i.e., deviation from
those norms) and individual differences [40]. Historically, a lack of
scalable tools for measuring fine-grained characteristics of head
movements during natural social interactions has hindered under-
standing of how use of this essential component of social commu-
nication develops over the lifespan. In response to this knowledge
gap, the aim of the current study was two-fold: 1) To determine if
we can reliably capture and characterize head movements during
natural conversations between interacting partners with unobtru-
sive technological methods (e.g., without the use of wearables or
distracting data collection setups), and 2) To begin to map the extent
to which age affects head movement patterns.

To minimize interference with the natural flow of conversation,
data was collected through a specialized device developed in-house
(Section 3.2), comprised of two cameras, recording in synchrony,
with one facing the participant and the other facing the unfamil-
iar adult interaction partner (i.e., "confederate"). Analysis of head
movement patterns in this study relies on unsupervised learning, as
well as classification and regression relating to participant age. For
classification, we defined two age groups: ages 5-12 years and ages

McDonald, et al.

12-50 years. This decision was informed by previous work [33]
indicating that these age groups accurately differentiated individu-
als with respect to other aspects of social communication during
similar interactions, as well as limited evidence that children’s non-
verbal communication behavior becomes more similar to adults
during preadolescence [24].

There are three unique contributions of the current work. First,
we studied head movements at two levels of analysis: monadic (i.e.,
relating to participant alone) and dyadic (i.e., relating to both par-
ticipant and confederate). These two levels of analysis allowed us
to better capture the broader social context within which the head
movements occurred. Second, unlike most previous work (Section
2.3) that characterized head movements simply in terms of over-
all kinematic features (e.g., speed, spatial range), we modeled the
way head movements unfold during conversations (i.e., patterns of
movements). Third, we quantified the extent to which head move-
ments are shaped by development, by measuring how accurately
the age of a person could be predicted based on the ways in which
they used head movements during social interactions.

2 RELATED WORK

2.1 Significance of Head Movement for Social
Communication

Head movement is a fundamental aspect of nonverbal commu-
nication. Often, communicative head movement is thought of in
terms of discrete head gestures, such as head nods and shakes, to
communicate “yes” and “no”, respectively. However, human beings
use their heads to communicate in a host of additional ways, and
commonly pair head movement with other forms of communica-
tion for emphasis or clarity. For example, McClave [30] put forth a
taxonomy of head movements based on micro—analysis of video-
taped conversations among adults, detailing specific movements
associated with conveying certain linguistic meanings, referencing
space, and controlling interpersonal interaction (e.g., turn-taking,
backchanneling). This work suggests that discrete patterns of head
movement carry important signal within a conversation, highlight-
ing the significance of measuring head movement both precisely,
and within natural interactive paradigms.

The use of head movement may also provide information about
mental and emotional characteristics of interaction partners. For
example, head movements can vary based on personal attributes of
the speaker or listener (e.g., sex [1]). Furthermore, head movements
have been associated with emotional and cognitive states of an
individual (e.g., agreement, interest [23]), emotional expression [27],
emotional interpersonal dynamics (e.g., conflict between interaction
partners [17], as well as emotional responsiveness between infants
and mothers [18]. Despite this evidence that head movement is a
critical social communication tool, there is a paucity of findings
in the psychology literature on head movement relative to other
nonverbal domains such as facial expression and gestures [18].

2.2 Head Movement Across Development

The development and function of head movement is fairly well-
understood in infancy. Most infants develop increasing head control
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Figure 1: Experimental setup and data collection hardware. In (a), the participant and confederate are having a conversation
with the “BioSensor" camera (a slightly older model shown here) placed between them. In (b), the current model of “BioSensor"

used for data collection is shown.

gradually over the first six months of life, and engage head move-
ments to track and obtain objects in their environments. Through-
out infancy and toddlerhood, head movements are also fundamental
to important social developmental skills, like social orienting, and
social referencing. There is computationally—derived evidence to
suggest that coordination among infants’ and their mothers’ head
movements facilitates emotional communication [18], and that
young children’s head movements play an increasing role in their
social interactions as they develop from 6 to 24 months of age [37].

The role and characteristics of head movements are less well-
studied in older children, adolescents, and adults. Murray and col-
leagues [32] studied non-social head movements in children ages
4-15 years in response to visual stimuli during a specific oculomo-
tor task. They found that both frequency and variability of head
movement decreased linearly as a function of age, and concluded
that children engage the head less during gaze shifts as they age.
However, it is difficult to know how or if these findings might relate
to the social use of head movement.

2.3 Computational Analysis of Head Movement

Recent advances in computer vision and machine learning promise
to rapidly advance research on human behavior, by introducing
reliable and granular measurement tools within a new paradigm:
computational behavior analysis. Such tools capture and quantify
all observable human behavior with extraordinary precision. Over
the past several years, a growing body of work has demonstrated the
promise of computational behavior analysis for enabling detailed
analysis of nonverbal communication during screen-based tasks
(e.g., participant watching videos or looking at images) [29] and,
less commonly, live social interactions [15].

Early prominent works using computational approaches to mea-
sure human head movements, and nonverbal cues in general, come
chiefly from the human-robot and human-computer interaction

domain [38, 42]. Detection of head pose and its temporal variation
(i.e., movement of head) has often been used to improve robots’ com-
municative behavior, by informing robots’ own head movements
to make them more natural [31]. When robots are able to mimic
human’s nonverbal communication patterns, they are perceived as
more expressive and lifelike, which enhances how people interact
with them [19].

Over the past several years, interest has grown in the study of
head movement as a lens for understanding mental health and
neurodevelopmental conditions, in addition to neurotypical social
behavior patterns. Autism has been one particularly ripe use—case
for computer vision-based head movement analysis, given that it
is characterized by differences in both nonverbal social communi-
cation [2] and motor skills [43, 44]. Indeed, autistic children have
been shown to exhibit differences in head movement dynamics
relative to their neurotypical peers. For example, while watching
brief social and non-social movies, toddlers who go on to receive
an autism diagnosis demonstrate significantly higher rate, accelera-
tion, and complexity in their head movements compared to toddlers
developing typically [25]. In a slightly older sample (ages 2-6 years),
autistic and neurotypical children were found to differ in terms of
lateral, but not vertical, head displacement and velocity, and only
while watching social stimuli [29]. Zhao and colleagues [45, 46]
extended the study of head movement dynamics in autism to both
older children (6-13 years) as well as a dyadic social context (i.e.,
a conversation with an adult). They found that head movements
were greater and more stereotyped in autism.

Beyond just having implications for autism, these results un-
derscore the potential for head movement analysis to advance un-
derstanding of a range of clinical presentations. They also speak
to a need to examine head movements across multiple stages of
development, to truly parse what is typical and atypical for any
given age group. A deeper examination of how head movement
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Figure 2: Illustration of the three angles used in the study to quantify head movement.

dynamics unfold over the course of typical development (i.e., from
childhood through adulthood), as well as their various social func-
tions, will provide an important foundation for future studies in
human behavior.

3 METHODS
3.1 Participants

Data collection was performed at the Center for Autism Research
(CAR) at Children’s Hospital of Philadelphia (CHOP). Data collec-
tion and use was approved by the institutional review board (IRB) at
CHOP. 79 individuals with no known mental health diagnosis (i.e.,
neurotypical) are included in the current study. Absence of clinically
significant mental health concerns was confirmed per evaluation
by the clinical core at CAR, based on expert clinical judgement
of DSM-V criteria [2]. Sample characteristics are summarized in
Table 1.

Table 1: Sample characterization by age group

Age (years) Sex Full Scale IQ
AgeGroup 0\ Max FM Mean (Std)
<12 39 5-12 18:21  111.6(13.8)

> 12 40 12-48 11:29 109.6(11.0)

Total 79 5—48 29:50  110.6(12.4)

3.2 Experimental Procedure

Participants underwent a battery of tasks to assess social commu-
nication competence. This battery included a modified version of
the Contextual Assessment of Social Skills (CASS) [35]. The CASS
is a semi-structured assessment of conversational ability designed
to mimic real-life first-time encounters. Participants engaged in
two 3-minute face-to—face conversations with two different con-
federates (unaware of the dependent variables of interest). CASS
confederates included undergraduate students and research assis-
tants (all native English speakers). Confederates were assigned to

participants based on availability. In the first conversation (inter-
ested condition), the confederate demonstrated social interest by
engaging both verbally and non-verbally in the conversation. In the
second conversation (bored condition), the confederate indicated
boredom and disengagement verbally (e.g., one-word answers, lim-
ited follow—up questions) and non-verbally (e.g., neutral affect,
limited eye-contact and gestures). The current analysis is based on
the interested condition only.

Prior to each conversation, study staff provided the following
prompt to the participants and confederates before leaving the
room: “Thank you both so much for coming in today. Right now,
you will have 3 minutes to talk and get to know each other, and then
I will come back into the room.” In order to provide opportunities
for participants to initiate and develop the conversation, confeder-
ates were trained to speak for no more than 50% of the time and
to wait 10s to initiate the conversation. If conversational pauses
occurred, confederates were trained to wait 5s before re—initiating
the conversation. No additional instructions were provided to either
speaker.

3.3 Data Collection

Continuous audio and video of the 3-minute CASS were recorded
using a specialized “BioSensor”, built in-house (Figure 1), that was
placed between the participant and confederate on a floor stand.
This device has two HD video cameras pointing in opposite di-
rections, as well as two microphones, to allow for simultaneous
audio—video recording of the participant and the confederate as
they sit facing each other. The minimal footprint and size of the de-
vice were intended to minimize the intrusiveness of the technology
on the natural conversation.

3.4 Data Pre-Processing

An overview of the data processing and analysis pipeline is provided
in Figure 3. For each video, the first and last 3 seconds were trimmed
to remove any frames for which the research staff may have been
in the room (e.g., providing the instructions). This time limit was
selected based on visual inspection of the videos. The majority
of videos were recorded at a frame rate of 30 frames per second
(fps), with some videos down-sampled from 60 fps for consistency.
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Figure 3: Overview of the data transformation processes and experiments. Each column of the raw data contains information
about changes in each of the three basic head movement angles: yaw, pitch, and roll. Windowed data are produced, normalized
to a standard scale (0 mean and 1 standard deviation), and analyzed for each angle independently. For each angle, windowed
samples from all participants are clustered to identify common movement patterns. This step is repeated for multiple values
of K in K-Means clustering. After the frequency-based feature construction (detailed in Figure 4), features from all angles
are concatenated to produce the feature set for classification. Through 10-fold cross—-validation, training data is also used to
determine the best K for clustering and classifier parameters within a nested cross-validation framework. The trained model is
then used for testing. Cross-validation is repeated 10 times with different random seeds for data shuffling (i.e., 10 times 10-fold

nested cross-validation).

Video data for all participants and confederates were processed
using a state—of-the—art 3D face modeling algorithm [36] to ex-
tract features related to facial expressions and head pose. Only
the latter were used in the current study. The output consisted of
time-dependent signals for the three fundamental head movement
dimensions: yaw, pitch, and roll, which are visualized in Figure 2.
These signals were used in the rest of the analysis pipeline.

3.5 K-Means Clustering

We used K-Means clustering as a way to group head movement
snapshots by similarity, with the goal of finding general patterns.
We selected a K value that best fit the inherent patterns in the

data within a cross—validation framework (Section 3.7). We trained
three separate K-Means models, for each of the roll, pitch, and yaw
angles.

For each participant, the temporal signal of each angle was split
into overlapping windows of 4 seconds (corresponding to 120 time
instances given the frame rate of 30 fps), with an overlap size of
8 time instances (roughly 0.3 seconds). Each window was subse-
quently standardized to have 0 mean and 1 standard deviation.
Windowed data from all participants (52, 692 windowed instances)
were combined together and used as input to train a K-Means
model for the angle from which the window was generated.
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Figure 4: Illustration of the feature construction process. The monadic features are created by counting the number of windowed
data that belong to each cluster. For each participant, windowed data is assigned to the closest cluster center, and the number of
members in each cluster is counted. In the case of dyadic features, the monadic features are calculated both for the participant
and the confederate, and concatenated to produce the final feature vector.

3.6 Feature Construction

The feature construction process, illustrated in Figure 4, consisted
of counting the number of times each participant exhibited specific
head movement patterns, represented by the trained K-Means mod-
els’ cluster centers. We used two approaches for creating features:
monadic and dyadic.

In the monadic case, only the participants’ data was used. Data
pre—processing happened as described in Section 3.4, producing
windowed samples, and then clustering those samples. For each
participant, the number of windowed samples belonging to each
cluster was counted, and a K-dimensional vector of pattern counts
was generated. Each participant was ultimately represented by a
3K-dimensional vector generated by concatenating pattern counts
from the three different angles.

In the dyadic case, the monadic features were computed for both
the participant and the confederate. The vectorized features of each
were concatenated, resulting in a 6K—dimensional feature vector.
The purpose of this strategy is to also capture the behavior of the
conversation partner, as the exchange of nonverbal cues between
two social partners is highly relevant for effective communica-
tion [5, 15].

3.7 Classification and Parameter Selection

The head movement features were used as the input to a binary
SVM classifier with a linear kernel, to classify age (younger or
older than 12 years) . We used 10-fold cross—validation. For each
fold, part of the data was put aside for testing, and the remaining
was used for training and parameter selection. Parameter selec-
tion was done with an ‘inner’ 5-fold cross—validation (i.e., nested
cross—validation) using only training data. The parameters to select
were the best K value for clustering, and the C parameter of the
SVM classifier, which controls the amount of regularization in the
model. The tested K values were {8,12,16,20,30}, and C values
were {0.001,0.01,0.1, 1, 10, 100, 1000, 10000}

After the K and C values were selected, for the ‘outer’ cross—
validation fold, we trained an SVM classifier with the specific C
value, using the training dataset with features produced from the
selected K value. The testing set with the features of that particular
K value was then used to predict to which age group each testing—
set participant belonged. At the end of the 10—fold cross-validation
process, each participant’s data had been used in the testing set
once.

This 10-fold cross-validation was then repeated 10 times, with a
different random seed used each time to shuffle the data, to produce
statistically robust performance metrics. The K value selected the
most times across all folds was stored to be used in the regression
analysis (Section 3.8) and to identify relevant features (Section 3.9).

3.8 Regression

In addition to age classification, predicting a continuous value for
age is also a relevant exploration. Similar to the classification ex-
plained above, we used a nested cross-validation, only fixing the
K (using the value most used in classification) to facilitate easy
comparisons between classification and regression. In addition to
C, we also optimized the kernel choice (linear or rbf) within the
‘inner’ cross—validation.

3.9 Relevant Feature Extraction

Beyond determining simply whether head movement patterns dis-
tinguish between two age groups or predict continuous age, we
sought to elucidate which head movement features contributed
most strongly to classification and prediction accuracy. This analy-
sis is potentially developmentally— and clinically-relevant, in that
it may identify specific markers associated with typical head move-
ment patterns at various ages, and inform future study of how
head movements in non-neurotypical populations diverge from
normative developmental patterns.
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Table 2: Classification results for both monadic and dyadic features. The reported scores are means of the 10 experimental runs

and balanced across the two classes.

Accuracy F1-Score

Monadic
Dyadic

71.4%
78.6%

71.4%
78.6%

Precision Recall ROC (AUC)
71.5% 71.4% 71.4%
78.7% 78.6% 78.6%

For this analysis, we used the K values that were selected as
best—performing most frequently, both in the monadic and dyadic
experiment sets, and re-ran classification using the entire dataset.
Note that computing feature importance values within the nested
cross—validation explained above would not be possible, since the K
parameter and corresponding clusters (and therefore generated fea-
tures and their meaning) change within each fold. Thus, after com-
puting the performance metrics using the nested cross—validation
and reporting them, we fixed all parameters including K, and ran a
single classifier using the entire dataset. Subsequently, we extracted
the feature coefficients computed by the algorithm for each input
feature — they correspond to the importance of that feature in the
classification process and are thus assumed to posses a high infor-
mation content. Each of the extracted features corresponds to a
specific head movement pattern of the participant in the monadic
case, or either the participant or the confederate in the dyadic case.
We then visualized the head movement patterns (i.e., how a certain
head angle changes over time) corresponding to those features.

4 RESULTS
4.1 Classification

These results relate to our investigation of whether it is possible
to distinguish between participants belonging to younger (12 or
below) or older (above 12) age groups. Data was analyzed through
methods described in Sections 3.4 - 3.7, and the results are presented
in Table 2. The accuracy, f1-score, precision, recall, and area under
the curve (AUC) of the receiver operating characteristic (ROC)
metrics were calculated for each of the 10 runs of cross—validation
(Section 3.7). The values reported here are the means of those
scores, balanced for each class; each metric was calculated while
accounting for the number of instances per class.

All results were significantly better than chance, suggesting
the existence of developmentally informative signals in the head
movement patterns of participants. The dyadic approach achieved
higher accuracy (78.6%, standard deviation of 2.1) than the monadic
approach (71.4%, standard deviation of 3.5), highlighting the impor-
tance of studying social communication cues within a true social
context (i.e., also considering the behavior of the social partner).

4.2 Regression

To supplement the classification results and gain more insight into
the relationship between head movement patterns and age, we also
conducted a regression experiment, as detailed in Section 3.8. We
used the best performing features in classification, which were those
from the dyadic approach. Results yielded an r (Pearson correlation)
between ground truth (chronological) age and predicted age of

0.42 (p=0.0001), indicating a moderately strong and statistically
significant linear relationship.

4.3 Relevant Features

The K parameter was set to 16 (monadic) and 12 (dyadic) consis-
tently in most folds of the nested cross—validation. Following the
process described in Section 3.9, we extracted head movement pat-
terns that were relevant in distinguishing between the two classes.
Figure 5 gives the weights (i.e., importance) of the most contributing
features in the classification of participants into age groups. Note
that the features quantify the number of times each head movement
pattern (illustrated in Figure 6) was exhibited during the 3-minute
conversation.

In the monadic case, the top 10 most informative features in-
cluded movements in all three angles. Most features (8 out of 10)
showed an increased frequency of occurrence in the younger group
(12 years or younger). For example, the movement pattern c15 (the
first feature in Figures 5 and 6), which corresponds to a sudden rota-
tion of the head in the roll direction, occurred more in the younger
group. Similarly, the only two yaw movements included in the list
were more frequent in the younger group.

No movements in the yaw direction (e.g., head shake) were in-
cluded in the top 10 for the dyadic case. Notably, the most important
dyadic features were mostly from confederates (8 out of 10). The
younger and older groups showed higher frequencies in different
patterns and directions.

5 DISCUSSION AND FUTURE WORK

We used computer vision and multivariate machine learning method-
ologies to study the head movements of interacting partners. The ex-
periments and results introduced in this work demonstrate progress
toward understanding the developmental characteristics of head
movements during natural social interactions. As a first step, the
current work provides metrics (i.e., classification and regression
accuracy) to quantify the extent to which head movements change
with age.

Our results suggest that it is possible to distinguish between
individuals younger versus older than 12 years based on their head
movement patterns during a 3—minute, casual, face-to—face con-
versation. Within the age range of our sample (5.5-48 years), head
movements could also be used to accurately predict age continu-
ously. Furthermore, our experiments show that the dyadic approach
achieved higher accuracy than the monadic approach, suggesting
the possibility that the age of a person not only affects the head
movement patterns that they themselves use during conversations,
but also those used by conversation partners. These findings high-
light the importance of studying social communication—as the
name implies—within natural social interaction contexts, because
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Figure 5: The top 10 most relevant features extracted during classification have been plotted for each feature construction
scenario: monadic in (a) and dyadic in (b). For each feature, the y-axis represents the weight coefficients assigned by the SVM
classifier. In the monadic case, each feature contains information about the angle (a) and cluster center within that angle (c). The
dyadic feature plot contains the extra information of whether that feature belonged to the confederate (C) or the participant

(P).

characteristics of a person (i.e., age) influence both their own be-
havior and how other people behave in response. Computational
behavior analysis, with its superior precision and scalability com-
pared to manual annotations, facilitates such naturalistic studies.

While our results suggest that it is possible to predict age from
head movement patterns, our classification accuracy values were
only moderately high. Assuming that our feature engineering ap-
proach was appropriate for capturing developmental effects, this
performance gap may support the hypothesis that nonverbal com-
munication behavior stabilizes at a certain age, after which it does
not show significant developmental variation [24]. This hypothe-
sis was also supported by the fact that our regression model was
relatively less accurate; classifying individuals based on a develop-
mentally informed age threshold proved to be more robust than
predicting exact chronological age. In other words, in our age group
of school-aged children, adolescents, and adults, head movements
may not exhibit the necessary variation to make such a dimensional
(continuous) prediction. Future research aimed at identifying pre-
cisely when head movement patterns stabilize in development is
needed to reach a more informed conclusion.

The most important features, determined by the classifier, showed
increased or decreased occurrences of head movements in different
directions. Increased occurrences in the younger age group relative
to the older age group were more dominant in the monadic case.
In the dyadic case, both age groups were equally represented in
terms of most important features. Notably, the features incorporat-
ing data from confederates were significantly more determining.
It should be noted that our features measure movements in in-
dividual angles (i.e., yaw, roll, or pitch); however, conversational

head movements usually involve movement in multiple angles si-
multaneously. Therefore, more sophisticated features that capture
movements with respect to multiple angles should be considered
in future work.

There are several limitations to the current work that need to be
addressed in future studies. First, our multivariate analysis (i.e.,
predicting age) is an indirect approach for studying how head
movements change with age. A univariate approach of correlating
individual head movement variables with age would be more direct.
In this case, the number of possible features that needed to be
included in the analysis (e.g., 48 in monadic and 432 in dyadic cases)
prevented a meaningful univariate study, making our multivariate
approach the natural choice. This approach has also been widely
used in neuroscience studies, in so-called “brain age” works [40].

Second, our treatment of the dyadic features does not capture
coordination between the participant and the confederate. A proper
coordination metric must capture simultaneous (and with possible
lags) actions of the partners, a property that our dyadic features
lack. Inclusion of such a metric may yield even higher accuracy,
suggesting that how head movements are coordinated between
partners, in particular, changes with age.

Third, our results are conclusive to the extent that our compu-
tational pipelines (feature construction and machine learning) are
appropriate for capturing developmental effects. Exploring more
sophisticated feature structures and machine learning models, such
as the use of neural network architectures accounting for the time
dependence of signals, is a viable next step. Similarly, generalizing
our findings to different samples, such as additional age ranges
or diverse cultural and ethnic groups, is currently difficult. Future
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Figure 6: Time-dependent plots of features considered most important during SVM classification (top 10 features shown in
Figure 5). In (a), head angle patterns were extracted using monadic features, and in (b), dyadic features. In each case, the cluster
centers of head angles have been visualized. Each subplot shows the cluster center belonging to one angle. The x-axis shows
the time dimension, and the y-axis, the change in the angle (normalized). With the dyadic features, the y-axis also contains
information about who that feature belonged to: the participant (P) or confederate (C).

studies should consider using larger samples with more diverse
characteristics to improve understanding of nonverbal communica-
tion variation across a wider range of demographic factors.

Our findings, in conjunction with future studies, will pave the
way for a better understanding of developmentally—-sensitive nor-
mative models and expected patterns of nonverbal communication.
These models will allow us to chart individual differences relative
to normative patterns. Understanding normative developmental tra-
jectories in various domains of social communication behavior will
also enhance conceptualization of mental health conditions in terms
of deviations from those norms [28], facilitating individual-level
analysis (i.e., precision medicine approach) of observed phenotypes
as well as underlying biological mechanisms.

6 CONCLUSION

This work focused on creating computational methods to extract
meaningful information from head movement patterns, a particu-
larly under-studied area of nonverbal communication. We aimed
to examine whether head movement patterns during conversations

distinguished between individuals who were younger vs older than
12 years. Video data was collected from 3-minute face—to-face,
semi-structured conversations, between each of 79 participants
and a research confederate. The data were captured using our in—
house “BioSensor’ system of two synchronized cameras, one facing
the participant, and the other the confederate. Through unsuper-
vised and supervised machine learning strategies, we achieved a
classification accuracy of 78% relying on dyadic features, where the
head movement patterns of both the participant and confederate
were included in the analysis. A regression analysis confirmed the
statistical significance of age prediction based on head movement
patterns. In addition, we extracted head movement patterns that
were relevant for the classification process, suggesting that they
were potentially high in information content. These findings open
doors for further social-behavioral, clinical, and human-computer
interaction applications by demonstrating that nuanced nonverbal
information extracted unobtrusively from short face-to-face con-
versations can have meaningful implications for both typical and
atypical development.
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