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Individual and joint body movement assessed by
wearable sensing as a predictor of attraction in
speed dates
Jose Vargas-Quiros, Non-Member, IEEE, Öykü Kapcak, Non-Member, IEEE,
Hayley Hung, Member, IEEE, and Laura Cabrera-Quiros, Non-Member, IEEE
Abstract—Interpersonal attraction is known to motivate behavioral responses in the person experiencing this subjective phenomenon.
Such responses may involve the imitation of behavior, as in mirroring or mimicry of postures or gestures, which have been found to be
associated with the desire to be liked by an interlocutor. Speed dating provides a unique opportunity for the study of such behavioral
manifestations of interpersonal attraction through the elimination of barriers to initiating communication, while maintaining significant
ecological validity. In this paper we investigate the relationship between body movement, measured via accelerometer sensors, and
self-reports or ratings of attraction and affiliation in a dataset of 399 speed dates between 72 subjects. Through machine learning
experiments, we found that both features derived from a single individual’s body movement and features designed to measure aspects
of synchrony and convergence of the couple’s body movement signals were predictive of different attraction ratings. Our statistical
analysis revealed that the overall increase or decrease in an individual’s body movement throughout an interaction is a potential
indicator of friendly intentions, possibly related to the desire to affiliate.
Index Terms—attraction, body movement, speed dates, synchrony, convergence, non-verbal behavior
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I NTRODUCTION

I

NCREASED eye contact, smiling, laughter. It’s not hard
to find these behaviors portrayed as manifestations of
attraction in popular culture. Research has shown that it
is with good reason, as many of these behaviors, associated also with communicating trust, have been related by
meta-analyses to self-reported attraction [1]. Less prevalent in popular culture but similarly researched throughout decades in social psychology are the phenomena of
synchrony and mimicry as manifestations of attraction.
Recently, computational social science has contributed it’s
share of research in these areas [2].
A complete computational study of the manifestations of
attraction in human behavior must necessarily encompass
multiple layers, starting with the definition of the phenomenon, including the collection or procurement of suitable measurements, and the selection and interpretation of
a computational model. As with many studies interested in
such hypothetical constructs, subjectivity and interpersonal
differences in the understanding of a phenomenon necessarily play a role in the analysis and interpretation of results.
The use of machine learning models adds statistical power,
normally at the expense of interpretability, and specially so
for very high-dimensional data.
The advances in sensing technologies and the possibilities of sensing human behavior have brought interest in the
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automatic assessment of human behavior in the social signal
processing community [3] originated in computer science.
Many of the computational studies of attraction have been
motivated by this goal. One reason is the possibility of
building tools that can help people modify their behavior in their relationships via automatic feedback. Modern
wearable devices make possible the measurement and provision of real-time feedback during interactions. Behavioral
insights are also applicable in the development of more
human-like virtual agents or robots and in science, in the
development of tools that improve the time and possibly
quality of psychological and sociological research.
Our line of work aims to investigate how we can automatically estimate interpersonal attraction by quantifying
the body movement of the subjects involved, using wearable sensors. In a previous paper predicting the outcome
of speed dates using joint body movement features [4],
we have shown that it is possible to do so above chance
level using features calculated using both participants’ body
movement. We proposed interpretable movement and coordination features inspired in previous literature that can be
extracted from a single body-worn accelerometer.
In this paper we take a broader approach by comparing,
through statistical tests and machine learning experiments,
the predictive power of individual body movement features
(derived from a single person’s movement) with that of
joint movement features (derived from both people in the
interaction) for the prediction of the attraction self-reports
in our dataset. We hypothesize and test whether mean
intensity and mean changes in intensity of a person’s body
movement (increase or decrease throughout the interaction)
significantly correlate with our attraction labels. Features
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obtained from a single individual’s movement are compared
with the previously proposed joint features, designed to
capture different aspects of interpersonal coordination, to
assess the predictive power of individual and joint body
movement. Furthermore, we significantly expand the background literature that supports our joint body movement
features, and test for the occurrence of convergence or divergence of body movement in our short date interactions, with
the purpose of determining whether this phenomenon could
be observed at all in our subjects. Finally, we performed
an ablation study with the purpose of understanding the
relative importance of the different types of features when
used in isolation.
In section 2, we start by presenting our review of attraction literature, as well as literature about interpersonal
body movement phenomena including synchrony, mimicry
and convergence. In section 3 we present the dataset used to
test our hypotheses, as well as the individual and joint body
movement features proposed. Finally, we present our results
and discussion on the relationship between body movement
and individual attraction. We test the hypothesis that an
increase or decrease in overall body movement throughout a
short interaction can be related to the self-reported attraction
scores. In a computational stage, we used our individual
movement features to directly predict the ratings of attraction. We also investigated the automatic prediction of joint
attraction using match labels extracted from the individual
ratings. In this case we used joint features obtained from the
acceleration signals of both interactants.

2

ATTRACTION AND BODY MOVEMENT

The following sections review works in both psychology
and computer science that address attraction and the phenomena of synchrony, mimicry and convergence, with a
focus on body movement; and its possible role as manifestations of attraction in face-to-face interactions.
2.1

Interpersonal attraction

Despite the large body of work in the subject, attraction
remains notoriously hard to define. The way attraction is
treated in recent research does not deviate greatly from
the situation in 1969 [5], where most research considers
attraction as an attitude, defined as a ”readiness to respond
toward a particular object in a favourable or unfavourable
manner”, or a ”tendency or predisposition to evaluate an object in a certain way”. Attraction is thus generally conflated
with positive attitude, and the most common technique to
assess an individual’s attitude remains self-report. The lack
of consensus is not limited to the question of how to define
and measure attraction. Montoya [6] lists several other contentious topics which have resulted in a ”fragmented field,
one that proceeds without a unifying theoretical model”.
Multiple works have explored the possibility of attraction as a multi-dimensional phenomenon [5], [6], [7] that
cannot be summarized in a scale from negative to positive
attitude. Montoya [6] present a two-dimensional model of
attraction, with an affective and a behavioral component
that are the consequence of an assessment of a target’s
willingness and capacity to facilitate the individual’s goals
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and interests. The affective component reflects the ”quality
of one’s emotional response towards another”, while the
behavioral component ”reflects one’s tendency to act in a
particular way toward another”. Although in many cases
both components are said to align, there are occasions in
which they diverge. Attraction is said to differ from love,
friendship, attachment and other related constructs in that
it is an ”immediate evaluation of a target person”, that
characterizes interpersonal experiences in general.
Among computational studies attraction has been conflated with interest. Gatica-Perez defines the term interest as
”people’s internal states related to the degree of engagement
displayed, consciously or not, during social interaction” [8].
He also notes that this engagement may arise from different
factors such as interest in the topic of a conversation, attraction to the other person or social rapport. In this work we
make use of the terms attraction and interest interchangeably,
as expressing a desire to maintain or increase contact with
another person, and encompassing friendly, romantic and
sexual intentions.
A good portion of the work on attraction has conducted
experiments in speed date settings, where self-reported
attraction can be obtained from questionnaires filled-in
by participants [9]. Previous work investigated romantic,
friendly and business interest between partners by extracting four types of social signal measures from audio: activity, engagement, emphasis and mirroring and successfully
predicted each type of interest using these features [10].
Prosodic, dialogue, and lexical features extracted from audio
recordings have also been used to predict both flirtation
intention and perception [11].
Research also has explored the different mechanisms and
strategies used when it comes to searching for short-term
and long-term partners [12], which unsurprisingly differ
between men and women. It has been noted that men tend
to relax their standards further than women when seeking
short-term mates and tend to have higher preferences for
physical attractiveness in short-term than long-term mates
[13]. Courtship behavior such as flipping of the hair and
moving the shoulders has been observed more particularly
in women, while men tended to cross and uncross their legs
more often [14].
Previous work [15] found that positional features extracted from video such as position, distance, movement
and synchrony are indicators of attraction. Their results
also indicated that separating male and female training
data increased the task performance. Cabrera-Quiros et al.
attempted to classify attraction levels between participants
using statistical features extracted from accelerometer data
[16]. For them, separating male and female data did not
improve prediction performance.
2.2

Individual body movement and attraction

Numerous factors determine our body movement during an
interaction. While some of them can be related to variables
accessible to measurement, like our own speech output
[17], [18] or environmental stimuli like music, many are
understood to be modulated by our own internal states.
Although to the best of our knowledge the direct relationship between attraction and intensity of body movement
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has not been studied in a speed dating setting, a link
between the two can be made through physiological arousal.
Arousal levels have been studied as a correlate of attraction
with significant results. Most studies in this area manipulate
arousal via physical activity [19], [20] or by startling subjects
[21], finding that increased physiological arousal resulted in
higher attraction ratings compared with baseline arousal.
While these results would suggest that arousal is the cause
of increased attraction, and not conversely, the direction of
the relationship is not important as it relates to predictive
performance.
2.3 Synchrony, mimicry, convergence and their role in
attraction
The behavior of our interlocutor is another factor that clearly
influences our own body movement in an interaction [22].
Numerous terms have been used in literature to refer to
the dependence in the behavioral signals of dyadic partners,
such as synchrony [2], [23], mimicry [24], coordination [25],
[26], [27] and chameleon effect [22].
Delaherche defines synchrony as the ”dynamic and reciprocal adaptation of the temporal structure of behaviors
between interactive partners”, where the important element
is ”the timing, rather than the nature of the behaviors”
[2]. Interactional mimicry, on the other hand, has a slightly
more precise definition: ”when a behavior is repeated by
an interaction partner within a short window of time” ,
typically no longer than three to five seconds” [22], [28].
However, there is clearly no consensus for the previous
or any definition of synchrony. Bernieri defines coordination
as ”the degree to which the behaviors in an interaction
are nonrandom, patterned or synchronized in both form
and timing” [29], where synchrony describes the ”timing”
dimension. Other authors however, have followed even less
inclusive definitions. Paxton defines synchrony as a special
case of coordination, where the same behavior is performed
at the same time, thus conflating it with behavioral mimicry
[30].
Although mimicry may be of speech, facial expressions,
head movement, laughter, emotional responses and other
”observables” (ie. the behavior we observe in others) [31],
[32], [33], [34], [35], [36], some of which cannot be easily
delimited in time, we are interested in body movement
mimicry, also termed ”behavioral mimicry”, ”behavioral
matching” or ”chameleon effect” [37]. This includes the
repetition of the same gestures (eg. hair touching), or movement of the trunk (eg. leaning forward), and the use of
similar postures.
We abide by the definition by Delaherche [2], and consider mimicry to overlap with synchrony; and coordination
to be an umbrella term including both phenomena and
referring to all ”nonrandom and patterned behaviors during
a social interaction” [25], [26]. Although episodes of body
movement mimicry can be considered episodes of synchrony under the definition presented, insofar as repetition
of the same action implies some degree of synchrony, this
repetition might be performed in a highly uncoordinated
manner (eg. waiting too long or too little to reciprocate a
handshake may be perceived as awkward). We consider that
the measurement of the kind of coordination that facilitates
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social interaction requires access to contextual variables, and
cannot be agnostic to the nature of the actions. Like most
empirical studies, we adopt a more functional approach
with measures of coordination that include aspects of both
synchrony and mimicry, and can be defined for behavioral
time series, such as mutual information.
Synchrony has been studied specially in its link to affect,
where a positive association has been found [23]. Previous
work found that temporal coordination of same-sex dyads
changed depending on if they described liking, disliking,
or being unacquainted to each other [38]. Synchrony has
been found to relate to multiple individual outcomes like
reduced anxiety and tendency to self-identify in terms of
relationships with others; as well as interpersonal outcomes
like increased harmonious feelings and prosocial behavior [26]. Other studies have found that synchrony could
relate to communication competence [39]; that synchrony
decreases significantly during arguments [40], that more
synchronous groups are perceived as more united [41] and
that synchrony occurs in the psychotherapy setting [42] and
could positively affect ratings of the bond with the therapist
[43].
Mimicry, on the other hand, has been linked repeatedly
to rapport and linking, increased mimicry leading to more
favorable evaluations from an interaction partner [44] and to
higher ratings of smoothness of the interaction [45]. Furthermore, having an affiliation goal was found to increase nonconscious mimicry; and people who unsuccessfully affiliate
in an interaction were found to mimic more, providing evidence for mimicry being used as a tool to achieve affiliative
goals [37], [44]. Computational studies have estimated team
cohesion in meeting settings using audio-visual cues and
mimicry features [46], [47] with performance significantly
better than random.
In the courtship setting, a meta analysis found mimicry
of nonverbal behavior to be associated with self-reported
attraction [1] . In a similar context, it has been found that
nonverbal mimicry is positively associated with romantic
interest in an interlocutor [24], that people who are involved
in a romantic relationship mimic an attractive opposite-sex
other to a lesser extent than people not in a relationship,
and that they mimic less the closer they are to their current
partner [48]. Beyond mimicry of nonverbals, similar associations have been found for language similarity between
partners [49]. A study with speed dates [50] found that men
evaluated the interaction more positively when they were
mimicked by their female partner, while also increasing
their ratings of the sexual attractiveness of the woman.
In a study on four-minute speed dates, authors found no
evidence that attraction ratings can be predicted by mimicry
of certain coded behaviors (smiling, laughing, head shaking,
hand gestures, face touching), although it found evidence
that synchrony in physiological signals like heart rate and
skin conductance does predict attraction [51], and evidence
for physiological synchrony has been found in other contexts [52]. A more recent study [53] found that coupling in
body swaying during speed dates predicted interest in a
long-term relationship.
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2.4

Measuring synchrony, mimicry and convergence

When it comes to measuring synchrony and mimicry, it
is clear that it is hard to separate these two phenomena
from one another. Microanalysis from videos consists in
the fine-grained coding of the timing of particular withinaction moments, which can be used to measure differences
in timing, related to synchrony. However, this technique
is expensive in terms of human effort [27]. The coding of
actions or behaviors has been prevalent in the literature
as a way of quantifying action imitation or mimicry [24],
[48], [50], which also enables the analysis of leading and
following behaviors and roles [54]. However, behavioral
coding is also expensive and cannot be used for the study
of synchrony without fine-grained temporal resolution or
lower level annotations (ie. microanalysis). Therefore, many
studies have resorted to the use of motion energy analysis
[23], [55] from videos, wearable accelerometers or motion
tracking methods [40], [56], [57]. All of these methods result
in time series that act as proxies for the motion of a particular body part, or as an average of body movement energy.
Multiple methods attempt to derive a measure of synchrony from such time series using, for example, windowed
correlations between them, possibly with different time lags
[57]. It is clear, however, that correlation-based measures
capture elements of both synchrony and mimicry, as both
the nature and the timing of actions can affect them. The
length and delay between windows is critical in this process.
Schoenherr [58] compared different such time series analysis
methods present in literature, including global (whole timeseries) Pearson correlations and windowed correlations. The
authors experimented with different ways of summarizing
these outputs into scalar synchrony measures, and found
that these measures were only partially correlated with each
other. Furthermore, they did not find evidence of a common
factor, concluding that these measures capture different
aspects of synchrony.
Some recent studies using acceleration signals have
made use of cross-recurrence quantification analysis
(CRQA) [59], [60]. This method allows researchers to measure the extent in which two streams of information exhibit
similar patterns in time, while answering questions about
the characteristic time-lags in the interaction [30]. Computational methods for the discovery of mimicry episodes have
also been presented [61].
Datasets have been created for the study of mimicry,
although in very different and specific settings like political
discussions, role playing games and negotiations [62], [63].
Somewhat more clear is the definition of the interpersonal
convergence. We abide by its most common definition as
an increase in similarity, according to some measure of
similarity between features of interest [64], [65]. A study
with conversations lasting between 15 and 20 minutes found
evidence for the occurrence of pitch convergence and its
relation to perceived attractiveness, likability and conversation quality [66], [67]. Convergence has also been observed
in the amount of laughter in a conversation [68] and the use
of iconic gestures [69]. Ogata [70] coined the term coevolution
to refer to joint changes in body movement, and found it to
be more prevalent in face-to-face than in non-face-to-face
interaction. A similar study used the term ”synchrony” [71].
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In the speech community, the related phenomenon of
”entrainment”, which can be understood to include both
synchrony and convergence, has been established and studied in different acoustic-prosodic features such as intensity,
pitch and jitter [64], [72], as well as turn-taking features [73]
and gap lengths [65] while being related to different social
outcomes [74].
Synchrony relates to convergence in that it can be the
object of convergence [35], that is, individuals may become
more coupled in time as an interaction progresses. Convergence is certainly not limited to synchrony, as it can
affect the nature of the behaviors as well (i.e. mimicry) or
modulate the way they are performed (e.g. their intensity).
In some cases such as entrainment to external stimuli [75],
synchrony and convergence may be tightly linked.
Moulder [76] wrote about the importance of using surrogate data when establishing the occurrence of synchrony, to
avoid observing pseudo-synchrony, the amount of spurious
synchrony expected between two individuals who are not
interacting. A simple surrogate data generation method may
consist in calculating synchrony between non-interacting
pairs to serve as a baseline or control. These ideas are
necessary in studies of synchrony [23], [55] and further
apply to study of convergence.
In conclusion, there is enough evidence in previous
literature to support a link between attraction and body
movement, possibly mediated by the known link between
mimicry and rapport. It is however unclear whether this
link is limited to mimicry or if features capturing more
general coordination or convergence phenomena may also
be informative. The role of individual body movement in
isolation as an indication of being attracted to the conversational partner also remains unexplored. Furthermore,
previous work does not elucidate what kinds of attraction
can be predicted from wearable body movement signals and
little is known about gender differences in the link between
overall body movement (as measured by wearables) and
attraction.

3

DATASET AND M ETHODS

In our experiments, we made use of the MatchNMingle
dataset, a multimodal and multi-sensor dataset recorded
to be used in research about automatic analysis of social
signals and interactions for both social and data sciences
[16]. The data was collected in an indoor in-the-wild setting.
It was attempted to keep the social interactions between
participants as natural as possible.
3.1

Experiment context

The MatchNMingle dataset was recorded over three days
in a local bar. Each day had different participants. The
event started with a speed dating round where participants
of opposite sex had a three-minute date with each other,
followed by a mingling event. In this study, only the data
from the speed dating part of the event was used. Figure 1
shows several pictures of the speed daters.
Participants were recruited from a university, fitting the
criteria of being single, heterosexual and between the ages
of 18 and 30. In total of 92 participants attended the event,
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Fig. 1. Speed dating participants wearing accelerometer devices sat
opposite to each other during speed dates. [77]

with equal number of men and women. The majority of the
participants did not know each other. Before the event, participants were asked to wear sensors around their necks to
record tri-axial acceleration and proximity, as a requisite for
participation. The accelerometers recorded at a frequency
of 20Hz. Participants were also made aware that they were
being recorded via cameras installed on a frame above the
interaction area. The recorded video data is not used in this
study.
After each three-minute date with a participant of the
opposite sex, participants were given 1 minute to fill a
booklet with a questionnaire about their date partner indicating their interest in each other. Responses for these
questionnaires constitute the ground truth for the tasks in
this study.
The collection of the MatchNMingle dataset took place
over three days. 16 males and 16 female subjects participated in the first day, each involved in 14 speed dates. In
the second and third days, 15 males and 15 females took
part each day, with each person participating in 15 dates.
This resulted in a total of 674 speed dates. However, due
to malfunctioning wearable devices, some participants did
not have valid acceleration data and the data from their
speed date interactions had to be discarded. From the 92
participants in the event 72 had valid data. Furthermore,
a smaller number of interactions were removed because
booklet responses were unreadable. This reduced the number of speed dates in the dataset from 674 to 399. In the
final dataset, each subject is present in 11.1 speed dates on
average, with a minimum of 9 and maximum of 14 speed
dates for any one subject. Each of these dates became an
example in our dataset.
3.2

Defining the ground truth

The questionnaire that participants filled after their dates
consisted of following questions with responses on a 7-point
Likert scale (low = 1, high = 7):
1)
2)
3)
4)

How much would you like to see this person again?
How would you rate this person as a potential
friend?
How would you rate this person as a a short term
sexual partner?
How would you rate this person as a long term
romantic partner?

These questions were chosen because, in line with a general notion of attraction as interest in the interlocutor in a goal-
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oriented manner, they cover most common ways in which
subjects may be interested in each other in the context of an
informal speed date. Concretely, the first question captures a
general notion of interest by wanting to see the other person
at least one more time. This interest could be towards any of
the three goals implicit in the next three questions. Question
2 explicitly asks for interest in a friendship. This type of
interest has been linked to rapport, with it incorporating
feelings of friendship and caring, and the notion of being
in-sync [78]. Romantic and Sexual ratings, on the other
hand, are directly related to partner choice, where a range
of factors like similarity, reciprocity, physical attractiveness
and security offered by the partner are known to play a role
in the assessments [79].
In Figure 2, we show the correlations between the raw
Likert-scale ratings of the same interaction, where the goal
was to understand overall gender-related differences in the
way males and females treated the ratings, given that large
gender-based differences in partner choice are reported in
literature [79]. The first plot shows correlation between
the four different ratings (questions) given by males for
the same interaction; the second between ratings given by
females, and the third between the ratings of the males
and the ratings of the females (ie. a positive value means
that men and women tended to agree in their ratings of
how much they liked each other; a negative value that
ratings were often opposite). Males made a big distinction
between the Friendly label and the rest of the labels, but
SeeAgain, Romantic and Sexual have similarly higher levels
of correlation. Females, on the other hand, tended to form
two clusters, with Friendly and SeeAgain ratings being one
(labeled similarly) and Romantic and Sexual labels being
another.
Correlations between male and female responses are
low, highlighting the importance of analyzing attraction first
as an individual construct, as there is seldom agreement
on attraction. Interestingly, only correlations involving the
Sexual rating were significant. Male Sexual ratings correlate
negatively with all female ratings except for the Friendly
intention. For females, their Sexual ratings correlate negatively with male Sexual and Friendly ratings.
Each of these ratings was used to define different tasks
for the interest prediction problem as See Again, Friendly,
Sexual or Romantic, which consist in predicting the corresponding label. For a more straightforward interpretation of
the results, we treated the classification problem as a binary
one. Responses to one question were binarized by assigning
a positive label to the ratings equal or above the median (per
gender) of all ratings given for that question, and a negative
label otherwise. In other words, the median of the ratings
was used as the threshold for binarization. The threshold
was different per gender because in the experiments we
also predicted separately for males and females and the
distributions of scores were very different between them.
Figure 3 shows the distribution of booklet responses and the
the corresponding median thresholds used for binarization.
Additionally, interactions were labeled as a match when both
speed daters had a positive label for the interaction.
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Fig. 2. Spearman correlations of speed date responses (Likert scale from 1 to 7). (Left): Male ratings. (Center): Female ratings. (Right): Male and
female ratings.
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Fig. 3. Distribution of the speed date responses for the four questions
asked, for the 399 interactions in the dataset.

3.3

10 Hz, to increase the resolution at low frequencies, which
contain most of the energy of human movement. Each bin
gives information about the characteristic of behavior of the
person at that time window, therefore each bin is treated as a
single feature. Combining these features results in 8 feature
dimensions per window.
Computing these 8 features for each 7 types of signal
mentioned earlier and for 4 different window-sizes results
in 224 low-level signals that will further be used to extract
behavioral coordination features that are explained in the
following subsection. An illustration of the pre-processing
steps is shown in Figure 4.

Feature Extraction

Our method aims to model the coordination of behavior
between two people in an interaction using nonverbal behavioral features extracted from accelerometer readings.We
describe the feature extraction process in detail below.
3.3.1

Preprocessing

The accelerometer data consists of 3-dimensional readings
recorded at 20 Hz with the X axis capturing the left-right
movements; the Y axis up-down movements and Z axis
forward-backward movements. Initially each axis of each
person’s recordings is normalized by subtracting its mean
and dividing by its standard deviation. This is done to
reduce the effect of gravity and interpersonal differences
of movement intensity in the sensor readings, and follows previous work [80]. These three normalized signals
are augmented with the absolute value signal of each
axis, and the magnitude of the acceleration computed as
p
(x2 + y 2 + z 2 ) for a total of 7 signals.
Each of these 7 signals was divided into n-second windows using a sliding-window approach, with n/2 second
shifts between each window. Since the optimal window
size to capture relevant behavior is not known, we chose
to extract windows for multiple values of n: 1, 3, 5 and 10
seconds; all of which are included.
Similar to [80], statistical (mean, variance) and spectral (power spectral density) features are extracted from
each window. Power spectral density (PSD) per window is
computed using 6 logarithmically-spaced bins between 0-

Fig. 4. Pre-processing step: Using a sliding window approach, the signal
is divided into samples from which the statistical and spectral features
are extracted.

The aforementioned low-level signals are used to extract
more complex body movement features that are grouped
into two categories: individual and pairwise features.
3.3.2 Individual Features
For experiments using the body movement of a single
individual as input, we made use of two simple features
that quantify how low-level body movement signals change
during the course of the interaction.
3.3.2.1 Time-correlation: One time-correlation feature was computed as the Pearson correlation coefficient
(Pearson’s r) computed between one of the low-level signals
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(eg. PSD bin 3 of the X axis) and time. These capture the
general direction of change of the low-level signal throughout the interaction. A positive coefficient for the mean of
the magnitude of acceleration, for example, would indicate
an increase in body movement intensity throughout the
interaction.
3.3.2.2 Split difference: One split difference feature
was computed as the difference between the mean of the
low-level signal in the last third of the interaction and the
mean in the first third of the interaction. These features similarly capture changes in the underlying low-level signals, by
comparing them at the beginning and end of the interaction.
3.3.3

Pairwise Features

The following measures aim to quantify body movement
behavior between two subjects. The first three measures
were created to capture different types of coordination between the movement of the two people in the dyad, especially synchrony and convergence. The next two features
were designed to measure convergence (or divergence),
the tendency of body movement to become more or less
similar during the course of the interaction. Note that, as
for the individual features, all of the following joint features
are computed for the 224 multi-scale low-level signals (see
Section 3.3.1. When present in this section, X and Y refer
to a corresponding low level signal (eg. the mean of the X
axis of acceleration, calculated using a sliding window of 3
seconds); X for one subject, and Y for the other subject in
the interaction.
3.3.3.1 Correlation: Linear correlation scores have
been used in the literature as a measure of similarity of
overall body motion as well as motion of specific body parts
such as the hands or head of two people [81], [82], [83], [84],
[85].
The linear correlation between two person’s body movement signals is expected to result in a score closer to 1.0
the more similar the movement of the two people, hence
capturing mimicry in particular but also being affected by
the precise timing of the behavior.
Correlation with a time lag has also been used to
measure the linear relationship between a follower and a
leader’s movement [81], [84]. The following computes the
correlation between X and Y signals at a positive lag of τ
samples:

PN −τ
ρxy =

i=1

(xi − µx )(yi+τ − µy )
σ(X)σ(Y )

(1)

where xi and yi are corresponding samples, µx and µy
the means of the signals and σ(X) is the standard deviation
of X .
Using time lags enables capturing the leader-follower
relationship of two people in a conversation. In an example
case of measuring the correlation between persons A and
B’s movement, if a higher score is obtained when person
B’s signal is positively lagged, this indicates that person B is
leading the interaction.
Following the literature, we use +/- 1 time step lags, and
no lag for direct correlations.

3.3.3.2 Distance: This movement similarity measure
is inspired by the work of Nanninga [47] and adapted for
movement data.
The goal is to capture when one person imitates their
partner’s behavior. Figure 5 illustrates how this feature is
computed. Each sample window of Person A’s signal is
compared with the consecutive window of Person B’s signal. To compare these windows, the distance between lowlevel features of these windows are computed, resulting in
distance scores D = [d0 , d1 , ...dn ] for the entire interaction.
From these distance scores, minimum (min(D)), maximum (max(D)), mean (mean(D)) and variance (var(D))
are computed and used as features. Since this feature is
asymmetrical, the reverse is also computed.

Fig. 5. Distance features. Each time sample is compared with the other
signal’s preceding time sample.

3.3.3.3 (Normalized) Mutual Information: Mutual
information computed between the random variables corresponding to two movement signals has also been used in the
literature to capture the dependence between two people’s
behavior [80], [86]. In our case it captures the dependence of
two people’s behavior on each other. It quantifies how much
information can be obtained about one variable by observing the other variable. Mutual information is calculated as
follows:

I(X; Y ) = H(X) + H(Y ) − H(X, Y )

(2)

where H(X) and H(Y ) represent the entropy of random
variables X and Y and H(X, Y ) represents their joint
entropy. As the calculation of entropy requires knowledge of
the underlying probability distributions, we approximated
P (X), P (Y ) and P (X, Y ) using categorical distributions by
calculating 10 bin histograms for the marginal distributions,
and a 10 × 10 histogram for the joint distribution.
Additionally, normalized
mutual information is comp
puted by dividing by H(X)H(Y ) to obtain a score between 0 and 1. A higher score is expected when two people
have an influence on each other’s behavior.
While the three previous features attempt to measure
elements of coordination, the next two sections describe
features that aim to capture the degree of convergence or
divergence of body characteristics during the short interaction.
3.3.3.4 Time-correlation: Time-correlation features
try to capture if the difference between two people’s behavior increases or decreases over time [47], [66]. In order to
compute it, corresponding windows of two participants’ signals are compared with each other. To measure the similarity
at each time step, the distance between these corresponding
samples’ low-level features are computed as illustrated in
Figure 6, resulting in distance scores D = [d1 , d2 , ..., dn ],
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for each sample. After that, the correlation of these scores
with time is computed to understand if they increase or
decrease using Pearson correlation formula (eq. 1) and a correlation coefficient is obtained. Since the goal is to capture
convergence, a decreasing distance indicates converging
behavior. Therefore, the correlation coefficient is expected
to be more negative for converging interactions where participants show similar behavior over the interaction.
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TABLE 1
Summary of the individual and joint features used to predict attraction
ratings. Total indicates the size of each feature vector or number of
individual features.
Type
Indiv.

Category

Feature type

-

Time Correlation [Sec. 3.3.2.1]
Split-difference [Sec. 3.3.2.2]

224
224

Coordination

Correlation [Sec. 3.3.3.1]
Distance [Sec. 3.3.3.2]
Mutual Information [Sec. 3.3.3.3]

672
1792
336

Convergence

Time Correlation [Sec. 3.3.3.4]
Split-difference [Sec. 3.3.3.5]

784
224

Joint

Fig. 6. Time-correlation feature. Each time sample is compared with the
other person’s corresponding time sample. These distance scores are
further correlated with time to extract a convergence score.

We further incorporated a second type of timecorrelation feature inspired in previous work [47], where
they were found to be effective at measuring para-linguistic
mimicry in meetings. In this case the first two minutes
of the date interaction are taken as a ”learning period”
in which the baseline level of one participant is modeled
and the last one minute of the second participant (analysis
window) is compared to this learned baseline. To understand if the second person’s behavior converges to the
behavior exhibited by the first person during the learning
period, the N low-level features in the analysis window
are compared to the learning period’s low-level features.
We compared features via subtracting their means, resulting
in distance scores D = [d1 , d2 , ..., dN ], for each window in
the last one minute of interaction as illustrated in Figure 7.
The correlation of scores D with time was then computed
using Pearson correlation. A negative correlation coefficient
indicates behavior that becomes more similar to that of the
other person’s baseline. Since this feature is asymmetrical, it
was computed for both possible combinations.
The rationale for including these features is the capturing
of a baseline level of body movement of one participant for a
long period of time (the 2 min ”learning period”) compared
to other features (which compare individual windows) to
measure the tendency of the other participant to approach
or reject this baseline level.

similarity of two people’s behavior in the beginning and
at the end of their date interaction and compare these
similarities. It is expected that the behavior will be more
similar at the end of the interaction when convergence
occurs. To capture this, the first and second half of the
signals are taken as illustrated in figure 8. The similarity
d0 between the first half’s features of the two persons is
computed. An equivalent similarity d0 is calculated for the
second half. One feature corresponds difference between
these similarities: c = d1 − d0 . This difference is expected
to be negative when convergence occurs.

Fig. 8. Split-difference feature. The difference between both persons’
features is computed for each half of the interaction.

Table 1 summarizes all the features that are used in our
experiments, along with their dimensionality. Joint features
are separated in those measuring coordination and those
measuring convergence of behavior as explained in this
section.
3.4

3.3.3.5 Split-difference: Split-difference features are
inspired by the work of [66]. The idea is to measure the

Dimensionality reduction

After extracting the features, they were processed with the
objective of reducing the dimensionality of the feature space.
We applied principal component analysis (PCA) and the
top principal components preserving 95% of the variance
were kept. Features where then normalized to have zeromean and unit standard deviation, as is standard practice
for classification.

4

Fig. 7. Convergence features with a learning period. Each window in
the last 1 minute period was compared with the other person’s first 2
minutes by computing a distance score between mean sample features.

Total

R ESULTS

Our experiments can be separated in three parts. First we investigate the relationship between body movement intensity
and attraction at the individual level, via a correlation. Second, we attempt the automatic prediction of the individual
binary attraction levels using a set of convergence features
extracted only from individual body movement. Finally, we
investigate the automatic prediction of the mutual attraction labels using features designed to capture synchrony
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TABLE 2
Correlations between mean intensity of body movement and the
attraction ratings did not give any evidence of increased or decreased
body movement being a manifestation of attraction.
Males
SeeAgain
Friendly
Romantic
Sexual

Males

Females

Spearman’s r

p-value

Spearman’s r

p-value

-0.041
-0.005
-0.062
-0.077

.41
.92
.21
.12

-0.098
-0.050
-0.022
-0.057

.05
.32
.66
.26

and convergence, thus derived from both individuals’ time
series during these interactions.
4.1

TABLE 3
Correlations between the individual time-correlation scores and
attraction labels. An asterisk (*) marks significant correlations
(α = 0.05)

Body movement and attraction

We start by investigating the relationship between overall
body motion and attraction, starting with a simple hypothesis: the intensity of overall body motion in the interaction is
linked to attraction. The magnitude of the accelerometer signal (see 3.3.1) was normalized per participant by dividing by
the participant’s mean magnitude over all its interactions.
This is expected to capture relative changes of individual
body movement and remove interpersonal differences in
body motion energy.
Table 2 shows the results of correlating the average intensity of the accelerometer readings with the questionnaire
responses (7-point scale) for males and females separately.
Spearman’s r was used to avoid excessive influence from
individuals with extreme body movement energies. No
significant correlations were found, and in fact all correlation coefficients were negative, suggesting a weak opposite
relation.
For the previous calculations, body movement energy
was averaged for an interaction, meaning that we did not
capture the effect that the interaction had on the body movement intensity of participants, ie. its increasing or decreasing. Our next hypothesis tests whether net increases in body
movement indicate heightened interest, possibly through
an increasingly animated conversation. To quantify this we
calculated correlations between body movement intensity
throughout the interaction, and time. Most correlations were
found to be significant (α = 0.05), indicating a substantial
change in body movement throughout the interaction. For
females, from the total of 398 interactions, 32 interactions
had a significant increase, and 204 a significant decrease in
body movement. For males, 43 coefficients were positive,
and 198 negative. The fact that participants were seated and
changed seats between interactions is the most likely cause
of the very high number of interactions with decreasing
movement intensity. Even though the analyzed interactions
start a few seconds after participants have seated and
greeted each other, it is possible that this moment of higher
arousal has an influence on the rest of the interaction, and
that participants take more time to reach a state that is closer
to their baseline. The same is not true for the end of the
interaction, where the recording is ended right before a bell
was rang during the event, indicating participants to switch
partners.
We used these correlation coefficients as a variable quantifying the effect of the interaction in body movement. Table

SeeAgain
Friendly
Romantic
Sexual

Females

Spearman’s r

p-value

Spearman’s r

p-value

0.084
0.106
0.068
0.078

.093
*.035
.18
.12

-0.107
-0.112
-0.047
-0.034

*.032
*.026
.35
.49

3 shows the results of correlations between corresponding
r values and speed date responses. In this case three of
the correlations were found significant. Interestingly, for
all labels correlations are positive for males and negative
for females. The strongest significance was found for the
Friendly and SeeAgain labels for both males and females. A
possible explanation for this last fact is that high rapport
is the driver of these changes in overall body movement.
A stronger link of high rapport to the Friendly ratings, in
comparison with Sexual and Romantic ratings where other
aspects like physical attractiveness play a big role, would
explain the differences in significance. SeeAgain ratings are
inherently more ambiguous and the analysis of section 3.2
indicates that males and females tended towards different
interpretations. Note however that all coefficients are below
0.5. The rapport link would imply that high-rapport is
associated with increases in male body movement (or less
steep decreases given that most of the r values were negative) and with stronger decreases in female body movement
throughout the interaction.
4.1.1 Automatic prediction of individual interest
We predicted individual interest based on an individual’s
accelerometer features (extracted as per section 3.3.2) and
the joint movement features extracted from both speed
daters. In these experiments we train a classifier to predict
attraction from male to female and from female to male. A
logistic regressor (linear model) with L2 regularization was
chosen as classifier for the task.
The model was evaluated via 10-fold cross-validation.
To avoid having dates from the same subject in train and
test sets, the cross-validation split was done via a leaven-subjects-out approach. When male labels are predicted,
the dates from a number of males (three subjects for most
folds) are separated as test set in such a way that their dates
are not present in the training set. The equivalent happens
when female labels are predicted. A nested cross-validation
loop within each fold was used to tune the regularization
parameter. To obtain a measure that is unaffected by the
class imbalance, the Area under the Receiver Operator Characteristic (ROC-AUC) was used as performance measure.
Performances for different attraction type predictions
were compared to a random baseline classifier (expected
AUC of 0.5), via a statistical test on the 100 classification
scores obtained from running 10-fold cross validation 10
times (10x10-fold cross validation). P-values were obtained
by using the correction to the paired Student t-test initially
proposed by Nadeau and Bengio [87] and recommended
[88] for enhancing replicability of the p-values obtained
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from 10x10-fold cross validation classifier scores. Obtained
results are shown in Table 4. Note that AUC scores lower
or equal to 0.5 indicate that the classifier was not able to
discriminate between the two classes above chance level.
4.2

Joint body movement and attraction

This section focuses on joint movement measures (calculated from both subjects’ movement signals) and their
relation with mutual ratings of attraction. As before, this
is done through both statistical results and classification
experiments.
4.2.1 Convergence of body movement
Following previous literature which explored the phenomenon of convergence in features of speech in dyadic
conversation [66] we investigated whether we can find evidence of convergence of body movement between interacting partners. Previous work found important evidence that
several pitch features converge globally over the course of
a conversation, independent of the perceived attractiveness
or likability of the interlocutor.
We hypothesized that during the 3-minute dates the
participants movement characteristics converge or diverge
due to the effect of the social interaction. In order to test our
hypothesis we compared the convergence scores of interacting and non-interacting pairs. We created non-interacting
feature pairs by randomly matching input signals from
males to females who were not conversing together. Convergence scores were calculated for real and artificial noninteracting pairs as described in section 3.3.3.4. However,
for these experiments we used only the time-correlation and
split-difference convergence features due to their easy interpretation and because they capture the complete temporal
extent of the interaction. We used only the convergence features extracted using windows of 3 seconds because, since
convergence features are correlations with time, scores for
different window sizes are expected to be highly correlated.
It was clear however that there is no significant difference in convergence of body movement magnitude. Not
only did we find no significant difference between the
means of interacting and non-interacting pairs (P = 0.97),
but more significantly converging and diverging interactions were found for randomly matched pairs than in the
actual interaction. Most of the convergence behavior can
thus be attributed to an overall reduction in body movement
rather to the effect of the social interaction.
Given these results, we performed a more complete
analysis by using similar one-tailed t-tests (α = 0.05) for the
rest of the time-correlation and split-difference convergence
features, this time for all the Power Spectral Density bins,
and variance. However, from the total of 112 features only
three of these tests were significant, less than expected by
chance. We found thus no evidence of difference in the
mean of convergence features between interacting and noninteracting pairs.
4.2.2 Automatic prediction of mutual attraction
In these experiments we train a classifier to predict the
mutual attraction or match binary labels using the joint
movement features presented in section 3.3.3. The goal
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here is to test the predictive power of body movement in
interactions where both participants rated each other above
average in a particular item. Note that because match labels
where obtained as the intersection (logical and) of the individual labels (Section 3.2), the dataset is more unbalanced
in these tasks. Furthermore, because match labels come from
both subjects, we did not perform cross-validation splits at
the person level, and instead used a traditional split at the
example (speed date) level.
As before, we use a logistic regressor with L2 regularization trained and evaluated via 10x10-fold cross-validation
using the AUC score as evaluation metric. Obtained classification scores are shown in Table 5. In this case, although
three of the mean scores are above 0.55, more than in the individual tasks for males and females, only predictions of the
Friendly labels reached significance and Romantic attraction
was the hardest to predict. We found thus no clear evidence
that predicting matches in this way can be done with better
performance. This could suggest that mutual attraction is
less characteristically expressed in body movement. However, part of the reason for the lower performance could
come from the lower number of positive labels (25% on
average). Imbalance is however hard to avoid as it is a
feature of the interactions themselves, where matches are
much more rare than one-sided attraction. Experiments with
balanced class weights in our Logistic Regressor, a technique
which can in some cases offset class imbalance, delivered
performance statistically indistinguishable from the results
in Table 5 for all four labels.
4.3

Ablation study: feature type importance

In this section we present the results of an ablation study
with the objective of understanding the relative importance
of the different types of features (Table 1) in our method.
The goal is to understand how different sets of engineered
features affected the results in previous sections. We focus
on individual interest prediction using joint features, where
we had 5 different feature sets designed to capture different
aspects of coordination.
The results of the ablation study are shown in Figure
9. The experimental setup and evaluation was the same as
detailed in section 4.1.1. It stands out from these results
that convergence-related features (time-correlation and split
difference) were in general the most relevant. These results
indicate that features capturing synchrony and mimicry
were barely predictive of attraction in isolation, and for
males in particular, these coordination features held no
discriminative power. Note that it is still possible that interactions between feature are discriminative, but we limited
the ablation study to the individual feature sets.

5

D ISCUSSION

Our experiments with individual body movement revealed
(Table 4) that attraction of a participant can be predicted
only by their movement features, with performance significantly better than random guessing. These results suggest
that female attraction is more easily revealed by their body
movement than male attraction. The statistical analysis (Table 3) suggests a possible explanation: although we found no
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TABLE 4
Mean AUC scores obtained in individual interest prediction tasks via 10x10-fold cross-validation. P-values are for the probability of observing more
extreme cross-validation scores under a true mean of 0.5 AUC, calculated using the Nadeau and Bengio correction to the paired Student-t test for
comparing classifiers [87].

Label
SeeAgain
Friendly
Romantic
Sexual

Individual Features
Males
Females
AUC p-value AUC p-value
0.482
.35
0.588
*.008
0.482
.27
0.555
.06
0.493
.71
0.483
.22
0.501
.97
0.574
*.011

TABLE 5
Mean AUC scores from 10x10-fold cross-validation for mutual interest
prediction tasks. P-values are for the right tail of the t-distribution. A
random classifier has an AUC of 0.5.
Label
See-Again
Friendly
Romantic
Sexual

AUC
0.553 (0.011)
0.562 (0.011)
0.495 (0.016)
0.551 (0.015)

p-value
.06
*.02
.88
.12

Fig. 9. Results of the ablation study for individual interest prediction
tasks with different sets of features. The bars indicate the mean and
standard deviation of the AUC scores from 10x10-fold cross-validation.
An asterisk indicates performance significantly better than the random
baseline classifier.

significant correlation between average acceleration intensity and attraction, women were found to significantly decrease their body movement the more positively they rated
their interaction partner in the SeeAgain and Friendly categories. For men, all correlation coefficients were positive,
which suggests that an increase or a less steep decrease in
body movement reveals heightened attraction. This relation,
opposite to that of females, was however only significant for
the Friendly rating.
Experiments with joint features designed to capture
aspects of synchrony and convergence resulted in better
performance in the prediction of individual attraction. Our

Joint Features
Males
Females
AUC p-value AUC p-value
0.508
.73
0.584
*.012
0.510
.76
0.608
*.0002
0.601
*.005
0.519
.49
0.573
.06
0.531
.34

results indicate that performance in detection of attraction
depends not only on the type of attraction but also on
the gender of the target subject. In general for females we
found stronger evidence that SeeAgain and Friendly ratings
were linked to body movement, and less so for Sexual and
Romantic ratings. For males, the opposite was true in the
case of joint body movement (Romantic and Sexual labels
were the better predicted). This separation cuts along the
distinction made by participants in their ratings (Figure 2).
Males made a big distinction between the Friendly ratings
and the rest of the ratings, but SeeAgain, Romantic and Sexual
have similarly higher levels of correlation. Females, on the
other hand, tended to form two clusters, with Friendly and
SeeAgain ratings being one (labeled similarly) and Romantic
and Sexual ratings being another.
Different interaction dynamics likely play a role in explaining these general trends. Our results suggest that interactions where the female is seeking friendship or the male
is seeking romantic or sexual goals have a characteristic
signature in body movement. This could be mediated by
the interested participant, or possibly both of them, making
an effort to affiliate with their partner. Body movement
phenomena like mimicry are known to be effective as tools
for seeking affiliation and increasing rapport [22], [44].
The better performance of joint features compared to
individual ones in predicting individual attraction indicates
again that individual experience of attraction has a strong
manifestation in the joint interaction, although this general
trend could be a result of our particular choice of features.
In attempting to understand the relative importance of
the many joint features that we used, the ablation study of
Section 4.3 showed convergence features to be the most important, indicating that mimicry and synchrony are less relevant to attraction compared to the less dynamic convergence
features. This may appear odd in the light of the results of
section 4.2.1 which established that there was no evidence
of convergence taking place above chance levels. However,
it is possible that changes in overall body movement levels,
or interactions between them captured by the classifier hold
the discriminative power. The statistical results of section
4.2.1 only show that the dyads in our dataset did not
converge more often than expected by chance.
Prediction of mutual attraction delivered results significantly better than random for the Friendly labels (Table 5).
Note that mutual labels have a logical relation to individual
labels in that they must both be positive for a positive
mutual or match label. Therefore, the fact that Friendly scores
in the joint tasks are between the (low) scores obtained
individually for males and the high scores obtained for
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females (Table 4), would seem to suggest that cases of onesided female friendliness are easier to detect than when such
friendly intentions are mutual. We think however that there
is not enough evidence to reach this conclusion, since the
greater data imbalance in the mutual tasks could explain
having lower results in the mutual tasks.
The fact that no significant difference in convergence
could be observed between interacting and non-interacting
pairs could be an indication that convergence in overall
body movement does not occur over these short timespans,
or is much weaker than other factors like the significant
average decrease in body movement that we measured
during most interactions. However, this evidence is far from
conclusive given the simplicity of the sensing modality, that
only has access to the acceleration of a single body part (the
chest), and is limited to a setting where participants are
seated. Another possibility is that convergence manifests
itself as increase in the time-synchrony of behavior (ie. is
tightly-linked to synchrony), and not in the intensity or style
of the movements. This would not be captured by the Timecorrelation and Split-difference features, which perform a
rough aggregation over the complete interaction.
An analysis directly correlating different joint features
with the label of each task revealed that the types of
features with the highest correlation coefficients vary with
different tasks. Correlation features computed over the Zaxis were found to be often negatively correlated with
Friendly attraction as opposed to the expectation of positive
correlation that would indicate mimicry. Because the Zaxis of the accelerometers captured the forward-backward
acceleration of the body, low feature values can be produced
by a person’s backward and partner’s forward movement
occurring simultaneously. This could indicate that a different kind of synchrony is at play. On the other hand, most
of the correlation features extracted from PSD bins had
significant positive correlations with the Friendly and Sexual
attraction ratings, indicating that coupling in the frequency
of movement could be a correlate of these ratings.
It was also found that Mutual Information features tended
to have high positive correlation with only the SeeAgain and
Friendly labels whereas the Mimicry features correlated more
often with the Romantic and Sexual tasks, offering a possible
explanation for the differences in the computational results.
The fact that we found no common features correlating
significantly across all of the four ratings tends to indicate
that different types of attraction manifest in different behavioral characteristics.
In conclusion, our computational analysis showed that
it is possible to predict speed date ratings and the derived
matches using individual and joint behavioral coordination
features derived from a single body-worn accelerometer.
Features engineered to capture synchrony and convergence
characteristics, succeeded in predicting three of the mutual
attraction levels and distinct individual attraction labels for
males and females. Our results indicate that subtle social
manifestations of attraction can be captured by wearable
devices. This calls for similar studies using more complete
body movement sensing. More complex wearable sensors,
however, risk interfering with the interactions or limiting
body movement. Alternative setups such as video recordings followed by joint position estimation algorithms are
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worth consideration.
Another limitation of our study is the treatment of the
labels, since the combination of the ratings of both partners
can have a large effect in the dynamics of the interaction. An
interaction where both partners have friendly intentions, for
example, can be very different from one where one of them
has sexual intentions instead. Not looking at the interaction
between labels can therefore be limiting. Classifying label
combinations rather than single labels is however impractical with our relatively small dataset.
The development of the computational study of phenomena such as synchrony and convergence via proxies,
and their relation with constructs like attraction faces the
fundamental problem of lack of suitable, large-scale, ecologically valid datasets. The dataset used in this study is a
step in the right direction, but we believe larger wearable
sensing or video datasets would allow to more conclusively
answer questions related to interpersonal gender, age, and
culture-related differences in the manifestation of attraction.

ACKNOWLEDGEMENTS
This research is supported by the Netherlands Organization for Scientific Research (NWO) under project number
639.022.606.

R EFERENCES
[1]

R. M. Montoya, C. Kershaw, and J. L. Prosser, “A meta-analytic
investigation of the relation between interpersonal attraction and
enacted behavior,” Psychological Bulletin, vol. 144, no. 7, pp. 673–
709, 2018.
[2] E. Delaherche, M. Chetouani, A. Mahdhaoui, C. Saint-Georges,
S. Viaux, and D. Cohen, “Interpersonal synchrony: A survey
of evaluation methods across disciplines,” IEEE Transactions on
Affective Computing, vol. 3, no. 3, pp. 349–365, 2012, publisher: IEEE
ISBN: 2011080053.
[3] A. Vinciarelli, M. Pantic, and H. Bourlard, “Social signal
processing: Survey of an emerging domain,” Image and Vision
Computing, vol. 27, no. 12, pp. 1743–1759, 2009, publisher: Elsevier
B.V. [Online]. Available: http://dx.doi.org/10.1016/j.imavis.2008.
11.007
[4] O. Kapcak, J. Vargas-Quiros, and H. Hung, “Estimating Romantic,
Social, and Sexual Attraction by Quantifying Bodily Coordination
using Wearable Sensors,” in 2019 8th International Conference on
Affective Computing and Intelligent Interaction Workshops and Demos,
ACIIW 2019. Institute of Electrical and Electronics Engineers Inc.,
Sep. 2019, pp. 154–160.
[5] Ellen Berscheid and E. H. Walster, Interpersonal Attraction. Reading, Massachusetts, Menlo Park, California - London - Don Mills,
Ontario: Addison-Wesley, 1969.
[6] R. M. Montoya and R. S. Horton, “A Two-Dimensional Model
for the Study of Interpersonal Attraction,” Personality and Social
Psychology Review, vol. 18, no. 1, pp. 59–86, 2014.
[7] M. J. Rosenberg and C. I. Hovland, “Cognitive, affective, and
behavioral components of attitudes,” in Attitude organization and
change: an analysis of consistency among attitude components, M. J.
Rosenberg, Ed. New Haven: Yale University Press, 1960, vol.
Yale studi, pp. 1–14.
[8] D. Gatica-Perez, “Automatic nonverbal analysis of social
interaction in small groups: A review,” Image and Vision
Computing, vol. 27, no. 12, pp. 1775–1787, 2009, publisher: Elsevier
B.V. ISBN: 0262-8856. [Online]. Available: http://dx.doi.org/10.
1016/j.imavis.2009.01.004
[9] E. J. Finkel, P. W. Eastwick, and J. Matthews, “Speed-dating as an
invaluable tool for studying romantic attraction: A methodological
primer,” Personal Relationships, vol. 14, no. 1, pp. 149–166, 2007.
[10] A. Madan, R. Caneel, and A. Pentland, “Voices of attraction,” 2004.

1949-3045 (c) 2021 IEEE. Personal use is permitted, but republication/redistribution requires IEEE permission. See http://www.ieee.org/publications_standards/publications/rights/index.html for more information.
Authorized licensed use limited to: TU Delft Library. Downloaded on January 11,2022 at 11:54:15 UTC from IEEE Xplore. Restrictions apply.

This article has been accepted for publication in a future issue of this journal, but has not been fully edited. Content may change prior to final publication. Citation information: DOI 10.1109/TAFFC.2021.3138349, IEEE
Transactions on Affective Computing
IEEE TRANSACTIONS ON AFFECTIVE COMPUTING

[11] R. Ranganath, D. Jurafsky, and D. McFarland, “It’s not you, it’s
me: Detecting flirting and its misperception in speed-dates,” in
Proceedings of the 2009 Conference on Empirical Methods in Natural
Language Processing: Volume 1, ser. EMNLP ’09. Stroudsburg, PA,
USA: Association for Computational Linguistics, 2009, pp. 334–
342.
[12] R. Fisman, S. S. . Iyengar, E. Kamenica, and I. Simonson, “Gender
Differences in Mate Selection : Evidence from a Speed Dating
Experiment,” Oxford University Press, vol. 121, no. 2, pp. 673–697,
2013.
[13] D. Buss and D. Schmitt, “Sexual strategies theory: An evolutionary
perspective on human mating,” Psychological review, vol. 100, pp.
204–32, 05 1993.
[14] K. Grammer, M. Honda, A. Juette, and A. Schmitt, “Fuzziness of
nonverbal courtship communication: Unblurred by motion energy
detection,” Journal of personality and social psychology, vol. 77, pp.
487–508, 10 1999.
[15] A. Veenstra and H. Hung, “Do they like me? using video cues
to predict desires during speed-dates,” in 2011 IEEE International
Conference on Computer Vision Workshops (ICCV Workshops), Nov
2011, pp. 838–845.
[16] L. Cabrera-Quiros, A. Demetriou, E. Gedik, L. van der Meij,
and H. Hung, “The matchnmingle dataset: a novel multi-sensor
resource for the analysis of social interactions and group dynamics
in-the-wild during free-standing conversations and speed dates,”
IEEE Transactions on Affective Computing, 2018.
[17] W. Pouw, “Quantifying Gesture-Speech Synchrony,” in 6th Gesture
and Speech in Interaction Conference, Paderborn, 2019, pp. 75–80.
[18] P. Wagner, Z. Malisz, and S. Kopp, “Gesture and speech in interaction: An overview,” Speech Communication, vol. 57, pp. 209–232,
2014, iSBN: 0167-6393.
[19] C. Foster, B. Witcher, W. K. Campbell, and J. Green, “Arousal
and attraction: Evidence for automatic and controlled processes,”
Journal of Personality and Social Psychology, vol. 74, pp. 86–101, Jan.
1998.
[20] G. Lewandowski Jr and A. Aron, “Distinguishing arousal from
novelty and challenge in initial romantic attraction between
strangers,” Social Behavior and Personality: an international journal,
vol. 32, pp. 361–372, Jan. 2004.
[21] R. A. Dienstbier, “Attraction increases and decreases as a function
of emotion-attribution and appropriate social cues,” Motivation
and Emotion, vol. 3, no. 2, pp. 201–218, Jun. 1979. [Online].
Available: http://link.springer.com/10.1007/BF01650604
[22] T. L. Chartrand and J. A. Bargh, “The chameleon effect: The
perception-behaviour link and social interaction,” Journal of Personality and Social Psychology, vol. 76, no. 6, pp. 893–910, 1999.
[23] W. Tschacher, G. M. Rees, and F. Ramseyer, “Nonverbal synchrony
and affect in dyadic interactions,” Frontiers in Psychology, vol. 5, no.
NOV, pp. 1–13, 2014, iSBN: 1664-1078.
[24] S. D. Farley, “Nonverbal Reactions to an Attractive Stranger: The
Role of Mimicry in Communicating Preferred Social Distance,”
Journal of Nonverbal Behavior, vol. 38, no. 2, pp. 195–208, 2014.
[25] A. Kendon, “Movement coordination in social interaction: Some
examples described,” Acta Psychologica, vol. 32, no. C, pp. 101–125,
1970.
[26] I. M. Vicaria and L. Dickens, “Meta-Analyses of the Intra- and
Interpersonal Outcomes of Interpersonal Coordination,” Journal
of Nonverbal Behavior, vol. 40, no. 4, pp. 335–361, 2016, publisher:
Springer US.
[27] C. Cornejo, Z. Cuadros, R. Morales, and J. Paredes, “Interpersonal
coordination: Methods, achievements, and challenges,” Frontiers
in Psychology, vol. 8, no. SEP, pp. 1–16, 2017.
[28] T. L. Chartrand and J. L. Lakin, “The Antecedents and Consequences of Human Behavioral Mimicry,” Annual Review of Psychology, vol. 64, no. 1, pp. 285–308, 2013.
[29] F. J. Bernieri and R. Rosenthal, “Interpersonal coordination: Behavior matching and interactional synchrony,” in Fundamentals of
nonverbal behavior. Cambridge University Press, 1977, pp. 401–
432, issue: February.
[30] A. Paxton and R. Dale, “Interpersonal movement synchrony responds to high- and low-level conversational constraints,” Frontiers in Psychology, vol. 8, no. JUL, pp. 1–16, 2017.
[31] E. G. Krumhuber, K. U. Likowski, and P. Weyers, “Facial Mimicry
of Spontaneous and Deliberate Duchenne and Non-Duchenne
Smiles,” Journal of Nonverbal Behavior, vol. 38, no. 1, pp. 1–11, 2014,
iSBN: 1091901301678.

13

[32] H. Griffin, G. Varni, G. Volpe, G. Tome, M. Mancini, and
N. Bianchi-Berthouze, “Gesture mimicry in expression of laughter,” in International Conference on Affective Computing and Intelligent
Interaction (ACII), 2015.
[33] T. L. Chartrand, W. W. Maddux, and J. L. Lakin, “Beyond the
Perception-Behavior Link: The Ubiquitous Utility and Motivational Moderators of Nonconscious Mimicry,” in The new unconscious, R. R. Hassin, J. S. Uleman, and J. A. Bargh, Eds. Oxford
University Press, 2012, pp. 334–361.
[34] A. Fischer and U. Hess, “Mimicking emotions,” Current Opinion
in Psychology, vol. 17, pp. 151–155, 2017, publisher: Elsevier
Ltd. [Online]. Available: http://dx.doi.org/10.1016/j.copsyc.2017.
07.008
[35] B. Xiao, P. G. Georgiou, C. C. Lee, B. Baucom, and S. S. Narayanan,
“Head motion synchrony and its correlation to affectivity in
dyadic interactions,” Proceedings - IEEE International Conference on
Multimedia and Expo, pp. 2–7, 2013, iSBN: 9781479900152.
[36] B. Xiao, P. Georgiou, B. Baucom, and S. S. Narayanan, “Head motion modeling for human behavior analysis in dyadic interaction,”
IEEE Transactions on Multimedia, vol. 17, no. 7, pp. 1107–1119, 2015.
[37] T. L. Chartrand and A. N. Dalton, Mimicry: Its Ubiquity, Importance,
and Functionality, 2009, publication Title: Oxford Handbook of
Human Action.
[38] C. L. Crown, “Coordinated interpersonal timing of vision and
voice as a function of interpersonal attraction,” Journal of Language
and Social Psychology, vol. 10, no. 1, pp. 29–46, 1991.
[39] Y. Y. Kim, “Achieving synchrony: A foundational dimension of
intercultural communication competence,” International Journal of
Intercultural Relations, vol. 48, pp. 27–37, 2015, publisher: Elsevier
Ltd. [Online]. Available: http://dx.doi.org/10.1016/j.ijintrel.2015.
03.016
[40] A. Paxton and R. Dale, “Argument disrupts interpersonal synchrony,” Quarterly Journal of Experimental Psychology, vol. 66, no. 11,
pp. 2092–2102, 2013.
[41] D. Lakens, “Movement synchrony and perceived entitativity,”
Journal of Experimental Social Psychology, vol. 46, no. 5, pp. 701–708,
2010.
[42] S. L. Koole and W. Tschacher, “Synchrony in psychotherapy: A
review and an integrative framework for the therapeutic alliance,”
Frontiers in Psychology, vol. 7, no. June, pp. 1–17, 2016.
[43] F. Ramseyer and W. Tschacher, “SYNCHRONY IN
DYADIC PSYCHOTHERAPY SESSIONS,” Simultaneity: Temporal
Structures
and
Observer
perspectives,
pp.
329–
347, 2008. [Online]. Available: papers3://publication/uuid/
EFF6F812-94D3-4951-8DCD-6CD74E408EA0
[44] J. L. Lakin and T. L. Chartrand, “Using nonconscious behavioral
mimicry to create affiliation and rapport,” Psychological Science,
vol. 14, no. 4, pp. 334–339, 2003.
[45] M. Stel and R. Vonk, “Mimicry in social interaction: Benefits for
mimickers, mimickees, and their interaction,” British Journal of
Psychology, vol. 101, pp. 311–323, 2010, iSBN: 0007-1269.
[46] H. Hung and D. Gatica-Perez, “Estimating Cohesion in Small
Groups Using Audio-Visual Nonverbal Behavior,” IEEE Transactions on Multimedia, vol. 12, no. 6, pp. 563–575, Oct. 2010, conference Name: IEEE Transactions on Multimedia.
[47] M. C. Nanninga, Y. Zhang, N. Lehmann-Willenbrock, Z. Szlávik,
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