Movement correlation as a nonverbal cue in the perception of affiliation in thin slices of
behaviour

By

Nida Latif

Thesis submitted to the Graduate Program in Psychology
In conformity with the requirements for the
Degree of Master of Science

Queen’s University
Kingston, Ontario, Canada
August, 2012

Copyright © Nida Latif, 2012

ABSTRACT
Our perceptual systems can create a rich representation of the social cues
gathered during social interaction. Very brief exposures or ‘thin slices’ of behavioural
and linguistic information are sufficient for making accurate judgments regarding social
situations and building these social representations. This is akin to our accurate
recognition of static visual stimuli with brief exposures to a scene in the study of scene
gist (Oliva, 2005). This thesis examines a specific social cue during social interaction how the correlation of movement between two people varies as a result of their
affiliation. Further, this thesis investigates how we perceive that behavioural cue when
making judgments of affiliation while observing conversation.
It has already been established that there is coordination of linguistic and
behavioural information during social interaction (Ambady & Rosenthal, 1992). This
coordination is more prominent when individuals are familiar with each than when they
are not (Dunne & Ng, 1994). The first study in this thesis quantifies the variation in the
coordination of movement between two people in conversation based on their affiliation.
Results demonstrate that the correlation of movements between friends is greater than
the correlation during stranger interaction. This experiment demonstrates that
movement varies as a result of affiliation and that people could use this coordination as
a cue when making accurate judgments of affiliation while observing social interaction.
The second study used the analysis of movement correlation to examine how
correlation serves as a cue for accuracy of affiliation judgment by observers. Results
demonstrate that although correlation was not a significant cue in affiliation perception,
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participants could indeed do the perceptual task. These results suggest that the
perception of social information is multi-faceted and many cues contribute to its
perception. These findings are discussed in terms of our sensitivity to more specific
movement correlations as opposed to the global correlations used in this study. These
studies highlight the need for further investigation in how behavioural cues function
within the judgment of social information.
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CHAPTER 1
INTRODUCTION
In conversation, there are many linguistic and behavioural cues that provide us
with information regarding the social interaction that is taking place. Our perceptual
systems are capable of gathering this rich information and creating a representation of
this social information much in the way the visual system responds to a visual stimulus
in the study of scene perception. Studies in this area have demonstrated that the
meaning of a scene can be gathered from very brief exposures. This understanding is
referred to as scene gist and observers have demonstrated the ability to recognize
basic-level category judgments, the spatial layout, and the semantic nature of a scene
within seconds (Oliva, 2005; Potter, 1976).
This rapid recognition ability is not just limited to scene perception; our ability to
accurately and quickly create such a rich representation is true of social information as
well. Our ‘social visual’ system is able to accurately make social judgments in less than
10 seconds regarding factors as diverse as personality, sexual orientation and social
status (Ambady & Rosenthal, 1993; Foulsham et al, 2010). Studies investigating social
gist use a ‘thin slice’ of nonverbal behaviour sampled from a larger stream of
behavioural information to elicit social judgments made regarding the individuals being
viewed. A thin slice is defined as a sampled segment of behavioral information usually
less than 30 seconds that is observed by individuals who have no affiliation nor any
contextual information regarding the stimuli presented (Adams, Ambady, Nakayama &
Shimojo, 2011).
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Studying social visual cognition this way provides us with a more ecologically
valid manner to study our visual system and visual attention. Generally, the visual
system is studied through the presentation of static stimuli that do not accurately
represent our dynamic world. Studying our visual processes using natural, dynamic
stimuli is important because our ability to recognize changing social information is
important in everyday interactions and appears to be impaired in avariety of
psychological and social disorders (e.g. autism spectrum disorder, specific language
impairment, schizophrenia, depression, etc) although static scene perception may
remain intact (Klin, Jones, Schultz, Volkmar, Cohen, 2002).
Social information provides a complex and dynamic environment where our
visual attention is constantly changing to accommodate the changes in the information.
We are continuously updating where we allocate our attentional resources in order to
maximize the information we gather from specific aspects of a social situation. When
observing complex social situations, the patterns of where people look depend on their
understanding of the social context being viewed (Ballard & Sprague, 2005; Foulsham,
Cheng, Tracy, Henrich & Kingstone, 2010). Additionally, the direction of gaze present in
the social situation can serve as a social cue itself for observers, guiding how they direct
their own gaze (Langton, Watt & Bruce, 2000). Understanding these aspects of ‘social
vision’ and attention is important to human behaviour because monitoring others’
intentions and behaviour is a prerequisite for modulating and guiding our own behaviour
and interactions (Foulsham et al, 2010). Despite this importance, little attention has
been given to the social visual cognitive system and how we may use our perception of
social information to guide our social judgments.
	
  

2	
  

Research in this area, most specifically in the area of thin-slice judgment, has
looked at the factors that influence the accuracy of the social judgments made when
perceiving social information. One such factor is the quantity of information needed to
make accurate judgments. A meta-analysis conduced by Ambady & Rosenthal (1992)
found that across 38 studies, there was no increase in accuracy for clips from a range of
under 30s to 300s in length. Additionally, Ambady & Rosenthal (1993) demonstrated
that predictions of personality traits did not vary between 2s and 5s slices. However,
Carney, Colvin & Hall (2007) demonstrated that accuracy modulated by the length of
the clip is a more complicated factor. Their research suggested that the length of the
thin slice affected accuracy of judgments made about some social traits but not others.
For example, negative affect, neuroticism, and intelligence were judged equally
accurately in short versus long clips. However, longer length slices resulted in more
accurate judgments for the traits of extraversion and agreeableness. Additionally, the
addition of acoustic information to the total quantity of information presented did not
significantly improve the accuracy of social judgments. In fact, one study demonstrated
decreased accuracy with the addition of verbal information (Ambady & Rosenthal,
1992). This may suggest that either the acoustic information may be redundant or that
the processing of linguistic information was distracting from processing the visual
nonverbal information (Etcoff, Ekman, Magee & Frank, 2000).
Another factor related to the quantity of information needed for accuracy is the
addition of dynamic information. Although research has suggested that there can be
agreement on inferences made regarding personality traits and emotions through static
images, the dynamic information in thin slices allows for the conveyance of much richer
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social information including cultural, interpersonal and dispositional information
(Ambady, Bernieri & Richeson, 2000). Moreover, research involving static images has
utilized posed faces, which lack realistic expressivity. It is suggested that dynamic
nonverbal information is much more difficult to suppress, thereby being more
perceptible to an observer and providing easier access to more realistic representations
of social information (DePaul, 1992). Research comparing static versus dynamic
representations of social behaviour has demonstrated greater accuracy with dynamic
stimuli (Ambadar, Schooler & Cohn, 2005).
As previously mentioned, judgments of a variety of domains have been studied
through thin slices in past studies. One such domain is the judgment of personality
traits. Research has suggested that naïve observers exposed to thin slices of behaviour
were able to accurately judge targets’ personality traits such as extraversion,
conscientiousness and neuroticism (Gangstead, Simpson, DiGeronimo & Biek, 1991;
Borkenau & Liebler, 1992). Observers have also demonstrated accuracy in the
judgments of internal states, often those concealed by individuals such as anxiety,
depression, and other personality traits such as obsessive-compulsive, narcissistic and
avoidant traits (Harrigan, Harrigan, Sale & Rosenthal, 1996; Friedman, Oltmanns,
Gleason & Turkheimer, 2006). Thin-slice judgments have also been used to judge
biased attitudes in targets. For example, attitudes such as race-based prejudice,
personal expectations, favouritism and bias in court trials have all been accurately
perceived through thin slice stimuli (Riechson & Shelton, 2005; Babad, 2005; Blanck,
Rosenthal & Coredell, 1985). Other studies investigating the use of thin slices include
the judgment of intelligence, social dominance, and future behaviour such as criminal
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records or skill-related performance (Hall & Friedman, 1999; Blanck et al, 1985;
Ambady & Rosenthal, 1992).
Although the current thin-slice research has demonstrated our ability to make
quick judgments of a variety of factors, several methodological and analytical limitations
are present. Most of the research thus far has involved arbitrary methods of selecting
thin slices (e.g. first and last ten seconds of a clip). Additionally, subjectivity is present in
both the observational coding schemes that have been used to identify specific
behaviours in thin slices as well as in the definition of judgment accuracy. Accuracy of
thin slice judgments have been defined by using simple correlations between subjective
observations and self-reports made by the targets (See Ambady & Rosenthal, 1992;
Akert & Panter, 1988). These limitations rely heavily on subjective information that is
influenced by factors such as the particular context of both the thin slice and that in
which the judgments are made, the ecological validity and the applicability of the thin
slice being presented. Additionally, the experimental designs that are currently used for
studying thin-slice judgment accuracy merely indicate that there is information present;
the study of the kind and quantity of information that is utilized to elicit these accurate
judgments has been neglected.
One area in thin slice judgment that has received relatively little attention is the
judgment of the type and quality of affiliation observed between two targets during
social interaction. A few studies have looked at the correlation between selfassessments of rapport between two individuals but these studies cannot be
categorized as thin slice research since the raters were the individuals involved in the
interaction they were judging (Puccinelli, Tickle-Degnen & Rosenthal, 2003; Bernieri &
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Gillis, 2001). One study touched upon the ability to make discriminations amongst
platonic friends and romantic partners. However, this study focused on inducing a
particular emotion and seeing how this affected the accuracy of social judgments
(Ambady & Gray, 2002). No other studies look at how accurate observers are at making
judgments regarding the affiliation between two target individuals. The understanding of
these kinds of judgments is important because these judgments help guide us in our
future interactions. For human behaviour, accuracy of these judgments is important
because it allows for the formation of satisfying relationships and the avoidance of
harmful ones (Ambady & Gray, 2002). Additionally, identifying the cues that an observer
uses to make these judgments can assist with understanding the impaired perception of
these social markers in the aforementioned psychological and social disorders (Klin,
Jones, Schultz, Volkmar & Cohen, 2002).
The present studies examined the social cues contributing to judgments made
regarding the nature of affiliation between two individuals engaged in a conversation
(i.e. whether the interacting individuals are friends or strangers). Thin slices of social
information were used to study the accuracy of quick social judgments in a manner that
addressed the limitations of research in this field. The arbitrariness of the thin-slices was
eliminated by controlling for the kind of behaviour presented using a concrete method of
behavioural analysis. Additionally, focusing on a simple judgment of affiliation allows for
a more objective measure of accuracy that was constrained to a limited range of
possible responses by an observer.
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PRESENT STUDIES
These studies performed an in depth analysis of selected properties of social
interaction. During interpersonal communication, individuals demonstrate unintentional
coordination, synchrony and mimicry of each other’s nonverbal behaviour as well as
convergence in linguistic properties (Richardson, Dale & Shockley, 2008; Richardson &
Dale, 2005; Chartrand & van Baaren, 2009; Prado, 2006)). The coordination in
conversation occurs at different levels in conversation. Individuals engaged in social
interactions spontaneously assimilate facial expression, postures, accents,
pronunciation and speech rates (Capella & Planalp, 1981; McHugo, Lanzetta, Sullivan,
Masters & Englis, 1985). Past research looking at these properties of interaction and
conversation have demonstrated that convergence of these properties between two
individuals indicates social engagement.
Most research looking at coordination and mimicry focuses on the correlation
between particular social-cognitive variables and subjectively-coded, mimicked
behaviour. For instance, it has been demonstrated that good social rapport is correlated
with mimicked nonverbal behaviour (Grahe & Bernieri, 1999). Conversely, the counter
argument has also been presented; it has been suggested that being mimicked leads to
more liking and rapport (Chartrand & Bargh). Additionally, greater mimicry in speaking
rates has been demonstrated by individuals that are familiar with each other than those
that are not (Dunne & Ng, 1994). It is argued that unintentional mimicry occurs due to
the coupling of each conversation partner or interlocutor’s mental representations of the
perception of the other’s behaviour (Meltzoff & Prinz, 2002).
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Although this research demonstrates that mimicry is an inherent part of
interpersonal communication, it does not encompass other forms of linguistic
interpersonal coordination that have previously been investigated. Many studies have
demonstrated linguistic imitation or accommodation of properties such as pronunciation
(through an examination of vocal frequencies in speech) or lexical items (Pardo, 2006;
Hay, Jannedy, Mendoza-Denton, 1999; Babel, 2012; Pardo, 2006). Similarly,
accommodation in respiratory patterns that reflects conversational rhythm has been
shown (McFarland, 2004). Interacting individuals have demonstrated the experience of
automatic coordination of movement that is organized temporally resulting from inherent
biological and behavioural rhythms (Richardson & Dale, 2005). Further, it has been
demonstrated that interacting individuals coordinate their language and movements
where speakers become mutually entrained in an oscillatory manner (Shockely et al.,
2003; Wilson & Wilson, 2005) A non-linear analysis of movements was performed
where coordination was quantified by measuring a moving body returning to a
previously visited position. It was demonstrated that interacting individuals would
unintentionally coordinate their movements even when instructed not to do so.
Additionally, movements were coordinated even when the individuals were only
interacting verbally and received no visual information from the other individual. Further,
participants showed coordination with individuals they were directly speaking to, not
necessarily the individual they were looking at while speaking (Shockley et al., 2003).
Considering that behavioural coordination occurred without the presence of visual
information and that it only occurred with the individual they were speaking to suggests
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that the convergence in behavior was directly influenced by the linguistic information
exchanged during conversation.
Since past studies have demonstrated that mimicry and coordination of
behaviour can be driven by social-cognitive variables as well as linguistic conversational
rhythm, an analysis of the coordination of movement in thin slices was examined in the
present studies. Using movement quantification methods, the visual nonverbal
information presented in thin slices of conversation was examined and these methods
were used to avoid the arbitrariness and subjectivity often present in thin-slice judgment
literature.
This thesis is composed of two different experiments that addressed two
questions regarding aspects of social judgment: 1) Does the kind of affiliation between
two interacting individuals result in variation in movement and coordination, and 2) How
does this variation contribute to the accuracy of affiliation judgments made by external
observers? Taking the synchrony and mimicry literature into account, Experiment 1
utilized a movement correlation analysis to examine the kind of movement and
coordination present in conversations. Total motion waveforms within a region of
interest for each conversing individual were correlated with those of the other using an
instantaneous correlation algorithm (Barbosa, Dechaine & Vatikiotis-Bateson, 2011).
The data from this algorithm were used to examine the correlation and motion content
present within typical conversations. Using these results, criteria were identified from
which to select thin slices so that those presented in a social judgment task were
controlled with respect to parameters related to conversation movement. The criteria
were used to eliminate the arbitrariness of thin slice selection seen in the literature thus
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far. Experiment 2 presented those video clips selected in a social judgment task where
participants categorized the affiliation between the two conversing targets as ‘friends’ or
‘never met.’ This allowed us to examine how controlling the content of thin slices
identified by the analysis in Experiment 1 affected judgment accuracy. In addition, this
experiment studied affiliation judgment with an externally verified accuracy.
This study aims to determine how the variation in motoric correlations between
two conversing individuals affects the accuracy of affiliation perception. It was predicted
that the conversations between friends would contain more overall motion and a higher
occurrence of correlated events in comparison to unaffiliated individuals. In order to
target only the effect of correlation on accuracy perception, constraints were placed on
the amount of motion that was present in the thin slices. It was predicted that the
difference in the pattern of correlated events, when controlling for motion, would affect
the perception and accuracy of social judgments made regarding affiliation. This study
allows us to gain insight into how our social visual and cognitive systems perceive and
interpret the dynamic social information encountered daily.
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CHAPTER 2
EXPERIMENT 1
This experiment investigated whether there was an observable variation in
coordination and movement between two individuals engaging in natural conversation
as a result of differences in their affiliation. As mentioned, it has been established that
mimicry and coordination are present in situations of rapport building and that
convergence occurs between those familiar with one another (Grahe & Bernieri, 1999;
Dunne & Ng, 1994). This experiment aimed to not only identify but to quantify the
amount of convergence that was present in natural conversation between individuals
with known affiliation.
METHODS
Participants
Sixty-two undergraduates (Mean Age = 21.2; 36 females) from Queen’s
University were recruited in pairs to engage in a video-recorded conversation for
monetary compensation. 31 dyads were recruited either as friend pairs or were
experimentally paired up at the time of recording resulting in 17 friend pairs and 14
stranger pairs. Conversations from 10 female friend pairs, five male friend pairs, two
mixed gender friend pairs, six female stranger pairs, six male stranger pairs and two
mixed-gender stranger pairs were recorded. All participants signed a photo release form
prior to recording acknowledging that they understood that they were being filmed and
consented for their films to be used in experiments as stimuli. Additionally, all
participants were asked to indicate how long they had known each other in months and

	
  

11	
  

what they perceived the quality of their relationship to be on a seven-point Likert scale
with options from ‘Extremely well’ to ‘Not well at all’. These data were not used in the
context of these studies.
Stimulus Collection
Stimuli were collected by video recording unstructured conversation between two
participants. Individuals sat on fixed chairs approximately 35 cm apart that faced a high
definition video camera (Sony HD (1920X1080) Handycam, Model# HDR-XR550)
(Figure 1). The camera’s field of view encompassed the area around the participant
from above the head to just below the knee when in seated position. Dyads were left to
converse alone without an experimenter present for approximately ten minutes.
However, the video camera was connected to a monitor in another room to allow for the
experimenter to observe the conversation. Participants were asked to converse in any
language regarding any topic with the understanding that the audio component of the
recording would not be used for any experiments. However, all participants were offered
a suggested list of topics but were not obliged to use it (See Appendix A for full list of
topics). Removing the experimenter from the room and leaving the conversation
requirements as unstructured as possible addressed the problem of obtaining the most
natural conversation possible in an experimental setting. Participants were recorded for
approximately 10 minutes. There were modest differences between videos resulting in
a small range of lengths from 9:12 to 10:55. In Experiment 1, the data from all 31 videos
were analyzed.
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Stimulus Analysis
An algorithm computing spatiotemporal coordination was applied to the tenminute video clips. The algorithm developed by Barbosa et al. (2011) computes the
instantaneous correlation between two motion signals from selected regions of interest.
Optical Flow Analysis
The algorithm first computes optical flow using a standard image-processing
technique where the velocities of the brightness patterns in an image are calculated
within a region of pixels and summed to give a global value for that particular cluster of
pixels (Horn & Schunck, 1981). In general, changes in the spatial arrangement of
texture in the visual field as well as the rate of change result in information regarding
optical flow (Gibson, 1977). In this context, the velocity difference between frames
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indicates motion as estimated from the viewpoint of the camera. Using the Horn &
Schunck (1981) method, optical flow was computed for each recorded conversation.
Correlation Analysis
Using the optical flow data, the Barbosa et al (2008) algorithm then computes the
total motion in an identified region of interest by summing the optical flow in that region.
Using a bi-directional moving window filter, velocity difference values from a small
‘window’ of frames from one signal are compared to a second signal. Instantaneous
correlation between the two values is computed for every possible offset within +/- 0.5s.
This is defined by the instantaneous correlation coefficient ρ(x) between signals x(k)
and y(k) (Aarts et al, 2002):

ρ(k) =

Sxy (k)
Sxx (k)Syy (k)

where the instantaneous covariance Sxy(k) between x(k) and y(k) is determined by:
€
∞

Sxy (k) =

∑ ce

−η |l|

x(k − l)y(k − l)

l =−∞

Here, l refers to the lags and η refers to the size of the moving ‘window’. The
€
covariance at the time k is a weighted mean computed over samples occurring before
and after k. The values computed by this algorithm are normalized so that the sum of all
weights for all lags is 1 yielding the constant c:

c=

1 − e −η 1 − a
=
1+ e −η 1+ a

€
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In other words, a correlation value is produced at each predetermined point in time
based on both preceding and following values resulting in a time series of correlation
values. These values are computed using two overlapping moving windows where a
value is computed for every possible offset mentioned above. This time lag in both
directions allows for alternating behaviour, such as that seen in social interaction, to be
captured. This kind of mechanism is ideal for biological rhythms that are rarely
synchronous and allows for mimicry in social interaction to be quantified in terms of
time-varying coordination (Winfree, 1980, Barbosa et al, 2011). Barbosa et al (2007)
demonstrate an application of this algorithm represented in Figure 2. The top panel in
the figure presents the total motion in two regions of a video depicting the musical group
Queen at LiveAid. The second panel demonstrates the coordination between two sides
of an audience at a concert as well as the instantaneous correlation through the
duration of the video. The third panel consists of a 2D map of the instantaneous
correlation at different temporal lags along the vertical axis where the dark red regions
demonstrate high positive correlation.
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Figure 2. Quantifying the time-varying coordination between performer and audience
(Barbosa et al, 2007). Quantification of the coordination between the left and right sides
of the audience at the Live Aid Concert. The dark red regions in the centre indicate that
both sides of the audience are highly correlated or are moving in synchrony.
In the present research, this algorithm was similarly applied to each recorded
conversation. Regions of interest (ROI) with an average size of 995 x 820 pixels were
drawn around each individual. These ROIs encompassed all natural movement during
the conversations. The optical flow output from each individual’s motion was correlated
with the motion estimate for the individual they were conversing with to produce
instantaneous correlation values for each conversation.
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Challenges with computing instantaneous correlation from a video signal
The process of computing instantaneous correlation for a video signal posed
some challenges that needed to be addressed. Recorded video undergoes video
compression applied at the level of the camera. In our case, the compression algorithm
used intermittent key frames to store a complete image. Only the differences between
one frame and the next are stored, facilitating a reduction in the amount of data that
needs to be stored. In other words, the video undergoes a ‘lossy compression’ where all
other information is discarded. Although this makes handling videos more manageable
at the camera level, it poses problems for our instantaneous correlation algorithm. As
information is gradually lost going from one key frame to the next, a new key frame
‘restores’ the original information. This ‘restoration’ causes the correlation algorithm to
detect a new key frame as a spike in the magnitude of motion. Both signals that are
correlated experience this key frame magnitude spike synchronously because a single
video camera was used, therefore the instantaneous correlation algorithm computes
that time as extremely highly correlated at zero lag. A single spike in both signals
occupying a single frame causes the correlation estimates to jump rapidly at zero lag in
comparison to other possible temporal alignments with the moving window. This causes
other detected correlations to appear weaker, relatively, making them difficult to detect.
In order to compensate for this, a filter was designed to replace these artifacts with the
mean of the samples on either side. This resulted in 1/16th (key-framing for the video
camera used in this study occurs every 16 frames) of the data to be an interpolated
value based on real data. Running the algorithm on data that had been processed with
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this filter allowed us to maintain more true correlations of the movement of the
interlocutors.
Correlation Data Analysis
The individual subject correlation data was used to create group distributions of
correlations for the friends and strangers conversations so that comparisons between
the correlation patterns of each group could be made. Because of the unique character
of these data, non-parametric techniques eliminating all assumptions of normality and
variance are most appropriate for determining the differences between friends and
strangers nonverbal behaviour during conversation. Specifically, the correlational data
were compared using resampling techniques.
Generating the Null Distribution
The motion estimates computed from the optical flow data from each region of
interest around each interlocutor were stored in separate files for each individual. These
separate files allowed for the motion from one individual to be correlated with the motion
from any other individual in the data set. Having individual files allowed us to create a
null distribution using the permutation sampling approach (Berger, 2006). All possible
pairs with the exception of talkers correlated with themselves or their true partners and
their resulting correlations were computed. Order of talker designation was not
important and so redundant pairs were eliminated by only including correlations
between Talker 1 and Talker 2 but not Talker 2 with Talker 1. Therefore the null
distribution was created from 1860 pseudo-pairs. Because of modest differences in the
durations of recorded conversations, the null correlations were based on the length of
the shorter video and the longer video was truncated to that length. The histograms
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were simplified to look at only positive lags (0-+0.5s). The property of the correlation
algorithm is such that the negative and positive lags are symmetrical. Therefore, for
creating the distribution, only half the lags (16 lags in total, including 0 lag, i.e.,
completely synchronous correlation) were binned into a histogram for comparison with
the friends and strangers distributions. It is important to note that the distributions were
all normalized by dividing by the sum of all bins so that each bin represented a
percentage of values instead of a count of values. This resulted in a proportional
distribution that preserved the shape regardless of any differences in the number of
items used to create the distributions.
Generating the Friend and Stranger Distribution
Using data only from real friend and stranger pairs, an average distribution of
correlations was created for each group. The correlations were binned in the same
manner as the null distribution where only the positive lags were included and the
frames were normalized to be a proportional distribution as described above. The friend
and stranger distributions were compared to the null.
Generating the Null Friend and Stranger Difference Distribution
The friend and stranger distributions generated above were subtracted from one
another to observe the difference in correlation values between the two groups. This
difference distribution was compared to a null difference distribution generated using the
resampling method. Two different kinds of null distributions were created. The first kind
of null distribution was created by assigning 24 real pairs (12 friends pairs and 12
strangers pairs) randomly to two arbitrary groups and computing the difference between
the two groups. Twelve pairs were selected for the resampled groups because it
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reflected the number of pairs needed for a balanced number of male, female, and mixed
gender pairs. These pairs were assigned without replacement so that the compared
groups were mutually exclusive. This was repeated for 1000 iterations and the average
of the differences was used as the final null distribution. This kind of null distribution was
created to observe the kind of difference distributions that results from data sets
containing real conversations but with the friends and stranger designation being
randomly determined. The second null friend and stranger distribution was created by
making random pairings with 48 individuals, or 24 pairs. Combinations that resulted in
real pairs were eliminated. The 24 pseudo-pairs were then randomly assigned to either
the null friend or the null stranger group. This complete process was repeated for the
same number of iterations as the first null distribution and the average distribution was
plotted. This kind of null distribution was computed to determine what kind of random
correlation differences could arise from randomly paired motion data.
Motion Magnitude Analysis
In order to control for the magnitude of motion when looking at correlation values,
a distribution of magnitudes of all possible motion magnitudes from the real friend and
stranger pairs was created. The two distributions were compared to determine whether
there was a difference in the kind of motion content that was present between the two
groups.
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RESULTS
Correlation Analysis
The friend and stranger correlation distributions were compared to the null distribution
created from all possible pairings (not including individuals with themselves or real
pairs). The null represents a random distribution of possible correlations. The friend,
stranger and null distributions of correlations are presented in Figure 3. The overall
mean of all correlations as well as the mean correlation per lag were compared to the
overall mean and lag means for the null distribution. The probability that the mean
correlations at each lag for both friends and strangers were estimated based on the null
distribution. This is a conservative test of whether real conversations produce more
extreme correlations than random. The means for the correlations in lags closest to
synchronous were significantly different from the null distribution. This can be seen in
Figure 3 where the first half of both the friend and stranger distributions displays higher
correlations when compared to the null distribution. The means for the temporally more
distant lags as well as the overall mean for all were marginally significant for both the
friends and strangers groups. Results are presented in Figure 4 (See Appendix B for
descriptive statistics).
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Figure 3a

Figure 3b
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Figure 3c

Figure 3d
	
  

23	
  

Figure 3e

Figure 3f
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Figure 3. Distribution of correlations for the null, friend, and stranger distributions.
Lighter colours indicate a higher correlation with the height indicating frequency of
events occurring at that correlation. Lag counts (in frames) indicate the 16 temporal
points between 0 and 0.5s where correlation values are computed. Figure 3a & 3b. Flat
and three-dimensional representation of the null distribution created from the correlation
content all possible pairings not including real pairs. Figure 3c & 3d. Flat and threedimensional representation of the friend distribution of correlations. Figure 3e & 3f. Flat
and three-dimensional representations of the stranger distribution of correlations.

Strangers
Friends
Null

Figure 4. Overall Mean Correlation and Means per Lag. Overall mean correlation and
means per lag for the friends and strangers distributions compared to the null. Lag
counts (frames) indicate 16 temporal points between 0 and 0.5s where correlation
values are computed. P-values are computed using a percentile method in the null
distribution where the percentile value for each group mean is observed in the null
distribution. Both friend and stranger groups were significantly differently for the earlier
lags. Error bars = Standard Errors of the Mean.
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The difference between the friend and stranger correlation distributions was
determined by comparing a distribution of differences to two different null distributions
created using the resampling techniques highlighted in the methods section. Figure 5
shows the distribution of differences after the friend distribution was subtracted from the
stranger distribution. In addition, the two different null distributions of differences are
also presented. The probability that the mean correlation differences at each lag for
between the friends and strangers were estimated based on the null distribution. This is
a conservative test of whether real conversations produce more extreme correlation
differences than random assignments. Both the overall mean differences as well as the
mean difference per lag were significantly different when compared to both kinds of null
distributions. However, it is important to note that the real pair null difference
distributions resulted in greater differences than the real pair difference distribution.
Reasons for these results are suggested in the discussion section. The difference
between the friend and the stranger distribution demonstrates that there are more
correlated events at the mean correlation for the friends than for the strangers. The
results are presented in Figure 6 (See Appendix C for descriptive statistics).

	
  

26	
  

Figure 5a

Figure 5b
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Figure 5c

Figure 5d
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Figure 5e

Figure 5f
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Figure 5. Difference distributions for stranger, friend, and the null groups. Lighter
colours indicate a higher correlation with the height indicating frequency of events
occurring at that correlation. Lag counts (in frames) indicate the 16 temporal points
between 0 and 0.5s where correlation values are computed. 5a & b. Flat and threedimensional representation of the difference between the friend and stranger
distribution. Figure 5c & 5d. Flat and three-dimensional representation of a null
distribution of differences created through a resampling technique using random
pairings assigned to two groups. Figure 5e & 5f. Flat and three-dimensional
representation of a null distribution of differences created through a resampling
technique using real pairs and arbitrarily assigning them to two groups.

Friends-Strangers
Random Null Distribution
Real Pair Null Distribution

Figure 6. Overall mean correlation difference and mean correlation difference per lag
friends-strangers and two null distributions of differences. Lag counts (in frames)
indicate 16 temporal points between 0 and 0.5s where correlation values are computed.
P-values are computed using a percentile method in the null distribution where the
percentile value for each group mean difference is observed in the null distribution.
Difference scores were significantly different for the real pairs in comparison to both
mean null differences.
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Motion Magnitude Analysis
A distribution of the magnitudes of motion for the friends and strangers was
created to allow us to compare the differences in magnitudes of motion for each group
(Figure 7). When comparing the friends and the strangers in terms of magnitude of
motion, it was determined that the mean magnitude of motion for friends (Mean=0.88
pixels/frame, SE=5.79e-04) was greater than for the strangers (Mean=0.84
pixels/frame, SE=5.38e-04).

Figure 7a
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Figure 7b
Figure 7. Motion Magnitude Distributions for Friends and Strangers Groups. Frequency
counts for both distributions were generated for 10,000 bins. The graphs have been
truncated at the most informative regions within the first 500 bins. Figure 7a. Friends
distribution of the magnitudes of motion. Figure 7b. Strangers distribution of the
magnitudes of motion. Both distributions are similar however the friends distribution
shows a slighter higher average motion magnitude.
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DISCUSSION
The results for the comparison of the two group correlation distributions with the
null distribution indicated that groups were significantly different from the null in the lags
closest to synchrony. This demonstrates that correlation in movement is an especially
dominant property in conversation within a shorter temporal range. These results further
inform us that when correlation in movement is present within a conversation, most of
that coordination occurs within moments of the movement first being initiated. This
suggests that individuals within a conversation are incredibly sensitive to movements of
their partner in conversation and are coordinating their movements as soon as they are
perceived. It is unsurprising that most of the coordination occurs almost synchronously
since studies in social interaction have suggested that conversation is possible due to
the process of interactive alignment and not a dynamic updating. In other words, people
are automatically aligning their representations of the content of their conversations at
the same time (Garrod & Pickering, 2004). Since it has previously been suggested that
the linguistic content of a conversation is directly influencing the behavioural content, we
suggest that the coordination occurring at near synchrony is a result of an alignment of
conversational and behavioural representations. Further, throughout the course of
interaction, an increasingly predictive control of the processes required to prepare for
continuing conversation takes place resulting in convergence closer to synchrony
(McFarland, 2001). When looking at the overall mean of all lags, results show that there
is a marginally significant difference from the null. This suggests that correlation is an
implicit, identifying property of conversation and social interaction. However, these
results suggest that correlation is not an exclusive identifying factor for affiliation. This
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is not surprising since there are many studies that implicate other nonverbal cues that
may not necessarily be coordinated with the other interlocutor but rather may be
spontaneous accompaniments of speech unique to each individual (Hadar, Steiner,
Grant & Rose, 1983). This does not suggest that coordination and mimicry are not
contributing factors but rather are not the only factors.
Results from the distribution of differences between friends and strangers
indicated that friends had more highly correlated events than strangers. These results
reflected our hypothesis that friends’ conversation would contain more correlated events
overall. When looking at the distribution of differences, a difference as large as the one
observed between friends and strangers was highly improbable in comparison to both of
our null distributions. In other words, the difference between friends and strangers in
terms of correlation was significantly different from the difference between random pairs
as well as randomly categorized real pairs. Although comparisons to both these nulls
are interesting in that they suggest that friends’ and strangers’ conversations contain
correlation content unique to their affiliation categorization, the comparison to the null
containing real pairs is more informative. The null distribution randomly assigning real
pairs to arbitrary categories contains motion that can be attributed to conversational
interaction in general. Therefore, it is more representative of the presence of
conversational motion. Since we suggest that correlation content is specific to affiliation
and not necessarily to dyadic motion in general, then it is more interesting to suggest
the friends contain more highly correlated events as a product of their affiliation when
compared to randomly affiliation-categorized pairs.
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It is noteworthy, however, that some of the differences produced by the real-pair
null distribution were quite large and larger than the real difference distribution. This
requires further examination however. One possibility is that the distribution is
influenced by the use of only 1000 resamples.
The results of the correlation analysis support our hypotheses as well as past
affiliation research. As previously mentioned, convergence of language and behaviour
occurs more frequently for individuals that have rapport and familiarity with one another
(Grahe & Bernieri, 1999; Dunne & Ng, 1994). Supporting this, in this experiment, the
friends showed a greater incidence of correlated events in comparison to the strangers,
which indicates that convergence in behaviour is representative of affiliation.
Additionally, these correlated events were more apparent for both groups when
synchronous, which reflects the literature in linguistic convergence in friends versus
strangers. Dunne & Ng (1994) demonstrated that friends presented more simultaneous
speech during conversation than strangers. Since we suggest that linguistic
convergence influences behavioural convergence, simultaneous speech may be
influencing the simultaneous behaviour observed in this experiment.
The results from the motion magnitude analysis indicated that, as expected, the
friend pairs contained more motion in comparison to the stranger pairs. The motion
analysis was conducted to allow for us to analyze the effect of correlation on social
perception in manner that was not confounded by other factors such as degree of
animation thus differences in motion. Experiment 2 used the motion magnitude analysis
to control the amount of motion presented so that the effect of correlation on affiliation
perception could be more readily observed.
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CHAPTER 3
EXPERIMENT 2
This experiment investigated how the variation observed in Experiment 1
influenced the accuracy of social perception when making rapid judgments regarding
affiliation. The previous experiment demonstrated that affiliation led to differences in
correlation content. Since previous studies have indicated that coordination is present in
social interaction and that the information provided by nonverbal behavior can be
accurately perceived (Ambady & Rosenthal, 1994; Chartrand & van Baaren, 2009), this
experiment aimed to determine whether the perception of that correlation was
contributing to accuracy of affiliation judgments by observers. Using the data from
Experiment 1, this experiment consisted of varying the occurrence of correlation while
constraining the amount of motion in the thin-slices of conversation presented to
investigate performance on a social perception task.
METHODS
Stimuli
The results from the data analysis in Experiment 1 were used to select clips to be
presented as stimuli in Experiment 2. The analysis of the motion magnitudes was used
to, on average, match the amount of motion in different stimulus categories so that the
differences in the perception of clips could be attributed to correlation differences rather
than motion differences. As part of this stimulus collection process, thresholds of
extreme parts of the motion distribution were established to ensure that clips were
selected from the centre of the motion distribution.
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Determining Magnitude Threshold
The instantaneous motion magnitude distributions for the friends and the
strangers were summed to create an overall distribution of motion magnitude values for
both groups. This distribution was used to identify a window of motion magnitude values
from within which clips were selected. The mean of the overall distribution of motion
magnitudes was computed and threshold values were identified by centering half a
standard deviation around the mean. Figure 8 presents a schematic of the summed
distribution with the motion magnitude window indicated. The presented clips were
controlled by selecting clips that contained a range of motion that did not exceed this
window of magnitudes of motion.

1/2 SD = 0.4319

Mean = 0.86

Figure 8. Summed distribution of the friends and strangers distributions presented in
Experiment 1. The mean and half a standard deviation centred around the mean is
indicated. Motion in the clips did not exceed this window of motion magnitudes.
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Extracting Clips Filtered by Magnitude of Motion
Using the critical motion magnitude interval determined above as criteria, clips
and their corresponding correlation values were extracted if they were contained within
a 5s (29.97fps x 5) continuous clip. ‘Continuous’ was defined as a clip with no sections
longer than 0.25s where the range of motion magnitude did not fall within the
distribution threshold criteria. This buffer of 0.25s was added to accommodate naturally
oscillating motion magnitude and correlations that may occur within a single correlated
event. The length of 0.25s or the earlier half of the lags, was used since Experiment 1
indicated that any present correlated events was significantly different moments after
the occurrence of the actual event. All possible clips for both the friends and the
strangers groups extracted using this criterion were equated for the amount of motion.
The average motion for the friends group was 0.89 with a standard error of 0.02 and the
average motion for the strangers group was 0.90 with a standard error of 0.016. The
equal amount of motion within our two groups allowed us to minimize the confounding
effect that the amount of motion may have on the perception of correlation in affiliation.
Generating Correlation Distributions Within the Motion Magnitude Threshold
The distribution of correlations for the clips that met the motion criteria was
generated in the same way as the overall correlation distribution created in Experiment
1. Additionally, a distribution of differences in correlation between the friends and
strangers groups was computed to contain only correlations that met the motion criteria.
These were compared to null distributions created by constraining the distributions
generated in Experiment 1 to contain only correlations and correlation differences that
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met the motion criteria. These distributions were generated to demonstrate the
correlation patterns when the amount of motion was controlled.
Final Clip Selection
All possible 5s clips that met our criteria were sorted from lowest to highest
average correlation across lags (n(friends) = 187; n(strangers) = 253). Any clips that fell
within the first and last minute of the conversation were eliminated to accommodate for
the natural process initiation and cessation of conversation. Within each of the friend
and stranger categories, six of the lowest positively correlated clips and six of the
highest positively correlated clips, for a total of 24 clips, were selected such that each
conversing pair was presented only once. The process of selecting clips for this
perception study served to reinforce the differences in correlation between friends and
strangers shown in Experiment 1. It is important to note that because friends had a
higher correlation on average in the overall conversation database, selection of clips
with high correlation and different dyads was much easier for the friends group. On the
other hand, the selection of high correlation clips for strangers was more difficult. Many
of the clips that made the criteria were from the same dyads and the resulting set of
clips was almost unique in our sample. In other words, high correlations for strangers
are confounded with dyads and there was no way to avoid this in this sample. Despite
this specific confound, average motions differences were again equated for the final 24
clips to ensure that motion was minimized as a confound. Table 1 presents the relatively
equated motion magnitude values for the four groups (high and low correlation friends
and high and low correlation strangers). The final clips contained ten same gender
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friend pairs, ten same gender stranger pairs, two mixed-gender friend pairs and two
mixed-gender stranger pairs.
High Correlation

Low Correlation

Friends

Mean = 0.87 pixels/frame
SE = 0.06

Mean = 0.93 pixels/frame
SE = 0.10

Strangers

Mean = 0.91 pixels/frame
SE = 0.05

Mean = 0.83 pixels/frame
SE = 0.04

Table 1. Descriptive Statistics for Average Motion Magnitudes. This table demonstrates
that the motion magnitude values were not significantly different amongst group or
correlation level.
Procedure
Fifteen undergraduates (Mean Age= 22.8, 11 females) with normal or corrected
to normal vision participated in this study for monetary compensation. The experiment
utilized a within-subjects design where all participants viewed the same stimuli
containing same gender friends, same gender strangers, mixed gender friends and
mixed gender strangers. The 24 five-second clips selected above were presented to
each participant. Participants were asked to perform a social judgment task by
answering questions on a Likert scale regarding the nature of the affiliation. On a scale
of 1-7, participants indicated whether the two interlocutors had just met (1) or were
friends (7). Additionally, following the experiment, each participant was asked to record
the kind of information they used to make their judgments. The results of this perception
task were used to determine the accuracy of the participants’ social judgments.
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RESULTS
Correlation Analysis
The distribution of correlations from meeting the motion magnitude criteria for
both the friends and strangers was generated and also compared to the null distribution
also meeting the motion criteria. This comparison was done to demonstrate the
correlation pattern that resulted from constraining the amount of motion present within a
given clip. Figure 9 shows the friend, stranger and null distributions for only the
correlation data within the motion magnitude interval. As in the distribution comparisons
in Experiment 1, the probability of the mean correlation occurring was estimated by the
occurrence in the null. Total mean and the means per lag presented a similar pattern as
the distributions presented in Experiment 1: the means at and around synchrony were
significantly different from the null. The overall mean and means for the lags closer to
the maximum 0.5s were marginally significant. Results are presented in Figure 10 (See
Appendix D for descriptive statistics).
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Figure 9a

Figure 9b
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Figure 9c

Figure 9d
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Figure 9e

Figure 9f
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Figure 9. Distribution of correlations for the null, friend, and stranger distributions within
the motion magnitude window. Lighter colours indicate a higher correlation with the
height indicating frequency of events occurring at that correlation. Lag counts (in
frames) indicate 16 temporal points between 0 and 0.5s where correlation values are
computed. Figure 9a & 9b. Flat and three-dimensional representation of the null
distribution created from the correlation content all possible pairings not including real
pairs. Figure 9c & 9d. Flat and three-dimensional representation of the friend distribution
of correlations. Figure 9e & 9f. Flat and three-dimensional representations of the
stranger distribution of correlations.
	
  

Strangers
Friends
Null

	
  

Figure 10. Overall mean correlation and means per lag for correlations within the motion
magnitude window. Overall mean correlation and means per lag for the friend and
stranger distributions compared to the null. Lag counts (in frames) indicate 16 temporal
points between 0 and 0.5s where correlation values are computed. P-values are
computed using a percentile method in the null distribution where the percentile value
for each group mean is observed in the null distribution. Both friends and strangers
groups were significantly different for the earlier lags. Error bars = Standard Error
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The distribution of differences in correlation between friends and strangers from
within the motion magnitude criteria were also generated and compared to the two
different resampled null distributions of mean differences. Figure 11 presents the
difference distribution along with the two different null distributions. Again, the results
were nearly identical to those presented in Experiment 1 where the total mean
difference and the mean difference per lag were all significantly different from both null
distributions. The results are presented in Figure 12 (See Appendix E for descriptive
statistics).

	
  

46	
  

Figure 11a

Figure 11b
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Figure 11c

Figure 11d
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Figure 11e

Figure 11f
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Figure 11. Overall mean differences between friend and stranger and null difference
distributions for the motion magnitude window. Lighter colours indicate a higher
correlation with the height indicating frequency of events occurring at that correlation.
Lag counts (in frames) indicate the 16 temporal points between 0 and 0.5s where
correlation values are computed. 11a & b. Flat and three-dimensional representation of
the difference between the friend and stranger distribution for values within motion
magnitude window. Figure 11c & 11d. Flat and three-dimensional representation of a
null distribution of differences created through a resampling technique using random
pairings assigned to two groups. Figure 11e & 11f. Flat and three-dimensional
representation of a null distribution of differences created through a resampling
technique using real pairs and arbitrarily assigning them to two groups.
Friends-Strangers
Random Null Distribution
Real Pair Null Distribution

Figure 12. Overall mean correlation differences and mean correlation differences per
lag for the friends-strangers and two null distributions of differences. Lag counts
(frames) indicate 16 temporal points between 0 and 0.5s where correlation values are
computed. P-values are computed using a percentile method in the null distribution
where the percentile value for each group mean difference is observed in the null
distribution. Difference scores were significantly different for the real pairs in comparison
to both mean null differences.
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Selected Clips Analysis
Descriptive statistics for the final 24 clips selected were computed. The overall
means and the means per lag, including standard errors, for the high and the low
correlation groups individually are presented in Figure 13. (See Appendix F for
descriptive statistics)
	
  
	
  

	
  
	
  
High Correlation
Low Correlation
	
  
	
  
Figure 13. Overall mean correlations and means per lag for selected videos. Means
including standard errors for only the 24 videos selected discriminated by correlation.

	
  
Social Perception Accuracy
Accuracy of perception of affiliation was determined by computing the average
score for all videos presented as a function of their correlation and affiliation
categorization. Here, a greater score represented a preference towards a judgment of
‘friends’ and a lower scored represented a preference towards a judgment of ‘strangers’.
Table 2 presents the mean score across all participants. Figure 14 presents the
distributions of scores across all seven possible responses. The distributions are
skewed generally in the correct direction for each of the groups (i.e. scores on friends
clips are negatively skewed while scores on strangers clips are positively skewed)
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High Correlation

Low Correlation

Friends

Mean = 4.19
SE = 0.51

Mean = 4.37
SE = 0.57

Strangers

Mean = 3.33
SE = 0.19

Mean = 3.81
SE = 0.38

Table 2. Mean correlation for the friends and the strangers within the correlation levels.

Figure 14. Distribution of ratings made for the friends and strangers. A score of 1
represents a strangers rating and 7 represents a friends rating.

A factorial ANOVA was performed on the accuracy results. Although not significant,
these results indicated that people were scoring friends accurately higher for both highly
and lowly correlated clips than the strangers. However, this discrimination between
friends and strangers was more apparent and marginally significant (p=0.07) for the
highly correlated clips than the lowly correlated clips.
Additionally, the groups were analyzed using an extreme groups analysis
(Preacher, Rucker, MacCallum & Nicewander, 2005). The scores were divided at the
median where the neutral responses were eliminated. A factorial ANOVA was
performed on the proportion of friend responses. Results indicated no significant
interaction with correlation however there was a significant effect (p=0.05) for group
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indicating that people were able to correctly identify friends from strangers. Results are
presented in Table 3.
High Correlation

Low Correlation

Friends

Mean = 0.61
SE = 0.13

Mean = 0.56
SE = 0.17

Strangers

Mean = 0.20
SE = 0.07

Mean = 0.39
SE = 0.15

Table 3. Means and standard errors for the proportion of ‘friends’ responses for the
stimuli
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DISCUSSION
Experiment 2 utilized the analysis conducted in Experiment 1 to vary the amount
the magnitude of correlation but control the amount of motion that was presented for the
judgment of affiliation. The correlation results presented for only the values within the
motion magnitude window demonstrated that the variation in correlation observed in
Experiment 1 was independent of motion. When constrained to meet a criteria of motion
magnitude values, the differences in correlation from the null as well the mean
differences between the friends and strangers distribution remained intact. By
controlling for the amount of motion, we were able to more confidently attribute the
social judgments made in the affiliation perception task to the correlation differences
rather than another nonverbal property of conversation. The descriptive statistics
computed for the 24 selected clips allowed us perform a check that the highly and lowly
correlated clips were clearly differentiated from each other for both the friends and
strangers groups.
The perceptual judgments showed that participants could clearly distinguish
between friends and strangers pairs. However, our results showed no evidence that the
degree of correlation between pairs was influencing perceptual categorization. Human
communication provides a rich information set for making judgments and our stimuli
contained strong cues other than degree of correlation.
When taking participants’ responses regarding the cues they used into account, it
was most often suggested that people were making their judgments based on the
distance between two individuals as well as the amount of motion they observed in the
hands and the mouths. The lack of discrimination by observers’ in this experiment may
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have been due to the particular clips that we selected. One possibility is that clips that
only contained smaller, more subtle motions may have allowed participants to focus
their attention on correlations of speech and gesture. This would be important if as
mentioned previously, behavioural convergence is directly influenced by linguistic
convergence. Studies have indicated a high correlation between hand and mouth
motion and speech (Barbosa et al, 2008). It is suggested that these cues require greater
attention and perhaps the magnitude of motion for these cues does not reflect the
overall motion content of a conversation from which the motion magnitude window was
selected. It should also be taken note that if speech related cues are being used, and
that conversational rhythm is predictive (McFarland, 2001), perhaps participants were
not provided with enough tokens of highly and lowly correlated clips to become more
attuned to these predictive cues. These results indicate, as expected, that people are
able to accurately use cues to make judgments, however, they prioritize their attention
to some cues over others.
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CHAPTER 4
GENERAL DISCUSSION
In these studies we were interested in examining how the affiliation between two
individuals resulted in variation in movement and coordination. Additionally, we were
also interested in determining how this variation influenced the accuracy of observers
making rapid judgments regarding that affiliation. We expected that individuals that were
familiar with each other would demonstrate greater coordination than those that did not.
This hypothesis was based on literature that suggested a greater convergence in both
linguistic and behavioural properties for individuals who were familiar with one another.
The results of these studies demonstrated that there was indeed variation in
motion and coordination as a product of affiliation and that this variation was more
apparent at and near synchrony. This was supported by the literature that suggests that
individuals in conversation aligned their representations of linguistic content
simultaneously as opposed to a dynamic updating (Garrod & Pickering, 2004). We
suggested that the linguistic alignment was directly influencing the behavioural
alignment during conversation in general.
The observed correlation did not influence judgments of affiliation and it is
suggested that perhaps the motion of certain cues were given precedence over others
such as the motion of the mouth and the hands. The movement hands and face have
been shown to be more directly correlated with speech (Barbosa et al, 2008). This is not
to say that the overall correlation content was not an important factor but rather the
correlation of some motion may be more important to social perception. The subtle
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motion characteristics of the mouth and the hands may not have been captured in the
motion criteria selected. Our perceptual clip selection was based on global estimates of
all the motion with an emphasis on overall average larger motions.
The efficacy of correlation content on perceptual accuracy may have been
undermined by how the region of interest was selected. Large crude regions of interest
were selected which may have resulted in a less sensitive measure of correlation. If as
suggested, particular nonverbal cues were given precedence, then the crude regions of
interest would not have been specific enough to capture the more subtle correlation that
people may be paying greater attention to. Further research in which we restricted the
regions of interest for the motion analysis and examined different magnitudes of motion
would be needed to investigate the true use of correlation.
When speaking in terms of motion, limitations in the algorithm used to analyze
the motion are present. The algorithm is only as accurate as the estimates of motion
made by the camera. Needless to say, higher definition video would lead to better
estimates in motion however, this would come at the expense of time and computing
resources. Other limitations are related to how motion is represented. The algorithm
represents motion along only the vertical and horizontal directions. This would mean
that any opposing motion would be cancelled out and would therefore not contribute to
the correlation estimates. It is possible that important motion contributed to error in the
motion estimate.
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Future work in this area should take these limitations into account. One
possibility is that the nonverbal cues that are most identifying of affiliation categorization
are subtler in terms of motion. Taking this into consideration, performing a check on
where observers’ allocate their attention when making affiliation judgments is
necessary. A high association between cognitive processes and the distribution of
visual attention has been demonstrated and past research has suggested that tracking
eye movements would give us insight into attention allocation during social perception
(Hasson, Nir, Levy, Furhmann & Malach, 2004). Understanding eye movement patterns
would confirm the idea that correlations between specific regions are given priority
during social perception. Further, this would motivate the use of smaller, more specific
regions of interest. The specificity of the motion information could be enhanced by using
other, more accurate measures of motion such as motion capture.
Since it has already been demonstrated that behavioural coordination can result
from linguistic convergence even without visual information (Shockley et al., 2004), it
would be interesting to investigate how that behavioural coordination would be
perceived and accurately judged by an observer. This would be a test of first, whether
correlation between talkers requires that they see each other and second, whether
observers can still determine the degree of affiliation between interlocutors who
conversed without visual input.
This study aimed to investigate social perception in a less arbitrary and more
objective manner. We used variation in motoric correlations to address how judgments
of affiliation could be affected by these nonverbal factors. We demonstrated that
affiliation categorization led to variation in the amount of coordination and suggest that
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this is due to an alignment in the representation of conversation between two
interlocutors, as has previously been shown in the conversation literature. The accuracy
of an observer’s perception was not affected by these correlation cues in general,
however, the hierarchy of attention to correlation is yet to be identified. Further research
will provide even more insight into how coordination of nonverbal cues in conversation
is an important, identifying property of affiliation perception. This broad area of research
will continue informing us about how observers are sensitive to the social interactions
they encounter everyday.
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APPENDICES
Appendix A. Suggested list of topics for use during conversation stimuli collection.
1. Your last semester
2. The worst class you’ve ever taken
3. First experience moving away from home
4. Favorite movies and why
5. Favorite music and why
6. The best summer vacation you’ve ever had
7. What you did on your winter break
8. Something you’re passionate about and why
9. Favorite childhood memory
10. Favorite food and where to find it in Kingston
11. The thing that annoys you the most and why
12. What you think this experiment is about
Appendix B. Overall mean correlation for all lags and mean correlation per lag for the
friends and strangers distributions compared to the null. Lag counts (in frames) indicate
16 temporal points between 0 and 0.5s where correlation values are computed. Pvalues are computed using a percentile method in the null distribution where the
percentile value for each group mean is observed in the null distribution.
Friends

Strangers

p-value

Overall

Mean = 0.10
SE = 4.2e-04

Mean = 0.11
SE = 4.2e-0.4

Friends =0.07
Strangers = 0.08

Lag 0

Mean = 0.23
SE = 2.0e-0.3

Mean = 0.23
SE = 1.6e-0.3

Friends = 0.03
Strangers = 0.03

Lag 1

Mean = 0.18
SE = 1.7e-0.3

Mean = 0.19
SE = 1.6e-0.3

Friends = 0.04
Strangers = 0.06

Lag 2

Mean = 0.16
SE = 1.8e-0.3

Mean = 0.18
SE = 1.6e-0.3

Friends = 0.05
Strangers = 0.05

Lag 3

Mean = 0.13
SE = 1.7e-0.3

Mean = 0.15
SE = 1.6e-0.3

Friends = 0.06
Strangers = 0.07

Lag 4

Mean = 0.12
SE = 1.6e-0.3

Mean = 0.15
SE = 1.6e-0.3

Friends = 0.07
Strangers = 0.06
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Lag 5

Mean = 0.11
SE = 1.6e-0.3

Mean = 0.12
SE = 1.6e-0.3

Friends = 0.06
Strangers = 0.07

Lag 6

Mean = 0.10
SE = 1.6e-0.3

Mean = 0.12
SE = 1.6e-0.3

Friends = 0.06
Strangers = 0.06

Lag 7

Mean = 0.09
SE = 1.5e-0.3

Mean = 0.11
SE = 1.6e-0.3

Friends = 0.07
Strangers = 0.07

Lag 8

Mean = 0.08
SE = 1.5e-0.3

Mean = 0.10
SE = 1.6e-0.3

Friends = 0.07
Strangers = 0.07

Lag 9

Mean = 0.07
SE = 1.5e-0.3

Mean = 0.09
SE = 1.7e-0.3

Friends = 0.08
Strangers = 0.07

Lag 10

Mean = 0.06
SE = 1.5e-0.3

Mean = 0.08
SE = 1.7e-0.3

Friends = 0.08
Strangers = 0.08

Lag 11

Mean = 0.06
SE = 1.5e-0.3

Mean = 0.08
SE = 1.7e-0.3

Friends = 0.08
Strangers = 0.08

Lag 12

Mean = 0.05
SE = 1.5e-0.3

Mean = 0.06
SE = 1.8e-0.3

Friends = 0.08
Strangers = 0.08

Lag 13

Mean = 0.06
SE = 1.5e-0.3

Mean = 0.08
SE = 1.9e-0.3

Friends = 0.08
Strangers = 0.08

Lag 14

Mean = 0.05
SE = 1.5e-0.3

Mean = 0.06
SE = 2.0e-0.3

Friends = 0.08
Strangers = 0.09

Lag 15

Mean = 0.06
SE = 1.5e-0.3

Mean = 0.08
SE = 2.2e-0.3

Friends = 0.08
Strangers = 0.08

Appendix C. Overall mean correlation for all lags and mean correlations per lag for the
friends-strangers distribution of differences in comparison to two different null
distributions of differences. Lag counts (in frames) indicate 16 temporal points between
0 and 0.5s where correlation values are computed. P-values are computed using a
percentile method in the null distribution where the percentile value for each group
mean difference is observed in the null distribution.

Overall

	
  

Friends – Strangers
Mean Difference

P-Value from Null
Distribution of
Random Pairs

P-value from Null
Distribution of Real
Pairs

Mean = 0.10
SE = 4.2e-04

1.4e-05

1.3e-06
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Lag 0

Mean = 0.09
SE = 1.8e-02

1.5e-05

8.8e-06

Lag 1

Mean = 0.08
SE = 1.8e-0.2

5.1e-06

9.0e-06

Lag 2

Mean = 0.04
SE = 1.7e-0.2

1.4e-05

7.2e-06

Lag 3

Mean = 0.06
SE = 1.8e-0.2

2.1e-05

1.1e-05

Lag 4

Mean = 0.04
SE = 1.7e-0.2

1.8e-05

8.6e-06

Lag 5

Mean = 0.05
SE = 1.8e-0.2

1.7e-05

4.7e-06

Lag 6

Mean = 0.05
SE = 1.8e-0.2

2.1e-05

1.2e-05

Lag 7

Mean = 0.05
SE = 1.8e-0.2

6.8e-06

2.3e-06

Lag 8

Mean = 0.06
SE = 1.8e-0.2

1.9e-05

7.1e-06

Lag 9

Mean = 0.05
SE = 1.8e-0.2

7.3e-06

2.6e-06

Lag 10

Mean = 0.06
SE = 1.8e-0.2

1.8e-05

7.1e-06

Lag 11

Mean = 0.05
SE = 1.8e-0.2

9.6e-06

5.3e-06

Lag 12

Mean = 0.06
SE = 1.8e-0.2

6.7e-06

1.09-05

Lag 13

Mean = 0.06
SE = 1.8e-0.2

8.9-06

1.8e-05

Lag 14

Mean = 0.07
SE = 1.8e-0.2

1.7e-05

1.6e-05

Lag 15

Mean = 0.05
SE = 1.8e-0.2

2.0e-05

1.51e-05
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Appendix D. Overall mean correlations for all lags and mean correlations per lag for the
friends and strangers distributions compared to the null for values meeting motion
magnitude criteria. Lag counts (in frames) indicate 16 temporal points between 0 and
0.5s where correlation values are computed. P-values are computed using a percentile
method in the null distribution where the percentile value for each group mean is
observed in the null distribution
Friends

Strangers

p-value

Overall

Mean = 0.08
SE = 4.4e-04

Mean = 0.11
SE = 4.6e-0.4

Friends =0.07
Strangers = 0.08

Lag 0

Mean = 0.20
SE = 2.0e-0.3

Mean = 0.22
SE = 2.2e-0.3

Friends = 0.03
Strangers = 0.05

Lag 1

Mean = 0.16
SE = 1.8e-0.3

Mean = 0.18
SE = 2.0e-0.3

Friends = 0.04
Strangers = 0.06

Lag 2

Mean = 0.14
SE = 1.7e-0.3

Mean = 0.17
SE = 1.9e-0.3

Friends = 0.05
Strangers = 0.05

Lag 3

Mean = 0.11
SE = 1.7e-0.3

Mean = 0.14
SE = 1.8e-0.3

Friends = 0.07
Strangers = 0.07

Lag 4

Mean = 0.10
SE = 1.7e-0.3

Mean = 0.13
SE = 1.8e-0.3

Friends = 0.06
Strangers = 0.07

Lag 5

Mean = 0.09
SE = 1.6e-0.3

Mean = 0.11
SE = 1.7e-0.3

Friends = 0.07
Strangers = 0.06

Lag 6

Mean = 0.08
SE = 1.6e-0.3

Mean = 0.11
SE = 1.7e-0.3

Friends = 0.06
Strangers = 0.07

Lag 7

Mean = 0.07
SE = 1.6e-0.3

Mean = 0.09
SE = 1.7e-0.3

Friends = 0.07
Strangers = 0.07

Lag 8

Mean = 0.07
SE = 1.6e-0.3

Mean = 0.09
SE = 1.6e-0.3

Friends = 0.07
Strangers = 0.08

Lag 9

Mean = 0.06
SE = 1.6e-0.3

Mean = 0.08
SE = 1.6e-0.3

Friends = 0.07
Strangers = 0.08

Lag 10

Mean = 0.06
SE = 1.6e-0.3

Mean = 0.07
SE = 1.6e-0.3

Friends = 0.08
Strangers = 0.08

Lag 11

Mean = 0.05
SE = 1.6e-0.3

Mean = 0.07
SE = 1.6e-0.3

Friends = 0.08
Strangers = 0.09
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Lag 12

Mean = 0.05
SE = 1.6e-0.3

Mean = 0.06
SE = 1.6e-0.3

Friends = 0.08
Strangers = 0.08

Lag 13

Mean = 0.04
SE = 1.6e-0.3

Mean = 0.07
SE = 1.6e-0.3

Friends = 0.08
Strangers = 0.08

Lag 14

Mean = 0.04
SE = 1.6e-0.3

Mean = 0.06
SE = 1.6e-0.3

Friends = 0.08
Strangers = 0.09

Lag 15

Mean = 0.05
SE = 1.6e-0.3

Mean = 0.07
SE = 1.6e-0.3

Friends = 0.08
Strangers = 0.08

Appendix E. Overall mean correlations for all lags and mean correlations per lag for the
friends-strangers distribution of differences in comparison to two different null
distributions of differences for values within the motion magnitude window. Lag counts
(in frames) indicate 16 temporal points between 0 and 0.5s where correlation values are
computed. P-values are computed using a percentile method in the null distribution
where the percentile value for each group mean difference is observed in the null
distribution.
Friends – Strangers
Mean Difference

P-Value from Null
Distribution of
Random Pairs

P-value from Null
Distribution of Real
Pairs

Overall

Mean = 0.10
SE = 4.2e-04

1.4e-05

1.3e-06

Lag 0

Mean = 0.09
SE = 1.8e-02

6.8e-06

8.5e-07

Lag 1

Mean = 0.08
SE = 1.8e-0.2

7.4e-06

1.1e-05

Lag 2

Mean = 0.04
SE = 1.7e-0.2

1.5e-05

7.8e-06

Lag 3

Mean = 0.06
SE = 1.8e-0.2

2.3e-05

1.1e-05

Lag 4

Mean = 0.04
SE = 1.7e-0.2

2.1e-05

9.1e-06

Lag 5

Mean = 0.05
SE = 1.8e-0.2

2.0e-05

5.4e-06
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Lag 6

Mean = 0.05
SE = 1.8e-0.2

2.2e-05

1.5e-05

Lag 7

Mean = 0.05
SE = 1.8e-0.2

9.8e-06

1.4e-05

Lag 8

Mean = 0.06
SE = 1.8e-0.2

2.1e-05

6.1e-06

Lag 9

Mean = 0.05
SE = 1.8e-0.2

9.9e-06

4.6e-06

Lag 10

Mean = 0.06
SE = 1.8e-0.2

2.5e-05

6.9e-06

Lag 11

Mean = 0.05
SE = 1.8e-0.2

1.3e-05

4.1e-06

Lag 12

Mean = 0.06
SE = 1.8e-0.2

8.2e-06

2.7e-07

Lag 13

Mean = 0.06
SE = 1.8e-0.2

1.1e-05

1.1e-05

Lag 14

Mean = 0.07
SE = 1.8e-0.2

1.7e-05

1.2e-05

Lag 15

Mean = 0.05
SE = 1.8e-0.2

2.1e-05

6.7e-06

Appendix F. Overall mean correlations and means per lag including standard errors for
only the 24 videos selected discriminated by correlation.
High Correlation

Low Correlation

Friends

Strangers

Friends

Strangers

Overall

Mean= 0.27
SE= 0.04

Mean= 0.24
SE= 0.02

Mean= 0.09
SE= 0.04

Mean= 5.0e-03
SE= 9.0e-04

Lag 0

Mean= 0.38
SE= 0.04

Mean= 0.38
SE= 0.02

Mean= 0.13
SE= 0.02

Mean= 0.14
SE= 0.04

Lag 1

Mean= 0.35
SE= 0.03

Mean= 0.33
SE= 0.02

Mean= 0.10
SE= 0.02

Mean= 0.10
SE= 0.04
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Lag 2

Mean= 0.33
SE= 0.03

Mean= 0.30
SE= 0.002

Mean= 0.06
SE= 0.01

Mean= 0.10
SE= 0.04

Lag 3

Mean= 0.31
SE= 0.03

Mean= 0.27
SE= 0.02

Mean= 0.06
SE= 0.02

Mean= 0.07
SE= 0.03

Lag 4

Mean= 0.30
SE= 0.04

Mean= 0.27
SE= 0.02

Mean= 0.05
SE= 0.02

Mean= 0.06
SE= 0.03

Lag 5

Mean= 0.28
SE= 0.04

Mean= 0.26
SE= 0.03

Mean= 0.6
SE= 0.03

Mean= 0.04
SE= 0.03

Lag 6

Mean= 0.28
SE= 0.04

Mean= 0.27
SE= 0.03

Mean= 0.05
SE= 0.02

Mean= 0.04
SE= 0.03

Lag 7

Mean= 0.27
SE= 0.04

Mean= 0.25
SE= 0.02

Mean= 0.04
SE= 0.01

Mean= 0.05
SE= 0.03

Lag 8

Mean= 0.26
SE= 0.04

Mean= 0.24
SE= 0.03

Mean= 0.02
SE= 0.01

Mean= 0.05
SE= 0.02

Lag 9

Mean= 0.25
SE= 0.04

Mean= 0.22
SE= 0.02

Mean= 0.02
SE= 0.02

Mean= 0.07
SE= 0.03

Lag 10

Mean= 0.25
SE= 0.04

Mean= 0.20
SE= 0.02

Mean= 0.04
SE= 0.03

Mean= 0.06
SE= 0.02

Lag 11

Mean= 0.24
SE= 0.04

Mean= 0.20
SE= 0.03

Mean= 0.06
SE= 0.02

Mean= 0.06
SE= 0.02

Lag 12

Mean= 0.22
SE= 0.04

Mean= 0.18
SE= 0.03

Mean= 0.04
SE= 0.01

Mean= 0.6
SE= 0.02

Lag 13

Mean= 0.21
SE= 0.04

Mean= 0.19
SE= 0.03

Mean= 0.03
SE= 0.01

Mean= 0.06
SE= 0.02

Lag 14

Mean= 0.19
SE= 0.05

Mean= 0.16
SE= 0.04

Mean= 0.04
SE= 0.01

Mean= 0.06
SE= 0.02

Lag 15

Mean= 0.19
SE= 0.05

Mean= 0.17
SE= 0.04

Mean= 0.04
SE= 0.01

Mean= 0.06
SE= 0.02
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