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Autism Spectrum Disorder (ASD) is a remarkably heterogeneous condition where individuals exhibit
a variety of symptoms at different levels of severity. Quantifying the severity of specific symptoms is
difficult, because it either requires long assessments or observations of the ASD individual, or reliance
on care-giver questionnaires, which can be subjective. Here we present a new technique for objectively
quantifying the severity of several core social ASD symptoms using a motion capture system installed
in a clinical exam room. We present several measures of child-clinician interaction, which include the
distance between them, the proportion of time that the child approached or avoided the clinician, and
the direction that the child faced in relation to the clinician. Together, these measures explained ~30%
of the variance in ADOS scores, when using only ~5 minute segments of “free play” from the recorded
ADOS assessments. These results demonstrate the utility of motion capture for aiding researchers
and clinicians in the assessment of ASD social symptoms. Further development of this technology and
appropriate motion capture measures for use in kindergartens and at home is likely to yield valuable
information that will aid in quantifying the initial severity of core ASD symptoms and their change over
time.
Assessing the existence and severity of ASD symptoms in children is difficult and often requires a lengthy interview with the parents, multiple interactions with the child, and sometimes even a visit to observe the child in the
kindergarten. While clinical assessments can include structured tests such as the autism diagnostic observation
schedule (ADOS)1 and the autism diagnostic interview – revised (ADI-R)2, these clinical evaluations are mostly
focused on determining whether a diagnosis is warranted or not, and offer relatively limited quantitative information regarding the severity of specific symptoms. For example, the DSM-5 allows clinicians to define the severity
of the condition on a scale of 1–3 according to the support that the child will require3. Similarly, the ADOS-2
offers comparison scores that estimate the severity of the condition on a scale of 1–104. These scales have a limited
range and combine a variety of behaviors and symptoms into a single score. This means that ASD children with
different symptoms and severities can end up with an identical score, thereby undermining the ability of existing
clinical tests to quantify specific ASD symptoms and measure how they change over time, and in response to
treatment.
Developing objective, quantitative, and sensitive measures for specific ASD symptoms is extremely important
for several reasons. First, ASD is a remarkably heterogeneous condition in terms of its phenotype5, genotype6,
and hypothesized underlying mechanisms7. Quantitative measures of specific ASD symptoms are, therefore, critical for identifying ASD sub-groups with distinct phenotypes. Second, determining the efficacy of existing and
novel treatments requires the availability of sensitive quantitative measures that can assess change over time and
determine the impact of each treatment on specific symptoms. Third, quantitative measures of specific symptoms
may be useful for early detection (or risk assessment) of specific sub-types of ASD, even before the condition
can be diagnosed by conventional means. Note that developing such measures for young children with ASD is
likely to have the largest clinical impact given the flexibility of early development8 and the efficacy of early ASD
interventions9.
Previous attempts to quantify core social symptoms in children with ASD have mostly used manual coding of
live or video-taped observations, or utilized parental questionnaires. For example, studies have used observations
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of children in their natural habitat (i.e., kindergarten) to manually code the number and duration of social interactions10. Others have coded the amount of eye contact, tendency to smile, and general social activity11. Such
studies often report that children with ASD tend to spend less time engaged in social interactions12–14, initiate
fewer social encounters12, and exhibit poorer quality of social interaction10 when compared to typically developing children. In parallel, studies have reported that children with ASD exhibit lower scores on a variety of parent
or teacher questionnaires that estimate social behaviors and preferences15,16. While such quantification is very
useful, manual scoring and questionnaires are subjective and time consuming. This limits their reliability across
sites and applicability in large-scale longitudinal studies or clinical routines.
A promising alternative for manual coding is automated coding using motion-tracking technologies, which
can track the movements of multiple individuals simultaneously and quantify their interactions. Such technology
has been used extensively in the study of social interactions in animals17, enabling large studies of fruit flies18
and mice19, including mouse models of ASD20. Similar approaches have been used to study human behavior in
adults21, and even to identify repetitive movements in older children with ASD22 or typically developing adults
mimicking such movements23. However, to the best of our knowledge this technology has not been used so far to
study social interactions in children or to assess the severity of social symptoms in ASD children.
In the current study we utilized a marker-free motion-capture system, that integrated information from four
synchronized Microsoft Kinect sensors. We analyzed the ADOS assessments of 44 children who were referred
to the Negev Autism Center with a suspicion of ASD. Most of the ADOS assessment is conducted with the child
and clinician seated next to a table so that the child can focus on completing specific tasks. However, every ADOS
session also includes a 5–10-minute period called “free play” where the child is encouraged to leave their seat and
freely explore their surroundings. This segment of the ADOS was used when quantifying the social behavior of
each participating child with the motion capture system. We quantified several basic measures of social interaction, which included the distance between the child and the clinician, the relative amount of movement that
the child made towards (i.e., approach) or away (i.e., avoid) from the clinician, and the amount of time that the
child faced the clinician. These measures explained ~30% of the variability in ADOS scores across children. It is
remarkable that quantification of the children’s movements in relation to the clinician, even from a short 5-minute
segment of the ADOS, was indicative of their individual ADOS scores. We, therefore, suggest that these objective
and automated measures of social-interaction can add an important quantifiable dimension to the assessment of
ASD children. Furthermore, this technology can be adapted for the home and kindergarten environments, and
with additional research into relevant motion tracking measures may enable truly ecological measurements of
social difficulties, how they change over time, and in response to treatment.

Methods

Subjects. Forty-four children with a suspicion of ASD were recruited for this study. (35 boys and 9 girls, Mean

age: 39 months, std: 15.2, range: 14–72 months). Children and parents were recruited by the clinical staff at the
Negev Autism Center (www.negevautism.org), which is located in Soroka University Medical Center (SUMC).
All children who were referred to SUMC with a suspicion of ASD after January 2015 completed an ADOS assessment and were incorporated into the center’s database24. The study was approved by the SUMC Ethics committee and parents of all participating toddlers provided written informed consent. All research was performed in
accordance with the guidelines and regulations of the Helsinki committee.

Experimental setup. A clinical assessment room at the Negev Autism Center was modified for
motion-tracking research by installing four Kinect Cameras (Kinect V2, Microsoft inc. USA). The cameras were
installed at a height of 1.5 m in each corner of the rectangular room (5.8 by 3 m), and each camera was connected
to a dedicated computer. We used IPI Motion Capture (IPIsoft inc. Russia) to synchronize the recordings in time
and space across the four cameras. The Kinect cameras were programed to record infrared depth images at a sampling rate of 30 fps with a resolution of 512 × 42425. Note that this setup used only depth images from the Kinect
sensors (i.e., no video) to perform 3D motion-tracking, thereby ensuring the privacy of all participants.
Data acquisition.

Children were recorded during a clinical assessment using either the toddler’s module
or modules 1–3 of the ADOS-2 test1, which lasted approximately 40 minutes. All of the examined assessments
contained a 3–12-minute segment of “free play” where the clinician and child freely interacted in the middle of
the room. This part of the assessment is meant to give the clinician an opportunity to determine whether the
child initiates interactions, communicates spontaneously, explores the toys that are on the floor, plays with toys
in a symbolic manner, performs stereotypical movements, etc… We focused our analyses on this segment of the
ADOS, because in other segments the child is usually seated in a confined manner at a table next to the clinician.
The motion tracking measures were associated with the ADOS scores from the same session.

Pre-processing. We used IPI Mocap Studio (IPIsoft inc. Russia) to generate a 3-D cloud-point representation

of the room in each movie frame. After removing the room background (the background contains static objects in
the room, such as the furniture), this cloud-point representation mostly contains information about the people in
the room. IPI was then used to fit a skeletal model containing 27 joints to the cloud-point data of the child and the
clinician in each frame of the examined recordings. Manual examination of the skeletal fits revealed that hand and
leg joints were sometimes unstable and unreliable across frames while torso and head joints were highly reliable.
We, therefore, limited all further analyses to 11 torso and head joints as well as the estimated locations of the two
eyes. The center of mass (CM) was calculated as the center of these 11 joints for the clinician and child separately.
The child’s face direction (FD) was computed as a vector perpendicular to the head and originating between the
two eye positions. We then computed the angle between the direction of this vector and the clinician’s location
on each frame.
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Figure 1. Experimental setup. (A) Example of a single frame as captured by a single Kinect depth camera (left)
and after integrating the images from all 4 cameras, segmenting individuals from background, and fitting the
skeletons to both in a 3D reference frame (right). (B) Schematic presentation of the approach (green) and avoid
(red) directions, which were calculated as the child’s movement direction relative to the clinician.

Data analysis. We quantified different aspects of the child’s movements in the room throughout the extracted
segment using several measures. The first was the mean distance between the child and the clinician, representing
their proximity. The second was the percent of time that the child approached the clinician (i.e., moved toward the
clinician ±60°, Fig. 1B). The third was the percent of time that the child avoided the clinician (i.e., moved away
from the clinician ±60°, Fig. 1B). Unlike the distance measure, which was affected by the movements of the clinician, the approach and avoidance measures were solely based on the movements of the child. The fourth measure
combined the approach and avoid measures by quantifying the mean movement angle of the child with respect
to the clinician, weighted by the movement velocity. Children who moved towards the clinician more often than
away from the clinician had angles that were less than 90° and vice versa.
meanMA =

1
∑ Vi

N

∑

i=1

Vi ⋅ MAi

Where
MAi –Movement angle on frame i of the child relative to the clinician
Vi –Velocity on frame i
N –Number of frames
A final measure quantified the face direction (FD) of the child relative to the clinician’s location. We computed
the average angle between a vector representing the direction of the child’s gaze and a vector representing the
direction of the clinician. The gaze direction of the child was calculated from the top 4 joint locations, which
represented the top and bottom of the head as well as the two eyes. Specifically, we computed a line between
the top and bottom of the head. We then found a point in the middle of the two eyes. Finally, we computed the
gaze vector, which was perpendicular to the line between top and bottom of the head and intersected the point
between the two eyes. The angle between this gaze vector and the vector pointing in the direction of the clinician
was computed for each frame and then averaged across frames to quantify the FD.

Statistics.

We computed Pearson’s correlation coefficients between each of the motion-tracking measures
described above and the ADOS scores. We also performed the correlations separately for the social affect (SA)
and restricted and repetitive behaviors (RRB) severity scores. The statistical significance of each correlation was
determined using a randomization/permutation test. We performed 10,000 iterations where subject identities
were shuffled randomly to create a null-distribution of random correlation coefficients for each motion tracking
measure. Statistical significance was then established by determining whether the true correlation coefficient fell
below the 2.5 or above the 97.5 percentile of this null distribution (i.e., equivalent to a two-tailed p-value of 0.05).
Finally, we performed a step-wise multiple linear regression analysis where the dependent variable was the ADOS
score and the independent variables were the motion-tracking measures. The tested regression models included
each of the motion-tracking measures separately and together in all possible combinations. We then ranked the
regression models according to their adjusted R squared values.

Results

We examined how each of several motion tracking measures of child-clinician interaction were correlated with
the total ADOS scores of the children. We also examined the social affect (SA) and restricted and repetitive
behavior (RRB) scores of the ADOS separately, to assess the specific relationship between the motion tracking
measures and the severity of distinct ASD symptoms.

Mean distance between child and clinician.

The mean distance between the child and the clinician
differed across children. While some tended to be, on average, 0.8 m from the clinician, others were >1.5 m from
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Figure 2. Scatter plots demonstrating the relationship between individual ADOS scores and the mean distance
between clinician and child (A,D), the percent of time that the child approached the clinician (B,E), and the
percent of time that the child avoided the clinician (C,F). Relationships with both the ADOS social affect scores
(A–C) and total scores (D–F) are presented. Black line: least squares linear fit. Pearson’s correlation coefficient
and statistical significance are noted in each panel.

the clinician (Fig. 2A,D). The mean distance throughout the examined segment was positively correlated with the
children’s total ADOS scores (r(44) = 0.44, p = 0.002), ADOS social affect (SA) scores (r(44) = 0.41, p = 0.003),
and ADOS repetitive and restricted behaviors (RRB) scores (r(44) = 0.36, p = 0.02), demonstrating that children
with more severe symptoms tended to be further away from the clinician.

Approach and Avoidance behaviors. We then quantified the percentage of time that the child approached
(moved towards) or avoided (moved away from) the clinician (Fig. 2). Individual tendency to avoid the clinician
was significantly correlated with the ADOS total (r(44) = 0.4, p = 0.005) and SA (r(44) = 0.44, p = 0.002) scores,
but not with the ADOS RRB scores (r(44) = 0.15, p = 0.33). A corresponding negative correlation was also apparent with individual tendencies to approach the clinician, but this relationship was not significant for ADOS total
(r(44) = −0.14, p = 0.32), SA (r(44) = −0.13, p = 0.38), or RRB (r(44) = −0.1, p = 0.53) scores.
We created a composite measure of the approach and avoidance behavior for each child by computing the
mean movement angle of the child with respect to the clinician (Fig. 3). When moving directly towards the clinician, the angle would equal 0°, while moving away would yield an angle of 180° (Fig. 1B). The children’s mean
movement angles were significantly correlated with the ADOS total (r(44) = 0.35, p = 0.02) and SA (r(44) = 0.39,
p = 0.008) scores, but not with the ADOS RRB scores (r(44) = 0.11, p = 0.48). Note that the approach and avoid
measurements, and their composite, exhibited considerably stronger relationships with ADOS measures of SA
rather than RRB, demonstrating the specificity of these measures for quantifying the severity of social symptoms.
Face direction of the child. We examined the relationship between ADOS scores and the mean direction
that the child was facing relative to the clinician. We quantified the average angle that the child was facing relative to the clinician, the larger the angle the further away the child was facing (Fig. 4A). There was a positive
relationship between face direction (FD) angle and ADOS scores indicating that children with more severe ASD
symptoms tended to face further away from the clinician. This relationship, however, was not statistically significant for either the ADOS total (r(44) = 0.2, p = 0.19), SA (r(44) = 0.21, p = 0.17), or RRB (r(44) = 0.08, p = 0.59)
scores (Fig. 4). Note that the FD measure also exhibited a relatively stronger relationship with ADOS SA scores
than RRB scores.
Combining the measures.

The results above revealed that the two motion tracking measures with the
strongest relationship to ADOS SA scores were distance and %avoid, each explaining ~19% of the variance
in ADOS SA scores (Fig. 2). To determine the potential combined power of the different measures described
above, we performed a step-wise multiple regression analysis (see methods). We compared the ability of different
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Figure 3. Scatter plots demonstrating the relationship between individual ADOS total scores (left) or ADOS SA
scores (right) and mean movement angle of the child with respect to the clinician. Black line: least squares linear
fit. Pearson’s correlation coefficient and statistical significance are noted in each panel.

Figure 4. Child’s facing direction relative to the clinician (FD). A single frame of a cloud-point display
demonstrating the computation of the angle between the child’s direction of gaze (red vector) and the direction
of the clinician (green vector) (A). Scatter plots demonstrating the relationship between individual ADOS total
scores (B) or SA scores (C) and mean FD. Black line: least squares linear fit. Pearson’s correlation coefficient and
statistical significance are noted in each panel.

regression models to explain the ADOS SA scores of the individual children. The model with the highest adjusted
r2 value (adj. r2 = 0.29) included the distance, avoid %, and movement angle measures (Table 1). Note, however,
that there were a variety of models with very similar adjusted r2 values, indicating that there was a lot of overlap
in the explanatory power of the different variables. For example, dropping the movement angle measure from the
regression model had a minor effect on the adjusted r2 (adj. r2 = 0.28).

Discussion

A common defining characteristic of ASD children is their tendency to avoid social interactions. The results of
the current study demonstrate that this characteristic can be quantified in an objective, automated manner by
applying motion tracking techniques in the clinical assessment room. ASD children with higher ADOS scores
(more severe symptoms) tended to avoid interaction and kept a greater distance from the clinician (Figs 2–4).
These significant correlations between the ADOS scores and motion tracking measures seem particularly promising given that we examined only a short ~5 min segment of the ADOS where the child was freely interacting
with the clinician. Note that during the rest of the ADOS the child and clinician are purposefully seated next to
a table, which does not allow the child freedom to move towards/away from the clinician. Extracting the same
measures in other settings, where the child is free to move around for longer periods of time while they interact
with clinicians, parents, or peers, is likely to improve the quantification of social difficulties in ASD children. Note
that the measures presented in this study were more strongly correlated with ADOS SA scores rather than ADOS
RRB scores. This demonstrates that specific motion tracking measures can be used to quantify particular ASD
symptoms.

Quantifying social symptoms in ASD.

The most widely used standardized clinical assessment for quantifying ASD symptoms is the ADOS1, which is a structured diagnostic tool that was developed to help confirm the
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Dependent variable: ADOS total
Independent variables

F-stat

p-value

r2

Adj. r2

distance, avoid %

9.37

>0.001

0.31

0.28

distance, avoid %, FD

6.63

>0.001

0.32

0.27

distance, avoid %, movement angle

6.73

>0.001

0.32

0.27

distance, avoid %, FD, movement angle

5.2

0.002

0.33

0.27

distance, avoid %, approach %

6.1

0.002

0.31

0.26

Dependent variable: ADOS SA
distance, avoid %, movement angle

6.73

>0.001

0.34

0.29

distance, avoid %, FD

6.63

>0.001

0.33

0.28

distance, movement angle, FD,
approach %

5.19

0.002

0.35

0.28

distance, avoid %

9.37

>0.001

0.31

0.28

distance, avoid %, movement angle,
approach %

4.93

0.003

0.34

0.27

Table 1. Top five multiple regression models with the best ability to explain individual differences in either the
ADOS total scores or the ADOS SA scores. The motion-tracking measures (i.e., independent variables) included
in each model are listed along with the F-stat, p-value, r2, and adjusted r2 of each model.
ASD diagnosis according to DSM 53 criteria. While the ADOS has separate subscales for SA and RRB symptoms,
these scales are relatively limited in range and combine a variety of heterogeneous symptoms. For example, the SA
score is the sum of individual items that measure joint attention, eye contact, initiation of social communication,
reciprocal interaction, and other age related social behaviors. Each of these items is scored on a scale of 0–2, which
is extremely limited in sensitivity. Hence, two children with an identical ADOS SA score may have different social
symptoms at different levels of severity. Additional popular tests for ASD screening (e.g., Modified Checklist
for Autism in Toddlers26 and Social Communication Questionnaire27) or diagnosis (e.g., Autism Diagnostic
Interview2) have the same problem in that they offer limited ability to quantify specific ASD symptoms.
Quantification techniques for measuring the severity of specific social symptoms have been reported in
numerous studies using manual coding of behavioral observations12. For example, it has been reported that ASD
children exhibit significantly fewer spontaneous initiations of social interactions28,29, fewer approach behaviors
during parent-child interactions30, spend less time playing and interacting with peers10,11,31, spend more time in
solitary activities32, and keep larger distances from others33,34. While these measures are useful for quantifying the
severity of specific social symptoms in a sensitive manner, manual coding techniques are extremely laborious and
are, therefore, not suitable for large-scale studies or daily clinical routines. Indeed, most of the studies described
above analyzed short observations from small samples of 20–30 children.
The goal of the current study was to demonstrate that motion tracking algorithms can automate some of the
measures used to quantify the severity of social symptoms in young ASD children. By focusing on robust measures of distance and quantification of approach and avoidance behaviors, is was possible to explain a considerable
part of the variability in ADOS scores across children. Note that the examined motion tracking measures were
more strongly related to social symptoms (i.e., correlated with ADOS SA scores), rather than restricted and repetitive behaviors.
When interpreting our results, it is important to consider that context and surroundings are critical factors
that may influence social behavior. Here, we quantified social behavior during the ‘free play’ segment of the ADOS
assessment1. While this segment may differ across children and ADOS modules, the same clinician administered
all of the ADOS sessions reported in the current study, thereby enhancing context reproducibility. Quantifying
social behaviors using motion tracking in multiple contexts would be extremely useful for assessing the strengths
and weaknesses of individual children and for assessing improvements in specific settings.

Quantifying social interactions in animal models of ASD.

In contrast to contemporary behavioral
research with ASD children, which is heavily reliant on manual coding techniques, behavioral research with
ASD animal models relies heavily on objective, automated behavioral tracking techniques35. Most interesting are
ecological motion tracking techniques that can identify multiple individual animals in a social setting and track
their behavior relative to each other17. Such systems have been used, for example, to characterize the structure of
social interactions in fruit flies18 and large-scale group social dynamics of mice19. A recent study with BTBR mice,
a popular ASD mouse model36, used similar motion tracking techniques to demonstrate that BTBR mice remain
further away from control mice and exhibit reduced social exploration behaviors20.
A variety of new commercially available technologies for tracking human behaviors are emerging37. While
several studies have reported that similar motion tracking techniques can identify postural problems38 and certain repetitive behaviors22 in children with ASD, to the best of our knowledge, this is the first study to implement
measures of social interactions involving the relative movements of multiple individuals using motion tracking.
The ability to quantify social symptoms in young ASD children in this manner will enable further research to
relate specific findings across human and animal studies. Furthermore, combining additional automated measures from other behavioral domains such as speech (e.g., human speechome project39) may offer additional utility
in quantifying the development of social symptoms.
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Choice of motion tracking system.

The motion tracking system described in this paper, utilizing 4 synchronized Kinect cameras, is somewhat excessive for quantifying most of the reported measures. We initially built
this system with the goal of studying motor control in children with ASD. However, we failed in our attempts to
acquire stable and accurate limb positions that would have enabled us to quantify movement kinematics in the
children. We believe that this was due to three main challenges. The first is that the Kinect cameras and associated
software were designed to extract adult movements, where the larger size of the limbs makes it easier to identify
and track their location in space. The second is that the Kinect system assumes that individual subjects are standing in front of the camera without touching one another. ASD children, however, often sit and even lie down on
the floor during ADOS assessments, and sometimes make physical contact with the clinician. These situations
violate the assumptions of the Kinect algorithms and cause errors in the identification of joint locations. The third
is that the sampling rate of the Kinect cameras, 30 frames per second, is too low to accurately capture the kinematic properties of children’s movements.
For these reasons we focused our analyses on gross measures of movement, which mostly relied on extracting
the center of mass of the child and the clinician using the joint locations of the torso and head (i.e., excluding all
limb joints, see Methods). Given the promising utility of these gross measures of movement for quantifying the
social symptoms of ASD, future efforts could extract these measures using simpler and cheaper technologies (e.g.,
single camera from above or attaching a positional marker to each individual). Simplifying the data acquisition
setup would be an important step in creating a system that could be implemented in ecological settings such as
at home or in the kindergarten. The current explosion of commercially available digital devices for continuous
telemetry of children are likely to greatly facilitate these efforts37.

Conclusions

One of the biggest problems in contemporary ASD research is the shortage of sensitive and objective measures
for assessing longitudinal changes in behavioral symptoms. The development of automated behavioral tracking
techniques that can directly quantify the behavior of children (i.e., “digital phenotyping”) is, therefore, of great
importance for both basic research and clinical assessment of treatment efficacy. Similar systems have been of
great value in large-scale studies of social behavior in a variety of animal models. This study demonstrates the
utility of several gross measures of child-clinician interactions for quantifying social ASD symptoms. The ability
of these motion-tracking measures to explain ~30% of the variability in ADOS scores from only a ~5-minute
recording of the ADOS test, demonstrates their great potential utility for both scientific research and clinical
practice. Finally, adapting such systems to the home and kindergarten settings and performing further research to
validate the appropriate motion tracking measures for these settings, will enable quantification of social behavior
in the children’s natural environments, which are rarely examined in ASD research.

Data Availability

Raw data will be made available upon reasonable request from the authors.
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