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Towards improved child robot interaction by
understanding eye movements.
Katrin S. Lohan1,4 and Eli Sheppard1 and G.E. Little2 and G. Rajendran3

Abstract—Globally, 1 in 160 children has an Autism Spectrum
Disorder (ASD)[1]. Problems with joint attention (JA) are core
features of Autism Spectrum Disorders (ASD). Here, we investigate how typically developing (TD) children and children with
ASD initiate joint attention (IJA) with a gaze contingent avatar.
Thirty-one participants with ASD and thirty-three TD matched
controls directed an avatar’s gaze to a series of referent images.
Observing pupil diameter and gaze location data, we explore
how distinguishing the two groups as well as their different
eye-movement behaviours could be used to improve child robot
interaction.
With a sequence to sequence neural network we distinguish if a
child is typically developing or has an autism spectrum disorder,
then using K-means clustering, we group pupil diameters and
gaze locations independently to determine the child’s attention
level as well as to refine the classification process.
Using these metrics, we could trigger appropriate responses from
the robot to increase the level of attention from the child towards
the robot.
Results show significant differences between the eye behaviours
of individuals with autism spectrum disorders and those without.
Further to this, we achieve a 79.76% classification accuracy when
using pupil diameter data to distinguish the two groups.
Index Terms—ASD, Eye Movement, Cognitive Load, childrenrobot interaction

I. I NTRODUCTION
A. ASD
Autism Spectrum Disorder (ASD) is a neurodevelopmental
condition characterised by difficulties with social interaction
and communication and restrictive repetitive behaviors (American Psychiatric Association, 2013).
Despite being a developmental condition, ASD has not been
reliably biologically defined. It is therefore behaviourally diagnosed through higher order features in a dyad of impairments
in socialisation and repetitive/restrictive interests (DSM-V,
American Psychiatric Association, 2013). The search for the
genetic root of autism has so far proved elusive, indeed recent
research suggests that we are all on the autism spectrum to
some degree ASD [2]. The question then arises whether there
are true categorical differences between someone with formal
diagnosis of ASD and someone without - and at what point
a threshold of ASD is reached when it becomes clinically
relevant.
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2 School of Psychological Sciences & Health, University of Strathclyde,
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Rather than search for genes associated with a specific disorder
another way of trying to find the genetic basis is to look
for endophenotypes [3], which are essentially phenotypes
associated with larger features of the condition that might even
be shared with other conditions, for example, social cognition
[4].
Another avenue would be to seek, biomarkers that is biological
markers that are observable states of the person that can be
measured accurately and reproducibly and indicate a condition
or illness, but are not overt symptoms in themselves [5].
Children with ASD demonstrate deficits and delays in Joint
Attention (JA) [6], [7]. JA occurs when two people coordinate
their focus of attention to the same object or event. This is typically achieved using eye gaze, gesture and vocalisation, during
a social interaction. JA interactions comprise responding to JA
(RJA) and initiating JA (IJA) and are vital for the development
of language and communication skills [8], [9], [10]. Deficits in
JA in ASD are seen in reduced eye contact and limited use of
RJA and IJA [11]. The source of this difference may be due
to a lack of social motivation on behalf of the person with
ASD [12], rather than any processing difficulty. Regardless of
aetiology, however, IJA is one of the best behavourial markers
of ASD that we currently have and JA is a key component to
one of the gold standard diagnostic tools namely the Autism
Diagnostic Observation Schedule (ADOS, [13]). IJA also has
strong developmental credentials because JA has been argued
to be pre-cursor of theory of mind because problems with JA
lead to later downstream problems of high-order mentalising
[14]. From a developmental perspective, the Enactive Mind
hypothesis [15], [16], [17], states that from birth, individuals
with ASD do not have the same preference for gazing at the
other peoples eyes as neurotypicals. This early disruption to
social relevance of the eyes is thought to lead to problems
with joint attention, which in turn leads to problems of theory
of mind and other higher order social-cognitive competencies
[18]. The processing of faces, eyes and gaze is known to be
atypical in ASD [19], [20], [21] and this research has been
lead as much by advances in eye tracking methodology as
by theory development. So, many eye-tracking studies have
investigated viewing patterns of individuals with ASD when
presented with faces and social scenes. These studies suggest
that although individuals with ASD attend to and follow eye
gaze, they may demonstrate reduced visual attention to faces
and eyes [22] and spend less time viewing objects gazed at
by others in social scenes [22], [23], [24].
In fact, in previous work, we found differences in gaze behaviour suggesting different viewing strategies between ASD
and TD groups when completing a memory task under JA with
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an interactive avatar [25]. As well as atypical gaze behavior,
children with ASD also demonstrate different pupil diameters
than their TD peers. For example, [26] found comparatively
smaller average pupil diameters in children with ASD when
viewing images of landscapes, toys, animal faces and childrens faces. This difference was significant when participants
were looking at childrens faces. Conversely, [27] suggest no
differences in pupil diameter between children with ASD and
TD when presented with upright adult faces and significantly
increased pupil dilation in the ASD group for inverted faces
only.
B. Pupil diameter and cognitive load
Recent advances in eye tracking methods have focused
on pupil dilation (e.g. [28]) as a potentially useful measure
in ASD. However, we do not know whether differences in
dilation are associated with cognitive load [29], [27], social
sensitivity, or an interaction between the two. For example,
Muller et al. [30] found that their ASD group showed reduced
performance on a novel movie-based test of social cognition
and that this performance was explained by shorter fixation
duration on eyes and decreased pupil dilation.
Changes in the average pupil diameter or pupillometry in
neurotypicals are thought to be reflective of autonomic arousal
level and can be used to estimate cognitive load [31], which
quantifies the persons attentional workload. High concentration is associated with a more dilated pupil diameter and
lower concentration associated with a more constricted pupil
diameter (e.g. when driving a car [32]).
During story-telling and looking at a humanoid, NAO robot,
[33] found that the percentage of time the pupils are dilated
maximally is quite low (under 15%), but the constricted pupil
diameter is almost non-existent (below 2%). As discussed by
Fan et al. [34] Pupil diameter is an insightful measure in
the context of ASD. In the current paper we analysed the
pupil diameter data from our previously reported JA memory
task [25]. Here we focused on the IJA condition when faces
were the stimuli to be memorised. We aim to determine any
differences in pupil behaviour between children with ASD and
TD to distinguish between the groups.
C. Pupillary Light Reflex (PLR), Pupillometer
In the study of pupil diameter the pupillary light reflex has
been investigated substantially as it can encapsulate important
information about the well being of a person if there are
differences in the reaction to light [35], [36].
It has been studied in the context of health, for the activity of
the autonomous nervous system [35], [37], as well as in the
context of primates [38] and - as previously mentioned - was
also found to be an insightful measure in the context of ASD
[34]. PLR has been found to reflect a shift of attention towards
exogenous cues [37]. In our experimental setup participants
were asked to sit in a normal environment with light coming
from the laptop screen presenting the task. The background
of the laptop is dark, except for the avatar and the images
presented. Participants were using a chin rest during the task
observed. Therefore, we are expecting similar but not exactly
the same pupillary reflex as presented in [35], [37].

D. Gaze direction and AOI
In human-human and human-agent interaction gaze information has proven to be a substantial cue to inform ongoing
interaction status and the acceptance of an agent as an interaction partner (e.g. [39]). The measurement of average looking
times to an area of interest (AOI) as well as the frequency of
change between these AOIs is a standard in interaction studies
and has influenced the creation of eye-tracking software (e.g.
[40]). The analysis of AOIs is one of the most common
criteria to analyse joint attention in an interaction [41], [42],
[43], [44]and is typically measured with eye-tracking devices
or manually annotated video data (e.g. [39]). It has been
used widely in interaction studies with adults and children
and in the contexts of neurotypicals and children with ASD
[44], [45]found that applying robots as therapy tools seem
to improve engagement and elicit novel social behaviors from
people (particularly children and teenagers) with ASD. Hence,
identifying children with ASD and engaging with them is,
from a robots perspective, a useful skill for improving its
usage. Clearly robots are not replacing therapists[46], but they
could be used to support the work of a therapist. In the work
presented here, we will therefore employ machine learning and
pattern recognition techniques to evoke the possibilities of an
on-line detection mechanism, for a future robotic system.
E. Time dependent data
As the pupil diameter and gaze location change over time,
they can be said to be time dependent. This poses an interesting challenge for classification tasks as modeling a behaviour
over time can be difficult. The major difficulty of working
with time dependent data is segmentation, knowing when a
behaviour starts and finishes. To overcome this, we simply use
a fixed sample length of 1 second, consisting of 62 samples
of pupil diameter. By segmenting the data this way, we are
able to model the data as being non-time dependent by taking
each trial as a single time step.
F. Learning strategy NN
Neural networks have been shown to be powerful mechanisms for classifying many different types of data. Usually,
time dependent data is modeled using recurrent neural networks, for example in speech recognition [47].
Using stochastic gradient descent [48] and back propagation
[49] it is possible to train neural networks to correctly classify
data into different groups by providing a labeled training
set. One difficulty of such supervised training regimes is a
potential lack of generalisation, meaning that new data will
not be correctly classified. This is called over fitting and
is particularly likely to occur with small datasets, such as
ours. To overcome this, it is possible to include regularisation
methods such as dropout [50]. We did not find this necessary
which suggests that there is a general difference between TD
and ASD pupil behaviour. We opted for using a sequence
to sequence neural network [51] due to the time dependent
nature of the data. It is not trivial to distinguish the groups
without taking into account this time dependency, for example,
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the mean value over the sample period is dependent on the
individual not on whether they have an ASD or are TD.

FSIQ-4
Age in months

ASD (N=24)
90.54 (12.21)
128.63 (21.23)

TD (N=29)
90.34 (10.23)
126.38 (13.61)

TABLE I: IQ and Age matching of Participants

G. Clustering
In order to analyse the different pupil behaviours of the
participants, we utilised K-means clustering to try to group
similar behaviours together [52].
K-means clustering uses a predefined number of randomly
generated cluster centres to divide multidimensional data into
groups based on the euclidean distance between a data point
and the cluster centres. Each data point is assigned to the
cluster whose centre it is closest to. New locations for the
cluster centres is computed as the mean position of each data
point in the cluster. Data points are then re-assigned to the new
closest cluster centre; by doing this iteratively, eventually an
equilibrium is reached and the cluster centres become stable,
at which point each data point should be correctly grouped.
Selecting the number of cluster centres is typically done
analytically, i.e. a number of cluster centres is selected and
the final clusters are observed, if data points within clusters
appear to be too dissimilar, additional cluster centres can be
added or if different clusters seem very similar, the number of
centres can be reduced and clusters recalculated.
II. E XPERIMENTAL S ETUP
A. Participants
Following permission from relevant education authorities,
participants were recruited from schools with autism units,
schools for children with Special Educational Needs and
mainstream primary schools in central Scotland. Children with
ASD were identified by head teachers and recruited on the
basis of their diagnosis, which was further confirmed with
an ADOS [13] classification. 31 children with ASD and 33
typically developing (TD) children (four female participants
per group) participated in the study. One participant from
the ASD group did not meet the ADOS classification for
ASD, however, due to their community diagnosis of ASD
and their score on the Social Communication Questionnaire
(SCQ) in the high range [53], they were still included in the
study. Parents/guardians gave written consent for their childs
participation and children gave verbal consent at testing. The
study protocol received ethical approval from the University
of Strathclyde.
Two participants from the ASD group did not complete the
task, one due to technical problems with the hardware and the
other due to limited task engagement. Only participants and
trials that could be tracked more than 92 % of the time during
IJA trials and who performed at above chance level at the task
overall were included in the reported analysis. This led to the
removal of a further 5 participants from the ASD group. For
the TD group this led to removal of 4 participants. Overall,
participants included in the following analysis ASD N=24, TD
N=29.
IQ was measured by overall performance on four subscales
(FSIQ-4) of the Weschler Abbreviated Scale of Intelligence
(WASI-II). Table I shows the characteristics of the 53 participants included in the final analysis.

An independent samples t-test suggested no significant
differences in age (t(51) = .466, p = .643) or IQ (t(51) =
.064, p = .949) between the groups.
B. Hardware and software
The experiment was created and run with E-prime extensions for Tobii (E-prime) and displayed on a Dell latitude
E6510 laptop with a 15.5” screen, 1366/768 resolution and
a 60Hz refresh rate. Eye movements were tracked using a
Tobii X260 eye tracker (Tobii, Stockholm, Sweden) which sat
below the laptop screen, recording eye movements binocularly
at 60Hz with a spatial resolution of 0.4. Participants used a
chin-rest, positioned 62 cm from the screen.
C. Stimuli
The avatar was rendered using ’Blender’ 2.6 [54]. The
character, ”Danny” was male, childlike and cartoon-like, portraying a neutral facial expression. The avatar measured 6.9◦
by 8.7◦ and was centrally presented on a black background.
The avatar was flanked by two placeholders measuring 5.6◦ by
6.9◦ , displayed 7.8◦ from the centre of the screen to the left
and right. The avatar was animated to make a head turn and
gaze towards the placeholders. This animation was presented
at 25 fps.
Colour images of 48 faces, houses and abstract patterns were
presented during the task. Face images were taken from
normalised versions of the CAL/PAL faces database [55].
These comprised 24 male and 24 female faces with neutral
expressions shown on a grey background. Participants were
presented with the images under RJA conditions where they
followed the avatar’s gaze and IJA conditions where they
directed the avatar’s gaze. Here, only face image trials from
the IJA condition were analysed. For more information about
the RJA condition, the other image types and the full task
procedure, please see [25].
1) IJA learning phase: Fig. 1 shows the time course and
presentation of an IJA trial. Participants were instructed to look
at ”Danny” and then choose one placeholder to look at. Eye
tracker feedback allowed the avatar to follow participants’ gaze
to their chosen placeholder. Images subsequently appeared
in both placeholders. Here, the target image was the image
in the placeholder the participant chose to look at. The
non-target image was the image presented in the opposite
placeholder. Participants were asked to study the target images
and remember as many as they could for later. They were
asked to look back at the avatar to complete each trial.
Participants completed two blocks of 12 learning trials for
each joint attention (JA) condition (RJA/IJA). 8 learning trials
were IJA trials with face images, these are the subject of
the following analysis. Presentation of images as targets, nontargets, and novel images and the presentation order for RJA
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Fig. 1: Presentation of an IJA trial. 1. Initiation look, the avatar
gazes forward waiting for participant’s reference look. 2. Participant
chooses placeholder by making reference look to one placeholder.
After participant fixation of ≥200ms on one placeholder, the avatar
makes head turn to the same placeholder. Duration of head turn:
640ms 3. Images appear for 1000ms, when images disappear the
avatar remains fixated on empty placeholder for 400ms. 4. Sharing
look, the avatar returns his gaze to the participant.

and IJA blocks were randomised and counterbalanced across
participants. Target and non-target images presented in a single
trial were always unique and from the same image category.
Each block of trials was followed by a test phase where
participants recognition memory for the target images was
tested.

TD groups from their pupil or gaze behaviour, we used kmeans clustering to examine whether different behaviours
were present in each group using the euclidean distance between cluster centres and samples to determine which cluster
samples belong to. From this we found that the TD participants
showed greater variability in behaviour, with 5 distinct clusters
of pupil behaviour being present compared to only 3 for the
ASD participants. The clusters were used to select data and
train further sequence to sequence models to determine if the
classification accuracy could be improved. Data was selected
from the cosine shaped clusters as these were deemed to be
trials in which participants were most likely to have correctly
performed the assigned task. Further to this, clustering was
also performed with all ASD and TD data combined so that a
similar selection and classification process could be followed.
In order to examine the cause of these different pupil diameter
behaviours, we then examined the AOIs looked at during each
of these behaviours.
A. Stimulus Evaluation
From the overall 144 images of the three different image
types house, abstract and face [25], we selected the face
images for our analysis due to the fact that they show the least
variability in the mean intensity of the images. There were 48
face images, 24 female and 24 male, on a gray background.
Where the intensity v is defined as v = max(max(r, g), b),
with r,g and b being the color matrix of the RGB image.

D. Procedure
A standard calibration procedure was repeated until a good
calibration was achieved and the task could begin. Before the
first block 4 ’learning phase’ practice trials were presented,
showing images of common fruit and vegetables. These could
be repeated as many times as necessary. Participants then
completed the learning and test phases for each block. A short
break was offered between blocks until participants were ready
to continue with the task.
III. M ETHOD
Using a sequence to sequence [51] recurrent neural network
made of long short-term memory cells (LSTM) [56], we set
out to classify ASD and TD groups based on how their pupil
diameters change over a 1016 msec period, during an IJA
situation, the neural network was trained for up to 100 epochs
to do this using test accuracy for early stopping. We then
compared the classification accuracy using pupil diameter to
a classification based on which areas of interest (AOI) on the
screen each participant looked at over the 1016 msec period,
using the same neural network architecture. For both the pupil
diameter and AOI 61 samples were taken across the 1016 msec
period. The neural network was trained using the mean square
error between the network output and desired class label1 .
After determining that it is possible to distinguish ASD and
1 Code for the data preparation, clustering and classifcation can be found
at https://github.com/ems7/seq2seqASD

Fig. 2: Histogram of mean intensity overall images types used
for our experiment.
A large difference in intensity of the images would cause the
pupil to close with a spectrum of different behaviours due to
the pupillary light reflex (PLR)[34]. Thus for our analysis we
selected the images with the faces, their intensity distribution
can be found in green in fig. 2.
B. Data Preparation
For the data analysis we calculated the mean change of
the pupil diameter during the 1016 msec show target period
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for each trial, when the children were asked to focus on and
memorise the face image in the IJA condition. We discarded
all trials in which we did not capture at least 92% of the pupil
diameter data.
To guarantee that the biological difference between eyes
does not effect our results, we first calculated for each trial
the smallest and largest pupil diameter and transformed them
into 0 and 100 percent of the pupil diameter.
From this we derived in total 159 trials for the TD participants
and 93 trials for the ASD Participants.
We performed a four way cross validation by splitting the
data into four sets of test and training data. The data was split
with respect to participants, such that if a participant was in
the training data, they were not in the test data. Each split
contained at least 60 ASD and 60 TD trials and a maximum
of 67 ASD and 69 TD.
To cope with the noise of the raw-data we performed a
smoothing of the raw-data by using a window of N=5 data
points and a running mean calculation see below:
1
y(i) = (x(i) + x(i − 1)... + x(i − N )).
N
Based on this we performed a k-means clustering of the data.
C. k-means clustering
For the k-means clustering a specified number of cluster
centres are randomly generated, the data points are added to
the cluster which they are closest to. The cluster centre is
moved to the average point of the cluster and the data points
are reassigned to the cluster centre they are closest too. This
reassignment is done repeatedly until clusters are stable.
We performed this classification with different amounts of
clusters with between 2 and 6 clusters. The ASD data is
clustered into three clusters, 3 was chosen because larger
numbers simply subdivided existing clusters into obviously
visually similar sub-clusters. The TD data was clustered into
5 clusters for the same reasons,using only 3 clusters, resulted
in clearly different curves being clustered together.
1) Sequence to Sequence Model: The network used to
perform categorisation is a single layer sequence to sequence
model made of 32 LSTM cells. It was implemented using
the Keras library with a Tensorflow backend for Python 2.7.
The input to the network is a sequence of 62 pupil diameter
or area of interest samples (1016 msec) and the network is
tasked with categorising each input sequence into one of two
classes. The class with the highest confidence value is selected
as the predicted class label. The network is trained using the
RMSprop [57] algorithm for gradient decent with parameters,
learning rate = 0.001, epsilon = 1e−8 . It is used to minimise
the mean squared error between the network output and true
class labels for each input sample.
IV. R ESULTS
A. Neural Network Classification of ASD or TD
As described in sections III-C1 we split our data from the
TD and ASD participants into 4 different test and training sets,

to account for possible effects due to how the data was split.
21 ASD and 21 TD trials are selected at random from each
split (21 was chosen as this was the minimum number of trials
in the cosine shaped clusters of all the splits and ensuring that
each training condition had the same amount of training data
allows for the trials to be comparable). Each training condition
was run 8 times with different random initialisation of the
network weights each time and different randomly selected
data from the respective splits and clusters for the condition.
Each condition was trained for 100 epochs. Results of this
are shown in tables II, III. It is evident that in training our
network with pupil data we can learn, with a mean accuracy
of 79.76%, the difference between participants with ASD and
TD participants, in contrast to 75.89% for the classification
using AOI data. Overall accuracy is better using the pupil
diameter rather than using the AOI data.

B. Clustering
1) Clustering:pupil diameter data: Based on the k-Means
clustering described in section III-C, we gained 8 clusters of
pupil behavior, 3 for the ASD children (fig. 4) and 5 for the
TD children (fig. 5).
As presented in section I-B the Pupillary Light Reflex (PLR)
should be activated in our example task, this should result in
a cosine shaped curve for the pupil diameter. When looking
into fig. 4 and fig. 5, we can find 3 clusters representing this
behaviour, namely the second cluster from the right of the
ASD participant data and the second and third cluster from
the right in the top row of the TD participants (denoted ASD2,
TD2 and TD3, respectively).
2) Cluster:AOI data: Based on the classification of the
Pupil diameter presented above, we examined the AOI data
in each cluster. From this we were able to see how where
each of our participants were looking changed over time and
how this varies between each pupillary behaviour (see fig. 6,
fig. 7).
Looking at the 3 clusters, which show the required pupil
behaviour we find low percentage of looking somewhere else,
we find in the onset of the task more looking towards Danny
than in the end of the task and overall a high percentage of
looking at the target.
Furthermore, we can find that in the ASD cluster the percentage of looking towards Danny drops under 20% after 229
msec (=14 data collection point). For the first TD cluster we
can find this drop after 213 msec and for the second one only
after 344 msec. Looking at fig. 5 again, it appears that there
is a time delay in the closing process of the pupil in the TD3
cluster, which might relate to the slight difference in the gaze
direction.

C. Statistical analysis
1) Statistical analysis:pupil diameter data: We performed
a one-way ANOVA for the pupil diameter data comparing the
resulting clusters from above.
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Fig. 3: Data selection process for classification, using data from different clusters.
Data Type
Clustering
Augmentation
Split 1
Split 2
Split 3
Split 4
Average

None
Raw
Smooth
0.7351
0.8393
0.6682
0.6518
0.6310
0.6161
0.7842
0.8631
0.7046
0.7426

PD
Together
Raw
Smooth
0.6964
0.7262
0.7619
0.7827
0.6905
0.6786
0.6190
0.7262
0.6920
0.7284

Separate
Raw
Smooth
0.7054
0.7857
0.8244
0.8393
0.6220
0.6577
0.6280
0.9077
0.6949
0.7976

TABLE II: Classification accuracy using pupil diameter data

Data Type
Clustering
Augmentation
Split 1
Split 2
Split 3
Split 4
Average

None
None
0.7567
0.7857
0.7113
0.6600
0.7284

AOI
Together
Raw
Smooth
0.7202
0.6935
0.8155
0.7976
0.5923
0.7113
0.7262
0.6637
0.7135
0.7165

Separate
Raw
Smooth
0.9196
0.7976
0.8393
0.8065
0.6310
0.7798
0.6458
0.6012
0.7589
0.7463

TABLE III: Classification accuracy using area of interest data

Fig. 5: TD pupil diameter behaviour in clusters. Time (62Hz)
versus Pupil Diameter (%)

Fig. 4: ASD pupil diameter behaviour in clusters. Time (62Hz)
versus Pupil Diameter (%)

Statistical analysis:pupil diameter data (8 clusters): For the
8 clusters using the pupil diameter as the dependent variable
and the clusters as fixed factors, see fig. 8. This revealed a
significant main effect for cluster, F(7, 488) = 20.8, p = <.001,
η 2 = 0.23 where 488 is 8 clusters * 61 samples (see section
III).

Statistical analysis:pupil diameter data (3 clusters): Furthermore, performing a one-way ANOVA of the pupil diameter
as the dependent variable and the 3 clusters (ASD2, TD2,
TD3) as fixed factors, see fig. 9 non-significant main effect
for group, F(2, 183) = 1.92, p = 0.15 was found, η 2 = 0.021.
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Fig. 6: Mean gaze behaviour towards AOI in clusters of
ASD data. With yellow showing the percentage of looking
at the selected target of the participants, red showing the
percentage of looking at the Avatar Danny and blue showing
the percentage of looking somewhere else.

Fig. 8: Pupil diameter behavior in clusters. The error bars show
the standard error.

Fig. 7: Mean gaze behaviour towards AOI in clusters of
TD data. With yellow showing the percentage of looking
at the selected target of the participants, red showing the
percentage of looking at the Avatar Danny and blue showing
the percentage of looking somewhere else.

2) Statistical analysis:AOI data: Resulting from these clusters presented above we ran a mixed factorial ANOVA.
Statistical analysis:AOI data (8 clusters): Using percentage
of looking time as the dependent variable, an 8 x 3 mixed
factorial ANOVA with Group (8 Clusters) as a betweensubjects factor and AOI and (Danny, Target, Elsewhere) as
a within-subjects factor, revealed non-significant main effect
for group, F(7, 488) = <1, p = 1.00; a significant main effect
of AOI, F =(2, 976) = 2575, p <.001, partial η 2 = 0.815 and
significant Group x AOI interaction, F(14, 976) = 14 p <.001,
partial η 2 = 0.17.
Statistical analysis:AOI data (3 clusters): Using percentage
of looking time as the dependent variable, a 3 x 3 mixed factorial ANOVA with Group (ASD2, TD2, TD3) as a betweensubjects factor and AOI and (Elsewhere, Danny, Target) as a
within-subjects factor, revealed a non-significant main effect
for group, F(2, 183) = <1, p = 1.00; a significant main effect
of AOI, F =(2, 366) = 1660, p <.001, partial η 2 = 0.90 and
significant Group x AOI interaction, F(4, 366) = p <.001, ηp2
= 0.05 (see fig. 10).
Simple effects analysis:A one-way ANOVA (3 clusters):
A simple effects [looking at the simple effect of Cluster for
each level of AOI] analysis revealed a significant difference
between TD2 and TD3, for Elsewhere (p = .007); a significant
difference between ASD2 and TD2 (p =.011) and ASD2 and
TD3 (p =.010), for Danny and a significant difference between
ASD2 and TD2 (p = .009), for Target.

Fig. 9: Pupil diameter behavior in clusters. The error bars show
the standard error.

V. D ISCUSSION
A. Neural Network Classification
The classification of TD versus ASD was successful, having
achieved an average classification accuracy of 79.76% and
75.89% for the pupil diameter data and the areas of interest
(AOIs) respectively, as seen in table II and table III.
With small datasets we expect to see overfitting and poor
generalisation i.e. good performance on the training data but
poor performance on test data. However, in this case we
see good generalisation suggesting a clear difference between
ASD and TD behaviours, particularly when looking at the
pupil diameter data.
The pupil diameter data allows for distinguishing the two
groups more easily than the AOI data. This suggests that pupil
diameter metrics are a strong biomarker of autism spectrum
disorders.
B. Clustering
With regard to the behaviour analysis for both the gaze and
the pupil data our results reveal variability in the behaviour
between the ASD and TD groups. Five behaviour clusters were
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Fig. 10: AOI in clusters. The error bars show the standard
error.

found in the TD participants in contrast to only 3 in the ASD
participants. This suggests that the TD participants present a
larger variety of pupil response behaviours.
When looking into the gaze data we can see that in all clusters
the participants were looking mostly at the Target image and
least at something else. The variability of the behaviour comes
here from the amount and time they spent looking at Danny.
This was also reported by Little et al.[25], as significantly
different, between ASD and TD participants. With ASD participants spending more time looking at Danny.

clear differentitators, endophentypes and biomarkers continues
apace (see Insel 2014 [60], for a discussion re-deconstructing
current diagnostic groups with biomarkers).
Fan et al.[34]propose pupil eye dilation as potential biomarker
for ASD and Nystrom et al.’s [61] ] study with infant siblings
of children with ASD found that these children had a hypersensitive pupillary light reflexes - which supports the view
that altered sensory processing in infancy is associated with
elevated autism risk. Here, our data supports Nystrom’s study,
in that we found that pupilliary dilation differences are a better
differentiator than AOI. However, our sample was of older
children than Nystrom et al.’s and our sample was also fully
diagnosed and the context was in self-initiated interaction
[with the virtual character]. In sum, alterations in sensory
processing may be a better biomarker than social-cognitive
ones. More research is required, but this study suggests that
using pupil eye gaze - via virtual character interactions - is a
useful clinical and research path to take.
Our findings also add to the emerging area of social psychophysics (see [62], for a recent review) in which theses data
is driving our knowledge about the social relevance of the face.
Here, we specifically focused on the eyes (pupil diameter)
and argue that it might be considered a valuable metric in
differentiating children with ASD from their neurotypical
peers. Crucially, by using the interactive paradigm of IJA with
a virtual character, we bring in the social motivation to want to
share attention with another and retain experimental control.
Moreover our results suggest that fusing the information of
gaze and pupil data might make an automatic detection for a
robotic system to support therapeutic application more robust.

C. Statistical analysis
A significant difference was found between all 8 behaviour
clusters of the pupil diameter and non-significant difference for
the behaviour clusters of the gaze data (see section IV-C1 and
IV-C2). However there was a significant difference found for
the 3 different AOI’s across the behaviour clusters of the gaze
data. This was reported by Little et al.[25], as significantly
different, between ASD and TD participants.
Furthermore, we found a non-significant difference for the 3
behaviour clusters of the pupil data rated most similar (ASD2,
TD2, TD3)(see sectionIV-C1).
But we did find a significant difference in the 3 behaviour
clusters of the gaze data (ASD2, TD2, TD3), when looking
at the AOI’s (see section IV-C2). Here we could confirm
again the significant differences found by Little et al.[25]],
suggesting there is a difference of gaze behaviour between the
3 clusters rated most similar from the pupil data perspective.
It appears therefore that fusing these two data streams would
perhaps make the classification even more stable.
VI. C ONCLUSION
Consistently differentiating individuals with a diagnosis of
ASD from those without a diagnosis has proven both difficult
and controversial. Even updating the DSM-V to consider
ASD as a spectrum (i.e. not including autism sub-types)
has arguably not helped in diffusing calls for the diagnostic
category to be abandoned [58], [59]. So, the search for

VII. F UTURE W ORK
Future work might look at different ages along the ASD
spectrum (e.g. adults) and also manipulate the facial aspects
of the virtual character like its movement, morphology and
complexion [62]. This would help us build better virtual
characters that are truly data-driven. Reproducing these experiments using a robot in place of a virtual avatar would also
allow for the examination of how ASD and TD groups perceive
robots versus avatars as well as affording opportunities to
explore how robots can utilise human gaze behaviour as a
feedback signal.
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