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To date, the gold standard in diagnosing autism is called
the Autism Diagnostic Observation Schedule (ADOS) [5].
However, the ADOS requires implementation by specialized
clinical settings and trained professionals, which makes it
costly and inefficient, preventing a timely ASD diagnosis
for a large population. Furthermore, the current practices in
measuring ASD behavioral markers are still subjective as
the accuracy highly depends on the expertise and experience
of physicians. Due to these limitations, the average age of
ASD diagnosis in the U.S. is approximately 5 years old [6]
while most of the autistic children begin to exhibit specific
behavioral markers as early as the first to second year [7].
In fact, the early detection of autism is necessary for the
pre-emptive educational planning and treatment, provision
for family supports and education, and delivery of appropriate medical care [8]. Particularly if a diagnosis can be made
earlier, appropriate therapy can encourage child’s malleable
brain to reroute around faulty neural pathways [9]. Therefore,
an objective and evidence-based screening approach for ASD
is urgently needed.
Recently, several studies [10], [11] point out that human
attention (e.g., gaze) is a promising marker of the early
diagnosis of ASD. In particular, the gaze behavior is closely
related to human attention as Dakin et al. [12] have found
the abnormality in visual function of individuals with ASD
on the visual perception stimulus.
Also, Song et al. [13] explore the abnormality in the
dynamic gaze pattern of children with ASD when they
process a given social situation. The result indicates that this
abnormality is caused by their lack of ability to understand
the relationship depicted in the social scene. Based on these
works, we further explore the gaze pattern in both social
scene and non-social scene for the ASD screening.
In this paper, we present a novel gaze-based ASD screening method, Gaze-Wasserstein, by incorporating a modified
1st Wasserstein distance for the dissimilarity measure. As
the Wasserstein distance is stochastic and associated with
the gradient flow, 1st Wasserstein distance has advantages
of shorter computation time, higher accuracy, and higher
robustness to noises from irrelevant stimuli. Due to these
factors, our approach is also suitable for implementation of
ASD diagnosis system in mobile technologies. To the best of
our knowledge, there is no study in the literature to explore
advanced distance metrics for ASD screening systems. In
our system, k nearest neighbors classification (kNN), f score (F1) accuracy, equal error rate (EER), and receiver
operating characteristics curve (ROC) are further employed

Abstract— Early detection of children with autism spectrum
disorder (ASD) has been of great interest to researchers due to
an increase in the rate of autism incidence around the world.
However, a diagnosis of ASD is still challenging to receive in
a timely manner for the large-scale population because the
current diagnostic practice requires considerable cost and time,
and do not provide quantitative feedback. In this paper, we
explore a new ASD screening method, namely Gaze-Wasserstein,
that is non-invasive, fast, and widely accessible. Based on the
gaze tracking and analysis, Gaze-Wasserstein is able to provide
objective gaze pattern-based measurements for home-based
ASD screening, and can eventually be deployed on any mobile
technologies with a front camera. To test the performance of
Gaze-Wasserstein, we conducted a pilot study with 32 child
participants where 16 children have ASD and 16 children
are typically developing. Evaluation results demonstrate the
effectiveness and time-efficiency of our proposed method in the
ASD screening, which indicate that our Gaze-Wasserstein is a
promising autism screening approach in the clinical practice.

I. I NTRODUCTION
Autism spectrum disorder (ASD) is a neurodevelopmental
condition that is defined by concerns in three major domains:
social interaction, communication, and behavior [1]. The
impairment in social interaction causes an abnormality in
many nonverbal behaviors related to eye-to-eye gaze, facial
expression, and body gestures [2]. Also, restricted repetitive
patterns of behavior are often manifested by the persistent
and intensive preoccupation with parts over whole.
As autism is reported to occur in all racial, ethnic, and
socioeconomic groups, its prevalence is about 1-2 per 1000
people worldwide. According to the Centers for Disease
Control and Prevention (CDC) [3], about 1 in 68 children
in the United States has been diagnosed with ASD in 2016
while a government survey of parents suggests that 1 in 45
children has been identified with ASD. This signifies that
2 percent of children in the U.S. are living with autism,
which is notably higher than the official estimates reported
by CDC [4]. This gap between two reports implies the
significant limitation on the current ASD diagnostic system.
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to comprehensively evaluate the system performance. With
32 participants (16 children with ASD and 16 typically
developing children), the average of recall and precision
rate achieves 94.17% and 93.75%, and f -measure accuracy
achieves 93.96% for social scene stimulus.
In summary, there are three contributions in this paper:
• An analysis of new ASD screening method, named
Gaze-Wasserstein, that employs 1st Wasserstein distance as a dissimilarity measure for discrete gaze distribution.
• A comparison of the system performance on two types
of visual stimulus (social scene and non-social scene).
• A validation of feasibility of our proposed method by
performing a pilot study.

stimuli, while some others [22] hold a second opinion in
some conditions.
In sum, previous researches have convincingly proved the
early differences of gaze behavior between people with and
without ASD, particularly when parsing the behavior induced
by social symptomatology. This, in turn, provides multiple
ways for the detection of ASD. While the existing biofeedback based screening methods [23], [24], [25] require highly
controlled laboratory environment, we present more efficient
and feasible ASD screening approach for the implementation
in mobile technologies.
III. M ATERIALS
A. Participants
Our study was approved by the Institutional Review Board
of Women & Children Hospital, SUNY, University at Buffalo
and Buffalo State [IRB: 595026-3]. Collection of data is
obtained from 32 participants ranging in age from 2 to
10 year. Of the participants, 19 were male (59%) and 13
were female (31%). 16 children (9 of the males and 7
of the females) have been previously diagnosed with ASD
according to the Autism Diagnostic Observation Schedule
(ADOS) and criteria provided by Diagnostic Statistic Manual
(DSM). Other 16 participants without ASD (10 of the males
and 6 of the females) are classified as typically developing
(TD) children who have not been diagnosed with any neurodevelopmental disorders. Every participants were recruited
through an existing research program and parental consents
were obligatory and were obtained at the time of the study.
All participants, including children and their families, have
received a comprehensive description of the experiment and
its requirements.

II. R ELATED WORK
Gaze behavioral markers of ASD have already been explored by many previous studies. First, many studies [12],
[14] have proved a restrictive and unique gaze pattern of the
children with ASD. For example, Senju et al. [15] compared
direct gaze and averted gaze stimulus among typically developing children and children with ASD. The result showed
that children with ASD were better with detecting averted
gaze than detecting direct gaze, which was unlike normal
children.
Second, several literature have demonstrated how the
impairment in social interaction may affect the gaze pattern
of children with ASD. For instance, Rutherford et al. [16]
investigated how individuals with ASD focus on the facial
feature when perceiving emotional expressions. When choosing an image that resembles pre-defined emotion in reality,
individuals with ASD were more likely to select the most
exaggerated facial expressions, which the participants without ASD thought grotesque and unnatural. Also, Pelphrey
et al. [17] found that people with ASD spent longer time
on viewing non-feature areas of the faces while spending
less time on examining core features related to emotional
expressions. In this study, participants with ASD showed a
deficit in recognizing emotion, primarily due to their inability
in recognition of fear.
Third, many researchers also have examined the abnormalities in other aspects during the emotion and face recognition
task. Pierce et al. [18] discovered that although subjects
with ASD are able to somewhat perform the face perception
task, none of the region in the brain that supports the face
processing were found to be significantly active. Similarly,
Mammarella et al. [19] examined the performance of children with ASD and typical development (TD) control in
visuospatial working memory (VSWM) tasks under different
complexity. High semantic and low semantic visual spatial
stimuli were both presented. The result showed that TD
group were advantaged with the high semantic stimuli and
group of children with ASD had a detail-focused processing
style and were unable to utilize long-term memory semantics
to construct global representations of the array. Additionally,
some studies [20] [21] demonstrated that autism group
showed different response in GSR upon emotional visual

B. Hardware Unit
Collection of data is acquired with a Tobii EyeX Controller [26], which tracks the gaze pattern in response to the
visualization of stimulus. Particularly, the Tobii EyeX Controller utilizes near-infrared light to measure the movement
of eyes and detects the x and y axis of the gaze point at
the frequency of 120 Hz. Its operating range is 18” × 40”
with an eye to application latency of 15 ms ± 5 ms. The
screen size can be up to 27” and its weight is 0.2 lb with a
head-box size of 16” × 12”. Fig. 1 shows how Tobii EyeX
Controller works on the visual stimulus.

Fig. 1. Top row shows the examples of the visual stimulus and bottom
row shows the examples of the gaze pattern detected by Tobii EyeX.
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model to be intrinsically robust to noises from accidental
eye movement.
Let two distribution P and Q represent as follow:
first gaze point distribution P = {(x1 , p1 ) · · · (xm , pm )},
1 ≤ i ≤ m, and second gaze point distribution Q =
{(y1 , q1 ) · · · (yn , qn )}, 1 ≤ j ≤ n; and D = [dij ] is a ground
distance matrix where dij is the ground distance between
clusters xi and yj . Flow F = [fij ] is the solution of [27],
[29]:
n
m X
X
fij dij )
Wp (P, Q, F ) = min(

Fig. 2. A child is responding to the visual stimulus while the Tobii EyeX
controller detects the gaze behavior.
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i=1 j=1
n
m X
X

C. Procedures

fij dij =

n
m X
X

p

fij kxi − yj k = EF kX − Y k

p

i=1 j=1

i=1 j=1

(2)

Prior to the experiment, children and families were provided with photographs of the research location, as well as
pictures of the researchers and graduate assistants, in order to
get children familiarized with the environment setting. Also,
reinforcers, such as snack bars, drinks, and stickers, were
offered to participants to encourage compliant behavior and
awarded at the completion of the data collection session.
During the experiment, participants were guided into a small
room and seated at a table with computer equipment. The
task was organized in the series of eight visual stimuli
in total. Each pre-designed images was displayed to the
participants for five seconds and shifting to next image
took two seconds. Thus, total experimental process took
approximately 54 seconds. For selection of the visual stimulus, we have chosen the images that have a visually clean
background in order to prevent any unintentional distraction
from irrelevant stimuli. Fig. 2 shows one of the children
participating the experiment.
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First constraint forces the supplies to move from P to Q
but not from Q to P [30]. Second constraint shows that the
amount of supplies that can be sent by the clusters in P is
equal to its weights. Then, third constraint shows that the
clusters in Q from receiving supplies is equal to its capacity.
The last constraint forcefully moves the maximum amount
of supplies, which is also referred as a total flow. Once the
transportation of supplies is done, 1st Wasserstein Distance
is defined as [27]

IV. O UR G AZE -WASSERSTEIN F RAMEWORK
The Gaze-Wasserstein screening system is shown in Fig. 3.
This figure illustrates two main components of the GazeWasserstein: local access and remote access. Data of discrete
gaze distribution are acquired through a device that the
child is locally accessing. Although data collection in this
experiment is acquired by desktop, data can be collected
through mobile technologies, such as smart-phones, tablets,
and wearable eye tracker (see Section VI in detail). Then the
data are being remotely accessed and analyzed by physicians.
Details of data analysis and screening are discussed in this
section.

p 1/p

Wp (P, Q) = min {EF kX − Y k }
F

(7)

where p is value greater or equal to 1. k.k indicates the Lp
vector norm. Minimum of the expectation is taken over joint
probability distributions F when the marginal distribution of
X is P and the marginal of Y is Q.
However, gaze distributions of children with ASD often
contain very few gaze points compared to that of typically
developing (TD) children. It primarily because the children
with ASD often show a restricted gaze behavior. When
these very few points are within the boundary of the gaze
distribution of TD that is being compared, original 1st
Wasserstein algorithm perceives the distribution of ASD gaze
pattern as a part of the gaze distribution of TD control and,
thereby, gives a partial matching and misclassifies the subject
with ASD to TD subject. In order solve this issue, our 1st

A. 1st Wasserstein Distance
1st Wasserstein distance (WD) [27] is a very natural
way to compare the probability density functions of two
variable P and Q, where P is derived from Q by small,
nonuniform perturbation. Compared to deterministic distance
metrics, 1st Wasserstein distance has shorter computation
time [28] and it finds dissimilarity more accurately when the
ground distance is perceptually meaningful [29]. Moreover,
it is insensitive to oscillations and, therefore, allows our
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Fig. 3.

The Gaze-Wasserstein Autism Screening Framework.

Leave-one-out-cross-validation (LOOCV) is further applied to each eight trials. For the test with SS stimulus, one of
the gaze distribution on SS, whether it is a gaze distribution
of ASD subject (ASD-SS) or gaze distribution of TD subject
(TD-SS), is selected as a target data while the rest ASDSS and TD-SS data are considered as a training set. Then
kNN classification is done. This process repeats for each 32
subjects. For the test with NSS stimulus, one of NSS data,
whether it is ASD-NSS or TD-NSS, is selected as a target
data while the rest ASD-NSS and TD-NSS are regarded as
a training set. Then kNN classification is done. Again, this
process repeats for 32 times.

Wasserstein distance adds a penalty to the difference in the
number of points as follow [31]:
X
cp (P, Q) = min
fij dij +
W
α
fij

i,j

X

Pi −

i

X

Qj × α · max {dij }

j

i,j

(8)

This algorithm shares the same constraints with the origicp
nal 1st Wasserstein distance. If the masses are not equal, W
makes masses on both side to become equal by adding one
supplier or demander. The ground distance between these
added elements to other demanders or suppliers is set to
be α times the maximum ground distance [31]. For GazeWasserstein, we employed the α value of 0.5.
B. Classification with k Nearest Neighbors
With k-nearest neighbors (kNN) classifier, an object is
classified by a majority (a positive integer k) vote of its
neighbor. [32]. Data set S = {(xi , yi )} where xi ∈
Rp and yi ∈ {1, · · · , j}. Testing data are x ∈ Rp .
We must determine the label of x, which can be represented as y. For our study, xi ∈ Wp0,0 · · · Wpn,n ; yi ∈
{T D1 · · · T D16 , ASD1 · · · ASD16 } ; a = Wptesting . In this
study, we setup the value of k as 3 (see Section V-C in detail).

(a) Social scene stimuli (SS).

(b) Non-social scene stimuli
(NSS).

Fig. 4. Eight visual stimuli where four depict social scenes in (a) and other
four depict non-social scenes in (b).

V. P ERFORMANCE E VALUATION
A. Evaluation Description

B. Evaluation Results

There are eight visual stimuli given to each of 32 child
participants. The images that are illustrating more than one
human figure are classified as a social scene (Fig. 4(a))
and the images depicting only few non-human figures are
considered as a non-social scene (Fig. 4(b)). There are
four social scene stimuli (SS) and four non-social scene
stimuli (NSS). ASD-SS, TD-SS, ASD-NSS, and TD-NSS
respectively represent ASD group experimented on the social
scene stimuli, TD group with the social scene stimuli, ASD
group with the non-social scene stimuli, and TD group
with the non-social scene stimuli. In addition, ASD-total is
composed of ASD-SS and ASD-NSS data, and TD-total is
composed of TD-SS and TD-NSS data.

1) Accuracy: In order to have a comprehensive analysis
of the system accuracy, we first employ the f -measure
accuracy or balanced f -score (F1 ), which is known as a
harmonic mean of precision p and recall r. p is the number
of true positive (TP) divided by the number of positive calls
(TP+FP) while r is the number of true positive (TP) divided
by the number of condition positives (TP+FN) where FP is
false positive and FN is false negative. Simply, F1 is defined
as follow:

F1 = 2 ·
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2T P
precision · recall
=
precision + recall
2T P + F P + F N

(9)

Overall performance (ASD-total, TD-total) for all eight
trials (four SS and four NSS) is summarized in Table I. Its
average precision and recall are 91.41% and 92.08% with the
f -measure accuracy of 91.74%. This implies that our system
can correctly classify ASD and TD child subjects with the
accuracy of 91.74% when utilizing both SS and NSS.
Table II shows a performance of the system on social scene
alone. It has the average precision and recall value of 93.75%
and 94.17% with the f -measure accuracy of 93.96%. On
the other hand, the performance of the system on non-social
scene is shown in Table III. Its average precision and recall
value are 89.06% and 89.99% along with the f -measure
accuracy of 89.52%. In all aspects, the performance for
SS stimulus is better than that of the overall performance
and that of the performance for NSS stimulus alone. It
is important to point out that f -score accuracy of SS is
higher than f -score accuracy of overall by 2.22% and f score accuracy of NSS by 4.44%. This 4.44% suggests that
utilizing social scene for Gaze-Wasserstein is recommended
over using non-social scene.

(a) EER for both social and nonsocial scene.

Fig. 5. EER of ASD and TD. The standard deviation is represented by
the error bars.

Figure. 5(b) shows the EER value for SS and NSS,
separately. EER value of ASD-SS and TD-SS are 3.40% and
3.19% with the standard deviation of 2.67% and 2.06% while
that of ASD-NSS and TD-NSS are 9.15% and 7.51% with
the standard deviation of 5.60% and 2.48%, respectively. As
shown in Fig. 5(b), EER value of SS is always less than
the value of NSS for all cases. Thus, EER value for SS is
small enough to conclude that the Gaze-Wasserstein is highly
robust and has good screening sensitivity when utilizing the
social scene.

TABLE I
OVERALL PERFORMANCE TABLE

Total Scene
ASD
TD
Average

Recall (%)
87.50±8.84
95.31±2.89
91.41±3.64

Precision (%)
95.14±3.03
89.02±7.14
92.08±3.14

EER (%)
6.28±4.83
5.35±3.03
5.82±3.92

C. K-value Selection on the Classification Accuracy
For this part, we investigate the impact of k-value for
kNN classification on the performance of our system. As
mentioned above, our k-value for the Gaze-Wasserstein is 3.
In this experiment, we examine six k-values (1, 3, 5, 7, 9,
and 11) to explore an appropriate k-value for our system.
All k-value tests are experimented on both SS and NSS
(average of all eight scenes where four images are SS and
four images are NSS) and the results are illustrated in Fig. 6.
As shown in Fig. 6, the classification accuracy increases from
k = 1 to k = 3 and gradually decreases from k = 3 to k =
11. This trend indicates that k = 3 provides the best system
accuracy. In addition, the standard deviation of f -measure
accuracy for k = 3 (3.37) is the smallest among the standard
deviations for all k-values. This implies that our system is
highly stable when utilizing k = 3 for kNN classification.
Thus, the appropriate k-value for Gaze-Wasserstein is 3.

TABLE II
P ERFORMANCE TABLE FOR SOCIAL SCENE

Social Scene
ASD
TD
Average

Recall (%)
92.19±7.86
95.31±3.13
93.75±2.55

Precision (%)
95.41±3.07
92.93±6.52
94.17±2.08

EER (%)
3.40±2.67
3.19±2.06
3.30±1.28

TABLE III
P ERFORMANCE TABLE FOR NON - SOCIAL SCENE

NonSocial Scene
ASD
TD
Average

Recall (%)
82.81±7.86
95.31±3.13
89.06±3.13

Precision (%)
94.87±3.45
85.10±5.97
89.99±2.66

(b) Separate EER for social and
non-social scene. SS implies social scene and NSS implies nonsocial scene.

EER (%)
9.15±5.60
7.51±2.48
8.33±4.10

2) Equal Error Rate: Equal error rate (EER) is a measure
to evaluate the system performance. By definition, it is a
rate where the acceptance error, known as TPR, is equal
to the rejection error, known as FNR. The accuracy of the
system is high when EER value is low. Unlike the accuracy
metric, EER indicates the sensitivity of false positive and
false negative on the ASD screening. Box-plot of EER values
for ASD and TD is shown in Fig. 5.
Figure. 5(a) illustrates the EER value for overall performance in both SS and NSS. The error bar represents the
standard deviation of EER. EER value of ASD-total is 6.28%
and TD-total is 5.35% with the standard deviation of 4.83%
and 3.03%, correspondingly. In total, the average of EER
value for both ASD and TD is 5.82%.

Fig. 6. Impact of k-value selection on the classification accuracy. The
standard deviation is represented by the error bars.
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had 0% accuracy. As a result, total recall, precision, and f score value are respectively 47.22%, 24.28%, and 32.05%.
However, there is only 0.87% difference between EMD’s
recall value of TD (94.44%) and the recall value of TD
using 1st Wasserstein distance (95.31%). This implies that
partial matching characteristic of EMD does not affect TD
classification as much as ASD classification.
Receiver operating characteristic curve (ROC) is further
applied to effectively visualize the performance difference
between EMD and 1st Wasserstein distance. By definition,
ROC is calculated by a true positive rate (sensitivity) against
false positive rate (fall-out) at the various threshold settings.
Test performance is considered to be more accurate as the
curve follows the left-top portion of the space. Both Fig. 8(a)
and Fig. 8(b) are experimented on the SS stimulus. As
shown in Fig. 8(a), the performance of ASD and TD for
1st Wasserstein are very similar to each other and their
curves cross each other over different setups. For EMD, the
performance of TD, as illustrated in the Fig. 8(b), is better
than the performance of ASD because the partial matching
characteristic made ASD subjects to be classified as TD
subjects. Observing the general performance of two figures,
using 1st Wasserstein distance gives higher accuracy for both
of ASD and TD than using the EMD. This result corresponds
to the previous results on the recall, precision, and f -measure
accuracy.

D. Optimization of Screen Time Efficiency
As previously mentioned, each of pre-designed visual
stimuli is displayed for f ive seconds and shifting to next
visual stimulus takes two seconds. The pilot study is composed of four SS stimuli and four NSS stimuli. Therefore, the
total screen time took approximately 54 seconds. It is very
important to optimize the total time of the ASD screening
because child participants may have low compliance and
limited attentions in the study.
We investigate the time efficiency by reducing the number
of visual stimuli in the screening process. SS and NSS
stimulus are examined separately and the results are depicted
in Fig. 7. Initially, we start from one stimulus which requires
5 seconds. Then, we add the number of stimulus by one
until there are four stimuli that requires 26 seconds of the
screening process. As shown in the figure, the screening
accuracy (F-measure) increases as the screen time scales up
for both SS and NSS setups. Also, f-measure accuracy at
5-second screen time for SS can still reach over 91%. This
result demonstrates that our proposed screen time is efficient
to adopt in the real ASD screening practice.

Fig. 7.

Impact of screen time on the performance of Gaze-Wasserstein.

E. Comparison with Other Distance Metrics
(a) ROC of ASD and TD using (b) ROC of ASD and TD usWasserstein distance that does ing Earth Mover’s Distance that
not allow partial matching.
does allow partial matching.

1) Earth Mover’s Distance: Table IV depicts the recall
and precision of the ASD screening system using Earth
Mover’s Distance (EMD) [30]. EMD is known to be exactly
same as 1st Wasserstein when two distributions have the
same total mass [29], [33], [27]. However, our discrete gaze
pattern distributions do not have the same total mass. Also,
EMD allows the partial matching of gaze distributions while
our modified 1st Wasserstein distance does not allow it.

Fig. 8.

Partial matching characteristic in EMD is ineffective for
the screening of ASD because many gaze distributions of
children with ASD have a very small number of gaze
fixation points. Since the ASD subjects have restricted gaze
patterns and tend to show a persistent preoccupation with
parts over whole, their range of view can be fixed to only
few parts of the object, producing less number of points
compared to TD controls in the same period of time (top of
Fig. 9(b)). However, there are cases where the impairment
in social interaction plays a larger role. In this case, ASD
subjects lose the focus and the gaze points often become
very randomly and widely distributed as shown in the bottom
figure of Fig. 9(b). As a result, the randomness causes a
larger dissimilarity value when computed with another wide
and random distribution of ASD subject.

TABLE IV
OVERALL PERFORMANCE TABLE FOR EMD

Total Scene
ASD
TD
Average

Recall (%)
0.00 ± 0.00
94.44 ± 6.41
47.22 ± 3.21

ROC of ASD and TD for EMD and Wasserstein.

Precision (%)
0.00 ± 0.00
48.55 ± 1.70
24.28 ± 0.85

For performance using EMD, we have averaged out the
result of four scenes (two social scene and two non-social
scene) with exactly same participant as before (32 children).
Using EMD, every children with ASD are classified as TD
subject for all four trials and, therefore, ASD classification
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Fig. 10. Performance comparison among Wasserstein, EMD, and Hausdorff
distance. Error bar represents the standard deviation.

(a) Gaze distribution of TD
subjects.

(b) Gaze distribution of ASD
subjects.

VI. D ISCUSSION
Our Gaze-Wasserstein screening system could potentially
be work on the portable hardware, such as smart-phones and
tablets, without the need for additional eye tracking devices
like Tobii EyeX Controller [26]. In order to perform GazeWasserstein algorithm, only two technologies are needed: a
monitor to display visual stimuli and hardware containing the
eye-tracking system. In fact, eye-tracking technology using
mobile devices have already been developed in the past. For
instance, Song et al. presented a novel eye-movement based
authentication system for smart-phones. Using facial info
pre-processing and gaze-angle calculation, a front camera of
the phone extracts gaze pattern that reflects both physiological and behavioral aspects in nature [36]. Similarly, Krafka
et al. introduced an eye tracking solution targeting mobile
devices. As the handsets camera captures user’s face, a
software, named iTracker, accounts the position and direction
of the head and eyes to determine the position of gaze fixation point [37]. Thus, current mobile technologies satisfies
all aspects for Gaze-Wasserstein with several benefits over
other platforms. One advantage is that advanced multitasking
system in mobile technologies allows the device to display
visual stimuli while operating front camera. Also, a fixed
position of the front camera relative to the screen decreases
the number of unknown parameter and, thereby, provides the
high-accuracy calibration-free tracking [37]. Other benefits
include accessibility and portability.
However, our technique can also be applied to wearable
eye trackers [38]. In this case, the visual stimulus is replaced
from images to live view. Thus, benefit of using wearable eye
tracker will be that it could offer an accurate data of what a
child is looking at, wirelessly and in real time, and, therefore,
provide immediate response in the actual social situations.

Fig. 9. Gaze distribution of four subjects. All four gaze patterns are based
on the same SS image.

2) Hausdorff Distance: The Hausdorff Distance
(HD) [34] is known as a minimum bound of Euclidean
distance (ED). Let two finite point sets represent as
follow: first set A = {a1 , · · · , am } and second set
B = {b1 , · · · , bn }. Then the Hausdorff distance is described
as [35]
H(A, B) = max(h(A, B), h(B, A))

(10)

h(A, B) = maxmin ka − bk

(11)

a∈A b∈B

Here, h(A, B) is known as the directed Hausdorff distance
from set A and B with L2 norm k.k on the points of A and
B [35]. By definition, the Hausdorff distance is the longest
distance of all the distances from a point in one set to the
closest point in the other set. Table V depicts the recall and
precision of ASD screening system using Hausdorff distance.
In addition, f -score of Hausdorff distance is 75.16%. Its
precision, recall, and f -score are less than that of 1st Wasserstein distance by 17.19%, 15.95%, and 16.56%. Thus, overall
performance with Hausdorff distance is relatively lower than
the overall performance with 1st Wasserstein distance.
TABLE V
OVERALL PERFORMANCE TABLE FOR H AUSDORFF D ISTANCE

Total Scene
ASD
TD
Average

Recall (%)
60.94 ± 5.98
87.50 ± 5.10
74.22 ± 4.69

Precision (%)
83.06 ± 6.19
69.19 ± 3.96
76.13 ± 4.86

Summary: Figure 10 demonstrates the advantages of using
1st Wasserstein distance over EMD and Hausdorff distance.
When compared with EMD, 1st Wasserstein distance is
highly accurate for the screening of children with ASD
due to the absence of the partial matching characteristic. In
comparison with Hausdorff distance and other deterministic
metrics, stochastic 1st Wasserstein distance provides a better
performance due to its robustness to outlier gaze points.

VII. C ONCLUSION
In this paper, we presented a gaze pattern-based ASD
screening approach, called Gaze-Wasserstein. Unlike previously published works, Gaze-Wasserstein enhances the
global gaze pattern matching by employing the modified 1st
Wasserstein distance. kNN classification and leave-one-outvalidation are applied to validate the effectiveness of our
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approach. The evaluation results showed that our approach
achieves the average recall and precision of 94.17% and
93.75%, and f -measure accuracy of 93.96% for social scene
stimulus. This study not only demonstrates the feasibility of
our ASD screening approach in the clinical practice, but also
opens the way to implement early ASD diagnosis system in
the mobile technologies.
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