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Abstract
Fetal alcohol spectrum disorders (FASD) is one of the most prevalent neurodevelopmental disorders, placing high psychological pressures and large economic burdens
on families and society. Yet, the current diagnostic process and screening tools are
challenging and time- and money- consuming, with underreported profiles of neurocognitive and neurobehavioral impairments, and an underestimated proportion of
at-risk population because of limited clinical resources. In this work, we assessed
children/youth with FASD from a multi-modal perspective and developed a highthroughput, low-cost screening protocol using a machine learning framework. This
annual screening procedure for children/youth at risk of FASD can be easily and
widely deployed with high expected monetary benefit, potentially leading to earlier
intervention and treatment crucial for neurodevelopmental disorders.
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Introduction

Fetal alcohol spectrum disorder (FASD), a consequence of prenatal exposure to alcohol [1], is
one of the most common causes of developmental disabilities and neurobehavioral deficits. The
estimated prevalence of FASD among school-age children may be as high as 2-5% in the U.S.
[2,3]. Costs associated with FASD, in areas such as medical care, special education and facilities,
and social services, can run into billions of dollars annually, which places a large burden on both
families and society [4,5]. Early screening is of significant importance because it can lead to early
intervention, which can mitigate the disruptive effects of the disorder and also reduce the probability
of developing secondary disabilities. However, the current clinical diagnostic procedures may take
up to two full days, requiring a multidisciplinary team comprised of a physician, psychologist, facial
dysmorphologist and occupational therapist [6]. The diagnostic criteria vary across clinics and
countries, leading to inconsistent diagnoses and treatments. The high rate of co-morbidity with
other developmental disorders such as attention deficit hyperactivity disorder [7] may also contribute
to misdiagnosis. Most screening or discrimination studies have so far relied on demographic,
behavioral, physical, and psychometric data, face morphometric analysis, and history of maternal
alcohol consumption [8-12], which are not time- and cost-efficient. Therefore, an easy, objective,
and effective procedure with globally unified standards to assess the deficits and differentiate the
neurological groups is desperately needed as a screening tool for children/youth at risk for FASD, to
help target the at-risk population, accelerate the clinical process, and improve diagnostic accuracy
and efficiency.
Compared to age-matched typically developing (TD) controls, previous studies heve revealed abnormalities in multiple brain regions, including the corpus callosum of children/youth with FASD.

Other types of deficits, including dysfunctions in oculomotor control, visuospatial ability, attention
and working memory, and alternations in executive functions and academic functions, are frequently
reported for the FASD group. In this paper, we start from a multi-modal perspective of those structural,
functional and cognitive impairments, including measurements from saccadic eye movement and
free viewing behavior, psychometric performance, and neuroimaging, to construct classifiers that
demonstrate high performances in identifying the clinical population. Considering time, cost, age
restriction, required administration, and accessibility of different measurements, we also propose
a high-throughput and low-cost screening procedure with high expected monetary benefit, based
on a subset of eye movement and psychometric tests, which could be widely deployed and lead to
the earlier intervention and treatment that is crucial for neurodevelopmental disorders. To quantify
the potential benefits of early screening on a large scale, we used tools from the theory of value of
information [13]. We propose a cost-benefit model based on this theory to evaluate the expected
benefits of our screening procedure.
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Materials and Methods

2.1

Multi-modal tests and data collection

This study included children/youth aged 5-18 years who were either TD healthy controls (n=116)
or had received a diagnosis of an FASD (n=91). Participants completed up to six tests, including
saccadic eye movement tasks (prosaccade, antisaccade and memory-guided/M-G saccade), free
viewing of videos, psychometric tests, and neuroimaging of the corpus callosum. See Tabel 1 for the
number of participants involved in each and in all of the tests.
Table 1: Number of participants for different tests
Prosaccade Antisaccade M-G saccade
n(FASD)

Free viewing

Psych

DTI

Six tests

71

67

61

47

58

41

22

n(control) 115

106

93

53

71

35

24

Saccadic eye movement tasks. Participants were seated in front of a monitor with a built-in
infrared illuminator and infrared camera. The coordinates of the left pupil were sampled in the
vertical and horizontal axes using the Eyelink 1000 system (SR Research, Kanata, ON). Each trial
started with the illumination of a central fixation point (FP). In the prosaccade and antisaccade
tasks [14,15], a peripheral target appeared randomly to the left or right after the FP disappeared.
Participants needed to complete a saccade to the correct location and were instructed to look towards
the target (prosaccade) or away from the target (antisaccade). In the memory-guided task, two
peripheral targets appeared sequentially. After the disappearance of the FP, participants were required
to make two saccades, as accurately as possible, to the remembered locations of the peripheral targets
in the same sequence in which they were presented [16]. Measurements including performance
accuracy, variability, main sequence, inhibition (special for anti- and memory-guided saccade),
working memory (special for memory-guided saccade), and other sensorimotor functions were then
derived from the recordings and treated as features for further classification analysis.
Free viewing. Participants watched a series of five 1-minute video clips, with each clip consisting
of a sequence of uncorrelated short video snippets of 2-4 seconds duration, chosen from a set of 70
snippets. Eye movements were recorded as described above for the right eye, and the participants
were instructed to simply “watch and enjoy the clips” [17].
Psychometric tests. Participants completed 20 subtests in domains of attention and executive
functioning, memory and learning, visuospatial processing, working memory, and math and reading
ability [18]. The scores of those subtests were pre-processed for age correction and standardization
[19] and then used as features for classification.
Diffusion tensor imaging (DTI). The corpus callosum was divided into six regions of interest
(ROI). Three eigenvalues, average length and angle were obtained for each ROI averaged across all
voxels in a given white matter tract [20,21], and used as input to the classifier.
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2.2

Data classification

Single test classification. The data from saccadic eye movements, psychometric tests and DTI were
analyzed using support vector machine-recursive feature elimination (SVM-RFE) [22]. SVM-RFE
allows group classification and feature selection at the same time. Data from participants who finished
all six tests were left out for testing and the remaining data was used for training with leave-one-out
(LOO) as the cross validation method.
The free viewing data were first pre-processed into attentional eye traces. The Itti-Koch saliency
model [23,24] was applied to obtain saliency maps for the visual properties of the scene elements
looked at by each participant. Another top-down map was derived from the Gaussian-smoothed
spatiotemporal gaze map of a group of healthy young adults (n=19) from USC [17]. The standardized
values of those maps were extracted at each recording point of the eye traces, resulting in what we call
“attentional eye traces” for each of the 70 video snippets, and then passed through two stacked tiled
convolutional neural networks [25]. 70 weak classifiers were trained from the learned representations,
after a dimension reduction step via L1-regularized logistic regression (LR). A second layer of LR
classifier was built on top of them to obtain the final prediction.
Multi-test classification. To take advantage of data from different tests, we then performed a
classification analysis on the dataset of the participants who finished all six tests (N = 46, see Table 1).
An iterative train-test procedure was applied. During each iteration: one participant’s data set was
excluded as test data; the remaining data were used for training with cross validation. Probabilities of
a participant being identified as having FASD as predicted from every test were concatenated as input
for training a LR classifier. The iteration terminated when every participant’s data was used as the test
sample once and the accuracy was calculated based on the prediction labels acquired during testing.
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Results

Classification accuracy of each test is summarized in Table 2. A classifier operating at chance
level would achieve 52.2% correct (naïve Bayes). The combination of subset measurements from
prosaccade, antisaccade, psychometrics, and free viewing resulted in the best multi-test classification accuracy of 84.8%. The sensitivity and specificity of classification were 81.8% and 87.5%
respectively.
Table 2: Number of participants for different tests
Prosaccade

Antisaccade

M-G
saccade

Free
viewing

Psych

DTI

Test accuracy

69.6%

76.1%

65.2%

71.7%

78.3%

67.4%

Time

7min

7min

10min

5min

45min

60min

psychometrist
or clinical
psychologist

MRI
technician and
imaging
center

7∼15 yrs

≥ 7 yrs

Required
administration
Age restriction

Anyone trained to use Eyelink 1000
≥ 3 yrs

≥ 6 yrs

≥ 6 yrs

≥ 2 mos

Total cost

$50/h

$200/h

$530∼540/h

Accessibility

****

**

*

During the classification process, we also discovered that features related to oculomotor control
functions (such as accuracy, variability, main sequence), sensorimotor functions, inhibition, working
memory, attention, math ability, and the posterior parts of the corpus callosum were distinguishing in
the detection of the FASD group, suggesting a comprehensive profile of the impairments.
The six tests could be investigated from various aspects besides classification accuracy (See Table 2
for details). Free viewing and saccadic eye movements are the lowest-cost tests with the easiest
accessibility and the least age restriction, whereas brain imaging is the most expensive paradigm with
the most difficult accessibility.
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Screening procedure

A high-throughput and low-cost screening procedure could be proposed at this point (see Figure 1). A
participant is first assessed by the prosaccade and free viewing tests, with sensitivity 77.3%, specificity
79.2%, and accuracy 78.3%, for estimating the risk of having FASD. If the participant is classified as
high risk of having FASD (FASD score returned by the classifier higher than 0.55 on a 0 to 1 scale),
then a full diagnostic evaluation could be suggested. This is the most cost-effective approach, with
the least age restriction and test load, and can be further evaluated from a “value of information”
perspective of view [13]. For older children/youth, the addition of the antisaccade test and/or of a
short battery of psychometric tests adds to the classification accuracy, leading to greater confidence
that at-risk children/youth are not missed.

Figure 1: Screening procedure.
For an individual with FASD, the expected annual savings with prosaccade and free viewing tests only
is about $7,670 (see Appendix for details about the cost-benefit analysis). The probability of missing
a patient in a consecutive 4-year period is less than 0.3% (0.234 ), which means that, with annual
screening using a low-cost, high-capacity procedure, a child/youth with FASD can be discovered
with a probability higher than 99.7% within 4 years. Thus the expected savings in 4 years is at least
$7670(1 + 0.23 + 0.232 + 0.233 ) = $9,933. For our group of 46 children/youth with FASD in the
testing group (the fraction of participants with FASD in the screened population pF is 0.48), the
expected value of individual annual savings multiplied by 46 is $148,065 for a screening procedure
composed of prosaccade and free viewing, $151,892 with the addition of antisaccade, and $187,220
with another addition of three psychometric subtests. Extrapolating this computation to a screened
population of 1,000 individuals results in savings of more than 3 to 4 million dollars. If only children
with known or suspected prenatal alcohol exposure or any suspected neurodevelopmental deficits
were to be screened using our method, a reasonable estimation of pF is likely to be higher than 0.48,
leading to even more savings based on our model.
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Conclusion

The proposed screening procedure consisting of three brief eye movement tests and three subtests
from the psychometric battery achieved a mean sensitivity of 82%, a mean specificity of 88%, and
an overall accuracy of 85%. It can be administered in under 1.5 hours. The method provides a
quantitative and objective signature of the disorder, for each individual, along multiple dimensions
that encompass a range of cognitive and oculomotor functions. It alleviates the need for screening
or discrimination tools that strongly rely on demographic, behavioral, physical, psychometric, face
morphometric analysis, and history of maternal alcohol consumption, though some of these could
be included in the referral process to ensure a relatively large pF . The screening procedure is also
much easier to implement with early or pre- school age children compared to the standard diagnostic
process. The data can be analyzed through the same machine learning pipelines and thus all the
screening estimations are achieved through the same standards. Such a screening tool could be widely
used at clinics, schools, or health units where young children are seen routinely, across different
regions and areas, promoting communications within an interdisciplinary context. Early screening
that streamlines a more in-depth clinical diagnostic process would have a substantial impact for
children with FASD because it could lead to earlier intervention and treatment, which is crucial for
neurodevelopmental disorders.
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Appendix
Screening
prediction

True label Probability Outcomes
Yes

𝑟$ 𝑝)

G − 𝐶$

No

𝑟)+ (1 − 𝑝) )

−𝐶$

Yes

𝑟/0 (1 − 𝑝) )

No

𝑟* 𝑝)

FASD

−𝐶%
Control

−L

Figure 2: Model structure for cost evaluation of the screening procedure.
Figure 2 shows the model structure used for the annual cost-benefit analysis of the screening procedure
for each individual. The probabilities in the model are derived from a priori probability of having
FASD (pF , which could be the fraction of participants with FASD in the screened population), and
the confusion matrix (detection rate rD , false alarm rate rF A , true negative rate rT N , and miss rate
rM , see Figure 1 for those values for different screening procedures). A general cost of the screening
is denoted as CS , of value smaller than $50 using initially only prosaccade and free viewing (Table 2).
Adding the antisaccade task does not increase this value since it can be done together with prosaccade
and free viewing. The cost of screening will increase by less than $200 when a short battery of
psychometric tests is also included. A participant predicted to be at high-risk of having FASD will
have a further clinical diagnostic evaluation, which costs less than $4,000 (excluding medication,
hospitalization and other non-diagnostic costs), denoted as CD . If our prediction of FASD is correct,
then we will have a gain G for early detection. Conversely, a loss L occurs when we miss a patient.
The values for G and L are difficult to estimate, and no quantitative studies about them were found.
However, a significant difference in the individual annual cost was reported for different severities of
FASD [1]. Early detection could mean that the progress of the disorder is mitigated by providing a
supportive, enriched environment for the child, and access to services for the family, and the benefit
gained from it could be at least $20,000 per year (difference of average annual health care costs
between severe and mild FASD patients). Thus G ≥ $20,000. If the screening procedure can be
applied annually, then the cost of missing a patient, L, should be less than G, under the assumption
that not all missed mild children/youth with FASD will develop severe symptoms within the year
before the next screening. The expected value of the model for an individual is computed as follows:
EV = rD pF (G − CD − CS ) − rF A (1 − pF )(CD + CS ) − rT N (1 − pF )CS − rM pF (L + CS )
For an individual with FASD, the expected annual savings with the aforementioned assumptions for
screening with eye movement tasks only is computed as:
EV = 0.77(G − CD ) − 0.23L − CS ≥ 0.77 × (20, 000 − 4, 000) − 0.23 × 20, 000 − 50 = 7, 670
[1] Stade B, Ali A, Bennett D, Campbell D, Johnston M, Lens C, et al. The burden of prenatal exposure to
alcohol: revised measurement of cost. Can J Clin Pharmacol 2009; 16(1): e91– e102.
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