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METHODS AND APPARATUS TO DETERMINE DEVELOPMENTAL PROGRESS
WITH ARTIFICIAL INTELLIGENCE AND USER INPUT

CROSS-REFERENCE
[0001] The present application claims priority to U.S. Provisional Application Ser. No.
62/203,777, filed on August 11, 2015, entitled “Methods and Apparatus to Determine
Developmental Progress with Artificial Intelligence and User Input” [attorney docket no.
46173-702.101], the entire disclosures of which are incorporated herein by reference.
[0002] The subject matter of the present application is also related to U.S. Application Ser.
No. 14/354,032, filed on April 24, 2014, entitled “Enhancing Diagnosis of Disorder Through
Artificial Intelligence and Mobile Health Technologies Without Compromising Accuracy”
[attorney docket no. 46173-701.831], the entire disclosure of which is incorporated herein by

reference.

BACKGROUND OF THE INVENTION
[0003] Prior methods and apparatus for diagnosing people with a developmental disorder can
be less than ideal in at least some respects. Unfortunately, a less than ideal amount of time,
energy and money can be required to obtain a diagnosis or determine whether a subject is at
risk for developmental disorders such as autism, autistic spectrum, attention deficit disorder,
attention deficit hyperactive disorder and speech and learning disability, for example. The
healthcare system is under increasing pressure to deliver care at lower costs, and prior
methods and apparatus for clinically diagnosing or identifying a subject as at risk of a
developmental disorder can result in greater expense and burden on the health care system
than would be ideal. Further, at least some subjects are not treated as soon as ideally would
occur, such that the burden on the healthcare system is increased with the additional care
required for these subjects.
[0004] The identification of developmental disorders in subjects presents a daunting technical
problem in terms of both accuracy and efficiency. Many known methods for identifying such
disorders are often time-consuming and resource-intensive, requiring a subject to answer a
large number of questions or undergo extensive observation under the administration of
qualified clinicians, who may be limited in number and availability depending on the
subject’s geographical location. In addition, many known methods for identifying
developmental disorders have less than ideal accuracy and consistency, as subjects to be

evaluated using such methods often present a vast range of variation that can be difficult to
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capture and classify. A technical solution to such a technical problem would be desirable,
wherein the technical solution can improve both the accuracy and efficiency of existing
methods. Ideally, such a technical solution would reduce the required time and resources for
administering a method for identifying developmental disorders, and improve the accuracy
and consistency of the identification outcomes across subjects.

[0005] Although prior lengthy tests with questions can be administered to caretakers such as
parents in order to diagnose or identify a subject as at risk for a developmental disorder, such
tests can be quite long and burdensome. For example at least some of these tests have over
one hundred questions, and more than one such lengthy test may be administered further
increasing the burden on health care providers and caretakers. Additional data may be
required such as clinical observation of the subject, and clinical visits may further increase
the amount of time and burden on the healthcare system. Consequently, the time between a
subject being identified as needing to be evaluated and being clinically identified as at risk or
diagnosed with a developmental delay can be several months, and in some instances over a
year.

[0006] The delay between identified need for an evaluation and clinical diagnosis can result
in less than ideal care in at least some instances. Some developmental disorders can be
treated with timely intervention. However, the large gap between a caretaker initially
identifying a prospective as needing an evaluation and clinically diagnosing the subject or
clinically identifying the subject as at risk can result in less than ideal treatment. In at least
some instances, a developmental disorder may have a treatment window, and the treatment
window may be missed or the subject treated for only a portion of the treatment window.
[0007] Although prior methods and apparatus have been proposed to decrease the number of
questions asked, such prior methods and apparatus can be less than ideal in at least some
respects. Although prior methods and apparatus have relied on training and test datasets to
train and validate, respectively, the methods and apparatus, the actual clinical results of such
methods and apparatus can be less than ideal, as the clinical environment can present more
challenging cases than the training and test dataset. The clinical environment can present
subjects who may have one or more of several possible developmental disorders, and relying
on a subset of questions may result in less than ideal sensitivity and specificity of the tested
developmental disorder. Also, the use of only one test to diagnose only one developmental
disorder, e.g. autism, may provide less than ideal results for diagnosing the intended
developmental disorder and other disorders, as subject behavior from other developmental

disorders may present confounding variables that decrease the sensitivity and specificity of
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the subset of questions targeting the one developmental disorder. Also, reliance on a
predetermined subset can result in less than ideal results as more questions than would be
ideal may be asked, and the questions asked may not be the ideal subset of questions for a
particular subject.

[0008] Further, many subjects may have two or more related disorders or conditions. If each
test is designed to diagnose or identify only a single disorder or condition, a subject
presenting with multiple disorders may be required to take multiple tests. The evaluation of a
subject using multiple diagnostic tests may be lengthy, expensive, inconvenient, and
logistically challenging to arrange. It would be desirable to provide a way to test a subject
using a single diagnostic test that is capable of identifying or diagnosing multiple related
disorders or conditions with sufficient sensitivity and specificity.

[0009] In light of the above, improved methods and apparatus of diagnosing and identifying
subjects at risk are needed. Ideally such methods and apparatus would require fewer
questions, decreased amounts of time, determine a plurality of developmental disorders, and
provide clinically acceptable sensitivity and specificity in a clinical or nonclinical
environment. Ideally, such methods and apparatus can also be used to determine the

developmental progress of a subject.

SUMMARY OF THE INVENTION
[0010] The methods and apparatus disclosed herein can determine the developmental
progress of a subject in a clinical or nonclinical environment. For example, the described
methods and apparatus can identify a subject as developmentally advanced in one or more
areas of development, or identify a subject as developmentally delayed or at risk of having
one or more developmental disorders. The methods and apparatus disclosed can determine
the subject’s developmental progress by analyzing a plurality of characteristics or features of
the subject based on an assessment model, wherein the assessment model can be generated
from large datasets of relevant subject populations using machine-learning approaches. The
methods and apparatus disclosed herein comprise improved logical structures and processes
to diagnose a subject with a disorder among a plurality of disorders, using a single test.
[0011] The methods and apparatus disclosed herein can diagnose or identify a subject as at
risk of having one or more developmental disorders among a plurality of developmental
disorders in a clinical or nonclinical setting, with fewer questions, in a decreased amounts of
time, and with clinically acceptable sensitivity and specificity in a clinical environment. A

processor can be configured with instructions to identify a most predictive next question,
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such that a person can be diagnosed or identified as at risk with fewer questions. Identifying
the most predictive next question in response to a plurality of answers has the advantage of
increasing the sensitivity and the specificity with fewer questions. The methods and
apparatus disclosed herein can be configured to evaluate a subject for a plurality of related
developmental disorders using a single test, and diagnose or determine the subject as at risk
of one or more of the plurality of developmental disorders using the single test. Decreasing
the number of questions presented can be particularly helpful where a subject presents with a
plurality of possible developmental disorders. Evaluating the subject for the plurality of
possible disorders using just a single test can greatly reduce the length and cost of the
evaluation procedure. The methods and apparatus disclosed herein can diagnose or identify
the subject as at risk for having a single developmental disorder among a plurality of possible
developmental disorders that may have overlapping symptoms.

[0012] While the most predictive next question can be determined in many ways, in many
instances the most predictive next question is determined in response to a plurality of answers
to preceding questions that may comprise prior most predictive next questions. The most
predictive next question can be determined statistically, and a set of possible most predictive
next questions evaluated to determine the most predictive next question. In many instances,
answers to each of the possible most predictive next questions are related to the relevance of
the question, and the relevance of the question can be determined in response to the combined
feature importance of each possible answer to a question.

[0013] In one aspect, disclosed herein is an apparatus for evaluating a subject for risk of
having a developmental disorder among two or more related developmental disorders. The
apparatus comprises a processor comprising a tangible medium configured with instructions
to present a question to the subject, the question configured to assess a clinical characteristic
related to the two or more related developmental disorders. The tangible medium is further
configured with instructions to receive an answer corresponding to the clinical characteristic
of the subject related to the two or more related developmental disorders. The tangible
medium is further configured with instructions to determine, in response to the answer,
whether the subject is at greater risk of a first developmental disorder or a second
developmental disorder of the two or more related developmental disorders, with a sensitivity
and specificity of at least 80%.

[0014] In another aspect, disclosed herein is an apparatus for evaluating a subject for risk of
having a developmental disorder among two or more related developmental disorders. The

apparatus comprises a processor comprising a tangible medium having an assessment model
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stored thereon, the assessment model comprising statistical correlations among a plurality of
clinical characteristics and clinical diagnoses of the two or more related developmental
disorders. The tangible medium is configured with instructions to receive an answer
corresponding to a clinical characteristic of the subject related to the two or more related
developmental disorders. The tangible medium is further configured with instructions to
determine, in response to the answer and the assessment model, whether the subject is at
greater risk of a first developmental disorder or a second developmental disorder of the two
or more related developmental disorders, in response to the assessment model.

[0015] In another aspect, disclosed herein is an apparatus for evaluating a subject for risk of
having a developmental disorder among two or more related developmental disorders having
a comorbidity. The apparatus comprises a processor comprising a tangible medium
configured with instructions to present a question to the subject, the question configured to
assess a clinical characteristic related to the two or more related developmental disorders.
The tangible medium is further configured with instructions to receive an answer
corresponding to the clinical characteristic of the subject related to the two or more related
developmental disorders. The tangible medium is further configured with instructions to
determine, in response to the answer, whether the subject is at risk of a first developmental
disorder and a second developmental disorder of the two or more related developmental
disorders with comorbidity, with a sensitivity and specificity of at least 80%.

[0016] In another aspect, disclosed herein is an apparatus for evaluating a subject for risk of
having a developmental disorder among two or more related developmental disorders. The
apparatus comprises a processor comprising a tangible medium configured with instructions
to receive a plurality of answers to a plurality of asked questions among a plurality of
questions. The plurality of answers corresponds to clinical characteristics of the subject
related to the two or more related developmental disorders. A plurality of remaining unasked
questions of the plurality of questions comprises a most predictive next question. The
tangible medium is further configured with instructions to determine, based on the plurality
of answers, whether the subject is at greater risk of a first developmental disorder or a second
developmental disorder of the two or more developmental disorders. The tangible medium is
further configured with instructions to identify the most predictive next question among the
plurality of remaining unasked questions, in response a determination of the subject as at
greater risk of a first developmental disorder or a second developmental disorder of the two

or more related developmental disorders.
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[0017] A question that is most predictive of the first developmental disorder may be
identified as the most predictive next question in response to a determination of the subject as
at greater risk of the first developmental disorder. A question that is most predictive of the
second developmental disorder may be identified as the most predictive next question in
response to a determination of the subject as at greater risk of the second developmental
disorder.

[0018] The processor may be configured with instructions to display the question and the
most predictive next question. The processor may comprise instructions to identify the most
predictive next question in response to the plurality of answers corresponding to the plurality
of clinical characteristics of the subject. The plurality of answers may comprise a sequence
of answers to a sequence of most predictive next questions.

[0019] The processor may be configured with instructions to identify the most predictive next
question in response to an estimated predictive utility of each remaining question. The
estimated predictive utility of each remaining question may be determined in response to a
combination of a predictive utility of each possible answer to each remaining question and a
probability of said each possible answer. The estimated predictive utility of each remaining
question may be determined with a summation of products comprising the predictive utility
of each possible answer to each remaining question combined with the probability of said
each possible answer. The predictive utility of each possible answer may be multiplied by a
probability of occurrence for said each possible answer. The predictive utility of each
possible answer may correspond to a correlation of said each possible answer with clinical
diagnosis of the first developmental disorder. The probability of said each possible answer
may be determined in response to one or more answers of the subject corresponding to one or
more clinical characteristics of the subject.

[0020] The processor may be configured with sufficient statistics to identify the most
predictive next question that is most predictive of the first developmental disorder. The
sufficient statistics may comprise sufficient statistics determined with one or more of a binary
tree, a random forest, a decision tree, a plurality of decision trees, a plurality of decision trees
with controlled variance, a multinomial logistic regression, a naive Bayes classifier, a linear
classifier, an ensemble of linear classifiers, a boosting algorithm, a boosting algorithm trained
with stochastic gradient descent, a boosting algorithm comprising training data weighting, a
boosting algorithm comprising updating training data weighting, or a boosting algorithm
comprising updating misclassified training data with higher weights. The sufficient statistics

may comprise sufficient statistics of a classifier trained and validated on one or more subject
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populations. The processor may comprise instructions to identify the most predictive next
question in response to a plurality of answers corresponding to a plurality of clinical
characteristics of the subject, a plurality of remaining questions, and an informativeness of
each question of the plurality of remaining questions determined with the sufficient statistics.
The most predictive next question may be identified in response to one or more of an
informativeness or an estimated predictive utility of the most predictive next question
determined in response to a plurality of answers corresponding to a plurality of clinical
characteristics of the subject. The processor may comprise instructions to determine an
informativeness of the most predictive next question in response to an output of a
probabilistic graphical model comprising estimates of probability coefficients determined
with logistic regression.

[0021] The processor may be configured with sufficient statistics of a machine learning
algorithm configured in response to a plurality of clinically assessed subject populations in
order to identify the most predictive next question that is most predictive of greater risk of the
first developmental disorder. The processor may be configured with instructions to identify
the most predictive next question in response to an estimated predictive utility of the most
predictive next question with respect to each of the two or more developmental disorders.
The processor may be configured with instructions to identify the next most predictive
question with one or more of a binary tree, a random forest, a decision tree, a plurality of
decision trees, a plurality of decision trees with controlled variance, a multinomial logistic
regression, a naive Bayes classifier, a linear classifier, or an ensemble of linear classifiers.
[0022] The processor may be configured with instructions to identify first a first plurality of
next most predictive questions of a first disorder, and to identify second a second plurality of
next most predictive questions of a second disorder in response to a first plurality of answers
to the first plurality of next most predictive questions related to the first disorder. The
processor may be configured to identify each of the plurality of next most predictive
questions in response to an answer to an immediately preceding next most predictive
question. The processor may be configured with instructions to determine a first plurality of
next most predictive questions together and to receive answers to the first plurality of next
most predictive questions, and the processor may be configured to determine a second
plurality of next most predictive questions together in response to the answers to the first
plurality of next most predictive questions.

[0023] The processor may be configured with instructions to determine a first plurality of

next most predictive questions of a first disorder and a second plurality of next most
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predictive questions of a second disorder. The processor may be configured with instructions
to determine the second plurality of next most predictive questions of the second disorder in
response to answers to the first plurality of next most predictive questions. The processor
may be configured with instructions to determine a next most predictive question of the
second plurality of next most predictive questions of the second disorder in response to first
answers to the first plurality of next most predictive questions and second answers to the
second plurality of next most predictive questions. The processor may be configured with
instructions to determine a first feature importance related to the first disorder for each of the
first plurality of next most predictive questions and a second feature importance related to the
second disorder for each of the second plurality of next most predictive questions. The
processor may be configured with instructions to determine a next most predictive question
of a first disorder and a second disorder.

[0024] In another aspect, disclosed herein is an apparatus to determine developmental
progress of a subject in response to a plurality of questions. The apparatus comprises a
processor comprising a tangible medium configured with instructions to receive a plurality of
answers to a plurality of asked questions among a plurality of questions. The plurality of
answers correspond to clinical characteristics of the subject related to the developmental
progress, and a plurality of remaining unasked questions of the plurality of questions
comprise a most predictive next question. The tangible medium is further configured with
instructions to determine the developmental progress of the subject based on the plurality of
answers. The tangible medium is further configured with instructions to identify the most
predictive next question among the plurality of remaining unasked questions, in response to a
determination of the developmental progress of the subject.

[0025] In another aspect, disclosed herein is an apparatus for evaluating a subject as
developmentally advanced in an area of development among a plurality of areas of
development. The apparatus comprises a processor comprising a tangible medium
configured with instructions to receive a plurality of answers to a plurality of asked questions
among a plurality of questions. The plurality of answers correspond to clinical characteristics
of the subject related to the plurality of areas of development, and a plurality of remaining
unasked questions of the plurality of questions comprise a most predictive next question. The
tangible medium is further configured with instructions to determine, based on the plurality
of answers, whether the subject is developmentally advanced in a first area of development
compared to a second area of development of the plurality of areas of development. The

tangible medium is further configured with instructions to identify the most predictive next
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question among the plurality of remaining unasked questions, in response a determination of
the subject as developmentally advanced in the first area of development compared to the
second area of development of the plurality of areas of development.

[0026] In another aspect, disclosed herein is an apparatus for evaluating a subject for risk of
having a developmental disorder among two or more developmental disorders. The
apparatus comprises a processor comprising a tangible medium configured with instructions
to receive input data corresponding a clinical characteristic of the subject related to the two or
more developmental disorders. The tangible medium is further configured with instructions
to determine, in response to the input data, whether the subject is at greater risk of a first
developmental disorder or a second developmental disorder of the two or more related
developmental disorders, with a sensitivity and specificity of at least 80%.

[0027] In another aspect, disclosed herein is an apparatus for evaluating a subject for risk of
having a developmental disorder among two or more related developmental disorders. The
apparatus comprises a memory having an assessment model stored thereon, the assessment
model comprising statistical correlations between a plurality of clinical characteristics and
clinical diagnoses of the two or more related developmental disorders. The apparatus further
comprises a processor comprising a tangible medium configured with instructions to receive
input data corresponding a clinical characteristic of the subject related to the two or more
developmental disorders. The tangible medium is further configured with instructions to
determine, in response to the input data and the assessment model, whether the subject is at
greater risk of a first developmental disorder or a second developmental disorder of the two
or more related developmental disorders.

[0028] In another aspect, disclosed herein is an apparatus for evaluating a subject for risk of
having a developmental disorder among two or more developmental disorders. The
apparatus comprises a processor comprising a tangible medium configured with instructions
to receive input data corresponding a first clinical characteristic of the subject related to the
two or more developmental disorders. The tangible medium is further configured with
instructions to determine, in response to the input data, whether the subject is at greater risk
of a first developmental disorder or a second developmental disorder of the two or more
related developmental disorders. The tangible medium is further configured with instructions
to identify a second clinical characteristic that is most predictive of the first developmental
disorder, in response to the determination of the subject as at greater risk of the first
developmental disorder. The tangible medium is further configured with instructions to

receive additional input data corresponding to the second clinical characteristic of the subject.
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[0029] The input data may comprise one or more of an answer of the subject to a question, a
result of a structured interaction with the subject, a performance of a subject on a game, a
response of the subject to a stimulus, a response of the subject to a stimulus on a display
visible to the subject, a response of the subject when asked to pop bubbles with his or her
fingers, an observation of the subject, a video observation of the subject, or a clinical
observation of the subject.

[0030] In any apparatus for evaluating a subject as disclosed herein, the apparatus may
further comprise a memory having an assessment model stored thereon, the assessment
model comprising statistical correlations between a plurality of clinical characteristics and
clinical diagnoses of the two or more developmental disorders. The processor may be further
configured with instructions to determine whether the subject is at greater risk of the first
developmental disorder or the second developmental disorder in response to the assessment
model.

[0031] In any apparatus for evaluating a subject as disclosed herein, the first developmental
disorder and the second developmental disorder may comprise a comorbidity. The first
developmental disorder and the second developmental disorder may comprise a comorbidity
and the subject may be at greater risk of the first disorder than the second disorder.

[0032] In any apparatus for evaluating a subject as disclosed herein, the plurality of questions
may comprise a plurality of predetermined questions. A question having high covariance with
a question already answered by the subject may not be identified as the most predictive next
question.

[0033] In any apparatus for evaluating a subject as disclosed herein, the apparatus may
further comprise an input and a display coupled to the input. The processor may be
configured with instructions to display the plurality of questions and receive the plurality of
answers to the plurality of questions via the input, and to display the identified most
predictive next question.

[0034] In any apparatus for evaluating a subject as disclosed herein, the processor may be
configured to determine the subject as at risk of the developmental disorder with one or more
of a confidence interval of at least 85% or a sensitivity and specificity of at least 85%. The
processor may be configured to determine the subject as at risk of the developmental disorder
with one or more of a confidence interval of at least 90% or a sensitivity and specificity of at
least 90%. The processor may be configured with instructions to diagnose the subject with

one or more of the two or more developmental disorders. The processor may be configured
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with instructions to determine a risk of the subject for having each of the two or more
developmental disorders.

[0035] In any apparatus for evaluating a subject as disclosed herein, the processor may be
configured with instructions to determine, in a clinical or nonclinical setting, the subject as at
risk for the developmental disorders with a confidence of at least 80% (per cent). The
processor may be configured with instructions to determine, in a clinical or nonclinical
setting, the subject as at risk for one or more of the two or more developmental disorders with
a sensitivity of at least 80% (per cent) and a specificity of at least 80% (per cent).

[0036] In any apparatus for evaluating a subject as disclosed herein, the two or more
developmental disorders may comprise two or more disorders of Diagnostic and Statistical
Manual of Mental Disorders (DSM) IV or DSM V. The two or more developmental
disorders may comprise one or more of autism spectrum disorder, a level of autism spectrum
disorder (ASD), level 1 of ASD, level 2 of ASD, level 3 of ASD, autism (“classical autism’),
Asperger’s syndrome (“high functioning autism”), pervasive development disorder (PDD
“atypical autism”), pervasive developmental disorder not otherwise specified (PDD-NOS),
developmental disorders related to autism spectrum disorder, speech and language delay
(SLD), obsessive compulsive disorder (OCD), social communication disorder, intellectual
disabilities, learning disabilities, sensory processing, attention deficit disorder (ADD),
attention deficit hyperactive disorder (ADHD), speech disorder, language disorder, deficits in
social communication, deficits in social interaction, restricted repetitive behaviors (RBBs),
restrictive repetitive interests, restrictive repetitive activities, global developmental delay, or
other behavioral, intellectual, or developmental delay. The two or more developmental
disorders may comprise a plurality of disorders having related symptoms, the plurality of
disorders having related symptoms of one or more of Autism, Asperger’s syndrome,
pervasive developmental disorder not otherwise specified (PDD-NOS), ADHD, speech and
language delay, OCD, or social communication disorder.

[0037] In any apparatus for evaluating a subject as disclosed herein, the processor may
comprise one or more of a local processor or a remote server. The processor may comprise
one or more of a local processor or a remote server, wherein the processor may be configured
to select a next question with sufficient statistics stored on one or more of the local processor
or the remote server.

[0038] In another aspect, disclosed herein is a method of evaluating a subject for risk of
having a developmental disorder among two or more related developmental disorders. The

method comprises presenting a question to the subject, the question configured to assess a
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clinical characteristic related to the two or more related developmental disorders. The
method further comprises receiving an answer corresponding to the clinical characteristic of
the subject related to the two or more related developmental disorders. The method further
comprises determining, in response to the answer, whether the subject is at greater risk of a
first developmental disorder or a second developmental disorder of the two or more related
developmental disorders with a sensitivity and specificity of at least 80%.

[0039] In another aspect, disclosed herein is a method of evaluating a subject for risk of
having a developmental disorder among two or more related developmental disorders. The
method comprises presenting a question to the subject, the question configured to assess a
clinical characteristic related to the two or more related developmental disorders. The
method further comprises receiving an answer corresponding to the clinical characteristic of
the subject related to the two or more related developmental disorders. The method further
comprises determining, in response to the answer, whether the subject is at greater risk of a
first developmental disorder or a second developmental disorder of the two or more related
developmental disorders, in response to an assessment model comprising statistical
correlations between a plurality of clinical characteristics and clinical diagnoses of the two or
more related developmental disorders.

[0040] In another aspect, disclosed herein is a method of evaluating a subject for risk of
having a developmental disorder among two or more related developmental disorders. The
method comprises presenting a question to the subject, the question configured to assess a
clinical characteristic related to the two or more related developmental disorders. The
method further comprises receiving an answer corresponding to the clinical characteristic of
the subject related to the two or more related developmental disorders. The method further
comprises determining, in response to the answer, whether the subject is at risk of a first
developmental disorder and a second developmental disorder of the two or more related
developmental disorders with comorbidity, with a sensitivity and specificity of at least 80%.
[0041] In another aspect, disclosed herein is a method of evaluating a subject for risk of
having a developmental disorder among two or more related developmental disorders. The
method comprises receiving a plurality of answers to a plurality of asked questions among a
plurality of questions, the plurality of answers corresponding to clinical characteristics of the
subject related to the two or more related developmental disorders. A plurality of remaining
unasked questions of the plurality of questions comprises a most predictive next question.
The method further comprises determining, based on the plurality of answers, whether the

subject is at greater risk of a first developmental disorder or a second developmental disorder
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of the two or more developmental disorders. The method further comprises identifying the
most predictive next question among the plurality of remaining unasked questions, in
response a determination of the subject as at greater risk of a first developmental disorder or a
second developmental disorder of the two or more related developmental disorders.

[0042] A question that is most predictive of the first developmental disorder may be
identified as the most predictive next question in response to a determination of the subject as
at greater risk of the first developmental disorder. A question that is most predictive of the
second developmental disorder may be identified as the most predictive next question in
response to a determination of the subject as at greater risk of the second developmental
disorder.

[0043] The identifying may comprise identifying the most predictive next question in
response to the plurality of answers corresponding to the plurality of clinical characteristics
of the subject. The plurality of answers may comprise a sequence of answers to a sequence
of most predictive next questions.

[0044] The identifying may comprise identifying the most predictive next question in
response to an estimated predictive utility of each remaining question of the plurality of
remaining unasked questions. The estimated predictive utility of each remaining question is
determined in response to a combination of a predictive utility of each possible answer to
each remaining question and a probability of said each possible answer. The estimated
predictive utility of each remaining question may be determined with a summation of
products comprising the predictive utility of each possible answer to each remaining question
combined with the probability of said each possible answer. The predictive utility of each
possible answer may be multiplied by a probability of occurrence for said each possible
answer. The predictive utility of each possible answer may correspond to a correlation of
said each possible answer with clinical diagnosis of the first developmental disorder. The
probability of said each possible answer may be determined in response to one or more
answers of the subject corresponding to one or more clinical characteristics of the subject.
[0045] The identifying may comprise identifying with sufficient statistics the most predictive
next question that is most predictive of the first development disorder. The sufficient
statistics may comprise sufficient statistics determined with one or more of a binary tree, a
random forest, a decision tree, a plurality of decision trees, a plurality of decision trees with
controlled variance, a multinomial logistic regression, a naive Bayes classifier, a linear
classifier, an ensemble of linear classifiers, a boosting algorithm, a boosting algorithm trained

with stochastic gradient descent, a boosting algorithm comprising training data weighting, a
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boosting algorithm comprising updating training data weighting, or a boosting algorithm
comprising updating misclassified training data with higher weights. The sufficient statistics
may comprise sufficient statistics of a classifier trained and validated on one or more subject
populations.

[0046] The identifying may comprise identifying the most predictive next question in
response to a plurality of answers corresponding to a plurality of clinical characteristics of the
subject, a plurality of remaining questions, and an informativeness of each question of the
plurality of remaining questions determined with the sufficient statistics. The most predictive
next question may be identified in response to one or more of an informativeness or an
estimated predictive utility of the most predictive next question determined in response to a
plurality of answers corresponding to a plurality of clinical characteristics of the subject. The
method may further comprise determining an informativeness of the most predictive next
question in response to an output of a probabilistic graphical model comprising estimates of
probability coefficients determined with logistic regression.

[0047] The identifying may comprise identifying the most predictive next question that is
most predictive of greater risk of the first developmental disorder using sufficient statistics of
a machine learning algorithm configured in response to a plurality of clinically assessed
subject populations. The identifying may comprise identifying the most predictive next
question in response to an estimated predictive utility of the most predictive next question
with respect to each of the two or more developmental disorders. The identifying may
comprise identifying the next most predictive question with one or more of a binary tree, a
random forest, a decision tree, a plurality of decision trees, a plurality of decision trees with
controlled variance, a multinomial logistic regression, a naive Bayes classifier, a linear
classifier, or an ensemble of linear classifiers.

[0048] The plurality of questions may comprise a plurality of predetermined questions. A
question having high covariance with a question already answered by the subject may not be
identified as the most predictive next question.

[0049] The method may further comprise displaying the plurality of questions on a display,
receiving the plurality of answers to the plurality of questions via an input coupled to the
display, and displaying the identified most predictive next question on the display.

[0050] The identifying may comprise identifying first a first plurality of next most predictive
questions of a first disorder, and identifying second a second plurality of next most predictive
questions of a second disorder in response to a first plurality of answers to the first plurality

of next most predictive questions related to the first disorder. The identifying may comprise
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identifying each of the plurality of next most predictive questions in response to an answer to
an immediately preceding next most predictive question. The identifying may comprise
identifying a first plurality of next most predictive questions together and to receive answers
to the first plurality of next most predictive questions, and identifying a second plurality of
next most predictive questions together in response to the answers to the first plurality of next
most predictive questions.

[0051] The identifying may comprise identifying a first plurality of next most predictive
questions of a first disorder and a second plurality of next most predictive questions of a
second disorder. The second plurality of next most predictive questions of the second
disorder may be identified in response to answers to the first plurality of next most predictive
questions. A next most predictive question of the second plurality of next most predictive
questions of the second disorder may be identified in response to first answers to the first
plurality of next most predictive questions and second answers to the second plurality of next
most predictive questions. The method may further comprise determining a first feature
importance related to the first disorder for each of the first plurality of next most predictive
questions and a second feature importance related to the second disorder for each of the
second plurality of next most predictive questions.

[0052] In any method of evaluating a subject as disclosed herein, the determining may
comprise determining in response to an assessment model comprising statistical correlations
between a plurality of clinical characteristics and clinical diagnoses of the two or more
developmental disorders. The determining comprises determining whether the subject is at
greater risk of the first developmental disorder or the second developmental disorder in
response to the assessment model. The determining may comprise determining whether the
subject is at risk of the first developmental disorder and the second developmental disorder
with comorbidity. The determining may comprise determining whether the subject is at risk
of the first developmental disorder and the second developmental disorder with comorbidity
and the subject is at greater risk of the first disorder than the second disorder.

[0053] In any method of evaluating a subject as disclosed herein, the determining may
comprise determining the subject as at risk of the developmental disorder with one or more of
a confidence interval of at least 85% or a sensitivity and specificity of at least 85%. The
processor may be configured to determine the subject as at risk of the developmental disorder
with one or more of a confidence interval of at least 90% or a sensitivity and specificity of at

least 90%.
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[0054] In any method of evaluating a subject as disclosed herein, the method may further
comprise diagnosing the subject with one or more of the two or more related developmental
disorders. The method may further comprise determining a risk of the subject for having each
of the two or more developmental disorders.

[0055] In any method of evaluating a subject as disclosed herein, the determining may
comprise determining, in a clinical or nonclinical setting, the subject as at risk for the
developmental disorders with a confidence of at least 80% (per cent). The determining may
comprise determining, in a clinical or nonclinical setting, the subject as at risk for one or
more of the two or more developmental disorders with a sensitivity of at least 80% (per cent)
and a specificity of at least 80% (per cent).

[0056] In any method of evaluating a subject as disclosed herein, the two or more related
developmental disorders may comprise two or more disorders of Diagnostic and Statistical
Manual of Mental Disorders (DSM) IV or DSM V. The two or more related developmental
disorders may comprise one or more of autism spectrum disorder, a level of autism spectrum
disorder (ASD), level 1 of ASD, level 2 of ASD, level 3 of ASD, autism (“classical autism’),
Asperger’s syndrome (“high functioning autism”), pervasive development disorder (PDD
“atypical autism”), pervasive developmental disorder not otherwise specified (PDD-NOS),
developmental disorders related to autism spectrum disorder, speech and language delay
(SLD), obsessive compulsive disorder (OCD), social communication disorder, intellectual
disabilities, learning disabilities, sensory processing, attention deficit disorder (ADD),
attention deficit hyperactive disorder (ADHD), speech disorder, language disorder, deficits in
social communication, deficits in social interaction, restricted repetitive behaviors (RBBs),
restrictive repetitive interests, restrictive repetitive activities, global developmental delay, or
other behavioral, intellectual, or developmental delay. The two or more related
developmental disorders may comprise a plurality of disorders having related symptoms, the
plurality of disorders having related symptoms of one or more of Autism, Asperger’s
syndrome, pervasive developmental disorder not otherwise specified (PDD-NOS), ADHD,
speech and language delay, OCD, or social communication disorder.

[0057] In any method of evaluating a subject as disclosed herein, the method may further
comprise selecting a next question with sufficient statistics stored on one or more of a local
processor or a remote server. The method may further comprise displaying the plurality of

questions and the most predictive next questions.
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[0058] In any method of evaluating a subject as disclosed herein, the method may further
comprise determining a next most predictive question of a first disorder and a second
disorder.

[0059] In any method of evaluating a subject as disclosed herein, a field to an unanswered
question may be provided with a value.

[0060] In another aspect, disclosed herein is a method for providing an apparatus for

evaluating risk of a subject as disclosed herein.

INCORPORATION BY REFERENCE
[0061] All publications, patents, and patent applications mentioned in this specification are
herein incorporated by reference to the same extent as if each individual publication, patent,
or patent application was specifically and individually indicated to be incorporated by

reference.

BRIEF DESCRIPTION OF THE DRAWINGS
[0062] The novel features of the invention are set forth with particularity in the appended
claims. A better understanding of the features and advantages of the present invention will be
obtained by reference to the following detailed description that sets forth illustrative
embodiments, in which the principles of the invention are utilized, and the accompanying
drawings of which:
[0063] FIGS. 1A and 1B show some exemplary developmental disorders that may be
evaluated using the assessment procedure as described herein.
[0064] FIG. 2 is a schematic diagram of an exemplary data processing module for providing
the assessment procedure as described herein.
[0065] FIG. 3 is a schematic diagram illustrating a portion of an exemplary assessment model
based on a Random Forest classifier.
[0066] FIG. 4 is an exemplary operational flow of a prediction module as described herein.
[0067] FIG. 5 is an exemplary operational flow of a feature recommendation module as
described herein.
[0068] FIG. 6 is an exemplary operational flow of an expected feature importance
determination algorithm as performed by a feature recommendation module described herein.
[0069] FIG. 7 illustrates a method of administering an assessment procedure as described

herein.
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[0070] FIG. 8 shows a computer system suitable for incorporation with the methods and
apparatus described herein.

[0071] FIG. 9 shows receiver operating characteristic (ROC) curves mapping sensitivity
versus fall-out for an exemplary assessment model as described herein.

[0072] FIG. 10 is a scatter plot illustrating a performance metric for a feature

recommendation module as described herein.

DETAILED DESCRIPTION OF THE INVENTION
[0073] While various embodiments of the invention have been shown and described herein,
it will be obvious to those skilled in the art that such embodiments are provided by way of
example only. Numerous variations, changes, and substitutions may occur to those skilled in
the art without departing from the invention. It should be understood that various alternatives
to the embodiments of the invention described herein may be employed. It shall be
understood that different aspects of the invention can be appreciated individually,
collectively, or in combination with each other.
[0074] The terms “based on” and “in response to” are used interchangeably with the present
disclosure.
[0075] The term “processor” encompasses one or more of a local processor, a remote
processor, or a processor system, and combinations thereof.
[0076] The term “feature” is used herein to describe a characteristic or attribute that is
relevant to determining the developmental progress of a subject. For example, a “feature”
may refer to a clinical characteristic that is relevant to clinical evaluation or diagnosis of a
subject for one or more developmental disorders (e.g., age, ability of subject to engage in
pretend play, etc.). The term “feature value” is herein used to describe a particular subject’s
value for the corresponding feature. For example, a “feature value” may refer to a clinical
characteristic of a subject that is related to one or more developmental disorders (e.g., if
feature is “age”, feature value could be 3; if feature is “ability of subject to engage in pretend
play”, feature value could be “variety of pretend play” or “no pretend play”).
[0077] Described herein are methods and apparatus for determining the developmental
progress of a subject. For example, the described methods and apparatus can identify a
subject as developmentally advanced in one or more areas of development or cognitively
declining in one or more cognitive functions, or identify a subject as developmentally delayed
or at risk of having one or more developmental disorders. The methods and apparatus

disclosed can determine the subject’s developmental progress by analyzing a plurality of
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characteristics or features of the subject based on an assessment model, wherein the
assessment model can be generated from large datasets of relevant subject populations using
machine-learning approaches.

[0078] While methods and apparatus are herein described in the context of identifying one or
more developmental disorders of a subject, the methods and apparatus are well-suited for use
in determining any developmental progress of a subject. For example, the methods and
apparatus can be used to identify a subject as developmentally advanced, by identifying one
or more areas of development in which the subject is advanced. To identify one or more
areas of advanced development, the methods and apparatus may be configured to assess one
or more features or characteristics of the subject that are related to advanced or gifted
behaviors, for example. The methods and apparatus as described can also be used to identify
a subject as cognitively declining in one or more cognitive functions, by evaluating the one or
more cognitive functions of the subject.

[0079] Described herein are methods and apparatus for diagnosing or assessing risk for one
or more developmental disorders in a subject. The method may comprise providing a data
processing module, which can be utilized to construct and administer an assessment
procedure for screening a subject for one or more of a plurality of developmental disorders or
conditions. The assessment procedure can evaluate a plurality of features or characteristics of
the subject, wherein each feature can be related to the likelihood of the subject having at least
one of the plurality of developmental disorders screenable by the procedure. Each feature
may be related to the likelihood of the subject having two or more related developmental
disorders, wherein the two or more related disorders may have one or more related
symptoms. The features can be assessed in many ways. For example, the features may be
assessed via a subject’s answers to questions, observations of a subject, or results of a
structured interaction with a subject, as described in further detail herein.

[0080] To distinguish among a plurality of developmental disorders of the subject within a
single screening procedure, the procedure can dynamically select the features to be evaluated
in the subject during administration of the procedure, based on the subject’s values for
previously presented features (e.g., answers to previous questions). The assessment
procedure can be administered to a subject or a caretaker of the subject with a user interface
provided by a computing device. The computing device comprises a processor having
instructions stored thereon to allow the user to interact with the data processing module
through a user interface. The assessment procedure may take less than 10 minutes to

administer to the subject, for example 5 minutes or less. Thus, apparatus and methods
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described herein can provide a prediction of a subject’s risk of having one or more of a
plurality of developmental disorders using a single, relatively short screening procedure.
[0081] The methods and apparatus disclosed herein can be used to determine a most relevant
next question related to a feature of a subject, based on previously identified features of the
subject. For example, the methods and apparatus can be configured to determine a most
relevant next question in response to previously answered questions related to the subject. A
most predictive next question can be identified after each prior question is answered, and a
sequence of most predictive next questions and a corresponding sequence of answers
generated. The sequence of answers may comprise an answer profile of the subject, and the
most predictive next question can be generated in response to the answer profile of the
subject.

[0082] The methods and apparatus disclosed herein are well suited for combinations with
prior questions that can be used to diagnose or identify the subject as at risk in response to
fewer questions by identifying the most predictive next question in response to the previous
answers, for example.

[0083] FIGS. 1A and 1B show some exemplary developmental disorders that may be
evaluated using the assessment procedure as described herein. The assessment procedure can
be configured to evaluate a subject’s risk for having one or more developmental disorders,
such as two or more related developmental disorders. The developmental disorders may have
at least some overlap in symptoms or features of the subject. Such developmental disorders
may include pervasive development disorder (PDD), autism spectrum disorder (ASD), social
communication disorder, restricted repetitive behaviors, interests, and activities (RRBs),
autism (“classical autism”), Asperger’s Syndrome (“high functioning autism), PDD-not
otherwise specified (PDD-NOS, “atypical autism”), attention deficit and hyperactivity
disorder (ADHD), speech and language delay, obsessive compulsive disorder (OCD),
intellectual disability, learning disability, or any other relevant development disorder, such as
disorders defined in any edition of the Diagnostic and Statistical Manual of Mental Disorders
(DSM). The assessment procedure may be configured to determine the risk of the subject for
having each of a plurality of disorders. The assessment procedure may be configured to
determine the subject as at greater risk of a first disorder or a second disorder of the plurality
of disorders. The assessment procedure may be configured to determine the subject as at risk
of a first disorder and a second disorder with comorbidity. The assessment procedure may be
configured to predict a subject to have normal development, or have low risk of having any

of the disorders the procedure is configured to screen for. The assessment procedure may
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further be configured to have high sensitivity and specificity to distinguish among different
severity ratings for a disorder; for example, the procedure may be configured to predict a
subject’s risk for having level 1 ASD, level 2 ASD, or level 3 ASD as defined in the fifth
edition of the DSM (DSM-V).

[0084] Many developmental disorders may have similar or overlapping symptoms, thus
complicating the assessment of a subject’s developmental disorder. The assessment
procedure described herein can be configured to evaluate a plurality of features of the subject
that may be relevant to one or more developmental disorders. The procedure can comprise an
assessment model that has been trained using a large set of clinically validated data to learn
the statistical relationship between a feature of a subject and clinical diagnosis of one or more
developmental disorders. Thus, as a subject participates in the assessment procedure, the
subject’s feature value for each evaluated feature (e.g., subject’s answer to a question) can be
queried against the assessment model to identify the statistical correlation, if any, of the
subject’s feature value to one or more screened developmental disorders. Based on the
feature values provided by the subject, and the relationship between those values and the
predicted risk for one or more developmental disorders as determined by the assessment
model, the assessment procedure can dynamically adjust the selection of next features to be
evaluated in the subject. The selection of the next feature to be evaluated may comprise an
identification of the next most predictive feature, based on the determination of the subject as
at risk for a particular disorder of the plurality of disorders being screened. For example, if
after the subject has answered the first five questions of the assessment procedure, the
assessment model predicts a low risk of autism and a relatively higher risk of ADHD in the
subject, the assessment procedure may select features with higher relevance to ADHD to be
evaluated next in the subject (e.g., questions whose answers are highly correlated with a
clinical diagnosis of ADHD may be presented next to the subject). Thus, the assessment
procedure described herein can be dynamically tailored to a particular subject’s risk profile,
and enable the evaluation of the subject’s disorder with a high level of granularity.

[0085] FIG. 2 is a schematic diagram of an exemplary data processing module 100 for
providing the assessment procedure as described herein. The data processing module 100
generally comprises a preprocessing module 105, a training module 110, and a prediction
module 120. The data processing module can extract training data 150 from a database, or
intake new data 155 with a user interface 130. The preprocessing module can apply one or
more transformations to standardize the training data or new data for the training module or

the prediction module. The preprocessed training data can be passed to the training module,
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which can construct an assessment model 160 based on the training data. The training
module may further comprise a validation module 115, configured to validate the trained
assessment model using any appropriate validation algorithm (e.g., Stratified K-fold cross-
validation). The preprocessed new data can be passed on to the prediction module, which
may output a prediction 170 of the subject’s developmental disorder by fitting the new data to
the assessment model constructed in the training module. The prediction module may further
comprise a feature recommendation module 125, configured to select or recommend the next
feature to be evaluated in the subject, based on previously provided feature values for the
subject.

[0086] The training data 150, used by the training module to construct the assessment model,
can comprise a plurality of datasets from a plurality of subjects, each subject’s dataset
comprising an array of features and corresponding feature values, and a classification of the
subject’s developmental disorder or condition. As described herein, the features may be
evaluated in the subject via one or more of questions asked to the subject, observations of the
subject, or structured interactions with the subject. Feature values may comprise one or more
of answers to the questions, observations of the subject such as characterizations based on
video images, or responses of the subject to a structured interaction, for example. Each
feature may be relevant to the identification of one or more developmental disorders or
conditions, and each corresponding feature value may indicate the degree of presence of the
feature in the specific subject. For example, a feature may be the ability of the subject to
engage in imaginative or pretend play, and the feature value for a particular subject may be a
score of either 0, 1, 2, 3, or 8, wherein each score corresponds to the degree of presence of the
feature in the subject (e.g., O = variety of pretend play; 1 = some pretend play; 2 = occasional
pretending or highly repetitive pretend play; 3 = no pretend play; 8 = not applicable). The
feature may be evaluated in the subject by way of a question presented to the subject or a
caretaker such as a parent, wherein the answer to the question comprises the feature value.
Alternatively or in combination, the feature may be observed in the subject, for example with
a video of the subject engaging in a certain behavior, and the feature value may be identified
through the observation. In addition to the array of features and corresponding feature
values, each subject’s dataset in the training data also comprises a classification of the
subject. For example, the classification may be autism, autism spectrum disorder (ASD), or
non-spectrum. Preferably, the classification comprises a clinical diagnosis, assigned by
qualified personnel such as licensed clinical psychologists, in order to improve the predictive

accuracy of the generated assessment model. The training data may comprise datasets
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available from large data repositories, such as Autism Diagnostic Interview-Revised (ADI-R)
data and/or Autism Diagnostic Observation Schedule (ADOS) data available from the Autism
Genetic Resource Exchange (AGRE), or any datasets available from any other suitable
repository of data (e.g., Boston Autism Consortium (AC), Simons Foundation, National
Database for Autism Research, etc.). Alternatively or in combination, the training data may
comprise large self-reported datasets, which can be crowd-sourced from users (e.g., via
websites, mobile applications, etc.).

[0087] The preprocessing module 105 can be configured to apply one or more
transformations to the extracted training data to clean and normalize the data, for example.
The preprocessing module can be configured to discard features which contain spurious
metadata or contain very few observations. The preprocessing module can be further
configured to standardize the encoding of feature values. Different datasets may often have
the same feature value encoded in different ways, depending on the source of the dataset. For
example, ‘900°, 900.0°, ‘904°, 904.0°, *-1°, *-1.0°, ‘None’, and ‘NaN’ may all encode for a
“missing” feature value. The preprocessing module can be configured to recognize the
encoding variants for the same feature value, and standardize the datasets to have a uniform
encoding for a given feature value. The preprocessing module can thus reduce irregularities
in the input data for the training and prediction modules, thereby improving the robustness of
the training and prediction modules.

[0088] In addition to standardizing data, the preprocessing module can also be configured to
re-encode certain feature values into a different data representation. In some instances, the
original data representation of the feature values in a dataset may not be ideal for the
construction of an assessment model. For example, for a categorical feature wherein the
corresponding feature values are encoded as integers from 1 to 9, each integer value may
have a different semantic content that is independent of the other values. For example, a
value of ‘1’ and a value of ‘9’ may both be highly correlated with a specific classification,
while a value of ‘5° is not. The original data representation of the feature value, wherein the
feature value is encoded as the integer itself, may not be able to capture the unique semantic
content of each value, since the values are represented in a linear model (e.g., an answer of
‘5’ would place the subject squarely between a ‘1’ and a ‘9" when the feature is considered in
isolation; however, such an interpretation would be incorrect in the aforementioned case
wherein a ‘1’ and a ‘9’ are highly correlated with a given classification while a ‘5’ is not). To
ensure that the semantic content of each feature value is captured in the construction of the

assessment model, the preprocessing module may comprise instructions to re-encode certain
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feature values, such as feature values corresponding to categorical features, in a “one-hot”
fashion, for example. In a “one-hot” representation, a feature value may be represented as an
array of bits having a value of 0 or 1, the number of bits corresponding to the number of
possible values for the feature. Only the feature value for the subject may be represented as a
“17, with all other values represented as a “0”. For example, if a subject answered “4” to a
question whose possible answers comprise integers from 1 to 9, the original data
representation may be [ 4 ], and the one-hot representation may be [0 0010000 0]. Such
a one-hot representation of feature values can allow every value to be considered
independently of the other possible values, in cases where such a representation would be
necessary. By thus re-encoding the training data using the most appropriate data
representation for each feature, the preprocessing module can improve the accuracy of the
assessment model constructed using the training data.

[0089] The preprocessing module can be further configured to impute any missing data
values, such that downstream modules can correctly process the data. For example, if a
training dataset provided to the training module comprises data missing an answer to one of
the questions, the preprocessing module can provide the missing value, so that the dataset can
be processed correctly by the training module. Similarly, if a new dataset provided to the
prediction module is missing one or more feature values (e.g., the dataset being queried
comprises only the answer to the first question in a series of questions to be asked), the
preprocessing module can provide the missing values, so as to enable correct processing of
the dataset by the prediction module. For features having categorical feature values (e.g.,
extent of display of a certain behavior in the subject), missing values can be provided as
appropriate data representations specifically designated as such. For example, if the
categorical features are encoded in a one-hot representation as described herein, the
preprocessing module may encode a missing categorical feature value as an array of ‘0’ bits.
For features having continuous feature values (e.g., age of the subject), the mean of all of the
possible values can be provided in place of the missing value (e.g., age of 4 years).

[0090] The training module 110 can utilize a machine learning algorithm or other algorithm
to construct and train an assessment model to be used in the assessment procedure, for
example. An assessment model can be constructed to capture, based on the training data, the
statistical relationship, if any, between a given feature value and a specific developmental
disorder to be screened by the assessment procedure. The assessment model may, for
example, comprise the statistical correlations between a plurality of clinical characteristics

and clinical diagnoses of one or more developmental disorders. A given feature value may
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have a different predictive utility for classifying each of the plurality of developmental
disorders to be evaluated in the assessment procedure. For example, in the aforementioned
example of a feature comprising the ability of the subject to engage in imaginative or pretend
play, the feature value of “3” or “no variety of pretend play” may have a high predictive
utility for classifying autism, while the same feature value may have low predictive utility for
classifying ADHD. Accordingly, for each feature value, a probability distribution may be
extracted that describes the probability of the specific feature value for predicting each of the
plurality of developmental disorders to be screened by the assessment procedure. The
machine learning algorithm can be used to extract these statistical relationships from the
training data and build an assessment model that can yield an accurate prediction of a
developmental disorder when a dataset comprising one or more feature values is fitted to the
model.

[0091] One or more machine learning algorithms may be used to construct the assessment
model, such as support vector machines that deploy stepwise backwards feature selection
and/or graphical models, both of which can have advantages of inferring interactions between
features. For example, machine learning algorithms or other statistical algorithms may be
used, such as alternating decision trees (ADTree), Decision Stumps, functional trees (FT),
logistic model trees (LMT), logistic regression, Random Forests, linear classifiers, or any
machine learning algorithm or statistical algorithm known in the art. One or more algorithms
may be used together to generate an ensemble method, wherein the ensemble method may be
optimized using a machine learning ensemble meta-algorithm such as a boosting (e.g.,
AdaBoost, LPBoost, TotalBoost, BrownBoost, MadaBoost, LogitBoost, etc.) to reduce bias
and/or variance. Once an assessment model is derived from the training data, the model may
be used as a prediction tool to assess the risk of a subject for having one or more
developmental disorders. Machine learning analyses may be performed using one or more of
many programming languages and platforms known in the art, such as R, Weka, Python,
and/or Matlab, for example.

[0092] A Random Forest classifier, which generally comprises a plurality of decision trees
wherein the output prediction is the mode of the predicted classifications of the individual
trees, can be helpful in reducing overfitting to training data. An ensemble of decision trees
can be constructed using a random subset of features at each split or decision node. The Gini
criterion may be employed to choose the best partition, wherein decision nodes having the

lowest calculated Gini impurity index are selected. At prediction time, a “vote” can be taken
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over all of the decision trees, and the majority vote (or mode of the predicted classifications)
can be output as the predicted classification.

[0093] FIG. 3 is a schematic diagram illustrating a portion of an exemplary assessment model
160 based on a Random Forest classifier. The assessment module may comprise a plurality
of individual decision trees 165, such as decision trees 165a and 165b, each of which can be
generated independently using a random subset of features in the training data. Each decision
tree may comprise one or more decision nodes such as decision nodes 166 and 167 shown in
FIG. 3, wherein each decision node specifies a predicate condition. For example, decision
node 16 predicates the condition that, for a given dataset of an individual, the answer to ADI-
R question #86 (age when abnormality is first evident) is 4 or less. Decision node 167
predicates the condition that, for the given dataset, the answer to ADI-R question #52
(showing and direction attention) is 8 or less. At each decision node, a decision tree can be
split based on whether the predicate condition attached to the decision node holds true,
leading to prediction nodes (e.g., 166a, 166b, 167a, 167b). Each prediction node can
comprise output values (‘value’ in FIG. 3) that represent “votes” for one or more of the
classifications or conditions being evaluated by the assessment model. For example, in the
prediction nodes shown in FIG. 3, the output values comprise votes for the individual being
classified as having autism or being non-spectrum. A prediction node can lead to one or
more additional decision nodes downstream (not shown in FIG. 3), each decision node
leading to an additional split in the decision tree associated with corresponding prediction
nodes having corresponding output values. The Gini impurity can be used as a criterion to
find informative features based on which the splits in each decision tree may be constructed.
[0094] When the dataset being queried in the assessment model reaches a “leaf”, or a final
prediction node with no further downstream splits, the output values of the leaf can be output
as the votes for the particular decision tree. Since the Random Forest model comprises a
plurality of decision trees, the final votes across all trees in the forest can be summed to yield
the final votes and the corresponding classification of the subject. While only two decision
trees are shown in FIG. 3, the model can comprise any number of decision trees. A large
number of decision trees can help reduce overfitting of the assessment model to the training
data, by reducing the variance of each individual decision tree. For example, the assessment
model can comprise at least about 10 decision trees, for example at least about 100 individual
decision trees or more.

[0095] An ensemble of linear classifiers may also be suitable for the derivation of an

assessment model as described herein. Each linear classifier can be individually trained with
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a stochastic gradient descent, without an “intercept term”. The lack of an intercept term can
prevent the classifier from deriving any significance from missing feature values. For
example, if a subject did not answer a question such that the feature value corresponding to
said question is represented as an array of ‘0’ bits in the subject’s data set, the linear classifier
trained without an intercept term will not attribute any significance to the array of ‘0’ bits.
The resultant assessment model can thereby avoid establishing a correlation between the
selection of features or questions that have been answered by the subject and the final
classification of the subject as determined by the model. Such an algorithm can help ensure
that only the subject-provided feature values or answers, rather than the features or questions,
are factored into the final classification of the subject.

[0096] The training module may comprise feature selection. One or more feature selection
algorithms (such as support vector machine, convolutional neural nets) may be used to select
features able to differentiate between individuals with and without certain developmental
disorders. Different sets of features may be selected as relevant for the identification of
different disorders. Stepwise backwards algorithms may be used along with other algorithms.
The feature selection procedure may include a determination of an optimal number of
features.

[0097] The training module may be configured to evaluate the performance of the derived
assessment models. For example, the accuracy, sensitivity, and specificity of the model in
classifying data can be evaluated. The evaluation can be used as a guideline in selecting
suitable machine learning algorithms or parameters thereof. The training module can thus
update and/or refine the derived assessment model to maximize the specificity (the true
negative rate) over sensitivity (the true positive rate). Such optimization may be particularly
helpful when class imbalance or sample bias exists in training data.

[0098] In at least some instances, available training data may be skewed towards individuals
diagnosed with a specific developmental disorder. In such instances, the training data may
produce an assessment model reflecting that sample bias, such that the model assumes that
subjects are at risk for the specific developmental disorder unless there is a strong case to be
made otherwise. An assessment model incorporating such a particular sample bias can have
less than ideal performance in generating predictions of new or unclassified data, since the
new data may be drawn from a subject population which may not comprise a sample bias
similar to that present in the training data. To reduce sample bias in constructing an
assessment model using skewed training data, sample weighting may be applied in training

the assessment model. Sample weighting can comprise lending a relatively greater degree of
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significance to a specific set of samples during the model training process. For example,
during model training, if the training data is skewed towards individuals diagnosed with
autism, higher significance can be attributed to the data from individuals not diagnosed with
autism (e.g., up to 50 times more significance than data from individuals diagnosed with
autism). Such a sample weighting technique can substantially balance the sample bias
present in the training data, thereby producing an assessment model with reduced bias and
improved accuracy in classifying data in the real world. To further reduce the contribution of
training data sample bias to the generation of an assessment model, a boosting technique may
be implemented during the training process. Boosting comprises an iterative process,
wherein after one iteration of training, the weighting of each sample data point is updated.
For example, samples that are misclassified after the iteration can be updated with higher
significances. The training process may then be repeated with the updated weightings for the
training data.

[0099] The training module may further comprise a validation module 115 configured to
validate the assessment model constructed using the training data. For example, a validation
module may be configured to implement a Stratified K-fold cross validation, wherein k
represents the number of partitions that the training data is split into for cross validation. For
example, k can be any integer greater than 1, such as 3, 4,5, 6,7, 8,9, or 10, or possibly
higher depending on risk of overfitting the assessment model to the training data.

[00100] The training module may be configured to save a trained assessment model to
a local memory and/or a remote server, such that the model can be retrieved for modification
by the training module or for the generation of a prediction by the prediction module 120.
[00101] FIG. 4 is an exemplary operational flow 400 of a method of a prediction
module 120 as described herein. The prediction module 120 can be configured to generate a
predicted classification (e.g., developmental disorder) of a given subject, by fitting new data
to an assessment model constructed in the training module. At step 405, the prediction
module can receive new data that may have been processed by the preprocessing module to
standardize the data, for example by dropping spurious metadata, applying uniform encoding
of feature values, re-encoding select features using different data representations, and/or
imputing missing data points, as described herein. The new data can comprise an array of
features and corresponding feature values for a particular subject. As described herein, the
features may comprise a plurality of questions presented to a subject, observations of the
subject, or tasks assigned to the subject. The feature values may comprise input data from the

subject corresponding to characteristics of the subject, such as answers of the subject to
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questions asked, or responses of the subject. The new data provided to the prediction module
may or may not have a known classification or diagnosis associated with the data; either way,
the prediction module may not use any pre-assigned classification information in generating
the predicted classification for the subject. The new data may comprise a previously-
collected, complete dataset for a subject to be diagnosed or assessed for the risk of having
one or more of a plurality of developmental disorders. Alternatively or in combination, the
new data may comprise data collected in real time from the subject or a caretaker of the
subject, for example with a user interface as described in further detail herein, such that the
complete dataset can be populated in real time as each new feature value provided by the
subject is sequentially queried against the assessment model.

[00102] At step 410, the prediction module can load a previously saved assessment
model, constructed by the training module, from a local memory and/or a remote server
configured to store the model. At step 415, the new data is fitted to the assessment model to
generate a predicted classification of the subject. At step 420, the module can check whether
the fitting of the data can generate a prediction of one or more specific disorders (e.g., autism,
ADHD, etc.) within a confidence interval exceeding a threshold value, for example within a
90% or higher confidence interval, for example 95% or more. If so, as shown in step 425, the
prediction module can output the one or more developmental disorders as diagnoses of the
subject or as disorders for which the subject is at risk. The prediction module may output a
plurality of developmental disorders for which the subject is determined to at risk beyond the
set threshold, optionally presenting the plurality of disorders in order of risk. The prediction
module may output one developmental disorder for which the subject is determined to be at
greatest risk. The prediction module may output two or more development disorders for
which the subject is determined to risk with comorbidity. The prediction module may output
determined risk for each of the one or more developmental disorders in the assessment
model. If the prediction module cannot fit the data to any specific developmental disorder
within a confidence interval at or exceeding the designated threshold value, the prediction
module may determine, in step 430, whether there are any additional features that can be
queried. If the new data comprises a previously-collected, complete dataset, and the subject
cannot be queried for any additional feature values, “no diagnosis” may be output as the
predicted classification, as shown in step 440. If the new data comprises data collected in
real time from the subject or caretaker during the prediction process, such that the dataset is
updated with each new input data value provided to the prediction module and each updated

dataset is fitted to the assessment model, the prediction module may be able to query the
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subject for additional feature values. If the prediction module has already obtained data for
all features included in the assessment module, the prediction module may output “no
diagnosis” as the predicted classification of the subject, as shown in step 440. If there are
features that have not yet been presented to the subject, as shown in step 435, the prediction
module may obtain additional input data values from the subject, for example by presenting
additional questions to the subject. The updated dataset including the additional input data
may then be fitted to the assessment model again (step 415), and the loop may continue until
the prediction module can generate an output.

[00103] FIG. 5 is an exemplary operational flow 500 of a feature recommendation
module 125 as described herein by way of a non-limiting example. The prediction module
may comprise a feature recommendation module 125, configured to identify, select or
recommend the next most predictive or relevant feature to be evaluated in the subject, based
on previously provided feature values for the subject. For example, the feature
recommendation module can be a question recommendation module, wherein the module can
select the most predictive next question to be presented to a subject or caretaker, based on the
answers to previously presented questions. The feature recommendation module can be
configured to recommend one or more next questions or features having the highest
predictive utility in classifying a particular subject’s developmental disorder. The feature
recommendation module can thus help to dynamically tailor the assessment procedure to the
subject, so as to enable the prediction module to produce a prediction with a reduced length
of assessment and improved sensitivity and accuracy. Further, the feature recommendation
module can help improve the specificity of the final prediction generated by the prediction
module, by selecting features to be presented to the subject that are most relevant in
predicting one or more specific developmental disorders that the particular subject is most
likely to have, based on feature values previously provided by the subject.

[00104] At step 505, the feature recommendation module can receive as input the data
already obtained from the subject in the assessment procedure. The input subject data can
comprise an array of features and corresponding feature values provided by the subject. At
step 510, the feature recommendation module can select one or more features to be
considered as “candidate features” for recommendation as the next feature(s) to be presented
to one or more of the subject, caretaker or clinician. Features that have already been
presented can be excluded from the group of candidate features to be considered. Optionally,
additional features meeting certain criteria may also be excluded from the group of candidate

features, as described in further detail herein.
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[00105] At step 515, the feature recommendation module can evaluate the “expected
feature importance” of each candidate feature. The candidate features can be evaluated for
their “expected feature importance”, or the estimated utility of each candidate feature in
predicting a specific developmental disorder for the specific subject. The feature
recommendation module may utilize an algorithm based on: (1) the importance or relevance
of a specific feature value in predicting a specific developmental disorder; and (2) the
probability that the subject may provide the specific feature value. For example, if the
answer of “3” to ADOS question B5 is highly correlated with a classification of autism, this
answer can be considered a feature value having high utility for predicting autism. If the
subject at hand also has a high probability of answering “3” to said question BS5, the feature
recommendation module can determine this question to have high expected feature
importance. An algorithm that can be used to determine the expected feature importance of a
feature is described in further detail in reference to FIG. 6, for example.

[00106] At step 520, the feature recommendation module can select one or more
candidate features to be presented next to the subject, based on the expected feature
importance of the features as determined in step 515. For example, the expected feature
importance of each candidate feature may be represented as a score or a real number, which
can then be ranked in comparison to other candidate features. The candidate feature having
the desired rank, for example a top 10, top 5, top 3, top 2, or the highest rank, may be selected
as the feature to the presented next to the subject.

[00107] FIG. 6 is an exemplary operational flow 600 of method of determining an
expected feature importance determination algorithm 127 as performed by a feature
recommendation module 125 described herein.

[00108] At step 605, the algorithm can determine the importance or relevance of a
specific feature value in predicting a specific developmental disorder. The importance or
relevance of a specific feature value in predicting a specific developmental disorder can be
derived from the assessment model constructed using training data. Such a “feature value
importance” can be conceptualized as a measure of how relevant a given feature value’s role
is, should it be present or not present, in determining a subject’s final classification. For
example, if the assessment model comprises a Random Forest classifier, the importance of a
specific feature value can be a function of where that feature is positioned in the Random
Forest classifier’s branches. Generally, if the average position of the feature in the decision
trees is relatively high, the feature can have relatively high feature importance. The

importance of a feature value given a specific assessment model can be computed efficiently,
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either by the feature recommendation module or by the training module, wherein the training
module may pass the computed statistics to the feature recommendation module.
Alternatively, the importance of a specific feature value can be a function of the actual
prediction confidence that would result if said feature value was provided by the subject. For
each possible feature value for a given candidate feature, the feature recommendation module
can be configured to calculate the actual prediction confidence for predicting one or more
developmental disorders, based on the subject’s previously provided feature values and the
currently assumed feature value.
[00109] Each feature value may have a different importance for each developmental
disorder for which the assessment procedure is designed to screen. Accordingly, the
importance of each feature value may be represented as a probability distribution that
describes the probability of the feature value yielding an accurate prediction for each of the
plurality of developmental disorders being evaluated.
[00110] At step 610, the feature recommendation module can determine the probability
of a subject providing each feature value. The probability that the subject may provide a
specific feature value can be computed using any appropriate statistical model. For example,
a large probabilistic graphical model can be used to find the values of expressions such as:

prob (E=1 | A=1, B=2, C=1)
where A, B, and C represent different features or questions in the prediction module and the
integers 1 and 2 represent different possible feature values for the feature (or possible
answers to the questions). The probability of a subject providing a specific feature value may
then be computed using Bayes’ rule, with expressions such as:

prob(E=11 A=1, B=2, C=1) = prob(E=1, A=1, B=2, C=1) / prob(A=1, B=2, C=1)
Such expressions may be computationally expensive, in terms of both computation time and
required processing resources. Alternatively or in combination with computing the
probabilities explicitly using Bayes’ rule, logistic regression or other statistical estimators
may be used, wherein the probability is estimated using parameters derived from a machine
learning algorithm. For example, the following expression may be used to estimate the
probability that the subject may provide a specific feature value:

prob(E=11 A=1, B=2, C=1) = sigmoid(al*A + a2*B + a3*C + a4),
wherein al, a2, a3, and a4 are constant coefficients determined from the trained assessment
model, learned using an optimization algorithm that attempts to make this expression
maximally correct, and wherein sigmoid is a nonlinear function that enables this expression

to be turned into a probability. Such an algorithm can be quick to train, and the resulting
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expressions can be computed quickly in application, e.g., during administration of the
assessment procedure. Although reference is made to four coefficients, as many coefficients
as are helpful may be used as will be recognized by a person of ordinary skill in the art.
[00111] At step 615, the expected importance of each feature value can be determined
based on a combination of the metrics calculated in steps 605 and 610. Based on these two
factors, the feature recommendation module can determine the expected utility of the specific
feature value in predicting a specific developmental disorder. Although reference is made
herein to the determination of expected importance via multiplication, the expected
importance can be determined by combining coefficients and parameters in many ways, such
as with look up tables, logic, or division, for example.

[00112] At step 620, steps 605-615 can be repeated for every possible feature value for
each candidate feature. For example, if a particular question has 4 possible answers, the
expected importance of each of the 4 possible answers is determined.

[00113] At step 625, the total expected importance, or the expected feature importance,
of each candidate feature can be determined. The expected feature importance of each
feature can be determined by summing the feature value importances of every possible
feature value for the feature, as determined in step 620. By thus summing the expected
utilities across all possible feature values for a given feature, the feature recommendation
module can determine the total expected feature importance of the feature for predicting a
specific developmental disorder in response to previous answers.

[00114] At step 630, steps 605-625 can be repeated for every candidate feature being
considered by the feature recommendation module. The candidate features may comprise a
subset of possible features such as questions. Thus, an expected feature importance score for
every candidate feature can be generated, and the candidate features can be ranked in order of
highest to lowest expected feature importance.

[00115] Optionally, in addition to the two factors determined in steps 605 and 610, a
third factor may also be taken into account in determining the importance of each feature
value. Based on the subject’s previously provided feature values, the subject’s probability of
having one or more of the plurality of developmental disorders can be determined. Such a
probability can be determined based on the probability distribution stored in the assessment
model, indicating the probability of the subject having each of the plurality of screened
developmental disorders based on the feature values provided by the subject. In selecting the
next feature to be presented to the subject, the algorithm may be configured to give greater

weight to the feature values most important or relevant to predicting the one or more
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developmental disorders that the subject at hand is most likely to have. For example, if a
subject’s previously provided feature values indicate that the subject has a higher probability
of having either an intellectual disability or speech and language delay than any of the other
developmental disorders being evaluated, the feature recommendation module can favor
feature values having high importance for predicting either intellectual disability or speech
and language delay, rather than features having high importance for predicting autism,
ADHD, or any other developmental disorder that the assessment is designed to screen for.
The feature recommendation module can thus enable the prediction module to tailor the
prediction process to the subject at hand, presenting more features that are relevant to the
subject’s potential developmental disorder to yield a final classification with higher
granularity and confidence.
[00116] Although the above steps show an exemplary operational flow 600 of an
expected feature importance determination algorithm 127, a person of ordinary skill in the art
will recognize many variations based on the teachings described herein. The steps may be
completed in a different order. Steps may be added or deleted. Some of the steps may
comprise sub-steps of other steps. Many of the steps may be repeated as often as desired by
the user.
[00117] An exemplary implementation of the feature recommendation module is now
described. Subject X has provided answers (feature values) to questions (features) A, B, and
C in the assessment procedure:

Subject X = {‘A’:1, ‘B’:2, ‘C’:1}
The feature recommendation module can determine whether question D or question E should
be presented next in order to maximally increase the predictive confidence with which a final
classification or diagnosis can be reached. Given Subject X’s previous answers, the feature
recommendation module determines the probability of Subject X providing each possible
answer to each of questions D and E, as follows:

prob(E=11A=1, B=2,C=1) =0.1

prob(E=21A=1,B=2,C=1)=0.9

prob(D =11 A=1, B=2,C=1)=0.7

prob(D=21A=1,B=2,C=1)=0.3
The feature importance of each possible answer to each of questions D and E can be
computed based on the assessment model as described. Alternatively, the feature importance
of each possible answer to each of questions D and E can be computed as the actual

prediction confidence that would result if the subject were to give the specific answer. The
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importance of each answer can be represented using a range of values on any appropriate
numerical scale. For example:
importance(E=1)=1
importance(E =2) =3
importance(D = 1) =2
importance(D =2) =4
Based on the computed probabilities and the feature value importances, the feature
recommendation module can compute the expected feature importance of each question as
follows: Expectation[importance(E)] = (prob(E = 1| A=1, B=2, C=1) *
importance(E=1)
+ (prob(E =2 | A=1, B=2, C=1) * importance(E=2)
=0.1*1 + 0.9%3
=2.38
Expectation[importance(D)] = (prob(D = 1 | A=1, B=2, C=1) * importance(D=1)
+ (prob(D =2 | A=1, B=2, C=1) * importance(D=2)
=0.7%2 +0.3*%4
=2.6
Hence, the expected feature importance (also referred to as relevance) from the answer of
question E is determined to be higher than that of question D, even though question D has
generally higher feature importances for its answers. The feature recommendation module
can therefore select question E as the next question to be presented to Subject X.
[00118] When selecting the next best feature to be presented to a subject, the feature
recommendation module 125 may be further configured to exclude one or more candidate
features from consideration, if the candidate features have a high co-variance with a feature
that has already been presented to the subject. The co-variance of different features may be
determined based on the training data, and may be stored in the assessment model
constructed by the training module. If a candidate feature has a high co-variance with a
previously presented feature, the candidate feature may add relatively little additional
predictive utility, and may hence be omitted from future presentation to the subject in order to
optimize the efficiency of the assessment procedure.
[00119] The prediction module 120 may interact with the person participating in the
assessment procedure (e.g., a subject or the subject’s caretaker) with a user interface 130.
The user interface may be provided with a user interface, such as a display of any computing

device that can enable the user to access the prediction module, such as a personal computer,
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a tablet, or a smartphone. The computing device may comprise a processor that comprises
instructions for providing the user interface, for example in the form of a mobile application.
The user interface can be configured to display instructions from the prediction module to the
user, and/or receive input from the user with an input method provided by the computing
device. Thus, the user can participate in the assessment procedure as described herein by
interacting with the prediction module with the user interface, for example by providing
answers (feature values) in response to questions (features) presented by the prediction
module. The user interface may be configured to administer the assessment procedure in
real-time, such that the user answers one question at a time and the prediction module can
select the next best question to ask based on recommendations made by the feature
recommendation module. Alternatively or in combination, the user interface may be
configured to receive a complete set of new data from a user, for example by allowing a user
to upload a complete set of feature values corresponding to a set of features.

[00120] As described herein, the features of interest relevant to identifying one or more
developmental disorders may be evaluated in a subject in many ways. For example, the
subject or caretaker or clinician may be asked a series of questions designed to assess the
extent to which the features of interest are present in the subject. The answers provided can
then represent the corresponding feature values of the subject. The user interface may be
configured to present a series of questions to the subject (or any person participating in the
assessment procedure on behalf of the subject), which may be dynamically selected from a
set of candidate questions as described herein. Such a question-and-answer based assessment
procedure can be administered entirely by a machine, and can hence provide a very quick
prediction of the subject’s developmental disorder(s).

[00121] Alternatively or in combination, features of interest in a subject may be evaluated
with observation of the subject’s behaviors, for example with videos of the subject. The user
interface may be configured to allow a subject or the subject’s caretaker to record or upload
one or more videos of the subject. The video footage may be subsequently analyzed by
qualified personnel to determine the subject’s feature values for features of interest.
Alternatively or in combination, video analysis for the determination of feature values may be
performed by a machine. For example, the video analysis may comprise detecting objects
(e.g., subject, subject’s spatial position, face, eyes, mouth, hands, limbs, fingers, toes, feet,
etc.), followed by tracking the movement of the objects. The video analysis may infer the
gender of the subject, and/or the proficiency of spoken language(s) of the subject. The video

analysis may identify faces globally, or specific landmarks on the face such as the nose, eyes,
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lips and mouth to infer facial expressions and track these expressions over time. The video
analysis may detect eyes, limbs, fingers, toes, hands, feet, and track their movements over
time to infer behaviors. In some cases, the analysis may further infer the intention of the
behaviors, for example, a child being upset by noise or loud music, engaging in self-harming
behaviors, imitating another person’s actions, etc. The sounds and/or voices recorded in the
video files may also be analyzed. The analysis may infer a context of the subject’s behavior.
The sound/voice analysis may infer a feeling of the subject. The analysis of a video of a
subject, performed by a human and/or by a machine, can yield feature values for the features
of interest, which can then be encoded appropriately for input into the prediction module. A
prediction of the subject’s developmental disorder may then be generated based on a fitting of
the subject’s feature values to the assessment model constructed using training data.

[00122] Alternatively or in combination, features of interest in a subject may be evaluated
through structured interactions with the subject. For example, the subject may be asked to
play a game such as a computer game, and the performance of the subject on the game may
be used to evaluate one or more features of the subject. The subject may be presented with
one or more stimuli (e.g., visual stimuli presented to the subject via a display), and the
response of the subject to the stimuli may be used to evaluate the subject’s features. The
subject may be asked to perform a certain task (e.g., subject may be asked to pop bubbles
with his or her fingers), and the response of the subject to the request or the ability of the
subject to carry out the requested task may be used to evaluate to the subject’s features.
[00123] The methods and apparatus described herein can be configured in many ways to
determine the next most predictive or relevant question. At least a portion of the software
instructions as described herein can be configured to run locally on a local device so as to
provide the user interface and present questions and receive answers to the questions. The
local device can be configured with software instructions of an application program interface
(AP]) to query a remote server for the most predictive next question. The API can return an
identified question based on the feature importance as described herein, for example.
Alternatively or in combination, the local processor can be configured with instructions to
determine the most predictive next question in response to previous answers. For example,
the prediction module 120 may comprise software instructions of a remote server, or software
instructions of a local processor, and combinations thereof. Alternatively or in combination,
the feature recommendation module 125 may comprise software instructions of a remote
server, or software instructions of a local processor, and combinations thereof, configured to

determine the most predictive next question, for example. The exemplary operational flow
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600 of method of determining an expected feature importance determination algorithm 127 as
performed by a feature recommendation module 125 described herein can be performed with
one or more processors as described herein, for example.

[00124] FIG. 7 illustrates a method 700 of administering an assessment procedure as
described herein. The method 700 may be performed with a user interface provided on a
computing device, the computing device comprising a display and a user interface for
receiving user input in response to the instructions provided on the display. The user
participating in the assessment procedure may be the subject himself, or another person
participating in the procedure on behalf of the subject, such as the subject’s caretaker. At
step 705, an N™ question related an N™ feature can be presented to the user with the display.
At step 710, the subject’s answer containing the corresponding N" feature value can be
received. At step 715, the dataset for the subject at hand can be updated to include N™ the
feature value provided for the subject. At step 720, the updated dataset can be fitted to an
assessment model to generate a predicted classification. Step 720 may be performed by a
prediction module, as described herein. At step 725, a check can be performed to determine
whether the fitting of the data can generate a prediction of a specific developmental disorder
(e.g., autism, ADHD, etc.) sufficient confidence (e.g., within at least a 90% confidence
interval). If so, as shown at step 730, the predicted developmental disorder can be displayed
to the user. If not, in step 735, a check can be performed to determine whether there are any
additional features that can be queried. If yes, as shown at step 740, the feature
recommendation module may select the next feature to be presented to the user, and steps
705-725 may be repeated until a final prediction (e.g., a specific developmental disorder or
“no diagnosis”) can be displayed to the subject. If no additional features can be presented to
the subject, “no diagnosis” may be displayed to the subject, as shown at step 745.

[00125] Although the above steps show an exemplary a method 700 of administering
an assessment procedure, a person of ordinary skill in the art will recognize many variations
based on the teachings described herein. The steps may be completed in a different order.
Steps may be added or deleted. Some of the steps may comprise sub-steps of other steps.
Many of the steps may be repeated as often as desired by the user.

[00126] The present disclosure provides computer control systems that are programmed to
implement methods of the disclosure. FIG. 8 shows a computer system 801 suitable for
incorporation with the methods and apparatus described herein. The computer system 801
can process various aspects of information of the present disclosure, such as, for example,

questions and answers, responses, statistical analyses. The computer system 801 can be an
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electronic device of a user or a computer system that is remotely located with respect to the
electronic device. The electronic device can be a mobile electronic device.

[00127] The computer system 801 includes a central processing unit (CPU, also “processor”
and “computer processor” herein) 805, which can be a single core or multi core processor, or
a plurality of processors for parallel processing. The computer system 801 also includes
memory or memory location 810 (e.g., random-access memory, read-only memory, flash
memory), electronic storage unit 815 (e.g., hard disk), communication interface 820 (e.g.,
network adapter) for communicating with one or more other systems, and peripheral devices
825, such as cache, other memory, data storage and/or electronic display adapters. The
memory 810, storage unit 8§15, interface 820 and peripheral devices 825 are in
communication with the CPU 805 through a communication bus (solid lines), such as a
motherboard. The storage unit 815 can be a data storage unit (or data repository) for storing
data. The computer system 801 can be operatively coupled to a computer network
(“network’) 830 with the aid of the communication interface 820. The network 830 can be
the Internet, an internet and/or extranet, or an intranet and/or extranet that is in
communication with the Internet. The network 830 in some cases is a telecommunication
and/or data network. The network 830 can include one or more computer servers, which can
enable distributed computing, such as cloud computing. The network 830, in some cases
with the aid of the computer system 801, can implement a peer-to-peer network, which may
enable devices coupled to the computer system 801 to behave as a client or a server.

[00128] The CPU 805 can execute a sequence of machine-readable instructions, which can
be embodied in a program or software. The instructions may be stored in a memory location,
such as the memory 810. The instructions can be directed to the CPU 805, which can
subsequently program or otherwise configure the CPU 805 to implement methods of the
present disclosure. Examples of operations performed by the CPU 805 can include fetch,
decode, execute, and writeback.

[00129] The CPU 805 can be part of a circuit, such as an integrated circuit. One or more
other components of the system 801 can be included in the circuit. In some cases, the circuit
is an application specific integrated circuit (ASIC).

[00130] The storage unit 815 can store files, such as drivers, libraries and saved programs.
The storage unit 815 can store user data, e.g., user preferences and user programs. The
computer system 801 in some cases can include one or more additional data storage units that
are external to the computer system 801, such as located on a remote server that is in

communication with the computer system 801 through an intranet or the Internet.
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[00131] The computer system 801 can communicate with one or more remote computer
systems through the network 830. For instance, the computer system 801 can communicate
with a remote computer system of a user (e.g., a parent). Examples of remote computer
systems and mobile communication devices include personal computers (e.g., portable PC),
slate or tablet PC’s (e.g., Apple® iPad, Samsung® Galaxy Tab), telephones, Smart phones
(e.g., Apple® iPhone, Android-enabled device, Blackberry®), or personal digital assistants.
The user can access the computer system 801 with the network 830.

[00132] Methods as described herein can be implemented by way of machine (e.g.,
computer processor) executable code stored on an electronic storage location of the computer
system 801, such as, for example, on the memory 810 or electronic storage unit 815. The
machine executable or machine readable code can be provided in the form of software.
During use, the code can be executed by the processor 805. In some cases, the code can be
retrieved from the storage unit 815 and stored on the memory 810 for ready access by the
processor 805. In some situations, the electronic storage unit 815 can be precluded, and
machine-executable instructions are stored on memory 810.

[00133] The code can be pre-compiled and configured for use with a machine have a
processer adapted to execute the code, or can be compiled during runtime. The code can be
supplied in a programming language that can be selected to enable the code to execute in a
pre-compiled or as-compiled fashion.

[00134] Aspects of the systems and methods provided herein, such as the computer system
801, can be embodied in programming. Various aspects of the technology may be thought of
as “products” or “articles of manufacture” typically in the form of machine (or processor)
executable code and/or associated data that is carried on or embodied in a type of machine
readable medium. Machine-executable code can be stored on an electronic storage unit, such
memory (e.g., read-only memory, random-access memory, flash memory) or a hard disk.
“Storage” type media can include any or all of the tangible memory of the computers,
processors or the like, or associated modules thereof, such as various semiconductor
memories, tape drives, disk drives and the like, which may provide non-transitory storage at
any time for the software programming. All or portions of the software may at times be
communicated through the Internet or various other telecommunication networks. Such
communications, for example, may enable loading of the software from one computer or
processor into another, for example, from a management server or host computer into the
computer platform of an application server. Thus, another type of media that may bear the

software elements includes optical, electrical and electromagnetic waves, such as used across
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physical interfaces between local devices, through wired and optical landline networks and
over various air-links. The physical elements that carry such waves, such as wired or
wireless links, optical links or the like, also may be considered as media bearing the software.
As used herein, unless restricted to non-transitory, tangible “storage” media, terms such as
computer or machine “readable medium” refer to any medium that participates in providing
instructions to a processor for execution.

[00135] Hence, a machine readable medium, such as computer-executable code, may take
many forms, including but not limited to, a tangible storage medium, a carrier wave medium
or physical transmission medium. Non-volatile storage media include, for example, optical
or magnetic disks, such as any of the storage devices in any computer(s) or the like, such as
may be used to implement the databases, etc. shown in the drawings. Volatile storage media
include dynamic memory, such as main memory of such a computer platform. Tangible
transmission media include coaxial cables; copper wire and fiber optics, including the wires
that comprise a bus within a computer system. Carrier-wave transmission media may take
the form of electric or electromagnetic signals, or acoustic or light waves such as those
generated during radio frequency (RF) and infrared (IR) data communications. Common
forms of computer-readable media therefore include for example: a floppy disk, a flexible
disk, hard disk, magnetic tape, any other magnetic medium, a CD-ROM, DVD or DVD-
ROM, any other optical medium, punch cards paper tape, any other physical storage medium
with patterns of holes, a RAM, a ROM, a PROM and EPROM, a FLASH-EPROM, any other
memory chip or cartridge, a carrier wave transporting data or instructions, cables or links
transporting such a carrier wave, or any other medium from which a computer may read
programming code and/or data. Many of these forms of computer readable media may be
involved in carrying one or more sequences of one or more instructions to a processor for
execution.

[00136] The computer system 801 can include or be in communication with an electronic
display 835 that comprises a user interface (UI) 840 for providing, for example, questions and
answers, analysis results, recommendations. Examples of UT’s include, without limitation, a
graphical user interface (GUI) and web-based user interface.

[00137] Methods and systems of the present disclosure can be implemented by way of one
or more algorithms and with instructions provided with one or more processors as disclosed
herein. An algorithm can be implemented by way of software upon execution by the central
processing unit 805. The algorithm can be, for example, random forest, graphical models,

support vector machine or other.
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[00138] Although the above steps show a method of a system in accordance with an
example, a person of ordinary skill in the art will recognize many variations based on the
teaching described herein. The steps may be completed in a different order. Steps may be
added or deleted. Some of the steps may comprise sub-steps. Many of the steps may be
repeated as often as if beneficial to the platform.

[00139] Each of the examples as described herein can be combined with one or more other
examples. Further, one or more components of one or more examples can be combined with
other examples.

[00140] Experimental Data

[00141] A data processing module as described herein was built on Python 2.7,
Anaconda Distribution. The training data used to construct and train the assessment model
included data generated by the Autism Genetic Resource Exchange (AGRE), which
performed in-home assessments to collect ADI-R and ADOS data from parents and children
in their homes. ADI-R comprises a parent interview presenting a total of 93 questions, and
yields a diagnosis of autism or no autism. ADOS comprises a semi-structured interview of a
child that yields a diagnosis of autism, ASD, or no diagnosis, wherein a child is administered
one of four possible modules based on language level, each module comprising about 30
questions. The data included clinical diagnoses of the children derived from the assessments;
if a single child had discrepant ADI-R versus ADOS diagnoses, a licensed clinical
psychologist assigned a consensus diagnosis for the dataset for the child in question. The
training data included a total of 3,449 data points, with 3,315 cases (autism or ASD) and 134
controls (non-spectrum). The features evaluated in the training data targeted 3 key domains:
language, social communication, and repetitive behaviors.

[00142] A boosted Random Forest classifier was used to build the assessment model as
described herein. Prior to training the assessment model on the training data, the training
data was pre-processed to standardize the data, and re-encode categorical features in a one-
hot representation as described herein. Since the training data was skewed towards
individuals with autism or ASD, sample weighting was applied to attribute up to 50 times
higher significance to data from non-spectrum individuals compared to data from
autistic/ASD individuals. The assessment model was trained iteratively with boosting,
updating the weighting of data points after each iteration to increase the significance
attributed to data points that were misclassified, and retraining with the updated significances.
[00143] The trained model was validated using Stratified k-fold cross validation with k

= 5. The cross-validation yielded an accuracy of about 93-96%, wherein the accuracy is
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defined as the percentage of subjects correctly classified using the model in a binary
classification task (autism/non-spectrum). Since the training data contained a sample bias, a
confusion matrix was calculated to determine how often the model confused one class
(autism or non-spectrum) with another. The percentage of correctly classified autism
individuals was about 95%, while the percentage of correctly classified non-spectrum
individuals was about 76%. It should be noted, however, that the model may be adjusted to
more closely fit one class versus another, in which case the percentage of correct
classifications for each class can change. FIG. 9 shows receiver operating characteristic
(ROC) curves mapping sensitivity versus fall-out for an exemplary assessment model as
described herein. The true positive rate (sensitivity) for the diagnosis of autism is mapped on
the y-axis, as a function of the false positive rate (fall-out) for diagnosis mapped on the x-
axis. Each of the three curves, labeled “Fold #0”, “Fold #1”, and “Fold #2”, corresponds to a
different “fold” of the cross-validation procedure, wherein for each fold, a portion of the
training data was fitted to the assessment model while varying the prediction confidence
threshold necessary to classify a dataset as “autistic”. As desired or appropriate, the model
may be adjusted to increase the sensitivity in exchange for some increase in fall-out, or to
decrease the sensitivity in return for a decrease in fall-out, as according to the ROC curves of
the model.

[00144] The feature recommendation module was configured as described herein,
wherein the expected feature importance of each question was computed, and candidate
questions ranked in order of computed importance with calls to a server with an application
program interface (API). The feature recommendation module’s ability to recommend
informative questions was evaluated by determining the correlation between a question’s
recommendation score with the increase in prediction accuracy gained from answering the
recommended question. The following steps were performed to compute the correlation
metric: (1) the data was split up into folds for cross-validation; (2) already answered
questions were randomly removed from the validation set; (3) expected feature importance
(question recommendation/score) was generated for each question; (4) one of the questions
removed in step 2 was revealed, and the relative improvement in the subsequent prediction
accuracy was measured; and (5) the correlation between the relative improvement and the
expected feature importance was computed. The calculated Pearson correlation coefficient
ranged between 0.2 and 0.3, indicating a moderate degree of correlation between the expected
feature importance score and the relative improvement. FIG. 10 is a scatter plot showing the

correlation between the expected feature importance (“Expected Informativitiy Score”) and
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the relative improvement (“Relative Classification Improvement”) for each question. The
plot shows a moderate linear relationship between the two variables, demonstrating the
feature recommendation module is indeed able to recommend questions that would increase
the prediction accuracy.

[00145] The length of time to produce an output using the developed prediction
module and the feature recommendation model was measured. The prediction module took
about 46 ms to make a prediction of an individual’s risk of autism. The feature
recommendation module took about 41 ms to generation question recommendations for an
individual. Although these measurements were made with calls to a server through an API,
the computations can be performed locally, for example.

[00146] While the assessment model of the data processing module described with
respect to FIGS. 9-10 was constructed and trained to classify subjects as having autism or no
autism, a similar approach may be used to build an assessment model that can classify a
subject as having one or more of a plurality of developmental disorders, as described herein.
[00147] A person of ordinary skill in the art can generate and obtain additional datasets
and improve the sensitivity and specificity and confidence interval of the methods and
apparatus disclosed herein to obtain improved results without undue experimentation.
Although these measurements were performed with example datasets, the methods and
apparatus can be configured with additional datasets as described herein and the subject
identified as at risk with a confidence interval of 80% in a clinical environment without
undue experimentation. The sensitivity and specificity of 80% or more in a clinical
environment can be similarly obtained with the teachings provided herein by a person of
ordinary skill in the art without undue experimentation, for example with additional datasets.
[00148] Additional datasets may be obtained from large archival data repositories as
described herein, such as the Autism Genetic Resource Exchange (AGRE), Boston Autism
Consortium (AC), Simons Foundation, National Database for Autism Research, and the like.
Alternatively or in combination, additional datasets may comprise mathematically simulated
data, generated based on archival data using various simulation algorithms. Alternatively or
in combination, additional datasets may be obtained via crowd-sourcing, wherein subjects
self-administer the assessment procedure as described herein and contribute data from their
assessment. In addition to data from the self-administered assessment, subjects may also
provide a clinical diagnosis obtained from a qualified clinician, so as to provide a standard of

comparison for the assessment procedure.
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[00149] While preferred embodiments of the present invention have been shown and
described herein, it will be obvious to those skilled in the art that such embodiments are
provided by way of example only. Numerous variations, changes, and substitutions will now
occur to those skilled in the art without departing from the invention. It should be understood
that various alternatives to the embodiments of the invention described herein may be
employed in practicing the invention. It is intended that the following claims define the
scope of the invention and that methods and structures within the scope of these claims and

their equivalents be covered thereby.
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CLAIMS
WHAT IS CLAIMED IS:

1. An apparatus for evaluating a subject for risk of having a developmental disorder
among two or more related developmental disorders, the apparatus comprising:
a processor comprising a tangible medium configured with instructions to,

present a question to the subject, the question configured to assess a
clinical characteristic related to the two or more related developmental disorders,

receive an answer corresponding to the clinical characteristic of the
subject related to the two or more related developmental disorders; and

determine, in response to the answer, whether the subject is at greater
risk of a first developmental disorder or a second developmental disorder of the two or more

related developmental disorders, with a sensitivity and specificity of at least 80%.

2. An apparatus for evaluating a subject for risk of having a developmental disorder
among two or more related developmental disorders, the apparatus comprising:

a processor comprising a tangible medium having an assessment model stored
thereon, the assessment model comprising statistical correlations among a plurality of clinical
characteristics and clinical diagnoses of the two or more related developmental disorders, the
processor configured with instructions to,

receive an answer corresponding to a clinical characteristic of the
subject related to the two or more related developmental disorders; and

determine, in response to the answer and the assessment model,
whether the subject is at greater risk of a first developmental disorder or a second
developmental disorder of the two or more related developmental disorders, in response to

the assessment model.

3. An apparatus for evaluating a subject for risk of having a developmental disorder
among two or more related developmental disorders having a comorbidity, the apparatus
comprising:

a processor comprising a tangible medium configured with instructions to,
present a question to the subject, the question configured to assess a
clinical characteristic related to the two or more related developmental disorders,
receive an answer corresponding to the clinical characteristic of the

subject related to the two or more related developmental disorders; and
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determine, in response to the answer, whether the subject is at risk of a
first developmental disorder and a second developmental disorder of the two or more related

developmental disorders with comorbidity, with a sensitivity and specificity of at least 80%.

4. An apparatus for evaluating a subject for risk of having a developmental disorder
among two or more related developmental disorders, the apparatus comprising:
a processor comprising a tangible medium configured with instructions to,
receive a plurality of answers to a plurality of asked questions among a
plurality of questions, the plurality of answers corresponding to clinical characteristics of the
subject related to the two or more related developmental disorders, a plurality of remaining
unasked questions of the plurality of questions comprising a most predictive next question,
determine, based on the plurality of answers, whether the subject is at greater
risk of a first developmental disorder or a second developmental disorder of the two or more
developmental disorders, and
identify the most predictive next question among the plurality of remaining
unasked questions, in response a determination of the subject as at greater risk of a first
developmental disorder or a second developmental disorder of the two or more related

developmental disorders.

5. The apparatus of claim 4, wherein a question that is most predictive of the first
developmental disorder is identified as the most predictive next question in response to a

determination of the subject as at greater risk of the first developmental disorder.

6. The apparatus of claim 4, wherein a question that is most predictive of the second
developmental disorder is identified as the most predictive next question in response to a

determination of the subject as at greater risk of the second developmental disorder.

7. The apparatus of any one of claims 1, 3, and 4, further comprising a memory
having an assessment model stored thereon, the assessment model comprising statistical
correlations between a plurality of clinical characteristics and clinical diagnoses of the two or

more developmental disorders.

8. The apparatus of claim 7, wherein the processor is further configured with
instructions to determine whether the subject is at greater risk of the first developmental

disorder or the second developmental disorder in response to the assessment model.

9. The apparatus of any one of claims 1, 2, and 4, wherein the first developmental

disorder and the second developmental disorder comprise a comorbidity.
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10. The apparatus of any one of claims 1-4, wherein the first developmental disorder
and the second developmental disorder comprise a comorbidity and the subject is at greater

risk of the first disorder than the second disorder.

11. The apparatus of claim 4, wherein the processor is configured with instructions

to display the question and the most predictive next question.

12. The apparatus of claim 4, wherein the processor comprises instructions to
identify the most predictive next question in response to the plurality of answers

corresponding to the plurality of clinical characteristics of the subject.

13. The apparatus of claim 12, wherein the plurality of answers comprises a

sequence of answers to a sequence of most predictive next questions.

14. The apparatus of claim 4, wherein the processor is configured with instructions
to identify the most predictive next question in response to an estimated predictive utility of

each remaining question.

15. The apparatus of claim 14, wherein the estimated predictive utility of each
remaining question is determined in response to a combination of a predictive utility of each

possible answer to each remaining question and a probability of said each possible answer.

16. The apparatus of claim 15, wherein the estimated predictive utility of each
remaining question is determined with a summation of products comprising the predictive
utility of each possible answer to each remaining question combined with the probability of

said each possible answer.

17. The apparatus of claim 16, wherein the predictive utility of each possible answer

is multiplied by a probability of occurrence for said each possible answer.

18. The apparatus of claim 15, wherein the predictive utility of each possible answer
corresponds to a correlation of said each possible answer with clinical diagnosis of the first

developmental disorder.

19. The apparatus of claim 15, wherein the probability of said each possible answer
is determined in response to one or more answers of the subject corresponding to one or more

clinical characteristics of the subject.

20. The apparatus of claim 4, wherein the processor is configured with sufficient
statistics to identify the most predictive next question that is most predictive of the first

developmental disorder.
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21. The apparatus of claim 20, wherein the sufficient statistics comprise sufficient
statistics determined with one or more of a binary tree, a random forest, a decision tree, a
plurality of decision trees, a plurality of decision trees with controlled variance, a
multinomial logistic regression, a naive Bayes classifier, a linear classifier, an ensemble of
linear classifiers, a boosting algorithm, a boosting algorithm trained with stochastic gradient
descent, a boosting algorithm comprising training data weighting, a boosting algorithm
comprising updating training data weighting, or a boosting algorithm comprising updating

misclassified training data with higher weights.

22. The apparatus of claim 20, wherein the sufficient statistics comprise sufficient

statistics of a classifier trained and validated on one or more subject populations.

23. The apparatus of claim 20, wherein the processor comprises instructions to
identify the most predictive next question in response to a plurality of answers corresponding
to a plurality of clinical characteristics of the subject, a plurality of remaining questions, and
an informativeness of each question of the plurality of remaining questions determined with

the sufficient statistics.

24. The apparatus of claim 20, wherein the most predictive next question is
identified in response to one or more of an informativeness or an estimated predictive utility
of the most predictive next question determined in response to a plurality of answers

corresponding to a plurality of clinical characteristics of the subject.

25. The apparatus of claim 20, wherein the processor comprises instructions to
determine an informativeness of the most predictive next question in response to an output of
a probabilistic graphical model comprising estimates of probability coefficients determined

with logistic regression.

26. The apparatus of claim 4, wherein the processor is configured with sufficient
statistics of a machine learning algorithm configured in response to a plurality of clinically
assessed subject populations in order to identify the most predictive next question that is most

predictive of greater risk of the first developmental disorder.

27. The apparatus of claim 4, wherein the processor is configured with instructions
to identify the most predictive next question in response to an estimated predictive utility of
the most predictive next question with respect to each of the two or more developmental

disorders.
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28. The apparatus of claim 4, wherein the processor is configured with instructions
to identify the next most predictive question with one or more of a binary tree, a random
forest, a decision tree, a plurality of decision trees, a plurality of decision trees with
controlled variance, a multinomial logistic regression, a naive Bayes classifier, a linear

classifier, or an ensemble of linear classifiers.

29. The apparatus of claim 4, wherein the plurality of questions comprises a plurality

of predetermined questions.

30. The apparatus of claim 4, further comprising,
an input; and
a display coupled to the input;
wherein the processor is configured with instructions to display the plurality of
questions and receive the plurality of answers to the plurality of questions via the input, and

to display the identified most predictive next question.

31. The apparatus of claim 4, wherein a question having high covariance with a
question already answered by the subject is not identified as the most predictive next

question.

32. The apparatus of any one of claims 1-4, wherein the processor is configured to
determine the subject as at risk of the developmental disorder with one or more of a

confidence interval of at least 85% or a sensitivity and specificity of at least 85%.

33. The apparatus of any one of claims 1-4, wherein the processor is configured to
determine the subject as at risk of the developmental disorder with one or more of a

confidence interval of at least 90% or a sensitivity and specificity of at least 90%.

34. The apparatus of any one of claims 1-4, wherein the processor is configured with
instructions to diagnose the subject with one or more of the two or more developmental

disorders.

35. The apparatus of any one of claims 1-4, wherein the processor is configured with
instructions to determine a risk of the subject for having each of the two or more

developmental disorders.

36. The apparatus of any one of claims 1-4, wherein the processor is configured with
instructions to determine, in a clinical or nonclinical setting, the subject as at risk for the

developmental disorders with a confidence of at least 80% (per cent).
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37. The apparatus of any one of claims 2-4, wherein the processor is configured with
instructions to determine, in a clinical or nonclinical setting, the subject as at risk for one or
more of the two or more developmental disorders with a sensitivity of at least 80% (per cent)

and a specificity of at least 80% (per cent).

38. The apparatus of any one of claims 1-4, wherein the two or more developmental
disorders comprise two or more disorders of Diagnostic and Statistical Manual of Mental

Disorders (DSM) IV or DSM V.

39. The apparatus of any one of claims 1-4, wherein the two or more developmental
disorders comprise one or more of autism spectrum disorder, a level of autism spectrum
disorder (ASD), level 1 of ASD, level 2 of ASD, level 3 of ASD, autism (“classical autism’),
Asperger’s syndrome (“high functioning autism”), pervasive development disorder (PDD
“atypical autism”), pervasive developmental disorder not otherwise specified (PDD-NOS),
developmental disorders related to autism spectrum disorder, speech and language delay
(SLD), obsessive compulsive disorder (OCD), social communication disorder, intellectual
disabilities, learning disabilities, sensory processing, attention deficit disorder (ADD),
attention deficit hyperactive disorder (ADHD), speech disorder, language disorder, deficits in
social communication, deficits in social interaction, restricted repetitive behaviors (RBBs),
restrictive repetitive interests, restrictive repetitive activities, global developmental delay, or

other behavioral, intellectual, or developmental delay.

40. The apparatus of any one of claims 1-4, wherein the two or more developmental
disorders comprise a plurality of disorders having related symptoms, the plurality of disorders
having related symptoms of one or more of Autism, Asperger’s syndrome, pervasive
developmental disorder not otherwise specified (PDD-NOS), ADHD, speech and language

delay, OCD, or social communication disorder.

41. The apparatus of any one of claims 1-4, wherein the processor comprises one or

more of a local processor or a remote server.

42. The apparatus of any one of claims 1-4, wherein the processor comprises one or
more of a local processor or a remote server and wherein the processor is configured to select
a next question with sufficient statistics stored on one or more of the local processor or the

remote server.

43. The apparatus of claim 4, wherein the processor is configured with instructions

to identify first a first plurality of next most predictive questions of a first disorder, and to
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identify second a second plurality of next most predictive questions of a second disorder in
response to a first plurality of answers to the first plurality of next most predictive questions

related to the first disorder.

44. The apparatus of claim 4, wherein the processor is configured to identify each of
the plurality of next most predictive questions in response to an answer to an immediately

preceding next most predictive question.

45. The apparatus of claim 4, wherein the processor is configured with instructions
to determine a first plurality of next most predictive questions together and to receive answers
to the first plurality of next most predictive questions, the processor configured to determine
a second plurality of next most predictive questions together in response to the answers to the

first plurality of next most predictive questions.

46. The apparatus of claim 4, wherein the processor is configured with instructions
to determine a first plurality of next most predictive questions of a first disorder and a second

plurality of next most predictive questions of a second disorder.

47. The apparatus of claim 46, wherein the processor is configured with instructions
to determine the second plurality of next most predictive questions of the second disorder in

response to answers to the first plurality of next most predictive questions.

48. The apparatus of claim 46, wherein the processor is configured with instructions
to determine a next most predictive question of the second plurality of next most predictive
questions of the second disorder in response to first answers to the first plurality of next most
predictive questions and second answers to the second plurality of next most predictive

questions.

49. The apparatus of claim 46, wherein the processor is configured with instructions
to determine a first feature importance related to the first disorder for each of the first
plurality of next most predictive questions and a second feature importance related to the

second disorder for each of the second plurality of next most predictive questions.

50. The apparatus of any one of claims 1-4, wherein the processor is configured with
instructions to determine a next most predictive question of a first disorder and a second

disorder.

51. An apparatus to determine developmental progress of a subject in response to a

plurality of questions, the apparatus comprising:
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a processor comprising a tangible medium configured with instructions to,

receive a plurality of answers to a plurality of asked questions among a
plurality of questions, the plurality of answers corresponding to clinical characteristics of the
subject related to the developmental progress, a plurality of remaining unasked questions of
the plurality of questions comprising a most predictive next question,

determine the developmental progress of the subject based on the plurality of
answers, and

identify the most predictive next question among the plurality of remaining
unasked questions, in response to a determination of the developmental progress of the

subject.

52. An apparatus for evaluating a subject as developmentally advanced in
an area of development among a plurality of areas of development, the apparatus comprising:
a processor comprising a tangible medium configured with instructions to,

receive a plurality of answers to a plurality of asked questions among a
plurality of questions, the plurality of answers corresponding to clinical characteristics of the
subject related to the plurality of areas of development, a plurality of remaining unasked
questions of the plurality of questions comprising a most predictive next question,

determine, based on the plurality of answers, whether the subject is
developmentally advanced in a first area of development compared to a second area of
development of the plurality of areas of development, and

identify the most predictive next question among the plurality of remaining
unasked questions, in response a determination of the subject as developmentally advanced in
the first area of development compared to the second area of development of the plurality of

areas of development.

53. An apparatus for evaluating a subject for risk of having a developmental disorder
among two or more developmental disorders, the apparatus comprising:
a processor comprising a tangible medium configured with instructions to,
receive input data corresponding a clinical characteristic of the subject related
to the two or more developmental disorders,
determine, in response to the input data, whether the subject is at greater risk
of a first developmental disorder or a second developmental disorder of the two or more

related developmental disorders, with a sensitivity and specificity of at least 80%.
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54. An apparatus for evaluating a subject for risk of having a developmental disorder
among two or more related developmental disorders, the apparatus comprising:

a memory having an assessment model stored thereon, the assessment model
comprising statistical correlations between a plurality of clinical characteristics and clinical
diagnoses of the two or more related developmental disorders; and

a processor comprising a tangible medium configured with instructions to,

receive input data corresponding a clinical characteristic of the subject
related to the two or more developmental disorders,

determine, in response to the input data and the assessment model,
whether the subject is at greater risk of a first developmental disorder or a second

developmental disorder of the two or more related developmental disorders.

55. An apparatus for evaluating a subject for risk of having a developmental disorder
among two or more developmental disorders, the apparatus comprising:
a processor comprising a tangible medium configured with instructions to,

receive input data corresponding a first clinical characteristic of the subject
related to the two or more developmental disorders,

determine, in response to the input data, whether the subject is at greater risk
of a first developmental disorder or a second developmental disorder of the two or more
related developmental disorders,

identify a second clinical characteristic that is most predictive of the first
developmental disorder, in response to the determination of the subject as at greater risk of
the first developmental disorder, and

receive additional input data corresponding to the second clinical

characteristic of the subject.

56. The apparatus of claim 53, 54, or 55, wherein the input data comprises one or
more of an answer of the subject to a question, a result of a structured interaction with the
subject, a performance of a subject on a game, a response of the subject to a stimulus, a
response of the subject to a stimulus on a display visible to the subject, a response of the
subject when asked to pop bubbles with his or her fingers, an observation of the subject, a

video observation of the subject, or a clinical observation of the subject.

57. A method of evaluating a subject for risk of having a developmental disorder

among two or more related developmental disorders, the method comprising:
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presenting a question to the subject, the question configured to assess a clinical
characteristic related to the two or more related developmental disorders;

receiving an answer corresponding to the clinical characteristic of the subject
related to the two or more related developmental disorders; and

determining, in response to the answer, whether the subject is at greater risk of a
first developmental disorder or a second developmental disorder of the two or more related

developmental disorders with a sensitivity and specificity of at least 80%.

58. A method of evaluating a subject for risk of having a developmental disorder

among two or more related developmental disorders, the method comprising:

presenting a question to the subject, the question configured to assess a clinical
characteristic related to the two or more related developmental disorders;

receiving an answer corresponding to the clinical characteristic of the subject
related to the two or more related developmental disorders; and

determining, in response to the answer, whether the subject is at greater risk of a
first developmental disorder or a second developmental disorder of the two or more related
developmental disorders, in response to an assessment model comprising statistical
correlations between a plurality of clinical characteristics and clinical diagnoses of the two or

more related developmental disorders.

59. A method of evaluating a subject for risk of having a developmental disorder

among two or more related developmental disorders, the method comprising:

presenting a question to the subject, the question configured to assess a clinical
characteristic related to the two or more related developmental disorders,

receiving an answer corresponding to the clinical characteristic of the subject
related to the two or more related developmental disorders; and

determining, in response to the answer, whether the subject is at risk of a first
developmental disorder and a second developmental disorder of the two or more related

developmental disorders with comorbidity, with a sensitivity and specificity of at least 80%.

60. A method of evaluating a subject for risk of having a developmental disorder
among two or more related developmental disorders, the method comprising:
receiving a plurality of answers to a plurality of asked questions among a plurality
of questions, the plurality of answers corresponding to clinical characteristics of the subject
related to the two or more related developmental disorders, a plurality of remaining unasked

questions of the plurality of questions comprising a most predictive next question,
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determining, based on the plurality of answers, whether the subject is at greater
risk of a first developmental disorder or a second developmental disorder of the two or more
developmental disorders, and

identifying the most predictive next question among the plurality of remaining
unasked questions, in response a determination of the subject as at greater risk of a first
developmental disorder or a second developmental disorder of the two or more related

developmental disorders.

61. The method of claim 60, wherein a question that is most predictive of the first
developmental disorder is identified as the most predictive next question in response to a

determination of the subject as at greater risk of the first developmental disorder.

62. The method of claim 60, wherein a question that is most predictive of the second
developmental disorder is identified as the most predictive next question in response to a

determination of the subject as at greater risk of the second developmental disorder.

63. The method of any one of claims 57, 59, and 60, wherein determining comprises
determining in response to an assessment model comprising statistical correlations between a
plurality of clinical characteristics and clinical diagnoses of the two or more developmental

disorders.

64. The method of claim 63, wherein the determining comprises determining whether
the subject is at greater risk of the first developmental disorder or the second developmental

disorder in response to the assessment model.

65. The method of any one of claims 57, 58, and 60, wherein the determining
comprises determining whether the subject is at risk of the first developmental disorder and

the second developmental disorder with comorbidity.

66. The method of any one of claims 57-60, wherein the determining comprises
determining whether the subject is at risk of the first developmental disorder and the second
developmental disorder with comorbidity and the subject is at greater risk of the first disorder

than the second disorder.

67. The method of claim 60, wherein the method further comprises displaying the

plurality of questions and the most predictive next questions.
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68. The method of claim 60, wherein the identifying comprises identifying the most
predictive next question in response to the plurality of answers corresponding to the plurality

of clinical characteristics of the subject.

69. The method of claim 68, wherein the plurality of answers comprises a sequence

of answers to a sequence of most predictive next questions.

70. The method of claim 60, wherein the identifying comprises identifying the most
predictive next question in response to an estimated predictive utility of each remaining

question of the plurality of remaining unasked questions.

71. The method of claim 70, wherein the estimated predictive utility of each
remaining question is determined in response to a combination of a predictive utility of each

possible answer to each remaining question and a probability of said each possible answer.

72. The method of claim 71, wherein the estimated predictive utility of each
remaining question is determined with a summation of products comprising the predictive
utility of each possible answer to each remaining question combined with the probability of

said each possible answer.

73. The method of claim 72, wherein the predictive utility of each possible answer is

multiplied by a probability of occurrence for said each possible answer.

74. The method of claim 71, wherein the predictive utility of each possible answer
corresponds to a correlation of said each possible answer with clinical diagnosis of the first

developmental disorder.

75. The method of claim 71, wherein the probability of said each possible answer is
determined in response to one or more answers of the subject corresponding to one or more

clinical characteristics of the subject.

76. The method of claim 60, wherein identifying comprises identifying with
sufficient statistics the most predictive next question that is most predictive of the first

development disorder.

77. The method of claim 76, wherein the sufficient statistics comprise sufficient
statistics determined with one or more of a binary tree, a random forest, a decision tree, a
plurality of decision trees, a plurality of decision trees with controlled variance, a
multinomial logistic regression, a naive Bayes classifier, a linear classifier, an ensemble of

linear classifiers, a boosting algorithm, a boosting algorithm trained with stochastic gradient
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descent, a boosting algorithm comprising training data weighting, a boosting algorithm
comprising updating training data weighting, or a boosting algorithm comprising updating

misclassified training data with higher weights.

78. The method of claim 76, wherein the sufficient statistics comprise sufficient

statistics of a classifier trained and validated on one or more subject populations.

79. The method of claim 76, wherein the identifying comprises identifying the most
predictive next question in response to a plurality of answers corresponding to a plurality of
clinical characteristics of the subject, a plurality of remaining questions, and an
informativeness of each question of the plurality of remaining questions determined with the

sufficient statistics.

80. The method of claim 76, wherein the most predictive next question is identified
in response to one or more of an informativeness or an estimated predictive utility of the most
predictive next question determined in response to a plurality of answers corresponding to a

plurality of clinical characteristics of the subject.

81. The method of claim 76, wherein the method further comprises determining an
informativeness of the most predictive next question in response to an output of a
probabilistic graphical model comprising estimates of probability coefficients determined

with logistic regression.

82. The method of claim 60, wherein the identifying comprises identifying the most
predictive next question that is most predictive of greater risk of the first developmental
disorder using sufficient statistics of a machine learning algorithm configured in response to a

plurality of clinically assessed subject populations.

83. The method of claim 60, wherein the identifying comprises identifying the most
predictive next question in response to an estimated predictive utility of the most predictive

next question with respect to each of the two or more developmental disorders.

84. The method of claim 60, wherein the identifying comprises identifying the next
most predictive question with one or more of a binary tree, a random forest, a decision tree, a
plurality of decision trees, a plurality of decision trees with controlled variance, a
multinomial logistic regression, a naive Bayes classifier, a linear classifier, or an ensemble of

linear classifiers.
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85. The method of claim 60, wherein the plurality of questions comprises a plurality

of predetermined questions.

86. The method of claim 60, further comprising displaying the plurality of questions
on a display, receiving the plurality of answers to the plurality of questions via an input
coupled to the display, and displaying the identified most predictive next question on the

display.

87. The method of claim 60, wherein a question having high covariance with a
question already answered by the subject is not identified as the most predictive next

question.

88. The method of any one of claims 57-60, wherein the determining comprises
determining the subject as at risk of the developmental disorder with one or more of a

confidence interval of at least 85% or a sensitivity and specificity of at least 85%.

89. The method of any one of claims 57-60, wherein the processor is configured to
determine the subject as at risk of the developmental disorder with one or more of a

confidence interval of at least 90% or a sensitivity and specificity of at least 90%.

90. The method of any one of claims 57-60, wherein the method further comprises

diagnosing the subject with one or more of the two or more related developmental disorders.

91. The method of any one of claims 57-60, wherein the method further comprises

determining a risk of the subject for having each of the two or more developmental disorders.

92. The method of any one of claims 57-60, wherein the determining comprises
determining, in a clinical or nonclinical setting, the subject as at risk for the developmental

disorders with a confidence of at least 80% (per cent).

93. The method of any one of claims 58-60, wherein the determining comprises
determining, in a clinical or nonclinical setting, the subject as at risk for one or more of the
two or more developmental disorders with a sensitivity of at least 80% (per cent) and a

specificity of at least 80% (per cent).

94. The method of any one of claims 57-60, wherein the two or more related
developmental disorders comprise two or more disorders of Diagnostic and Statistical

Manual of Mental Disorders (DSM) IV or DSM V.

95. The method of any one of claims 57-60, wherein the two or more related

developmental disorders comprise one or more of autism spectrum disorder, a level of autism
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spectrum disorder (ASD), level 1 of ASD, level 2 of ASD, level 3 of ASD, autism (“classical
autism”), Asperger’s syndrome (“‘high functioning autism”), pervasive development disorder
(PDD “atypical autism”), pervasive developmental disorder not otherwise specified (PDD-
NOS), developmental disorders related to autism spectrum disorder, speech and language
delay (SLD), obsessive compulsive disorder (OCD), social communication disorder,
intellectual disabilities, learning disabilities, sensory processing, attention deficit disorder
(ADD), attention deficit hyperactive disorder (ADHD), speech disorder, language disorder,
deficits in social communication, deficits in social interaction, restricted repetitive behaviors
(RBBs), restrictive repetitive interests, restrictive repetitive activities, global developmental

delay, or other behavioral, intellectual, or developmental delay.

96. The method of any one of claims 57-60, wherein the two or more related
developmental disorders comprise a plurality of disorders having related symptoms, the
plurality of disorders having related symptoms of one or more of Autism, Asperger’s
syndrome, pervasive developmental disorder not otherwise specified (PDD-NOS), ADHD,

speech and language delay, OCD, or social communication disorder.

97. The method of any one of claims 57-60, wherein the method further comprises
selecting a next question with sufficient statistics stored on one or more of a local processor

Oor a remote server.

98. The method of claim 60, wherein the identifying comprises identifying first a
first plurality of next most predictive questions of a first disorder, and identifying second a
second plurality of next most predictive questions of a second disorder in response to a first
plurality of answers to the first plurality of next most predictive questions related to the first

disorder.

99. The method of claim 60, wherein the identifying comprises identifying each of
the plurality of next most predictive questions in response to an answer to an immediately

preceding next most predictive question.

100. The method of claim 60, wherein the identifying comprises identifying a first
plurality of next most predictive questions together and to receive answers to the first
plurality of next most predictive questions, and identifying a second plurality of next most
predictive questions together in response to the answers to the first plurality of next most

predictive questions.
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101. The method of claim 60, wherein the identifying comprises identifying a first
plurality of next most predictive questions of a first disorder and a second plurality of next

most predictive questions of a second disorder.

102. The method of claim 101, wherein the second plurality of next most predictive
questions of the second disorder are identified in response to answers to the first plurality of

next most predictive questions.

103. The method of claim 101, wherein a next most predictive question of the
second plurality of next most predictive questions of the second disorder is identified in
response to first answers to the first plurality of next most predictive questions and second

answers to the second plurality of next most predictive questions.

104. The method of claim 101, further comprising determining a first feature
importance related to the first disorder for each of the first plurality of next most predictive
questions and a second feature importance related to the second disorder for each of the

second plurality of next most predictive questions.

105. The method of any one of claims 57-60, further comprising determining a next

most predictive question of a first disorder and a second disorder.

106. A method comprising providing an apparatus as in any one of the preceding

claims.

107. A method or an apparatus as in any one of the preceding claims wherein a

field to an unanswered question is provided with a value.
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