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METHODS AND APPARATUS FOR 
EVALUATING DEVELOPMENTAL 

CONDITIONS AND PROVIDING CONTROL 
OVER COVERAGE AND RELIABILITY 

CROSS - REFERENCE 
[ 0001 ] The present application is a bypass continuation of 
International Patent Application No . PCT / US2017 / 061552 , 
filed Nov . 14 , 2017 , which claims priority to U . S . Provi 
sional Application No . 62 / 421 , 958 , filed on Nov . 14 , 2016 , 
and U . S . Provisional Application No . 62 / 452 , 908 , filed on 
Jan . 31 , 2017 , each of which application are herein incor 
porated in their entireties for all purposes . 
[ 0002 ] The subject matter of the present application is 
related to U . S . application Ser . No . 14 / 354 , 032 , filed on Apr . 
24 , 2014 , now U . S . Pat . No . 9 , 443 , 205 , and U . S . application 
Ser . No . 15 / 234 , 814 , filed on Aug . 11 , 2016 , the entire 
disclosures of which are incorporated herein by reference . 

BACKGROUND OF THE INVENTION 

[ 0003 ] Prior methods and apparatus for diagnosing and 
treating cognitive function attributes of people such as , for 
example , people with a developmental condition or disorder 
can be less than ideal in at least some respects . Unfortu 
nately , a less than ideal amount of time , energy and money 
can be required to obtain a diagnosis and treatment , and to 
determine whether a subject is at risk for decreased cogni 
tive function such as , dementia , Alzheimer ' s or a develop 
mental disorder . Examples of cognitive and developmental 
disorders less than ideally treated by the prior approaches 
include autism , autistic spectrum , attention deficit disorder , 
attention deficit hyperactive disorder and speech and learn 
ing disability , for example . Examples of mood and mental 
illness disorders less than ideally treated by the prior 
approaches include depression , anxiety , ADHD , obsessive 
compulsive disorder , and substance disorders such as sub 
stance abuse and eating disorders . The prior approaches to 
diagnosis and treatment of several neurodegenerative dis 
eases can be less than ideal in many instances , and examples 
of such neurodegenerative diseases include age related cog 
nitive decline , cognitive impairment , Alzheimer ' s disease , 
Parkinson ' s disease , Huntington ' s disease , and amyotrophic 
lateral sclerosis ( “ ALS ” ) , for example . The healthcare sys 
tem is under increasing pressure to deliver care at lower 
costs , and prior methods and apparatus for clinically diag 
nosing 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 and treatment of cognitive func 
tion attributes , including for example , developmental disor 
ders in subjects can present a daunting technical problem in 
terms of both accuracy and efficiency . Many known methods 
for identifying such attributes or 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 and treating behavioral , 
neurological , or mental health conditions or 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 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 and 
treating attributes of cognitive function , such as behavioral , 
neurological or mental health conditions or 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 
condition or 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 evalua 
tion 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 envi 
ronment 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 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 
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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 , incon 
venient , 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 sen 
sitivity and specificity . 
[ 0009 ] Additionally , it would be helpful if diagnostic 
methods and treatments could be applied to subjects to 
advance cognitive function for subjects with advanced , 
normal and decreased cognitive function . In light of the 
above , improved methods and systems of diagnosing and 
identifying subjects at risk for a particular cognitive function 
attribute such as a developmental disorder and for providing 
improved digital therapeutics are needed . Ideally such meth 
ods and apparatus would require fewer questions , decreased 
amounts of time , determine a plurality of cognitive function 
attributes , such as behavioral , neurological or mental health 
conditions or disorders , and provide clinically acceptable 
sensitivity and specificity in a clinical or nonclinical envi 
ronment , which can be used to monitor and adapt treatment 
efficacy . Moreover , improved digital therapeutics can pro 
vide a customized treatment plan for a patient , receive 
updated diagnostic data in response to the customized treat 
ment plan to determine progress , and update the treatment 
plan accordingly . Ideally , such methods and apparatus can 
also be used to determine the developmental progress of a 
subject , and offer treatment to advance developmental prog 
ress . 

SUMMARY OF THE INVENTION 
[ 0010 ] The methods and apparatus disclosed herein can 
determine a cognitive function attribute such as the devel 
opmental progress of a subject in a clinical or nonclinical 
environment . For example , the described methods and appa 
ratus 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 dis 
closed can determine the subject ' s developmental progress 
by evaluating a plurality of characteristics or features of the 
subject based on an assessment model , wherein the assess 
ment 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 cognitive function attributes such as for example , a 
subject at risk of having one or more developmental disor 
ders 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 pro 
cessor can be configured with instructions to identify a most 
predictive next question , 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 appa 
ratus 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 pres 
ents 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 com 
prise prior most predictive next questions . The most predic 
tive 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 pos 
sible answer to a question . 
[ 0013 ] . The methods and apparatus disclosed herein can 
categorize a subject into one of three categories : having one 
or more developmental conditions , being developmentally 
normal or typical , or inconclusive ( i . e . requiring additional 
evaluation to determine whether the subject has any devel 
opmental conditions ) . A developmental condition can be a 
developmental disorder or a developmental advancement . 
Note that the methods and apparatus disclosed herein are not 
limited to developmental conditions , and may be applied to 
other cognitive function attributes , such as behavioral , neu 
rological or mental health conditions . The methods and 
apparatus may initially categorize a subject into one of the 
three categories , and subsequently continue with the evalu 
ation of a subject initially categorized as “ inconclusive ” by 
collecting additional information from the subject . Such 
continued evaluation of a subject initially categorized as 
" inconclusive ” may be performed continuously with a single 
screening procedure ( e . g . , containing various assessment 
modules ) . Alternatively or additionally , a subject identified 
as belonging to the inconclusive group may be evaluated 
using separate , additional screening procedures and / or 
referred to a clinician for further evaluation . 
[ 0014 ] The methods and apparatus disclosed herein can 
evaluate a subject using a combination of questionnaires and 
video inputs , wherein the two inputs may be integrated 
mathematically to optimize the sensitivity and / or specificity 
of classification or diagnosis of the subject . Optionally , the 
methods and apparatus can be optimized for different set 
tings ( e . g . , primary vs secondary care ) to account for dif 
ferences in expected prevalence rates depending on the 
application setting . 
[ 0015 ] The methods and apparatus disclosed herein can 
account for different subject - specific dimensions such as , for 
example , a subject ' s age , a geographic location associated 
with a subject , a subject ' s gender or any other subject 
specific or demographic data associated with a subject . In 
particular , the methods and apparatus disclosed herein can 
take different subject - specific dimensions into account in 
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identifying the subject as at risk of having one or more 
cognitive function attributes such as developmental condi 
tions , in order to increase the sensitivity and specificity of 
evaluation , diagnosis , or classification of the subject . For 
example , subjects belonging to different age groups may be 
evaluated using different machine learning assessment mod 
els , each of which can be specifically tuned to identify the 
one or more developmental conditions in subjects of a 
particular age group . Each age group - specific assessment 
model may contain a unique group of assessment items ( e . g . , 
questions , video observations ) , wherein some of the assess 
ment items may overlap with those of other age groups ' 
specific assessment models . 
[ 0016 ] In addition , the digital personalized medicine sys 
tems and methods described herein can provide digital 
diagnostics and digital therapeutics to patients . The digital 
personalized medicine system can use digital data to assess 
or diagnose symptoms of a patient in ways that inform 
personalized or more appropriate therapeutic interventions 
and improved diagnoses . 
[ 0017 ] In one aspect , the digital personalized medicine 
system can comprise digital devices with processors and 
associated software that can be configured to : use data to 
assess and diagnose a patient ; capture interaction and feed 
back data that identify relative levels of efficacy , compliance 
and response resulting from the therapeutic interventions ; 
and perform data analysis . Such data analysis can include 
artificial intelligence , including for example machine learn 
ing , and / or statistical models to assess user data and user 
profiles to further personalize , improve or assess efficacy of 
the therapeutic interventions . 
[ 0018 ] In some instances , the system can be configured to 
use digital diagnostics and digital therapeutics . Digital diag 
nostics and digital therapeutics can comprise a system or 
methods for digitally collecting information and processing 
and evaluating the provided data to improve the medical , 
psychological , or physiological state of an individual . A 
digital therapeutic system can apply software based learning 
to evaluate user data , monitor and improve the diagnoses 
and therapeutic interventions provided by the system . 
[ 00191 Digital diagnostics data in the system can comprise 
data and meta - data collected from the patient , or a caregiver , 
or a party that is independent of the assessed individual . In 
some instances , the collected data can comprise monitoring 
behaviors , observations , judgments , or assessments made by 
a party other than the individual . In further instances , the 
assessment can comprise an adult performing an assessment 
or provide data for an assessment of a child or juvenile . The 
data and meta - data can be either actively or passively 
collected in digital format via one or more digital devices 
such as mobile phones , video capture , audio capture , activity 
monitors , or wearable digital monitors . 
[ 0020 ] The digital diagnostic uses the data collected by the 
system about the patient , which can include complimentary 
diagnostic data captured outside the digital diagnostic , with 
analysis from tools such as machine learning , artificial 
intelligence , and statistical modeling to assess or diagnose 
the patient ' s condition . The digital diagnostic can also 
provide an assessment of a patient ' s change in state or 
performance , directly or indirectly via data and meta - data 
that can be analyzed and evaluated by tools such as machine 
learning , artificial intelligence , and statistical modeling to 
provide feedback into the system to improve or refine the 
diagnoses and potential therapeutic interventions . 

[ 0021 ] Data assessment and machine learning from the 
digital diagnostic and corresponding responses , or lack 
thereof , from the therapeutic interventions can lead to the 
identification of novel diagnoses for patients and novel 
therapeutic regimens for both patents and caregivers . 
[ 0022 ] Types of data collected and utilized by the system 
can include patient and caregiver video , audio , responses to 
questions or activities , and active or passive data streams 
from user interaction with activities , games or software 
features of the system , for example . Such data can also 
include meta - data from patient or caregiver interaction with 
the system , for example , when performing recommended 
activities . Specific meta - data examples include data from a 
user ' s interaction with the system ' s device or mobile app 
that captures aspects of the user ' s behaviors , profile , activi 
ties , interactions with the software system , interactions with 
games , frequency of use , session time , options or features 
selected , and content and activity preferences . Data can also 
include data and meta - data from various third party devices 
such as activity monitors , games or interactive content . 
[ 0023 ] Digital therapeutics can comprise instructions , 
feedback , activities or interactions provided to the patient or 
caregiver by the system . Examples include suggested behav 
iors , activities , games or interactive sessions with system 
software and / or third party devices . 
[ 0024 ] In further aspects , the digital therapeutics methods 
and systems disclosed herein can diagnose and treat a 
subject at risk of having one or more behavioral , neurologi 
cal or mental health conditions or disorders among a plu 
rality of behavioral , neurological or mental health conditions 
or disorders in a clinical or nonclinical setting . This diag 
nosis and treatment can be accomplished using the methods 
and systems disclosed herein with fewer questions , in a 
decreased amount of time , and with clinically acceptable 
sensitivity and specificity in a clinical environment , and can 
provide treatment recommendations . This can be helpful 
when a subject initiates treatment based on an incorrect 
diagnosis , for example . A processor can be configured with 
instructions to identify a most predictive next question or 
most instructive next symptom or observation such that a 
person can be diagnosed or identified as at risk reliably using 
only the optimal number of questions or observations . 
Identifying the most predictive next question or most 
instructive next symptom or observation in response to a 
plurality of answers has the advantage of providing treat 
ment with fewer questions without degrading the sensitivity 
or specificity of the diagnostic process . In some instances , an 
additional processor can be provided to predict or collect 
information on the next more relevant symptom . The meth 
ods and apparatus disclosed herein can be configured to 
evaluate and treat a subject for a plurality of related disor 
ders using a single adaptive test , and diagnose or determine 
the subject as at risk of one or more of the plurality of 
disorders using the single test . Decreasing the number of 
questions presented or symptoms or measurements used can 
be particularly helpful where a subject presents with a 
plurality of possible disorders that can be treated . Evaluating 
the subject for the plurality of possible disorders using just 
a single adaptive test can greatly reduce the length and cost 
of the evaluation procedure and improve treatment . The 
methods and apparatus disclosed herein can diagnose and 
treat subject at risk for having a single disorder among a 
plurality of possible disorders that may have overlapping 
symptoms . 
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[ 0025 ] The most predictive next question , most instructive 
next symptom or observation used for the digital therapeutic 
treatment can be determined in many ways . In many 
instances , the most predictive next question , symptom , or 
observation can be determined in response to a plurality of 
answers to preceding questions or observation that may 
comprise prior most predictive next question , symptom , or 
observation to evaluate the treatment and provide a closed 
loop assessment of the subject . The most predictive next 
question , symptom , or observation can be determined sta 
tistically , and a set of candidates can be evaluated to 
determine the most predictive next question , symptom , or 
observation . In many instances , observations or answers to 
each of the candidates are related to the relevance of the 
question or observation , and the relevance of the question or 
observation can be determined in response to the combined 
feature importance of each possible answer to a question or 
observation . Once a treatment has been initiated , the ques 
tions , symptoms , or observations can be repeated or different 
questions , symptoms , or observations can be used to more 
accurately monitor progress and suggest changes to the 
digital treatment . The relevance of a next question , symptom 
or observation can also depend on the variance of the 
ultimate assessment among different answer choices of the 
question or potential options for an observation . For 
example , a question for which the answer choices might 
have a significant impact on the ultimate assessment down 
the line can be deemed more relevant than a question for 
which the answer choices might only help to discern differ 
ences in severity for one particular condition , or are other 
wise less consequential . 
[ 0026 ] In one aspect , a method of providing an evaluation 
of at least one cognitive function attribute of a subject may 
comprise : on a computer system having a processor and a 
memory storing a computer program for execution by the 
processor , the computer program comprising instructions 
for : receiving data of the subject related to the cognitive 
function attribute ; evaluating the data of the subject using a 
machine learning model ; and providing an evaluation for the 
subject , the evaluation selected from the group consisting of 
an inconclusive determination and a categorical determina 
tion in response to the data . The machine learning model 
may comprise a selected subset of a plurality of machine 
learning assessment models . 
[ 0027 ] The categorical determination may comprise a 
presence of the cognitive function attribute and an absence 
of the cognitive function attribute . Receiving data from the 
subject may comprise receiving an initial set of data . Evalu 
ating the data from the subject may comprise evaluating the 
initial set of data using a preliminary subset of tunable 
machine learning assessment models selected from the plu 
rality of tunable machine learning assessment models to 
output a numerical score for each of the preliminary subset 
of tunable machine learning assessment models . 
[ 0028 ] The method may further comprise providing a 
categorical determination or an inconclusive determination 
as to the presence or absence of the cognitive function 
attribute in the subject based on the analysis of the initial set 
of data , wherein the ratio of inconclusive to categorical 
determinations can be adjusted . The method may further 
comprise : determining whether to apply additional assess 
ment models selected from the plurality of tunable machine 
learning assessment models if the analysis of the initial set 
of data yields an inconclusive determination ; receiving an 

additional set of data from the subject based on an outcome 
of the decision ; evaluating the additional set of data from the 
subject using the additional assessment models to output a 
numerical score for each of the additional assessment mod 
els based on the outcome of the decision ; and providing a 
categorical determination or an inconclusive determination 
as to the presence or absence of the cognitive function 
attribute in the subject based on the analysis of the additional 
set of data from the subject using the additional assessment 
models , wherein the ratio of inconclusive to categorical 
determinations can be adjusted . 
[ 0029 ] The method may further comprise : combining the 
numerical scores for each of the preliminary subset of 
assessment models to generate a combined preliminary 
output score ; and mapping the combined preliminary output 
score to a categorical determination or to an inconclusive 
determination as to the presence or absence of the cognitive 
function attribute in the subject , wherein the ratio of incon 
clusive to categorical determinations can be adjusted . 
[ 0030 ] The method may further comprise employing rule 
based logic or combinatorial techniques for combining the 
numerical scores for each of the preliminary subset of 
assessment models and for combining the numerical scores 
for each of the additional assessment models . The ratio of 
inconclusive to categorical determinations may be adjusted 
by specifying an inclusion rate . The categorical determina 
tion as to the presence or absence of the developmental 
condition in the subject may be assessed by providing a 
sensitivity and specificity metric . The inclusion rate may be 
no less than 70 % and the categorical determination may 
result in a sensitivity of at least 70 with a corresponding 
specificity of at least 70 . The inclusion rate may be no less 
than 70 % and the categorical determination may result in a 
sensitivity of at least 80 with a corresponding specificity of 
at least 80 . The inclusion rate may be no less than 70 % and 
the categorical determination may result in a sensitivity of at 
least 90 with a corresponding specificity of at least 90 . 
[ 0031 ] Data from the subject may comprise at least one of 
a sample of a diagnostic instrument , wherein the diagnostic 
instrument comprises a set of diagnostic questions and 
corresponding selectable answers , and demographic data . 
[ 0032 ] The method may further comprise : training a plu 
rality of tunable machine learning assessment models using 
data from a plurality of subjects previously evaluated for the 
developmental condition , wherein training comprises : pre 
processing the data from the plurality of subjects using 
machine learning techniques ; extracting and encoding 
machine learning features from the pre - processed data ; 
processing the data from the plurality of subjects to mirror 
an expected prevalence of a cognitive function attribute 
among subjects in an intended application setting ; selecting 
a subset of the processed machine learning features ; evalu 
ating each model in the plurality of tunable machine learning 
assessment models for performance , wherein each model is 
evaluated for sensitivity and specificity for a pre - determined 
inclusion rate ; and determining an optimal set of parameters 
for each model based on determining the benefit of using all 
models in a selected subset of the plurality of tunable 
machine learning assessment models . Determining an opti 
mal set of parameters for each model may comprise tuning 
the parameters of each model under different tuning param 
eter settings . 
[ 0033 ] Processing the encoded machine learning features 
may comprise : computing and assigning sample weights to 
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every sample of data , wherein each sample of data corre 
sponds to a subject in the plurality of subjects , wherein 
samples are grouped according to subject - specific dimen 
sions , and wherein the sample weights are computed and 
assigned to balance one group of samples against every 
other group of samples to mirror the expected distribution of 
each dimension among subjects in an intended setting . The 
subject - specific dimensions may comprise a subject ' s gen 
der , the geographic region where a subject resides , and a 
subject ' s age . Extracting and encoding machine learning 
features from the pre - processed data may comprise using 
feature encoding techniques such as but not limited to 
one - hot encoding , severity encoding , and presence - of - be 
havior encoding . Selecting a subset of the processed 
machine learning features may comprise using bootstrap 
ping techniques to identify a subset of discriminating fea 
tures from the processed machine learning features . 
[ 0034 ] The cognitive function attribute may comprise a 
behavioral disorder and a developmental advancement . The 
categorical determination provided for the subject may be 
selected from the group consisting of an inconclusive deter 
mination , a presence of multiple cognitive function attri 
butes , and an absence of multiple cognitive function attri 
butes in response to the data . 
[ 0035 ] In another aspect , an apparatus to evaluate a cog 
nitive function attribute of a subject may comprise processor 
configured with instructions that , when executed , cause the 
processor to perform the method described above . 
00361 In another aspect , a mobile device for providing an 
evaluation of at least one cognitive function attribute of a 
subject may comprise : a display ; and a processor configured 
with instructions to : receive and display data of the subject 
related to the cognitive function attribute ; and receive and 
display an evaluation for the subject , the evaluation selected 
from the group consisting of an inconclusive determination 
and a categorical determination ; wherein the evaluation for 
the subject has been determined in response to the data of the 
subject . 
[ 0037 ] The categorical determination may be selected 
from the group consisting of a presence of the cognitive 
function attribute , and an absence of the cognitive function 
attribute . The cognitive function attribute may be deter 
mined with a sensitivity of at least 80 and a specificity of at 
least 80 , respectively , for the presence or the absence of the 
cognitive function attribute . The cognitive function attribute 
may be determined with a sensitivity of at least 90 and a 
specificity of at least 90 , respectively , for the presence or the 
absence of the cognitive function attribute . The cognitive 
function attribute may comprise a behavioral disorder and a 
developmental advancement . 
[ 0038 ] In another aspect , digital therapeutic system to treat 
a subject with a personal therapeutic treatment plan may 
comprise : one or more processors comprising software 
instructions ; a diagnostic module to receive data from the 
subject and output diagnostic data for the subject , the 
diagnostic module comprising one or more classifiers built 
using machine learning or statistical modeling based on a 
subject population to determine the diagnostic data for the 
subject , and wherein the diagnostic data comprises an evalu 
ation for the subject , the evaluation selected from the group 
consisting of an inconclusive determination and a categori 
cal determination in response to data received from the 
subject ; and a therapeutic module to receive the diagnostic 
data and output the personal therapeutic treatment plan for 

the subject , the therapeutic module comprising one or more 
models built using machine learning or statistical modeling 
based on at least a portion the subject population to deter 
mine and output the personal therapeutic treatment plan of 
the subject , wherein the diagnostic module is configured to 
receive updated subject data from the subject in response to 
therapy of the subject and generate updated diagnostic data 
from the subject and wherein the therapeutic module is 
configured to receive the updated diagnostic data and output 
an updated personal treatment plan for the subject in 
response to the diagnostic data and the updated diagnostic 
data . 
[ 0039 ] The diagnostic module may comprise a diagnostic 
machine learning classifier trained on the subject population 
and the therapeutic module may comprise a therapeutic 
machine learning classifier trained on the at least the portion 
of the subject population and the diagnostic module and the 
therapeutic module may be arranged for the diagnostic 
module to provide feedback to the therapeutic module based 
on performance of the treatment plan . The therapeutic 
classifier may comprise instructions trained on a data set 
comprising a population of which the subject is not a 
member and the subject may comprise a person who is not 
a member of the population . The diagnostic module may 
comprise a diagnostic classifier trained on plurality of pro 
files of a subject population of at least 10 , 000 people and 
therapeutic profile trained on the plurality of profiles of the 
subject population . 
[ 0040 ] In another aspect , a system to evaluate of at least 
one cognitive function attribute of a subject may comprise : 
a processor configured with instructions that when executed 
cause the processor to : present a plurality of questions from 
a plurality of chains of classifiers , the plurality of chains of 
classifiers comprising a first chain comprising a social / 
behavioral delay classifier and a second chain comprising a 
speech & language delay classifier . The social / behavioral 
delay classifier may be operatively coupled to an autism & 
ADHD classifier . The social / behavioral delay classifier may 
be configured to output a positive result if the subject has a 
social / behavioral delay and a negative result if the subject 
does not have the social / behavioral delay . The social / behav 
ioral delay classifier may be configured to output an incon 
clusive result if it cannot be determined with a specified 
sensitivity and specificity whether or not the subject has the 
social / behavioral delay . The social / behavioral delay classi 
fier output may be coupled to an input of an Autism and 
ADHD classifier and the Autism and ADHD classifier may 
be configured to output a positive result if the subject has 
Autism or ADHD . The output of the Autism and ADHD 
classifier may be coupled to an input of an Autism v . ADHD 
classifier , and the Autism v . ADHD classifier may be con 
figured to generate a first output if the subject has autism and 
a second output if the subject has ADHD . The Autism V . 
ADHD classifier may be configured to provide an inconclu 
sive output if it cannot be determined with specified sensi 
tivity and specificity whether or not the subject has autism 
or ADHD . The speech & language delay classifier may be 
operatively coupled to an intellectual disability classifier . 
The speech & language delay classifier may be configured to 
output a positive result if the subject has a speech and 
language delay and a negative output if the subject does not 
have the speech and language delay . The speech & language 
delay classifier may be configured to output an inconclusive 
result if it cannot be determined with a specified sensitivity 
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and specificity whether or not the subject has the speech and 
language delay . The speech & language delay classifier 
output may be coupled to an input of an intellectual disabil 
ity classifier and the intellectual disability classifier may be 
configured to generate a first output if the subject has 
intellectual disability and a second output if the subject has 
the speech and language delay but no intellectual disability . 
The intellectual disability classifier may be configured to 
provide an inconclusive output if it cannot be determined 
with a specified sensitivity and specificity whether or not the 
subject has the intellectual disability . 
[ 0041 ] The processor may be configured with instructions 
to present questions for each chain in sequence and skip 
overlapping questions . The first chain may comprise the 
social / behavioral delay classifier coupled to an autism & 
ADHD classifier . The second chain may comprise the 
speech & language delay classifier coupled to an intellectual 
disability classifier . A user may go through the first chain and 
the second chain in sequence . 
[ 0042 ] In another aspect , a method for administering a 
drug to a subject may comprise : detecting a neurological 
disorder of the subject with a machine learning classifier ; 
and administering the drug to the subject in response to the 
detected neurological disorder . The neurological disorder 
may comprise autism spectrum disorder , and the drug may 
be selected from the group consisting of risperidone , que 
tiapine , amphetamine , dextroamphetamine , methylpheni 
date , methamphetamine , dextroamphetamine , dexmethyl 
phenidate , guanfacine , atomoxetine , lisdexamfetamine , 
clonidine , and aripiprazolecomprise ; or the neurological 
disorder may comprise attention deficit disorder ( ADD ) , and 
the drug may be selected from the group consisting of 
amphetamine , dextroamphetamine , methylphenidate , meth 
amphetamine , dextroamphetamine , dexmethylphenidate , 
guanfacine , atomoxetine , lisdexamfetamine , clonidine , and 
modafinil ; or the neurological disorder may comprise atten 
tion deficit hyperactivity disorder ( ADHD ) , and the drug 
may be selected from the group consisting of amphetamine , 
dextroamphetamine , methylphenidate , methamphetamine , 
dextroamphetamine , dexmethylphenidate , guanfacine , ato 
moxetine , lisdexamfetamine , clonidine , and modafinil ; or 
the neurological disorder may comprise obsessive - compul 
sive disorder , and the drug may be selected from the group 
consisting of buspirone , sertraline , escitalopram , citalopram , 
fluoxetine , paroxetine , venlafaxine , clomipramine , and flu 
voxamine ; or the neurological disorder may comprise acute 
stress disorder , and the drug may be selected from the group 
consisting of propranolol , citalopram , escitalopram , sertra 
line , paroxetine , fluoextine , venlafaxine , mirtazapine , nefa 
zodone , carbamazepine , divalproex , lamotrigine , topira 
mate , prazosin , phenelzine , imipramine , diazepam , 
clonazepam , lorazepam , and alprazolam ; or the neurological 
disorder may comprise adjustment disorder , and the drug 
may be selected from the group consisting of busiprone , 
escitalopram , sertraline , paroxetine , fluoextine , diazepam , 
clonazepam , lorazepam , and alprazolam ; or neurological 
disorder may comprise agoraphobia , and the drug may be 
selected from the group consisting of diazepam , clonaze 
pam , lorazepam , alprazolam , citalopram , escitalopram , ser 
traline , paroxetine , fluoextine , and busiprone ; or the neuro 
logical disorder may comprise Alzheimer ' s disease , and the 
drug may be selected from the group consisting of donepe 
zil , galantamine , memantine , and rivastigmine ; or the neu 
rological disorder may comprise anorexia nervosa , and the 

drug may be selected from the group consisting of olanzap 
ine , citalopram , escitalopram , sertraline , paroxetine , and 
fluoxetine ; or the neurological disorder may comprise anxi 
ety disorders , and the drug may be selected from the group 
consisting of sertraline , escitalopram , citalopram , fluoxetine , 
diazepam , buspirone , venlafaxine , duloxetine , imipramine , 
desipramine , clomipramine , lorazepam , clonazepam , and 
pregabalin ; or the neurological disorder may comprise 
bereavement , and the drug may be selected from the group 
consisting of citalopram , duloxetine , and doxepin ; or the 
neurological disorder may comprise binge eating disorder , 
and the drug may be selected from the group consisting of 
lisdexamfetamine ; or the neurological disorder may com 
prise bipolar disorder , and the drug may be selected from the 
group consisting of topiramate , lamotrigine , oxcarbazepine , 
haloperidol , risperidone , quetiapine , olanzapine , aripipra 
zole , and fluoxetine ; or the neurological disorder may com 
prise body dysmorphic disorder , and the drug may be 
selected from the group consisting of sertraline , escitalo 
pram , and citalopram ; or the neurological disorder may 
comprise brief psychotic disorder , and the drug may be 
selected from the group consisting of clozapine , asenapine , 
olanzapine , and quetiapine ; or the neurological disorder may 
comprise bulimia nervosa , and the drug may be selected 
from the group consisting of sertraline and fluoxetine ; or the 
neurological disorder may comprise conduct disorder , and 
the drug may be selected from the group consisting of 
lorazepam , diazepam , and clobazam ; or the neurological 
disorder may comprise delusional disorder , and the drug 
may be selected from the group consisting of clozapine , 
asenapine , risperidone , venlafaxine , bupropion , and bus 
pirone ; the neurological disorder may comprise deperson 
alization disorder , and the drug may be selected from the 
group consisting of sertraline , fluoxetine , alprazolam , diaz 
epam , and citalopram ; or the neurological disorder may 
comprise depression , and the drug may be selected from the 
group consisting of sertraline , fluoxetine , citalopram , bupro 
pion , escitalopram , venlafaxine , aripiprazole , buspirone , 
vortioxetine , and vilazodone ; or the neurological disorder 
may comprise disruptive mood dysregulation disorder , and 
the drug may be selected from the group consisting of 
quetiapine , clozapine , asenapine , and pimavanserin ; or the 
neurological disorder may comprise dissociative amnesia , 
and the drug may be selected from the group consisting of 
alprazolam , diazepam , lorazepam , and chlordiazepoxide ; or 
the neurological disorder may comprise dissociative disor 
der , and the drug may be selected from the group consisting 
of bupropion , vortioxetine , and vilazodone ; or the neuro 
logical disorder may comprise dissociative fugue , and the 
drug may be selected from the group consisting of amobar 
bital , aprobarbital , butabarbital , and methohexitlal ; or the 
neurological disorder may comprise dysthymic disorder , and 
the drug may be selected from the group consisting of 
bupropion , venlafaxine , sertraline , and citalopram ; the neu 
rological disorder may comprise eating disorders , and the 
drug may be selected from the group consisting of olanzap 
ine , citalopram , escitalopram , sertraline , paroxetine , and 
fluoxetine ; or the neurological disorder may comprise gen 
der dysphoria , and the drug may be selected from the group 
consisting of estrogen , prostogen , and testosterone ; or the 
neurological disorder may comprise generalized anxiety 
disorder , and the drug may be selected from the group 
consisting of venlafaxine , duloxetine , buspirone , sertraline , 
and fluoxetine ; or the neurological disorder may comprise 
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hoarding disorder , and the drug may be selected from the 
group consisting of buspirone , sertraline , escitalopram , cit 
alopram , fluoxetine , paroxetine , venlafaxine , and clomip 
ramine ; or the neurological disorder may comprise intermit 
tent explosive disorder , and the drug may be selected from 
the group consisting of asenapine , clozapine , olanzapine , 
and pimavanserin ; or the neurological disorder may com 
prise kleptomania , and the drug may be selected from the 
group consisting of escitalopram , fluvoxamine , fluoxetine , 
and paroxetine ; or the neurological disorder may comprise 
panic disorder , and the drug may be selected from the group 
consisting of bupropion , vilazodone , and vortioxetine ; or the 
neurological disorder may comprise Parkinson ' s disease , 
and the drug may be selected from the group consisting of 
rivastigmine , selegiline , rasagiline , bromocriptine , amanta 
dine , cabergoline , and benztropine ; or the neurological dis 
order may comprise pathological gambling , and the drug 
may be selected from the group consisting of bupropion , 
vilazodone , and vartioxetine ; or the neurological disorder 
may comprise postpartum depression , and the drug may be 
selected from the group consisting of sertraline , fluoxetine , 
citalopram , bupropion , escitalopram , venlafaxine , aripipra 
zole , buspirone , vortioxetine , and vilazodone ; or the neuro 
logical disorder may comprise posttraumatic stress disorder , 
and the drug may be selected from the group consisting of 
sertraline , fluoxetine , and paroxetine ; or the neurological 
disorder may comprise premenstrual dysphoric disorder , and 
the drug may be selected from the group consisting of 
estadiol , drospirenone , sertraline , citalopram , fluoxetine , 
and busiprone ; or the neurological disorder may comprise 
pseudobulbar affect , and the drug may be selected from the 
group consisting of dextromethorphan hydrobromide , and 
quinidine sulfate ; or the neurological disorder may comprise 
pyromania , and the drug may be selected from the group 
consisting of clozapine , asenapine , olanzapine , paliperidone , 
and quetiapine ; or the neurological disorder may comprise 
schizoaffective disorder , and the drug may be selected from 
the group consisting of sertraline , carbamazepine , oxcarba 
zepine , valproate , haloperidol , olanzapine , and loxapine ; or 
the neurological disorder may comprise schizophrenia , and 
the drug may be selected from the group consisting of 
chlopromazine , haloperidol , fluphenazine , risperidone , que 
tiapine , ziprasidone , olanzapine , perphenazine , aripiprazole , 
and prochlorperazine ; or the neurological disorder may 
comprise schizophreniform disorder , and the drug may be 
selected from the group consisting of paliperidone , clozap 
ine , and risperidone ; or the neurological disorder may com 
prise seasonal affective disorder , and the drug may be 
selected from the group consisting of sertraline , and fluox 
etine ; or the neurological disorder may comprise shared 
psychotic disorder , and the drug may be selected from the 
group consisting of clozapine , pimavanserin , risperidone , 
and lurasidone ; or the neurological disorder may comprise 
social anxiety phobia , and the drug may be selected from the 
group consisting of amitriptyline , bupropion , citalopram , 
fluoxetine , sertraline , and venlafaxine ; or the neurological 
disorder may comprise specific phobia , and the drug may be 
selected from the group consisting of diazepam , estazolam , 
quazepam , and alprazolam ; or the neurological disorder may 
comprise stereotypic movement disorder , and the drug may 
be selected from the group consisting of risperidone , and 
clozapine ; or the neurological disorder may comprise 
Tourette ' s disorder , and the drug may be selected from the 
group consisting of haloperidol , fluphenazine , risperidone , 

ziprasidone , pimozide , perphenazine , and aripiprazole ; or 
the neurological disorder may comprise transient tic disor 
der , and the drug may be selected from the group consisting 
of guanfacine , clonidine , pimozide , risperidone , citalopram , 
escitalopram , sertraline , paroxetine , and fluoxetine ; or the 
neurological disorder may comprise trichotillomania , and 
the drug may be selected from the group consisting of 
sertraline , fluoxetine , paroxetine , desipramine , and clomip 
ramine . 
[ 0043 ] Amphetamine may be administered with a dosage 
of 5 mg to 50 mg . Dextroamphetamine may be administered 
with a dosage that is in a range of 5 mg to 60 mg . 
Methylphenidate may be administered with a dosage that is 
in a range of 5 mg to 60 mg . Methamphetamine may be 
administered with a dosage that is in a range of 5 mg to 25 
mg . Dexmethylphenidate may be administered with a dos 
age that is in a range of 2 . 5 mg to 40 mg . Guanfacine may 
be administered with a dosage that is in a range of 1 mg to 
10 mg . Atomoxetine may be administered with a dosage that 
is in a range of 10 mg to 100 mg . Lisdexamfetamine may be 
administered with a dosage that is in a range of 30 mg to 70 
mg . Clonidine may be administered with a dosage that is in 
a range of 0 . 1 mg to 0 . 5 mg . Modafinil may be administered 
with a dosage that is in a range of 100 mg to 500 mg . 
Risperidone may be administered with a dosage that is in a 
range of 0 . 5 mg to 20 mg . Quetiapine may be administered 
with a dosage that is in a range of 25 mg to 1000 mg . 
Buspirone may be administered with a dosage that is in a 
range of 5 mg to 60 mg . Sertraline may be administered with 
a dosage of up to 200 mg . Escitalopram may be administered 
with a dosage of up to 40 mg . Citalopram may be admin 
istered with a dosage of up to 40 mg . Fluoxetine may be 
administered with a dosage that is in a range of 40 mg to 80 
mg . Paroxetine may be administered with a dosage that is in 
a range of 40 mg to 60 mg . Venlafaxine may be administered 
with a dosage of up to 375 mg . Clomipramine may be 
administered with a dosage of up to 250 mg . Fluvoxamine 
may be administered with a dosage of up to 300 mg . 
( 0044 ) The machine learning classifier may have an inclu 
sion rate of no less than 70 % . The machine learning clas 
sifier may be capable of outputting an inconclusive result . 

INCORPORATION BY REFERENCE 
[ 0045 ] All publications , patents , and patent applications 
mentioned in this specification are herein incorporated by 
reference to the same extent as if each individual publica 
tion , patent , or patent application was specifically and indi 
vidually indicated to be incorporated by reference . 

BRIEF DESCRIPTION OF THE DRAWINGS 
10046 ] The novel features of the invention are set forth 
with particularity in the appended claims . A better under 
standing 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 : 
[ 0047 ] FIGS . 1A and 1B show some exemplary develop 
mental disorders that may be evaluated using the assessment 
procedure as described herein . 
[ 0048 ] FIG . 2 is a schematic diagram of an exemplary data 
processing module for providing the assessment procedure 
as described herein . 
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[ 0074 ] FIG . 26 illustrates an overall of data processing 
flows for a digital personalized medical system comprising 
a diagnostic module and a therapeutic module , configured to 
integrate information from multiple sources . 
[ 0075 ] FIG . 27 shows a system for evaluating a subject for 
multiple clinical indications . 
[ 0076 ] FIG . 28 shows a drug that may be administered in 
response to a diagnosis by the systems and methods 
described herein . 

DETAILED DESCRIPTION OF THE 
INVENTION 

[ 0049 ] FIG . 3 is a schematic diagram illustrating a portion 
of an exemplary assessment model based on a Random 
Forest classifier . 
[ 0050 ] FIG . 4 is an exemplary operational flow of a 
prediction module as described herein . 
[ 0051 ] FIG . 5 is an exemplary operational flow of a feature 
recommendation module as described herein . 
10052 ] FIG . 6 is an exemplary operational flow of an 
expected feature importance determination algorithm as 
performed by a feature recommendation module described 
herein . 
[ 0053 ] FIG . 7 illustrates a method of administering an 
assessment procedure as described herein . 
[ 0054 ] FIG . 8 shows a computer system suitable for incor 
poration with the methods and apparatus described herein . 
[ 0055 ] FIG . 9 shows receiver operating characteristic 
( ROC ) curves mapping sensitivity versus fall - out for an 
exemplary assessment model as described herein . 
[ 0056 ] FIG . 10 is a scatter plot illustrating a performance 
metric for a feature recommendation module as described 
herein . 
[ 0057 ] FIG . 11 is an exemplary operational flow of an 
evaluation module as described herein . 
[ 0058 ] FIG . 12 is an exemplary operational flow of a 
model tuning module as described herein . 
[ 0059 ] FIG . 13 is another exemplary operational flow of 
an evaluation module as described herein . 
0060 ] FIG . 14 is an exemplary operational flow of the 
model output combining step depicted in FIG . 13 . 
[ 0061 ] FIG . 15 shows an exemplary questionnaire screen 
ing algorithm configured to provide only categorical deter 
minations as described herein . 
[ 0062 ] FIG . 16 shows an exemplary questionnaire screen 
ing algorithm configured to provide categorical and incon 
clusive determinations as described herein . 
[ 0063 ] FIG . 17 shows a comparison of the performance 
for various algorithms for all samples as described herein . 
0064 ] FIG . 18 shows a comparison of the performance 
for various algorithms for samples taken from Children 
Under 4 as described herein . 
[ 0065 ] FIG . 19 shows a comparison of the performance 
for various algorithms for samples taken from Children 4 
and Over described herein . 
10066 ] FIG . 20 shows the specificity across algorithms at 
75 % - 85 % sensitivity range for all samples as described 
herein . 
[ 0067 ] FIG . 21 shows the specificity across algorithms at 
75 % - 85 % sensitivity range for Children Under 4 as 
described herein . 
[ 0068 ] FIG . 22 shows the specificity across algorithms at 
75 % - 85 % sensitivity range for Children 4 and Over as 
described herein . 
[ 0069 ] FIG . 23A illustrates an exemplary system diagram 
for a digital personalized medicine platform . 
[ 0070 ] FIG . 23B illustrates a detailed diagram of an exem 
plary diagnosis module . 
[ 0071 ] FIG . 23C illustrates a diagram of an exemplary 
therapy module . 
[ 0072 ] FIG . 24 illustrates an exemplary method for diag 
nosis and therapy to be provided in a digital personalized 
medicine platform . 
[ 0073 ] FIG . 25 illustrates an exemplary flow diagram 
showing the handling of autism - related developmental 
delay . 

[ 0077 ] 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 substi 
tutions may occur to those skilled in the art without depart 
ing 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 . 
10078 ] The terms " based on ” and “ in response to ” are used 
interchangeably with the present disclosure . 
[ 0079 ] The term “ processor ” encompasses one or more of 
a local processor , a remote processor , or a processor system , 
and combinations thereof . 
10080 ] 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 “ fea 
ture ” 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 ” ) . 
[ 0081 ] As used herein , the phrases " autism ” and “ autism 
spectrum disorder ” may be used interchangeably . 
10082 ] As used herein , the phrases " attention deficit dis 
order ( ADD ) ” and “ attention deficit / hyperactivity disorder 
( ADHD ) ” may be used interchangeably . 
[ 0083 ] 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 deter 
mine the subject ' s developmental progress by evaluating 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 . 
0084 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 
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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 behav 
iors , 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 . 
[ 0085 ] 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 devel 
opmental disorders screenable by the procedure . Each fea 
ture 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 . 
[ 0086 ] 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 proce 
dure , based on the subject ' s values for previously presented 
features ( e . g . , answers to previous questions ) . The assess 
ment 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 pro 
cessor 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 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 . 
[ 0087 ] 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 . 
[ 0088 ] 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 . 

[ 0089 ] In one aspect , a method of providing an evaluation 
of at least one cognitive function attribute of a subject 
comprises the operations of : on a computer system having a 
processor and a memory storing a computer program for 
execution by the processor . The computer program may 
comprise instructions for : 1 ) receiving data of the subject 
related to the cognitive function attribute ; 2 ) evaluating the 
data of the subject using a machine learning model ; and 3 ) 
providing an evaluation for the subject . The evaluation may 
be selected from the group consisting of an inconclusive 
determination and a categorical determination in response to 
the data . The machine learning model may comprise a 
selected subset of a plurality of machine learning assessment 
models . The categorical determination may comprise a 
presence of the cognitive function attribute and an absence 
of the cognitive function attribute . 

[ 0090 ] Receiving data from the subject may comprise 
receiving an initial set of data . Evaluating the data from the 
subject may comprise evaluating the initial set of data using 
a preliminary subset of tunable machine learning assessment 
models selected from the plurality of tunable machine 
learning assessment models to output a numerical score for 
each of the preliminary subset of tunable machine learning 
assessment models . The method may further comprise pro 
viding a categorical determination or an inconclusive deter 
mination as to the presence or absence of the cognitive 
function attribute in the subject based on the analysis of the 
initial set of data , wherein the ratio of inconclusive to 
categorical determinations can be adjusted . 
[ 0091 ] The method may further comprise the operations 
of : 1 ) determining whether to apply additional assessment 
models selected from the plurality of tunable machine 
learning assessment models if the analysis of the initial set 
of data yields an inconclusive determination ; 2 ) receiving an 
additional set of data from the subject based on an outcome 
of the decision ; 3 ) evaluating the additional set of data from 
the subject using the additional assessment models to output 
a numerical score for each of the additional assessment 
models based on the outcome of the decision ; and 4 ) 
providing a categorical determination or an inconclusive 
determination as to the presence or absence of the cognitive 
function attribute in the subject based on the analysis of the 
additional set of data from the subject using the additional 
assessment models . The ratio of inconclusive to categorical 
determinations may be adjusted . 
[ 0092 ] The method may further comprise the operations : 
1 ) combining the numerical scores for each of the prelimi 
nary subset of assessment models to generate a combined 
preliminary output score ; and 2 ) mapping the combined 
preliminary output score to a categorical determination or to 
an inconclusive determination as to the presence or absence 
of the cognitive function attribute in the subject . The ratio of 
inconclusive to categorical determinations may be adjusted . 
The method may further comprise the operations of : 1 ) 
combining the numerical scores for each of the additional 
assessment models to generate a combined additional output 
score ; and 2 ) mapping the combined additional output score 
to a categorical determination or to an inconclusive deter 
mination as to the presence or absence of the cognitive 
function attribute in the subject . The ratio of inconclusive to 
categorical determinations may be adjusted . The method 
may further comprise employing rule - based logic or com 
binatorial techniques for combining the numerical scores for 
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each of the preliminary subset of assessment models and for 
combining the numerical scores for each of the additional 
assessment models . 
[ 0093 ] The ratio of inconclusive to categorical determina 
tions may be adjusted by specifying an inclusion rate and 
wherein the categorical determination as to the presence or 
absence of the developmental condition in the subject is 
assessed by providing a sensitivity and specificity metric . 
The inclusion rate may be no less than 70 % with the 
categorical determination resulting in a sensitivity of at least 
70 with a corresponding specificity in of at least 70 . The 
inclusion rate may be no less than 70 % with the categorical 
determination resulting in a sensitivity of at least 80 with a 
corresponding specificity in of at least 80 . The inclusion rate 
may be no less than 70 % with the categorical determination 
resulting in a sensitivity of at least 90 with a corresponding 
specificity in of at least 90 . The data from the subject may 
comprise at least one of a sample of a diagnostic instrument , 
wherein the diagnostic instrument comprises a set of diag 
nostic questions and corresponding selectable answers , and 
demographic data . 
[ 0094 ] The method may further comprise training a plu 
rality of tunable machine learning assessment models using 
data from a plurality of subjects previously evaluated for the 
developmental condition . The training may comprise the 
operations of : 1 ) pre - processing the data from the plurality 
of subjects using machine learning techniques ; 2 ) extracting 
and encoding machine learning features from the pre - pro 
cessed data ; 3 ) processing the data from the plurality of 
subjects to mirror an expected prevalence of a cognitive 
function attribute among subjects in an intended application 
setting ; 4 ) selecting a subset of the processed machine 
learning features ; 5 ) evaluating each model in the plurality 
of tunable machine learning assessment models for perfor 
mance ; and 6 ) determining an optimal set of parameters for 
each model based on determining the benefit of using all 
models in a selected subset of the plurality of tunable 
machine learning assessment models . Each model may be 
evaluated for sensitivity and specificity for a pre - determined 
inclusion rate . Determining an optimal set of parameters for 
each model may comprise tuning the parameters of each 
model under different tuning parameter settings . Processing 
the encoded machine learning features may comprise com 
puting and assigning sample weights to every sample of 
data . Each sample of data may correspond to a subject in the 
plurality of subjects . Samples may be grouped according to 
subject - specific dimensions . Sample weights may be com 
puted and assigned to balance one group of samples against 
every other group of samples to mirror the expected distri 
bution of each dimension among subjects in an intended 
setting . The subject - specific dimensions may comprise a 
subject ' s gender , the geographic region where a subject 
resides , and a subject ' s age . Extracting and encoding 
machine learning features from the pre - processed data may 
comprise using feature encoding techniques such as but not 
limited to one - hot encoding , severity encoding , and pres 
ence - of - behavior encoding . Selecting a subset of the pro 
cessed machine learning features may comprise using boot 
strapping techniques to identify a subset of discriminating 
features from the processed machine learning features . 
[ 0095 ] The cognitive function attribute may comprise a 
behavioral disorder and a developmental advancement . The 
categorical determination provided for the subject may be 
selected from the group consisting of an inconclusive deter 

mination , a presence of multiple cognitive function attri 
butes and an absence of multiple cognitive function attri 
butes in response to the data . 
[ 0096 ] In another aspect , an apparatus to evaluate a cog 
nitive function attribute of a subject may comprise a pro 
cessor . The processor may be configured with instructions 
that , when executed , cause the processor to receive data of 
the subject related to the cognitive function attribute and 
applies rules to generate a categorical determination for the 
subject . The categorical determination may be selected from 
a group consisting of an inconclusive determination , a 
presence of the cognitive function attribute , and an absence 
of the cognitive function attribute in response to the data . 
The cognitive function attribute may be determined with a 
sensitivity of at least 70 and a specificity of at least 70 , 
respectively , for the presence or the absence of the cognitive 
function attribute . The cognitive function attribute may be 
selected from a group consisting of autism , autistic spec 
trum , attention deficit disorder , attention deficit hyperactive 
disorder and speech and learning disability . The cognitive 
function attribute may be determined with a sensitivity of at 
least 80 and a specificity of at least 80 , respectively , for the 
presence or the absence of the cognitive function attribute . 
The cognitive function attribute may be determined with a 
sensitivity of at least 90 and a specificity of at least 90 , 
respectively , for the presence or the absence of the cognitive 
function attribute . The cognitive function attribute may 
comprise a behavioral disorder and a developmental 
advancement . 
[ 0097 ] In another aspect , a non - transitory computer - read 
able storage media encoded with a computer program 
including instructions executable by a processor to evaluate 
a cognitive function attribute of a subject comprises a 
database , recorded on the media . The database may com 
prise data of a plurality of subjects related to at least one 
cognitive function attribute and a plurality of tunable 
machine learning assessment models ; an evaluation soft 
ware module ; and a model tuning software module . The 
evaluation software module may comprise instructions for : 
1 ) receiving data of the subject related to the cognitive 
function attribute ; 2 ) evaluating the data of the subject using 
a selected subset of a plurality of machine learning assess 
ment models ; and 3 ) providing a categorical determination 
for the subject , the categorical determination selected from 
the group consisting of an inconclusive determination , a 
presence of the cognitive function attribute and an absence 
of the cognitive function attribute in response to the data . 
The model tuning software module may comprise instruc 
tions for : 1 ) pre - processing the data from the plurality of 
subjects using machine learning techniques ; 2 ) extracting 
and encoding machine learning features from the pre - pro 
cessed data ; 3 ) processing the encoded machine learning 
features to mirror an expected distribution of subjects in an 
intended application setting ; 4 ) selecting a subset of the 
processed machine learning features ; 5 ) evaluating each 
model in the plurality of tunable machine learning assess 
ment models for performance ; 6 ) tuning the parameters of 
each model under different tuning parameter settings , and 7 ) 
determining an optimal set of parameters for each model 
based on determining the benefit of using all models in a 
selected subset of the plurality of tunable machine learning 
assessment models . Each model may be evaluated for sen 
sitivity and specificity for a pre - determined inclusion rate . 
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The cognitive function attribute may comprise a behavioral 
disorder and a developmental advancement . 
[ 0098 ] In another aspect , a computer - implemented system 
may comprise a digital processing device . The digital pro 
cessing may comprise at least one processor , an operating 
system configured to perform executable instructions , a 
memory , and a computer program . The memory may com 
prise storage for housing data of a plurality of subjects 
related to at least one cognitive function attribute and 
storage for housing a plurality of machine learning assess 
ment models . The computer program may include instruc 
tions executable by the digital processing device for : 1 ) 
receiving data of the subject related to the cognitive function 
attribute ; 2 ) evaluating the data of the subject using a 
selected subset of a plurality of machine learning assessment 
models ; and 3 ) providing a categorical determination for the 
subject , the categorical determination selected from the 
group consisting of an inconclusive determination , a pres 
ence of the cognitive function attribute and an absence of the 
cognitive function attribute in response to the data . The 
cognitive function attribute may comprise a behavioral 
disorder and a developmental advancement . 
[ 0099 ] In another aspect , a mobile device for providing an 
evaluation of at least one cognitive function attribute of a 
subject may comprise a display and a processor . The pro 
cessor may be configured with instructions to receive and 
display data of the subject related to the cognitive function 
attribute and receive and display an evaluation for the 
subject . The evaluation may be selected from the group 
consisting of an inconclusive determination and a categori 
cal determination . The evaluation for the subject may be 
determined in response to the data of the subject . The 
categorical determination may be selected from the group 
consisting of a presence of the cognitive function attribute 
and an absence of the cognitive function attribute . The 
cognitive function attribute may be determined with a sen 
sitivity of at least 80 and a specificity of at least 80 , 
respectively , for the presence or the absence of the cognitive 
function attribute . The cognitive function attribute may be 
determined with a sensitivity of at least 90 and a specificity 
of at least 90 , respectively , for the presence or the absence 
of the cognitive function attribute . The cognitive function 
attribute may comprise a behavioral disorder and a devel 
opmental advancement . 
[ 0100 ] In another aspect , a digital therapeutic system to 
treat a subject with a personal therapeutic treatment plan 
may comprise one or more processors , a diagnostic module 
to receive data from the subject and output diagnostic data 
for the subject , and a therapeutic module to receive the 
diagnostic data and output the personal therapeutic treatment 
plan for the subject . The diagnostic module may comprise 
one or more classifiers built using machine learning or 
statistical modeling based on a subject population to deter 
mine the diagnostic data for the subject . The diagnostic data 
may comprise an evaluation for the subject , the evaluation 
selected from the group consisting of an inconclusive deter 
mination and a categorical determination in response to data 
received from the subject . The therapeutic module may 
comprise one or more models built using machine learning 
or statistical modeling based on at least a portion the subject 
population to determine and output the personal therapeutic 
treatment plan of the subject . The diagnostic module may be 
configured to receive updated subject data from the subject 
in response to therapy of the subject and generate updated 

diagnostic data from the subject . The therapeutic module 
may be configured to receive the updated diagnostic data 
and output an updated personal treatment plan for the 
subject in response to the diagnostic data and the updated 
diagnostic data . The diagnostic module may comprise a 
diagnostic machine learning classifier trained on the subject 
population . The therapeutic module may comprise a thera 
peutic machine learning classifier trained on the at least the 
portion of the subject population . The diagnostic module and 
the therapeutic module may be arranged for the diagnostic 
module to provide feedback to the therapeutic module based 
on performance of the treatment plan . The therapeutic 
classifier may comprise instructions trained on a data set 
comprising a population of which the subject is not a 
member . The subject may comprise a person who is not a 
member of the population . The diagnostic module may 
comprise a diagnostic classifier trained on plurality of pro 
files of a subject population of at least 10 , 000 people and 
therapeutic profile trained on the plurality of profiles of the 
subject population . 
[ 0101 ] In another aspect , a digital therapeutic system to 
treat a subject with a personal therapeutic treatment plan 
may comprise a processor , a diagnostic module to receive 
data from the subject and output diagnostic data for the 
subject , and a therapeutic module to receive the diagnostic 
data and output the personal therapeutic treatment plan for 
the subject . 
[ 0102 ] The diagnostic data may comprise an evaluation 
for the subject , the evaluation selected from the group 
consisting of an inconclusive determination and a categori 
cal determination in response to data received from the 
subject . The personal therapeutic treatment plan may com 
prise digital therapeutics . The digital therapeutics may com 
prise instructions , feedback , activities or interactions pro 
vided to the subject or caregiver . The digital therapeutics 
may be provided with a mobile device . The diagnostics data 
and the personal therapeutic treatment plan may be provided 
to a third - party system . The third - party system may com 
prise a computer system of a health care professional or a 
therapeutic delivery system . The diagnostic module may be 
configured to receive updated subject data from the subject 
in response to a feedback data of the subject and generate 
updated diagnostic data . The therapeutic module may be 
configured to receive the updated diagnostic data and output 
an updated personal treatment plan for the subject in 
response to the diagnostic data and the updated diagnostic 
data . The updated subject data may be received in response 
to a feedback data that identifies relative levels of efficacy , 
compliance and response resulting from the personal thera 
peutic treatment plan . The diagnostic module may use 
machine learning or statistical modeling based on a subject 
population to determine the diagnostic data . The therapeutic 
module may be based on at least a portion the subject 
population to determine the personal therapeutic treatment 
plan of the subject . The diagnostic module may comprise a 
diagnostic machine learning classifier trained on a subject 
population . The therapeutic module may comprise a thera 
peutic machine learning classifier trained on at least a 
portion of the subject population . The diagnostic module 
may be configured to provide feedback to the therapeutic 
module based on performance of the personal therapeutic 
treatment plan . The data from the subject may comprise at 
least one of the subject and caregiver video , audio , responses 
to questions or activities , and active or passive data streams 
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from user interaction with activities , games or software 
features of the system . The subject may have a risk selected 
from the group consisting of a behavioral disorder , neuro 
logical disorder and mental health disorder . The behavioral , 
neurological or mental health disorder may be selected from 
the group consisting of autism , autistic spectrum , attention 
deficit disorder , depression , obsessive compulsive disorder , 
schizophrenia , Alzheimer ' s disease , dementia , attention 
deficit hyperactive disorder and speech and learning disabil 
ity . The diagnostic module may be configured for an adult to 
perform an assessment or provide data for an assessment of 
a child or juvenile . The diagnostic module may be config 
ured for a caregiver or family member to perform an 
assessment or provide data for an assessment of the subject . 
[ 0103 ] In another aspect , a non - transitory computer - read 
able storage media may be encoded with a program . The 
computer program may include executable instructions for : 
1 ) receiving input data from the subject and outputting 
diagnostic data for the subject ; 2 ) receiving the diagnostic 
data and outputting a personal therapeutic treatment plan for 
the subject ; and 3 ) evaluating the diagnostic data based on 
at least a portion the subject population to determine and 
output the personal therapeutic treatment plan of the subject . 
The diagnostic data may comprise an evaluation for the 
subject , the evaluation selected from the group consisting of 
an inconclusive determination and a categorical determina 
tion in response to input data received from the subject . 
Updated subject input data may be received from the subject 
in response to therapy of the subject and updated diagnostic 
data may be generated from the subject . Updated diagnostic 
data may be received and an updated personal treatment plan 
may be outputted for the subject in response to the diag 
nostic data and the updated diagnostic data . 
[ 0104 ] In another aspect , a non - transitory computer - read 
able storage media may be encoded with a computer pro 
gram . The computer program may include executable 
instructions for receiving input data from a subject and 
outputting diagnostic data for the subject and receiving the 
diagnostic data and outputting a personal therapeutic treat 
ment plan for the subject . The diagnostic data may comprise 
an evaluation for the subject , the evaluation selected from 
the group consisting of an inconclusive determination and a 
categorical determination in response to data received from 
the subject . The personal therapeutic treatment plan may 
comprise digital therapeutics . 
[ 0105 ] In another aspect , a method of treating a subject 
with a personal therapeutic treatment plan may comprise a 
diagnostic process of receiving data from the subject and 
outputting diagnostic data for the subject wherein the diag 
nostic data comprises an evaluation for the subject and a 
therapeutic process of receiving the diagnostic data and 
outputting the personal therapeutic treatment plan for the 
subject . The evaluation may be selected from the group 
consisting of an inconclusive determination and a categori 
cal determination in response to data received from the 
subject . The diagnostic process may comprise receiving 
updated subject data from the subject in response to a 
therapy of the subject and generating an updated diagnostic 
data from the subject . The therapeutic process may comprise 
receiving the updated diagnostic data and outputting an 
updated personal treatment plan for the subject in response 
to the diagnostic data and the updated diagnostic data . The 
updated subject data may be received in response to a 
feedback data that identifies relative levels of efficacy , 

compliance and response resulting from the personal thera 
peutic treatment plan . The personal therapeutic treatment 
plan may comprise digital therapeutics . The digital thera 
peutics may comprise instructions , feedback , activities or 
interactions provided to the subject or caregiver . The digital 
therapeutics may be provided with a mobile device . The 
method may further comprise providing the diagnostics data 
and the personal therapeutic treatment plan to a third - party 
system . The third - party system may comprise a computer 
system of a health care professional or a therapeutic delivery 
system . The diagnostic process may be performed by a 
process selected from the group consisting of machine 
learning , a classifier , artificial intelligence , or statistical 
modeling based on a subject population to determine the 
diagnostic data . The therapeutic process may be performed 
by a process selected from the group consisting of machine 
learning , a classifier , artificial intelligence , or statistical 
modeling based on at least a portion the subject population 
to determine the personal therapeutic treatment plan of the 
subject . The diagnostic process may be performed by a 
diagnostic machine learning classifier trained on a subject 
population . The therapeutic process may be performed by a 
therapeutic machine learning classifier trained on at least a 
portion of the subject population . The diagnostic process 
may comprise providing feedback to the therapeutic module 
based on performance of the personal therapeutic treatment 
plan . The data from the subject may comprise at least one of 
the subject and caregiver video , audio , responses to ques 
tions or activities , and active or passive data streams from 
user interaction with activities , games or software features . 
The diagnostic process may be performed by an adult to 
perform an assessment or provide data for an assessment of 
a child or juvenile . The diagnostic process may enable a 
caregiver or family member to perform an assessment or 
provide data for an assessment of the subject . The subject 
may have a risk selected from the group consisting of a 
behavioral disorder , neurological disorder , and mental health 
disorder . The risk may be selected from the group consisting 
of autism , autistic spectrum , attention deficit disorder , 
depression , obsessive compulsive disorder , schizophrenia , 
Alzheimer ' s disease , dementia , attention deficit hyperactive 
disorder , and speech and learning disability . 
[ 0106 ] FIGS . 1A and 1B show some exemplary develop 
mental 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 disor 
ders 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 function 
ing autism ) , PDD - not otherwise specified ( PDD - NOS , 
“ atypical autism ” ) , attention deficit and hyperactivity disor 
der ( ADHD ) , speech and language delay , obsessive com 
pulsive disorder ( OCD ) , intellectual disability , learning dis 
ability , or any other relevant development disorder , such as 
disorders defined in any edition of the Diagnostic and 
Statistical Manual of Mental Disorders ( DSM ) . The assess 
ment 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 
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subject as at greater risk of a first disorder or a second 
disorder of the plurality of disorders . The assessment pro 
cedure 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 further be con 
figured 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 ) . 
[ 0107 ] Many developmental disorders may have similar or 
overlapping symptoms , thus complicating the assessment of 
a subject ' s developmental disorder . The assessment proce 
dure 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 sub 
ject ' 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 develop 
mental 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 determi 
nation 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 . 
[ 0108 ] FIG . 2 is a schematic diagram of an exemplary data 
processing module 100 for providing the assessment proce 
dure 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 pro 
cessing module can extract training data 150 from a data 
base , or intake new data 155 with a user interface 130 . The 
preprocessing module can apply one or more transforma 
tions 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 , 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 . 
[ 0109 ] 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 develop 
mental disorder or condition . As described herein , the fea 
tures 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 , obser 
vations 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 indi 
cate 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 . , ( = 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 available from large data reposi 
tories , 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 appli 
cations , etc . ) . 
[ 0110 ] 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 obser 
vations . The preprocessing module can be further configured 
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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 standard 
ize 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 . 
[ 0111 ] 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 assess 
ment 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 ‘ l ’ 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 feature values , such as feature values corre 
sponding 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 “ 1 ” , with all other values repre 
sented 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 0 0 1 0 0 0 0 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 . 
[ 0112 ] The preprocessing module can be further config 
ured to impute any missing data values , such that down 
stream modules can correctly process the data . For example , 
if a training dataset provided to the training module com 
prises 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 mod 
ule . 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 prepro 

cessing 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 repre 
sentations specifically designated as such . For example , if 
the categorical features are encoded in a one - hot represen 
tation as described herein , the preprocessing module may 
encode a missing categorical feature value as an array of ' O ’ 
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 ) . 
[ 0113 ] 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 relation 
ship , 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 , com 
prise the statistical correlations between a plurality of clini 
cal characteristics and clinical diagnoses of one or more 
developmental disorders . A given feature value may have a 
different predictive utility for classifying each of the plural 
ity of developmental disorders to be evaluated in the assess 
ment 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 . 
[ 0114 ] 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 algo 
rithms 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 , Brown 
Boost , 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 devel 
opmental disorders . Machine learning analyses may be 
performed using one or more of many programming lan 
guages and platforms known in the art , such as R , Weka , 
Python , and / or Matlab , for example . 
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[ 0115 ] A Random Forest classifier , which generally com 
prises 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 con 
structed 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 pre 
diction time , a " vote " can be taken over all of the decision 
trees , and the majority vote ( or mode of the predicted 
classifications ) can be output as the predicted classification . 
[ 0116 ] 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 com 
prise 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 addi 
tional split in the decision tree associated with correspond 
ing prediction nodes having corresponding output values . 
The Gini impurity can be used as a criterion to find infor 
mative features based on which the splits in each decision 
tree may be constructed . 
[ 0117 ] 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 . 
[ 0118 ] 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 a stochastic gradient descent , without an “ inter 
cept term ” . The lack of an intercept term can prevent the 

classifier from deriving any significance from missing fea 
ture 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 ‘ Obits in the subject ' s 
data set , the linear classifier trained without an intercept term 
will not attribute any significance to the array of ' O ' 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 clas 
sification 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 ques 
tions , are factored into the final classification of the subject . 
[ 0119 ] The training module may comprise feature selec 
tion . One or more feature selection algorithms ( such as 
support vector machine , convolutional neural nets ) may be 
used to select features able to differentiate between indi 
viduals 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 . 
[ 0120 ] 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 . 
[ 0121 ] In at least some instances , available training data 
may be skewed towards individuals diagnosed with a spe 
cific 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 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 substan 
tially 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 
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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 . 
[ 0122 ] The training module may further comprise a vali 
dation module 115 configured to validate the assessment 
model constructed using the training data . For example , a 
validation module may be configured to implement a Strati 
fied K - fold cross validation , wherein k represents the num 
ber 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 . 
[ 0123 ] . 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 . 
[ 0124 ] 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 predic 
tion 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 fea 
tures 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 questions asked , or 
responses of the subject . The new data provided to the 
prediction module may or may not have a known classifi 
cation or diagnosis associated with the data ; either way , the 
prediction module may not use any pre - assigned classifica 
tion 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 . 
[ 0125 ] 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 predic - 
tion 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 devel 
opmental 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 deter 
mined to risk with comorbidity . The prediction module may 
output determined risk for each of the one or more devel 
opmental disorders in the assessment model . If the predic 
tion 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 can 
not be queried for any additional feature values , “ no diag 
nosis ” 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 predic 
tion 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 pre 
diction module may be able to query the subject for addi 
tional 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 . 
[ 0126 ] 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 
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subject is most likely to have , based on feature values 
previously provided by the subject . 
[ 0127 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 . 
[ 0128 ] 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 B5 , 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 . 
[ 0129 ] 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 . 
[ 0130 ] 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 . 
[ 0131 ] At step 605 , the algorithm can determine the 
importance or relevance of a specific feature value in pre 
dicting 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 aver 
age 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 assess 
ment model can be computed efficiently , either by the 
feature recommendation module or by the training module , 
wherein the training module may pass the computed statis 
tics 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 . 
[ 0132 ] Each feature value may have a different importance 
for each developmental disorder for which the assessment 
procedure is designed to screen . Accordingly , the impor 
tance of each feature value may be represented as a prob 
ability distribution that describes the probability of the 
feature value yielding an accurate prediction for each of the 
plurality of developmental disorders being evaluated . 
[ 0133 ] 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 appro 
priate 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 = 1 \ A = 1 , B = 2 , C = 1 ) = prob ( E = 1 , 4 = 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 regres 
sion 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 = 1 \ A = 1 , B = 2 , C = 1 ) sigmoid ( al * A + a2 * B + 
a3 * C + a4 ) , 

wherein al , a2 , a3 , and a4 are constant coefficients deter 
mined 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 expressions can be computed quickly in applica 
tion , e . g . , during administration of the assessment proce 
dure . 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 . 
[ 0134 ] 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 
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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 . 
[ 0140 ] An exemplary implementation of the feature rec 
ommendation 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 = 1 \ A = 1 , B = 2 , C = 1 ) = 0 . 1 

prob ( E = 2 ] A = 1 , B = 2 , C = 1 ) = 0 . 9 

prob ( D = 1 \ A = 1 , B = 2 , C = 1 ) = 0 . 7 

prob ( D = 2 ] A = 1 , B = 2 , C = 1 ) = 0 . 3 

two factors , the feature recommendation module can deter 
mine the expected utility of the specific feature value in 
predicting a specific developmental disorder . Although ref 
erence 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 . 
[ 0135 ] 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 . 
[ 0136 ] 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 . 
[ 0137 ] At step 630 , steps 605 - 625 can be repeated for 
every candidate feature being considered by the feature 
recommendation module . The candidate features may com 
prise 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 impor 
tance . 
10138 ] Optionally , in addition to the two factors deter 
mined 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 prob 
ability distribution stored in the assessment model , indicat 
ing 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 con 
figured to give greater weight to the feature values most 
important or relevant to predicting the one or more devel 
opmental 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 lan 
guage 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 recom 
mendation module can thus enable the prediction module to 
tailor the prediction process to the subject at hand , present 
ing more features that are relevant to the subject ' s potential 
developmental disorder to yield a final classification with 
higher granularity and confidence . 
[ 0139 ] Although the above steps show an exemplary 
operational flow 600 of an expected feature importance 

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 
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 com 
pute 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 . 8 

Expectation [ importance ( D ) ] = { prob ( D = 1 \ A = 1 , B = 2 , 
C = 1 ) * importance ( D = 1 ) + ( prob ( D = 2 | 1 = 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 ques 
tion E as the next question to be presented to Subject X . 
[ 0141 ] When selecting the next best feature to be pre 
sented 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 pre 
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sented 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 . 
[ 0142 ] 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 , 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 predic 
tion 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 . 
[ 0143 ] As described herein , the features of interest rel 
evant 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 ques 
tions 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 ) . 
0144 ] 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 subse 
quently 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 , 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 per 
son ' 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 disor 
der may then be generated based on a fitting of the subject ' s 
feature values to the assessment model constructed using 
training data . 
[ 0145 ] 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 . 
[ 0146 ] The methods and apparatus described herein can be 
configured in many ways to determine the next most pre 
dictive or relevant question . At least a portion of the soft 
ware 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 ( API ) 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 . Alter 
natively or in combination , the local processor can be 
configured with instructions to determine the most predic 
tive 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 600 
of method of determining an expected feature importance 
determination algorithm 127 as performed by a feature 
recommendation module 125 described herein can be per 
formed with one or more processors as described herein , for 
example . 
[ 0147 ] FIG . 7 illustrates a method 700 of administering an 
assessment procedure as described herein . The method 700 
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may be performed with a user interface provided on a 
computing device , the computing device comprising a dis 
play and a user interface for receiving user input in response 
to the instructions provided on the display . The user partici 
pating 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 ' h question related an Nh feature can be presented 
to the user with the display . At step 710 , the subject ' s answer 
containing the corresponding Nh feature value can be 
received . At step 715 , the dataset for the subject at hand can 
be updated to include N ' h 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 devel 
opmental 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 . 
[ 0148 ] 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 . 
[ 0149 ] 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 analy 
ses . The computer system 801 can be an 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 . 
[ 0150 ] The computer system 801 includes a central pro 
cessing unit ( CPU , also “ processor ” and “ computer proces 
sor ” herein ) 805 , which can be a single core or multi core 
processor , or a plurality of processors for parallel process 
ing . 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 815 , 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 reposi 

tory ) 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 telecom 
munication and / or data network . The network 830 can 
include one or more computer servers , which can enable 
distributed computing , such as cloud computing . The net 
work 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 . 
[ 0151 ] 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 . 
[ 0152 ] 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 ) . 
10153 ] . 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 com 
puter system 801 , such as located on a remote server that is 
in communication with the computer system 801 through an 
intranet or the Internet . 
[ 0154 ] The computer system 801 can communicate with 
one or more remote computer systems through the network 
830 . For instance , the computer system 801 can communi 
cate with a remote computer system of a user ( e . g . , a parent ) . 
Examples of remote computer systems and mobile commu 
nication 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 . 
[ 0155 ] 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 elec 
tronic storage unit 815 can be precluded , and machine 
executable instructions are stored on memory 810 . 
[ 0156 ] 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 . 
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Examples of UI ' s include , without limitation , a graphical 
user interface ( GUI ) and web - based user interface . 
0160 ] 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 dis 
closed 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 . 
[ 0161 ] 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 . 
[ 0162 ] 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 . 

[ 0157 ] 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 ” typi 
cally 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 physical interfaces between local devices , 
through wired and optical landline networks and over vari 
ous 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 . 
[ 0158 ] Hence , a machine readable medium , such as com 
puter - 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 elec 
tromagnetic 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 . 
[ 0159 ] The computer system 801 can include or be in 
communication with an electronic display 835 that com 
prises a user interface ( UI ) 840 for providing , for example , 
questions and answers , analysis results , recommendations . 

Experimental Data 
[ 0163 ] 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 pre 
senting 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 diag 
nosis 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 . 
101641 . 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 attrib 
uted to data points that were misclassified , and retraining 
with the updated significances . 
101651 . 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 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 , 
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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 indi 
viduals 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 data 
set 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 . 
[ 0166 ] The feature recommendation module was config 
ured 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 vali 
dation set ; ( 3 ) expected feature importance ( question rec 
ommendation / 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 com 
puted . The calculated Pearson correlation coefficient ranged 
between 0 . 2 and 0 . 3 , indicating a moderate degree of cor 
relation 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 the relative improve 
ment ( “ Relative Classification Improvement ” ) for each 
question . The plot shows a moderate linear relationship 
between the two variables , demonstrating the feature rec 
ommendation module is indeed able to recommend ques 
tions that would increase the prediction accuracy . 
[ 0167 ] The length of time to produce an output using the 
developed prediction module and the feature recommenda 
tion 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 . 

( 0168 ] While the assessment model of the data processing 
module described with respect to FIGS . 9 - 10 was con 
structed 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 . 
101691 . In another aspect , the methods and apparatus dis 
closed herein can identify a subject as belonging to one of 
three categories : having a developmental condition , being 
developmentally normal or typical , or inconclusive or 
requiring additional evaluation to determine whether the 
subject has the developmental condition . The developmental 
condition can be a developmental disorder or a develop 
mental advancement . The addition of the third category , 
namely the inconclusive determination , results in improved 
performance and better accuracy of the categorical evalua 
tions corresponding to the presence or absence of a devel 
opmental condition . 
0170 ] FIG . 11 is an exemplary operational flow of an 
evaluation module identifying a subject as belonging to one 
of three categories . As shown in FIG . 11 , a method 1100 is 
provided for evaluating at least one behavioral developmen 
tal condition of a subject . The evaluation module receives 
diagnostic data of the subject related to the behavioral 
developmental at 1110 , evaluates the diagnostic data at 1120 
using a selected subset of a plurality of machine learning 
assessment models and provides categorical determinations 
for the subject at 1130 . The categorical determination can be 
inconclusive , or can indicate the presence or absence of the 
behavioral developmental condition . 
[ 0171 ] FIG . 12 is an exemplary operational flow of a 
model training module as described herein . As shown in 
FIG . 12 , a method 1200 is provided for using machine 
learning to train an assessment model and tune its configu 
ration parameters optimally . Multiple machine learning pre 
dictive models can be trained and tuned using the method 
1200 , each using datasets prepared offline and comprising a 
representative sample of a standardized clinical instrument 
such as ADI - R , ADOS , or SRS . Models can also be trained 
using datasets comprising data other than clinical instru 
ments , such as demographic data . The model training mod 
ule pre - processes diagnostic data from a plurality of subjects 
using machine learning techniques at 1210 . Datasets can be 
pre - processed using well - established machine learning tech 
niques such as data cleaning , filtering , aggregation , impu 
tation , normalization , and other machine learning techniques 
as known in the art . 
[ 0172 ] The model training module extracts and encodes 
machine learning features from the pre - processed diagnostic 
data at 1220 . Columns comprising the datasets can be 
mapped into machine learning features using feature encod 
ing techniques such as , for example , one - hot encoding , 
severity encoding , presence - of - behavior encoding or any 
other feature encoding technique as known in the art . Some 
of these techniques are novel in nature and not commonly 
used in machine learning applications , but they are advan 
tageous in the present application because of the nature of 
the problem at hand , specifically because of the discrepancy 
between the setting where clinical data is collected and the 
intended setting where the model will be applied . 
[ 0173 ] Presence of behavior encoding in particular is 
advantageous for the problem at hand especially , since the 
machine learning training data is comprised of clinical 
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questionnaires filled by psycho - metricians having observed 
subjects for multiple hours . The answer codes they fill in can 
correspond to subtle levels of severity or differences in 
behavioral patterns that may only become apparent through - 
out the long period of observation . This data is then used to 
train models destined to be applied in a setting where only 
a few minutes of subject observation is available . Hence the 
subtleties in behavioral patterns are expected to be less often 
noticeable . Presence of behavioral encoding as described 
herein mitigates this problem by abstracting away the subtle 
differences between the answer choices and extracting data 
from the questionnaires only at the level of granularity that 
is expected to be reliably attained in the application setting . 
[ 0174 ] The model training module processes the encoded 
machine learning features at 1230 . In an exemplary embodi 
ment , questionnaire answers can be encoded into machine 
learning features , after which , a sample weight can be 
computed and assigned to every sample of diagnostic data in 
a dataset , each sample corresponding to each subject having 
diagnostic data . Samples can be grouped according to sub 
ject - specific dimensions and sample weights can be com 
puted and assigned to balance one group of samples against 
every other group of samples to mirror the expected distri 
bution of subjects in an intended setting . For example , 
samples with positive classification labels might be balanced 
against those with negative classification labels . Alterna 
tively or additionally , samples in each of multiple age group 
bins can be made to amount to an equal total weight . 
Additional sample balancing dimensions can be used such as 
gender , geographic region , sub - classification within the 
positive or negative class , or any other suitable dimension . 
[ 0175 ] The process of sample - weight adjustment might be 
further refined to mirror the expected distribution of subjects 
in the intended application setting . This can allow the trained 
models to be adapted to various specific application settings . 
For example , a model can be trained for use specifically as 
a level two screening tool by adjusting the sample weights 
in the training dataset to reflect the expected prevalence rates 
of diagnostic conditions in a level two diagnostic clinic . 
Another variant of the same screener can be trained for use 
as a general public screening tool , again by adjusting the 
weights of training samples to reflect and expected popula 
tion of mostly neuro - typical subjects and a minority of 
positive samples with prevalence rates to match those in the 
general population to mirror an expected distribution of 
subjects in an intended application setting . 
[ 0176 ] The model training module selects a subset of the 
processed machine learning features at 1240 . In an exem 
plary embodiment , with the training samples weighted 
accordingly , and all potential machine learning features 
encoded appropriately , feature selection can take place using 
a machine learning process generally known as bootstrap 
ping , where multiple iterations of model training can be run , 
each using a random subsample of the training data avail 
able . After each run , a tally can be updated with the features 
the training process deemed necessary to include in the 
model . This list can be expected to vary from run to run , 
since the random data subsets used in training might contain 
apparent patterns that are incidental to the choice of data 
samples and not reflective of real life patterns for the 
problem at hand . Repeating this process multiple times can 
allow for the incidental patterns to cancel out , revealing the 
features that are reflective of patterns that can be expected to 
generalize well outside the training dataset and into the real 

world . The top features of the bootstrapping runs can then be 
selected and used exclusively for training the final model , 
which is trained using the entire training dataset , and saved 
for later application . 
[ 0177 ] Several models can be trained instead of one 
model , in order to specialize the models over a demographic 
dimension in situations where the dimension is expected to 
affect the choice of useful features . For example , multiple 
questionnaire - based models can be built , each for a specific 
age group , since the best questions to ask of a subject are 
expected to be different for each age group . In this case , only 
the right model for each subject is loaded at application time . 
[ 0178 ] The model training module evaluates each model at 
1250 . In particular , each model can be evaluated for perfor 
mance , for example , as determined by sensitivity and speci 
ficity for a pre - determined inclusion rate . In an exemplary 
embodiment , using a held - out dataset that was not used 
during the model training phase , the models can be evalu 
ated for performance , in terms of inclusion rate , sensitivity , 
and specificity . 
[ 0179 ] The model training module tunes each model at 
1260 . More specifically , to assess the performance of the 
models in different tuning settings , the tuning parameters of 
each model can be changed in iterative increments and the 
same metrics can be computed over the same held - out set in 
every iteration . The optimal settings can then be locked in 
and the corresponding models saved . Tuning parameters can 
include , for example , the number of trees in a boosted 
decision tree model , the maximum depth of every tree , the 
learning rate , the threshold of positive determination score , 
the range of output deemed inconclusive , and any other 
tuning parameter as known in the art . 
[ 0180 ] In a preferable embodiment , the parameter tuning 
process of 1260 can comprise a brute - force grid search , an 
optimized gradient descent or simulated annealing , or any 
other space exploration algorithm as known in the art . The 
models being tuned can undergo separate , independent tun 
ing runs , or alternatively the models can be tuned in an 
ensemble fashion , with every parameter of every model 
explored in combination , in order to arrive at the optimal 
overall set of parameters at 1270 to maximize the benefit of 
using all the models in an ensemble . 
10181 ] . Moreover , in yet another aspect , tuning the incon 
clusive range of each predictive model can be augmented 
with an external condition , determined by a business need 
rather than a performance metric . For example , it can be 
deemed necessary for a particular classifier to have an 
inclusion rate of no less than 70 % . In other words , the 
classifier would be expected to provide an evaluation indi 
cating either the presence or the absence of a developmental 
condition for at least 70 % of the subjects being classified , 
yielding an inconclusive determination for less than 30 % of 
the subjects . Accordingly , the corresponding tuning process 
for the inconclusive output range would have to be limited 
to only the ranges where this condition is met . 
[ 0182 ] The models are tunable based on the context of the 
application . The predictive model can be configured to 
output a diagnosis having a particular degree of certainty 
that can be adjusted based on tuning of the inconclusive 
range . 
f0183 ] In addition , tuning of the inconclusive range can be 
exposed outside the offline machine learning phase . More 
specifically , tuning of the inconclusive range can be a 
configurable parameter accessible to agents operating the 
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models after deployment . In this way , it is possible for an 
operator to dial the overall system up or down along the 
tradeoff between more inclusion and more accuracy . To 
support this case , multiple optimal inconclusive ranges 
might be explored and stored during the model training 
phase , each with its corresponding inclusion rate . The agent 
can then affect that change by selecting an optimal point 
from a menu of previously determined optimal settings . 
[ 0184 ] FIG . 13 is another exemplary operational flow of 
an evaluation module as described herein . As shown in FIG . 
13 , a method 1300 is provided for outputting a conclusive 
prediction at 1355 indicating the presence or absence of a 
developmental condition , or an inconclusive determination 
of “ No diagnosis ” at 1365 . 
[ 0185 ] The evaluation module as depicted in FIG . 13 
receives new data such as diagnostic data from or associated 
with a subject to be evaluated as having or not having a 
developmental condition at 1310 . Multiple saved assessment 
models that have been trained , tuned , and optimized as 
depicted in FIG . 12 and as described herein can be loaded at 
1320 . Diagnostic data can be fit to these initial assessment 
models and outputs can be collected at 1330 . The evaluation 
module can combine the initial assessment model outputs at 
1340 to generate a predicted initial classification of the 
subject . If the evaluation module determines that the initial 
prediction is conclusive at 1350 , it can output a conclusive 
determination indicating either the presence or absence of 
the developmental condition in the subject . If the evaluation 
module determines that the initial prediction is inconclusive 
at 1350 , it can then proceed to determine whether additional 
or more sophisticated assessment models are available and 
applicable at 1360 . If no additional assessment models are 
available or applicable , the evaluation module outputs an 
inconclusive determination of " No diagnosis . ” If however , 
the evaluation module determines that additional or more 
sophisticated assessment models are available and appli 
cable , it can proceed to obtain additional diagnostic data 
from or associated with the subject at 1370 . Next , the 
evaluation module can load the additional or more sophis 
ticated assessment models at 1380 and can repeat the 
process of fitting data to the models , only this time , the 
additional data obtained at 1370 is fitted to the additional 
assessment models loaded at 1380 to produce new model 
outputs , which are then evaluated at 1350 for a conclusive 
prediction . This process as depicted by the loop comprising 
steps 1350 , 1355 , 1360 , 1365 , 1370 , 1380 and back to 1330 
and 1340 can be repeated until either a conclusive prediction 
is output at 1355 , or if no more applicable classification 
models are available to use , an inconclusive determination 
of “ No diagnosis ” is output at 1365 . 
10186 ] In particular , when data from a new subject is 
received as input at 1310 in FIG . 13 , each available model 
for preliminary determination is loaded at 1320 and run , 
outputting a numerical score at 1330 . The scores can then be 
combined using a combinatorial model . 
[ 0187 ] FIG . 14 is an exemplary operational flow of the 
model output combining step depicted in FIG . 13 . As shown 
in FIG . 14 , a combiner module 1400 can collect the outputs 
from multiple assessment models 1410 , 1420 , 1430 , and 
1440 , which are received by a model combinatory or com 
binatorial model 1450 . The combinatorial model can employ 
simple rule - based logic to combine the outputs , which can 
be numerical scores . Alternatively , the combinatorial model 
can use more sophisticated combinatorial techniques such as 

logistic regression , probabilistic modeling , discriminative 
modeling , or any other combinatorial technique as known in 
the art . The combinatorial model can also rely on context to 
determine the best way to combine the model outputs . For 
example , it can be configured to trust the questionnaire 
based model output only in a certain range , or to defer to the 
video - based model otherwise . In another case , it can use the 
questionnaire - based model output more significantly for 
younger subjects than older ones . In another case , it can 
exclude the output of the video - based model for female 
subjects , but include the video - based model for male sub 
jects . 
[ 0188 ] The combinatorial model output score can then be 
subjected to thresholds determined during the model training 
phase as described herein . In particular , as shown in FIG . 14 , 
these thresholds are indicated by the dashed regions that 
partition the range of numerical scores 1460 into three 
segments corresponding to a negative determination output 
1470 , an inconclusive determination output 1480 , and a 
positive determination output 1490 . This effectively maps 
the combined numerical score to a categorical determina 
tion , or to an inconclusive determination if the output is 
within the predetermined inconclusive range . 
101891 . In the case of an inconclusive output , the evalua 
tion module can determine that additional data should be 
obtained from the subject in order to load and run additional 
models beyond the preliminary or initial set of models . The 
additional models might be well suited to discern a conclu 
sive output in cases where the preliminary models might not . 
This outcome can be realized by training additional models 
that are more sophisticated in nature , more demanding of 
detailed input data , or more focused on the harder - to - classify 
cases to the exclusion of the straightforward ones . 
[ 0190 ] FIG . 15 shows an exemplary questionnaire screen 
ing algorithm configured to provide only categorical deter 
minations of a developmental condition as described herein . 
In particular , the questionnaire screening algorithm depicted 
in FIG . 15 shows an alternating decision tree classifier that 
outputs a determination indicating only the presence or the 
absence of autism . The different shading depicts the total 
population of children who are autistic and not autistic and 
who are evaluated via the questionnaire . Also depicted are 
the results of the classifier , showing the correctly and 
incorrectly diagnosed children populations for each of the 
two categorical determinations . 
[ 0191 ] In contrast , FIG . 16 shows an exemplary Triton 
questionnaire screening algorithm configured to provide 
both categorical and inconclusive determinations as 
described herein . In particular , the Triton algorithm depicted 
in FIG . 16 implements both age - appropriate questionnaires 
and age - specific models to yield specialized classifiers for 
each of two subgroups ( i . e . “ 3 years old & under ” and “ 4 + 
year olds ” ) within a relevant age group ( i . e . " children ” ) . It 
is clear from this example that the categorical determina 
tions indicating the presence and absence of Autism in the 
two subgroups in FIG . 16 each have a higher accuracy when 
compared with the categorical determinations in FIG . 15 , as 
indicated by the different shaded areas showing the correctly 
and incorrectly diagnosed children populations for each of 
the two categorical determinations . By providing a separate 
category for inconclusive determinations , the Triton algo 
rithm of FIG . 16 is better able to isolate hard - to - screen cases 
that result in inaccurate categorical determinations as seen in 
FIG . 15 . 
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[ 0192 ] A comparison of the performance for various algo 
rithms highlights the advantages of the Triton algorithm , and 
in particular , the Triton algorithm having a context - depen 
dent combination of questionnaire and video inputs . FIG . 17 
shows a comparison of the performance for various algo 
rithms in terms of a sensitivity - specificity tradeoff for all 
samples in a clinical sample as described herein . As shown 
in FIG . 17 , the best performance in terms of both sensitivity 
and specificity is obtained by the Triton algorithm config 
ured for 70 % coverage when combined with the video 
combinator ( i . e . context - dependent combination of ques 
tionnaire and video inputs ) . 
[ 0193 ] FIG . 18 shows a comparison of the performance 
for various algorithms in terms of a sensitivity - specificity 
tradeoff for samples taken from children under 4 as 
described herein . The Triton algorithm configured for 70 % 
coverage when combined with the video combinator ( i . e . 
context - dependent combination of questionnaire and video 
inputs ) has the best performance . 
[ 0194 ] FIG . 19 shows a comparison of the performance 
for various algorithms in terms of a sensitivity - specificity 
tradeoff for samples taken from children 4 and over 
described herein . For the most part , the Triton algorithm 
configured for 70 % coverage when combined with the video 
combinator appears to have the best performance . 
[ 0195 ] FIGS . 20 - 22 , show the specificity for different 
algorithms at 75 % - 85 % sensitivity range for all samples , for 
children under 4 , and for children 4 and over . In all three 
cases , the Triton algorithm configured for 70 % coverage 
when combined with the video combinator has the best 
performance , having 75 % specificity for all samples , 90 % 
specificity for children under 4 , and 55 % specificity for 
children 4 and over . Note that the Triton algorithm has the 
further advantage of flexibility . For example , tunable models 
are provided as described herein , wherein the inconclusive 
ratio or inclusion rate may be controlled or adjusted to 
control the tradeoff between coverage and reliability . In 
addition , the models described herein may be tuned to an 
application setting with respect to expected prevalence rates 
or based on expected population distributions for a given 
application setting . Finally , support for adaptive retraining 
enables improved performance over time given the feedback 
training loop of the method and system described herein . 
[ 0196 ] 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 with 
out 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 . 
[ 0197 ] 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 math - 
ematically 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 . 
[ 0198 ) In another aspect , a digital personalized medicine 
system as described herein comprises digital devices with 
processors and associated software configured to : receive 
data to assess and diagnose a patient ; capture interaction and 
feedback data that identify relative levels of efficacy , com 
pliance and response resulting from the therapeutic inter 
ventions , and perform data analysis , including at least one or 
machine learning , artificial intelligence , and statistical mod 
els to assess user data and user profiles to further personal 
ize , improve or assess efficacy of the therapeutic interven 
tions . 
[ 0199 ] The assessment and diagnosis of the patient in the 
digital personalized medicine system can categorize a sub 
ject into one of three categories : having one or more 
developmental conditions , being developmentally normal or 
typical , or inconclusive ( i . e . requiring additional evaluation 
to determine whether the subject has any developmental 
conditions ) . In particular , a separate category can be pro 
vided for inconclusive determinations , which results in 
greater accuracy with respect to categorical determinations 
indicating the presence or absence of a developmental 
condition . A developmental condition can be a developmen 
tal disorder or a developmental advancement . Moreover , the 
methods and apparatus disclosed herein are not limited to 
developmental conditions , and may be applied to other 
cognitive functions , such as behavioral , neurological or 
mental health conditions . 
[ 0200 ] In some instances , the system can be configured to 
use digital diagnostics and digital therapeutics . Digital diag 
nostics and digital therapeutics can comprise a system or 
methods comprising collecting digital information and pro 
cessing and evaluating the provided data to improve the 
medical , psychological , or physiological state of an indi 
vidual . The system and methods described herein can cat 
egorize a subject into one of three categories : having one or 
more developmental conditions , being developmentally nor 
mal or typical , or inconclusive ( i . e . requiring additional 
evaluation to determine whether the subject has any devel 
opmental conditions ) . In particular , a separate category can 
be provided for inconclusive determinations , which results 
in greater accuracy with respect to categorical determina 
tions indicating the presence or absence of a developmental 
condition . A developmental condition can be a developmen 
tal disorder or a developmental advancement . Moreover , the 
methods and apparatus disclosed herein are not limited to 
developmental conditions , and may be applied to other 
cognitive functions , such as behavioral , neurological or 
mental health conditions . In addition , a digital therapeutic 
system can apply software based learning to evaluate user 
data , monitor and improve the diagnoses and therapeutic 
interventions provided by the system . 
[ 0201 ] Digital diagnostics in the system can comprise of 
data and meta - data collected from the patient , or a caregiver , 
or a party that is independent of the individual being 
assessed . In some instances the collected data can comprise 
monitoring behaviors , observations , judgements , or assess 



US 2019 / 0043619 A1 Feb . 7 , 2019 

ments may be made by a party other than the individual . In 
further instances , the assessment can comprise an adult 
performing an assessment or provide data for an assessment 
of a child or juvenile . 
[ 0202 ] Data sources can comprise either active or passive 
sources , in digital format via one or more digital devices 
such as mobile phones , video capture , audio capture , activity 
monitors , or wearable digital monitors . Examples of active 
data collection comprise devices , systems or methods for 
tracking eye movements , recording body or appendage 
movement , monitoring sleep patterns , recording speech pat 
terns . In some instances , the active sources can include 
audio feed data source such as speech patterns , lexical / 
syntactic patterns ( for example , size of vocabulary , correct / 
incorrect use of pronouns , correct / incorrect inflection and 
conjugation , use of grammatical structures such as active ! 
passive voice etc . , and sentence flow ) , higher order linguis 
tic patterns ( for example , coherence , comprehension , con 
versational engagement , and curiosity ) . Active sources can 
also include touch - screen data source ( for example , fine 
motor function , dexterity , precision and frequency of point 
ing , precision and frequency of swipe movement , and focus / 
attention span ) . Video recording of subject ' s face during 
activity ( for example , quality / quantity of eye fixations vs 
saccades , heat map of eye focus on the screen , focus / 
attention span , variability of facial expression , and quality of 
response to emotional stimuli ) can also be considered an 
active source of data . 
[ 0203 ] Passive data collection can comprise devices , sys 
tems , or methods for collecting data from the user using 
recording or measurements derived from mobile applica 
tions , toys with embed sensors or recording units . In some 
instances , the passive source can include sensors embedded 
in smart toys ( for example , fine motor function , gross motor 
function , focus / attention span and problem solving skills ) 
and wearable devices ( for example , level of activity , quan 
tity / quality of rest ) . 
[ 0204 ] The data used in the diagnosis and treatment can 
come from a plurality of sources , and may comprise a 
combination of passive and active data collection gathered 
from one device such as a mobile device with which the user 
interacts , or other sources such as microbiome sampling and 
genetic sampling of the subject . 
[ 0205 ] The methods and apparatus disclosed herein are 
well suited for the diagnosis and digital therapeutic treat 
ment of cognitive and developmental disorders , mood and 
mental illness , and neurodegenerative diseases . Examples of 
cognitive and developmental disorders include speech and 
learning disorders and other disorders as described herein . 
Examples of mood and mental illness disorders , which can 
effect children and adults , include behavioral disorders , 
mood disorders , depression , attention deficit hyperactivity 
disorder ( “ ADHD " ) , obsessive compulsive disorder 
( " OCD ' ) , schizophrenia , and substance - related disorders 
such as eating disorders and substance abuse . Examples of 
neurodegenerative diseases include age related cognitive 
decline , cognitive impairment progressing to Alzheimer ' s 
and senility , Parkinson ' s disease and Huntington ' s disease , 
and amyotrophic lateral sclerosis ( “ ALS ” ) . The methods and 
apparatus disclosed herein are capable of digitally diagnos 
ing and treating children and continuing treatment until the 
subject becomes an adult , and can provide lifetime treatment 
based on personalized profiles . 

[ 0206 ] The digital diagnosis and treatment as described 
herein is well suited for behavioral intervention coupled 
with biological or chemical therapeutic treatment . By gath 
ering user interaction data as described herein , therapies can 
be provided for combinations of behavioral intervention data 
pharmaceutical and biological treatments . 
102071 The mobile devices as described herein may com 
prise sensors to collect data of the subject that can be used 
as part of the feedback loop so as to improve outcomes and 
decrease reliance on user input . The mobile device may 
comprise passive or active sensors as described herein to 
collect data of the subject subsequent to treatment . The same 
mobile device or a second mobile device , such as an iPadTM 
or iPhoneTM or similar device , may comprise a software 
application that interacts with the user to tell the user what 
to do in improve treatment on a regular basis , e . g . day by 
day , hour by hour , etc . The user mobile device can be 
configured to send notifications to the user in response to 
treatment progress . The mobile device may comprise a drug 
delivery device configured to monitor deliver amounts of a 
therapeutic agent delivered to the subject . 
[ 0208 ] The methods and apparatus disclosed herein are 
well suited for treatment of both parents and children , for 
example . Both a parent and a child can receive separate 
treatments as described herein . For example , neurological 
condition of the parent can be monitored and treated , and the 
developmental progress of the child monitored and treated . 
[ 0209 ] The mobile device used to acquire data of the 
subject can be configured in many ways and may combine 
a plurality of devices , for example . For example , since 
unusual sleep patterns may be related to autism , sleep data 
acquired using the therapeutic apparatus described herein 
can be used as an additional input to the machine learning 
training process for autism classifiers used by the diagnostic 
apparatus described above . The mobile device may com 
prise a mobile wearable for sleep monitoring for a child , 
which can be provide as input for diagnosis and treatment 
and may comprise a component of the feedback loop as 
described herein . 
10210 ) Many types of sensor , biosensors and data can be 
used to gather data of the subject and input into the diagnosis 
and treatment of the subject . For example , work in relation 
to embodiments suggests that microbiome data can be useful 
for the diagnosis and treatment of autism . The microbiome 
data can be collected in many ways known to one of 
ordinary skill in the art , and may comprise data selected 
from a stool sample , intestinal lavage , or other sample of the 
flora of the subject ' s intestinal track . Genetic data can also 
be acquired an input into the diagnostic and therapeutic 
modules . The genetic data may comprise full genomic 
sequencing of the subject , of sequencing and identification 
of specific markers . 
[ 0211 ] The diagnostic and therapeutic modules as dis 
closed herein can receive data from a plurality of sources , 
such as data acquired from the group consisting of genetic 
data , floral data , a sleep sensor , a wearable anklet sleep 
monitor , a booty to monitor sleep , and eye tracking of the 
subject . The eye tracking can be performed in many ways to 
determine the direction and duration of gaze . The tracking 
can be done with glasses , helmets or other sensors for 
direction and duration of gaze . The data can be collected 
during a visual session such as a video playback or video 
game , for example . This data can be acquired and provided 
to the therapeutic module and diagnostic module as 
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described herein before , during and after treatment , in order 
to initially diagnose the subject , determine treatment of the 
subject , modify treatment of the subject , and monitor the 
subject subsequent to treatment . 
[ 0212 ] The visual gaze , duration of gaze and facial expres 
sion information can be acquired with methods and appa 
ratus known to one of ordinary skill in the art , and acquired 
as input into the diagnostic and therapeutic modules . The 
data can be acquired with an app comprising software 
instructions , which can be downloaded . For example , facial 
processing has been described by Gloarai et al . “ Autism and 
the development of face processing " , Clinical Neuroscience 
Research 6 ( 2006 ) 145 - 160 . An autism research group at 
Duke University has been conducting the Autism and 
beyond research study with a software app downloaded onto 
mobile devices as described on the web page at autismand 
beyond . researchkit . duke . edu . Data from such devices is 
particularly well suited for combination in accordance with 
the present disclosure . Facial recognition data and gaze data 
can be input into the diagnostic and therapeutic modules as 
described herein . 
[ 0213 ] The classifiers as disclosed herein are particularly 
well suited for combination with this data to provide 
improved therapy and treatment . The data can be stratified 
and used with a feedback loop as described herein . For 
example , the feedback data can be used in combination with 
a drug therapy to determine differential responses and iden 
tify responders and non - responders . Alternatively or in com 
bination , the feedback data can be combined with non - drug 
therapy , such as behavioral therapy . 
[ 0214 ] With regards to genetics , recent work suggests that 
some people may have genes that make them more suscep 
tible to Autism . The genetic composition of the subject may 
render the subject more susceptible to environmental influ 
ences , which can cause symptoms and may influence the 
severity of symptoms . The environmental influence may 
comprise an insult from a toxin , virus or other substance , for 
example . Without being bound by any particular theory , this 
may result in mechanisms that change the regulation of 
expression genes . The change in expression of genes may be 
related to change in gastro - intestinal ( " GI ” ) flora , and these 
changes in flora may affect symptoms related to Autism . 
Alternatively or in combination , an insult to the intestinal 
microbiome may result in a change in the microbiome of the 
subject , resulting in the subject having less than ideal 
homeostasis , which may affect associated symptoms related 
to Autism . The inventors note that preliminary studies with 
B . fragilis conducted by Sarkis K . Mazmanian and others , 
suggest changes in this micro - organism can be related to 
autism and the development of autisms . ( See also , " Gut 
Bacteria May Play a Role in Autism ” by Melinda Wenner 
Moyer , Scientific American , Sep . 1 , 2014 ) 
[ 0215 ] The digital diagnostic uses the data collected by the 
system about the patient , which may include complimentary 
diagnostic data captured outside the digital diagnostic , with 
analysis from tools such as machine learning , artificial 
intelligence , and statistical modeling to assess or diagnose 
the patient ' s condition . The digital diagnostic can also 
provide assessment of a patient ' s change in state or perfor 
mance , directly or indirectly via data and meta - data that can 
be analyzed and evaluated by tools such as machine learn 
ing , artificial intelligence , and statistical modeling to provide 
feedback into the system to improve or refine the diagnoses 
and potential therapeutic interventions . 

[ 0216 ] Analysis of the data comprising digital diagnostic , 
digital therapeutics , and corresponding responses , or lack 
thereof , from the therapeutic interventions can lead to the 
identification of novel diagnoses for patients and novel 
therapeutic regimens for both patents and caregivers . 
[ 0217 ] Types of data collected and utilized by the system 
can include patient and caregiver video , audio , responses to 
questions or activities , and active or passive data streams 
from user interaction with activities , games or software 
features of the system , for example . Such data can also 
represent patient or caregiver interaction with the system , for 
example , when performing recommended activities . Spe 
cific examples include data from a user ' s interaction with the 
system ' s device or mobile app that captures aspects of the 
user ' s behaviors , profile , activities , interactions with the 
software system , interactions with games , frequency of use , 
session time , options or features selected , and content and 
activity preferences . Data may also include streams from 
various third party devices such as activity monitors , games 
or interactive content . 
[ 0218 ] Digital therapeutics as described herein can com 
prise of instructions , feedback , activities or interactions 
provided to the patient or caregiver by the system . Examples 
include suggested behaviors , activities , games or interactive 
sessions with system software and / or third party devices ( for 
example , the Internet of Things “ IoT ” enabled therapeutic 
devices as understood by one of ordinary skill in the art ) . 
[ 0219 ] FIG . 23A illustrates a system diagram for a digital 
personalized medicine platform 2300 for providing diagno 
sis and therapy related to behavioral , neurological or mental 
health disorders . The platform 2300 can provide diagnosis 
and treatment of pediatric cognitive and behavioral condi 
tions associated with developmental delays , for example . A 
user digital device 2310 - for example , a mobile device such 
as a smart phone , an activity monitor , or a wearable digital 
monitor records data and metadata related to a patient . 
Data may be collected based on interactions of the patient 
with the device , as well as based on interactions with 
caregivers and health care professionals . The data may be 
collected actively , such as by administering tests , recording 
speech and / or video , and recording responses to diagnostic 
questions . The data may also be collected passively , such as 
by monitoring online behavior of patients and caregivers , 
such as recording questions asked and topics investigated 
relating to a diagnosed developmental disorder . 
[ 0220 ] The digital device 2310 is connected to a computer 
network 2320 , allowing it to share data with and receive data 
from connected computers . In particular , the device can 
communicate with personalized medical system 2330 , 
which comprises a server configured to communicate with 
digital device 2310 over the computer network 2320 . Per 
sonalized medical system 2330 comprises a diagnosis mod 
ule 2332 to provide initial and incremental diagnosis of a 
patient ' s developmental status , as well as a therapeutic 
module 2334 to provide personalized therapy recommenda 
tions in response to the diagnoses of diagnosis module 2332 . 
0221 ] Each of diagnosis modules 2332 and 2334 com 
municate with the user digital device 2310 during a course 
of treatment . The diagnosis module provides diagnostic tests 
to and receives diagnostic feedback from the digital device 
2310 , and uses the feedback to determine a diagnosis of a 
patient . An initial diagnosis may be based on a comprehen 
sive set of tests and questions , for example , while incre 
mental updates may be made to a diagnosis using smaller 
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data samples . For example , the diagnostic module may 
diagnose autism - related speech delay based on questions 
asked to the caregiver and tests administered to the patient 
such as vocabulary or verbal communication tests . The 
diagnosis may indicate a number of months or years delay 
in speech abilities . Later tests may be administered and 
questions asked to update this diagnosis , for example show 
ing a smaller or larger degree of delay . 
0222 ] The diagnosis module communicates its diagnosis 
to the digital device 2310 , as well as to therapy module 
2334 , which uses the diagnosis to suggest therapies to be 
performed to treat any diagnosed symptoms . The therapy 
module 2334 sends its recommended therapies to the digital 
device 2310 , including instructions for the patient and 
caregivers to perform the therapies recommended over a 
given time frame . After performing the therapies over the 
given time frame , the caregivers or patient can indicate 
completion of the recommended therapies , and a report can 
be sent from the digital device 2310 to the therapy module 
2334 . The therapy module 2334 can then indicate to the 
diagnosis module 2332 that the latest round of therapy is 
finished , and that a new diagnosis is needed . The diagnostic 
module 2332 can then provide new diagnostic tests and 
questions to the digital device 2310 , as well as take input 
from the therapy module of any data provided as part of 
therapy , such as recordings of learning sessions or browsing 
history of caregivers or patients related to the therapy or 
diagnosed condition . The diagnostic module 2332 then 
provides an updated diagnosis to repeat the process and 
provide a next step of therapy . 
[ 0223 ] Information related to diagnosis and therapy can 
also be provided from personalized medical system 2330 to 
a third - party system 2340 , such as a computer system of a 
health care professional . The health care professional or 
other third party can be alerted to significant deviations from 
a therapy schedule , including whether a patient is falling 
behind an expected schedule or is improving faster than 
predicted . Appropriate further action can then be taken by 
the third party based on this provided information . 
[ 0224 ] FIG . 23B illustrates a detailed diagram of diagnosis 
module 2332 . The diagnosis module 2332 comprises a test 
administration module 2342 that generates tests and corre 
sponding instructions for administration to a subject . The 
diagnosis module 2332 also comprises a subject data receiv 
ing module 2344 in which subject data are received , such as 
test results ; caregiver feedback ; meta - data from patient and 
caregiver interactions with the system ; and video , audio , and 
gaming interactions with the system , for example . A subject 
assessment module 2346 generates a diagnosis of the subject 
based on the data from subject data receiving module 2344 , 
as well as past diagnoses of the subject and of similar 
subjects . A machine learning module 2348 assesses the 
relative sensitivity of each input to the diagnosis to deter 
mine which types of measurement provide the most infor 
mation regarding a patient ' s diagnosis . These results can be 
used by test administration module 2342 to provide tests 
which most efficiently inform diagnoses and by subject 
assessment module 2346 to apply weights to diagnosis data 
in order to improve diagnostic accuracy and consistency . 
Diagnostic data relating to each treated patient are stored , for 
example in a database , to form a library of diagnostic data 
for pattern matching and machine learning . A large number 
of subject profiles can be simultaneously stored in such a 
database , for example 10 , 000 or more . 

[ 0225 ] FIG . 23C illustrates a detailed diagram of therapy 
module 2334 . Therapy module 2334 comprises a therapy 
assessment module 2352 that scores therapies based on their 
effectiveness . A previously suggested therapy is evaluated 
based on the diagnoses provided by the diagnostic module 
both before and after the therapy , and a degree of improve 
ment is determined . This degree of improvement is used to 
score the effectiveness of the therapy . The therapy may have 
its effectiveness correlated with particular classes of diag 
nosis ; for example , a therapy may be considered effective for 
subjects with one type of diagnosis but ineffective for 
subjects with a second type of diagnosis . A therapy matching 
module 2354 is also provided that compares the diagnosis of 
the subject from diagnosis module 2332 with a list of 
therapies to determine a set of therapies that have been 
determined by the therapy assessment module 2352 to be 
most effective at treating diagnoses similar to the subject ' s 
diagnosis . Therapy recommendation module 2356 then gen 
erates a recommended therapy comprising one or more of 
the therapies identified as promising by the therapy match 
ing module 2354 , and sends that recommendation to the 
subject with instructions for administration of the recom 
mended therapies . Therapy tracking module 2358 then 
tracks the progress of the recommended therapies , and 
determines when a new diagnosis should be performed by 
diagnosis module 2332 , or when a given therapy should be 
continued and progress further monitored . Therapeutic data 
relating to each patient treated are stored , for example in a 
database , to form a library of therapeutic data for pattern 
matching and machine learning . A large number of subject 
profiles can be simultaneously stored in such a database , for 
example 10 , 000 or more . The therapeutic data can be 
correlated to the diagnostic data of the diagnostic module 
2332 to allow a matching of effective therapies to diagnoses . 
[ 0226 ] A therapy can comprise a digital therapy . A digital 
therapy can comprise a single or multiplicity of therapeutic 
activities or interventions that can be performed by the 
patient or caregiver . The digital therapeutic can include 
prescribed interactions with third party devices such as 
sensors , computers , medical devices and therapeutic deliv 
ery systems . Digital therapies can support an FDA approved 
medical claim , a set of diagnostic codes , or a single diag 
nostic code . 
[ 0227 ] FIG . 24 illustrates a method 2400 for diagnosis and 
therapy to be provided in a digital personalized medicine 
platform . The digital personalized medicine platform com 
municates with a subject , which may include a patient with 
one or more caregivers , to provide diagnoses and recom 
mend therapies . 
[ 0228 ] In step 2410 the diagnosis module assesses the 
subject to determine a diagnosis , for example by applying 
diagnostic tests to the subject . The diagnostic tests may be 
directed at determining a plurality of features and corre 
sponding feature values for the subject . For example , the 
tests may include a plurality of questions presented to a 
subject , observations of the subject , or tasks assigned to the 
subject . The tests may also include indirect tests of the 
subject , such as feedback from a caregiver of patient per 
formance versus specific behaviors and / or milestones ; meta 
data from patient and caregiver interactions with the system ; 
and video , audio , and gaming interactions with the system or 
with third party tools that provide data on patient and 
caregiver behavior and performance . For initial tests , a more 
comprehensive testing regimen may be performed , aimed at 
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generating an accurate initial diagnosis . Later testing used to 
update prior diagnoses to track progress can involve less 
comprehensive testing and may , for example , rely more on 
indirect tests such as behavioral tracking and therapy - related 
recordings and meta - data . 
[ 0229 ] In step 2412 , the diagnosis module receives new 
data from the subject . 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 corre 
sponding to characteristics of the subject , such as answers of 
the subject to questions asked , or responses of the subject . 
The feature values may also comprise recorded feedback , 
meta - data , and system interaction data as described above . 
[ 0230 ] In step 2414 , the diagnosis module can load a 
previously saved assessment model from a local memory 
and / or a remote server configured to store the model . Alter 
natively , if no assessment model exists for the patient , a 
default model may be loaded , for example , based on one or 
more initial diagnostic indications . 
[ 0231 ] In step 2416 , the new data is fitted to the assess 
ment model to generate an updated assessment model . This 
assessment model may comprise an initial diagnosis for a 
previously untreated subject , or an updated diagnosis for a 
previously treated subject . The updated diagnosis can 
include a measurement of progress in one or more aspects of 
a condition , such as memory , attention and joint attention , 
cognition , behavioral response , emotional response , lan 
guage use , language skill , frequency of specific behaviors , 
sleep , socialization , non - verbal communication , and devel 
opmental milestones . The analysis of the data to determine 
progress and current diagnosis can include automated analy 
sis such as question scoring and voice - recognition for 
vocabulary and speech analysis . The analysis can also 
include human scoring by analysis reviewing video , audio , 
and text data . 
[ 0232 ] In step 2418 , the updated assessment model is 
provided to the therapy module , which determines what 
progress has been made as a result of any previously 
recommended therapy . The therapy module scores the 
therapy based on the amount of progress in the assessment 
model , with larger progress corresponding to a higher score , 
making a successful therapy and similar therapies more 
likely to be recommended to subjects with similar assess 
ments in the future . The set of therapies available is thus 
updated to reflect a new assessment of effectiveness , as 
correlated with the subject ' s diagnosis . 
[ 0233 ] In step 2420 , a new therapy is recommended based 
on the assessment model , the degree of success of the 
previous therapy , if any , and the scores assigned to a 
collection of candidate therapies based on previous uses of 
those therapies with the subject and other subjects with 
similar assessments . The recommended therapy is sent to the 
subject for administration , along with instructions of a 
particular span of time to apply it . For example , a therapy 
might include a language drill to be performed with the 
patient daily for one week , with each drill to be recorded in 
an audio file in a mobile device used by a caregiver or the 
patient . 
[ 0234 ] In step 2422 , progress of the new therapy is moni 
tored to determine whether to extend a period of therapy . 
This monitoring may include periodic re - diagnoses , which 

may be performed by returning to step 2410 . Alternatively , 
basic milestones may be recorded without a full re - diagno 
sis , and progress may be compared to a predicted progress 
schedule generated by the therapy module . For example , if 
a therapy is unsuccessful initially , the therapy module may 
suggest repeating it one or more times before either re 
diagnosing and suggesting a new therapy or suggesting 
intervention by medical professionals . 
[ 0235 ] FIG . 25 illustrates a flow diagram 2500 showing 
the handling of suspected or confirmed speech and language 
delay . 
[ 0236 ] In step 2502 an initial assessment is determined by 
diagnosis module 2532 . The initial assessment can assess the 
patient ' s performance in one or more domains , such as 
speech and language use , and assess a degree and type of 
developmental delay along a number of axes , as disclosed 
herein . The assessment can further place the subject into one 
of a plurality of overall tracks of progress ; for example , the 
subject can be assessed as verbal or nonverbal . 
0237 ] If the subject is determined to be non - verbal , as in 
step 2510 , one or more non - verbal therapies 2512 can be 
recommended by the therapy module 2534 , such as tasks 
related to making choices , paying attention to tasks , or 
responding to a name or other words . Further suggestions of 
useful devices and products that may be helpful for progress 
may also be provided , and all suggestions can be tailored to 
the subject ' s needs as indicated by the subject ' s diagnosis 
and progress reports . 
[ 0238 ] While applying the recommended therapies , prog 
ress is monitored in step 2514 to determine whether a 
diagnosis has improved at a predicted rate . 
102391 If improvement has been measured in step 2514 , 
the system determines whether the subject is still non - verbal 
in step 2516 ; if so , then the system returns to step 2510 and 
generates a new recommended therapy 2512 to induce 
further improvements . 
[ 0240 ] If no improvement is measured in step 2514 , the 
system can recommend that the therapy be repeated a 
predetermined number of times . The system may also rec 
ommend trying variations in therapy to try and get better 
results . If such repetitions and variations fail , the system can 
recommend a therapist visit in step 2518 to more directly 
address the problems impeding development . 
[ 0241 ] Once the subject is determined to be verbal , as 
indicated in step 2520 , verbal therapies 2522 can be gener 
ated by therapy module 2534 . For example , verbal therapies 
2522 can include one or more of language drills , articulation 
exercises , and expressive requesting or communicating . 
Further suggestions of useful devices and products that may 
be helpful for progress may also be provided , and all 
suggestions can be tailored to the subject ' s needs as indi 
cated by the subject ' s diagnosis and progress reports . 
[ 0242 ] As in the non - verbal track , progress in response to 
verbal therapies is continually monitored in step 2524 to 
determine whether a diagnosis has improved at a predicted 
rate . 
[ 0243 ] If improvement has been measured in step 2524 , 
the system reports on the progress in step 326 and generates 
a new recommended therapy 2522 to induce further 
improvements . 
[ 0244 ] If no improvement is detected in step 2524 , the 
system can recommend that the therapy be repeated a 
predetermined number of times . The system may also rec 
ommend trying variations in therapy to try and get better 
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results . If such repetitions and variations fail , the system can 
recommend a therapist visit in step 2528 to more directly 
address the problems impeding development . 
10245 ] . The steps for non - verbal and verbal therapy can be 
repeated indefinitely , to the degree needed to stimulate 
continued learning and progress in the subject , and to 
prevent or retard regress through loss of verbal skills and 
abilities . While the specific therapy plan illustrated in FIG . 
25 is directed towards pediatric speech and language delay 
similar plans may be generated for other subjects with 
developmental or cognitive issues , including plans for adult 
patients . For example , neurodegenerative conditions and / or 
age related cognitive decline may be treated with similar 
diagnosis and therapy schedules , using treatments selected 
to be appropriate to such conditions . Further conditions that 
may be treated in adult or pediatric patients by the methods 
and systems disclosed herein include mood disorders such as 
depression , OCD , and schizophrenia ; cognitive impairment 
and decline ; sleep disorders ; addictive behaviors ; eating 
disorders ; and behavior related weight management prob 
lems . 
[ 0246 ] FIG . 26 illustrates an overall of data processing 
flows for a digital personalized medical system comprising 
a diagnostic module and a therapeutic module , configured to 
integrate information from multiple sources . Data can 
include passive data sources ( 2601 ) , passive data can be 
configured to provide more fine grained information , and 
can comprise data sets taken over longer periods of time 
under more natural conditions . Passive data sources can 
include for example , data collected from wearable devices , 
data collected from video feeds ( e . g . a video - enabled toy , a 
mobile device , eye tracking data from video playback ) , 
information on the dexterity of a subject based on informa 
tion gathered from three - axis sensors or gyroscopes ( e . g . 
sensors embedded in toys or other devices that the patient 
may interact with for example at home , or under normal 
conditions outside of a medical setting ) , smart devices that 
measure any single or combination of the following : sub 
ject ' s speech patterns , motions , touch response time , 
prosody , lexical vocabulary , facial expressions , and other 
characteristic expressed by the subject . Passive data can 
comprise data on the motion or motions of the user , and can 
include subtle information that may or may not be readily 
detectable to an untrained individual . In some instances , 
passive data can provide information that can be more 
encompassing . 
[ 0247 ] Passively collected data can comprise data col 
lected continuously from a variety of environments . Pas 
sively collected data can provide a more complete picture of 
the subject and thus can improve the quality of an assess 
ment . In some instances , for example , passively collected 
data can include data collected both inside and outside of a 
medical setting . Passively collected data taken in a medical 
setting can differ from passively collected data taken from 
outside a medical setting . Therefore , continuously collected 
passive data can comprise a more complete picture of a 
subject ' s general behavior and mannerisms , and thus can 
include data or information that a medical practitioner would 
not otherwise have access to . For example , a subject under 
going evaluation in a medical setting may display symp 
toms , gestures , or features that are representative of the 
subject ' s response to the medical environment , and thus may 
not provide a complete and accurate picture of the subject ' s 
behavior outside of the medical environment under more 

familiar conditions . The relative importance of one or more 
features ( e . g . features assessed by a diagnostic module ) 
derived from an assessment in the medical environment , 
may differ from the relative importance of one or more 
features derived from or assessed outside the clinical setting . 
[ 0248 ] Data can comprise information collected through 
diagnostic tests , diagnostic questions , or questionnaires 
( 2605 ) . In some instances , data from diagnostic tests ( 2605 ) 
can comprise data collected from a secondary observer ( e . g . 
a parent , guardian , or individual that is not the subject being 
analyzed ) . Data can include active data sources ( 2610 ) , for 
example data collected from devices configured for tracking 
eye movement , or measuring or analyzing speech patterns . 
[ 0249 ] As illustrated in FIG . 26 , data inputs can be fed into 
a diagnostic module which can comprise data analysis 
( 2615 ) using for example a classifier , algorithm ( e . g . 
machine learning algorithm ) , or statistical model , to make a 
diagnosis of whether the subject is likely to have a tested 
disorder ( e . g . Autism Spectrum Disorder ) ( 2620 ) or is 
unlikely to have the tested disorder ( 2625 ) . The methods and 
apparatus disclosed herein can alternatively be employed to 
include a third inconclusive category ( not depicted in this 
diagram ) , which corresponds to the subject requiring addi 
tional evaluation to determine whether he / she is or is not 
likely to have a tested disorder . The methods and apparatus 
disclosed herein are not limited to disorders , and may be 
applied to other cognitive functions , such as behavioral , 
neurological , mental health , or developmental conditions . 
The methods and apparatus may initially categorize a sub 
ject into one of the three categories , and subsequently 
continue with the evaluation of a subject initially catego 
rized as “ inconclusive ” by collecting additional information 
from the subject . Such continued evaluation of a subject 
initially categorized as “ inconclusive ” may be performed 
continuously with a single screening procedure ( e . g . , con 
taining various assessment modules ) . Alternatively or addi 
tionally , a subject identified as belonging to the inconclusive 
group may be evaluated using separate , additional screening 
procedures and / or referred to a clinician for further evalu 
ation . 
[ 0250 ] In instances where the subject is determined by the 
diagnostic model as likely to have the disorder ( 2620 ) , a 
secondary party ( e . g . medical practitioner , parent , guardian 
or other individual ) may be presented with an informative 
display . An informative display can provide symptoms of the 
disorder that can be displayed as a graph depicting covari 
ance of symptoms displayed by the subject and symptoms 
displayed by the average population . A list of characteristics 
associated with a particular diagnosis can be displayed with 
confidence values , correlation coefficients , or other means 
for displaying the relationship between a subject ' s perfor 
mance and the average population or a population comprised 
of those with a similar disorders . 
[ 0251 ] If the digital personalized medicine system predicts 
that the user is likely to have a diagnosable condition ( e . g . 
Autism Spectrum Disorder ) , then a therapy module can 
provide a behavioral treatment ( 2630 ) which can comprise 
behavioral interventions ; prescribed activities or trainings ; 
interventions with medical devices or other therapeutics for 
specific durations or , at specific times or instances . As the 
subject undergoes the therapy , data ( e . g . passive data and 
diagnostic question data ) can continue to be collected to 
perform follow - up assessments , to determine for example , 
whether the therapy is working . Collected data can undergo 
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data analysis ( 2640 ) ( e . g . analysis using machine learning , 
statistical modeling , classification tasks , predictive algo 
rithms ) to make determinations about the suitability of a 
given subject . A growth curve display can be used to show 
the subject ' s progress against a baseline ( e . g . against an 
age - matched cohort ) . Performance or progress of the indi 
vidual may be measured to track compliance for the subject 
with a suggested behavioral therapy predicted by the therapy 
module may be presented as a historic and predicted per 
formance on a growth curve . Procedures for assessing the 
performance of an individual subject may be repeated or 
iterated ( 2635 ) until an appropriate behavioral treatment is 
identified . 
[ 0252 ] The digital therapeutics treatment methods and 
apparatus described with reference to FIGS . 23A - 23C and 
FIGS . 24 - 26 are particularly well suited for combination 
with the methods and apparatus to evaluate subjects with 
fewer questions described herein with reference to FIGS . 1A 
to 10 . For example , the components of diagnosis module 
2332 as described herein can be configured to assess the 
subject with the decreased set of questions comprising the 
most relevant question as described herein , and subse 
quently evaluated with the therapy module 2334 to subse 
quently assess the subject with subsequent set of questions 
comprising the most relevant questions for monitoring treat 
ment as described herein . 
[ 0253 ] FIG . 27 shows a system 2700 for evaluating a 
subject for multiple clinical indications . The system 2700 
may comprise a plurality of cascaded diagnostic modules 
( such as diagnostic modules 2720 , 2730 , 2740 , 2750 , and 
2760 ) . The cascaded diagnostic modules may be operatively 
coupled ( such as in a chain of modules ) such that an output 
from one diagnostic module may form an input to another 
diagnostic module . As shown in FIG . 27 , the system may 
comprise a social or behavioral delay module 2720 , an 
autism or ADHD module 2730 , an autism and ADHD 
discrimination module 2740 , a speech or language delay 
module 2750 , and an intellectual disability module 2760 . 
Modules ( e . g . , such as the diagnostic modules described 
with respect to FIG . 27 ) as described anywhere herein may 
refer to modules comprising a classifier . Accordingly , a 
social or behavioral delay module may comprise a social or 
behavioral delay classifier , an autism or ADHD module may 
comprise an autism or ADHD classifier , an autism and 
ADHD discrimination module may comprise an autism and 
ADHD classifier , a speech or language delay module may 
comprise a speech or language delay classifier , an intellec 
tual disability module may comprise an intellectual disabil 
ity classifier , and so forth . 
[ 0254 ] The social or behavioral delay module 2720 may 
receive information 2710 , such as information from an 
interactive questionnaire described herein . The social or 
behavioral delay module may utilize any diagnostic opera 
tions described herein to determine a social or behavioral 
delay diagnostic status of the subject . For instance , the social 
or behavioral delay module may utilize any operations of the 
procedure 1300 described with respect to FIG . 13 to deter 
mine a social or behavioral delay diagnostic status ( i . e . , 
whether or not the subject displays behaviors consistent with 
social or behavioral delay ) . Upon a determination of the 
social or behavioral delay diagnostic status , the social or 
behavioral delay module may output a determination as to 
whether or not the subject displays social or behavioral 
delay . The social or behavioral delay module may output a 

positive identification 2722 indicating that the subject does 
display social or behavioral delay . The social or behavioral 
delay module may output a negative indication 2724 indi 
cating that the subject does not display social or behavioral 
delay . The social or behavioral delay module may output an 
inconclusive indication 2726 indicating that the social or 
behavioral delay module has been unable to determine 
whether or not the subject displays social or behavioral 
delay . 
[ 0255 ] When the social or behavioral delay module deter 
mines that the subject does not display social or behavioral 
delay or that the result of the social or behavioral delay 
inquiry is indeterminate , the system may output such a result 
and halt its inquiry into the subject ' s social or behavioral 
health . 
[ 0256 ] . However , when the social or behavioral delay 
module determines that the subject does display social or 
behavioral delay , the social or behavioral delay module may 
pass this result , and information 2710 , to the autism or 
ADHD module 2730 . 
[ 0257 ] The autism or ADHD delay module may utilize any 
diagnostic operations described herein to determine an 
autism or ADHD status of the subject . For instance , the 
autism or ADHD delay module may utilize any operations of 
the procedure 1300 described with respect to FIG . 13 to 
determine an autism or ADHD diagnostic status ( i . e . , 
whether or not the subject displays behaviors consistent with 
autism or ADHD ) . Upon a determination of the autism or 
ADHD diagnostic status , the autism or ADHD module may 
output a determination as to whether or not the subject 
displays autism or ADHD . The autism or ADHD module 
may output a positive identification 2732 indicating that the 
subject does display autism or ADHD . The autism or ADHD 
module may output a negative indication 2734 indicating 
that the subject does not display autism or ADHD . The 
autism or ADHD module may output an inconclusive indi 
cation 2736 indicating that the autism or ADHD module has 
been unable to determine whether or not the subject displays 
autism or ADHD . 
[ 0258 ] When the autism or ADHD module determines that 
the subject does not display autism or ADHD or that the 
result of the autism or ADHD inquiry is indeterminate , the 
system may output such a result and halt its inquiry into the 
subject ' s social or behavioral health . In such a scenario , the 
system may revert to the earlier diagnosis that the subject 
displays social or behavioral delay . 
[ 0259 ] However , when the autism or ADHD module deter 
mines that the subject does display autism or ADHD , the 
autism or ADHD module may pass this result , and infor 
mation 2710 , to the autism and ADHD discrimination mod 
ule 2740 . 
10260 ) The autism and ADHD discrimination module may 
utilize any diagnostic operations described herein to dis 
criminate between autism and ADHD . For instance , the 
autism and ADHD discrimination module may utilize any 
operations of the procedure 1300 described with respect to 
FIG . 13 to discriminate between autism and ADHD for the 
subject ( i . e . , to determine whether the subject displays 
behaviors that are more consistent with autism or with 
ADHD ) . Upon a discriminating between autism and ADHD , 
the autism and ADHD discrimination module may output a 
determination as to whether displays autism or whether the 
subject displays ADHD . The autism and ADHD discrimi 
nation module may output an indication 2742 indicating that 
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the subject displays autism . The autism and ADHD discrimi 
nation module may output an indication 2744 indicating that 
the subject displays ADHD . The autism and ADHD dis 
crimination module may output an inconclusive indication 
2746 indicating that the autism and ADHD discrimination 
module has been unable to discriminate between whether the 
subject ' s behavior is more consistent with autism or with 
ADHD . 
[ 0261 ] When the autism and ADHD discrimination mod 
ule determines that the result of the autism and ADHD 
discrimination inquiry is indeterminate , the system may 
output such a result and halt its inquiry into the subject ' s 
social or behavioral health . In such a scenario , the system 
may revert to the earlier diagnosis that the subject displays 
behavior consistent with autism or ADHD . 
[ 0262 ] Alternatively or in combination , the autism and 
ADHD discrimination module may be further configured to 
pass information 2710 to one or more additional modules . 
For instance , the autism and ADHD discrimination module 
may be configured to pass information to an obsessive 
compulsive disorder module ( not shown in FIG . 27 ) . The 
obsessive compulsive disorder module may make a deter 
mination as to whether a subject displays behavior consis 
tent with obsessive compulsive disorder using any of the 
systems and methods described herein ( such as any opera 
tions of the procedure 1300 ) . 
10263 ) Alternatively or in combination , the speech or 
language delay module 2750 may receive the information 
2710 . The speech or language delay module may utilize any 
diagnostic operations described herein to determine a speech 
or language delay diagnostic status of the subject . For 
instance , the speech or language delay module may utilize 
any operations of the procedure 1300 described with respect 
to FIG . 13 to determine a speech or language delay diag 
nostic status ( i . e . , whether or not the subject displays behav 
iors consisting with speech or language delay ) . Upon a 
determination of the speech or language delay diagnostic 
status , the speech or language delay module may output a 
determination as to whether or not the subject displays 
speech or language delay . The speech or language delay 
module may output a positive identification 2752 indicating 
that the subject does display speech or language delay . The 
speech or language delay module may output a negative 
indication 2754 indicating that the subject does not display 
speech or language delay . The speech or language delay 
module may output an inconclusive indication 2756 indi 
cating that the speech or language delay module has been 
unable to determine whether or not the subject displays 
speech or language delay . 
[ 0264 ] When the speech or language delay module deter 
mines that the subject does not display speech or language 
delay or that the result of the speech or language delay 
inquiry is indeterminate , the system may output such a result 
and halt its inquiry into the subject ' s speech or language 
health . 
[ 0265 ] However , when the speech or language delay mod 
ule determines that the subject does display speech or 
language delay , the speech or language delay module may 
pass this result , and information 2710 , to the intellectual 
disability module 2760 . 
[ 0266 ] The intellectual disability module may utilize any 
diagnostic operations described herein to determine an intel 
lectual disability status of the subject . For instance , the 
intellectual disability module may utilize any operations of 

the procedure 1300 described with respect to FIG . 13 to 
determine an intellectual disability diagnostic status ( i . e . , 
whether or not the subject displays behaviors consistent with 
intellectual disability ) . Upon a determination of the intel 
lectual disability diagnostic status , the intellectual disability 
module may output a determination as to whether or not the 
subject displays intellectual disability . The intellectual dis 
ability module may output a positive identification 2762 
indicating that the subject does display intellectual disabil 
ity . The intellectual disability module may output a negative 
indication 2764 indicating that the subject does not display 
intellectual disability . The intellectual disability module may 
output an inconclusive indication 2766 indicating that the 
intellectual disability module has been unable to determine 
whether or not the subject displays intellectual disability . 
102671 . When the intellectual disability module determines 
that the subject does not display intellectual disability or that 
the result of the intellectual disability inquiry is indetermi 
nate , the system may output such a result and halt its inquiry 
into the subject ' s speech or language health . In such a 
scenario , the system may revert to the earlier diagnosis that 
the subject displays speech or language delay . 
[ 0268 ) Alternatively or in combination , the intellectual 
disability module may be further configured to pass infor 
mation 2710 to one or more additional modules . For 
instance , the intellectual disability module may be config 
ured to pass information to a dyslexia module ( not shown in 
FIG . 27 ) . The dyslexia module may make a determination as 
to whether a subject displays behavior consistent with 
dyslexia using any of the systems and methods described 
herein ( such as any operations of the procedure 1300 ) . 
[ 0269 ] Though described with reference to social or 
behavioral delay , autism , ADHD , obsessive compulsive 
disorder , speech or language delay , intellectual disability , 
and dyslexia , the system 2700 may comprise any number of 
modules ( such as 1 , 2 , 3 , 4 , 5 , 6 , 7 , 8 , 9 , 10 , or more than 10 
modules ) that may provide a diagnostic status for any 
behavioral disorder . The modules may be operatively 
coupled ( such as cascaded or chained ) in any possible order . 
[ 0270 ] The systems and methods described anywhere 
herein may be used as a basis for a treatment plan , or for 
administration of a drug , for a disorder diagnosed by any 
system or method for diagnosis described herein . 
0271 ] The systems and methods described anywhere 

herein may be used to administer a drug to treat acute stress 
disorder , such as propranolol , citalopram , escitalopram , ser 
traline , paroxetine , fluoextine , venlafaxine , mirtazapine , 
nefazodone , carbamazepine , divalproex , lamotrigine , topi 
ramate , prazosin , phenelzine , imipramine , diazepam , clon 
azepam , lorazepam , or alprazolam . 
[ 0272 ] The systems and methods described anywhere 
herein may be used to administer a drug to treat adjustment 
disorder , such as busiprone , escitalopram , sertraline , parox 
etine , fluoextine , diazepam , clonazepam , lorazepam , or 
alprazolam . 
[ 0273 ] The systems and methods described anywhere 
herein may be used to administer a drug to treat agorapho 
bia , such as diazepam , clonazepam , lorazepam , alprazolam , 
citalopram , escitalopram , sertraline , paroxetine , fluoextine , 
or busiprone . 
[ 0274 ] The systems and methods described anywhere 
herein may be used to administer a drug to treat Alzheimer ' s 
disease , such as donepezil , galantamine , memantine , or 
rivastigmine . 
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[ 0275 ] The systems and methods described anywhere 
herein may be used to administer a drug to treat anorexia 
nervosa , such as olanzapine , citalopram , escitalopram , ser 
traline , paroxetine , or fluoextine . 
[ 0276 ] The systems and methods described anywhere 
herein may be used to administer a drug to treat anxiety 
disorders , such as sertraline , escitalopram , citalopram , flu 
oxetine , diazepam , buspirone , venlafaxine , duloxetine , imi 
pramine , desipramine , clomipramine , lorazepam , clonaze 
pam , or pregabalin . 
[ 0277 ] The systems and methods described anywhere 
herein may be used to administer a drug to treat attachment 
disorder . 
[ 0278 ] The systems and methods described anywhere 
herein may be used to administer a drug to treat attention 
deficit / hyperactivity disorder ( ADHD / ADD ) , such as 
amphetamine ( for instance , in a dosage of 5 mg to 50 mg ) , 
dextroamphetamine ( for instance , in a dosage of 5 mg to 60 
mg ) , methylphenidate ( for instance , in a dosage of 5 mg to 
60 mg ) , methamphetamine ( for instance , in a dosage of 5 mg 
to 25 mg ) , dexmethylphenidate ( for instance , in a dosage of 
2 . 5 mg to 40 mg ) , guanfacine ( for instance , in a dosage of 
1 mg to 10 mg ) , atomoxetine ( for instance , in a dosage of 10 
mg to 100 mg ) , lisdexamfetamine ( for instance , in a dosage 
of 30 mg to 70 mg ) , clonidine ( for instance , in a dosage of 
0 . 1 mg to 0 . 5 mg ) , or modafinil ( for instance , in a dosage of 
100 mg to 500 mg ) . 
[ 0279 ] The systems and methods described anywhere 
herein may be used to administer a drug to treat autism or 
autism spectrum disorders , such as risperidone ( for instance , 
in a dosage of 0 . 5 mg to 20 mg ) , quetiapine ( for instance , in 
a dosage of 25 mg to 1000 mg ) , amphetamine ( for instance , 
in a dosage of 5 mg to 50 mg ) , dextroamphetamine ( for 
instance , in a dosage of 5 mg to 60 mg ) , methylphenidate 
( for instance , in a dosage of 5 mg to 60 mg ) , methamphet 
amine ( for instance , in a dosage of 5 mg to 25 mg ) , 
dexmethylphenidate ( for instance , in a dosage of 2 . 5 mg to 
40 mg ) , guanfacine ( for instance , in a dosage of 1 mg to 10 
mg ) , atomoxetine ( for instance , in a dosage of 10 mg to 100 
mg ) , lisdexamfetamine ( for instance , in a dosage of 30 mg 
to 70 mg ) , clonidine ( for instance , in a dosage of 0 . 1 mg to 
0 . 5 mg ) , or aripiprazole ( for instance , in a dosage of 1 mg 
to 10 mg ) . 
[ 0280 ] The systems and methods described anywhere 
herein may be used to administer a drug to treat bereave 
ment , such as citalopram , duloxetine , or doxepin . 
[ 0281 ] The systems and methods described anywhere 
herein may be used to administer a drug to treat binge eating 
disorder , such as lisdexamfetamine . 
[ 0282 ] The systems and methods described anywhere 
herein may be used to administer a drug to treat bipolar 
disorder , such as topiramate , lamotrigine , oxcarbazepine , 
haloperidol , risperidone , quetiapine , olanzapine , aripipra 
zole , or fluoxetine . 
[ 0283 ] The systems and methods described anywhere 
herein may be used to administer a drug to treat body 
dysmorphic disorder , such as sertraline , escitalopram , or 
citalopram . 

[ 0284 ] The systems and methods described anywhere 
herein may be used to administer a drug to treat brief 
psychotic disorder , such as clozapine , asenapine , olanzap 
ine , or quetiapine . 

( 0285 ] The systems and methods described anywhere 
herein may be used to administer a drug to treat bulimia 
nervosa , such as sertraline , or fluoxetine . 
[ 0286 ] The systems and methods described anywhere 
herein may be used to administer a drug to treat conduct 
disorder , such as lorazepam , diazepam , or clobazam . 
[ 0287 ] The systems and methods described anywhere 
herein may be used to administer a drug to treat cyclothymic 
disorder . 
0288 ] The systems and methods described anywhere 

herein may be used to administer a drug to treat delusional 
disorder , such as clozapine , asenapine , risperidone , venla 
faxine , bupropion , or buspirone . 
[ 0289 ] The systems and methods described anywhere 
herein may be used to administer a drug to treat deperson 
alization disorder , such as sertraline , fluoxetine , alprazolam , 
diazepam , or citalopram . 
[ 0290 ] The systems and methods described anywhere 
herein may be used to administer a drug to treat depression , 
such as sertraline , fluoxetine , citalopram , bupropion , escit 
alopram , venlafaxine , aripiprazole , buspirone , vortioxetine , 
or vilazodone . 
[ 0291 ] The systems and methods described anywhere 
herein may be used to administer a drug to treat disinhibited 
social engagement disorder . 
[ 0292 ] The systems and methods described anywhere 
herein may be used to administer a drug to treat disruptive 
mood dysregulation disorder , such as quetiapine , clozapine , 
asenapine , or pimavanserin . 
0293 ] The systems and methods described anywhere 
herein may be used to administer a drug to treat dissociative 
amnesia , such as alprazolam , diazepam , lorazepam , or 
chlordiazepoxide . 
[ 0294 ] The systems and methods described anywhere 
herein may be used to administer a drug to treat dissociative 
disorder , such as bupropion , vortioxetine , or vilazodone . 
( 0295 ] The systems and methods described anywhere 
herein may be used to administer a drug to treat dissociative 
fugue , such as amobarbital , aprobarbital , butabarbital , or 
methohexitlal . 
[ 0296 ] The systems and methods described anywhere 
herein may be used to administer a drug to treat dissociative 
identity disorder . 
[ 0297 ] The systems and methods described anywhere 
herein may be used to administer a drug to treat dyslexia , 
such as amphetamine ( for instance , in a dosage of 5 mg to 
50 mg ) , dextroamphetamine ( for instance , in a dosage of 5 
mg to 60 mg ) , methylphenidate ( for instance , in a dosage of 
5 mg to 60 mg ) , methamphetamine ( for instance , in a dosage 
of 5 mg to 25 mg ) , dexmethylphenidate ( for instance , in a 
dosage of 2 . 5 mg to 40 mg ) , guanfacine ( for instance , in a 
dosage of 1 mg to 10 mg ) , atomoxetine ( for instance , in a 
dosage of 10 mg to 100 mg ) , lisdexamfetamine ( for instance , 
in a dosage of 30 mg to 70 mg ) , clonidine ( for instance , in 
a dosage of 0 . 1 mg to 0 . 5 mg ) , or modafinil ( for instance , in 
a dosage of 100 mg to 500 mg ) . 
0298 ] The systems and methods described anywhere 

herein may be used to administer a drug to treat dysthymic 
disorder , such as bupropion , venlafaxine , sertraline , or cit 
alopram . 
[ 0299 ] The systems and methods described anywhere 
herein may be used to administer a drug to treat eating 
disorders , such as olanzapine , citalopram , escitalopram , 
sertraline , paroxetine , or fluoextine . 
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[ 0300 ] The systems and methods described anywhere 
herein may be used to administer a drug to treat expressive 
language disorder . 
[ 0301 ] The systems and methods described anywhere 
herein may be used to administer a drug to treat gender 
dysphoria , such as estrogen , prostogen , or testosterone . 
[ 0302 ] The systems and methods described anywhere 
herein may be used to administer a drug to treat generalized 
anxiety disorder , such as venlafaxine , duloxetine , buspirone , 
sertraline , or fluoxetine . 
[ 0303 ] The systems and methods described anywhere 
herein may be used to administer a drug to treat hoarding 
disorder , such as buspirone , sertraline , escitalopram , citalo 
pram , fluoxetine , paroxetine , venlafaxine , or clomipramine . 
[ 0304 ] The systems and methods described anywhere 
herein may be used to administer a drug to treat intellectual 
disability . 
[ 0305 ] The systems and methods described anywhere 
herein may be used to administer a drug to treat intermittent 
explosive disorder , such as asenapine , clozapine , olanzap 
ine , or pimavanserin . 
[ 0306 ] The systems and methods described anywhere 
herein may be used to administer a drug to treat kleptoma 
nia , such as escitalopram , fluvoxamine , fluoxetine , or par 
oxetine . 
[ 0307 ] The systems and methods described anywhere 
herein may be used to administer a drug to treat mathematics 
disorder . 
[ 0308 ] The systems and methods described anywhere 
herein may be used to administer a drug to treat obsessive 
compulsive disorder , such as buspirone ( for instance , in a 
dosage of 5 mg to 60 mg ) , sertraline ( for instance , in a 
dosage of up to 200 mg ) , escitalopram ( for instance , in a 
dosage of up to 40 mg ) , citalopram ( for instance , in a dosage 
of up to 40 mg ) , fluoxetine ( for instance , in a dosage of 40 
mg to 80 mg ) , paroxetine ( for instance , in a dosage of 40 mg 
to 60 mg ) , venlafaxine ( for instance , in a dosage of up to 375 
mg ) , clomipramine ( for instance , in a dosage of up to 250 
mg ) , or fluvoxamine ( for instance , in a dosage of up to 300 
mg ) . 
[ 0309 ] The systems and methods described anywhere 
herein may be used to administer a drug to treat oppositional 
defiant disorder . 
[ 0310 ] The systems and methods described anywhere 
herein may be used to administer a drug to treat panic 
disorder , such as bupropion , vilazodone , or vortioxetine . 
[ 0311 ] The systems and methods described anywhere 
herein may be used to administer a drug to treat Parkinson ' s 
disease , such as rivastigmine , selegiline , rasagiline , bro 
mocriptine , amantadine , cabergoline , or benztropine . 
[ 0312 ] The systems and methods described anywhere 
herein may be used to administer a drug to treat pathological 
gambling , such as bupropion , vilazodone , or vartioxetine . 
[ 0313 ] The systems and methods described anywhere 
herein may be used to administer a drug to treat pica . 
[ 0314 ] The systems and methods described anywhere 
herein may be used to administer a drug to treat postpartum 
depression , such as sertraline , fluoxetine , citalopram , bupro 
pion , escitalopram , venlafaxine , aripiprazole , buspirone , 
vortioxetine , or vilazodone . 
[ 0315 ] The systems and methods described anywhere 
herein may be used to administer a drug to treat posttrau 
matic stress disorder , such as sertraline , fluoxetine , or par 
oxetine . 

[ 0316 ] The systems and methods described anywhere 
herein may be used to administer a drug to treat premen 
strual dysphoric disorder , such as estadiol , drospirenone , 
sertraline , citalopram , fluoxetine , or busiprone . 
[ 0317 ] The systems and methods described anywhere 
herein may be used to administer a drug to treat pseudob 
ulbar affect , such as dextromethorphan hydrobromide , or 
quinidine sulfate . 
[ 0318 ] The systems and methods described anywhere 
herein may be used to administer a drug to treat pyromania , 
such as clozapine , asenapine , olanzapine , paliperidone , or 
quetiapine . 
[ 0319 ] The systems and methods described anywhere 
herein may be used to administer a drug to treat reactive 
attachment disorder . 
0320 The systems and methods described anywhere 

herein may be used to administer a drug to treat reading 
disorder . 
[ 0321 ] The systems and methods described anywhere 
herein may be used to administer a drug to treat rett ' s 
syndrome . 
[ 0322 ] The systems and methods described anywhere 
herein may be used to administer a drug to treat rumination 
disorder . 
[ 0323 ] The systems and methods described anywhere 
herein may be used to administer a drug to treat schizoaf 
fective disorder , such as sertraline , carbamazepine , oxcar 
bazepine , valproate , haloperidol , olanzapine , or loxapine . 
[ 0324 ] The systems and methods described anywhere 
herein may be used to administer a drug to treat schizophre 
nia , such as chlopromazine , haloperidol , fluphenazine , ris 
peridone , quetiapine , ziprasidone , olanzapine , perphenazine , 
aripiprazole , or prochlorperazine . 
[ 0325 ] The systems and methods described anywhere 
herein may be used to administer a drug to treat schizo 
phreniform disorder , such as paliperidone , clozapine , ris 
peridone . 
[ 0326 ] The systems and methods described anywhere 
herein may be used to administer a drug to treat seasonal 
affective disorder , such as sertraline , or fluoxetine . 
[ 0327 ] The systems and methods described anywhere 
herein may be used to administer a drug to treat separation 
anxiety disorder . 
[ 0328 ] The systems and methods described anywhere 
herein may be used to administer a drug to treat shared 
psychotic disorder , such as clozapine , pimavanserin , risperi 
done , or lurasidone . 
[ 0329 ] The systems and methods described anywhere 
herein may be used to administer a drug to treat social 
( pragmatic ) communication disorder . 
[ 0330 ] The systems and methods described anywhere 
herein may be used to administer a drug to treat social 
anxiety phobia , such as amitriptyline , bupropion , citalo 
pram , fluoxetine , sertraline , or venlafaxine . 
[ 0331 ] The systems and methods described anywhere 
herein may be used to administer a drug to treat somatic 
symptom disorder . 
[ 0332 ] The systems and methods described anywhere 
herein may be used to administer a drug to treat specific 
phobia , such as diazepam , estazolam , quazepam , or alpra 
zolam . 
[ 0333 ] The systems and methods described anywhere 
herein may be used to administer a drug to treat stereotypic 
movement disorder , such as risperidone , or clozapine . 
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[ 0334 ] The systems and methods described anywhere 
herein may be used to administer a drug to treat stuttering . 
[ 0335 ] The systems and methods described anywhere 
herein may be used to administer a drug to treat Tourette ' s 
disorder , such as haloperidol , fluphenazine , risperidone , 
ziprasidone , pimozide , perphenazine , or aripiprazole . 
[ 0336 ] The systems and methods described anywhere 
herein may be used to administer a drug to treat transient tic 
disorder , such as guanfacine , clonidine , pimozide , risperi 
done , citalopram , escitalopram , sertraline , paroxetine , or 
fluoextine . 
[ 0337 ] FIG . 28 shows a drug that may be administered in 
response to a diagnosis by the systems and methods 
described herein . The drug may be contained within a 
container 2800 , such as a pill bottle . The container may have 
a label 2810 bearing instructions “ If diagnosed with disorder 
x , administer drug y ” . The disorder x may be any disorder 
described herein . The drug y may be any drug described 
herein . 
[ 0338 ] While preferred embodiments of the present inven 
tion 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 practic 
ing 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 equiva 
lents be covered thereby . 
What is claimed is : 
1 . A computer - implemented method for determining a 

treatment for an individual for a neurological disorder , said 
method comprising : 

( a ) receiving data of said individual related to said neu 
rological disorder ; and 

( b ) evaluating said data using at least one classifier to 
select at least one therapeutic agent for treating said 
neurological disorder . 

2 . The method of claim 1 , wherein said at least one 
therapeutic agent comprises a stimulant or antipsychotic 
drug for treating said neurological disorder . 

3 . The method of claim 1 , wherein said at least one 
therapeutic agent comprises amphetamine or an amphet 
amine - derived drug . 

4 . The method of claim 1 , wherein said at least one 
therapeutic agent is selected from the group consisting of 
risperidone , quetiapine , amphetamine , dextroamphetamine , 
methylphenidate , methamphetamine , dextroamphetamine , 
dexmethylphenidate , guanfacine , atomoxetine , lisdexamfe 
tamine , clonidine , and aripiprazole , and modafinil . 

5 . The method of claim 1 , wherein said neurological 
disorder is selected from the group consisting of autism 
spectrum disorder , attention deficit disorder , attention deficit 
hyperactivity disorder , and dyslexia . 

6 . The method of claim 1 , wherein said data comprises 
active data generated from at least one active data source and 
passive data generated from at least one passive data source . 

7 . The method of claim 6 , wherein said passive data 
comprises passive data streams from user interactions with 

at least one of an activity , game , mobile device or applica 
tion , smart toy , wearable sensor , and activity monitor . 

8 . The method of claim 1 , wherein said data comprises 
information acquired from at least one of genetic data , floral 
data , a sleep monitor , and eye tracking of said individual . 

9 . The method of claim 1 , wherein said data comprises at 
least one of demographic data and answers to a set of 
diagnostic questions . 

10 . The method of claim 1 , wherein said at least one 
classifier comprises an assessment model for providing an 
evaluation result based on said data , wherein said evaluation 
result is a first categorical determination or a first inconclu 
sive determination with respect to a presence or absence of 
said neurological disorder . 

11 . The method of claim 10 , wherein said first categorical 
determination for said presence or absence of said neuro 
logical disorder in said individual is based on a specified 
sensitivity and a specified specificity . 

12 . The method of claim 10 , wherein said at least one 
classifier comprises a subset of a plurality of tunable 
machine learning models . 

13 . The method of claim 12 , further comprising : 
( a ) requesting additional data when said evaluation result 

comprises said first inconclusive determination ; and 
( b ) generating a second categorical determination or a 

second inconclusive determination based on said addi 
tional data using at least one additional machine learn 
ing model selected from said plurality of tunable 
machine learning models . 

14 . The method of claim 12 , further comprising : 
( a ) combining scores for each of said subset of said 

plurality of tunable machine learning models to gener 
ate a combined preliminary output score ; and 

( b ) mapping said combined preliminary output score to 
said first categorical determination or to said first 
inconclusive determination for said presence or 
absence of said neurological disorder in said individual . 

15 . The method of claim 1 , wherein said at least one 
classifier comprises a chain of classifiers for providing an 
evaluation result for said neurological disorder based on said 
data . 

16 . The method of claim 15 , wherein said chain of 
classifiers comprises a first classifier that generates a first 
output based on said data and a second classifier that 
generates a second output based on said first output . 

17 . The method of claim 1 , wherein said at least one 
classifier comprises a therapeutic model for selecting said at 
least one therapeutic agent . 

18 . The method of claim 17 , wherein said at least one 
classifier generates a personal therapeutic treatment plan for 
said individual . 

19 . The method of claim 18 , further comprising receiving 
feedback data based on performance of said personal thera 
peutic treatment plan and updating said personal therapeutic 
treatment plan based on said feedback data . 

20 . The method of claim 18 , wherein said personal 
therapeutic treatment plan comprises a drug therapy and 
digital therapeutics . 


