Machine Learning Approach for Distinction of ADHD and OSA
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ABSTRACT: The purpose of this study is to find an efficient way to discriminate between Attention-deficit/ hyperactivity
disorder (ADHD) and Obstructive sleep apnea (OSA). The study collected 120 children (aged 6-12 years) data between 2011
and 2015, who were divided into three groups, ADHD, OSA and a combination of ADHD and OSA. Each group based on the
doctor’s determination, using the DSM-IV diagnostic standards. The data included four questionnaires as follow: CBCL,
DBRS, OSA-18 and CSHQ. Therefore, in order to speed up the whole process of clinical diagnosis classification, wetrain and
test three machine learning models to find the best way to help clinical doctor to diagnosis. The study resultsindicate that in
all of subscale items, there were 21 item show significantly difference among three subgroups, especially in the DBRS. Our
results also show that Neural Network model has better computational efficiency than CHART and CHAID for subgroups
classification.
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1. Introduction

Attention-deficit/ hyperactivity disorder (ADHD) isone of the most commonly neurodevel opmental disorder in children, andis
characterized by inattention, hyperactivity and impulsivity [1, 2]. The prevalence of ADHD isestimated to affect about 5-7% of
school-aged childrenworldwide[3, 4], and 6-12%in Taiwan [5, 6]. Somelong-term follow-up studiesindicate that approximately
60-80% of school-age children with ADHD whose symptoms persist until adolescence, and 40-60% of them continue into

adulthood [7-9].

Recently several studies note the relationship between ADHD and sleep disorder[10 , 11 ]. About 25-55% of children and
adolescents with ADHD experience problems with sleep [12 ]. Studies indicate that children with ADHD have some sleep
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disorder problems, such as having trouble falling asleep, snoring, daytime sleepiness, and unwillingness to go bed. Because
ADHD and Obstructive sleep apnea (OSA) have similar symptoms, the asscociation of sleep with ADHD is multificated and
complex. Therefore, doctors need to consider more factors, and ofthen need match avariety of clinical tools, such asWechsler
Intelligence Scalefor Children (WISC-111), Disruptive Behavior Disorders Rating Scale (DBRS), Child Behavior Checklist (CBCL)
and Continuous Performance Task (CPT). In order to further identify or rule out the possible impact of comorbidity of ADHD-
related factors. We al so need to consider the OSA effects on children with ADHD, so to be screening through sleep questionnaire,
such as The OSA-18 quality of life questionnaire (OSA-18) and the children’s sleep habits questionnaire (CSHQ).

However, due to the accessibility of information generated by alot of tests and time-consuming, So many scholars consider to
this point, Thus began using Machining learning Concepts to aid diagnosis of ADHD [13, 14 ]. Through past experience or
information, the computer automatically analyzes for law,building models, and continuously corrected. Gradually adjust the
model and method, it allows usto predict the unknown dataand analysis. Find the difference between ADHD and key indicators
of general subjects were, such asthe use of Support VVector Machine, SVM. In the clinical scales, looking for highly effective
assessment indicators of ADHD, and through thisaway to scal e the content for review [15]. On the domestic health insurance
databaseto analyze related comorbid ADHD through association rulemining [13], but rarely havetheliterature study conducted
for ADHD and OSA.

Therefore, this study hope to design a fast screening model. In odrer to reduce patient waiting time and the province to
accelerate the process of diagnosis, samples were collected by parents and teachers questionnaires. Using maching learning
modelsasfollow: CART, CHAID and Neural network model to look the best way to discriminate among ADHD, OSA, and both
of them.

2. Method

2.1 Research Design
A total of 120 subjectsaged 6-12 years old were made up of referralsfrom the Children’s Psychology Department at the medical
center. This study picked up the first-time questionnaires data from the database between 2011-2015.

Thedatawere selected, and divided into 70% of thetraining group and 30% of the test group for machinelearning. And selection
CART, CHAID , and neural network model building, Finally, compare the effectiveness of thesethree models. (Fig.1)
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Figure 1. Research Design

2.2 Subject
The effective sample sizefor this study was 120 subjects, who are school-age children of 6-12 yearsold from 2011 to 2015 year.
All of the subjectswere made up of referralsfrom the Children’s Psychology Department at the medical center, and in conjunction
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with the doctor’s clinical assignment, divided into the ADHD group, OSA group and a combination of ADHD and OSA
(ADHD+QOSA). Each group hasforty children. The exclusion criteriawere mental retardation (FIQ <70), mental retardation, or
drug abuse. (IRB number: 100-0777A3)

2.3Measures
The study collected for the first time to see the doctor’s scale data, including: CBCL, DBRS, OSA-18 and CSHQ, filling in
guestionnaires by parents and teachers. There were forty subscale items. (Table 1)

* Child behavior checklist (CBCL)

The Children behavior checklist isaparent and/or teacher rated measure of symptoms of ADHD in children aged 4-16 years. The
measure includes 137 questions, reporting on child behaviorsin the past six months, and each item is scored on a three-point
Likert scale. In the study, we pick up nine scales from the parent form consistent with internalizing behavior, externalizing
behavior, depression/anxiety, thought obsessive, somatic complaint, social withdraw, hyperactive, aggressive behavior and
delinquent; eight scales from the teacher form consistent with internalizing behavior, externalizing behavior, anxiety, social
withdraw, unwelcome ‘ self-destruction’ inattention and aggressive behavior.

* Disruptive Behavior Rating Scale Form (DBRS)

The Disruptive Behavior Rating Scale Form is completed by parents and teachers, which isa49- question screening measure.
The scale consists of five subscalesy : inattention, hyperactivity/impulsivity, ADHD, opposite defiant behavior (ODD) and
conduct disorder (CD) on afour-point Likert scale.

» The OSA-18 quality of life questionnaire (OSA-18)

The OSA-18 quality of life questionnaire includes eighteen items subdivide in five subscales, and total score. The subscales
consist of sleep disturbance, physical symptoms, emotional distress, daytime function, and caregiver concerns. Each item is
scored on a seven-point Likert scale.

* The children’s sleep habits questionnaire (CSHQ)

Thechildren’ssleep habits questionnaireis designed to measure the statements of children’s sleep habit and possible difficulties
with sleep of children aged 4-12 years. It is a 33-question measure, included eight subscales: bedtime resistance, sleep onset
delay, sleep duration, sleep anxiety, night wakings, parasomnias, sleep disordered breathing and daytime sleepiness.

24 Dataanalysis

All analyseswere carried out with the SAS software (Enterprise Guide 6.1 and Enterprise Miner 13.1). A value of p < 0.05was
considered statistically significant. Using Classification and Regression Trees, Chi-Square Automatic I nteraction Detector, and
Neural Network to build model.

3. Exampleof Verification and Results

3.1 Sampledescription
A total of 120 subjectsmean agewas 8.26+1.78, and 92(77%) were boys. The characteristics of thethree groupswereasfollows:
ADHD group (M: F=31:9); OSA group (M: F=27:13); and acombination of ADHD and OSA (M: F=34:6).

3.2Behaviour problemsamong subgroups

Thereare 26 subscaleitemsfrom CBCL and DBRS questionnaire. In order to know the relationship between behaviour problems
and three subgroups, the study used ANOVA to compare them. Table 2 presents that seventeen items had significant (p < 0.05),
especially in the DBRS. Externalizing behavior, delinquent, inattention, and aggressive behavior from CBCL; inattention,
hyperactive/ impulsivity ADHD, ODD and CD scorefrom DBRSwere highly significant (p < 0.0001) than others.

3.3 Sleep problemsamong subgroups

The results of sleep problems show that sleep disturbance, emotion distress and daytime function of the OSA-18, and sleep
disordered breathing are significant (p < 0.05) (Table 3). Although the subscal eitems of OSA-18 are not highly significant then
sleep disorder breathing from CSHQ, it isstill away that maybe we could use only OSA-18 questionnaireto fast screening test
about ADHD with OSA. Because OSA-18 including 18-term, it may spend less time for parents to fill in those questions.
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Behavior subscaleitem

Sleep subscaleitem

CBCL-Parent CBCL-Teacher DBRS-Parent OSA-18 CSHQ
internalizing behavior | internalizing behavior Inattention sleep disturbance bedtime resistance
externalizing behavior| externalizing behavior hyperactivity physical sleep

/impulsivity symptoms onset delay
depression/anxiety anxiety ADHD emotional distress sleep duration
thought obsessive social withdraw ODD daytime function sleep anxiety
somatic complaint unwelcome CD caregiver concerns night wakings
social withdraw self-destruction DBRS-Teacher OSA Total parasomnias
hyperactive inattention Inattention sleep
disordered breathing
aggressive behavior aggressive behavior hyperactivity
/impulsivity daytime sleepiness
delinquent ADHD
ODD
Table 1. Subscaleitems
ADHD OSA ADHD + OSA
(N=40) (N=40) (N=40)
Subscaleitem Mean | SD Mean SD Mean SD F p (ANOVA)
CBCL-Parent
internalizing 61.43 |11.53 56.33 11.63 61.88 11.17 2.95 0.0561
behavior
externalizing 63.75 |11.21 54.58 11.42 65.28 10.59 12.79 <.0001
behavior *
depression/ 59.43 |11.50 55.10 10.88 56.55 12.54 1.48 0.2324
anxiety
thought 61.75 |10.74 56.78 9.75 61.23 11.71 2.66 0.0740
obsessive
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somatic 57.50 | 1155 5485 |11.19 56.95 12.60 0.58 0.5600
complaint
social withdraw 61.18 | 12.32 56.15 |10.92 62.03 13.30 2.73 0.0691
hyperactive * 65.58 | 12.57 56.48 | 11.07 66.78 13.58 9.13 0.0002
aggressive 61.25 |11.22 54.33 | 9.02 64.13 11.61 9.17 0.0002
behavior *
delinquent * 60.58 |[11.72 52.65 | 8.90 63.33 12.30 10.34 <.0001
CBCL-Teacher
internalizing 5743 |1231 5148 | 11.75 5485 | 11.38 241 0.0945
behavior
externalizing 62.30 (12.13 4848 | 11.14 61.88 | 10.82 23.04 <.0001
behavior *
anxiety 56.93 |10.43 52.00 8.21 53.65 8.96 2.36 0.0988
social 58.80 9.98 55.50 10.35 58.18 10.37 1.24 0.2937
withdraw
unwelcome* 61.63 13.51 51.28 8.74 59.73 12.72 7.37 0.0010
self- 62.68 12.15 52.63 9.33 61.15 11.59 9.01 0.0002
destruction *
inattention * 62.35 9.65 52.75 8.32 63.00 10.56 18.25 <.0001
aggressive 63.18 [11.89 51.15 7.78 60.83 9.92 13.99 <.0001
behavior *
DBRS-Parent
inattention * 15.13 6.88 7.90 6.08 14.45 6.34 17.12 <.0001
hyperactivity/ 12.58 7.29 6.10 5.33 12.43 7.18 12.22 <.0001
impulsivity *
ADHD * 27.70 |13.28 14.00 10.58 26.88 12.40 16.99 <.0001
OoDD 8.43 5.84 6.20 5.45 9.28 6.22 3.06 0.0507
CD* 0.53 0.98 0.05 0.32 0.63 1.19 412 0.0187
DBRS-Teacher
inattention * 12.85 7.27 4.63 4,73 12.88 7.74 23.61 <.0001
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hyperactivity/ 10.20 7.33 238 | 3.58 9.83 6.76 18.88 | <.0001
impulsivity *
ADHD * 23.00 13.78 7.00 | 7.36 22.70 | 13.60 24.68 | <.0001
ODD * 6.63 5.47 175 | 264 5.15 | 4.78 9.56 0.0001
Table 2. Behaviour problems among subgroups
ADHD OSA ADHD + OSA
(N=40) (N=40) (N=40)
Subscaleitem | Mean SD Mean SD Mean SD F p (ANOVA)
OSA-18
sleep
disturbance* | 10.88 3.80 14.78 5.52 13.65 5.15 6.77 0.0016
physical 12.68 4.78 14.03 5.77 14.45 5.72 1.16 0.3173
symptoms
emotional 12.78 4.32 9.58 3.89 12.35 4.61 6.58 0.0020
distress *
daytime 12.78 3.35 10.05 3.75 11.50 4.50 4.90 0.0090
function *
caregiver 15.50 5.57 14.80 6.13 15.48 6.47 0.17 0.8428
concerns
OSA Total 64.60 |15.45 63.23 | 20.89 67.43 21.85 0.48 0.6216
CSHQ
bedtime 11.55 1.95 11.38 151 11.90 1.95 0.87 0.4221
resistance
sleep onset 223 0.77 2.58 0.59 2.40 0.74 2.46 0.090
delay
sleep 6.28 1.01 6.25 1.15 6.35 1.10 0.09 0.9127
duration
sleep 6.88 222 6.93 212 7.08 2.23 0.09 0.9138
anxiety
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night wakings 4.05 1.38 4.40 132 4.73 1.85 1.94 0.1489
parasomnias 9.48 2.18 9.33 1.97 9.63 2.48 0.18 0.8332
sleep disordered 3.85 1.25 5.68 2.10 5.45 2.10 11.42 <.0001
breathing *
daytime sleepiness | 14.38 2.85 13.73 2.84 14.43 2.99 0.73 0.4846

Table 3. Sleep problems among subgroups

Training data Test data Misclassification
Model FN | TN FP| TP | ROC FN| TN| FP| TP| ROC Rate
Neural 12 | 40 14 | 16 | 0681 4 19 7 8 | 0.750 0.342105
Network
CART 1 13 | 41 | 27 | 0.603 2 7 19 | 10 | 0551 0.578947
CHAID 3 40 | 14 | 25 | 0.863 7 15 11| 5 0.519 0.684211

Table 4. Model comparison

3.4MachineLearning

Tofind an efficient way to discriminate among Attention-deficit/ hyperactivity disorder, Obstructive sleep apnea, and ADHD +
OSA group, the study used three methods to build the fast screening test model. Divide subject into 70% of the training group
and 30% of the test group for machine learning. And selection CART, CHAID , and neural network model building, Finally,
compare the effectiveness of these three models (Table 4).

The results show that nerual network algorithms was well-suited to the classification task at hand, because it had less
mi sclassification rate than CRAT andd CHAID model.

4. Conclusion

In the above discussion, we found an important association between ADHD children sleep quality and attention to the impul se
patterns. Find hyperactive and impulsive behavior in behavioral measures in the table in this study we have significant
correlation DBSR questionnaire can be separated from ADHD, OSA and OSA ADHD + Scaleimportant types of patterns. And
the result on the sleep test (Table3), OSA-18 is also capable of displaying ADHD, OSA and ADHD + OSA. Finally benefit in
comparison model constructed neural network also saw an excellent performance to distinguish these three subgroup. In the
present study we suggest that three ADHD, OSA and ADHD+OSA childrenif they can distinguish more earlier, it will beableto
prescribe the right medicine and treatment with a suitable way.

Inthe past, when check ADHD children, hyperactive and impul sive mix who tend to believe that there s no association between
sleep and ADHD condition. Now through personnel for sleep quality requirementsfound in thisimportant experiment. Further
experiments but thisisthe lack of personnel to identify and explore. If thisdirection in a number of experimental studies have
started for OSA detection and treatment of common ADHD can be a two-pronged approach to addressimportant moment both
remission and treatment of development and learning in childrenin. Thiswill not only help children inthisimportant stage of life
to be happy to learn, be ableto better focus on schoolwork. And animportant breakthrough inthisfield of research and medical
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information that can help an important breakthrough.

Thisstudy was also studying in the normal limit istoo small asample group of children can’'t be explored in more detail, but the
research behind thisreally isavery important development in the child’snormal datacollectionisessential. But in Taiwan, the
legal and personal privacy isvery disease oriented. So the collection isvery difficult. And generally do not have special needs
of children, if not into the hospital for detailed examination, the study team isvery sorry also hopethat the latter way if additional
funding or grants sponsored by the Institute will help the children with ADHD and found sleep test can be obtained more
friendly treatment.
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