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Abstract. Neurodevelopmental disorders in children like dyisleand ADHD
must be diagnosed at earlier stages as the chifdred to be provided with ne-
cessary aid. Comorbidity of dyslexia and ADHD iswdigh. Children with
comorbidity of dyslexia and ADHD face comparativehore difficulty than
children with just one of the disorders. Sincetladl three, dyslexia, ADHD and
comorbid cases share many similar characteristics,hard to distinguish be-
tween cases which have only dyslexia or ADHD arms¢hwhich have both.
Manual analysis to differentiate based on standeodes of the psycho analysis
tests provided inconsistent results. In this paperhave applied standard ma-
chine learning techniques Random Forest, Suppontov@tachine and Multi-
layer Perceptron to the diagnosis test resultslassify between ADHD and
comorbid cases, and dyslexia and comorbid casesly#ia using the different
individual psycho analysis tests is also done. ispgibn of machine learning
techniques provides better classification thamtheaual analysis.

Keywords: Attention Deficiency Hyperactivity Disorder, Dysiex Comorbidi-
ty, Machine Learning, Classification.



1 I ntroduction

Dyslexia and Attention Deficiency Hyperactivity Disler (ADHD) are both
neurodevelopmental disorders which have a high esateomorbidity or combined
occurrence [1]. These neurodevelopmental disor@dees chronic and should be
diagnosed at childhood, to provide support [2]. Sheeurodevelopmental disorders
make the children depressed as they are unablerform well academically like
their peers with no ailments. This is mainly beeaw$ the lack of guidance and
proper diagnosis of the disorders during childhdagklexia is the inability to read or
spell though the person is highly capable and Haszate intelligence [3]. ADHD is
the lack of attention, presence of high impulsivityindividuals [4]. Children with
comorbid issues face more difficulties than thddrkn with just one of the disorders
[5, 6]. Though the rates of comorbidity or combineccurrences of ADHD and
dyslexia are high, they are individual diseasesdmdot cause each other. Although
they are different diseases, individuals with dyisleand individuals with ADHD
share certain similar characteristic traits. It baen found through various studies of
families and twins that both ADHD and dyslexia arkerited [7, 8, 9, 10]. ADHD
and Dyslexia have been routinely diagnosed usingws psycho analysis tests which
do not provide precise outcomes. Diagnosis of cbidarases of dyslexia and ADHD
is even more strenuous. When a case is not cormdietijnosed as being comorbid, it
means that necessary treatment is not providedrierof the two illnesses.

In this paper we have used standard machine lgatethniques Random Forest
(RF), Support Vector Machine (SVM) and MultilayererBeptron (MLP) for
classifying and analyzing dyslexia and comorbicesa®\DHD and comorbid cases to
achieve Dbetter outcomes. The impact of various Ipsyanalysis tests on the
classification is also analyzed. To our knowledtigre is no prior work on the
analysis of comorbidity of dyslexia and ADHD, aitsl ¢lassification, using machine
learning techniques.



2 Related Work

Although there are many genetic studies of dyslexid ADHD, there are not many
conclusive results that link the two disorders. Wioas been done to identify genetic,
cognitive and neural overlap between the two dismrdSanchez et al. have studied
the association of genes with dyslexia, ADHD andhobid samples as well [11].
Marino et al. [12] have investigated a strategygléoify which genes are important for
dyslexia. Eva et al. [1] have analyzed the linkwestn dyslexia and ADHD from
epidemiological, genetic, neurofunctional, neurab®jogical and therapeutic
perspectives.

Structural and functional magnetic resonance ingaginombined with
comprehensive behavioural testing has been usethdoacterize the behavior of
comorbid dyslexia and reading disability (RD) [13Jauren et al. have done an
analysis of voxel-based morphometry studies to fitéther there is any overlap in
the gray matter correlates of dyslexia and ADHD|[C@bmorbidity between dyslexia
and ADHD has also been clarified by investigatiogrative endophenotypes [15].

3 Materials and Methods

3.1 MethodsUsed

SVM [16] is a machine learning algorithm that ussgpervised learning for
classification. Using the training samples, a hptsere is constructed to separate the
samples into two classes. This hyperplane is usedldssify the new samples.
Random Forest [17] is also a machine learning alyarthat is used for classification
and regression. Multiple decision trees are growimgi the training samples. To
classify a new sample, each tree gives a classhatdtlass is assumed to be given a
vote. The class that gets the maximum number afsvist decided as the class for the
new sample. MLP [18], a type of feedforward artéflcneural networks with at least
three layers of nodes and nonlinear activationssed for classification. MLP uses a
supervised learning technique called backpropagdbiotraining.



3.2 Dataset Description

In this study a public domain dataset [19, 20] basn used. The dataset includes the
results of psycho analysis tests on 26 childrem witly dyslexia, 27 children with
only ADHD and 27 children with comorbid ADHD and slgxia. The dataset
attributes are in four sections namely, demographdgslexia tests, ADHD tests and
motor skills tests. All the children took up thstiealong with their legal guardian and
have given a written informed consent [20].

Demographics. This section of the dataset attributes includes age, TONI 4 test
and handedness. TONI 4 (Test of non-verbal intefiag, Fourth Edition) tests the
non-linguistic and non-motor skills of the examinémiting to the analysis of the
general intelligence. Abstract reasoning is test@d cognitive abilities such as
reading, writing, speaking and listening are avdidélandedness questionnaire
includes eighteen questions based on certain actésting the hand preference of the
examinee.

Dydexia tests. This section of the dataset attributes includesigsavord decoding
and spelling tests (Wechsler Individual Achievemdmist). Wechsler Individual
Achievement Test, Second Edition, is a standardexo&c based test that is used for
the identification of learning disabilities. In Rsk-Word Decoding subtest, the
phonetic knowledge is tested by making the exammeeel out meaningless words
aloud. In the spelling subtest, words, letters eomhbination of words are dictated,
for which the examinees are expected to write syl

ADHD tests. Conners 3-Parent test is a behavioral questionnaineh is a
commonly used test for the diagnosis of ADHD iduded in this section.

Motor skills tests. The motor skills tests include the attributes Gembypegboard

(GPB) and the Leonard Tapping Task (LTT). Groovesylppard test is for the
analysis of fine motor skills using dexterity anédnard Tapping Test is for the
analysis of simple and complex motor skills.



3.3 Experiments

We have classified between dyslexia and comorhbé#sg,sand ADHD and comorbid
cases using the machine learning techniques RF, 8W#IMLP. Machine learning
classifiers are applied on the results of ADHDggedlyslexia tests, motor skills tests
and demographics, of children with just ADHD, julstslexia and combined occur-
rence of dyslexia and ADHD. For the classificatizsing the entire dataset, overall
accuracy, receiver operation characteristic ancésuare are found. For the analysis
using the individual and combination of psycho gsial tests, overall accuracy alone
is found. 3-fold cross validation is done for eathssifier. The public domain tool
WEKA is used.

4 Resultsand Analysis

The standard score for the dyslexia tests is 80 dnildren scoring below 80 are
diagnosed with dyslexia. Using the standard soomg; 3 out of 26 (11%) children
were classified correctly. For the ADHD tests, #ttendard score is 60 and children
scoring above 60 are diagnosed with ADHD. Using,thB out of 27 (70%) children
were classified correctly. For a child to be diaggeb with comorbidity of dyslexia
and ADHD it should pass the criteria of both dy&eand ADHD tests. Using this,
only 6 out of 27 (25%) children were classified reatly. True condition in all the
subtests was considered for the classification.

4.1 Comparison of theresults of dyslexic and comor bid cases

Table 1: Overall dataset analysis using RF, MLP @Wil¥l (dyslexia vs. comorbid)

CLASSIFIERS OVERALL RECEIVER F-MEASURE
PREDICTION OPERATION
ACCURACY |CHARACTERISTIC
Random Fore 71.6% 0.761 0.717
Support Vecitc 64.1% 0.64: 0.64:
Machine
Multilayer Pe- 66.0% 0.66( 0.74¢
ceptror




In the overall analysis of the results of the psyamalysis tests of dyslexic and
comorbid cases using machine learning techniqueis $een that random forest
classifier performs better when compared to suppector machine and multilayer
perceptron. The entire dataset has been useddaldhsification (Table 1).

Table 2: Prediction accuracy using different indual tests (dyslexia vs. comorbid)

CLASSIFIERS RF SVM MLP
TESTS
Demographic 62.2% | 50.9% 58.4%
ADHD test: 73.5% | 81.1% 84.9%
Dyslexia test 49.0% | 50.9% 43.3%
Motor skills tes 60.3% | 56.6¥% 50.9%

In the results shown in Table 2, it is seen thatHEDtests provide better
classification than any other psycho analysis tes. seen that dyslexia tests provide
bad results. This is due to the fact that, theedéffice between the comorbid cases and
the dyslexic cases would be the lack of ADHD chendstics in the dyslexic cases.

4.2  Comparison of theresults of ADHD and comorbid cases

Table 3: Overall dataset analysis using RF, MLP @iyl (ADHD vs. comorbid)

OVERALL RECEIVEFR F-MEASURE
CLASSIFIERS PREDICTION| OPERATION
ACCURACY [CHARACTERISTIC
Random Fore 53.7% 0.53: 0.597
SupporiVectol 66.6% 0.667 0.66¢
Machine
Multilayer Percetron 62.9% 0.65¢ 0.62¢

In the overall analysis of the results of the te§tADHD and comorbid cases using
machine learning techniques, it is seen that supator machine classifier performs
better when compared to random forest and multilpgeceptron. The entire dataset
has been used for the classification (Table 3).



Table 4: Prediction accuracy using different indual tests (ADHD vs. comorbid)

CLASSIFIERS RF SVM MLP
TESTS
Demographic 44.4% 42.5% 40.7%
ADHD test: 37.0% 46.2% 44.4%
Dyslexia test 66.6% 70.3% 66.6%
Motor skills test 55.5% 57.4% 50%

In the results shown in Table 4, it is seen thaslelja tests provide better
classification than any other psycho analysis 1éss$. seen that ADHD tests provide
bad results. This is due to the fact that, theedéfiice between the comorbid cases and
the ADHD cases would be the lack of dyslexia charéstics in the ADHD cases.

5 Conclusion

Differentiating between ADHD and comorbid casesvali as dyslexia and comorbid
cases is a difficult task as they share commonacharistics. From the above analysis
it is seen that, applying machine learning techesio the results of the psycho anal-
ysis tests rather than using standard cut off scéoe the diagnosis has proved to
classify better. Doctors can thus use machine ilegrtechniques for the preliminary
diagnosis of comorbid cases of dyslexia and ADHD.
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