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ABSTRACT

As the early diagnosis of autism spectrum disorder (ASD) is critical the high accuracy machine learning can be applied to achieve technology
based diagnosis. In this context, the present study demonstrates machine learning approach for ASD diagnosis using decision tree (DT)
modeling. The dataset employed in the present study comprises two classes of ASD adults with a sample size of 704 instances. The DT model
entails a recursive partitioning approach implemented in the “rpart” package of R. The optimum model is derived by tuning parameters such
as Min split, Min bucket, Max depth, and complexity. The performance of the model is evaluated in terms of the mean square error estimate

of the error rate.
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INTRODUCTION

This paper portrays exploratory data analysis (EDA) and decision
tree (DT) classification of adults with autism spectrum disorder
(ASD). It is a neurological disorder that affects how a person acts
and interacts with others." It normally begins in childhood and
continues. There are numerous clinical and non-clinical methods
for the diagnosis of ASD. Many clinical experts and researchers have
conducted studies about the classification of ASD data. Demirhan
reported performance evaluation of different machine learning
techniques in determining ASD cases.” Diabat and Shanableh
demonstrated an ensemble learning model for testing autism in
children.®!Yet, another analysis by Praveena et al. predicted autism
using machine learning techniques.” The present study uses ASD
screening data of adults to design the machine learning framework
for classifying autism data.®

EDA

The ASD dataset for the present study retrieved from the UCI
machine learning repository is related to autistic spectrum
disorder screening data for adults.”” This dataset consists of 704
instances of ASD adults classified into two classes such as ASD“Yes”
and ASD “No! This classification is based on 20 attributes including
ten behavioral features and ten individuals characteristics. A basic
statistical summary of numerical and categorical attributes is
explained in Figure 1. The dataset reveals that the ASD value is“No”
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Figure 1: Basic statistical summary of numerical and categorical
attributes
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for 359 adults and the ASD value is “Yes” for 133 adults. There are
238 female and 254 male respondents with an age range from 17
to 61 years. Figure 2 plots a gender-wise bar chart for both classes
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Figure 2: Gender-wise distribution of autism spectrum disorder data
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Distribution of Ethnicity (sample) of ASD. The bar plot shown in Figure 3 represents the proportions
by Class.ASD of each ethnicity present in the dataset. The plot reveals that
White Europeans account for approximately one-third of the data,

i followed by Asians and Middle Eastern people.
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DT MobDELING

DT modeling is a supervised machine learning technique to classify
and hence predict to what group a certain data point belongs to be.
The DT is designed by splitting the dataset into subsets based on
differentiatorsin input variables. It techniques include the Giniindex,
Chi-square, information gain, or reduction in variance to identify the
most significant variable to get the homogeneous sets of subsets.
|]|l| |]= [i: DT is a visual representation utilized for deciding selection criteria.
o I:H] i B o The DT model entails a recursive partitioning approach by dividing
White-European Black Others  Latino Pasifika others the data into leaf nodes and, hence, leaf nodes represent attributes.
Ethnicity The actual DT is shown in Figure 4. The DT is interpreted as
Rattle 2019-Nov-12 14:51:06 Student following rules.
Figure 3: Proportions of each ethnicity Rule number: 2 [Class. ASD = NO cover = 359 (73%) prob = 0.00]
Result <7
Decision Tree autism.csv $ Class.ASD Rule number: 3 [Class. ASD = YES cover = 133 (27%) prob = 1.00]
Result >7.The dataset includes 20 response variables. It has
N been found that the following variables do not play a major role in
73 27 classification modeling
100% e  Age description, since all the observations are adults aged 17
R (ves Jresult < 7-{no} - ; and older

e Used app before, is not a significant feature for our target

e  Country of residence, as a factor with more than 60 levels
does not play significance importance in modeling
e Result, as explained in Figure 4 always classified as “Yes” for
value 7 or more.

Hence, the decision modeling is done with following variables:
Below are the remaining variables: Q1, Q2, Q3, Q4, Q5, Q6, Q7,
Q8, Q9, Q10, age, gender, ethnicity, jaundice, autism, relation,
and class_ASD.The DT model is simulated in an R environment.
The model is conceived as a 16-input and single-output
Figure 4: Actual decision tree for the data arrangement.”! Figures 5 and 6 show DT derived in the present
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Summary of the Decision Tree model for Classification (built using 'rpart'):
n= 492

node), split, n, loss, yval, (yprob)
* denotes terminal node

1) root 492 133 NO (0.729674797 0.270325203)
2) Q9< 0.5 328 24 NO (0.926829268 0.073170732)
4) QS5< 0.5 202 1 NO (0.995049505 0.004950495) *
5) Q5>=0.5 126 23 NO (0.817460317 0.182539683)
10) Qé< 0.5 92 9 NO (0.902173913 0.097826087) *
11) Q6>=0.5 34 14 NO (0.588235294 0.411764706)
22) Ethnicity='South Asian’',6Asian,Black,Pasifika 11 1 NO (0.909090909 0.090909091) *
23) Ethnicity='Middle Eastern ', Hispanic,Latino,Others,White-European 22 9 YES
(0.409090909 0.590909091)
46) Q3< 0.5 10 4 NO (0.600000000 0.400000000) *
47) Q3>=0.5 12 3 YES (0.250000000 0.750000000) *
3) Q9>=0.5 164 55 YES (0.335365854 0.664634146)
6) Q5< 0.5 40 7 NO (0.825000000 0.175000000) *
7) Q5>=0.5 124 22 YES (0.177419355 0.822580645)
14) Ethnicity='Middle Eastern ', 'South Asian',6Asian,others,Others 26 13 NO (0.500000000
0.500000000)
28) Q4< 0.5 9 1 NO (0.888888889 0.111111111) *
29) Q4>=0.5 17 5 YES (0.294117647 0.705882353) *
15) Ethnicity=Black,Hispanic,Latino,Pasifika,Turkish,White-European 91 6 YES (0.065934066
0.934065934) *

Classification tree:
rpart (formula = Class.ASD ~ ., data = crs$dataset[crs$train,
c(crs$input, crs$target)], method = "class", model = TRUE,
parms = list(split = "information"), control = rpart.control (usesurrogate = 0,
maxsurrogate = 0))

Figure 5: Textual representation of decision tree for autism spectrum disorder data

Asian Pacific Journal of Health Sciences | Vol. 9 | Issue 4(S) | October-December | 2022 162




R. S. Kamath, et al.: Exploratory Data Analysis and Decision Tree Modeling www.apjhs.com

Decisign Tree autism.csv $ Class.ASD
NO

yes c =0

................. — R T T ST
6
................ P Ethnicity = ‘Wiocs Eastern *~South Asian® Asan others Others
[~] i
NO
50 50
5%
Ethnicty="Soutn Asan'AsenBuckPastea 1 e Qu=o e
i
Yes
A1 5
Y
....... @ .

(] (=]
75 n
%

Rattle 2019-Nov-12 15:49:54 Student

2%

Figure 6: Decision tree for autism spectrum disorder data

Tree as rules: Exrror matrix for the Decision Tree model on autism.csv [validate] (counts):
. - Predicted
Rule 2umbex. 15 [Class.ASD=YES cover=91 (18%) prob=0.93] ACCHAL NO TES Erior

Q9>=0.5 No 74 7 8.6

Q5>=0.5 YES 3 21 12.5

Ethnicity=Black, Hispanic,Latino,Pasifika, Turkish,White-European
Error matrix for the Decision Tree model on autism.csv [validate] (proportions):
Rule number: 47 [Class.ASD=YES cover=12 (2%) prob=0.75]

Q9< 0.5 Predicted
e
Q6>=0.5 YES 2.9 20.0 12.5
Ethnicity='Middle Eastern ',6Hispanic,Latino,Others,White-European
Q3>=0.5 Overall error: 9.5%, Averaged class error: 10.55%
R“é;)’_“g"’g“‘ 29 [Qlass.ASD=YES (cover=17 (3%) probm0.71] Figure 9: Confusion matrix for the validation set
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1 0.406015 0 1.00000 1.00000 0.074069 =
2 0.195489 1 0.59398 0.59398 0.061229 0.25-
3 0.037594 2 0.39850 0.43609 0.053780
4 0.010025 4 0.32331 0.45865 0.054963
5 0.010000 8 0.27820 0.42857 0.053376 0.00- AUC =0.95
Figure 8: Summary of decision tree model 000 025 050 078 100
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Figure 10: Receiver operating characteristic plot for decision tree
investigation represents ASD in adults. That the root node of the model on validation data
DT tests Q9 value = 0 continues down to the left side of the tree,
otherwise right side of the tree. The next test down this left side  ASD adults. The performance of the model is measured in terms of
of the tree is the Q5 value. Sample rules are explained in Figure 7. the mean square error (MSE) between predicted output and actual
Thus, it proceeds and will be able to retrieve the class value for  output. This is found to be 0.27033.
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ResuLts AND Discussion

Figure 8 summarizes the DT model thus obtained, for classification.
This textual view highlights the key interface widgets of DT
construction. The variable “CP” stands for complexity parameter,
which reveals that as the tree splits into more nodes, the CP is
reduced.® Thus, derived DT model efficiently classifies validation
data with very less errors. Figure 9 shows the error matrix for the
DT model on validation data. Receiver operating characteristic
(ROC) plots given in Figure 10 reveal the true positive rate against
the false-positive rate. Since the area under ROC is 0.95 which is
near 1, the model evaluates to be a better one.

CoNCLUSION

This research illustrates the EDA and DT classification of adults
with an ASD. The dataset employed in the present study comprises
two classes of ASD adults with a sample size of 704 instances. The
DT model entails a recursive partitioning approach implemented
in the “rpart” package of R. The optimum model is derived by
tuning parameters such as Min split, Min bucket, Max depth, and
complexity. The performance of the model is evaluated in terms of
the MSE estimate of the error rate.
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