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Comparison of Classification Algorithms of the
Autism Spectrum Disorder Diagnosis
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Abstract—ASD  sufferers face difficulties in early
development compared to normal humans. Various tools,
clinical, and non-clinical approaches have been implemented
but take a long time to produce a complete diagnosis. the
solution by adopting machine learning. This study proposes the
applicati f cross-validation techniques in the D Tree
method, Linear Discriminant Analysis, Logistic Regression,
SVM, and KNN and determines the best k value in each
classification method because the shift of datasets when using
cross-validation techniques in the classification method is one
factor that can cause the estimate to be inaccurate. The results
show that the decision tree provides an accuracy of 100% in
each of the k values that have been determined previously.
96.9% on Linear Discriminant Analysis with k=7, k=9, and k
= 10. 99.7% in Logistic Regression with values of k=2 and k =
3.99.9% in Snpparmctar Machine with values of k =9 and &
= 10 and 94.2% for K-Nearest Neighbors wga value of K = 8.

12

Keywords—autism spectrum disorder, decision tree, linear
discriminant analysis, logistic support  vector
machine, k-nearest neighbor

regression,

L INTRODUCTION

The development of the brain that is impaired by limiting
social communication and behavior is Autism Spectrum
Disorder (ASD) which oceurs due to genetic and
neurological factors [1]. ASD sufferers face serious
difficulties in early development compared to humans in
general. These difficulties vary such as difficulty in
responding to sensory information (vision, hearing, smell,
ete.) and communication difficulties that make it difficult to
interact with others [2]. American Psychiatric Association
diagnoses ASD clinically by evaluating 3 behavioral
domains, namely communication and language, reciprocal
social interaction, and limited activity [3].

Various tools, clinical and non-clinical approaches have
been applied to diagnose ASD but use manual calculations
by determining the score to produce a precise diagnosis that
requires concentration from the user and requires an expert
doctor for accurate diagnosis and takes a long time to
produce a complete diagnosis [4]. Some studies have begun
to adopt machine learning methods to diagnose ASD with
the aim of efficient diagnosis time, faster access to services
and increaed diagnosis accuracy [5], [6], [7].

Yun Jiao et. al [8] built a diagnostic model for ASD,
based on regional thickness measurements extracted from
SBM (Surface-based morphometry) and compared it with the
diagnostic model based on volumetric morphometry as a
dataset, four machine ing techniques were used to
diagnose ASD namely support vector machines (SVMs ),
multilayer perceptrons (MLPs), functional trees (FTs), and
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logistic model trees (LMTs) [8]. Then the study that Wenbo
Liu et al, proposed a new framework based on facial
recognition as a dataset has been proposed and used as a
classification method for the d@lhosis of ASD [9]. Fadi
Thabtah's research, developing intelligent diagnostic tools
based on machine learning by replacing artificial rules in the
ASD screening tool with predictive models [10] and §k#han
Altay using the dataset to apply it into the Linear
Discriminant Analysis and K-Nearest Neighbor method [11]
but in research Osman Altay has not used cross-validation
techniques to evaluate classifier performance with a tendency
to increase accuracy of the classifier. However, cross-
validation has th§fBotential to shift datasets, one of the
dangerous factors that is often not taken into account and can
lead to inaccurate estimates [12].

This study proposes the application of cross-validation
techniffes in five classification methods, namely Decision
Tree, Linear Discriminant Analysis, Logistic Regression,
Support Vector Machine, and K-Nearest Neighbors to see
the best estimation results and k-fold values in each
classification method.

II.  LITERARTURE REVIEW

A. Deca'on Tree

The decision tree algorithm is a prediction model using
tree structure or hierarchical structure. The concept of a
decision tree is to rt data into decision trees and

decision rules. Some steps in making a decision tree with

C4.5 algorithm [13] are: [19)
19

1) Preparing training data, can be taken fif} historical
data that has happened before and has been grouped into
certain classes.

2) Determine the root of the tree by calculating the
highest gain value of each attribute or based on the lowest
entropy index value. Previously the entropy index value was
caleulated first, with the formula:

Entropy(i) = 7L, f(L.0). 2f[(L, )] (D
3) Calculate the gain value using the following formula:

gain=-37_, %.IE(E) @

4) To calculate the gain ratio we need to know a new
term called Split Information:
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Split Information = - ZfZIS—: Eogz% (3)

5} Then calculate the gain ratio

Gain Ratio (S, A) = ——stGA_
Split Information(5,4)
6) Repeat step 2 until all records are partitioned
The decision tree partition process will stop when:

(G

a) All tuples in a record in node m get the same class
b) There are no attributes in the records that are
partitioned again

c) There are no records in an empty branch.

B.  Linear Discriminant Analysis

Basically, Linear Discriminant Analysis operates through
the calculation of variance values within and between classes
[14], [15]. In Linear Discriminant Analysis, it is necessary to
calculate the scatter matrix in class and between classes
using equation (5) and equation (6).

Sy = s Pr(C)Z (5)

Sy = X Pr(€) (mp-m) (m-m)" (6)

To calculate the value of X; equation (7) is used.

%, = E[(e-m) (x-m)"] @)

Where x 1s the sample vector and m; is the average value
in a different class. Next, calculate the discriminative power
value using equation (8) [13],[15].

; — [lwTswwl|
W) = st ®
The value of wis an optimal discrimination projection
matrix by solving a common eigenvalue problem [14].
calculated as a result of equation (9).

Syw = A, S, w 9)

The results of the calculation of the linear discriminant
function are obtained using equation (10).

dix) =w’ (x- 3) (10)

C. Logistic Regres.s'mn

L.dZ3tic regression is a statistical technique that is widely
used to solve classification and regression problems by
predicting the probability of an event by matching data in the

logit function [16]. The classifier function is stated as
follows:

log (&) =2zt pOxO +e=pTx+e (D)

Where f = (ﬂtl),ﬁ(z), P we  the  vector
coefficients of the hyperplane, the probability in equation
(11) can be expressed as equation (12) following.

eﬂr x+e

P = (12)

D. Support Vector Machine

Support Vector Mac[BEE is used in pattern classification
problems that maximize hyperplane to separate data into two
classes in the feature space. SVM is very suitable for use in
linearly separated data [17]. Figure 1. shows the basic
support vector machine [18], [19], [20].

Support Vector -

-

=~ Optimal Hyperplane

X ¥~
o

|
Support Vector

Fig. 1. Base of Support Vector Machines

For grouping data that cannot be separated linearly, the
data is transformed to a higher dimension so that it can be
separated linearly. This method is called the kernel method,
which converts a linear SVM to a non-linear SVM [19], [20].
Moreover, SVM can also be used to classify the data into
multiclass [21], [22], [23].

17
E.  K-Nearest Neighbors

The application of the K-Nearest Neighbors algorithm is
very easy in the literature study because it is based on the
calculation of distances using a numeric dataset [24].

The most commonly used distance calculation method is
Euclidean. To calculate the Euclidean use equation (13).

2
Euclidean;; = ELl(xfk'xjk) (13)

BB The KNN algorithm consists of 4 steps. In the first step,
calculate the distance of the new data to all data. The second
step, the distance will be sorted. The third step takes the
smallest k value and the last step is to determine the class

[11].

219




The 2™ East Indonesia Conference on Computer and Information Technology (EIConCIT) 2018

F.  Cross Validation

Cross-validation is a model validation technique to assess
how the results of the statistical analysis will generalize
independent datasets [26]. This technique is used to predict
the model and estimate how accurate a predictive model is
when it is run in practice. The use of cross-validation based
on the available data is not enough to partition into training
and testing data without losing significant modeling or
testing capabilities and limiting problems such as overfitting.

Owerall, cross-validation is combining the size of the
suitability (error prediction) by looking at the average value
of each round to get a more accurate prediction of the
performance of the prediction model.

G.  Accuracy Performances

Performance tests afffconducted to determine the
accuracy of the algorithm. Accuracy is the closerfE3 between
the prediction data and the actual data or the ratio of the
number of data classified correctly [27]. To calculate the
level of accuracy using equation (6).

TP+TN

accuracy = TN+FP+FN+TP

(14)

1) True Positive (TP): The test is detected having ASD
by @ model and so it is in the actual.

2) True Negative (TN): The test is detected not having
Asaand it is not in the actual.

3) False Positive (FP): The test is detected not having
Asabut it is not in the actual (i.e., having ASD).

4) False Negative (FN): The test is detected not having
ASD but it is having ASD in the actual.

III.  EXPERIMENTAL

A taset

The data used in this study were obtained from studies
conducted by Tabtah, Fadi [10]. The data set consists of 704
samples aged 17 years and over with 19 different attributes.
In the data set, there are 10 questions that are directly related
to ASD. All features and questions given in detail are shown
in Table L.

The output value of the dataset consists of two classes. 19
different features have been labeled as input values and
determine whether they have ASD or not. 0 value indicates
not having ASD', while 1 indicates "having ASD'.

Research Variable

Attribute

Description

TABLE L DESCRIPTION OF THE DATASET
Research Variable Attribute Description
Class Autistic 1=yes
Response Variable Spectrum Disorder 2=no
(ASD)
Age Number
1=Male
Gender 2= Female
. . 1 = Asian
Predictor Variable 2= Black
SR 3 = Hispanic
Ethnicity 4= Latino
5= Middle Eastem
6= Pasifika

7 = South Asian

8 = Turkish

9 = White-European
10=Others

Born with jaundice

1 =yes
2 =no

Family member with
PDD

1 =yes
2 =no

Who is completing the
test

I = Health care
professional

2 = Parent

3 = Relative

4 = Self

n Others

Country of residence

1 = Afghanistan
2 = AmericanSamoa
3 = Angola

4 = Argentina

5 = Armenia

6 = Aruba

7 = Australia

8 = Austria

9 = Azerbaijan
10 = Bahamas

11 = Bangladesh
12 = Belgum

13 = Bolivia

14 = Brazil

15 = Burundi

16 = Canada

17 = Chile

18 = China

19 = Costa Rica
20 = Czech Republic
21 = Cyprus

22 = Ecuador

23 = Egypt

24 = Ethiopia

25 = Finland

26 = France

27 = Germany
28 = Hong Kong
29 = Iceland

30 = India

31 = Indonesia
32 =TIran

33 =1Iraq

34 =Ireland

35 =Italy

36 = Japan

37 = Jordan

38 = Kazakhstan
39 = Lebanon
40 = Malaysia
41 = Mexico

42 = Nepal

43 = Netherands
44 = New Zealand

45 = Nicaragua
46 = Niger

47 = Oman

48 = Pakistan

49 = Philippines
50 = Portugal

51 = Romania

52 = Russia

53 = Saudi Arabia
54 = Serbia

55 = Sierra Leone
56 = South Africa

57 = Spain

58 = 5d Lanka
59 = Sweden
60 = Tonga

61 = Turkey
62 = Ukraine
63 =UAE
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Research Variable Attribute Deseription algorithm, the data will be divided into 9 k-fold so that it has
64 = United Kingdom 9 subsets of data for iteration withk =2, k=3, k=4, ... k=
65 = United States 9 and see the ideal k value in each algorithm.
66 = Uniguay
67 = Viet Nam
Used the screening 1= vyes IV. RESULT
app before 2=no . . . .
Scored (positive Number Thl‘s section  presents the ) re;;ults obtained from
number of questions) experiments using the Matlab application. Table II shows the
It often hears voices Number . . e
that others do not hear. performance of each classification method where the
It usually focuses on Number decision tree provides the best performance among other
the big picture by methods with 100% accuracy in all predetermined k values.
going out from small It is found that the number of iterations does not affect the
details. performance of the decision tree method.
It can easily follow the | Number
conversations of Linear Discriminant Analysis gives the best performance
d'ff_e"lem people in a atk =7 k=9, and k = 10 with 96.9% accuracy. The lowest
0 S0P accuracy when the value & = 2 is 96.3%. The number of
Can easily switch Number e . affects th . . “ this h h
between different iterations g_reatly at.ects the pertprmance of this met .ud_, the
activities. more iterations performed, the higher the accuracy of Linear
Does not know how to | Number Discriminant Analysis.
chat with her peers. L . . .
Good for everyday Number Logistic Regression provides the best accuracy of 99.7%
short chats. at k = 2 and k = 3. The valuc of k = 4 to k = 10 gives the
It difficult for the Number same accuracy of 99.6%. the more iterations are done, the
characters to lower the performance. This is influenced by the missing
:ﬁiszﬁ:i::};dm . data in the testing process so that the data cannot be
when he/she mdingi identified in the class 'having ASD' or 'not having ASD'.
story. achi e I :
He'she fikes to play Nomber Snuppurr Vector Machine provides the best accuracy of
games (role plays) that 99.9% at k = 9 and k& = 10. The small number of iterations
need to be imitated results in a performance that is not optimal, whereas a high
with other children number of iterations will improve the performance of the
during pre-school Support Vector Machine method. In this research, the use of
cducation. the kernel on the support vector machine is not optimal
ﬁf&i‘:;ﬂcﬁ :\?tilt};hev Number because it still uses one kemel function, namely a linear
think and feel by just lfeme_l, Inh the future, the impler_nenta_tiun of all kernel
looking at their faces. functions from support vector machine will be carried out.
It is difficult to make Number . . -
new friendships. K-Nearest Neighbors _pru\fldes the b:cst accuracy of
94.2% at k = &. The resulting accuracy varies depending on

B, K-fold cross- validation

K-fold cross-validation is used because it can reduce
computation time while maintaining the accuracy of
estimation accuracy [26]. To improve the accuracy of each

the number of iterations done so it needs to select the right
number of iterations to produce the best performance on K-
Nearest Neighbors.

TABLE 1. RESULT OF THE ALGORITHM FOR ALL K-FOLD VALIDATIONS
Accuracy (%)
Method
2 kefold 3 kefold 4 k=fold 5 k-fold 6 hefold 7 k=fold 8 k=fold 9 k-fold 10 k-firld
Tree 100 100 100 100 100 100 100 100 100
LDA 96.3 96.7 96.7 96.7 96.6 96.9 96.7 96.9 96.9
LR 99.7 99.7 99.6 99.6 99.6 99.6 99.6 99.6 99.6
SVM 973 99.3 989 99.3 99.4 99.6 99.4 99.9 99.9
KNN 028 94 93 93.8 92.9 933 94.2 93.9 92.9
102
100 = ——
9%
96
e —
92
90
-
2k- Ik 4k k- 6 k- T k- B k- Ik 10 k-
fold fold fold fold fold fold fold fold fold
—Tr0E LDA =—LR SVM KNN

Fig. 2. Performance Algorithm for all &-fold validation

221




The 2™ East Indonesia Conference on Computer and Information Technology (EIConCIT) 2018

V.  CONCLUSION

In this study, adult humans aged 17 years and over are
used as sample datasets by asking various questions related
to ASD to make a diagnosis using the classification method.
Five algorithms affised in the classification method, namely
Decision Tree, Linear Discriminant Analysis, Logistic
Regression, Support Vector Machine, and K-Nearest
Neighbors to see the level of accuracy and the application of
cross-validation techniques to see the best k-fold values in
each classification method. The Decision Tree gives an
accuracy of 100% in each of the k values that have been
determined previously. Linear Discriminant Analysis gives
the best performance at k = 7, k = 9, and k = 10 with 96.9%
accuracy. k = 2 and k = 3 with 99.7% accuracy for Logistic
Regression. £ = 9 and & = 10 with 99.9% accuracy for
Support Vector Machine and & = § with an accuracy of
94.2% for K-Nearest Neighbors. All classification ds
provide very satisfying performance, but Linear
Discriminant Analysis and support vector machine are
sensitive to small k wvalues. Logistic regression has
classification errors in the testing process, there are data that
cannot be identified in class and K-Nearest Neighbors
requires the selection of the number of iterations the right
one to produce the best performance.
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