J. Info. Know. Mgmt. Downloaded from www.worldscientific.com

by NATIONAL UNIVERSITY OF SINGAPORE on 03/16/20. Re-use and distribution is strictly not permitted, except for Open Access articles.

World Scientific

Journal of Information & Knowledge Management \\’
www.worldscientific.com

Vol. 19, No. 1 (2020) 2040014 (16 pages)
© World Scientific Publishing Co.
DOI: 10.1142/50219649220400146

Data Imbalance in Autism Pre-Diagnosis
Classification Systems: An Experimental Study

Neda Abdelhamid
IT Programme
Auckland Institute of Studies
Auckland, New Zealand
nedah@ais.ac.nz

Arun Padmavathy
Digital Technologies
Manukau Institute of Technology
Auckland, New Zealand
janal2@manukaumail.com

Dayvid Peebles
Department of Psychology
University of Huddersfield

Queensgate, Huddersfield HD1 3DH, UK
d.peebles@hud.ac.uk

Fadi Thabtah* and Daymond Goulder-Horobin'
Digital Technologies
Manukau Institute of Technology
Auckland, New Zealand
*Fadi.fayez@manukau.ac.nz
Tgoul(S’()’@manukaumail.com

Published 11 March 2020

Abstract. Machine learning (ML) is a branch of computer science that is rapidly gaining popularity
within the healthcare arena due to its ability to explore large datasets to discover useful patterns that can
be interepreted for decision-making and prediction. ML techniques are used for the analysis of clinical
parameters and their combinations for prognosis, therapy planning and support and patient management
and wellbeing. In this research, we investigate a crucial problem associated with medical applications such
as autism spectrum disorder (ASD) data imbalances in which cases are far more than just controls in the
dataset. In autism diagnosis data, the number of possible instances is linked with one class, i.e. the no ASD
is larger than the ASD, and this may cause performance issues such as models favouring the majority class
and undermining the minority class. This research experimentally measures the impact of class imbalance
issue on the performance of different classifiers on real autism datasets when various data imbalance
approaches are utilised in the pre-processing phase. We employ oversampling techniques, such as Syn-
thetic Minority Oversampling (SMOTE), and undersampling with different classifiers including Naive
Bayes, RIPPER, C4.5 and Random Forest to measure the impact of these on the performance of the
models derived in terms of area under curve and other metrics. Results pinpoint that oversampling
techniques are superior to undersampling techniques, at least for the toddlers’ autism dataset that we
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consider, and suggest that further work should look at incorporating sampling techniques with feature
selection to generate models that do not overfit the dataset.

Keywords: Autism spectrum disorder; ASD screening; data imbalance; machine learning; undersampling;
oversampling; SMOTE.

1. Introduction

Autism Spectrum Disorder (ASD) is a neurodevelopmental disorder referring to
impairment in social interaction, verbal and non-verbal language, interests, activities
and a stereotyped restricted way of behaviour (Parellada et al., 2014; Thabtah et al.,
2019). These symptoms are generally seen in the early childhood period, but also in
older children and adolescents in some parts of the world. Children with autism do
not share their enjoyment of objects or pointing at and showing things to others
(Willemsen-Swinkels and Buitelaar, 2002). Often their facial expressions do not
reflect the things they are saying. They often avoid making eye contact and have
trouble with voice tone and not understanding the emotions and intentions of others
(Madipakkam et al., 2017). Restrictive and repetitive behaviours are also common
such as rocking their body, lining up or spinning objects, staring at lights, etc.
(Ravizza et al., 2017).

Preliminary treatment of ASD can reduce further development and provide rapid
access to necessary healthcare resources (Thabtah, 2018a). ASD is typically diag-
nosed by psychiatrists and clinicians using certain criteria as desseminated in the
Diagnostic and Statistical Manual of Mental Disorders Revision 5 (DSM-V)
(American Psychiatric Association, 2013). Individual strengths and weaknesses in
the area such as activities, behaviour, repetitive interest, social communication,
sensory processing and social interaction are assessed during the diganosis process in
a clinical setting (Thabtah, 2017a,b). This diagnosis involves two steps according to
Allison et al. (2008): the first step is screening, in which parents answer a series of
questions relating entirely to behavioural traits of the child (mental, physical, etc.).
The second stage is a comprehensive diagnostic evaluation conducted by a multi-
disciplinary team which gathers data using different methods like interviews and
observations based on DSM-V criteria.

ML provides techniques which are useful in prognostic and diagnostic problems in
a variety of medical fields (Bailey et al., 2019; Thabtah et al., 2020b). The clinical
parameters can be analysed with ML and their combination for prognosis; for ex-
ample, extraction for medical knowledge for outcome research, prediction of disease
progression, therapy planning and support and overall patient management. ML is
also a part of data analysis; it helps to find irregularities in the data and then
interpretation of the data is used in the Intensive Care Unit and Intelligent Alarming
offering rich results in an effective and efficient manner (Vellido et al., 2018). In the
healthcare environment, successful implementation of ML methods can help the
integration of computer-based systems, improving the work of medical experts and
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providing an opportunity to facilitate and improve the quality and efficiency of
medical care (Achenie et al., 2019; Thabtah and Peebles, 2019).

Health applications, such as autism diagnosis and screening, are often associated
with uneven datasets, in which one of the classes has low frequency in the dataset
(Chawla et al., 2002; Fernandez et al., 2017; Abdeljaber, 2019). In most ML algo-
rithms, the classifiers implicitly assume that the training dataset is balanced,
therefore standard classifiers usually derive models that are biased towards the
majority class (Estabrooks et al., 2004). ASD screening is a classic classification
problem that employs a supervised learning process to predict whether individuals
exhibit autistic traits, hence a labelled training data with somewhat balanced class
labels is needed. In autism screening, if the training dataset is imbalanced this may
cause high misclassification, especially in terms of false negatives (individuals who
are predicted not to be on the spectrum when they actually are) (Thabtah et al.,
2020a). These misclassifications may delay access to medical resources and cause a
long-term delay for individuals who are urgently needing medical intervention
(speech therapy, special education, medical care, etc.).

During the training phase of the classifier on an uneven dataset, the focus is
usually on the majority (instances that are not on the spectrum); the classifier may
overlook the minority class (instances which are on the spectrum) and conventional
evaluation metrics, such as error rate and accuracy, produce biased results. There-
fore, it is imperative to deal with the class imbalance issue either in the preliminary
phases (data-related treatments) or during building the classification model (algo-
rithms treatments) to maintain adequate models with a non-biased performance.
Data balancing can be employed using oversampling or undersampling techniques
(Chawla et al., 2002).

This research investigates the impact of class imbalance of ASD screening on the
performance of ML models derived by classifiers. In particular, we utilise over-
sampling and undersampling techniques and contrast their performance on an au-
tism classification system derived by different classification algorithms such as Naive
Bayes, Random forest, RIPPER and Decision Tree (C4.5) (Duda and Hart, 1973;
Quinlan, 1993; Cohen, 1995; Breiman, 2001). The research question we are trying to
answer is:

Can data imbalance sampling methods improve the classification performance
of autism detection in toddlers with respect to AUC and other evaluation
metrics?

We try to ascertain which sampling techniques provide the best predictive per-
formance for autism detection, if any, by contrasting a number of data imbalance
sampling techniques including SMOTE, random oversampling (ROS) and random
under-sampling (RUS), among others, on real datasets related to toddlers (Kubat
and Matwin, 1997; Chawla et al., 2002; Zhuoyuan et al., 2015).

The structure of this research includes the problem statement in Sec. 1, which is
followed by literature reviews on data imbalance and ASD screening using ML in
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Sec. 2. In Sec. 3, a data description of ASD dataset follows which includes details of
the attributes of the dataset. Experimental result analysis ensues in the subsequent
discussion in Sec. 4, and finally, conclusions are given in Sec. 5.

2. The Problem and Literature Review
2.1. The problem

Data imbalances cause a significant problem in classification as the performance of
classifiers processing uneven datasets is often biased towards the majority class
(Yang and Wu, 2006). Datasets related to autism screening are no exception as they
are normally imbalanced with respect to the response variable because instances are
normally linked with many more controls than cases (Thabtah, 2017a, 2017b,
2018a). So, during the building of the model, the classifiers often undermine the
minority class (having ASD), which decreases the performance of the classifier when
processing cases and controls to build classification models. Figure 1 depicts autism
screening and pinpoints the primary phases needed to deal with the class imbalance
issue.

2.2. Background on sampling techniques

Random oversampling is a method in which the minority class in the sample is
duplicated to the point where the class attribute is balanced. This is the baseline
method of oversampling a dataset, and the literature suggests that while this is the
simplest method, it often creates heavy overfitting in the dataset (Zhuoyuan et al.,
2015).

RUS resamples the dataset while ensuring that the class attribute is balanced.
The issue with this method is there is a potential loss of information if a significant
amount of undersampling needs to be done, especially in medical diagnosis to some
extent (Shelke et al., 2017).

SMOTE is one of the most common methods of oversampling a dataset aside from
the random method (Chawla et al., 2002). It works by using the K nearest neigh-
bours (KNN) clustering technique to cluster the dataset; this will randomly generate
synthetic examples between the neighbours in the sample rather than replicating
the instances to generate more realistic samples. For this project, because the
dataset has largely categorical variables, we have chosen to use SMOTE-NC which
is designed for both numeric and categorical attributes with a nominal class variable.

2.3. Literature review

Rahman and Davis (2013) and Li et al. (2010) compared ROS and the SMOTE
techniques to determine which offers better performance. Rahman and Davis (2013)
applied the two techniques in a trial-and-error fashion against a modified cluster-
based under-sampling method. Li et al. (2010) investigated undersampling to be able
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Fig. 1. ASD screening as a class imbalance problem.

to compare and then to present the superior classification methods. The authors
have used different datasets related to supervised learning applications.

Dittman et al. (2014) developed an ML method to classify genes based on
cancerous and non-cancerous, with datasets having a class imbalance with the mi-
nority class at 35%. The dataset used was from real world bioinformatics, genetics
and medical areas with more than 25 features. The authors used two classifiers:
K nearest neighbour and support vector machines (Hall et al., 2008; Cortes and
Vapnik, 1995) to build the model. After applying sampling techniques, the results
showed that RUS outperforms SMOTE and ROS. But the difference between the
best and the worst sampling techniques comparing AUC is < 0.01, and so there is
little statistical difference between the sampling techniques. Henceforth, the authors
recommended RUS as the preferred sampling technique due to less computational
cost than SMOTE.
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Dubey et al. (2013) investigated the class imbalance problem in Alzheimer’s
disease by using a Neuroimaging Initiative dataset. The dataset was obtained from
the Alzheimer’s Disease Neuroimaging Initiative (ADNI) database (ADNI, 1994),
which consists of MRI images and features. The two classifiers used included Ran-
dom Forest and Support Vector Machines (Cortes and Vapnik, 1995; Breiman,
2001), and the performance metrics used were AUC, sensitivity and specificity
measures. The results showed that the best performance was attained with the
undersampling technique based on K-Medoids technique, which is a variant of the
k-means algorithm.

El-Sayed et al. (2015) applied SMOTE imbalanced data on autism collected from
the National Research Centre in Egypt and attained higher performance. The
dataset consisted of data acquired from 36 questionnaires on social, communication
and restricted behaviours of adults. The data was imbalanced with 100 people with
autism belonging to the majority class and 15 non-autistic in the minority class. The
classifiers used were Sequential Minimal Optimisation (SMO), C4.5 and Naive Bayes
and Multi-Layer Perception Neural Network (Duda and Hart, 1973; Quinlan, 1993;
Platt, 1998; Haykin, 1999). The results showed that oversampling of imbalanced
data makes the model more reliable. Since the data used in the study is limited, more
cases and controls are needed and further testing is required.

In this research, an SMOTE was presented for handling autism-imbalanced data
to increase accuracy credibility. SMOTE can potentially lead to over-fitting on
multiple copies of minority class examples.

3. Data and Pre-Processing Phase

The dataset we are using for our analysis is retrieved from ASDTest (2017) and was
donated by Thabtah (2018b) (Baadel et al., 2020; Thabtah, 2019). The dataset
consists of 18 attributes and 1,054 instances. The attributes A1-A10 are 10 questions
based on a conventional medical screening questionnaire called Quantitative Check
List for Autism in Toddler (Q Chat-10) (Allison et al., 2012) (Table 1). The answers
to these questions are assigned as 0 and 1 based on respondents’ answers (details on
data transformation can be found in Thabtah and Peebles (2019) and Thabtah et al.
(2018). Score attribute is the total score obtained after adding all points for the
questions from A1-A10; if the score is more than three, the class value is assigned
“Yes” depicting the toddler has ASD, and if the score is less than three the value of
the class variable is “No” indicating that the toddler has no ASD traits. The at-
tribute Family ASD is historical data which tells whether any of the family members
of the child has any autism history.

The dataset is imbalanced with the majority class “Yes” (toddlers having ASD)
of 728 occurrences and minority class being “No” (toddlers having no ASD) with
326 occurrences. The classifier may be biased towards classifying a screening with
majority class “Yes”. “No” is the class that will be over-sampled during the
pre-processing step. To ensure we had fair training by the classifiers, we removed the
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Table 1. Description of the toddler dataset attributes.

Attribute Description Type

Al Does your child look at you when you call his/her Binary
name?

A2 How easy is it for you to get eye contact with your Binary
child

A3 Does your child point to indicate that he/she wants Binary
something?

A4 Does your child point to share interest with you? Binary

A5 Does your child pretend? Binary

A6 Does your child follow where you're looking? Binary

A7 If you or someone else in the family is visibly upset, Binary
does your child show signs of wanting to comfort
them?

A8 How would you describe your child’s first words? Binary

A9 Does your child use simple gestures? Binary

A10 Does your child stare at nothing with no apparent Binary
purpose?

Age Age of toddler Numeric

Score by Q-CHAT-10 1-10 (less than or equal 3 no ASD traits, greater than Numeric
3 ASD traits)

Sex Male or Female Character

Ethnicity List of common ethnicities in text format String

Born with Jaundice Whether the case was born with jaundice Boolean

Family Member with ASD history =~ Whether any immediate family member has a PDD Boolean

Class Whether individuals exhibit ASD traits Boolean

score attribute from the dataset, as the class attribute is directly derived from
the score.

3.1. Data pre-processing

First, the SMOTE technique in WEKA (Waikato Environment for Knowledge
Analysis) was applied using the SMOTE package to over-sample the minority class
so it would equal the majority class and make the class attribute balanced. For this,
the traditional setting of K-5 was assigned, which helps to find the number of K
clusters to generate the synthetic samples in the sample.

We did have some issues using SMOTE. It generated samples with a score three
or greater which would have been categorised as “Yes” in the original dataset,
potentially causing issues. Secondly, as the data have nominal values, the SMOTE
may not have worked as efficiently as possible. Even though the package in WEKA
can handle this, it may not be as good. We also created subsets using the WEKA tool
Spread Sub Sample and described the settings to ensure that the class balance was
1:1. This decreased the sample size but made the class balanced and gave us an
undersampled dataset for the analysis. We then created the randomly oversampled
dataset using the knowledge flow module in WEKA and validated the dataset using
visualisation.
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4. Experimental Analysis

(A) Experimental settings
For this research, we have used WEKA 3.8 which was developed by the University of
Waikato in New Zealand (Hall et al., 2009). It is an open-source, Java-based tool
that consists of a collection of data pre-processing and machine algorithms organised
inside packages. This tool is used for a variety of tasks such as regression, clustering,
association, data pre-processing, classification and limited visualisation. We used the
WEKA explorer module to run the classifiers and the Knowledge Flow module to
run the sampling techniques.

Experiments were run on a Windows 10 Operating system with an Intel
i7-6700HQ, 2.6 GHz of power and 16 GB of RAM.

(B) Classification algorithms used

We have used classification techniques in the experiments that adopt various
learning schemes, hence ensuring fair results analysis. The first classification tech-
nique that we used was the C4.5 (Quinlan, 1993) which is a type of Decision Tree
algorithm. A conventional Decision Tree algorithm performs based on the infor-
mation gain metric and displays results through a Hierarchical Tree Model of
Decisions and Outcomes. A Decision Tree can be good for predicting a target
variable and new data. Random Forest (Breiman, 2001) is another classification
technique we used that randomly generates Decisions Trees from random features
and uses the most accurate ones to produce its results. It can be used for
classification and regression problems.

We have also used Repeated Incremental Pruning to Produce Error Reduction
(RIPPER) (Cohen, 1995), which employs a propositional rule learning scheme to
produce a set of logic statements with a set of attributes and an outcome of the class.
Lastly, Naive Bayes (Duda and Hart, 1973) has been adopted which is a type of
probabilistic classifier that uses the independence of the attribute’s assumption to
predict test data based on observed probabilities of the test data attributes’ values
within the training dataset.

(C) Evaluation metrics used

To evaluate the performance of our model, we have used the Confusion Matrix
(Fawcett, 2006) (Table 2). Sensitivity (SN) (Eq. (1)) is determined as the quantity
of correct positive predictions divided by the total number of positives. Specificity
(SP), also known as the true negative rate (TNR) (Eq. (2)), correctly identifies the

Table 2. Confusion matrix for ASD screening problem.

Actual class value Predicted class value

ASD No-ASD
ASD True positive (TP)  False negative (FN)
No-ASD False positive (FP)  True negative (TN)
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number of negatives from the total number of negatives. Likewise, Precision (PR)
(Eq. (3)) is determined as the quantity of correct positive predictions divided by the
absolute number of positive predictions. It is additionally called positive predictive
value (PPV).

Area under curve — precision and recall (AUC-PR) (Eq. (4)) is one of the main
measures we will be using, rather than accuracy, for evaluating the models due to the
class imbalance problem. The AUC-PR uses both the precision and recall statistics
and plots it on a curve. As the SN increases, the PR can only decrease as more
weighting is put on the positive class based on various thresholds. False positive rate
(FPR) (Eq. (5)) denotes the quantity of inaccurate positive predictions partitioned
by the complete number of negatives:

TP
e TN
SpeCIfICIty (SP) (TNR) = m, (2)
TP
Precision (PR)/PPR = m, (3)
P — 1
AUC-PR — %, (4)
False positive rate (FPR) = P (5)
Se positive rate _FP—|—TN

Matthews’ correlation coefficient (MCC) (Eq. (6)) is used in ML evaluation to
measure the quality of a binary classifier. The value can range from —1, which indicates
a complete disagreement between the predicted and the actual values, and 1 which
indicates perfect prediction. MCC is generally considered to be more informative than
accuracy, as it takes into account the balance of the confusion matrix between the FP,
FN, TP and TN and thus is more useful with an imbalanced class attribute:

(TP + TN) — (FP % FN)
/(TP + FP)(TP + FN)(TN + FP)(TN + FN) |

MCC = (6)

4.1. Results analysis

Tables 3—6 depict results derived by the different classification algorithms from the
original toddler dataset and from different data versions after applying SMOTE,
ROS and RUS techniques. Based on the figures in the tables, it can be seen that the
AUC-PR rate has increased significantly for all the classification models when
sampling techniques have been applied to the autism dataset. In particular, models
derived by the Naive Bayes classifier showed superiority in terms of AUC-PR with
99.80% in predicting autistic traits, especially when the SMOTE technique was
applied in the pre-processing phase. Similarly, ROC results have also increased after
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Table 3. Metric comparison of original dataset.

Classifier Original

SN (%) SP (%)  F-measure (%) AUC-ROC (%) AUC-PR (%)

C4.5 92.30 93.70 92.30 92.50 90.80
Random Forest 95.30 96.00 95.20 99.20 99.30
RIPPER 92.40 95.80 92.50 94.80 94.50
Naive Bayes 96.20 99.40 96.30 99.70 99.70

Table 4. Metric comparison after applying SMOTE.

Classifier SMOTE

SN (%) SP (%) F-measure (%) AUC-ROC (%) AUC-PR (%)

C4.5 94.30 93.80 94.30 94.70 92.20
Random Forest 97.00 97.30 97.00 99.70 99.70
RIPPER 94.80 93.60 94.80 97.20 96.30
Naive Bayes 98.80 97.00 97.00 99.80 99.80

Table 5. Metric comparison after applying RUS.

Classifier RUS

SN (%) SP (%) F-measure (%) AUC-ROC (%) AUC-PR (%)

C4.5 92.30 93.30 92.30 93.00 90.10
Random Forest 94.50 92.90 94.50 99.30 99.30
RIPPER 92.20 93.30 92.20 94.10 92.00
Naive Bayes 96.90 99.90 96.90 99.60 99.70

Table 6. Metric comparison after applying ROS.

Classifier ROS
SN (%) SP (%) F-measure (%) ROC-AUC (%) PR-AUC (%)

C4.5 94.80 96.80 94.80 96.70 95.70
Random Forest 97.50 98.50 97.50 99.90 99.90
RIPPER 95.50 96.80 95.50 97.30 96.40
Naive Bayes 96.40 99.90 96.40 99.70 99.70

applying sampling techniques. The specificity rate derived by the Naive Bayes
classifier was 1.0 when Random with RUS and ROS was applied in the pre-pro-
cessing phase, which pinpoints the impact uneven class labels may have on autism
screening systems.
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The harmonic mean of precision and recall (F-measure) (Eq. (7)) achieved its
highest value of 0.970 when SMOTE was applied with the Naive Bayes classifier on
the toddler dataset. While calculating F-measure, the confusion matrix evaluation
metrics TP, TN, FP and FN are considered. In ASD screening, non-recognition of
ASD or FN can lead to a disastrous error rather than FP error which can be cor-
rected by re-diagnosis. Since the F-measure considers both precision and recall, it is
a relatively better performance metric. For all the classifiers applied after sampling
methods, the F-measure results derived by their models have shown an increase of
2% on an average when compared withF-measure rates obtained by the same
classifiers from the original dataset and without sampling.

Precision x Recall
F- =2 2. 7
seore Precision 4+ Recall (™)

The AUC-ROC curve obtained by plotting TPR against FPR has also shown an
increase of 2.3% for the RIPPER classifier while applying SMOTE on the toddler
dataset. Interestingly, all the values for AUC-ROC by the classifiers were found to be
> 95% when using SMOTE and ROS techniques; this highlights that the models are
statistically sound. If we rank the results of the AUC-ROC for the same set of
learners and samplers, it can be seen that RIPPER always derived higher AUC-ROC
except in one case when RUS was applied in the pre-processing phase. This reveals
that rule induction approaches such as RIPPER are less superior than a simple
probabilistic classifier such as Naive Bayes at least when sampling techniques were
applied at the toddler autism dataset. This also indicates that the RIPPER may be
sensitive to class imbalances especially in distinguishing between the positive and
negative class labels. Similarly, the results of AUC-PR and AUC-ROC for all lear-
ners and samplers were similar except when RUS was applied. One interesting note
based on the results obtained is that the sampled dataset’s results were different
from those obtained by the same classifiers on the original dataset, which reveals
how vital it is to balance the data before learning models, at least on the autism
screening application we consider.

We tested two additional classifiers (k-nearest neighbours — KNN and PART)
(Cover and Hart, 1967; Frank and Witten, 1998) to verify earliest classifications
results when using resampling methods and in terms of SP and SN rates. The results
obtained againist the different resampling datasets revealed that SP rate of both
KNN and PART is at maximum when ROS method was used to pre-process the
autism dataset. Moreover, the SN rate produced by PART classifier is also the
highest when ROS was used to pre-process the dataset. However, the SN rate when
KNN classifier is derived was the highest when SMOTE resampling method was
used. Nevertheless, results clearly pinpointed consistency that oversampling meth-
ods have indeed improved the perfornance when sampled the autism dataset re-
gardless the type of classifiers used at least on the classification algorithms we
cosnidered in this research.
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Table 7. MCC results obtained by the learners.

Mathews’ correlation coefficient — Original SMOTE ROS RUS
C4.5 82.70 87.60 91.00  81.60
Random Forest 88.80 93.70 95.20  89.00
RIPPER 86.70 91.60 93.60  85.00
Naive Bayes 91.80 94.00 93.10  94.00

We have included the MCC in the results (Table 7) to show the effectiveness of
the learnt autism screening models. The derived results of the MCC show that the
best models in terms of MCC have been obtained when the combination of ROS and
Random Forest classifier has been used. However, when the original dataset
was processed without any sampling, Naive Bayes maintained superiority over
the remaining classifiers. Overall, when sampling techniques were applied, most
classifiers produced good MCC results when compared with processing the
original dataset without sampling except in one case, i.e. when RIPPER was applied
with RUS.

Overall, KNN, PART, Naive Bayes and Random Forest classifiers appear to work
well with the SMOTE and ROS sampling methods to deal with the imbalanced issue
on the toddler dataset; this was consistent for most evaluation metrics results
(Table 8). Most results obtained, according to the evaluation metrics, show that
sampling techniques have the performance of the classifiers when compared with
those obtained without sampling, i.e. original dataset. Based on the results gener-
ated, Random Forest with ROS produced the best model with reasonable balance,
though not a perfectly balanced classifier. If wanting to compromise on accuracy
with a more balanced classifier, then we recommend Random Forest with SMOTE
which will produce a balanced classifier. The Naive Bayes classifier has increased the
reliability of classification while applying the sampling techniques. Using SMOTE,

Table 8. KNN and PART algorithms performance
using different resampling methods.

Resampling method SN (%) SP (%)
KNN classifier

RUS 95.10 92.41

ROS 96.60 99.74

SMOTE 98.62 94.26

No resampling 96.76 88.59
PART classifier

RUS 96.83 94.04

ROS 96.70 98.29

SMOTE 97.47 96.01

No resampling 96.96 92.54
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Fig. 2. Comparison of AUC-PR for RIPPER and Naive Bayes Classifiers with SMOTE.

there were only 43 misclassified instances, while using ROS there were 53 mis-
classified instances despite that the FPR of oversampled data was 0. It is notable
that the FPR and FNR have significantly reduced when sampling techniques are
applied on the toddler autism dataset. Finally, the AUC-PR for the best two clas-
sifiers when SMOTE was used have been depicted in Fig. 2.

5. Conclusions

Class imbalance is one of the most persistent problems when dealing with medical
and bioinformatics datasets since the classifiers tend to increase accuracy which is
biased on the majority class. Data sampling techniques are used to overcome this
problem in which instances are added or removed from the existing dataset to adjust
the class ratio. In this research, we investigate one crucial behavioural application
that often contains imbalance class — autism, to reveal the true classification per-
formance of classifiers in the presence of class imbalance. To achieve the aim, dif-
ferent sampling methods (SMOTE, ROS, RUS) with four classifiers (Naive Bayes,
C4.5, RIPPER, Random Forest) have been experimentally contrasted to pinpoint
the impact of sampling on autism screening applications. The results derived from a
real screening dataset relating to toddlers, with respect to different evaluation
metrics, showed that ROS helps classifiers to derive superior results with respect to
SN, SP, AUC, and F-score followed by SMOTE, at least on the toddler dataset. The
overall results pinpoint that sampling techniques improve the classifier’s perfor-
mance and ensured balanced classifiers have been obtained through the evaluation of
the models using AUC-PR and AUC-ROC. However, the best sampling method to
apply will depend on which classifier has been employed as there were some result
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variations. For instance, if Random Forest is utilised, then ROS is the best sampling
to use; if Naive Bayes is used, then SMOTE seems more appropriate for the dataset
we considered.

There are many ways to move forward, such as it may be good to compare the
variations of SMOTE, to see what impact it has had on many different versions of
the autism dataset. There is also an opportunity to explore further cost-based
classification, which was not covered in this research, or to consider Boosting
methods like ADABoost and LogitBoost, to have them weigh the class attributes
and see how they handle the original as well as potentially sampled datasets.

References

Abdeljaber, TF (2019). Detecting autistic traits using computational intelligence and machine
learning techniques. Master of Research thesis, Psychology Department, School of Health,
University of Huddersfield.

Achenie, L, A Scarpa, R Factor, T Wang, D Robins and D McCrickard (2019). A machine
learning strategy for autism screening in toddlers. Journal of Developmental and Behavioral
Pediatrics, 40(5), 369-376. doi:10.1097/DBP.0000000000000668.

ADNI (1994). Available at http://adni.loni.usc.edu/data-samples/adni-data-inventory/.

Allison, C, B Auyeung and S Baron-Cohen (2012). Toward brief “Red Flags” for autism
screening: The Short Autism Spectrum Quotient and the Short Quantitative Checklist for
Autism in toddlers in 1,000 cases and 3,000 controls. Journal of the American Academy of
Child and Adolescent Psychiatry, 51(2), 202-212. doi:10.1016/j.jaac.2011.11.003.

Allison, C, S Baron-Cohen, S Wheelwright, T Charman, J Richler, G Pasco and C Brayne
(2008). The Q-CHAT (Quantitative CHecklist for Autism in Toddlers): A normally dis-
tributed quantitative measure of autistic traits at 18—-24 months of age: Preliminary report.
Journal of Autism and Developmental Disorders, 38(8), 1414-1425. doi:10.1007/s10803-
007-0509-7.

American Psychiatric Association (2013). Diagnostic and Statistical Manual of Mental
Disorders, 5th edn., United States. Available at https://doi.org/10.1176/appi.books.
9780890425596.

Baadel, S, F Thabtah and J Lu (2020). A clustering approach for autistic trait classification.
Informatics for Health and Social Care. Available at https://doi.org/10.1080/
17538157.2019.1687482.

Bailey, T, F Thabtah, M Wright and DA Tran (2019). FoodKnight: A mobile educational
game and analyses of obesity awareness in children. Health Informatics Journal. Available
at https://doi.org/10.1177/1460458219888405.

Breiman, L (2001). Random forests. Machine Learning, 45, 5-32. Available at https://doi.
org/10.1023/A:1010933404324.

Chawla, N, K Bowyer, L Hall and W Kegelmeye (2002). SMOTE: Synthetic minority over-
sampling technique. Journal of Artificial Intelligence Research, 16, 321-357. Available at
https://doi.org/10.1613/jair.953.

Cohen, WW (1995). Fast effective rule induction. In Proceedings of the Twelfth International
Conference on Machine Learning, pp. 115-123.

Cortes, C and V Vapnik (1995). Support-vector networks. Machine Learning, 20, 273-297.
doi:10.1007/BF00994018.

Cover, T and P Hart (1967). Nearest neighbor pattern classification. IEEE Transactions on
Information Theory, 13(1), 21-27.

2040014-14



J. Info. Know. Mgmt. Downloaded from www.worldscientific.com

by NATIONAL UNIVERSITY OF SINGAPORE on 03/16/20. Re-use and distribution is strictly not permitted, except for Open Access articles.

Data Imbalance in Autism Pre-Diagnosis Classification Systems: An Ezperimental Study

Dittman, DJ, TM Khoshgoftaar, R Wald and A Napolitano (2014). Comparison of data
sampling approaches for imbalanced bioinformatics data. In The Twenty-Seventh Inter-
national Flairs Conference, pp. 268-271. AAATI Publications.

Dubey, R, J Zhou, Y Wang, PM Thompson and J Ye (2013). Analysis of sampling techniques
for imbalanced data: An N = 648 ADNI study. Neuroimage, 87, 220-241. doi:10.1016/].
neuroimage.2013.10.005.

Duda, RO and PE Hart (1973). Pattern Classification and Scene Analysis. New York: Wiley-
Interscience Publication.

El-Sayed, AA, NA Meguid, MA Mahmood and HA Hefny (2015). Handling autism imbal-
anced data using syntheticminority over-sampling technique (SMOTE). In 2015 Third
World Conference on Complex Systems (WCCS), pp. 1-5. d0i:10.1109/ICoCS.2015.7483267.

Estabrooks, A, T Jo and N Japkowicz (2004). A multiple resampling method for learning from
imbalanced data sets. Computational Intelligence, 20(1), 18-36. doi:https://doi.org/
10.1111/;.0824-7935.2004.t01-1-00228.x.

Fernandez, A, SD Rio, NV Chawla and F Herrera (2017). An insight into imbalanced Big
Data classification: Outcomes and challenges. Complex and Intelligent Systems, 3, 105-120.
Available at https://doi.org/10.1007/s40747-017-0037-9.

Frank, F and TH Witten (1998). Generating accurate rule sets without global optimization. In
Fifteenth International Conference on Machine Learning, pp. 144-151.

Hall, M, E Frank, G Holmes, B Pfahringer, P Reutemann and ITH Witten (2009). The WEKA
data mining software: An update. SIGKDD Explorations Newsletter. doi:10.1145/
1656274.1656278.

Hall P, B Park and R Samworth (2008). Choice of neighbor order in nearest-neighbor clas-
sification. Annals of Statistics, 5, 2135-2152.

Haykin, S (1999). Neural Networks: A Comprehensive Foundation. USA: Prentice Hall.

Kubat, M and S Matwin (1997). Addressing the curse of imbalanced training sets: One-sided
selection. In International Conference on Machine Learning, pp. 179-186. Nashville,
Tennesse: Morgan Kaufmann.

Li, D, C Liu and S Hu (2010). A learning method for the class imbalance problem with medical
data sets. Computers in Biology and Medicine, 40(5), 509-518.

Madipakkam, AR, M Rothkirch, I Dziobek and P Sterzer (2017). Unconscious avoidance of
eye contact in autism spectrum disorder. Scientific Reports, 7, 13378. doi:10.1038/s41598-
017-13945-5.

Parellada, M, MJ Penzol, L Pina, C Moreno, E Gonzalez-Vioque, G Zalsman and C Arango
(2014). The neurobiology of autism spectrum disorders. Furopean Psychiatry, 29(1), 11-19.
doi:10.1016 /j.eurpsy.2013.02.005.

Platt, JC (1998). Sequential minimal optimization: A fast algorithm for training support
vector machines. Microsoft Research. doi:10.1.1.43.4376.

Quinlan, JR (1993). C4.5: Programs for Machine Learning. USA: Morgan Kaufmann
Publishers.

Rahman, M and D Davis (2013). Addressing the class imbalance problem in medical datasets.
International Journal of Machine Learning and Computing, 3(2), 224-228.

Ravizza, SM, M Solomon, RB Ivry and CS Carterb (2017). Restricted and repetitive behaviors
in autism spectrum disorders: The relationship of attention and motor deficits. Develop-
ment and Psychopathology, 25(3), 773-784. doi:10.1017/S0954579413000163.

Shelke, MS, PR Deshmukh and VK Shandilya (2017). A review on imbalanced data handling
using undersampling and oversampling technique. International Journal of Recent Trends
in Engineering and Research, 3(4), 444-449.

Thabtah, F (2017a). ASDTest. Available at https://play.google.com/store/apps/details?
id=com.asd.asdquiz&hl=en. Accessed on 5 February 2019.

2040014-15



J. Info. Know. Mgmt. Downloaded from www.worldscientific.com

by NATIONAL UNIVERSITY OF SINGAPORE on 03/16/20. Re-use and distribution is strictly not permitted, except for Open Access articles.

N. Abdelhamid et al.

Thabtah, F (2017b). Autism spectrum disorder screening: Machine learning adaptation and
DSM-5 fulfillment. In Proceedings of the 1st International Conference on Medical and
Health Informatics 2017, Taiwan, pp. 1-6.

Thabtah, F (2018a). Machine learning in autistic spectrum disorder behavioral research: A
review and ways forward. Informatics for Health and Social Care, 43(2), 1-20.

Thabtah, F (2018b). An accessible and efficient autism screening method for behavioural data
and predictive analyses. Health Informatics Journal. doi:10.1177/1460458218796636.

Thabtah, F, F Kamalov and K Rajab (2018). A new computational intelligence approach to
detect autistic features for autism screening. International Journal of Medical Infromatics,
117, 112-124.

Thabtah, F and D Peebles (2019). A new machine learning model based on induction of rules
for autism detection. Health Informatics Journal. doi:10.1177/1460458218824711.

Thabtah, F, N Abdelhamid and D Peebles (2019). A machine learning autism classification
based on logistic regression analysis. Health Information Science and Systems, 7(1), 12.

Thabtah, F, S Hammoud, F Kamalov and A Gonsalves (2020a). Data imbalance in classifi-
cation: Experimental evaluation. Information Sciences, 513, 429-441.

Thabtah, F, E Mampusti, D Peebles and R Herradura (2020b). A mobile-based screening
system for data analyses of early dementia traits detection. Journal of Medical Systems,
44(1), 24.

TomFawcett (2006). An introduction to ROC analysis. ScienceDirect. Available at https://
doi.org/10.1016/j.patrec.2005.10.010.

Vellido, A, V Ribas, C Morales, AR Sanmartin, and JC Rodriguez (2018). Machine learning in
critical care: State-of-the-art and a sepsis case study. Biomedical Engineering Online,
17(Suppl. 1), 135. doi:10.1186/s12938-018-0569-2.

Willemsen-Swinkels, SH and JK Buitelaar (2002). The autistic spectrum: Subgroups,
boundaries, and treatment. PlumX Metrics, 25(4), 811-836. Available at https://doi.org/
10.1016,/S0193-953X(02)00020-5.

Yang, Q and X Wu (2006). 10 challenge problems in data mining research. International
Journal of Information Technology and Decision Making, 5(4), 597-604.

Zhuoyuan, Z, C Yunpeng and L Ye (2015). Oversampling method for imbalanced classifica-
tion. Computing and Informatics, 34(5), 1017-1037.

2040014-16



	Data Imbalance in Autism Pre-Diagnosis Classification Systems: An Experimental Study
	1. Introduction
	2. The Problem and Literature Review
	2.1. The problem
	2.2. Background on sampling techniques
	2.3. Literature review

	3. Data and Pre-Processing Phase
	3.1. Data pre-processing

	4. Experimental Analysis
	4.1. Results analysis

	5. Conclusions
	References



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments true
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 900
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages false
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages false
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<

    /BGR <>
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e9ad88d2891cf76845370524d53705237300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc9ad854c18cea76845370524d5370523786557406300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /CZE <>
    /DAN <>
    /DEU <>
    /ESP <>
    /ETI <>
    /FRA <>
    /GRE <>

    /HRV (Za stvaranje Adobe PDF dokumenata najpogodnijih za visokokvalitetni ispis prije tiskanja koristite ove postavke.  Stvoreni PDF dokumenti mogu se otvoriti Acrobat i Adobe Reader 5.0 i kasnijim verzijama.)
    /HUN <>
    /ITA <>
    /JPN <FEFF9ad854c18cea306a30d730ea30d730ec30b951fa529b7528002000410064006f0062006500200050004400460020658766f8306e4f5c6210306b4f7f75283057307e305930023053306e8a2d5b9a30674f5c62103055308c305f0020005000440046002030d530a130a430eb306f3001004100630072006f0062006100740020304a30883073002000410064006f00620065002000520065006100640065007200200035002e003000204ee5964d3067958b304f30533068304c3067304d307e305930023053306e8a2d5b9a306b306f30d530a930f330c8306e57cb30818fbc307f304c5fc59808306730593002>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020ace0d488c9c80020c2dcd5d80020c778c1c4c5d00020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /LTH <>
    /LVI <>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken die zijn geoptimaliseerd voor prepress-afdrukken van hoge kwaliteit. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /POL <>
    /PTB <>
    /RUM <>
    /RUS <>
    /SKY <>
    /SLV <>
    /SUO <>
    /SVE <>
    /TUR <>
    /UKR <>
    /ENU (Use these settings to create Adobe PDF documents best suited for high-quality prepress printing.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /ConvertToCMYK
      /DestinationProfileName ()
      /DestinationProfileSelector /DocumentCMYK
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure false
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles false
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /DocumentCMYK
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /UseDocumentProfile
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


