a

NIaTInermansuazmalulad WnInedeauasivsidl U0 22 atufl 2 weunguaiay 3anau-2563

nsi3euiisuiniasdnsiseuiidndasuivatelunisiuenisdediauwaznisdutevasunsm
aenssAndanNlisunavasdaya
A Comparative Extreme Learning Machine to Predict the Maternal Mortality and Morbidity

with Imbalance Data

nwa1 ANAdN’" ATAR 9AEasEe? walains Tnwwug®

Kasama Dokduang!” Sarutte Atsawaraungsuk? and Piyapat Kosapan®

i auginaluladenavngsd WnIeaeigauastil
L 3Faculty of Industrial Technology, Ubon Ratchathani Rajabhat University
2AEATANERNS INTINEIREI1YAanIe1ll Snekied Jmingnssnil 41000
2Faculty of Education, Udon Thani Rajabhat University, Mueang District, Udon Thani, Thailand, 41000

“Email: kasama.d@ubru.ac.th
Received: Mar 27, 2020
Revised: Aug 17, 2020
Accepted: Aug 20, 2020

v

UNAnED
unauiiiinguszasdiiendunaudslunisvinenisidedinuas auinunfvesunsnfinenssdaigimatianisdy

q
= v

fhegreuuunan nsdivesdoyanindediawareuinunivesnsaiinanssdainnisdisavesesdniseundfelan Tul 2007 -
2008 Fafudeyaiifinnulsiauna Fennuliaunaiidulssduiivimelunsiniodoyaveinids Fagnidendt naigoud
anulsiaunavesana Vil ndemaiisudieieiouaranUsyninmuasuuunissuundoya dafu Sddvimadioudiey
Fumevdsiinanvarslunisudymnissuundeyaiiliauna widgmleglfinadavesnisduioisuuusig Ysznoudae
wedanisdudansiziiindiedig (SMOTE) uazwmadinn1sduandiade (Tomek Link) <~'5'1LLuﬂSﬁagaé’w%umaufﬁﬂ'ﬁﬁwLLuﬂ
Usznaudne C4.5, Tasstneimesignnsounuunastu (MLP), Naive Bayes uaziaiosdnsiFoudiSndaduussiandn 4 I ELM,
Circular ELM (CELM), g-Gaussian Extreme Learning Machine (QELM) waz o-Gaussian CELM (QCELM) Tun1sdnuunnisidedin
wazn1sdutheveunnidinsss Yaussavsnmlngldeiaugndes uazd1 G-mean nadwsiildagifiuindunouds eLm I
Uszdvsnmdianinduneuizsu q 1NAIAINUYNFDY WATUADUIS QELM axliUszansnmitadesiinuszansain G-mean
nadmsTldannsvinneazsliumddinmsinuldduuumdunmsnawunsinugiiesely

=

Frddey: iedoadnaFousidndein deyaiifimiliauna msdeTinuarerufinunfvesnsniinssd alun nwn G
Abstract

This paper aims to find an algorithm to predict maternal mortality and morbidity with a hybrid sampling
technique. Cases of maternal mortality and morbidity data from WHO global survey 2007-2008 which is imbalanced
data. This imbalanced data is the subject of challenge in data mining for researchers, called class imbalanced learning
(CIL), and leads to difficulties in machine learning and reduces the efficiency of classifiers. Therefore, we have compared
several algorithms to handle the imbalanced data classification problem using hybrid sampling technique which consists
in SMOTE and Tomek Link used to drive classification models of C4.5, MLP, Naive Bayes, and the several kinds of Extreme
Learning Machine (ELM) as follows: ELM, Circular ELM (CELM), g-Gaussian Extreme Learning Machine (QELM) and
g-Gaussian CELM (QCELM) to classify the maternal mortality and morbidity results using Accuracy and G-mean to
evaluated performance. Our results demonstrated that ELM show that the ELM algorithm outperformed the other
algorithms in Accuracy but QELM outperformed other algorithms by G-mean. This may be helpful in performing clinical

assessments.
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1. Introduction

More than 500,000 of 45 million pregnancy
women worldwide die from pregnancy complications
[1], [2]. Interestingly, approximately 90 % of maternal
mortality and morbidity were found in the developing
countries including Thailand. This is caused by the
insufficient health service in the rural area.

The maternal mortality and morbidity data were
necessary for the intelligence classification model
regarding to compare the proficiency between the
developed model and physician diagnosis. The data of
the WHO global survey 2007-2008 were collected by the
Reproductive age mortality survey (RAMOS) [3]. It is the
best way to evaluate the maternal mortality and
morbidity by collecting the factor of the maternal and
morbidity of the woman on the reproductive age.

The dataset of maternal mortality and morbidity
data is noisy as unbalanced data when contains more
samples from the one class than from the other classes.
The data level preprocessing approach is an important
process to deal with imbalance data. However, data
level approaches are independent of classifiers chosen.
We focus on the balanced distribution of classes. The
over-sampling approach which increasing the minority
class by randomly duplicate of positive samples. The
information taken from cases of patients diagnosed with
maternal mortality and morbidity data was imbalanced.
In supervised classification, the imbalance dataset is a
challenge for the research community in data mining
and is referred to as Class Imbalance Learning (CIL). The
classification tends to be biased towards the majority
class and the minority class is more likely to be
misclassified [8].

Chawla et al. proposed Synthetic Minority Over-
sampling Technique (SMOTE) which the minority class
over-sampled by generating synthetic samples rather
than replacement [4]. The under-sampling approach is
removing the samples of majority class that too close
from the decision boundary, which includes the
approach of Tomek Link or TLink, One-Sided Selection
(0OSS), and Neighborhood Cleaning Rule [5]. The hybrid
approaches combined two previous approaches as
SMOTE+Tomek Link [6].
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Sangaroon S. [7] has been using C4.5, MLP, and
Naive Bayes with SMOTE+Tomek Link to comparison
performance for risk classification model, used G-mean
to analyze the performance measurement imbalance
data. It produced better results than not using hybrid
approaches.

In order to improve the performance of ELM for
imbalanced data learning capability of the classical ELM
for imbalance data, several researches have proposed
results over the past few years. Guo, S. et al. [9] propose
an enhanced oversampling approach called CR-SMOTE
to enhance the classification of bug reports with a
realistically imbalanced severity distribution. The main
idea is to interpolate new instances into the minority
category that are near the center of existing samples in
that category. Then, we use an extreme learning
machine (ELM) — a feed-forward neural network with a
single layer of hidden nodes — to predict the bug
severity. Several experiments were conducted on three
datasets from real bug repositories, and the results
statistically indicate that the presented approach is
robust against real data imbalance when predicting the
severity of bug reports.

Extreme learning machine (ELM) proposed by
(101, [11] better

performance at a much faster learning speed than

Huang provides generalization
traditional learning algorithms, ELM is not designed to
handle the class imbalance problem as it minimizes
least-squares error along with regularization to obtain
the output layer weights [12]. The distribution of the
original data and new data with SMOTE+TL are used to
train learning models. Therefore, we propose ELM
algorithms with SMOTE+Tomek Link for the imbalance
problem in the content of predictive analysis of
maternal mortality and morbidity data to compare the
performance of a classification algorithm that was
proposed previously.

The rest of this paper is organized as follows:
section two describes the detail of ELM, CELM, QELM,
QCELM, and SMOTE+Tomek Link; section three explains
the experimental setup and the experimental results.

And the final section is the conclusion.



2. Maternal mortality and morbidity

This research and analytical study is aimed to
create and test a model for predicting the maternal
mortality and morbidity. The maternal mortality and
morbidity data used in the model were collected from
WHO global survey 2007-2008. This dataset is nominal

attributes and considered two-class maternal mortality

Table 1 The dataset detail

and morbidity (class yes) with 176 samples and no
maternal mortality and morbidity (class no) with 9,569
samples that cause imbalanced data. This data has
imbalance ratio = 48.83

The 9,745 records from the WHO global survey
2007-2008 is selected only Thailand cases. In the study
consisted of 18 attributes (the details in table 1).

Order Attribute name The values The number of attributes

1 Maternal age 16-35 8,205
<=16 1,307

>=35 233
2 Year of education <7 2,597
7-12 5,187
>12 1,961
3 Primiparaous Yes 4,698
No 5,047
[ Birth weight 2,500-4,000 7,074
<2,500 991

>4,000 207

5 History of neonatal death or still birth Yes 96
No 9,649

6 HIV Yes 116
No 9,629

7 Chronic hypertension Yes 60
No 9,685

8 Cardiac/Renal diseases Yes 28
No 9,717

9 Sickle cell anemia Yes 30
No 9,715

10 Other medical conditions Yes 190
No 9,715

11 Prelabour rupture of membranes Yes 726
No 9,555

12 Pregnancy included hypertension Yes 234
No 9,511

13 Pre-eclampsia Yes 210
No 9,535

14 Eclampsia Yes 12
No 9,733

15 Vaginal bleeding in 2™ half of pregnancy Yes 53
No 9,692

16 Any antenatal antibiotic treatment Yes 196
No 9,549

17 Referred for complication related to pregnancy Yes 648
or delivery No 9,097

18 Maternal mortality and morbidity (answer) Yes 176

No 9,569
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3. Evaluation matrices

In the two-class case with classes yes and no, a
single prediction has the four different possible
outcomes shown in Table 2. The overall success rate is
the number of correct classifications divided by the total
number of classifications [13] (equation 1).

A classifier achieves a good prediction score when

(equation 1); and specificity or TN rate is divided by the
total number of negative, which is TN+FP (equation 4), in
which TN (true negative), TP (true positive), FP (false
positive), and FN (false negative) are defined in table 2.
[14].

In this paper, we use Accuracy (equation 1), and

G-mean (equation 2) as performance evaluation

it gains high values for both sensitivities or TP rate is measures.
divided by the total number of positives, which is TP+FN
Table 2 Confusion Matrices for two-class
Predictive
Positive Negative
(class yes) (class no)
" » False Negative
Positive True Positive (TP)
(FN)
Actual
- " True Negative
Negative False Positive (FP)
(TN)
Preprocessing
SMOTE+Tomek Link
Original data
10-fold cross validation
Classifiers
v v v v v v v
cas | | Naive Raves | | MI P | | FI M | | CFIM | | OFI M | | OCFIM
| | | | | | |

'

Evaluation Matrices

Accuracy

G-mean

Figure 1 Overview of the Methodology
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4. Methodology
Figure 1 shows an overview of classification
algorithms with SMOTE+Tomek Link technique.

4.1 Hybrid Over-Sampling and Under-Sampling
SMOTE+Tomek-Link is a
through using SMOTE, removes only those samples that

hybrid  technique,

(c) Tomek Link

o o
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compose the Tomek link. Tomek link consists of two
samples that are the nearest neighbors, however, do not
the SMOTE
oversamples the original data set and then detects and

belong to same  class. technique

removes Tomek links. The result is a balanced data set
with well-defined class clusters [15] as demonstrated in

Figure 2

(b) SMOTE

(d) SMOTE+Tomek Link

Figure 2 Data in borderline of SMOTE+Tomek Link

(TP+TN)

Accuracy=

TP+EN+TN+FP

(1

G-mean= 1/5€nsitivityx5pecﬁccity 2)

By

Specificity (TN rate) =

4.2 Algorithms for Comparison and Parameter
4.2.1 C4.5
C4.5 is one of statistical classifiers which can
be used to generate decision tree. C4.5 developed by
Ross Quinlan [16]. It’s a top-down decision tree learner
extension of the ID3 algorithm. At each node predictive
and split node based on information gain as well as
ID3.Prune tree; Confidence factor = 0.25, Minimum of
instances per leaf = 2.
4.2.2 Multilayer Perceptron (MLP)
Multilayer Perceptron (MLP) is a type of
neural network with a multi-layered structure. There is a

supervised training strategies and a Backpropagation
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P
Sensitivity (TP rate) = —— (3)
TP+FN

(4)

TN+FP

process, which maps given input data to expected target
data. MLP consists of multiple layers of nodes in a
directed graph, each layer connecting fully to the next
[17]. Parameters used in the classifiers include: Learning
rate = 500,
threshold = 20.

4.2.3 Naive Bayes

0.3, Momentum = 0.2, training time =

Naive Bayes is a simple probabilistic classifier
that calculates a set of probabilities by counting the
frequency and combinations of values in a given data set,
which makes it fast and can handle discrete and
continuous attributes. Naive Bayes classification is based

on the assumption that the principle of maximum



posteriori hypothesis to identify the object that most
likely to be classified under the category. Bayes theorem
shows the relation between one conditional probability
and its inverse [18].

4.2.4 Extreme Learning Machine (ELM)

ELM has been reported by Huang et al
[10][11]. In his report, it has very fast training data
because of its structure. The SLFNs is the structure that
processes the input data to the result on straight toward
only and expand the size of the network or the number
of hidden nodes to get the best performance. Let N is
the number of samples that come into the ELM, the
samples can be written as follows (x, t), i = 1, 2, .., N
where x=(x,,X,..x,)ER" is training samples and
t= (t,l,t,z,‘..,t,m)ERC is the sample target (C is the
number of classes). Input layer of ELM contains the input
weights and biases that are generated by the random
numbers in the range [-1, 1] and [0, 1], respectively and
ELM can be written to the least square form as follows:

B=HT 5)

where [ z[ﬁjl,ﬁjz,...,ﬂjc]T,j:1,2,...,K is

output weights metric.
H'is the inverse of H from the Moore-Penrose

pseudo inverse by

H=h, =g(wxx+b) (6)

.
where W; =[Wj1,Wj2,...,WjD] is the input weight

and b; denote the input bias.

Parameters used in the classifiers include: Number of
hidden nodes = ‘sig
(sigmoidal).

)

500, Activation function =

4.2.5 Circular Extreme Learning Machine
The Circular
(CELM) [18] is the extended version of ELM which as the
same ELM and uses Back
Propagation (CBP) [19], [20] architecture. This allows
CELM can map both

boundaries. CELM has the same calculation as ELM, but

Extreme Learning Machine
Circular

structure as

linear and circular decision
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the input formulation is different. The CELM input
formulation can be computed as follows:
2 .
H=h =z(x -¢;| -b)i=12...K @

8

where Z.

)

(10)

b, - — [Z i

Wj,M +1 \ k=1 4Wj,M +1

.
W, =[wj1,wj2,...,ij]

and w.

i ma are the weight vectors.

bj and brj refers to the bias vectors.

4.2.6 QELM

QELM [21] is ELM using a different Gaussian
activation function called g-Gaussian activation function.
This activation function is in the hidden layer of QCELM

which can be written as follows:
1
e, (-[x—a]" /b?) =[L+ Q- a)(~[x—al /b)*  (11)
The success key of QCELM is to vary the parameter
g by training many CELMs. Then select the parameter g
that takes the CELM get to the highest training accuracy.
divided the

experimental in [17]) with heavy-tailed Gaussians for 1 <

The parameter g range s (follows
g < 3 and low-order polynomial functions for g = 0, 0.5.
4.2.7 QCELM
QCELM [22] is QELM in the CELM version that
changes the ELM input formulation to CELM input
formulation. The formulation can be computed as

follows:

1
@ fx —o,| ~b) =M1+ a-a)(z, [~ [ ~b)I 12



4.3 Experimental setup

This section will describe the experimental
details. The dataset is maternal mortality and morbidity
dataset obtained from the WHO global survey 2007-2008
(the details in table 1) that are used to test the
performance of methods. The 9,745 records from WHO
global survey 2007-2008 is selected only Thailand cases.
MATLAB version R2014a and keel implement the
method code. The 10-fold cross-validation method is
used to shuffle the train and test data. To finding the
best accuracy for each ELM, the optimal number of

hidden nodes is selected in the range 1-200.

5. Result and Discussion

The experimental results obtained from the Hybrid
Classification method, which is using the method of
solving the
performance of methods: C4.5, Naive Bayes, MLP, ELM,
QELM, CELM, and QCELM with SMOTE + Tomek Link and
without SMOTE + Tomek Link in the maternal mortality
Measured by TP
sensitivity, TN rate, G-mean, and Accuracy are shown in
table 3 and 4.

The resulting in all datasets have 16,998 samples

imbalanced data and to analyze

and morbidity dataset. rate or

consisting of two-class maternal mortality and morbidity
(class yes) with 8,594 samples and no maternal mortality
and morbidity (class no) with 8,404 samples, which make
the dataset balanced. The imbalanced ratio is 1.94.

Table 3 Summary of 10 fold cross validation perfor-
mances of simple Classification
Non-SMOTE+TL

Methods G- TP

Accuracy TN rate Avs.

mean  rate

C4.5 98.19 0 0 100 49.10
Naive 98.03 0 0 100 49.02
Bayes
MLP 94.74 100 47.37
ELM 97.98 100 48.99
(sigmoid)
QELM 97.98 100 48.99
CELM 97.98 100 48.99
(sigmoid)
QCELM 97.98 0 0 100 48.99
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From table 3, showed that all classifiers unable to
predict maternal mortality and morbidity, it has a
sensitivity or TP rate is 0% but the TN rate is 100%.
Despite the higher accuracy, but the G-mean = 0%,

indicating that the two classes are very unbalanced.

Table 4  Summary of 10 fold cross validation

performances with SMOTE+TL

SMOTE+TL
Methods  Accuracy G- TP TN Avg.
mean rate rate

ca.5 86.08 50.85 38.13 67.81 6847
Naive 76.29 5932 4355 80.80 67.81
Bayes
MLP 82.15 49.46 2726 89.08 65.81
ELM 91.68 58.46 36.84 9277 T75.07
(sigmoid)
QELM 81.06 65.52 52,63 8157 73.29
CELM 80.90 6539 5261 8146 73.15
(sigmoid)
QCELM 84.00 61.77 4500 8481 72.89

In table 4. The result of the methods with
SMOTE+TL, ELM is the highest average accuracy = 75.07
(Accuracy = 91.68, G-mean = 58.46, TP rate = 36.84 and
TN rate = 92.77), QELM has average = 73.29 (Accuracy =
81.06, G-mean= 65.52, TP rate = 52.63 and TN rate =
81.57), CELM has average = 73.15 (Accuracy = 80.90, G-
mean= 65.39, TP rate = 52.61 and TN rate = 81.46),
QCELM has average = 72.89 (Accuracy = 84.00, G-mean=
61.77, TP rate = 45.00 and TN rate = 84.81), C4.5 has
average = 68.47 (Accuracy = 86.08, G-mean= 50.85, TP
rate = 38.13 and TN rate = 67.81), Naive Bayes has
average = 67.81 (Accuracy = 76.29, G-mean = 59.32, TP
rate = 43.55 and TN rate = 80.80) MLP has average =
65.81 (Accuracy = 82.15, G-mean= 49.46, TP rate = 27.26
and TN rate = 89.08).

In general, we tend to expect confidence in the
detection of sensitivity and specificity, but when we
the tests

specificity, but when we add, the more sensitive

increase  sensitivity, tend to have less
detection is often a lower specificity. On the other hand,
higher specific tests tend to have the lowest sensitivity.

Sensitivity and specificity measurements in this research



show that high rates of TP indicate that there is a chance
of maternal mortality, while a high TN rate indicates that
there is no chance of maternal mortality.

This research studies the classification model to
predict the maternal mortality and morbidity. It’s consist
of C4.5, MLP, Naive Bayes, and the several kinds of
Extreme Learning Machine (ELM) as follows: ELM,
Circular ELM (CELM), g-Gaussian Extreme Learning
Machine (QELM) and g-Gaussian CELM (QCELM) with
hybrid the

measurement that is suitable for evaluating the

sampling and choose performance
performance of the predictive model which is G-mean
in order to compare with the measurement of the
accuracy. The most suitable model is ELM has the
highest average of accuracy and G-mean than Naive
Bayes (the method on the previous research proposed

[7]) highly to 14.53 percentages.

6. Conclusion

This paper aims to improve the intelligence
classification model in the machine learning part. That
can predict the maternal mortality and morbidity risk by
training the WHO global survey 2007-2008 data. In the
machine learning part, we compared algorithm to deal
with the data imbalance classification problem by
combining technique is the synthetic minority over-
sampling (SMOTE) and under-sampling (Tomek Link)
technique used to drive classifiers in performance of the
several kinds of Extreme Learning Machine (ELM) as
follows: ELM, Circular ELM (CELM), g-Gaussian Extreme
Learning Machine (QELM) and g-Gaussian CELM (QCELM)
using Accuracy and G-mean for evaluates performance.
The results of this paper show that the ELM (Sigmoid)
algorithm outperformed the other algorithms by average
accuracy, but QELM outperformed other algorithms by
G-mean.

However, the highest average of accuracy and G-
mean indicates that ELM is higher the average of
accuracy and G-mean than previous research [7] highly
to 14.53 percentages and suggested to use in the

intelligence classification model.
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