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ABSTRACT

The triple test is a screening test (blood test) used to calculate
the probability of a pregnant woman having a fetus that has
a chromosomal abnormality like Down Syndrome (DS). AFP
(Alpha-Fetoprotein), hCG (Human Chorionic Gonadotropin),
and uE3 (Unconjugated Estriol) values in the blood sample of
pregnant women are computed and compared with the similar
real records where the outputs (healthy fetus or a fetus with DS)
are actually known. The likelihood of the indicators is used to
calculate the probability of having a fetus with chromosomal
abnormality like DS. However, high false positive rate of the
triple test has been a problematic issue. One of the reasons of
the high false positives is the differences in the norm values of
indicators for the pregnant women from different geographical
regions of a country. We use 81 patient records retrieved from
Sahinbey Training and Research Hospital of Gaziantep
University; Turkey. In our study, nine different classification
algorithms were trained based on triple test indicators.
Multilayer perceptron outperformed with 94.24% detection
rate and 13% false positive rate. The multilayer perceptron can
predict the outcome of triple test with a high level of accuracy
and fewer patients are suggested for amniocentesis. This study
is the first study using the MLP model for Turkish triple test data.
Regional MLP models can eliminate the bias due to local biolo-
gical differences.

Introduction

One of the most common chromosomal defect in fetuses is known to be Down
Syndrome (DS or trisomy 21) (Shurtz, Brzezinski, and Frumkin 2016). DS
does significantly impact both quality and length of life of individuals having
this abnormality (Temming and Macones 2016) and their families. In this
respect, it has been important for pregnant to be informed about DS existence
before the birth. Various maternal serum biomarkers with or without ultra-
sonography measurement are commonly used for DS screening (Okem et al.
2017). Measurement of maternal serum alphafetoprotein (AFP), human
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chorionic gonadotrophin (hCG), and unconjugated estriol (uE3) at the begin-
ning of the second trimester of pregnancy (called as triple test) is a well-
established screening test for DS (trisomy 21) (Witters et al. 2001). It is a blood
test typically performed during the second trimester (Shurtz, Brzezinski, and
Frumkin 2016) and these three markers are used in combination to modify the
maternal age-related risk of DS (Founds 2014) and thus determine individual
risk of fetal DS (Shaw, Chen, and Cheng 2013). In the calculation of associated
risk, maternal age-related risk is multiplied by likelihood ratios, determined
according to the deviation of the measured levels of three markers from the
expected median values. Most of existing approaches use posterior probabil-
ities based on the median and the standard deviation of the markers, or by
using a suitable multivariate statistical approach (Neocleous, Nicolaides, and
Schizas 2016). Screening results that are equal to or greater than 1:274 (the risk
of a 35-year-old for fetal Down syndrome at the second trimester) are accepted
as positive (Phillips et al. 1992).

On the other hand, noninvasive identification of fetuses with DS is
a diagnostic challenge (Yagel et al. 1998). Even though there have been some
modifications in the method of prenatal screening over the last few years to
increase the accuracy of the used method (Kaur et al. 2013) the best detection
rate was obtained with four maker test which is 65% for 5% false positive rate
(Wald et al. 1994). If gestational age is included (obtained via ultrasound scan)
then detection rate increases to 72% with the same false positive rate. An
abnormal screening result usually ends with suggestion of chromosomal
analysis of amniotic fluid (amniocentesis) which is considered as confirmatory
follow-up test (Tamminga et al. 2016). Fatal loss risk of amniocentesis is not
outweighed by the rate of adverse obstetrical outcome induced by amniocent-
esis (Muller et al. 2002). However there is still a risk associated with amnio-
centesis. Increasing the accuracy of detection rate of screening tests can be
assistive to avoid risks associated with amniocentesis. Predictive classification
with triple test data refers to the assignment of a particular unknown blood
sample to a DS class based on its similarity to certain quantitative patterns
from learning data set. This classification can be performed by a training
predictive classifier, like a neural network classifier. Neural networks provide
an effective and promising platform for medical data analysis and especially
classification, since they allow us to solve rather complicated classification
tasks (Autio, Juhola, and Laurikkala 2007).

It is expected to be useful to employ neural network classifiers while the
detection rate is low to recognize DS by traditional statistical approaches. In
this paper, we propose a specific type of neural networks (Paiva, Cardoso, and
Pereira 2018), multilayer perceptron model, to predict risk of DS in a more
accurate manner.

The remainder of this paper is organized as follows: In Section 2,
a description of the data and the methodology employed is presented.



900 A. DURMUSOGLU ET AL.

Section 3 shows the results obtained. Discussion and conclusion are presented
in Sections 4.

Markers of Triple Test

Screening methods needs to be planned and organized to be applied as
routine clinical practice. This process covers selection of markers which
there is sufficient scientific evidence of efficacy, quantifying performance in
terms of detection and false positive rates (Wald et al. 1997). There are
different markers which have been proven to be important for prenatal
screening. One of these markers is maternal serum alpha-fetoprotein.
Lower level of maternal serum AFP values has been associated with the
increased risk for DS. Almost 35% of Down’s syndrome in fetuses can be
identified by measuring maternal serum alpha-fetoprotein during the second
trimester in the general population of pregnant women (Haddow et al.
1992). In the late 1980s, high levels of another serum marker, hCG were
found to be associated with DS (Driggers and Seibert 2008). Later on, uE3
measurements made the test a triple test by the end of the 1990s (Shaw,
Chen, and Cheng 2013; Tamminga et al. 2016). Recent case-control studies
indicate that current detection rate can be approximately doubled by mea-
suring serum levels of unconjugated estriol hCG, which are abnormally low
and abnormally high, respectively, in women carrying fetuses affected by
Down’s syndrome (Haddow et al. 1992).

Maternal age, gestational age, gestational weight, and smoking have been
other relevant factors affecting the value of the tree markers and the associated
risk. Maternal age is the age of mother candidate at the beginning of preg-
nancy. It is well established that the risk for DS increases with maternal age
(Harris, Reed, and Vora n.d.). By the maternal age of 40, the risk of delivering
an affected term newborn with DS is 1% (Skrzypek and Hui 2017). On the
other hand, as a screening test it has poor performance alone (Norton and
Rink 2016). If maternal age is included, the gestational age also needs to be
specified (Benn 2016). Gestational age is the total duration that a baby has
been in the uterus. It can be calculated using the current date and the patients
estimated date of delivery. To compare individual results, values for AFP,
HCG, and u-E3 were expressed as a multiple of the medians (MOM) for
gestational age (Bar-Hava et al. 2001).

Studies show that there is also a significant relationship between the marker
levels and the weight. At the beginning it was found that heavier pregnant
women have lower median values of AFP due to larger blood volume
(Crandall et al. 1983; Haddow et al. 1981). In another study, this relationship
was obtained for all markers (Reynolds, Vranken, and Nueten 2006). Since
weight is an important determinant of marker levels, obesity rises the risk of
failure of noninvasive prenatal screening regardless of gestational age (Yared
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et al. 2016). On the other hand, maternal weight adjustments can be used to
correct the related problems (Wald et al. 1996).

Serum marker levels may be different in women who smoke and who do
not (Wald et al. 1997). Therefore, smoking habits should be taken into
account for risk assessment (Engels et al. 2014). Smoking significantly
reduces median levels of uE3 and hCG while increasing the AFP (Zhang
et al. 2011).

Multilayer Perceptron Models

Multilayer perceptron (MLP) is a feed forward artificial neural network model
(Brasil, de Azevedo, and Barreto 2001) which provides the linkage between the
sets of input data and a set of outputs (Aye and Heyns 2015). The neurons in
MLP are interconnected in a one-way and one-directional fashion (Alameer
etal. 2019). A classical MLP model has three kind of layers: an input layer, one
or several hidden layers, and one output layer (Bienvenido-Huertas et al.
2019b; West and West 2000). Particularly, each unit from one layer is con-
nected with all the units from the following layer. The hidden layer processes
and transmits the input information to the output layer (Orhan, Hekim, and
Ozer 2011). The value of the response predicted by the model corresponds to
the output of the neuron of the last layer. The output value is simply the sum of
the values of the neurons of the previous layers which are weighted by synaptic
weights and by using activation, transference, and propagation functions
(Bienvenido-Huertas et al. 2019a). MLP learns the complexity of the data
and optimizes the weights to minimize classification error (Mulongo et al.
2019).

The MLPs are one of the well-known and widely applied artificial neural
networks architectures with their capacities of universal approximation. We
preferred the MLP neural network for this study since it produces highly
accurate results particularly in problems requiring classification, recognition
and generalization (Avuglu and Bascift¢i 2018; Mukherjee 2018). MLPs have
also certain advantages to map nonlinear relationships in the data (Giiler et al.
1998). Since the multilayer perceptron is used as a classifier, the attributes of
the model will be our network inputs while the network outputs is the actual
classes defined for the problem (Setsirichok et al. 2012).

Methods
Data Acquisition and Preprocessing

The data used in this study was obtained from Sahinbey Training and
Research Hospital of Gaziantep University, which is managed by the antenatal
care unit for the years between 2010 and 2016.
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Our purpose and data retrieval was approved by the local committee of
ethics (Gaziantep University). The patient records and data were gathered
from different departments of the hospital such as obstetrics and gynecology
clinic, biochemistry laboratory, and molecular genetics laboratory of the
hospital. Maternal serum samples that had AFP, hCG, uE3 levels, and mater-
nal age, were taken from the triple screening test results saved by the biochem-
istry laboratory. Since, the patients with higher risk of having a fetus with DS,
are forwarded to amniocentesis, records of corresponding triple test results
were matched by accessing the amniocentesis report of each patient from the
molecular genetics laboratory.

At the beginning, we have obtained data of 6340 patients who had applied to
obstetrics and gynecology clinic due to routine control of a fetus. 324 of these
patients aborted, and 2815 of them were routed to have amniocentesis. To
fulfill the main purpose of this analysis, a patient data must be complete (triple
test and amniocentesis or birth should be performed at the same hospital to
have the full record) to be considered in this study. We have checked each of
patients who gives birth healthy/with DS and who had the amniocentesis by
a patient number, file number and patient names. The remaining incomplete
patient data was removed from the data set. The removed patients indicate
that they have not visited the same hospital for all of the examinations during
their pregnancy and births. After the removal, there were 81 full records which
have the whole data including the genetic disorder status of babies. Seventy-six
of them had no genetic disorder and 5 of them had trisomy 21 (DS).

Balancing of Imbalanced Data

Imbalanced data typically refer to a problem regarding the unequal represen-
tation of classes. In our data set we have 5 records associated with Down
syndrome and the remaining 76 as unaffected. Our minority class members
are the records labeled with DS and our main objective is to predict the
minority class in a high accuracy. However, the most of the well-known data
mining algorithms becomes unattractive in case of imbalance in the data sets,
as the distribution of the data sets is not taken into consideration when these
algorithms are designed (Han, Wang, and Mao 2005). Specifically, the general-
ization performance of MLPs trained with the unbalanced training subsets will
be quite poor (Daqi, Chunxia, and Yunfan 2007). Many techniques have been
developed to tackle the problem of imbalanced training sets. One of the widely
applied balancing methodologies has been SMOTE. It considers each member
from the minority class and generates new synthetic members along the lines
between it and some of randomly selected its k nearest neighbors from the
minority class (Abidine et al. 2014; Maciejewski and Stefanowski 2011).
SMOTE is widely applied since it can create new instances rather than
replicate the existing instances (Jeatrakul, Wong, and Fung 2010). We have
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also applied SMOTE algorithm to increase number of DS cases in our data set.
The algorithm (Chawla et al. 2002) that is outlined below was implemented to
our data set. As described, synthetic data records were generated by calculating
the difference between minority sample and its nearest neighbors(He et al.
2018). Subsequently, this difference was multiplied by a random number
between 0 and 1, and was added to the feature vector under consideration.
Thereby, random data points along the line segment between two specific
features were generated. Oversampling amount (S) is a system parameter
where different receiver operating characteristics (ROC) curves can be gener-
ated. Area under the ROC curves is used to measure the performance of the
classification problems. While ROC is a probability curve that indicates how
much model is capable of distinguishing between classes, the higher area
shows a better model that is predicting each of the class values. Therefore,
an area of 1.0 represents a perfect accuracy for the given classification problem.

Algorithm SMOTE (M, S, k)

Input:

Number of individuals in minority class: M;

Amount of SMOTE: S%;

Number of nearest neighbors: k

Output: (5/100)* M synthetic minority class members

1. if S < 100 (randomize the minority class members-SMOTE only a -
random percent of them)

2. then Randomize the M minority class members

3. M = (§/100)*M

4.5 =100

5. end if

6. S = (int)(S/100)(SMOTE amount is assumed to be in integral multiples of
100)

7. k = Number of nearest neighbors

8. attrs = Number of attributes

9. Sample [][]: array for original minority class members

10. newind: number of synthetic samples generated, initialized to 0

11. Synthetic [][]:array for synthetic members(*Compute k nearest neigh-
bors for each minority class sample only.*)

12. for i«—1 to M

13. Compute k nearest neighbors for i, and save the indices in the nnarray

14. Populate (S, i, nnarray)

15. endfor

Populate (S, i, nnarray)(generate the synthetic members)

16. while S = 0

17. Let’s select a random number between 1 and k, call it nn. This step picks
one of the k nearest neighbors of i.
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18. for attr<1 to attrs

19. Compute: dif = Sample[nnarray[nn]][attr]-Sample[i][attr]
20. Compute: gap = a random value between 0 and 1

21. Synthetic[newind][attr] = Sample[i][attr]+gap*dif

22. endfor

23. newind++

24.S=S-1

25. endwhile

26. return (*End of Populate.*)

End of Pseudo-Code.

In this respect, we over-sampled our data set at 100%, 200%, 300%, 400%,
500%, 600%, 700%, 800%, 900%, 1000%, 1100%, 1200%, 1300%, 1400%,
1500%, and 2000% of original size by using SMOTE algorithm. Amount of
SMOTE (S) and its corresponding area under ROC curves was calculated as
given at Table 1. The best ROC area was found at the amount of %900 SMOTE
(0.897). For this setting, number of records labeled as DS increased to 50.

Algorithms Used in Classifying Data

We have implemented several different well-known algorithms (Lin, Ke, and
Tsai 2017) to classify the fetus as with/without DS. The summary description
of the classifiers is as follows.

ZeroR

The zero-rules classifier (0-R) is a classifier which assigns class of each sample
member to the class with highest prior probability (Pota et al. 2015).
Therefore, all instances are labeled with the mean (for a numeric class) or
the mode (for a nominal class) of the dataset (Rani and Jyothi 2016). It is the
most basic classification algorithm therefore; it is beneficial for determining
a baseline performance to compare with other classifiers. In this study, we also
use 0-R algorithm as the baseline model to make robust comparisons.

Table 1. Amount of SMOTE and area under the ROC curve.

Amount of SMOTE Area under ROC Curve Amount of SMOTE Area under ROC Curve
0 0.207 900* 0.897

100 0.424 1000 0.802

200 0.634 1100 0.838

300 0.765 1200 0.870

400 0.842 1300 0.848

500 0.783 1400 0.886

600 0.799 1500 0.843

700 0.825 2000 0.882

800 0.842

* The best percentage is given by ROC Area value
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K-nearest Neighbors

It is a simple algorithm which is regarded as one of the top 10 algorithms in
data mining (Wu et al. 2008). It classifies new cases based on a similarity
measure. It is widely used for classification. The classification starts with
linking of the training dataset onto a one-dimensional distance space based
on the calculated similarities. Subsequently, the most dominant or mean of the
labels of the k nearest neighbors are labeled (Ertugrul and Tagluk 2017).

Bayesian Network

A Bayesian network (BN) is a visual model that shows the joint distribution of
a set of random variables in a form of a directed acyclic graph (DAG) (Fareh
2019; Hwang, Boyle, and Banerjee 2019). Each node in a Bayesian network
indicate propositional variables of interest and the links the informational or
causal dependencies among the variables by calculating conditional probabil-
ities of each node with its parents in the graph. The topology of a BN and the
associated probabilistic relationships between variables are usually learned
from data (Lin et al. 2019).

Naive Bayesian

Naive Bayesian (NB) algorithm is based on the Bayesian theorem with an
assumption regarding the conditional independence of predictors (Diab and
El Hindi 2017). The Naive Bayes classifier intends to detect the class of data by
a series of probabilistic values. The probability tests performed for the learning
data and the new test data are activated according to the early obtained
probability values and it is attempted to define which category of test data is
given. In most of the time, real data sets fails to satisfy the condition of
independence, despite the performance of the naive Bayesian classifier is still
very reasonable when compared to other classifiers (Wong 2012).

C4.5

C4.5 algorithm was proposed to overcome the limitations of the Iterative
Dichotomiser 3 (ID3) algorithm. Mainly, all training patterns are fixed at
root. These patterns are distributed based on features selected on an impurity
function in recursive routine. Distribution lasts until all training patterns for
a certain node is assigned to the similar class (Saeh et al. 2016). C4.5 uses an
uncertainty (entropy) measure for a new split creation (Mantas, Abellan, and
Castellano 2016).

Fisher Linear Discriminant Analysis (FLDA)

Although the method is simple, it produces good results in complex problems.
FLDA is based on the search for a linear combination that best separates the
variables between the two classes (targets). The method tests the ratio between
within-group and between-group variance (Chen 2018). The ratio is calculated
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to express separability of the particular variable. The higher ratio value indi-
cates the higher separability.

Logistic Regression

Logistic regression (LR) has been one of the widely used tools to solve
classification problems, has continuously received excessive attention of both
researchers (Zhang, Xu, and Zhang 2019). LR measures the relationship
between the defined dependent variable and independent variables by asses-
sing probabilities using a logistic function (Khairunnahar et al. 2019). It is
a linear probabilistic classifier that provides a linkage between an input vector
and multiple hyperplanes where each corresponds to an individual class (Asif,
Majid, and Anwar 2019).

Sequential Minimal Optimization (SMO)

SMO is an optimization algorithm used to train a support vector machine
(SVM) on a data set. SVM is capable of finding a solution to a nonlinear low
dimensional classification problem by projecting it into high dimensional
space by constructing an optimal separating hyperplane between the posi-
tive/negative classes with maximum margin (Hashmi et al. 2015). To define
the maximum margin, it is necessary to maximize the width (w) of the
margin. Also, “w” and “b” is found by solving the objective function, with
using Quadratic Programming (QP). A solution of the QP problems is hard
and it takes a long time. SMO can rapidly find a solution for the SVM QP
problems without using extra matrix storage and numerical QP optimization
steps at all.

Input Variables

The MLP model developed for this study employs three input variables that
are AFP, hCG and uE3 to predict target class (as DS and DS free). We have not
used the weight and gestational week attributes due to multiple missing values
in the records. The training phase adjusts the internal weights to get as close as
possible to the known classes values.

Determining the Number of the Hidden Layer

Optimizing the number of hidden layer neurons for establishing Feedforward
Neural Networks (FNN’s) have been a difficult issue in the research area. On
the other hand, the hidden neuron can affect the error on the nodes to which
their output is linked (Sheela and Deepa 2013). In 2012, Hunter et al. (Hunter
et al. 2012) developed a formula to be determine number of hidden layers in
a proper NN architecture. This approach can be easily used in the absence of
trial-and-error method and has generalization ability. The implemented
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formula for neural network is N-1, where N is number of input neurons. In
this respect, we have used two hidden layers in our model.

The Applied Multilayer Perceptron Model

The Waikato Environment for Knowledge Analysis (WEKA) software tool
(Hall et al. 2009) was used to construct the classification models and to develop
the Multilayer Perceptron Model. In the output, there are four sigmoid nodes.
As illustrated in Figure 1, node 0 and node 1 are output nodes and node 2 and
node 3 are hidden nodes.

Results

This section presents the obtained results of the proposed MLP and the other
classification models employed. A comparison is provided between the MLP
model and other classifiers that predict the existence of DS. For evaluation
purpose, a k-fold cross-validation technique was selected. In cross-validation,
the data are randomly partitioned into k subsets or folds (Juez-Gil et al. 2019).
In this evaluation approach, predictive model is trained k times; at each of

Hidden
< Layer 1
Node 2

hCG
(mlu/ml)
Hidden
< Layer 2
Node 3
Negative
AFP
(1U/ml)

Figure 1. The structure of the proposed MLP model.
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these training stages, one fold is used as the test set and the remaining k-1 folds
as training set. Each fold is allowed to be “test set” exactly once. Thereby, it is
avoided to use test data for training purposes. Thus k-fold cross validation
provides a better generalization of the model (Bustillo et al. 2011). The
repetitions of tests by cross-validation ensure that the prediction errors are
not randomly good or bad and they are an average of multiple runs. In this
research, we have implemented a 10-fold cross-validation approach and
repeated the classifiers 10 times and therefore; a result provided is an average
of 100 runs.

The result sheet of the multilayer is as given at Table 2. Number of correctly
classified instances are 112 and correct classification rate is 88.89%. Kappa
value (0.7726) shows the good agreement between predicted and observed
instances. Mean absolute error value and relative absolute error values are
satisfactory. ROC area values indicate that accuracy of the classifier is above
90%. RECALL is TP rate which means sensitivity, it shows how much of actual
positives (DS) were predicted as positive. It is also named as detection rate and
its value is 92% for this analysis.

Table 3 shows the average value of performance indicators (Percentage
of Correctly Classified, Detection Rate, False Positive Rate, Area under
ROC and F-Measure) which were calculated for each algorithm after 100
runs. For comparison purposes, we have selected the 0-R as the base
classifier and the performance of the other classifiers were compared

Table 2. Results of the MLP model.

Sigmoid Node 0 Inputs Weights
Threshold 3.782
Node 2 —8.761
Node 3 -11.124
Sigmoid Node 1 Inputs Weights
Threshold —3.782
Node 2 8.761
Node 3 11.124
Sigmoid Node 2 Inputs Weights
Threshold -17.226
AFP —16.294
uE3 -3.310
hCG —7.596
Sigmoid Node 3 Inputs Weights
Threshold 16.372
AFP 15.535
uE3 12.241
hCG 0.272
10*10 Cross-Validation Summary
Correctly classified instances 112 (88.89%)
Kappa statistic 0.7726
Mean absolute error 0.1534
Relative absolute error 32.0168%
Total number of instances 126
TP Rate FP Rate Precision F-Measure ROC area Class
0.920 0.132 0.821 0.868 0910 DS
0.868 0.180 0.943 0.904 0910 DS Free

Weighted Avg. 0.889 0.100 0.895 0.890 0.910




APPLIED ARTIFICIAL INTELLIGENCE . 909

with 0-R. MLP has the highest correct classification rate (90%) among all
classifiers considered.

SMO model has been the worst with 68.17% correct classification rate.
Detection rate has been zero for the base classifier (0-R). It means that the
base classifier did not predict any instances of DS class correctly. Therefore, all
classifiers had a better result when compared to the 0-R. However, the best
performance was obtained by Bayesian Network algorithm with 97%. The
closest performance was of Naive Bayes classifier.

False Positive Rate (FPR) indicates that a subject without a DS is
misclassified as having DS aneuploidy. This might be costly in real life.
The family is given a wrong information and there may be psychological
results and may mislead family to an invasive test. Therefore the main
objective is to minimize the FPR. As it can be seen from Table 3, MLP is
the best performing classifier according to FPR measure. We can see that,
the base classifier (0-R) has 0.0 FP rate while it classifies all instances as
negative.

While ROC is a probability curve that indicates how much model is capable
of distinguishing between classes, the higher area shows a better model that is
predicting each of the class values. From the viewpoint of area under the ROC
curves, Bayesian Network and Naive Bayes classifiers has the best perfor-
mance. Subsequently, MLP and k-NN classifiers have area of 0.93 which are
also very close to 1 (perfect value).

In a statistical evaluation of classification, the F-measure is a harmonic
mean of precision and recall. The perfect/best value of F-measure is 1 and
the worst value is 0. Multilayer Perceptron had the best F-measure perfor-
mance with 0.88 value.

Using several different performance criteria in a classification study, may
not end up with a clear decision about the goodness of a classifier. In this
respect, it is possible to weight each of criteria and summing them up to find
a total performance score. We have negotiated with some experts from the

Table 3. The performance of the classification algorithms.

% Correctly % Detection % False Positive  Area Under Total Weighted

Classifier Classified Rate (DR) Rate (FPR) ROC F Measure Scores
Weights 35% 50% —40% 35% 30% 110,00
ZeroR 0,60 0,00 0,00 0,50 0,00 0,00
k-NN 0,86 0,92 0,17 0,90 0,85 87.8
Bayesian 0.86 0.97* 0.21 0.93* 0.85 89.75

network
Naive Bayes 0.81 0.96 0.28 0.92 0.81 83.15
c4.5 0.82 0.81 0.17 0.85 0.78 77.05
FLDA 0.68 0.74 0.36 0.78 0.65 54.7
Logistic 0.68 0.55 0.24 0.77 0.56 46.95

regression
MLP 0.90* 0.94 0.13* 0.92 0.88* 93.4*
SMO 0.68 0.81 0.41 0.7 0.67 54,00

* The best value among the alternatives
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Gaziantep University Hospital and decided to weight each of the performance
criteria as follows. The weight assigned to correct classification rate was 35,
and it was 50 for the detection rate. The detection rate has been considered as
the most important criteria for the study. The ROC area and F-measure
criteria were weighted with 35 and 30 respectively. While value of a FPR
measure is a negative indicator of performance —40 was used as weighting
factor for the corresponding performance.

We have used the equation 1, to calculate the total score of perfor-
mance the classifiers. This equation takes the base model (0-R) into
consideration to show the relative performance of classification
algorithm.

in = Z(xi — ¥i) * Wi (1)

where

x is the classifier,

y is the base classifier,

i is the criteria,

(x;) is the value of the specified criterion of the particular classifier,

(y:) is the value of specified criterion of the base classifier,

(w;) is the weight of the specified criterion.

As a result, the best weighted total score was obtained by the Multilayer
Perceptron algorithm with 94.24% detection rate and 13% false positive rate.

Discussion and Conclusion

Triple test has been a simple and affordable screening test to detect DS.
However, the high false positive rate has been considerable issue for the test.
Many patients are suggested to go for amniocentesis however most of them are
found to be free of defect.

In this study, we have evaluated nine classifiers with dissimilar features
related to DS occurrence. Using a total of three features obtained with the
triple test, we obtained an AUC score of 0.92 using the MultiLayer Perceptron
model. The MLP model produces promising results for estimating DS accord-
ing to our findings. The present work suggests that MLP model can be
considered an effective tool for the prediction of DS by using triple test values.
Successful detection of the DS can decrease the number of patients routed to
amniocentesis and thereby the physiological effects of waiting for a test result
can be decreased for some patients. As a future implementation software
devoted of risk calculation of pregnant women can be modified to calculate
the risk by using MLP models.
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