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Seminal quality
Recent scientific studies have noted that the seminal quality of males is significantly decreasing due to
lifestyle and environmental factors. Clinical diagnosis of sperm quality is one important aspect of iden-
tifying the potential of semen for the occurrence of pregnancy. Due to the advances in machine learning
algorithms, especially the reliable and high classification accuracy of neural network in health related
problems, it is becoming possible to predict seminal quality from lifestyle data. In this respect, a few
attempts were made in predicting seminal quality. These studies were conducted using imbalanced data-
sets, where the performance outcomes tend to be biased towards the majority class. Other studies imple-
mented the gradient descent technique for training the neural network. The gradient descent is a local
training technique that is prone to get stuck to local minima. On the contrary, meta-heuristic algorithms
enable searching solutions both locally and globally. Therefore, in this study, Artificial Algae Algorithm
that is improved using a Learning-Based fitness evaluation method is proposed for training Feed
Forward Neural Network (FFNN). In addition, the SMOTE data balancing method was employed to bal-
ance normal and abnormal instances. Experimental analyses were carried out to evaluate the predictive
accuracy of the FFNN trained using Learning-Based Artificial Algae Algorithm (FFNN-LBAAA). The results
were compared with well-known machine learning algorithms, namely: Multi-layer Perceptron Neural
Network (MLP), Naïve Bayes (NB), Support Vector Machine (SVM), K-Nearest Neighbor (KNN) and
Random Forest (RF) algorithms. The proposed approach showed superior performance in discriminating
normal and abnormal semen quality instances over the other compared algorithms.
� 2020 Karabuk University. Publishing services by Elsevier B.V. This is an open access article under the CC

BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
1. Introduction

According to the World Health Organization (WHO), infertility
is a failure for clinical pregnancy to happen, at least within one
year, for couples engaged in unprotected sexual intercourse [1].
Semen quality has a vital role in a successful pregnancy. However,
in the last two decades, studies revealed that there is a significant
decline in male fertility. Although there are several causes of male
infertility, lifestyle is among the main causes [2–5].

The reproductive health of males is profoundly affected by
smoking and alcohol intake [2,3]. Künzel et al. [6] mentioned
smoking has an invaluable contribution to the decline in sperm
density, quantity and motility. They concluded that smoking is
highly related to lower semen quality. Several studies associated
older age with male infertility [7–9]. Sperm cells of older males
are less motile [10,11] and are subjected to sperm DNA fragmenta-
tion [12]. In addition, the sperm volume released during sexual
intercourse decreases with age [10]. Evenson et al. [13] have
demonstrated that fever affects semen quality. Besides, diet, obe-
sity, caffeine, stress and addictive drugs are also among the life-
style factors that affect semen quality [14].

Male infertility is diagnosed using different clinical interven-
tions and laboratory assessment of semen [1]. In most cases, labo-
ratory analysis is performed on semen samples collected from
donors complemented with data on donors’ lifestyle [15]. Depend-
ing on the data on the lifestyle of male donors, machine learning
algorithms specifically artificial neural network (ANN), owing to
its high and reliable accuracy, and capability in revealing the non-
linear relation between input and output parameters, can be used
to estimate the semen quality.

Themost interesting feature of ANN is the learning task, which is
accomplished through a continuous update of weights [16].
Weights are updated throughout the network layers to achieve an
acceptable error. Finding a set of weights that can minimize the
error rate of the network is a fundamental task. In previous studies,
gradient descent based optimization has been implemented while
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training the neural network. However, this approach has its down-
side because it is prone to getting stuck to local minima and has rel-
atively slow convergence. On the other hand, meta-heuristic
algorithms, have been attracting attention of researchers in opti-
mizing weights for neural network due to their stochastic charac-
teristics, which enable them to explore more in the solution
space, and are relatively less stranded to local minima [17].

Few studies were conducted in the medical diagnosis of semen
quality using artificial neural network and other machine learning
algorithms. A study by Gil et al. [15], used Multi-Layer Perceptron
neural network (MLP), Decision Tree (DT) and Support Vector
Machine (SVM) algorithms to predict semen quality. Girela et al.
[18] studied seminal motility and concentration using MLP neural
network architecture. Wang et al. [19] have proposed cluster-
based decision forest to handle data imbalance problem and clas-
sified seminal quality. In addition, Mousavirad et al. [20] proposed
MLP trained by genetic algorithm.

In the studies mentioned above mainly two problems are
noticed, i.e. imbalanced data (which results in bias to majority
class) and gradient descent local optimization algorithm (which
is likely to get trapped in local minima). These two drawbacks have
negative effects on the classification performance of the ANN.
Therefore, to address these drawbacks, we proposed FFNN-
LBAAA, which is FFNN trained by the recently introduced Artificial
Algae Algorithm (AAA) together with SMOTE instance balancing
technique, for predicting semen quality. AAA is a population-
based algorithm which is founded by mimicking the survival skill
of microalgae. AAA has shown its outstanding performance in con-
tinuous problem optimization compared to some meta-heuristic
algorithms [21]. Supervised classification of imbalanced examples
is biased to the class where there are a large number of instances.
Balancing of the dataset, not only boosts the performance of super-
vised learning algorithms but also brings generalizability. Hence, in
this study, before the prediction of seminal quality, the FFNN is
evolved by an improved AAA, and the dataset is balanced using
the SMOTE method.

This paper is organized into six sections. In section one, introduc-
tory notes about male infertility problem, methods used in previous
studies and their gaps is outlined. In section two, related works in
evolving neural network for medical diagnosis are reviewed. Materi-
als and methods, including a brief introduction about Feed For-
warded Neural Network architecture and information processing,
weight optimization by Learning-Based Artificial Algae Algorithm,
data balancing using SMOTE and the evaluation metrics used to
measure performances are discussed in section three. Section four
presents the experimental setup while the performance of the pro-
posed and competing algorithms are discussed in section five.
Finally, section six provides a conclusion of the study.
2. Related works

Currently, because of its high predictive accuracy, ANN has got
immense attention and application in medical diagnosis and dis-
ease detection. In medical diagnosis, the superiority of the accu-
racy of an ANN algorithm leads to a much higher probability of
detecting diseases accurately. Determining the set of weights of
the network that can minimize the error of an ANN is an optimiza-
tion task [22]. Meta-heuristic algorithms, due to their global
searching capability, have been applied for searching optimal
weights in ANN. Several studies with evolved weights in ANN have
been applied in medical diagnosis and disease detection. In this
regard, Genetic Algorithm (GA) is the most widely used evolution-
ary algorithm. Arabasadi et al. [23] proposed a hybrid neural net-
work trained by GA to detect cardiovascular disease. The study
was conducted by data of 303 individual patients, out of which
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216 had cardiovascular disease, whereas the rest were in good
health condition. They pointed out that, hybrid of neural network
with GA is comparatively better than the standard neural network.
Koçer and Canal [24] studied the classification of epilepsy disease
from electroencephalogram (EEG) signals collected from 300
healthy and 200 individuals with epilepsy disease using a hybrid
of Multi-layer perceptron network and GA. They used Multi-layer
neural network with five learning algorithms namely; Levenberg-
Marquardt, Quickprop, Delta-bar, Momentum and Conjugate gra-
dient where the GA was used to evolve weights in the neural net-
work aiming to boost the performance of ANN.

Genetic algorithm optimized neural network was also applied
for diabetes diagnosis [25]. The researchers used Pima Indians dia-
betes database, a public dataset available from UCI, for classifica-
tion of diabetic and healthy examples. Hybrid of GA and ANN
together with correlation based feature selection method was used
to reduce the number of attributes. They used 262 individuals
labeled as diabetic and 130 non-diabetic examples, and 60% and
40% of the total dataset were used for training and testing respec-
tively. Backpropagation neural network trained by GA was applied
for the diagnosis of tuberculosis disease [26]. The study used chest
data collected from 150 individuals, among which 100 were nor-
mal and 50 were tuberculosis patients and achieved 94.9% accu-
racy. Besides, hybrid of GA and ANN was applied for breast
cancer detection [27]. Most of the studies employing GA followed
a binary encoding technique. But, the binary representation of
weights in GA may cause problems, especially in large ANNs,
where the number of bit strings required for representation also
gets larger. In such situations, training ANN with GA may end up
with infeasible result.

A Radial Basis Function Neural Network (RBFNN), evolved by
Particle Swarm Optimization algorithm was proposed to classify
electrocardiogram (ECG) heartbeats [28]. ECG beat including six
different beats were collected from the MIT-BIH arrhythmia data-
base. A study by Qasem and Shamsuddin [29] also proposed that
a Radial basis function network trained by time-variant multi-
objective PSO for medical diagnosis using breast cancer, diabetes,
and hepatitis datasets, collected from UCI data repository. RBFNN
evolved by three popular evolutionary algorithms; namely GA,
ABC, and PSO were used for Parkinson’s disease diagnosis [30].
The comparative study demonstrated that the RBF network trained
by ABC achieved a better result than GA and PSO. Moreover,
Beheshti et al. [31] introduced improved version of PSO called cen-
tripetal particle swarm optimization to train ANN. They evaluated
the efficiency of the algorithm by applying it on medical data clas-
sification of well-known medical datasets including breast cancer,
liver disorder, Parkinson’s disease, hepatitis, heart disease, larnge1,
diabetes and acute inflammations. ANN, trained using Ant Colony
Optimization (ACO), was proposed for pattern classification of can-
cer, diabetes and heart collected from the PROBEN1 database [32].

However, as depicted in Table 1, the studies used an imbalanced
dataset. While applying their proposed algorithms, the balance of
normal (healthy) and patient instances were not considered. Since
the outcome information from automated medical diagnosis system
is directly related to human health, the balance of normal and
patient instances is significant so that the predictive accuracy is
reflective of both classes. In this study, besides evolving FFNN, the
imbalance ratio of normal and abnormal examples is addressed.
3. Materials and methods

3.1. Feed Forwarded Neural Network

Artificial Neural Network (ANN) is founded from layers of pro-
cessing elements called neurons. Neurons in different layers are



Table 1
Number of examples used in different disease diagnosis studies showing the
imbalance ratio between normal and positives cases.

Author Disease Positive Normal

Arabasadi et al. [23] Cardiovascular disease 216 87
Koçer and Canal [24] Epilepsy 200 300
Karegowda et al. [25] Diabetes 262 130
Elveren and Yumus�ak [26] Tuberculosis 50 100
Korürek and Doğan [33] Heartbeats
Qasem and Shamsuddin [29] Breast cancer 241 458
Ahmad et al. [27] Breast cancer 241 458
Bhardwaj and Tiwari [34] Breast cancer 239 444
Gil et al. [15] Semen quality 12 88
Girela et al. [18] Semen quality 12 88
Beheshti et al. [31] Diabetes 32 123

Heart 120 150
Parkinson’s 147 48
Liver disorder 145 200

Delican et al. [30] Parkinson’s 23 8
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interconnected with each other in a way that the outputs of previ-
ous layer’s neurons are forwarded to the next layer’s neurons. An
artificial neural network structure where the flow of information
processing is in only one direction is called Feed Forward Neural
Network. It is a supervised learning method used for classification
task. FFNN is the most common type of ANN architecture applied
for various problems, including disease diagnosis, function approx-
imation, pattern classification, fault identification and in manufac-
turing processes [35].

FFNN, as shown in Fig. 1, is built from the input, hidden and out-
put layers. The input layer is where the inputs are entered into the
network. The number of nodes at the input layer is equivalent to
the number of features in the classification dataset. The weighted
sum of inputs is computed at the hidden and output layers based
on Eq.1

by ¼
Xm
i¼1

wij:Ii þ bi ð1Þ

where wij is the connection weight of the ith input with the jth hid-
den neuron and b is the bias associated with the input. The
weighted sum of each inputs at the hidden and output layers are
mapped to values in the range between 0 and 1 using sigmoid acti-
vation functions as in Eq. (2).

sigmoidðbyÞ ¼ 1

1þ e�by ð2Þ
Fig. 1. Feed forwarded neural network architecture with inputs, hidden and output
nodes.
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The output held at a particular time may not match the target.
Therefore, the error is computed as the difference between the tar-
get output and actual output as in Eq. (3) and it is propagated back
to update the weights.

MSE ¼
Pn

i¼1 Ti
c � boi

c

� �2
m

ð3Þ

where m denotes the number of instances in the dataset, n is the

number of distinct class labels, boi
c is the predicted class of the ith

input data and Ti
c is the target class label.

3.2. Learning-Based Artificial Algae Algorithm (LBAAA) for
optimization of an ANN weights

Inspired by the survival skill of algae, AAA is one of the most
recently developed population-based optimization algorithm
[21]. Three basic processes, namely; evolutionary, adaption, and
helical movement establish the AAA. The position of algae where
it can receive enough light is considered as a global optimal point
for the problem under consideration. Before entering the main pro-
cesses, the algorithm starts with initial solutions and following
that their fitness is evaluated. Then the colony size of the algae is
computed as in Eq. (4) and (5).

CS0 ¼ li � CS ð4Þ

l ¼ lmaxS
Ks þ S

ð5Þ

where CS denotes the size of the ith algal colony, m is the growth rate,
lmax is the maximum specific growth rate, S is the amount of nutri-
ent which is the fitness value, and Ks is a constant representing sub-
strate half saturation of the colony.

Helical movement is a movement that algal cells undertake
from their current position to the surface of the water to absorb
sufficient light that depends on the frictional surface and the
energy level they consumed. The higher the friction, the more
the frequency of the helical movement, resulting an improved
local search. The energy level of algal cells depends on the quan-
tity of nutrient absorbed. Hence, when the algal cell approaches
the surface, it means that it has consumed more energy than
others. Unlike the above case, when the friction surface is less,
they cover a longer distance and explore better globally. The
AAA assumes that the gravity is zero. The position of a particular
algal cell depends on the force dragging its movement in the liq-
uid, which is the shear force, and the friction surface (as in Eq.
(6)) [21]. The bigger the size of the algae (CS0), the higher the
shear force.

s xið Þ ¼ 2p
ffiffiffiffiffiffiffiffi
3CS
4p

3

r !2

ð6Þ

In AAA, a new candidate solution is generated by mimicking the
helical movement of algal cells which includes linear and angular
movements (as in Eqs. (7)–(9)). The neighbor is identified using
the tournament selection method. Following that, the weighted
difference is applied on randomly selected three parameters. The
distance from the current location and friction regulate the paces
of the movement.

wipðt þ 1Þ ¼ wip þ wjp �wip
� �

D� s wið Þð Þq ð7Þ

wiq t þ 1ð Þ ¼ wiq þ wjq �wiq
� �

D� s wið Þð Þcosa ð8Þ

wirðt þ 1Þ ¼ wir þ wjr �wir
� �

D� s wið Þð Þ sin b ð9Þ
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where wip,wiq;wir are current solutions selected randomly and wj is
neighbor algal colony identified by tournament selection; a, b Є
[0,2p], D is the shear force; sðwiÞ is the friction surface area of the

ith algal cell and q Є [�1, 1]. The fitness is evaluated and then, based
on the fitness value, greedy selection is employed to decide the bet-
ter solution between the current and new solution.

In the evolutionary process, provided that there is enough nutri-
ent and the colony gets enough light, an alga reproduces into two
new algal cells. Otherwise, the algal colony dies after some time.
The growing algal colony keeps growing bigger as it continues pro-
viding good solutions. On the other side, algal cells that are in the
non-growing colony get smaller in size; hence, they become the
smallest colony. The biggest and smallest colonies are identified
using Eqs. (10) & (11).

Biggest Colony ¼ maxðCSÞ ð10Þ

Smallest Colony ¼ minðCSÞ ð11Þ
A randomly selected algal cell among the smallest colony is the

one that is a candidate for reproduction. The evolutionary process
is concluded after the biggest group take over the position of the
smallest ones (as in Eq. (12)) and they are sorted by their sizes.

Smallest Colony ¼ Biggest Colony ð12Þ
The adaption process is a process where an algal colony that has

not grown sufficiently attempts for survival. In AAA, each artificial
algae is initialized with zero starvation value. The colony which has
a better solution keeps growing. But the colony which does not
result in better solution becomes more starved, therefore its star-
vation level Ai is incremented as in Eq. (14). The algal cell, which
is starved most, is chosen for adaption as in Eq. (13).

starving ¼ maxðAiÞ ð13Þ

starving t þ 1ð Þ ¼ starving þ rand� biggest � starvingð Þ ð14Þ

where Ai denotes the starvation value of the ith algal colony, starving
represents the colony with the maximum starvation level. The
adaption parameter, Ap is a constant between 0 and 1 and determi-
nes whether or not to get into the adaption process.

The aim of employing a Learning-Based AAA optimization algo-
rithm is to find the possible optimal combination of neural connec-
tion weights so that the MSE of FFNN is as minimum as possible.
Therefore, the objective function is formulated as.

f min ¼ 1
m

Xm
i¼1

Ti � 1

1þ e�byi

 !2
0@ 1A24 35 ð15Þ

where T denotes the target class, m is the total number of instances
and byi is the weighted sum of inputs. Fig. 2 illustrates the schematic
presentation of FFNN weight optimization using the Learning-Based
AAA.

While evolving, the optimizer algorithm generates new set of
weights and bias in the range [�1, 1] using Eqs. (7)–(9), then it is
propagated to the neural network together with the inputs and
then the network generates an output. The MSE is computed based
on Eq. (3) and the new MSE is compared with previous one. If the
new MSE is less than the previous, then MSE update is accom-
plished. Otherwise, a new set of weights is generated. However,
not all trials of objective function evaluation provide successful
MSE update. Therefore, unsuccessful objective function evaluations
should be minimized so that the optimizer finds best combination
of weights that can generate the lowest MSE from the neural net-
work with minimum function evaluations. Hence, in this study,
Learning-Based objective function evaluation is integrated with
the Artificial Algae Algorithm. Instead of behaving randomly, in
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the proposed approach, objective function is evaluated based on
the information of the previous generation’s MSE updates.

Learning-based method is integrated with AAA to maximize the
potential of weights for successful MSE updates. To accomplish
that, data is created automatically to build a learning model. For
predetermined iterations, the optimization process flows as in
the original AAA. Simultaneously, weights which provide success-
ful MSE updates are grouped as ‘good weights’ whereas those
which do not provide are grouped as ‘not good weights’. Gaussian
based Naïve Bayes can be employed to build learning model from
this dataset. This model is integrated with AAA and it predicts
the upcoming candidate weights.

Let’s suppose that wi be candidate weights generated at certain
iteration twhose parameters are updated using Eqs. (7)–(9). There-
fore, wi denotes a vector describing weights and bias of the net-
work with a dimension D. The conditional probability of wi to
yield a lesser MSE than the previous one can be obtained using
Naïve Bayes predictive model [36] as in Eq. (16).

P Cijwi1���j
� � ¼ P Cið ÞPðwi1���jjCiÞ

Pðwi1���jÞ ð16Þ

where, P Cið Þ is class conditional probability, Pðwi1���jjCiÞ is the prob-
ability of each parameter given the class, Ci is the class label of their
fitness quality, and i = 1. . . m, j = 1. . . D. The weights are real valued
in the range [�1, 1]. Thus, the Gaussian method can be used to com-
pute the probability of wij as in Eq. 17.

Pðwij ¼ xjCiÞ ¼ 1ffiffiffiffiffiffiffiffiffiffiffiffi
2pr2

p e
�ðx�dÞ2

2r2 ð17Þ

where, x is the weight connecting ith and jth nodes, r2 and d are the
variance and mean of the vector wi respectively. Therefore, wi is

assigned to the class bC that possesses the maximum Gaussian prob-
ability score.

bC ¼ argmaxp2f0;1gP Cið Þ
YN
i

PðwijjCiÞ ð18Þ

In other words, Eq. (18) can be formulated as:

bC ¼ 1; p wijci ¼ 1ð Þ > pðwijci ¼ 0Þ
0 otherwse

�
ð19Þ
3.3. Data source and preprocessing

The dataset for prediction of semen quality is obtained from the
UCI public data source donated by Gil et al. [15]. The data was col-
lected from 100 volunteer sperm donors between ages 18 and 36.
The sperm samples were diagnosed according to the requirements
of the World Health Organization [1]. In addition, data regarding
the lifestyle and habit of donors were collected. The dataset con-
tains season, age, childhood disease, accident, surgical interven-
tions, fever, alcohol consumption, smoking habit, and the number
of hours spent sitting per day as attributes. The response of donors
for the study feature variables were normalized in the range
between �1 and 1. Out of the total, 88 donors were identified as
normal whereas 12 of them were considered to have abnormal
or altered semen. The maximum, minimum and average values
of the dataset are 1,-1 and 0.4077 respectively. Further information
regarding the dataset and normalization process is discussed in
[15,18].



Fig. 2. Schematic presentation of the process of optimization of FFNN weights.

Fig. 3. ROC curve of the FFNN-LBAAA, MLP, Naïve Bayes, J48, Support Vector
Machine, K-Nearest Neighbor and Random Forest algorithms.
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3.4. Instance balancing using Synthetic Minority Oversampling
Technique (SMOTE)

The original dataset consisted of 88% normal and 12% abnormal
instances, showing that normal instances outnumbered the abnor-
mal ones by sevenfold. A predictive model built from imbalanced
data is biased to the class with more proportion of instances in
the dataset [37]. A predictive model, for example, having 95% accu-
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racy where there is an imbalance between normal and altered
instances, does not mean that the accuracy applies for both the
minority and majority classes. Therefore, we cannot say that the
accuracy of the model has generalization capability for the two
classes.

In medical data predictive task, for instance, seminal quality
prediction, failure to predict altered semen samples is costlier than
predicting normal samples as altered [38]. To address this problem
we utilized the most widely applied SMOTE balancing technique.

SMOTE is a method used to balance data by synthesizing new
instances for the class having the lowest number of instances in
the dataset [37,39]. Instances of the minority class are over gener-
ated until an acceptable balance is reached. K nearest neighbor
instances are chosen from the minority class. Then synthetic
instances are fabricated based on randomly selected k nearest
instances until the desired balance is reached [39].

Letmc be the number of majority class instances, nc be the num-
ber of minority class instances and rc be the imbalance ratio of
mcandnc . Therefore, after oversampling, the total data is computed
as in Eqs. (20) and (21)
Total instatances ¼ mc þ nc þ n
0
c ð20Þ
n
0
c ¼ rc � 1ð Þ � nc ð21Þ
where n0
c denotes the number of synthetically generated instances.
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3.5. Evaluation metrics

Most of the time, the efficiency of supervised algorithms is mea-
sured based on their accuracy, which is the rate of correctly classi-
fied instances as in Eq. (22).

Accuracy ¼ TN þ TP
TN þ FN þ TP þ FP

ð22Þ

Accuracy solely, however, fails to sufficiently measure how cor-
rectly instances are classified to their respective classes. Therefore,
False Positive Rate (FPR), True Positive Rate (TPR), Sensitivity,
Specificity, G-mean, F-measure, Receiver Operator Characteristic
(ROC) and Area Under Curve (AUC) are used to evaluate perfor-
mances [40,41]. True Positive (TP) result occurs when an instance
that belongs to the normal class is correctly predicted by the FFNN
as normal. False Positive (FP) is when abnormal instances are
incorrectly predicted as normal (see Table 2). True negative (TN)
indicates the number of abnormal instances that are correctly pre-
dicted as abnormal, whereas false negative (FN) is the number of
normal instances that are incorrectly predicted as normal. PPV is
the quotient of correctly classified normal instances and the sum
of instances classified as normal, whereas NPV is a quotient of cor-
rectly classified abnormal instances and the sum of instances pre-
dicted as abnormal.

Specificity and Sensitivity are the metrics mostly used in mea-
suring how correctly the normal and abnormal instances are iden-
tified by classifier algorithms. Sensitivity (also called True Positive
Rate (TPR) represents the conditional probability that the classifier
algorithm correctly identifies the normal instances.

PPV ¼ TP
TP þ FP

ð23Þ

NPV ¼ TN
TN þ FN

ð24Þ

Sensitiv ity ¼ TP
TP þ FN

ð25Þ

Specificity, also known as True Negative Rate (TNR), represents
the conditional probability of classifying abnormal instances cor-
rectly to their corresponding classes [42].

Specificity ¼ TN
TN þ FP

ð26Þ

In disease diagnosis from dataset, ROC is widely used to mea-
sure how accurately classification algorithms are able to discrimi-
nate between normal and abnormal instances [40]. The plot ROC is
sketched on two axes graph, TPR on the Y-axis and FPR on the X-
axis [39].

The Area under curve is an evaluation metric used to compare
the efficiency of two or more classification algorithms. It presents
a summary of the entire position of the ROC curve and a measure
of sensitivity and specificity that designates the essential validity
of the classification task. The higher the AUC of a classifier, the
superior it is at distinguishing between normal and abnormal
instances.

AUC ¼ 0:5� 1þ TPR� FPRð Þ ð27Þ
Table 2
Confusion matrix of actual and predicted instances.

Actual

Normal (N) Abnormal (O)

Predicted Normal (N) TP FP
Abnormal (O) FN TN
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G-mean is another metric used to understand performance of
the classifier on the minority and majority classes by utilizing
the geometric mean of TPR and TNR.

G�mean ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
TPR� TNR

p
ð28Þ

In addition, F-measure is used to measure the trade-off between
precision and recall. It utilizes the harmonic mean of precision and
recall.

F1 ¼ 2� Precision � Recall
Precisionþ Recall

� 	
ð29Þ
4. Experimental set up

The actual experiments were executed after accomplishing
tasks in Section 4.1–4.3.

4.1. Dataset preparation for training the FFNN

Synthetic instances for the class with a smaller number of
instances were regenerated by SMOTE and raised by 600% from
its original amount. Therefore, a total of 172 instances, 88 normal
(N) and 84 abnormal (O), were prepared for the classification task.
We partitioned the dataset into 65%, 20% and 15% for training, test-
ing, and validation respectively. In addition, in order to evaluate
the stability of the model and avoid overfitting, k-fold-cross valida-
tion was employed by dividing the dataset into k equal folds.

4.2. ANN architecture used for the predictive model

The neural network, has nine input nodes, 15 hidden nodes
with single hidden layer and an output node. The number of pro-
cessing units at the hidden layer affects the performance of the
neural network. In this regard after carrying out several experi-
ments we found out that having 15 neurons delivered the best
result. The weights connecting the nodes were optimized by
Learning-based AAA. The LBAAA was executed for 25 independent
runs then the best set of weights were selected for the predictive
model. The optimized weights were employed in the training, val-
idation and testing steps. The inputs for the network were normal-
ized values of study variables namely; season, age, childish disease,
accident, surgical interventions, fever, alcohol consumption and
smoking habit, hours sitting per day. This study did not include
feature variable selection. Hence, the classification task used all
these feature variables. The output from the FFNN-LBAAA is a pre-
diction of the concentration of sperm cells labeled as either normal
or altered.

4.3. Parameter setting of the optimizer algorithm

The number of populations, parameter values for shear force D
and adaption parameter Ap of the optimizer algorithm were set in
accordance with [21]. Hence, population size = 50, Ap = 0.5, Energy
loss = 0.3, shear force = 2 and total number of fitness evalua-
tions = 500. Matlab� 2014 and WEKA were used for balancing
the dataset and developing the predictive model. All the tests were
executed on HP laptop with Intel� Core i7 6500U CPU @ 2.5GZ hav-
ing 8 GB RAM running Windows 10 operating system.
5. Results and discussion

The performance of the proposed method was evaluated by
splitting the dataset into training/testing partitions and k-fold-
cross-validation schemes.



Table 3
Confusion matrix showing actual vs predicted results of training and testing
partitions.

Training set Testing set

Actual Actual

N O N O

Predicted N 55 0 28 0
O 1 56 2 30
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5.1. Evaluation using train/test partitioning

In this section, performance evaluations were undertaken after
splitting the balanced fertility dataset into training/testing set. The
training set consisted of 65% of the dataset and the remaining por-
tion was used for testing and validation. FFNN-LBAAA and the com-
petitor classifiers, shown in Table 4, were trained by the training
set. Then predictive accuracies were evaluated using the testing
and validation partitions. The proportion of normal and abnormal
examples were balanced in all partitions. Table 3 shows confusion
matrix of predicted versus actual examples using the proposed
method. The rows indicate the number of examples predicted by
the model whereas the column are the actual values. FFNN-
LBAAA has correctly classified all abnormal examples to their
respective classes in both the training and testing cases. But, one
normal example in the training set and two examples in the testing
were incorrectly predicted as abnormal. Table 4 depicts perfor-
mance comparison of FFNN-LBAAA against NB, SVM, MLP, KNN
and RF algorithms using various performance metrics. FFNN-
LBAAA outperformed NB, SVM, MLP, KNN and RF algorithms in
terms of classification accuracy. However, performance evaluation
of the algorithms by the accuracy alone is not enough. Hence, we
also compared the algorithms using FPR, Sensitivity, Specificity,
PPV, NPV, Precision, Recall, G-mean, F-measure and AUC. The eval-
uation scores that are indicated in bold revealed that the proposed
method has outperformed the compared algorithms, and correctly
classified all abnormal instances to their respective classes. For
that reason, the sensitivity, which at the same time means the
TPR, of the proposed method is the highest, whereas the FPR is
zero. Connected to this, the PPV of FFNN-LBAAA, is the highest
compared to the other algorithms. Apart from that, the probability
to predict abnormal instances, which is NPV, is also the best.
5.2. Evaluation based on cross-validation

In this experiment, we employed 10-fold-cross-validation
scheme to further evaluate the performance of FFNN-LBAAA.
Cross-validation scheme allows to validate the stability of the pro-
Table 4
Classification algorithms compared by various evaluation metrics.

Evaluation metrics

Classifier Alg. Acc1 FPR Sens2 Spec3 PPV

FFNN-LBAAA 0.975 0 0.93 1 1
NB 0.872 0.154 0.90 0.85 0.859
SVM 0.72 0.262 0.69 0.74 0.735
MLP 0.81 0.131 0.75 0.87 0.857
KNN 0.849 0.107 0.81 0.89 0.888
RF 0.913 0.09 0.92 0.9 0.91

1Accuracy
2Sensitivity
3Specificity
4Precision
5Recall
6F1-measure
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posed method. The balanced fertility dataset was divided into
equal sized 10 different partitions. Then, seminal quality predic-
tions were executed 10 times by fitting nine partitions or folds
for training the model and one fold for testing. For each fold eval-
uation, scores were computed and the current fold used for testing
is added to the training set for the next execution. The procedure
continued until all the folds were addressed. Then the average
scores were reported as predictive performance [43].

Table 5 shows the predicted versus actual values for 10-folds.
The table depicts the details of the predicted and actual values
classified by FFNN-LBAAA. In all the folds, all abnormal examples
were correctly predicted to their respective classes. Table 6 depicts
10-fold-cross-validation scores of the proposed method and popu-
lar optimizers in Python namely; Adam, stochastic gradient des-
cent (SGD), Nadam, Adadelta and Adagrad. The average and
standard deviation scores indicate that the proposed optimizer
has outperformed the compared optimizers.

Table 7 shows performance results achieved so far by different
researchers in predicting seminal quality using the same fertility
dataset. With the exception of Wang et al. [19], where 5-fold-
cross-validation was applied, the remaining authors mentioned
in Table 6 have employed 10-fold-cross-validation to evaluate
their proposed method. Gil et al. [15], used MLP for predicting
semen quality and achieved 86% predictive accuracy. Girela et al.
[18] has also studied seminal motility and concentration using
MLP neural network architecture and obtained 90% predictive
accuracy. The drawback in Gil et al. [15] and Girela et al. [18]
was the existence of imbalance between normal and altered
instances. Because of that drawback, the lowest specificity and sen-
sitivity were observed in these two studies. Wang et al. [19]
attempted to address data imbalance problem and achieved
91.67% of accuracy. Furthermore, Mousavirad [20] used MLP
trained by genetic algorithm and achieved 93.8% predictive accu-
racy. Naïve Bayes algorithm, together with feature selection and
SMOTE data balancing technique, was used and achieved 90.6%
predictive accuracy [44].

Fig. 3 illustrates the ROC curve of the compared algorithms. ROC
plot allows to quickly understand and compare the predictive per-
formance of algorithms. As seen in Fig. 3, the ROC curve of FFNN-
LBAAA is closer to the left-hand border and the top corner of the
ROC area. Therefore, we can say that FFNN-LBAAA can better dis-
criminate normal and abnormal seminal instances accurately than
the rest of the algorithms.

In summary, the results shown under Tables 3–7 and Fig. 3 sub-
stantiate that the proposed method, Feed Forwarded Neural Net-
work with weights optimized by Learning-Based AAA,
outperformed NB, SVM, MLP, KNN and RF. Moreover, FFNN-
LBAAA showed outstanding performances in comparison to previ-
ous studies [15,18–20,44]. The main strength of the proposed
NPV P4 R5 G-mean F16 AUC

0.938 1 0.933 0.966 0.966 0.97
0.888 0.859 0.898 0.878 0.878 0.87
0.697 0.735 0.693 0.713 0.713 0.72
0.768 0.857 0.75 0.802 0.8 0.81
0.815 0.888 0.807 0.846 0.845 0.85
0.916 0.91 0.92 0.915 0.915 0.91



Table 6
Predictive accuracy results of different optimizers using 10-fold-cross-validation scheme.

Optimizer

k-folds adam SGD Nadam Adadelta Adagrad LBAAA

1 0.67 0.72 0.50 0.78 0.72 0.94
2 0.72 0.56 0.78 0.78 0.56 1.00
3 0.94 0.94 1.00 0.94 0.94 0.94
4 0.65 0.65 0.59 0.71 0.65 0.94
5 0.71 0.76 0.65 0.65 0.71 1.00
6 0.76 0.71 0.76 0.76 0.76 1.00
7 0.94 0.82 0.88 0.88 0.82 1.00
8 0.82 0.94 0.88 0.94 1.00 0.94
9 0.71 0.88 0.71 0.88 0.76 0.94
10 0.82 0.82 0.76 0.71 0.65 1.00

Avg. Acc 0.77 0.78 0.75 0.80 0.76 0.97
Std.dev 0.10 0.12 0.14 0.10 0.13 0.02

Table 5
Predicted versus actual values for 10-fold-cross validation using FFNN-LBAAA.

Fold 1 Fold 2 Fold 3 Fold 4 Fold 5

Actual Actual Actual Actual Actual

N O N O N O N O N O

Predicted N 11 0 15 0 12 0 4 0 9 0
O 1 5 0 2 1 4 1 12 0 8

Fold 6 Fold 7 Fold 8 Fold 9 Fold 10

Actual Actual Actual Actual Actual

N O N O N O N O N O

Predicted N 0 0 7 0 8 0 9 0 7 0
O 0 17 0 10 1 8 1 7 0 12

Table 7
Summary of predictive values achieved by different authors that used the same dataset and various learning algorithms.

Author Method used Performance measured in %

Acc. AUC PPV NPV Sens. Spec.

Gil et al. [15] MLP 86 – – – 94.1 40
Girela et al. [18] MLP 90 – – – 95.5 50
Wang et al. [19] Clustering-Based Decision Forests 91.6 – – – – –
Mousavirad [20] MLP trained by genetic algorithm 93.8 93.3 94.4 93.1 93.4 94.4
Karlık et al. [44] Naïve Bayes 90.5 – – – 92.2 89.3
This study FFNN-LBAAA 97.05 97.1 100 93.2 94.3 100
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method is its capability to identify the total abnormal instances
correctly. Likewise, its ability to distinguish normal instances is
also superior. The improved results achieved in this study are
attributed to the two approaches that we have implemented. First,
the Learning-Based AAA optimization algorithm found the optimal
set of weight combinations for training the FFNN. Second, the
SMOTE technique, used to balance the instances, also contributed
to achieving results that better represent and describe the normal
and abnormal instances as compared to the imbalanced dataset.
Therefore, the performance results of the proposed method are
representative, descriptive and have better generalizability for
both the normal and abnormal instances.
6. Conclusion

In this study, we have proposed FFNN trained by Learning-
Based AAA for the prediction of semen quality of donors. The opti-
mizer algorithm contributed to finding possible optimal connec-
tion weights so that the MSE of the neural network is as
minimum as possible. Because an imbalanced ratio of examples,
317
between normal and altered examples, causes a bias towards the
majority class, we used the popular SMOTE method to balance
the classes by regenerating the minority class instances. Therefore,
the proposed FFNN trained by Learning-Based AAA achieved much
better results than MLP, NB, SVM, KNN, and RF algorithms. The pre-
dictive accuracy of the proposed method is 97.05%. Correctly iden-
tifying the normal and abnormal semen quality is vital in the
medical diagnosis of semen. The Specificity, Sensitivity, PPV and
NPV, G-mean, F-measure and AUC results obtained by the pro-
posed method are also much better than the other algorithms.
Besides, the proposed method showed outstanding results com-
pared to similar studies in semen quality prediction. Hence, having
an optimal set of connection weights among neurons is vital to
minimize the mean squared error generated from the neural net-
work. In addition, before developing semen quality predictive
model using machine learning algorithms, balancing instances of
the dataset increases the accuracy. The combined effect con-
tributed to a much better predictive accuracy which has better
generalizability and representation of normal and abnormal exam-
ples. Hence, FFNN-LBAAA can be extended to predict sperm quality
based on the lifestyle of candidate sperm donors.
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