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Abstract:

This paper investigates the effectiveness of a swarm intelligence algorithm namely the time-varying binary
particle swarm algorithm in finding an optimal subset of the breast cancer dataset’s features. After the feature
selection phase, an artificial neural network was used for predicting the presence of malignant lesions in female
breasts. Empirical results show that our approach achieved significant performance in the breast cancer
prediction task: Accuracy of 0.9807 (x0.01), Precision of 0.9766 (+0.02), Recall of 0.9728 (x0.02), and F1-

score of 0.9742 (x0.01).
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1. Introduction

Breast cancer (BC) prediction is specific research
attracting vast attention. The earlier the
radiologist successfully diagnoses BC the larger
the survival chance of the patient [1][2]. Recently,
the role of machine learning in any disease
diagnostic program is significant such as in
[3][4]. However, those applications are data-
driven and require high speed and accuracy which
leads to several challenges: First is the curse of
dimension: The exponential increase of
computational resources required to analyze data
with high dimensions. The second is that they are
discrete problems that are hard to solve using the
convex optimization method. Machine learning-
based techniques such as neural network (NN),
decision tree (DT), and support vector machine
(SVM) faced difficulty to find the global
minimum of these problems.

In this paper, we propose a feature selection
method namely Time-Varying Binary Particle
Swarm Optimization (TV-BPSO) based on the
wrapper approach to extract the optimal subset of
the input feature set. The rest of the paper is
organized as follows: Section 2 provides
background information and related works,
section 3 describes our proposed approach, and

section 4 shows quantitative results before
presenting conclusions in section 5.

2. Literature Review
2.1. Feature Selection

Feature selection (FS) is a procedure to extract the
most relevant part of the feature map while also
maintaining good performance. This method,
therefore, reduces the effect of the curse of
dimension. FS can be divided into three groups:

e Filter method: Features were selected based
on their relation to the output. The relationship
can be calculated using statistics and probabilistic
data [5][6].

e Wrapper method: Evaluating a group of
potential subsets by training them using a
machine learning classifier [7][8].

e Hybrid method: Combining both Filter and
Wrapper methods that aim to provide an efficient
and effective solution [9][10].

2.2. Binary Particle Swarm Optimization

The usage of Sl algorithms such as bee colony
optimization (BCO) [11], cuckoo search (CS)
[12], firefly (FF) algorithm [13], Jaya algorithm
[14], and particle swarm optimization (PSO) [15]
has been applied in various fields due to its
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generalization, easy implementation, and
capability of finding the global minimum
solution. The PSO algorithm encodes a group of
candidate solutions as a biological swarm such as
an ant swarm, or a flock of birds. Each particle
searches for the food (optimal solution) in the
search space over an iterative process. During the
process, they change their position by modifying
the velocity based on the capability of sharing
positions between individuals. The mathematical
equations for updating position and velocity are

as follows:
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and velocity of the i" individual in d™ dimension
search space, respectively. W is inertia weight
which controls the exploitation and the

,are the updating position

exploration of the swarm, C, and C, are

acceleration coefficients. r; and r, are two
random variables in the range [0, 1], p/, denotes

the local best position and p;‘,t denotes the global
best position.

However, the PSO algorithm is unable to
apply directly to discrete optimization problems
such as feature selection. Thus, a binary version
of PSO called BPSO [16] was introduced. The
difference between BPSO and PSO is the position
updating term. BPSO using equation (3) to update
the individual position:
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Where S(.) represents the sigmoid function to

transform the velocity into probability. rand() is
a random number in the range [0,1].
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Figure 1. Proposed Sl-based Neural Network.
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2.3. Related Work

Various Sl-based methods have been employed
to feature selection. Quy et al [17] proposed an
adaptive PSO-based neural network to tackle the
problem of the traditional backpropagation (BP)
algorithm. In [18], the authors proposed a PSO-
based feature selection with multiple classifiers to
reduce the computational complexity. Haghighi
and Hoseini [7] used the Fruit-Fly algorithm for
both feature selection and training of the multi-
layer perceptron (MLP) network.

Besides, Mafarja et al [19] investigated time-
varying updating strategies to hyperparameters in
BPSO such as inertia weight, and acceleration
coefficients such as linear decreasing, non-linear
decreasing  oscillating, and  logarithmic
decreasing. The results show significant
improvements in the feature selection task.
Another approach in [20] modified the sigmoid
transfer function.

The authors proposed a dynamic transfer
function that has high flipping probabilities at the
early stage of the searching process and low
flipping probabilities at the late stage. Authors in
[21] also research the effectiveness of the
dynamic transfer function in the Sl-based feature
selection method.

3. Proposed Approach

The proposed approach is demonstrated in figure
(fig.) 1, it contains two main phases: the feature
selection phase and the classification phase. The
former used proposed TV-BPSO algorithms to
select an optimal subset of input feature maps, the

3.1. Time-varying Binary PSO for feature
selection

Using Sl-based algorithms for feature selection
belongs to the wrapper method. First, the
algorithm randomly initializes 40 particles, each
of which represents a potential subset of the input
feature set and has its position and velocity.
Second, a classification algorithm is applied to
form a multi-objective cost function J as
follows:

sum(x’,)

J =ﬂx|5(x;ft)+(1—ﬂ)xT ()

Where g denotes is a pre-defined weight for
the relative importance of error rate (i.e., E(.)),
N is the number of original feature set, sum(x’,)

is the number of selected features of the i
particle. The algorithm defined the global best

solution (i.e., pg’t) and the local best solution

(i.e., pf,) based onthe value of the cost function.

Using the above multi-objective cost function
helps the algorithm optimize both the
classification accuracy and reduce redundant
features effectively. Research on the impact of
hyperparameters W [19][22] pointed out that in
the early stages of searching, a large inertia
weight encourages exploitation of the swarm
while a small one result in strong exploration.
Thus, in this paper, we proposed a linear increase
inertia weight strategy demonstrated in equation

(eq.) (5). Where W, ;, represents for the initialized
weight, W,,, represents the final weight at the

end of searching. Table 1 lists the hyperparameter
settings of the proposed TV-BPSO specifically:

latter utilizing a typical two-layer neural network iteration i X(Wend _Vvinit)
to predict breast cancer cases. W = Wi + W,y X maxiter ) 6
Table 1. The setting of TV-BPSO.
Parameter Notation Values
Number of iterations Maxiter 50
Swarm size size 40
Initialized inertia weight W, 0.4

init
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Parameter Notation Values
Final inertia weight W, 0.9
Personal factor C, 2
Social factor C, 2

Algorithm 1 TV-BPSO

Input
Initialize the swarm
Initialize hyperparameters

Begin
Define p;and p,

While t =1 to the maximum iteration do:

For i =0 to the swarm size do:
Calculate J(x',) using eq. (4)

If J(x%) <J(p,) then

d d
Pi: < Xy

J(p) < IO

end

If J(x,) <J(pg,)then

d d
pg t N Xi,t

I(pd) I

end

Updating V., using eq. (2)

Updating X', using eq. (3)

Updating W, using eq. (5)
Checking terminate criterion

end
end

3.2. Experiments

Database and Settings: The BC database in this
study [23] was collected at the University of
Wisconsin. Fig. 2 illustrated the class distribution
in the database. Specifically, it has 569 instances
of which 357 are normal and 212 are biopsy-
proven cancer cases. Radiologists manually
extracted the location of the cell nucleus of breast

mass, each has 10 features: Area, radius,
perimeter, symmetry, concavities, fractal
dimension, compactness, smoothness, and

texture (variance of grey levels inside the
boundary). Three statistical values of each
feature namely mean, worst (mean of three
largest values), and standard deviations were
calculated. Thus, there are a total of 30 features
for each instance.
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Class distribution of the WDBC dataset
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Figure 2. The distribution of two categories in the BC database. M is malignant, B is benign.

For the BC prediction task, a typical 2-layer
neural network classifier was utilized to
distinguish the malignant from the normal
instance. As shown in fig. 2., we can see that the
dataset is unbalanced which led to the risk of
having bias prediction of the major category.
Thus, we applied weight to the loss function in
eq. (6) so that the learning algorithm focuses
more on the minority category during the training
phase. where w, is the weight of the positive

class, W, is the weight of the negative class, Yy is

the true label of output, and Y is the model
output.

J =—{w,ylog(y) +w.(1-y)logd-y)] (6)

The performance of the classifier is evaluated
by a 5-Fold cross-validation with the following
metrics: an average classification, recall (true
positive rate), precision, and the F1 score. They
can be calculated by using eq. (7)-(10).

TP+TN

Accuracy =
TP+TN +FP+FN )
Precision = ———— (8)
TP+ FP
Recall = _P 9)
TP+FN

2x (Precisionx Recall)
Precision+ Recall

F1-score=

(10)

Accuracy is the ratio of correct prediction to
the total cases. Precision measures the ratio of
correctly predicted cancer cases to the total of
cancer prediction cases, Recall is the ratio of
correctly cancer predicted cases to all positive
cases. Meanwhile, the F1 score measures the
harmony between precision and recall.

4. Results and Discussion

Figure 3 illustrated the convergence of cost
function J in two cases: training classifier with
TV-BPSO-based feature selection and without
feature selection. We trained each experiment for
200 iterations, with a batch size of 32, the
learning rate is set as 0.001. The loss curve of the
case without FS terminated after 114 iterations
due to the early stopping condition had been met.
On the other hand, we observed a linear decrease
in the case with the TV-BPSO-based FS. This
proved that our proposed method could avoid the
local minimum and keep searching for the global
minimum. On the other hand, table 2 shows the
significant increase in performance of the
proposed TV-BPSO-based neural network
compared to the conventional neural network.
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Cost function convergence grapth
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Figure 2. Loss convergence graph of with FS and without FS.

Table 2. Comparison of the results.

Evaluation Metrics

Model
Accuracy Recall Precision F1-score
ANN;"’S:thOUt 0.9719 (+0.01)  0.9638 (0.03)  0.9625 (+0.04) 0.9621 (+0.01)
TV-BPSOANN  0.9807 (+0.01)  0.9766 (20.02)  0.9728 (+0.02) 0.9742 (+0.01)
5. Conclusion [2] O. Ginsburg et al.; “Breast cancer early detection:

In this paper, we proposed an Sl-based feature
selection method namely TV-BPSO. We
evaluated the performance of the NN classifier
using our method in the breast prediction task.
The results show that our model surpassed the
performance of the NN classifier alone. In the
future, we intend to analyze our method with
other advanced feature selection algorithms.
Another direction is to apply our method to the
deep learning area where the data is very high
dimensional.
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