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Abstract. Prostate cancer is the second most common cancer occurring in men
worldwide, about 1 in 41 men will die because of prostate cancer. Death rates of
prostate cancer increases with age. Even though, it being a serious condition
only about 1 man in 9 will be diagnosed with prostate cancer during his lifetime.
Accurate and early diagnosis can help clinician to treat the cancer better and
save lives. This paper proposes two phases feature selection method to enhance
prostate cancer early diagnosis based on artiﬁcial neural network. In the ﬁrst
phase, Best First Search method is used to extract the relevant features from
original dataset. In the second phase, Taguchi method is used to select the most
important feature from the already extracted features from Best First Search
method. A public available prostate cancer benchmark dataset is used for
experiment, which contains two classes of data normal and abnormal. The
proposed method outperforms other existing methods on prostate cancer
benchmark dataset with classiﬁcation accuracy of 98.6%. The proposed
approach can help clinicians to reach at more accurate and early diagnosis of
different stages of prostate cancer and so that they make most suitable treatment
decision to save lives of patients and prevent death due to prostate cancer.
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1 Introduction
Prostate cancer is the second most common cancer occurring in men worldwide [1],
about 1 in 41 men will die of prostate cancer. Death rates of prostate cancer increases
with age, and almost 55% of all deaths occur after 65 years of age. Even though, it
being a serious condition only about 1 in 9 men will be diagnosed with prostate cancer
during his lifetime [2]. Clinicians treating prostate cancer face challenges in terms of
early and accurate diagnosis of different stages of prostate cancer. An accurate and
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early diagnosis can help in deciding better treatment plan which can be more effective
and increase the survival rate in patients suffering from prostate cancer.
Recently, Artiﬁcial Intelligence (AI) research has gained increased attention for
early cancer diagnosis modelling including prostate cancer. AI encompasses intellectual mechanisms which reflect or mimic human ability to solve problems [3–5]. These
intellectual mechanisms comprise of artiﬁcial neural network (ANN) and they offer
several beneﬁts such as learning capability, handling large amounts of data that are
irrelevant from active and nonlinear methods, where nonlinearities and variable
interactions have major importance. ANN is a powerful technique with capability of
solving various real world problems in real time. Feature selection (FS) method is used
to reduce dimensionality and redundancy of data. The applications of FS methods have
become vital in AI, machine learning (ML) and data mining algorithms in order to be
effective for classiﬁcation of real-world problems [6]. FS selection method is mainly
used to provide accurate classiﬁer models for classiﬁcation task.
Several studies have been carried out in past to enhance prostate cancer classiﬁcation task. Aziz et al. [7] used fuzzy based feature selection method for machine
learning classiﬁcation of microarray data including prostate cancer dataset. This
method used fuzzy backward feature elimination (FBFE) technique to improve Support
Vector Machine (SVM) and Naïve Bayes (NB) classiﬁer performance. This method
selected 50 features from prostate cancer dataset and achieved the classiﬁcation
accuracy of 88.57%, 84.27% for SVM and NB classiﬁer, respectively. Elyasigomari
et al. [8] had developed a hybrid optimization algorithm to select gene for cancer
classiﬁcation, which used Cuckoo Optimization Algorithm (COA) and genetic algorithm (GA) for selecting valuable gene from microarray dataset including prostate
cancer dataset. By using COA-GA method with SVM and Multilayer Perceptron
(MLP) classiﬁer, they achieved 96.6% and 94.2% of classiﬁcation accuracy, respectively. Chen et al. [9] proposed Kernel-based culturing gene selection (KBCGS)
method for selecting gene using different gene expression data including prostate
cancer dataset. This method selected 10 gene by using proposed method and achieved
94.71% of classiﬁcation accuracy. Nguyen et al. [10] proposed hidden Markov models
(HMMs) for cancer classiﬁcation, which achieved 92.01% lowest and 94.60% highest
classiﬁcation accuracy from prostate cancer dataset.
Gao et al. [11] used hybrid method based on information gain (IG) and SVM for
feature selection in cancer classiﬁcation. This method used IG for initial feature
selection from prostate cancer dataset then SVM was used for ﬁnal selection of features. For classiﬁcation this method used 10-fold cross validation of LIBSVM classiﬁer. Finally, 3 features are selected from prostate cancer and achieved 96.08%
classiﬁcation accuracy from IG-SVM. Dashtban et al. [12] used a novel evolutionary
method based on genetic algorithm and artiﬁcial intelligence for selection of valuable
features for cancer classiﬁcation. This method used two ﬁltering techniques namely,
Fisher and Laplacian Score for feature selection. From Fisher Score technique, 5
valuable features are selected and achieved 92.6% of classiﬁcation accuracy using Knearest-neighbors (KNN) classiﬁer. Ludwig et al. [13] used fuzzy decision tree
(FDT) algorithm for classiﬁcation of cancer data, which compared FDT result with the
different classiﬁer using prostate cancer dataset. They achieved 88.36% and 95.59% of
classiﬁcation accuracy for FDT and BN, respectively. Dashtban et al. [14] proposed a
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novel bio-inspired multi-objective approach for gene selection in microarray data
classiﬁcation including prostate cancer, which achieved 97.1% of classiﬁcation accuracy by using Naïve Bayes (NB) classiﬁer with 6 valuable selected features.
The above studies indicate that the classiﬁcation accuracy of prostate cancer can be
signiﬁcantly improved by combination of different feature selection method. Therefore,
this paper proposes two phases feature selection mechanism with two different feature
selection method to enhance the prostate cancer classiﬁcation accuracy. In the ﬁrst
phase, Best First Search method is used for feature extraction form the original dataset
and then in the second phase Taguchi method is used to select the best valuable features
extracted by Best First Search method. In summary, the contributions of this paper are
as follows:
• Feature extraction is done by using Best First Search which has reduced the data in
dimensionality and in speciﬁcity.
• Feature selection is done by using Taguchi method to select more valuable features.
So, the results obtained have enhanced prostate cancer classiﬁcation accuracy.
• Results obtained from this paper have been compared with the conventional studies
to evaluate and compare the improved performance of the proposed method.

2 Research Materials and Methods
2.1

Prostate Cancer Data

This paper used a public available prostate cancer benchmark dataset [15], which
includes 102 samples, containing 10509 features. The dataset contains two classes
namely normal and abnormal. The collected prostate cancer dataset is pre-processed for
making it usable for the proposed system. Best First Search method is used for
extracting the irrelevant features and Taguchi Method is used to select the more
valuable features.
2.2

Feature Selection

Feature selection is a process to reduce the number of attributes; it also involves the
selection of subset of original features. The main goal of feature selection is to reduce
the dimensionality of data and to provide better classiﬁer model to improve classiﬁcation accuracy. This paper uses Best First Search and Taguchi method for feature
selection. Best First Search refers to the method of exploring the node with the best
score and Taguchi method uses to analyze feature signal to noise ratio. This paper
combined these two methods to select most valuable features which reduce the
dimensionality of data and give accurate classiﬁer model to achieve good classiﬁcation
accuracy. This section is illustrated in the feature selection model below, as shown in
Fig. 1.
In the ﬁrst step, Best First Search methods is used to extract the feature sets, which
are generated using Weka by information gain. Through Weka, information gain calculates values of each feature and checks the rank. In accordance with the rank the
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Fig. 1. Feature selection model

higher rank features are sorted. A total 114 features are extracted from 10509 original
features of prostate cancer dataset. In the second step, Taguchi method is used to ﬁnd
high optimal feature set from the remaining extracted set of features by Best First
Search method. Taguchi method is a robust experimental design which can be analyzed
and improved by altering relative design factors. Taguchi method also named as statistical method, which has two mechanisms; orthogonal array and signal-to-noise ratio
(SNR), for improvement and analysis. The details discussion about Taguchi methods
can be found in [16]. After feature extraction, this paper followed Taguchi method, as
mentioned earlier, it’s an orthogonal array mechanism to select the features. The
prostate cancer dataset has 114 features after extraction of features. Later, after applying
ﬁnal evaluation by Taguchi method, 87 most valuable features are selected for prostate
cancer classiﬁcation.
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After the completion of feature selection, the selected feature passed through to the
artiﬁcial neural network for the classiﬁcation task. This paper used 15-neuron artiﬁcial
neural network for prostate cancer classiﬁcation. Figure 2 shows the architecture of 15Neuron artiﬁcial neural network classiﬁer.

Fig. 2. The proposed 15-Neuron artiﬁcial neural network classiﬁer

The proposed artiﬁcial neural network is implemented in MATLAB using the
Neural Network Pattern Identiﬁcation Tool. The standard network used for pattern
recognition is a two-layer feed-forward neural network, in which a hidden layer contains the sigmoid and softmax transfer function in the output layer. For the proposed
system, 15 hidden neurons are selected in the hidden layer; this is deemed acceptable.
The output neurons are set to 2 as the same number of elements in the target vector.
The proposed system uses prostate cancer dataset with total 102 samples and 87
valuable selected features, which is categorized as normal and abnormal samples. From
the samples ﬁrst two groups are randomly divided: 71 (70%) samples for training and
31 (30%) samples for testing. Further, 71 samples, are randomly divided into three
groups: 49 (70%) samples for training and two other groups with 11 (15%) samples
each for testing and validation. The performance of ANNs is evaluated on training,
testing and validation dataset.
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3 Result and Performance Comparisons
The experiment setup of the proposed method includes Core® i5-6400 Intel® CPU
with 2.10 GHz processor; 8.00 GB memory; 64-bit Windows® 7 operating system and
MATLAB (R2018b) environment. The performance of the proposed method is evaluated on prostate cancer benchmark dataset. The proposed method runs 30 times and
achieved the average classiﬁcation accuracy of 98.6% for both training and testing
stage. The training performance of the proposed method is shown in Fig. 3. The
proposed method, plot performance at the start of the training stage best validation
performance achieved 0.1196 at epoch 8. At that point, the neural network halted the
training for the improvement of generalization. Figure 4 shows the network training
state performance plot. At the epoch 14 iteration, gradient is 0.003397. At that point the
neural network halts the training for the improvement of generalization.

Fig. 3. The training, testing and validation cross entropy on different epochs

Figure 5 shows the error histogram performance. The error histogram plot represents the training, validation, and testing performance error which overlapped at the
zero-error line. From the graphical illustration of the error histogram, it is found that the
error for the proposed model is almost zero. Figure 6 shows the training confusion
matrix performance. On the confusion matrix plot shown in Fig. 6, the rows of the
predicted class (output class) and the columns reveal the true class (target class). The
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Fig. 4. The training state of the proposed method.

diagonal green cells represent the trained network correct classiﬁed percentages. The
red diagonal cells represent the percentage of incorrectly classiﬁed samples. The column on the right side of the plot is an indicator of the accuracy for each predicted class
while the row at the bottom of the plot is a representation of the accuracy for each true
class. The blue cell of the plot represents the total accuracy. This confusion matrix plot
shows that the overall classiﬁcation accuracy with feature selection attaining 98.6%
correct classiﬁcation performance. The network gave the best classiﬁcation performance for the proposed system at the training stage.
The neural network training performances with receiver operating characteristic
(ROC) curves are shown in Fig. 7. The ROC curve is a graph illustrating the performance of the binary classiﬁcation system with varying discrimination threshold. The
curve was formed by plotting the true positive rate (TPR) against the false positive rate
(FPR). From this ROC curve, the neural network increasing the performance
responding to the number of iterations. The perfect classiﬁcation result shown at the 14
iterations revealed that every class achieved the optimal classiﬁcation accuracy. Iteration 14 is the optimal iterations for the proposed system where the neural network has
given the maximum performance.
After completing the training session, this paper tested the network for accurate
classiﬁcation accuracy by using 30% test dataset for prostate cancer with feature
selection. Figure 8 shows the test accuracy called classiﬁcation accuracy. From the
proposed system, the simulation result with test dataset of prostate cancer with feature
selection shows that normal and abnormal are correctly classiﬁed and have achieved
the highest accuracy value which is 100%, where the average value is 98.6%. Figure 9
shows the ROC curve using test dataset for Prostate cancer classiﬁcation. The ROC
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Fig. 5. The training error of the proposed method

Fig. 6. Confusion matrix for training data of the proposed method (Color ﬁgure online)

curve shows the normal and abnormal classiﬁcation reached the highest area under
ROC curve (AUC). In addition, it indicates the highest faultless result for the test
dataset of Prostate cancer.
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Fig. 7. ROC curve for training data of the proposed method

Fig. 8. Confusion matrix for test data of the proposed method
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Fig. 9. ROC curve for test data of the proposed method

A comparison between the proposed method and other existing methods is carried
out based on the prostate cancer dataset as shown in Table 1. This comparison result is
based on the classiﬁcation accuracy. Table 1 indicates that the proposed method outperforms the other existing method on given prostate cancer dataset. From Table 1, it
can be observed that Chen et al. [9] achieves 94.71% of classiﬁcation accuracy by
using KBCGS method. Dashtban et al. [14] achieves 97.1% of classiﬁcation accuracy
by using NB method. Elyasigomari et al. [8] achieves 96.6% of classiﬁcation accuracy
by using COA-GA method. Gao et al. [11] achieves 96.1% of classiﬁcation accuracy
by using IG-SVM method. Ludwig et al. [13] achieves 95.6% of classiﬁcation accuracy
by using BN method. The proposed method achieves 98.6% of classiﬁcation accuracy,
which is superior that compared to other methods.
Table 1. The comparison of the proposed method with other methods
Method
NB [14]
BN [13]
IG-SVM [11]
KBCGS [9]
COA-GA [8]
The proposed method

Accuracy (%)
97.1
95.6
96.1
94.71
96.6
98.6
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4 Conclusion
This paper presents two phases of feature selection mechanism with the artiﬁcial neural
network to accurately classify the normal and abnormal class of the prostate cancer
classiﬁcation problem. The proposed method achieves an average of 98.6% classiﬁcation accuracy on prostate cancer dataset. This is substantially good level of accuracy
compared with other methods. Based on the proposed method performance, it can be
concluded that the proposed feature selection method can enable clinicians to reach at
accurate and early diagnosis of different stages of prostate cancer. Thus, the proposed
method can be an important contribution in the ﬁeld of cancer diagnosis and treatment
that can save many lives and prevent suffering. As early and accurate diagnosis can
help in planning appropriate and individualized treatment. Although this paper
achieved the highest accuracy, however, it would be interesting to optimize the feature
selection method for further reduced data dimensionality, which may increase the
prostate cancer classiﬁcation accuracy even more. Such an investigation can be taken as
an extension to this paper.
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