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Abstract

Getting insight and making data driven decisions with predictive model are of paramount importance in breast cancer diagnosis. 
The key idea of using data driven model is to automate breast cancer diagnosis by learning specific patterns from data. In recent tech-
nological advancement, we all require machines to tell us when a person will need for screening or further test on health condition. 
While human intelligence and expertise is expensive and rarely available specially in developing nations, without data driven models 
and intelligent systems we cannot solve the real-world problem of breast cancer diagnosis at huge scale with efficiency. One of the 
methods for achieving better efficiency in medical dataset classification is the application of preprocessing to the original dataset. 
In this study, we conducted an empirical investigation with extensive experimental test on supervised learning algorithm namely, 
support vector machine (SVM) on Wisconsin breast cancer dataset. Experimental result shows that, with preprocessing methods 
such as scaling and transformation and parameter tuning model performance significantly improves the efficiency of support vector 
machine. Overall, we have proposed the state of the-art machine learning model for automated breast cancer detection with predic-
tive accuracy of 96.71%.
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Introduction 
In recent years, breast cancer have become one of the major 

health problem in the world with the increased case of breast can-
cer and shortage of medical expertise in the field for earlier diagno-
sis specially, in developing nations such as Ethiopia [1-33]. Breast 
cancer affects roughly 1.7 million women in the world every year 
[2]. Moreover, the breast cancer is one of the most common type 
of cancer disease causing the highest number of deaths every year. 
Optimizing of the performance of predictive model on breast can-
cer detection for medical decision support system based on sup-
port vector machine is crucial in reducing the medical costs, errors 
during breast cancer diagnosis by various physicians with different 
experience and practice on detection of breast cancer.

In traditional healthcare systems, diagnosis of breast cancer de-

pends on the oncologist’s decision and knowledge for detecting the 
breast cancer as the most likely because based on the symptoms. 
Likewise, automated diagnosis models suing machine learning 
algorithm could be used to support the decision making process 
of the human expert or oncologist during breast cancer diagnosis. 
The use of data driven decision support system reduce errors, and 
decrease the variation in experience, replace human experts where 
there is lack of oncologist and ultimately improves breast cancer 
diagnosis result. 

Discovering insight from large volume of breast cancer data 
through patter recognition and visualization of breast cancer data 
plays significant role in not only diagnosis but also driving the facts 
from the large volume of data such as identifying the risky factors 
causing breast cancer, the relationship among other disease [3].
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The contributions of this work are the following

•	 A succinct review on recent articles on breast cancer classifi-
cation have been presented.

•	 An optimized state of the-art support vector machine based 
model has been implemented for breast cancer diagnosis.

•	 We have analyzed the effect of preprocessing and feature se-
lection on the performance of support vector machine.

•	 Implement sequential feature selection method and remove 
irrelevant features to optimize model performance.

Literature Review 

Numerous research work have been conducted on breast cancer 
detection using machine-learning model [4-32]. The researchers 
have applied different machine learning algorithms such as sup-
port vector machine, Naïve Bayes algorithm for prediction of breast 
cancer. However, the researches focus on developing predictive 
model with machine learning algorithm and the effect of feature 
magnitude such as high nonlinear variation in input feature value 
and pre-processing as well as feature selections is largely neglected 
and rarely researched in model optimization for improving the pre-
dictive accuracy of machine learning model on breast cancer. 

Researchers have conducted many experiments on different 
machine learning algorithms for breast cancer detection. For exam-
ple in [4], researchers have applied random forest and Naïve Bayes 
algorithm for breast cancer detection. The researchers have com-
pared the performance of the models and result appears to prove 
that the random forest model outperforms the Naïve Bayes model.

Support vector machine have also been applied for breast can-
cer diagnosis [5]. Experimental result shows that support vector 
machine is the most powerful machine-learning algorithm for 
breast cancer diagnosis. Support vector machine is the most widely 
used machine-learning model for breast cancer diagnosis [6]. Thus, 
based on preliminary literature review, we selected support vector 
machine for implementation of automated system for breast can-
cer diagnosis.

In [8], the researchers compared the performance of different 
machine learning models such as support vector machine, Naïve 
Bayes and random forest algorithm. The researchers employed 
Wisconsin’s breast cancer dataset. The experimental result shows 
that support vector machine outperforms the random forest and 
Naïve Bayes model in terms of prediction accuracy. Thus, this re-
search addresses the observed gap in machine learning model 

optimization for improving model performance for breast cancer 
diagnosis. We have implemented pre-processing with scaling input 
feature vector, feature selection for removing irrelevant features 
and reduced input feature set avoiding the model complexity and 
reduced computational time without compromising model perfor-
mance.

Materials and Methods
We have employed Wisconsin breast cancer dataset collected by 

Dr. William H originally obtained from university of Wisconsin hos-
pital. This study is conducted following the general approach for 
problem solving using machine learning. First, we have collected 
medical dataset training and testing support vector machine. We 
have employed, preprocessing approaches such as dimensionality 
reduction with principal component (PCA) to transform the origi-
nal dataset. Lastly, we have tuned the model for optimization and 
then tested with tuned hyper-parameter to get optimal result on 
breast cancer diagnosis. To implement the proposed model and 
conduct the experiment we have employed support vector machine 
and python programing language and used the scientific learning 
kit under python.

Support vector machine

Support vector machine of SVM is the most widely employed 
and the most powerful classification model in medical diagnosis 
[13]. The support vector machine is defined in terms of hyperplane 
dividing data points in n-dimensional space. The hyperplane divid-
ing data points is defined as follows:

Where, α1, α2…. denotes hypothetical values and X1, X2… are 
data points in sample space of n-dimension.

Figure 1: Maximum and minimum values of feature.
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The decision boundary is shown in black line. The green dots 
indicate support vectors. To make prediction, the distance between 
support vectors and a data point is measured. A classification deci-
sion is then made based on the distance to support vectors that 
was learned during training. To measure the distance between data 
point and support vector, Gaussian kernel is used which is shown 
as follows:

 

Where x1 and x2 are data points, x1-x2 is the Euclidean distance 
between the data points. The Gaussian kennel is used to measure 
the distance between data point and support vector, and gamma 
controls the Gaussian kernel.

Dataset description 

We have collected Wisconsin’s breast cancer dataset originally 
provided by Wisconsin university, which consists of clinical mea-
surement of breast cancer tumour. Each observation or tumour 
measurement is labeled as benign, non-cancerous, or malignant for 
cancerous tumour. The dataset consists of 569 data point or ob-
servations and 30 features characterize each observation or data 
point. The dataset consists of 212 malignant tumour and 357 be-
nign or non-cancerous tumour.

The minimum and maximum values for each feature in breast 
cancer dataset is demonstrated in figure 2.

tion in magnitude between minimum and maximum values in the 
breast cancer dataset features shows a devastating on the perfor-
mance of support vector machine. Thus, we employed min max 
scaler for preprocessing to solve the problem of the higher differ-
ence between the magnitudes of features in the breast cancer da-
taset. The min max scaler rescales the feature magnitude such that 
all features are between zero and one.

The min max scaler is pre-processing method that replaces ev-
ery values of input feature in a column to a new value. The min max 
scaler is defined by using the following formula shown in equation 
(2).

Where X is the new value, x is the original column value, xmin is 
the minimum value of the column and xmax is the maximum value 
of the column in the original dataset.

Figure 2: Maximum and minimum values of feature.

As shown in figure 2, the magnitude of features in the breast 
cancer dataset are different order of magnitude. The higher varia-

Figure 3: Feature data point after rescaling.

Parameter tuning

We have employed a grid search technique with cross valida-
tion to improve support vector machine model generalization with 
parameter tuning. The parameter tuning with grid search we im-
plemented a simple for loop over the two parameters namely, the 
gamma value and C, training and evaluating model performance for 
each combination. We split the dataset into three folds for imple-
menting grid search in order to avoid overfitting of the parameters 
and validation set. The three folds are explained as follows, one 
fold is named training set used for model fitting, the other fold is 
the validation set used for parameter tuning with grid search, the 
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third fold is the test set used for evaluation of the model trained on 
best feature set after parameter selection.

Figure a

We employed a grid search, simplest of the hyper-parameter 
optimization methods. In this method, we will specify the grid of 
values (of hyper-parameters) that we want to try out and optimize 
to get the best parameter combinations. 

Then we will build models on each of those values (combination 
of multiple parameter values), using cross-validation of course, 
and report the best parameters’ combination in the whole grid. 
The output will be the model using the best combination from the 
grid. Although it is quite simple, it suffers from one serious draw-
back that the user has to manually supply the actual parameters, 
which may or may not contain the most optimal parameters. In 
addition to the grid search, we have employed randomized search 
for parameter tuning and result comparison. Grid search is a very 
popular method to optimizing hyper-parameters in practice. It is 
due to its simplicity and the fact that it is embarrassingly paral-
lelizable. This becomes important when the dataset we are deal-
ing with is of a large size. However, grid search suffers from some 
major shortcomings, the most important one being the limitation 
of manually specifying the grid. This brings a human element into 
a process that could benefit from a purely automatic mechanism. 
On the other hand, randomized parameter search is a modification 
to the traditional grid search. Randomized search takes input for 
grid elements as in normal grid search but it can also take distribu-
tions as input. For example, consider the parameter gamma whose 
values we supplied explicitly in the last section instead we can sup-
ply a distribution from which to sample gamma. The efficacy of 
randomized parameter search is based on the proven (empirically 
and mathematically) result that the hyper-parameter optimization 
functions normally have low dimensionality and the effect of cer-
tain parameters are more than parameters. We control the number 
of times we want to do the random parameter sampling by speci-
fying the number of iterations we want to run (n_iter). Normally 
a higher number of iterations mean better parameter search but 

does not find the better parameter setting as compared to the grid 
search. However, grid search takes higher computation time com-
pared to randomized search.

Feature selection 

We have employed sequential feature selection algorithm for 
selecting the optimal feature subset that could produces highest 
possible accuracy for proposed support vector machine.

Figure 4: Number of features and cross validation accuracy.

Best combination features (Highest Accuracy: 0.955): (0, 1, 2, 3, 
7, 8, 9, 10, 20, 21, 22, 24, 26, 27, 28). The highest classification ac-
curacy is achieved when 29 features are used for training. 

Results and Discussion
The performance of support vector machine is evaluated with 

predictive accuracy as performance measure. We have tested the 
model performance on unscaled data and then transformed the 
data with min max scaler. Result appears to prove that the support 
vector machine is highly sensitive to the magnitude of features. 
Performance improves with scaled data compared with a scaled 
data points.

The confusion matrix shown in figure 7 demonstrates the cor-
rect and incorrect prediction on breast cancer test set consisting 
of 171 observations of which 107 malignant and 64 benign obser-
vation. The predictive model correctly identified 163 observations 
and incorrectly predicted 8 0bservations. Moreover, the prediction 
accuracy on TN or benign class is better as compared to the malig-
nant class. The predictive accuracy is determined by dividing the 
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number of observations in the test set to the number of correct pre-
diction made by the model. Thus, predictive accuracy for the model 
is obtained by dividing 163 to 171, which is equal to 95.32%.

Figure 5: Receiver Operating characteristic curve.

Figure 6: The effect of gamma and C on performance of SVM 
model.

Figure 7: Confusion matrix for the SVM model.

Conclusion

In this research, we conducted an extensive experiment on sup-
port vector machine using the popular Wisconsin’s breast cancer 
dataset. We have conducted experiment on support vector ma-
chine using different methods for optimization from pre-process-
ing such as scaling to parameter tuning with grid searching, a heu-
ristic search for selecting best parameter setting for support vector 
machine. Moreover, the performance of model with grid search and 
randomized search is compared. Experiment on grid and random-
ized search reveals that grid search have higher cross validation 
accuracy than randomized search. However, grid search requires 
higher computational time as compared to randomized search. 
Overall, this study have proposed the state of the-art machine 
learning model for breast cancer detection with predictive accu-
racy of 96.24% and Mathews correlation coefficient 0.90. Thus, the 
predicted outcome has higher correlation to the actual or real ob-
servation in the breast cancer dataset.
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