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Abstract: Machine learning techniques can be used to judge important predictor variables in medical datasets. This paper
applies three machine learning techniques: Naïve Bayes, SVM and Random Forest to Wisconsin Breast Cancer Database. The
three developed models predict whether the patients’ trauma are benign or malignant. The paper aims at comparing the
performance of these three algorithms through accuracy, precision, recall and f-measure. Results show that Random Forest
yields the best accuracy of 99.42%, which is slightly better than both SVM and Naïve Bayes that have accuracies of 98.8% and
98.24% respectively. These results are very competitive and can be used for diagnosis, prognosis, and treatment.
Keywords: Breast Cancer, random forest, support vector machine, naïve bayes, R.

1. Introduction
Breast cancer is the most common cancer in women worldwide,
with 1.7 million new patients identified in 2012. This
represents about 12% of all new cancer cases and 25% of all
cancers in women1. The highest prevalence of breast cancer
was in Northern America and the lowest prevalence in Asia and
Africa [1]. In general, the disease targets women in the age of
30 in Arab countries, while affecting women above 45 years in
European countries [2].
Cancer cells do differ in both shape and size. Consequently,
uniformity of cell steers to a benign class. Similarly bare
nuclei, bland chromatin and normal nucleoli are signs of
benignity. Moreover, Normal cells stick to each other, but
cancerous cells are not. Thus, loss of adhesion is a sign of
malignancy and epithelial cells that are considerably puffy may
be a malignant cell [3]. Malignancy is determined by taking a
sample tissue from the patient's breast and performing a
surgery. A benign diagnosis is assured either by surgery or by
constant checkup, depending on the patient's choice. Any
medical reports use all the previously mentioned factors to
determine whether the lump is benign or not2.
In this paper, three machine learning algorithms are used to
automatically classify the patients’ lumps: Random Forest,
Support Vector Machine and Naïve Bayes. Random Forest
depends on bagging and random subspace methods, SVM is a
very solid classifier frequently reported as the best classifier
possible if fine tuning of its parameters is wisely handled and
Naïve Bayes is a simple classifier that assume that predictors
are independent. These three algorithms will be compared
using the same training and testing sets and performance will
be measured by generating the confusion matrix of each and
then calculating the accuracy, precision, recall and f-measure.
The Wisconsin Breast Cancer Database3 consists of visually
evaluated nuclear attributes of fine needle aspirates (FNAs)
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taken from patients' breasts. The three machine learning
algorithms will focus on diagnosing cancer tissues or in other
words predicting breast cancer susceptibility risks before
occurrence, they will not be used to predict breast cancer
reoccurrence or prognosis. All the experimentations are
implemented in R, which is a language and environment for
statistical computing and graphics, it has a huge collection of
machine learning and data mining algorithms and it is a little
faster than WEKA and new packages are coming up very
regularly.
This paper is organized as follows, section 2 provides the brief
of the related work to applying machine learning to Breast
Cancer, section 3 gives a brief summary of the three classifiers
used, section 4 declares the procedures steps followed to get
the results, section 5 provides a detailed description of the
database and some important data explorations, section 6
represents the experimentations and comments on the results.
Finally section 7 concludes the result.

2. Related Work in Breast Cancer
[4] classified the Wisconsin Breast Cancer database by
building a J48 decision tree using WEKA, their confusion
matrix has 38 observations where are either false positive or
false negative. A mix of Particle Swarm Optimization and
Support Vector Machines was used in [5]; they got an excellent
classification accuracy of 99.03%. [6] used a map reduce
approach and proposed a boosting parallel algorithm, PCM.
Moreover, Naive Bayes was used as a classifier in [7], and it
yielded an accuracy of 96.6%. Some tools are giving
impressive results as [8] when used RapidMiner to build an
SVM classifier and achieved an accuracy of only 80%. [9] built
a hybrid classifier of Support Vector Machines and Decision
Trees in WEKA resulting in 91% accuracy. [10] reached an
accuracy of 98.5% on The WDBC dataset which consists of
569 observations: 357 benign and 212 malignant and there are
30 variables. [2] made a comprehensive study among several
algorithms and their fusion classifier of decision trees and MLP
yielded the best accuracy while using PCA for feature
reduction. [11] had applied the supervised fuzzy clustering
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technique and reported an accuracy of 95.57%. [12] introduced
a system based on association Rules and neural networks of
accuracy equals to 97.4%.

3. Classifiers
Three classifiers are compared in this research: Random Forest,
Support Vector Machines and Naïve Bayes.
3.1 Random Forest
Random Forest is a bagging algorithm that successfully aims at
the regularization point where the model quality is as high as
possible and variance and bias problems are compromised [13].
To overcome the overfitting problem that encounter decision
trees, Random Forests builds hundreds or may thousands of
them. To make the trees different from each other, Random
Forest uses random samples with replacement [14]. On the
average, 37% of the rows will be left out of each sample [15].
Each tree classify its observations, and at the end majority
votes [16], decisions are chosen. Random Forest can also be
used in unsupervised mode for assessing proximities among
data points [17].
3.2 Support Vector Machines
SVM is centered on the idea of defining a hyperplane that
divides a dataset into two classes in the best possible way.
SVM just takes the data points nearest to the hyperplane into
consideration and names them as Support vectors [18]. The
distance between the hyperplane and the nearest data point
from either set is known as the margin. The goal is to choose a
hyperplane with the greatest possible margin between the
hyperplane and any point within the training set. As the number
of features increases, the number of dimensions also increases,
the hyperplane can no longer be a line. It must then be a plane.
The idea is that the data will continue to be mapped into higher
and higher dimensions until a hyperplane can be formed to
segregate it. SVM is accurate and it can automatically mark the
far data points as outliers but it is the best model to build for
very large datasets [19].
In order to improve the performance of the support vector
regression we will need to select the best parameters for the
model. The most important parameters are Gamma that
specifies number of support vectors and cost that can be
adjusted to avoid overfitting [20]. The process of choosing
these parameters is called hyper parameter optimization, or
model selection using grid search, where different models are
trained for the different couples of gamma and cost, and the
best values are chosen.
3.3 Naïve Bayes
It is based on Bayesian theory, so the more data points you see,
the more experience you gain, and the more accurate your
decision will be [21]. It is naïve because it assumes that all
features are independent from each other, which of course not
the case in most real life scenarios, nevertheless, Naïve Bayes
proves to be efficient for wide variety of machine learning
problems.
In Naïve Bayes, two types of probabilities are distinguished
from
each
other:
the
posterior
probability
of class given predictor and the prior probability of class which
is simpler to compute and there is the likelihood, which is the
probability of predictor given class [22]. In Naïve Bayes,

likelihoods and prior probabilities are calculated first and then
Bayesian theorem is used to calculate the posteriors. It is easy
and fast, and performs well in case of categorical input
variables. If categorical variable has a category (in test data
set), which was not observed in training data set, then model
will assign a zero probability and will be unable to make a
prediction. To solve this, we can use the smoothing technique
such as Laplace estimation [23].

4. Procedure
This is the followed steps while building the three models:
1. Acquire dataset from Wisconsin Breast Cancer datasets
from the UCI Machine Learning
Repository.
2. Pre-process data for applying Random Forest, Support
Vector Machines and Naive Bayes.
Remove Sample Code Number from attribute list
Set output variable as nominal.
3. Loading relevant packages.
4. Doing some exploratory analysis.
5. Diving the dataset into training and testing data.
6. Implementing the three algorithms where the class label is
the output variable.
7. Diagnosis of testing set observations based on each of the
three models.
8. Building the confusion matrix for each model.
9. Computing the accuracy, precision, recall and f-measure
and compare them across all classifiers.

5. Data Description and Cleansing
The Wisconsin Breast Cancer Database has 699 observation
and 11 variables: 10 predictors and one outcome variable. The
output variable is either benign (458 observations) or malignant
(241 observations). Each variable except for the first was
converted into 11 primitive numerical attributes with values
ranging from 0 through 10. With value one corresponding to a
normal state and 10 to a most abnormal state [24].
Table 1: Database Columns Description
Column
Id
Cl.thickness
Cell.size
Cell.shape
Marg.adhesion
Epith.c.size
Bare.nuclei
Bl.cromatin
Normal.nucleoli
Mitoses
Class

Description
Sample code number
Clump Thickness
Uniformity of Cell Size
Uniformity of Cell Shape
Marginal Adhesion
Single Epithelial Cell Size
Bare Nuclei
Bland Chromatin
Normal Nucleoli
Mitoses
benign or malignant

There are 16 missing attribute values. All these missing values
occur in the Bare.nuclei variable, and most of these cases are
benign.
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Table 2: Observations having Missing Values

Table 3: Impossible Imputations

Cl.thickness

Cell.size

Cell.shape

Mitoses

Class

Cl.thickness

Cell.size

Cell.shape

Bare.nuclei

Class

8

4

5

1

malignant

8

4

5

5.809919

malignant

6

6

6

1

benign

6

6

6

9.400442

benign

1

1

1

1

benign

1

1

1

-0.22687

benign

1

1

3

1

benign

1

1

3

3.371236

benign

1

1

2

1

benign

1

1

2

-2.42992

benign

5

1

1

1

benign

5

1

1

4.245125

benign

3

1

4

1

benign

3

1

4

0.094111

benign

3

1

1

1

benign

3

1

1

1.568057

benign

3

1

3

1

benign

3

1

3

6.292119

benign

8

8

8

1

malignant

8

8

8

6.084727

malignant

1

1

1

1

benign

1

1

1

2.80573

benign

5

4

3

1

benign

5

4

3

1.922176

benign

4

6

5

1

benign

4

6

5

3.749635

benign

3

1

1

1

benign

3

1

1

-0.80364

benign

1

1

1

1

benign

1

1

1

3.408875

benign

1

1

1

1

benign

1

1

1

2.306711

benign

For exploratory analysis, the correlations among the variables
were plotted to check if there are any strong collinearity, then a
quick decision tree was built on the dataset, and it was
observed that not all of the variables were important. The most
important variables are Cell Size, Cell Shape, Clump Thickness
and Bare Nuclei.

As that is the case, it is most probable that the best solution is
to delete these 16 cases altogether before proceeding.
Nevertheless, two runs were tested for each classifier: one
where the 16 observations are deleted and the other when they
are replaced by the mean value.

6. Experimentation
For measuring performance, the following expressions are used
[25]:
True positive (TP): hit.
True negative (TN): correct rejection.
False positive (FP): false alarm or Type I error.
False negative (FN): miss or Type II error.
Recall (or sensitivity) =
Precision=
Figu
Accuracy=

Figure 1: Correlations among Features

F-measure=

Fig
Figure 2: Exploratory Tree
Five imputations have been tested to replace the missing values
in the Bare Nuclei variable, but all these imputations have
impossible negative values.

6.1. Random Forest Model
The dataset has been divided into training and testing sets,
quarter of the dataset are allocated to testing phase. In the first
run, there are 512 observations for training and 171 for testing,
after removing the 16 observations that have missing values,
which makes 683 observations. In the second run, the missing
values will be replaced with the mean value, thus all 699
observations are included and divided into 524 observations for
training and 175 for testing. Number of trees to grow is set to
2000. Therefore, it is ensured that every observation is
predicted at least a few times. After training the model, it is
possible to try to neglect each of the predictors one by one and
see which of them negatively affected the accuracy and GINI
Index by being removing.
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512 observations for training and 171 for testing, the missing
observations are removed. For the Cost parameter, these values
were tested: 0.001,0.01,0.1,1,4,5,8,10,16,50,100 and for the
Gamma parameter, many different values were tested, the best
obtained value was 0.123. RBF kernel function was
implemented in the model. The best Gamma value is 0.5; best
Cost is 4 and number of support vectors is 280: 102 malignant
and 178 benign, respectively. The confusion matrix shows that
the model accuracy is slighter worse than Random Forest.
Table 8: Support Vector Machines Confusion Matrix
Figure 3: Features Importance
Actual
It is obvious that Cell Size, Bare Nuclei and Cell Shape are
influential variables. Mitoses variable added little insight to the
model. The other predictors are of moderate influence, but
none of them can increase the model accuracy by being
neglected.
The confusion matrix of Random Forest is promising. There is
only one observation that was misclassified and the accuracy
equals to 99.42%. By dividing the 103 true positives by true
and false positives, then the precision is one, but the recall is
0.99, which can be calculated by dividing the true positives by
both true positives and false negatives. According to precision
and recall, f-measure is equal to 0.995. The misclassified
observation is actually benign.
When missing values are taken into account and replaced by
mean value, then there will be four misclassified observations
and all the performance Metrix will clearly decrease; accuracy
equals to 97.71%, precision is 0.992, recall is 0.975 and fmeasure yields 0.983. The drop in accuracy and f-measure are
1.7% and 0.02 respectively.
Table 4: Random Forest Confusion Matrix (Missing Values
Removed)
Predicted
Benig Malignant
n
103
1
Actual
Benign
0
67
Malignant
Table 5: Random Forest Performance Matrix (Missing Values
Removed)
Model Performance
Accuracy Precision Recall F-measure
99.42%

1

0.990

Benign
Malignan
t

Predicted
Benig
Malignan
n
t
118
3
1
53

Table 7: Random Forest Performance Matrix (Missing Values
Replaced with the Mean)
Model Performance
Accuracy Precision Recall F-measure
97.71%

0.992

0.975

Table 9: Support Vector Machines Performance Matrix
Model Performance
Accuracy Precision Recall F-measure
98.8%

0.99

0.99

0.99

Table 10: Support Vector Machines Confusion Matrix
(Missing Values Replaced with the Mean)
Predicted
Benig Malignant
n
116
5
Actual
Benign
0
54
Malignant
Table 11: Support Vector Machines Performance Matrix
(Missing Values Replaced with the Mean)
Model Performance
Accuracy Precision Recall F-measure
97.14%

1

0.959

0.979

There are only two misclassified observations: one of them is
Benign and the other is malignant. Thus, accuracy equals to
98.8%, precision and recall both equals to 0.99 and f-measure
yields 0.99. When missing values are taken into account and
replaced by mean value, then there will be five misclassified
observations, all of them are benign but predicted as malignant.
Moreover, the recall will decrease, but the precision has a
slightly better figures, but the overall effect will negatively
affect the performance as accuracy equals to 97.14%, precision
is 1, recall is 0.959 and f-measure yields 0.979. The drop in
accuracy and f-measure are 1.66% and 0.011 respectively.

0.995

Table 6: Random Forest Confusion Matrix (Missing Values
Replaced with the Mean)

Actua
l

Benign
Malignant

Predicted
Benig
Malignan
n
t
103
1
1
66

6.3. Naïve Bayes Model
The same 512 observations for training and 171 for testing, the
missing observations are removed. The confusion matrix shows
that the model accuracy is slighter better than Support Vector
Machine.
Table 12: Naïve Bayes Confusion Matrix

Actual

Benign
Malignan
t

Predicted
Benig
Malignan
n
t
102
2
1
66

0.983

6.2. Support Vector Machines Model
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Table 13: Naïve Bayes Performance Matrix
Accuracy
98.24%

Model Performance
Precision Recall F-measure
0.99
0.981
0.986

Table 14: Naïve Bayes Confusion Matrix (Missing Values
Replaced with the Mean)

Actua
l

Benign
Malignan
t

Predicted
Benig
Malignan
n
t
118
3
0
54

Table 15: Naïve Bayes Performance Matrix (Missing Values
Replaced with the Mean)
Accuracy
98.23%

Model Performance
Precision Recall F-measure
1
0.975
0.987

There are three misclassified observations: two of them are
Benign and the third is malignant. Thus, accuracy equals to
98.24%, precision and recall equals to 0.99 and 0.981
respectively, and f-measure yields 0.986. When missing values
are taken into account and replaced by mean value, number of
misclassified observations will be the same, but all of them will
be benign, yet predicted as malignant. Moreover, the recall will
decrease, but the precision has a slightly better figures, but the
overall effect will positively affect the performance as accuracy
equals to 98.24%, precision is 1, recall is 0.975 and f-measure
yields 0.987. The rise in accuracy and f-measure are 0.01% and
0.001 respectively.

7. Conclusion
Random Forest yields the best accuracy and f-measure, it is
slightly better than both Support Vector Machine and Naïve
Bayes. Naïve Bayes was the only classifier that positively
affected by added the missing values to the model.
By applying a simple voting scheme that include Random
Forest, SVM and couple of other weak leaners, a slightly better
overall accuracy may be achieved. This voting scheme should
give a greater weight to Random Forest as it has the best
accuracy. Moreover, applying other techniques, rather than
imputation that clearly failed, on missing values may positively
affect the models’ accuracies. In addition, more algorithms
need to be tested such as Fuzziers, Artificial Neural Networks
and Logistic Regression. It is noteworthy, that there are several
available breast cancer databases that have very huge number
of observations and more features to consider, it will be
important to check if Random Forest will do the same good job
on these huge databases.
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