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Abstract- Breast cancer is the most prevalent cancer among women around the world. However, increased survival is due to
the dramatic advances in the screening methods, early diagnosis, and breakthroughs in treatments. Different strategies of breast
cancer classification and staging have evolved over the years. Intrinsic (molecular) sub composing is fundamental in clinical
preliminaries and well comprehension of the sickness of the disease.

To analyze machine learning systems have been utilized to define a set trained with the “bagging” method. Support vector
machines (SVM) have been appeared to outflank numerous related methods. However, there have been very few studies
focused on examining the classification performances of different classification.

The trial comes about demonstrate that SVM classifier can be the better decision for classification, where accuracy of the

algorithm is improved by tuning the parameters of the dataset.

Keywords-Machine Learning, Support Vector Machine(SVM).

I. INTRODUCTION

Many big data use cases have been realized, which create
additional value for companies, end users and third parties.
Currently, real time data is gathered from millions of end
users via popular social networking services.

For example, Twitter uses collected data for real time query
suggestion and spelling corrections of their search algorithm.
Analysis of collected data also increases understanding of
consumers, which is an important asset for the big data
companies. Value from data can also be extracted with other
applications.

SVM has shown itsbunches of exceptional capacity,
particularly in characterization issues and especially in
classification problems. Its basic design philosophy is to
maximize the classification boundaries and its basic purpose
is to maximize the hyper-plane.

To reduce the support vector machine time and space
complexity, many improved calculation has been connected
effectively and algorithm has been applied successfully. One
method is to obtain low-order approximation of the nuclear
matrix by greedy algorithm [1], or sample [2], or
decomposition matrix. If dimension decomposed nuclear
matrix is still very high, resulting in SVM training efficiency
is still very low. Another method is to improve the efficiency
of SVM algorithm block.
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We have explored different avenues regarding various
parameters related with the utilization of the SVM algorithm
that can impact the results. These parameters include choice
of kernel functions, the standard deviation of the Gaussian
kernel, relative weights associated with slack variables to
account for the non-uniform conveyance of marked
information, and the quantity of preparing precedents.

The data used in this experiment was obtained from the UCI
machine learning repository [11] and described by Dr.
William H. Wolberg. Information have been utilized in some
examination. [14] We discussed the effect of 31
characteristic parameters on the condition of breast cancer
and the influence of the involved parameter on the
performance of the SVM models.

We visualize the data using density plots to get a feeling of
the information conveyance. in the meantime, the
comparison between the performance of SVMs and other
techniques was performed using these data. The problem is
to predict the state of breast cancer. In this database, there are
569 pieces of samples, and every sample is communicated by
31 characteristic parameters.

Il. OVERVIEW OF OUR APPROACH
We shall consider SVMs in the binary classification setting.

We are given training data {x1 ... xn} that are vectors in
some space X € Rd. We are also given their labels {y1 ...yn}
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where yi € {~1, 1}. In their simplest form, SVMs are hyper-
planes that separate the training data by a maximal margin
(see Fig. 1a) . All vectors lying on one side of the hyper-
plane are labeled as —1, and all vectors lying on the other
side are labeled as 1. The training instances that lie closest to
the hyper-plane are called support vectors. More generally,
SVMs allow one to project the original training data in space
X to a higher dimensional feature space F via a Mercer
kernel operator K. In other words, we consider the set of
classifiers of the form:

f(x) = ("X =0 (0iK(xi, X))

When K satisfies Mercer’s condition (Burges, 1998) we
can write: K(u, v) = ®(u) - ®(v) where ® : X—F and “-”
denotes an inner product.

We can then rewrite f as:

f(x) = w - ®(x), where w ="y iz 0i®(xi). (2)

Thus, by using K we are implicitly projecting the training
data into a different (often higher dimensional) feature space
F. The SVM then computes the ais that correspond to the
maximal margin hyperplane in F. By choosing different
kernel functions we can implicitly project the training data
from X into spaces F for which hyperplanes in F correspond
to more complex decision boundaries in the original space X.

Selection criteria

In a research or production environment, the choice of
machine learning packages or specific algorithms will come
down to a variety of different factors, for the most part reliant
on the requirements of the particular gathering or venture. A
number of authors have tackled this area, including [28-29].
Based in part on these studies, we offer a list of important
considerations for evaluation of machine learning tools.
These are introduced in no specific request, since the
prioritization of these components will be reliant on specific
use cases.

« Scalability This should be considered with regards to both
the size and complexity of the data. Scalability should be
looked at in both directions, as some of the best tools for big
data perform poorly on small data, and vice versa. This is
also true for other data characteristics, such as
dimensionality.

One should consider what their data looks like now, as well
as what data they might be working with in the future, so as
to decide whether a specific toolbox will be proper.

Speed the biggest factor affecting speed is which processing
platform the library or algorithm is running on rather than the
library or algorithm itself. Speed may not be important for
every project. If models do not require frequent updating, a
batch system might be favored for its effortlessness, yet for
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models that are refreshed frequently, this might be a
significant concern.

«Coverage this refers to the range of options contained in the
toolkit in terms of different classes of machine learning as
well as variety of implementations in each class. None of the
available tools for big data provide a selection as
comprehensive as some non-distributed frameworks such as
Weka, but their degree may go from just a couple of
calculations to around two dozen. The same numbers of the
instruments are hard to set up and learn, it is critical to think
about future needs just as current.

Related work

Single-machine  frameworks Many machine learning
researchers carry out their work on a single—often
GPUequipped—computer [19, 20], and many flexible single
machine frameworks have emerged to support this scenario.
Caffe [16] is a superior system for preparing decisively
determined convolutional neural systems that keeps running
on multicore CPUs and GPUs.

Batch dataflow systems Starting with MapReduce [22],
batch dataflow systems have been applied to a large number
of machine learning algorithms [11], and more recent
systems have focused on increasing expressivity and
performance.

The principal limitation of a batch dataflow system is that it
requires the info information to be permanent, and the
majority of the sub computations to be deterministic, so the
framework can re-execute sub computations when machines
in the bunch fall flat.

I1l. PROPOSED MODEL

The experimental procedure is based on the following

Technique.

a. The given dataset is isolated into 85% preparing and
15% testing sets dependent on the 10-overlay cross
approval system [28].

b. We visualize the data using density plots to get a sense
of the information conveyance.

c. The testing set is encouraged into the built classifiers
preceding examination of their classification accuracy,
precision, and F-measure rates.

d. The classifier preparing times are likewise contrasted
with investigate the computational complexities of
preparing distinctive classifiers. A graph is plotted to
compare performance of SVM, KNN and Gaussian
Naive Bayes.

The Dataset

In this paper, a breast cancer datasets is utilized, which is
accessible from the UCI machine learning repository
(available at: http://archive.ics.uci.edu/ml/)
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This relatively small scale dataset, which is composed of
659 data samples and each data sample has 31 distinct
highlights.

The Classifier Design

There are four single classifiers to be specific, linear SVM,
KNN and Gaussian Naive Bayes. In addition, to evaluate the
performance of the different SVM classifiers, in addition to
the classification accuracy,precision, and the F-measure rate,
the time that is spent preparing every classifier is likewise
also compared.

Working of the proposed system
The working of the system is depicted as follows:

Pre-processing (One Feature & Target Cross Validation
Input Data M hot encoding, etc.) 4 Identification " split
n

Fig 1.Flowchart of system

IV. EXPERIMENTAL RESULTS

In this section, the results of the classification are reported.
To apply our classifiers and assess them, we apply the 10-
crease cross approval test which is a method utilized in
assessing prescient models that split the first set into a
preparation test to prepare the model, and a test set to assess
it.

After applying the pre-processing and preparation methods,
we try to analyse the data visually and figure out the
distribution of values in terms of effectiveness and adequacy.

Density Plots

We can see that perhaps the attributes perimeter, radius, area,
concavity; compactness may have an exponential
distribution. W We can likewise observe that maybe the
texture and smooth and symmetry attributes may have a
Gaussian or nearly Gaussian distribution.
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Scatter Plot

A matrix of the visual representation of the relationship
between the 6 most highly correlated
variables:1.radius_mean2.parameter_mean3.area_mean 4.
compactness_mean 5. concavity_mean 6.
concave_points_mean.
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We can clearly see that we can easily distinguish the
difference between Malignant and Benign. The majority of
the kind perceptions are focused in the left lower quadrant of
the diagram while the threatening perceptions are focused in
the correct upper quadrant. As well as some variable
interactions have an almost linear relationship.

Efficiency

Once the predictive model is built, we can check how
productive it is. For that, we compare the accuracy measures
based on precision, recall, F1- score values for SVM,
Gaussian NB and k-NN. To better understand efficiency, Fig.
3 shows the arrangement report of our classifiers that better
represent the exactness of every classifier. It gives a
graphical diagram that represents the execution of various
classifiers.

Measures

Fig.4
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Classification report of KNN
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From the above plots we can easily select optimal models
and discard others to best classification. Since Confusion
matrices represent a useful way for evaluating classifier, each
row of Table 3 represents rates in an actual class while each
column shows predictions.

V. CONCLUSION

To analyze medicinal information, various data mining and
machine learning methods are available. An imperative
assignment in the field of machine learning is to build
accurate and computationally streamlined classifiers for
Medical applications. In this study, we employed four main
algorithms: SVM, NB, K-NN on the Wisconsin Breast
Cancer datasets.

We tried to compare efficiency and effectiveness of those
algorithms in terms of accuracy, precision, recall and F-
measures to find the best classification accuracy.

SVM reaches and accuracy of 98.41% and outperforms,

therefore, all other algorithms. And Previous research paper
have mentioned about the Accuracy was 97.13%.
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In conclusion, SVM algorithm has proven its efficiency and
accuracy in breast cancer diagnosis and has achieved the
optimum performance in terms of precision and low error
rate.
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