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ARTICLE INFO ABSTRACT

Background: Breast cancer (BC) is one of the most common malignancies in women. Early diagnosis of BC and
metastasis among the patients based on an accurate system can increase survival of the patients to > 86%. This
study aimed to compare the performance of six machine learning techniques two traditional methods for the
prediction of BC survival and metastasis.

Methods: We used a dataset that include the records of 550 breast cancer patients. Naive Bayes (NB), Random
Forest (RF), AdaBoost, Support Vector Machine (SVM), Least-square SVM (LSSVM) and Adabag, Logistic
Regression (LR) and Linear Discriminant Analysis were used for the prediction of breast cancer survival and
metastasis. The performance of the used techniques was evaluated with sensitivity, specificity, likelihood ratio
and total accuracy.

Results: Out of 550 patients, 83.4% were alive and 85% did not experience metastasis. In prediction of survival,
the average specificity of all techniques was =94% and the SVM and LDA have greater sensitivity (73%) in
comparison to other techniques. The greater total accuracy (93%) belonged to the SVM and LDA. For metastasis
prediction, the RF had the highest specificity (98%), the NB had highest sensitivity (36%) and the LR and LDA
had the highest total accuracy (86%).

Conclusions: Our finding showed that the SVM outperformed other machine learning methods in prediction of
survival of the patients in terms of several criteria. Nevertheless, the LDA technique as a classical method showed
similar performance.
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1. Introduction are thought to be hereditary, and others are because of genetic ab-
normalities.® It has been also shown that the age of about 1.9% of all BC

Breast cancer (BC) is the most common cancer among women that is patients are under 35 years old.”

the first leading cause of cancer-related deaths among women"* and
the second leading cause of cancer deaths, worldwide." The main cause
of BC is the uncontrolled growth of cells in breast tissues which can be
either benign or malignant.® Malignant tumors are cancerous and their
cells can spread to other parts of the body that causes metastasis, while
benign type is non-intensive.” Metastasis, a sign of disease progression
is related to survival of BC patients.” Less than 10% of breast cancers

Early detection of cancer is critical to improve breast cancer survival
and to reduce the high mortality rate of BC.'.Despite early detection
and the advent of new treatments, about 50% of patients will develop
distant metastases during their follow-up time.® Therefore, a precise
and reliable system is required for the early diagnosis of tumors.’

Many modern medical diagnosing tools are based on the informa-
tion achieved by clinical observation or some available tests which can
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help physicians to diagnose BC.” Most of these methods are based on
classification and many researchers have adopted them to improve their
precision. Methods which have better classification precision would
improve diagnostic accuracy. Machine learning, which is a process to
design a model which learns through experience to improves its per-
formance, belongs to the artificial intelligence framework and are in-
creasingly used in different fields of science.'® Although the main ob-
jective of these models is to identify effective variables and their
relationships, they can be used in prediction problems as well.'*'?

Machine learning techniques are widely used in medicine for di-
agnosing BC.'*.There have been introduced several machine learning
methods in various studies.'®>'® Montazeriet al have compared per-
formances of Naive Bayes, Trees Random Forest, 1-Nearest Neighbor,
AdaBoost, Support Vector Machine, RBF Network, and Multilayer Per-
ceptron machine learning techniques.'® Chao et al. have used support
vector machine, logistic regression, and a C5.0 decision tree model to
predict BC survival.'” The main advantage of these techniques is that
they overcome issues like collinearity, heteroskadacity, complex inter-
actions between variables and higher order interactions between pre-
dictors that classical techniques are encountered with.'®

While there are several studies showing the lower error rates and
the higher accuracy in classification problems for data mining techni-
ques compared with the traditional methods (LDA and LR), there can be
found studies that shows this excellence is not the case for all data sets.
There is inconsistency across the results of various studies regarding the
classification accuracy of data mining techniques compared with the
traditional methods that are less computer-demanding.®>°

The results of different studies have also introduced different
methods as the most reliable one for prediction of survival of BC pa-
tients.'®'” In addition to survival, metastasis as an important sign of
disease progression is a consequential outcome in cancer studies and its
effective variables is of interest.”'.The present study aimed to compare
the performance of six machine learning techniques(including NB,
LSSVM, Adaboost, Adabag, SVM, RF) and two traditional methods (LR
and LDA) in prediction of survival and metastasis outcomes in patients
with breast cancer.

2. Materials and methods
2.1. Data collection

We used a data set originates from a retrospective cohort study that
was conducted in 2014 in Tehran. We used the information of patients
who developed breast cancer (International Classification of Diseases
for Oncology 3rd edition sites C50.0-C50.9) and registered with the
Comprehensive Cancer Control Center associated with Shahid Beheshti
University of Medical Sciences from 1998 to 2013. All patients diag-
nosed pathologically and the patients with unknown pathology were
excluded from analysis. Our focus was on the information about sur-
vival status (dead/alive) and metastasis (yes/no) as outputs and their
risk factors among Iranian women. We selected 9 risk factors that are
believed associated with survival of breast cancer patients, including
age, Grade (well, moderate and poor), stage, Estrogen receptor (ER as
negative or positive), Progesterone receptor (PR as negative or posi-
tive), Human epidermal growth factor receptor 2 (HER2 as negative or
positive), Pathological type (Ductal/lobular carcinoma in situ, Invasive
lobular carcinoma and Invasive ductal carcinoma), and Surgical ap-
proach (Modified Radical Mastectomy and Breast-conserving surgery)
to compare the performance of the selected models.

2.1.1. Naive Bayesian (NB) classification

The Naive Bayes classification model works based on the famous
Bayes’ theorem following a clear, simple, and very fast classifier.”***
Using the Bayes rule, the prior probability of belonging to each class
can be learnt and estimated using the training data with ignoring the
marginal probabilities based on the conditional probability of each
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variable X; (age, Grade, stage, ER, PR, HER2, Pathological type and
Surgical approach) given the class label C (for survival c is one of dead
or alive status and for metastasis c is yes or no). Then classification is
conducted through the Bayes rule to calculate the probability of C given
X1, ...Xn, by the formula:

P(C=clX1 =X, Xn = X,)

So, the posterior probability of each of the classes is calculated as
follows:

P(C=cXi=x,..Xn=%,)=P(C=0c)X HP(XJ- =x1C =c¢)

%

The new subject belongs to the class with the highest posterior
probability.'®

2.1.2. Logistic regression (LR)
This approach assumes that the binary outcome follows a binomial
distribution. The model can be written as:

k
T

log| — | = . X

Og(l—ﬂ) Z;B‘

In this model X's are the covariates and §;s are the regression
coefficients indicating the measure of effect size.**

2.1.3. Linear discriminant analysis (LDA)

LDA is similar to LR and relates the dependent variable to a linear
combination of predictors which best explain and classify the outcome.
LDA solves the problem using conditional probability of the predictors
given the class of the outcome. This approach minimizes the dispersion
between the cases of the same class, and maximizes the dispersion
between the cases of different classes.?”

2.1.4. Random forest (RF)

This approach was first introduced by Leo Breiman.?® RF assembles
classification and regression trees. The dataset is sampled by replace-
ment to form the trees in RF. Random sets of predictors are selected at
the nodes which are created by the trees. It is possible to find the most
important predictors using mean decrease Gini and mean decrease ac-
curacy. The important variables classify the binary outcome so that the
prediction is carried out with the highest accuracy.?®

2.1.5. Support vector machine (SVM)

SVM is a machine learning technique that has been widely used in
regression and classification problems. In this method, the classification
equation for two groups (for survival are dead and alive status and for
metastasis are yes and no) based on feature space (age, Grade, stage,
ER, PR, HER2, Pathological type and Surgical approach) is given as
follows:

N
yi:eriyi(x)+c:O
i=1
where {yi(x)}fi , are features, ¢ and {a;};-; denote bias and value esti-
mated weights from the data and {y(i)}Y, represent a set of response
samples (survival/metastasis) where y(i) € {—1, +1}. The optimal
weights and the bias value are evaluate by solving the quadratic opti-
mization problem as:
k
Si)

with the inequality constraint as y,(eTe(x;) + ¢) > 1 — & , (5 > 0). The
function ¢ maps the training data to a higher dimensional space. B is a
positive real constant that controls the trade-off between mis-
classifications and the complexity of the model. Therefore, the classifier

function takes the form f(x) = sign(ZfilﬁiyiK(x, X;) + ¢) where x is

N

2

e 1
Minimize K («, ¢, €) = El\allz + B(
i=1
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any testing vector and the term K (x, x;) is denoted as the kernel func-
tion.?” Choosing the kernel function and the parameters in the SVM
make it a flexible method.”® In the present study we used the radial
basis kernel function because of its superior performance.

2.1.6. Least square support vector machine (LS-SVM)

LS-SVM is a modification to the Support Vector Machine (SVM)
model with a least squares loss function and equality constraints, where
the dual solution can be found by solving a linear system instead of
quadratic programming problem. As for SVM, LS-SVM maps the data
into a high dimensional feature space. The primal formulation of the
LSSVM classification model is Minimize f («, ¢, €) = ;llalP + SB(llel?)
with the equality constraint as y(aTe(x;) + ¢) =1 — ¢ , (5 > 0).°

2.1.7. AdaBoost (AD)

AdaBoost belongs to the machine learning techniques family and
can be considered as a meta-algorithm that improves the performance
together with other learning techniques. In a classification problem,
AdaBoost focuses on the sequentially applying weak classifiers. In this
way, the algorithm is repeatedly applied on the modified data. For
example, let Y € {—1, +1} be the output variable with the —1 for death
and +1 for alive statuses. Moreover, let X be a vector of potential risk
factors (here age, grade, etc.). So, any classifier, say G (X), predicts the
status of the patients in {—1, +1} set and the error rate on the training
set and the expected error rate on the test set are calculated as follows:

N

D10 # Gx)

i=1

1
e=—
N

eest = Exy (1 (Y # G (X))

AdaBoost generates M week classifiers (G, (X), m =1, ..,M) and
then produces the final prediction by combing them using a weighting
process by the following rule:

M
> amcm<x))

m=1

G(x) = sign[
Where «a,, are computed using the boosting algorithm.'®

2.1.8. Adabag

Bagging is a machine learning technique that works based on
combining bootstrapping and aggregating. In this method, the number
of B bootstrap samples is selected fromthe training set, say Tb
(b =1, 2, ...,B). By bootstrapping, the noisy observations are re-
duced and even eliminated from some of Tbs. Therefore, these sets will
provide the classifiers with a better behavior compared with the ori-
ginal set. This makes bagging technique a useful tool to build a better
classifier at the presence of noisy observations in the training set.
Finally, better results can be achieved by the ensemble of these B
classifiers compared with the single classifiers. For the BC data set, the
algorithm for bagging is as follows:

Stepl. For each b =1,2, ...,B, a single Cclassifier
Cy(age, grade, stage, ...) = {alive, dead} is constructed based on a boot-
strap sample obtained from the original data set.

Step2. These basic classifiers are combined by using the most often
predicted class (alive/dead or having metastasis/not having) to create
the final decision rule.

2.1.9. Evaluation criteria and cross validation

In order to compare the discriminative power of the used classifiers,
several criteria of sensitivity, specificity, positive predictive value
(PPV), negative predictive value (NPV), positive likelihood ratio (LR
+), negative likelihood ratio (LR-) and total accuracy were provided
that are calculated as follows:
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TP

PO ap s TN
SenSlthlty = m, SpeClﬁClty—TN—+FP
_ TP 1IN
PPV = TP+FP’ V_TN+FN
IR + = Sensitivity __ 1-Sensitivity

" 1-Specificity ’ " Specificity

TP + TN

Total Accuracy = ———————
TP+TF + TN+FN

Where FP stands for alive people with breast cancer that were in-
correctly identified as dead, TP stands for dead people with breast
cancer that were correctly diagnosed as dead, TN stands for alive people
with breast cancer that were correctly identified as dead and FN stands
for dead people with breast cancer incorrectly identified as alive. We
also used likelihood ratio criteria to compare the methods.

Positive likelihood ratio is the ratio of the sensitivity to 1 minus
specificity and takes values greater than zero. A zero value (the worst
case) is related to a test with zero sensitivity. Larger values of the po-
sitive likelihood ratio criterion indicate more valuable information is
included in a test. Negative likelihood ratio is calculated as the ratio of
1 minus sensitivity to specificity and takes values greater than zero. The
smaller the negative likelihood ratio, the greater the information can be
provided by a test.*°

We divided the data into two sets of training and testing set. So we
considered two different scenarios: a) a 70% and 30% and b) a 50% and
50% for the train and test sets respectively. We also repeated this
process 100 times for each scenario and reported the evaluation criteria
as average over 100 repetitions.

2.1.10. Software
In the present study all analysis was implemented in R version 3.4.4
using packages e1071, naivebayes, kernlab, adabag.

3. Results
3.1. Data description

The data set included 550 patient records in which 463 (83.4%)
patients were alive and 92 (16.6%) patients were dead. In addition,
about 85% of the patients did not experience metastasis. We used these
two variables as the target variable each included two categories (alive
or dead categories for survival and experience or not metastasis).

Characteristics of the patients with BC were shown in Table 1. The
patients with BC at diagnosis aged 47.86 + 11.79 (mean * SD) year
in average with a minimum and maximum of 17 and 84 years respec-
tively. Most of the patients were presented with grade II (~52%) and
were at stage II (~42%), ER+ (~71%), PR+ (~68%), HER2-
(~76%), diagnosed with pathological type of invasive ductal carci-
noma (~90%) and received breast-conserving surgery (~65%)
(Table 1). The distributions of the characteristics of the patients divided
randomly into two sets (train and test) were also provided (Table 1). As
seen over 100 repetition, there was no significant differences between
train and test sets (P > 0.05).

3.1.1. Performance of the models in predicting survival

Table 2 shows the performance of the eight classifiers for prediction
of survival of the patients with BC in terms of sensitivity, specificity,
PPV, NPV, LR+, LR- and total accuracy obtained from 100 times of
repetition of cross validation strategy under two scenarios. As can be
seen in Table 2, all of the used algorithms had high specificity (=94%)
for the test sets. Nevertheless, the values of the sensitivity for the
models were moderate and varied between 0.61 and 0.73 on averages
for the test sets with the lowest and highest belonged to the AdaBoost
and the SVM respectively. The sensitivity of the LDA was similar to that
of the SVM.
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Table 1
Characteristics of the patients with breast cancer (n = 550).
Variable Number (%) Train set Test set P-value
Mean Sd Mean Sd

Stage 0.833
I 110 (20.00) 77.80 4.88 32.20 4.88

il 228 (41.46) 162.49 4.96 68.51 4.96

111 188 (34.18) 131.72 5.03 57.28 5.03

v 24 (4.36) 16.99 2.23 7.01 2.23

Grade 0.835
1 66 (12.00) 46.51 3.36 19.49 3.36

2 288 (52.36) 204.92 5.35 87.08 5.35

3 196 (35.64) 137.57 5.63 59.43 5.63

Metastasis 0.903
No 467 (84.91) 331.1 3.74 140.9 3.74

Yes 83 (15.09) 87.9 3.74 25.1 3.74

Estrogen receptor 0.841
Negative 158 (28.73) 112.21 5.04 47.79 5.04

Positive 392 (71.27) 276.79 5.04 118.21 5.04

Progesterone receptor 0.916
Negative 174 (31.67) 124.09 4.99 51.91 4.99

Positive 376 (68.36) 264.91 4.99 114.09 4.99

Human epidermal growth factor receptor 2 0.871
Negative 420 (76.36) 296.36 4.53 127.36 4.53

Positive 130 (23.64) 92.36 4.53 38.64 4.53

Pathological type 0.931
Ductal/lobular carcinoma in situ 29 (5.27) 20.74 2.43 8.26 2.43

Invasive lobular carcinoma 25 (4.54) 17.44 2.22 7.56 2.22

Invasive ductal carcinoma 496 (90.19) 350.82 3.25 150.18 3.25

Surgical approach 0.780
Modified Radical Mastectomy 192 (34.91) 252.74 5.85 108.26 5.85

Breast-conserving surgery 358 (65.09) 136.26 5.85 57.74 5.85

Age (mean (sd)) 47.86 (11.79) 52.61 0.38 52.50 0.80 0.181

Sd: Standard deviation.

The mean PPV of the methods ranged between 0.69 and 0.82 for the
test sets over 100 repetitions with the lowest and highest belonged to
the AdaBoost and the RF respectively and the mean NPV performance
of all methods was greater than 0.92. Furthermore, the total accuracy of
the used classification schemes ranged between 0.89 (for the AdaBoost)
and 0.93 (SVM and LDA).

The mean LR+ of the methods ranged between 10.17 (for the
AdaBoost) and 24.33 (for the SVM and LDA) for the test sets over 100
repetitions. The values of the LR- for the models were varied between
0.27 and 0.41 on averages for the test sets with the lowest and highest
belonged to the LDA and the LSSVM and AdaBoost respectively.

3.1.2. Performance of the models in predicting metastasis

Table 3 shows the performance of the eight classifiers for prediction
of metastasis of the patients with BC in terms of sensitivity, specificity,
PPV, NPV, LR+, LR- and total accuracy obtained from 100 time of
repetition by cross validation strategy under two scenarios. As shown,
all of the used algorithms had high specificity (=90%) on average for
the test sets with the minimum for the AdaBoost and the maximum for
the RF (0.98). On the other hand, all the methods had low sensitivity
(on average) ranged between 0.07 (for the RF) and 0.36 (for the Naive
Bayes) on average.

The mean PPV of the methods ranged between 0.32 (AdaBoost and
SVM) and 0.61 (for the LDA) for the test sets over 100 repetition and
the mean NPV performance of all methods was greater than 0.82 (the
minimum belonged to the Adabag and the maximum belonged to the
Naive Bayes). Furthermore, the total accuracy of the used classification
schemes ranged between 0.80 (for the AdaBoost) and 0.86 (for the LR
and the LDA).

The mean LR+ of the methods ranged between 2.81 (for the
AdaBoost) and 9.05 (for the LDA) for the test sets over 100 repetitions.
The values of the LR- for the models were varied between 0.71 and 0.94

296

on averages for the test sets with the lowest and highest belonged to the
NB and the RF respectively.

4. Discussion

In the present study, several machine learning methods were uti-
lized and compared to predict survival and metastasis in patients with
breast cancer. In this regard, the six models of machine learning NB,
LSSVM, AdaBoost, Adabag, SVM, RF as well as two classical methods of
LR and LDA were applied in the prediction of breast cancer survival and
metastasis.

Based on total accuracy, it was shown that all the classification
methods performed almost similar for classifying BC survival and me-
tastasis over the test sets (ranged between 0.80 and 0.93). In other
words, all the classification methods were quite efficient in predicting
the classes for BC survival status and metastasis.

In terms of sensitivity, the SVM and LDA predicted survival of the
patients. The minimum sensitivity was 0.61 (AdaBoost), and the max-
imum value was 0.73 (SVM and LDA). Moreover, despite good perfor-
mance of the methods in terms of specificity and total accuracy, the
sensitivity for predicting metastasis of the breast cancer patients was
relatively poor (ranged between 0.07 and 0.36). So, none of the
methods has the sensitivity greater than 0.5.

Considering that surviving and experiencing metastasis are the key
predictions in this biomedical application, a classifier that has higher
sensitivity is preferred. So, an efficient classification method must have
the ability to predict a potentially future survived/metastatic patient
using the predictor variables. As shown here, none of the classifiers
performed well enough to predict the metastasis of the patients in our
study. However, for survival outcome, all the methods had sensitivity
greater than 0.5 and at the same time had good specificity and total
accuracy. Another point that should be mentioned here is that in spite
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The values of the performance criteria for NB, LSSVM, AdaBoost, Adabag, SVM, RF, LR and LDA by cross validation strategy over 100 repetitions in predicting

survival of the breast cancer patientsunder two scenarios.

Scenario Method Set Sensitivity Specificity Positive predicted  Negative predicted Positive Likelihood Negative Total accuracy
value value Ratio Likelihood Ratio
(70% train, Naivebayes Train 0.74 + 0.04 0.96 = 0.01  0.80 * 0.03 0.95 + 0.01 18.50 *+ 7.68 0.27 + 0.08 0.93 + 0.01
30% test) Test 0.69 = 0.07 0.96 = 0.02 0.78 = 0.07 0.94 + 0.02 17.25 = 6.27 0.32 + 0.07 0.92 + 0.02
LS-SVM Train 0.79 * 0.05 0.98 = 0.01 0.90 = 0.03 0.96 + 0.01 39.50 * 6.23 0.21 + 0.04 0.95 + 0.01
Test 0.62 = 0.09 0.97 = 0.01 0.78 = 0.08 0.93 = 0.02 20.67 * 11.73 0.39 = 0.07 0.91 + 0.02
Adabag Train 0.73 * 0.03 0.97 = 0.01 0.82 * 0.02 0.95 + 0.01 24.33 + 6.23 0.28 + 0.04 0.93 + 0.01
Test 0.70 £ 0.08 0.97 = 0.01 0.81 = 0.07 0.94 + 0.02 23.33 + 11.73 0.31 + 0.07 0.92 + 0.02
AdaBoost Train 0.99 * 0.01 0.99 = 0.01 0.99 + 0.01 0.99 = 0.01 99.00 + 4.27 0.01 = 0.04 0.99 = 0.01
Test 0.61 = 0.10 0.94 = 0.02 0.69 * 0.08 0.92 + 0.02 10.17 = 11.73 0.41 + 0.07 0.89 + 0.02
RF Train 0.72 * 0.04 0.97 = 0.01 0.85 = 0.03 0.95 + 0.01 24.00 * 4.30 0.29 + 0.04 0.93 = 0.01
Test 0.68 = 0.08 0.97 = 0.01 0.82 = 0.07 0.94 + 0.02 22.67 = 11.73 0.33 = 0.07 0.92 + 0.02
SVM Train 0.73 = 0.03 0.97 = 0.01 0.81 + 0.03 0.95 = 0.01 24.33 + 4.27 0.28 *+ 0.04 0.93 = 0.01
Test 0.73 £ 0.07 0.97 = 0.01 0.81 = 0.07 0.95 + 0.01 24.33 + 11.73 0.28 + 0.07 0.92 + 0.02
Logit Train 0.72 * 0.03 0.97 = 0.01 0.84 = 0.02 0.95 + 0.01 24.00 * 4.30 0.29 + 0.04 0.93 = 0.01
Test 0.68 = 0.07 0.97 = 0.02 0.81 + 0.08 0.94 = 0.02 22.67 * 11.73 0.33 = 0.07 0.92 = 0.02
LDA Train 0.73 * 0.03 0.96 = 0.01 0.80 = 0.03 0.95 + 0.01 18.25 + 4.27 0.28 + 0.04 0.93 + 0.01
Test 0.73 £ 0.07 0.97 = 0.01 0.81 = 0.07 0.95 + 0.01 24.33 + 11.72 0.27 + 0.07 0.93 + 0.02
(50% train,50% Naivebayes Train 0.74 = 0.05 0.96 = 0.01 0.80 = 0.05 0.95 = 0.01 18.5 = 8.74 0.27 *+ 0.05 0.93 = 0.01
test) Test 0.69 = 0.07 0.96 = 0.01 0.78 = 0.06 0.94 = 0.02 17.25 = 9.61 0.32 = 0.07 0.91 = 0.01
LS-SVM Train 0.83 = 0.06 0.99 = 0.006 0.95 = 0.04 0.97 + 0.01 83.00 + 8.74 0.17 + 0.05 0.97 + 0.01
Test 0.62 = 0.07 0.96 = 0.01 0.76 = 0.06 0.93 + 0.02 15.25 = 9.61 0.41 + 0.07 0.90 + 0.02
Adabag Train 0.71 = 0.06 0.97 = 0.009 0.83 = 0.04 0.94 = 0.01 23.67 + 8.74 0.30 = 0.05 0.93 = 0.01
Test 0.70 = 0.08 0.97 = 0.01 0.81 = 0.05 0.94 + 0.02 23.33 + 9.61 0.31 + 0.07 0.92 + 0.01
Adaboost Train 0.99 + 0.02 0.99 = 0.002 0.99 * 0.01 0.99 + 0.01 99.00 * 8.75 0.01 + 0.05 0.99 + 0.002
Test 0.61 = 0.07 0.94 = 0.02 0.69 = 0.06 0.92 = 0.02 10.33 = 9.61 0.40 = 0.07 0.89 = 0.01
RF Train 0.71 * 0.06 0.98 = 0.01 0.87 = 0.04 0.94 + 0.01 35.5 + 8.74 0.30 + 0.05 0.93 + 0.01
Test 0.66 = 0.07 0.97 = 0.01 0.82 = 0.04 0.93 * 0.02 22.00 * 9.61 0.35 = 0.07 0.92 + 0.01
SVM Train 0.72 = 0.06 0.97 = 0.01 0.82 = 0.04 0.95 = 0.01 24.00 = 8.75 0.29 = 0.05 0.93 = 0.01
Test 0.72 = 0.06 0.97 = 0.01 0.81 * 0.04 0.95 + 0.01 24.00 + 8.75 0.29 + 0.05 0.93 + 0.01
Logit Train 0.72 = 0.06 0.97 = 0.01 0.85 = 0.04 0.95 + 0.01 24.00 * 8.75 0.29 + 0.05 0.93 = 0.01
Test 0.68 = 0.07 0.97 = 0.01 0.80 = 0.06 0.94 = 0.01 22.67 = 9.61 0.33 = 0.07 0.92 = 0.01
LDA Train 0.73 * 0.04 0.97 = 0.01 0.81 * 0.04 0.95 + 0.01 24.33 + 8.74 0.28 + 0.05 0.93 + 0.01
Test 0.73 £ 0.05 0.97 = 0.01 0.81 = 0.04 0.95 + 0.01 24.33 + 9.61 0.28 + 0.07 0.93 + 0.02

of similarity between the characteristics of the patients in the train and
test sets over 100 repetitions, there can be observed differences be-
tween the results over training and test sets except for the SVM. It is
well known that the SVM minimizes the structural risk instead of em-
pirical risk. This avoids the SVM to be trapped in a local minimum
instead of the global minimum and the overfitting issue.””.Considering
two criteria of positive and negative likelihood ratios for predicting
survival of the patient, the SVM outperformed other machine learning
techniques.

The goodness of classifying cases into a specific category of an
outcome variable depends on several factors such as the imbalance
sample size of outcome categories. In other words, some classification
methods are good for high prevalent outcomes and some for low pre-
valent.”” Several studies have shown unbalanced efficiency of different
classification tools regarding the small/high frequency of the out-
come.?" In addition to the distribution of the outcome categories, the
mechanism in which the predictors affect the outcome is responsible for
determining the best classification method. Hence, controversy might
be observed in the performance of classification methods in different
areas of medicine and clinics. Training and testing sets of the data are
chosen randomly. However, to validate the results, it is suggested to
repeat the cross validation process. Therefore, to rely on the results, the
cross validation strategy was performed over 100 repetitions to predict
survival and metastasis of BC patients.

Many of the studies have compared the performance of various
classification methods to predict an outcome of interest. Sountharrajan
et al. conducted a study on automatic classification on bio medical
prognosis of invasive breast cancer. They compared three different
methods of SVM, C4.5 Decision tree, Naive Bayes to provide for earlier
prognosis of breast cancer which is helpful to improve the survivability
of patients.®” Salazar et al., found the same results in evaluating the

difference between SVM and logistic regression.>*.To assess the factors
associated with macrosomia among singleton live-birth, logistic re-
gression, random forest and artificial neural network methods were
compared. It was shown that random forest has the highest accuracy
(89%) in comparison to logistic regression (64%) and artificial neural
network (62%).>* Amini et al. also found SVM as the best classifier of
fatal suicide attempts in comparison to decision tree, logistic regression
and artificial neural network. They suggested SVM against other clas-
sification tools due to its practical application according to the ro-
bustness.>”

This study focused on the performance of different classifiers in
detecting survival and metastasis of BC patients. Our finding showed
that the SVM outperformed other machine learning methods in pre-
diction of survival of the patients in terms of several criteria.
Nevertheless, the LDA technique as a classical method showed similar
performance. On the other hand, their performance in terms of sensi-
tivity was poor for the prediction of metastasis. The used machine
learning techniques are nonparametric and provide efficient solutions
for classification problems without considering any special assumption
regarding the distribution of data. They also deal with nonlinearity and
high order interactions. However, the performance of a method is data
dependent and in general, there is no method that always performs as
the best technique in classification problems.

5. Limitations

There were some limitations in the present study. The data used
here was based on a registry-based retrospective study that makes the
analysis prone to potential biases for the estimations for criteria like
sensitivity and so on. Censoring was another limitation in our study that
may result in overestimation or underestimation of the results. Further



L. Tapak et al.

Table 3

Clinical Epidemiology and Global Health 7 (2019) 293-299

The values of the performance criteria for NB, LSSVM AdaBoost, Adabag, SVM, RF, LR and LDA by cross validation strategy over 100 repetition in predicting

metastasis of the breast cancer patientsunder two scenarios.

Scenario Method Set Sensitivity Specificity Positive predicted  Negative predicted Positive Likelihood Negative Likelihood Total accuracy
value value Ratio Ratio
(%70 train, Naivebayes Train 0.36 * 0.04 0.94 = 0.01 0.51 * 0.05 0.89 = 0.01 5.93 + 0.98 0.68 = 0.05 0.85 = 0.01
%30test) Test 0.33 = 0.08 0.94 = 0.02 0.49 = 0.14 0.89 *= 0.02 5.50 + 3.54 0.72 = 0.09 0.85 = 0.02
LS-SVM Train 0.46 = 0.10 0.98 = 0.01 0.81 + 0.01 0.91 = 0.01 30.20 = 17.72 0.55 = 0.10 0.90 = 0.02
Test 0.21 + 0.07 0.95 = 0.02 0.44 = 0.14 0.87 = 0.02 5.07 = 3.07 0.84 = 0.08 0.84 = 0.02
Adabag Train 0.33 + 0.06 0.98 = 0.01 0.74 = 0.05 0.89 = 0.01 18.44 = 10.24 0.69 = 0.06 0.88 = 0.01
Test 0.20 = 0.07 0.97 = 0.02 0.53 = 0.16 0.82 = 0.02 6.67 *+ 3.84 0.83 = 0.07 0.85 = 0.02
Adaboost Train 0.92 * 0.03 0.99 + 0.01 0.97 = 0.02 0.99 + 0.01 189.84 = 56.78 0.08 = 0.03 0.98 = 0.01
Test 0.25 + 0.08 0.91 + 0.02 0.32 = 0.09 0.87 = 0.02 2.81 = 1.01 0.83 = 0.08 0.81 = 0.02
RF Train 0.20 = 0.07 0.99 + 0.01 0.86 * 0.06 0.88 = 0.01 35.24 + 15.14 0.81 = 0.07 0.87 = 0.01
Test 0.08 = 0.05 0.98 = 0.01 0.49 = 0.20 0.86 = 0.02 5.47 + 3.82 0.94 = 0.04 0.85 = 0.02
SVM Train 0.58 * 0.14 0.99 + 0.01 0.94 = 0.07 0.93 + 0.04 59.75 * 42.27 0.43 = 0.26 0.93 = 0.04
Test 0.14 + 0.11 0.95 + 0.03 0.32 = 0.17 0.87 = 0.02 3.33 = 247 0.89 = 0.10 0.83 = 0.02
Logit Train 0.26 * 0.06 0.97 = 0.01 0.63 = 0.07 0.88 + 0.02 10.27 = 3.65 0.76 = 0.06 0.86 = 0.02
Test 0.21 + 0.07 0.97 = 0.02 0.59 = 0.15 0.87 = 0.02 7.61 + 3.73 0.81 = 0.07 0.86 = 0.02
LDA Train 0.28 + 0.05 0.97 + 0.01 0.66 = 0.06 0.89 = .01 11.88 = 6.03 0.74 = 0.05 0.87 = 0.01
Test 0.26 = 0.09 0.97 = 0.01 0.61 + 0.13 0.88 *= 0.02 9.05 *+ 3.90 0.77 = 0.09 0.86 = 0.02
(%50 train,%50 Naivebayes Train 0.39 = 0.07 0.94 = 0.01 0.53 = 0.07 0.90 = 0.01 6.86 + 2.07 0.65 = 0.07 0.86 = 0.02
test) Test 0.34 + 0.07 0.93 + 0.02 0.46 = 0.08 0.89 *= 0.02 5.20 + 1.69 0.71 = 0.07 0.84 = 0.02
LS-SVM Train 0.55 + 0.11 0.98 = 0.01 0.84 = 0.06 0.93 = 0.02 30.20 = 17.72 0.46 = 0.11 0.92 = 0.02
Test 0.24 = 0.07 0.93 = 0.02 0.39 = 0.09 0.88 = 0.02 3.95 = 1.61 0.81 = 0.07 0.83 = 0.02
Adabag Train 0.33 = 0.09 0.98 + 0.01 0.76 *= 0.06 0.89 = 0.01 19.97 = 8.19 0.68 = 0.09 0.88 = 0.01
Test 0.21 + 0.07 0.96 = 0.02 0.51 = 0.11 0.87 = 0.02 6.59 + 3.84 0.82 = 0.07 0.85 = 0.02
Adaboost Train 0.94 = 0.04 0.99 = 0.01 0.98 = 0.02 0.99 + 0.01 189.84 + 56.78 0.06 = 0.04 0.99 = 0.01
Test 0.27 = 0.08 0.90 = 0.02 0.33 = 0.06 0.88 + 0.02 2.83 * 0.77 0.82 = 0.07 0.81 = 0.02
RF Train 0.18 + 0.10 0.99 = 0.01 0.86 = 0.06 0.87 = 0.01 35.24 + 15.14 0.82 = 0.10 0.87 = 0.01
Test 0.07 = 0.05 0.98 + 0.01 0.49 + 0.20 0.86 = 0.02 5.47 + 3.82 0.94 = 0.05 0.85 = 0.01
SVM Train 0.49 = 0.22 0.99 = 0.01 0.91 = 0.06 0.92 = 0.03 65.67 + 57.67 0.51 = 0.21 0.92 = 0.03
Test 0.14 + 0.09 0.96 + 0.03 0.37 = 0.16 0.87 = 0.02 4.85 + 6.58 0.89 = 0.08 0.84 = 0.02
Logit Train 0.28 = 0.08 0.97 = 0.01 0.64 += 0.09 0.89 = 0.01 11.47 = 4.68 0.74 = 0.08 0.86 = 0.02
Test 0.24 = 0.09 0.96 = 0.02 0.55 = 0.11 0.87 = 0.02 7.61 = 3.73 0.79 = 0.08 0.86 = 0.02
LDA Train 0.30 + 0.07 0.97 + 0.01 0.67 = 0.09 0.89 = .01 13.65 = 9.21 0.72 = 0.07 0.87 = 0.01
Test 0.27 = 0.09 0.97 = 0.02 0.59 * 0.09 0.88 *= 0.02 9.05 *+ 3.90 0.75 = 0.09 0.86 = 0.01
studies with large sample sizes are required to investigate the perfor- References

mance of these techniques deeply and more reliably. There are many
other factors that need to be considered and best addressed by a par-
simonious, robust epidemiological model.

6. Conclusion

The focus of this study was on evaluating the performance of six
machine learning and two classical techniques in predicting survival
and metastasis occurrence in patients with breast cancer. Our finding
showed that the SVM and LDA were the best models to predict survival
in terms of several criteria and the LDA was the best technique to
predict metastasis among BC patients in this study. Further investiga-
tion is needed using large data sets to recommend a useful tool for BC
survival and metastasis prediction.
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