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Abstract: In comparison to all other malignancies, breast cancer is the most common form of cancer, among
women. Breast cancer prediction has been studied by a number of researchers, and is considered as a serious threat
to women. Clinicians are finding it difficult to create a treatment approach that will help patients live longer, due to
the lack of solid predictive models which predicts the outcome in early stages by analyzing history of patient’s
data. Rates of this malignancy have been observed to rise, more with industrialization and urbanization, as well as
with early detection facilities. It is still considerably more prevalent in very developed countries, but it is rapidly
spreading to developing countries as well. The purpose of this work is to offer a report on the disease of breast
cancer in which we used available technical breakthroughs to construct breast cancer survivability prediction
models. The Machine Learning (ML) techniques, namely Support Vector Machine (SVM), K-Nearest Neighbors
(KNN), Decision Tree (DT) Classifier, Random Forests (RF), and Logistic Regression (LR)are used as base
Learners and their performance has been compared with the ensemble method, eXtreme Gradient Boosting
(XGBoost). For performance comparison, we employed k-fold cross validation method to measure the unbiased
estimate of these prediction models. The results indicated that XGBoost outperformed with an accuracy of 97.81%
compared to other ML algorithms.
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1. Introduction

The count and databases size containing medical data is continually growing. Medical data is continuously kept
in various databases as a result of measurements, tests, prescriptions, and so on. This massive amount of data outstrips
traditional approach’s ability to evaluate and seek for interesting patterns and information contained within it. As a
result, demand for innovative strategies and tools for uncovering meaningful information in large data repositories are
increasing [1]. In recent years, cancer has been one of the deadliest diseases. Breast cancer is very common frequent
cancer among women across the globe. The proper diagnosis of certain crucial information is a remarkable issue in the
area of bioinformatics or medical research [2]. In the area of medicine, disease diagnosis is a demanding and
challenging task. Many diagnostic institutions, hospitals, research centers, as well as numerous websites have a vast
amount of medical diagnostic data. However, it is barely essential to categorize them to automate and speed up disease
diagnosis. As per the report of American Cancer Society [3], the disease breast cancer affects more women than any
other cancer. Overgrowth of the cells lining the breast ducts is the most common cause of breast tumors, which might
be either benign or malignant [4]. The cells of a benign tumor develop improperly and produce a lump. A fibro
adenoma is the most frequent kind of benign breast tumor [5]. To confirm the diagnosis, this may need to be surgically
removed, and there might not be any need for any additional treatment. If left untreated, cancer cells in a malignant
tumor have the ability to migrate beyond the breast. Breast cancer can typically be cured if detected at an early stage
[6].

Some of the symptoms of breast cancer are a lump or a clump, changes in breast or nipple size or shape, breast
or nipple color changes, nipple might become inverted, discharge of nipples, breast swell or thickening, or even
consistent discomfort. Dimpling is a type of skin dimpling that occurs when the skin is, Irritated or flaky skin.
Mammography or a portable cancer diagnostic instrument can be used to detect it early during a screening test. The
breast cancer tissues change as the disease progresses, which can be connected to the cancer stage. The breast cancer
stage (I-1V) indicates how far cancer has extended in that patient.

Stage I: Tumors grow slowly and spread unlikely; this stage can often require surgery to cure.

Stage II: Tumors grow and spread very less, but this stage may likely come back after the treatment.

Stage III: Tumors are rapidly dividing growth of cells but no dead cells are found, this stage grow quickly.

Stage IV: Tumors are actively dividing and tumor having both growth and dead tissues, this stage tumors can grow and
spread quickly.

Different stages are discovered using statistical indications like tumor size, distant metastases, lymph node
metastasis. Patients must have breast cancer surgery, chemotherapy, radiation, or endocrine therapy to stop cancer from
further spreading. Breast cancer occurs in several forms. There are numerous methods for classification as well as
prediction of this disease.

2. Related Work

Several studies focusing on breast cancer survival have been published. This research used a variety of ways to
solve the problem and was able to obtain excellent classification accuracy [7]. In this work [8] predictive models have
been employed based on Decision Tree classifiers to estimate breast cancer survivability of breast cancer and found that
patients had an 86.52 percent survival rate. To deal with the imbalanced problem, they used the under-sampling C5
technique and the bagging algorithm, which improved the predicting accuracy of breast cancer disease. This work [9]
has proved the utility of ensemble approaches in categorizing microarray data, as well as providing some theoretical
explanations for their effectiveness. As a result, they recommend that when categorizing gene expression data for
malignant samples, ensemble machine learning (ML) be considered.

For detecting cardiac illnesses, [10] three prominent data mining (DM) algorithms have been presented: CART,
ID3 and DT, with the findings demonstrating that CART achieved higher accuracy in very less time. This work [11]
conducted a study to figure out the most commonly used data mining algorithms in modern medical diagnosis and to
assess their effectiveness on a different set of medical datasets, and Naive Bayes, RBF Network, Simple Logistic, J48,
and Decision Tree were chosen as the five algorithms. From high-dimensional profile data [12] and revealed numerous
varied and significant rules for credible predictions. Low-rank features were present in the discovered rules, and these
characteristics were occasionally required for classifiers in order to reach complete accuracy. This work [13] proposed
a new classification approach combining decision trees with bagging and clustering called tree bagging as well as
weighted clustering (TBWC). This algorithm has been tested on two different medical datasets: cardiocographyl and
cardiocography?2, as well as non-medical datasets. In this [14], 202,932 breast cancer patient records were taken and
pre-classified them into two groups: those who "survived" (93,273) and those who "did not survive" (109,659). The
accuracy of the prediction of survivorship was in the region of 93 percent. In the domain of chemometrics relevant to
the pharmaceutical sector [15], it was found that when DT-based ensemble approaches are combined with backward
elimination strategy (BES), particularly the boosting tree model, higher classification performance for substances is
obtained.

In this study [16], employed ensemble methods and Neural Networks to obtain 92.3% lower accuracy than earlier
investigations. This article [17] employed the back propagation approach with 94.2% accuracy. According to this, the
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results revealed that the SVM-RBF kernel gives better performance compared to other classifiers, achieving 96.84%
accuracy in Wisconsin dataset breast cancer. They employed SVM, KNN, Random Forest, Nave Bayes, and ANN as
classification algorithms.

There are numerous methods for classification as well as prediction of this disease [18]. Breast cancers may be
classified using a unique ensemble classification algorithm proposed in this study. We used SVM, LR, RF, DT, NB and
kNN as base learners for the proposed Blended Ensemble classification model namely XGBoost. In addition,
Wisconsin Breast Cancer Dataset from Kaggle and the UCI ML repository are used to assess the performance of the
suggested technique [19]. The purpose of the research is to detect and categorize malignant and benign patients and
improve prediction accuracy.

3. Methodology

The data set is taken from Kaggle. It consists of 10 independent or input variables are considered as
‘X’namely, “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” and one dependent or output variable is considered as ‘Y’ consisting of class labels. However, the first
feature sample code number is not considered for processing as it does not have any significance. The benign
and malignant samples are shown in figure 1.

Benign Samples Malignant Samples

Fig. 1 - Benign and malignant samples

There are about 137 samples in the dataset. Segregation of data is done where in X contains all the input
variables and Y contains the class label that is the output variable. After which, data splitting is done where in
70% of the entire dataset is taken training and 30% of the dataset is test data for achieving better accurate
results in classification model. The many stages of the procedure are represented in figure 2.
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Fig. 2 - The proposed process diagram

The first step is to collect the data that are required for pre-processing so as to improve the data quality by
using data cleaning techniques, data transformation and data normalization. Data pre-processing is a DM
technique that entails transforming the raw data into a suitable format which can be understood. In reality, the
real-world data is inadequate, not consistent, and deficient, and it is almost always riddled with inaccuracies. In
the second phase, Data pre-processing is a DM technique for filtering data into a useful format as real-world
data is almost always available in a variety of formats. It isn't available in the way that is needed, so it needs to
be filtered in a way that one can understand. For data preprocessing, the standardization method is employed to
transform the dataset into a usable format. Feature selection, which is called as attribute selection in ML and
statistics, is the process of choosing a subgroup of relevant attributes for use in the creation of model.

Understanding Classification necessitates familiarity with training data. The classification process comprises of
two stages:
e Training: The phrase "training" refers to a set of scheduled classes. According to the class label attribute, each

sample is presumed to associate to a preset class [20].

e C(lassification: This is used to categorize unknown objects and calculate the model's accuracy. Accuracy rate is
proportion of test data categorized properly by the model. Over-fitting will occur if the test set is not separate
from the training set [21].

The following six ML algorithms have been implemented to have comparison with respect to performance
metrics.

A. Regression Analysis (RA)

RA is a set of procedures of statistics for relationships estimation between a dependent variable and one or more
independent variables [22]. It is being used to determine how actually strong a relationship, between variables is as well
as to predict how they are going to interact in the future. The model predicts P(Y=1) as a function of X, is one of the
simplest ML algorithms that can be used for various classification problems. Here we model the log odds as a linear
function of the explanatory variable. For logistic regression we use natural logarithm as shown in equation (1).
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log (:%p) =fo+p1x (D

Wherelfyis the intercept and |Eis the slope. LR can be extended to situations involving outcome variables with
three or more categories.

B. K nearest neighbors (k-NN)

K-nearest neighbors (KNN) is a simple, easy-to-implement supervised machine learning algorithm that may be used
to solve both classification and regression problems. Similar objects, according to the KNN algorithm, are close
together [23]. To put it another way, items that are related are close to one another. For distance metrics, Euclidean
metric can be used and finally, the input x gets assigned to the class with the largest probability as shown in equation

).

d(xx) = Ve —x )2t - xh)?
Py =jiX =0 =FEL 0 0D = ) @)

C. Decision Tree Classifier

It is one of the most extensively used and practical approaches used in Machine Learning since it are simple to use
and interpret. Classification as well as regression both problems can be solved with decision trees [24]. The name
suggests that it use a tree-like flowchart to display the predictions that result from a sequence of splits which are
feature-based.

D. Random Forest (RF) Classifier

RF works by using the training data to create several decision trees. In the case of classification, every tree suggests
output as a class, also the class with the maximum number of outputs is chosen as the final outcome [25]. We must
specify the number of trees we wish to build in this algorithm. RF is such a technique for aggregating or even bagging
bootstrap data. This method is being used to reduce an important parameter called variance in the outcomes [26].

E. Support Vector Classifiers

Support Vector Machines (SVM) is supervised learning algorithm that can be used to classify, predict, and discover
outliers [27]. SVM works effectively in high-dimensional spaces. It is still effective when the number of dimensions
exceeds the number of samples, because the decision function only employs a subset of training data, it is memory
efficient. Both dense and sparse sample vectors are accepted as input by scikit-support learns vector machines [28]. To
use an SVM to create predictions for sparse data, however, it must be fitted on sparse data, for correct prediction.

F. Ensemble Method

The above-mentioned algorithms are used as base learners. XGBoost, an ensemble method is used with k-fold cross
validation. The working of this ensemble method and the evaluation with respect to the performance metrics is
discussed in the next section.

Ensemble Method with K-FOLD Cross Validation

The bagging technique controls for high variance in the model. However, boosting plays an important role in order
to deal with both bias as well as variance. Boosting is a sequential method that works on the principle of ensemble. It
combines a group of ineffective learners to increase prediction accuracy [29]. Outcomes of the model are weighed at
any instant t, based on the results of the previous instant t-1. The outcomes that were accurately predicted are given a
lower weight, whereas those that were misclassified are given a larger weight [30].

A weak learner is one who is only marginally better than guessing at random. By integrating different models,
ensemble learning improves machine learning results as shown in Figure 3.

Boosting is an ensemble modeling strategy that aims to create a strong classifier out of a large number of weak
ones. It is accomplished by constructing a model from a sequence of weak models. To begin this process, a model is
created using the training data. The second model is then created, which attempts to correct the faults in the first model.
This approach is iterated, until the complete training data is properly predicted.
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Fig. 3 - Ensemble classifier

There are three different types of gradient boosting machine (GBM) parameters
e Tree-specific parameters which affect every individual tree in the model,

e Boosting parameters which affect the boosting operation
e  Miscellaneous parameters which affect overall functioning.

The overall functioning of the XG Boost is shown in table 1.

Table 1 - Overall functioning of XG boost
1: booster [default=gbtree]
e At each iteration, choose the type of model to run. There are two options:
o gbtree: tree-based models
o gblinear: linear models
2: Silent [default=0]:
o  Silent mode is set to 1, which means no running messages are printed.
o [t's best to leave it at 0, as the messages may aid in comprehending the model.
3: Thread [default to maximum number of threads available if not set]
o The number of cores in the system should be put here for parallel processing.
e [fyou want to run on all cores, leave the value blank and the algorithm will figure it out.

Despite the fact that there are two sorts of boosters, we will only consider the tree booster because it
consistently outperforms the linear booster, which is why the later is rarely utilized.

We strive to recover the function y=f(x) by approximately estimating E(x) while measuring how good the mapping
is using a loss function ﬂ(y,x) and then take average over all the dataset points to get the final cost, given the dataset
{(xi,y1)}i=1....,n, where x are the features and y is the target, to solve any supervised Machine Learning problem.

XGBoost uses K additive trees to create the ensemble model as shown in equation (3)

b= f) =T i)k eF ©)
Where [F = f(x) = 0q@y(q: R™ = T, 0 € RT)

The tree structure that transfers an input to the relevant leaf index at which it finishes up is represented by q. The
number of leaves on the tree is denoted by T. Each leaf of a regression tree contains a continuous score. The score on

the i-th leaf is represented by ;.
We minimize the following regularized objective to learn the set of functions employed in the model as shown in
equations (4) and (5).
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Here / is a differentiable convex loss function that measures the difference between the prediction y; and the
targety; .The second term penalizes the complexity of the model. To minimize over-fitting, the additional
regularization term smoothes out the final learned weights. Trees with deeper depth have more leaf nodes, which can
lead to overfitting on the training data, as only a few samples end up in each leaf node. As a result, we impose a penalty
for the amount of leaf nodes to limit the depth and overfitting. The objective reverts to classic gradient tree boosting
when the regularization parameter is set to zero.

To minimize the following objective function, as shown in equation (6) we need to add f; for the t-th iteration.

1O = Y5 ™ flx), v)+2:Q(f) (6

We can approximate our objective function second-order via Taylor series expansion. A Taylor series is a
function's series expansion around a point. The expansion of a real function f(x) around a point x=a is called a one-
dimensional Taylor series, and it is given by the equation (7).

0 = f(@ + Fl@G - + L a2 bt D —ay + o )

We can approximate our function as shown in equation (8) by using second order approximation while
disregarding higher order terms.

(O =T UKy + gifex) +5hifFC0] + 0 (fe) (8)

To make the objective function simpler, we can delete the constant terms as depicted in equation (9).

1O = ¥ gifeCe) + ShefP ()] + 2 (fie) ©)

Let Ij={ i|q(xi=j)} represents the instance set of leaf j, that is, the collection of all the input data points that ended
up in the j-th leaf node. So, for a particular tree, if one of our input data points ends up at the j-th leaf node after all of
the decisions, we will include it in our set Ij as shown below in equation (10).

10 = T gif () + S hfE(x)] + 9T + M|l |?
=S (Sier, 00)0j 5 Cier, hi +W@?] + 7 (10)

We can determine the optimal weight u)]f|< of leaf j for a fixed tree structure q(x) by differentiating the previous

equation with regard to w and equating to 0 as shown in (11).
iel; i
of = —1— (11)
Yiesjhi +
For the time being, we will assume that we have a tree structure q for which we have determined the best weights
at each leaf node. If you look at the above (JL)]? equation, you will note that the leaf nodes are missing, i.e. I; hasn't been

calculated yet. Based on this, we have is the ability to determine the best leaf node weights for every tree topology. The
following step is used to locate the best tree structure that minimizes the loss, and then we would be done with our tree
search.

We now replace o)? in the preceding equation as shown below in equation (12) with the appropriate optimal
value for the provided tree structure q.

[D(q) = —3%7 ety +9T (12)

I= 1ZLEI hi +h
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The quality of a tree structure q can be measured using the above equation. The score is similar to the impurity
score in terms of evaluating trees, but it is calculated for a broader variety of objective functions. It is normally difficult
to list all of the possible tree architectures q. Instead, a greedy algorithm is used, which starts with a single leaf and
iteratively adds branches to the tree. Assume that I} and Ir are the left and right node instance sets after the split. If we

assume [= ILDIR, the loss decrease after the split is shown in equation (13).

2 2

1 (Ziengi) (Zie:R gi) (Fuer 907

Lsptit = iy by + Yictghi ¥h  Xierh +?~] re+i-o
' 2 )

(ZEEIL ga) n (EiEIR ga) G g’

Diegg i ¥ Tierp iyt g By

=1 —y (13)

i.e., Total loss after splitting minus total loss prior to splitting

Similar to the gini index or entropy, this score can be used to evaluate split candidates.

XGBoost uses well-known metrics namely Mean Squared Error (MSE) as shown in (14) and Mean Absolute Error
(MAE) as shown in (15) to assess a regression model's performance.

no P
MSE = Zi 0i—y) (14)

(b
L\/[AE :hlif_yﬂ (15)

As discussed earlier, XGBoost calculates the Gain of the root node using Similarity Score rather than Gini or Entropy
as shown below in Equations (16),(17) and (18).

- _ (¥ Residual;)? 16
SimilarityScore = Y[Previous Probability; *(1—Previous Probability;}1+2 (16)
Gain = Leftgimilarity + Rights“?%?{iwd —1 1;\00tsimilaritv (17)

_ esidual;
OUtput Value = ¥| Previous Probability; *{1—Previous Probability;} [+A (1 8)

Cross-validation is a technique used in applied ML to estimate a ML model's skill on unknown data. XGBoost allows
the user to perform cross-validation at each iteration of the boosting process, making it simple to obtain the correct
number of boosting iterations in a single run. The general procedure of k-fold Cross Validation is shown in table 2.

Table 2. Procedure for K- Fold Cross Validation

Step _1: Randomly shuffle the given dataset.
Step 2: Organize the data into k number of groups.
Step 3: For each distinct group, write:

a. Take the group as test data set

b. Take the remaining groups as a training data set

c. Fit amodel on the training set and evaluate it on the test set

d. Keep the evaluation score but discard the model.
Step 4: Using the model evaluation scores sample , the model's ability is summarized.

Result and Discussions

The dataset used is Breast Disease UCI (UC Irvine) that was taken from Kaggle and UCI ML (UC
Irvine Machine Learning) repositories. It consists of 10 input variables and the heatmap is depicted in figure 4.
Color-coded systems are used to create heat maps, which are graphical representations of data. Heat Maps are
primarily used to better represent the amount of locations/events within a dataset and to guide users to the most
important sections on data visualizations. A heatmap is a 2-dimensional graphical representation of data which
uses colors to depict the individual values in a matrix is generated using python tool.
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Fig. 4 - Heatmap

Using confusion matrix, the accuracy had been determined and the Confusion matrices were created using a
model's predictions on a data set. Also, one can grasp the strengths and shortcomings of the model by looking at this
confusion matrix, and the comparison is done with alternative models to see, which one is determined to be the best for
prediction. The confusion matrix when XGBoost algorithm is applied on the given dataset is depicted in figure 5. As
stated earlier, there are 137 samples in the dataset.

- 80
-70
- B0

- 50

Fig. 5 - Confusion matrix

"Yes" as well as "no" are the two potential predicted classes. If we were recommending the presence of breast
cancer, "yes" would definitely indicate that they have the condition, while "no" would indicate that definitely they do
not have the condition.

True positives (TPs): These are examples where the prediction was yes, indicating that they have the breast cancer
disease and also, it was predicted correctly. As shown in the figure, 50 out of 137 samples are predicted as TPs
resulting in 36.50%.
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True negatives (TNs): The model predicted that they wouldn't have the disease, and actually it was found that they
don't. The TNs rate is 61.31% where it predicts 84 out of 137 samples as TNss.

False positives (FPs): Model projected that they would have the disease, but actually it was found that they don't have
the disease. This is also known as "Type I error”.

False negatives (FNs): These are those who test negative but actually have been found to have the disease. This is also
known as "Type II mistake”.

FNs rate is 0% and FPs rate is 2%. This clearly shows XGBoost provides significantly very less error rate. The
XGBoost classifier had made a total of 137 predictions mapping to the 137 records of the patients. Out of those 137
cases, the classifier predicted "yes" for 134 times, and "no" for 3 times.

Accuracy: If the dataset is not balanced, accuracy may not be a good measure. The number of correctly classified
instances divided by the total number of data instances is referred as accuracy. The Accuracy is computed using the
Equation (19). So looking at the confusion matrix depicted in figure 5, the Accuracy of the XGBoost classifier is
97.81%.

TNs +TPs
Tne 4+ TPs 4+ FPc 4+ FN«<

‘Accumcy = (19)

Precision: Precision is one of the performance metrics that is going to measure how many correct positive forecasts
have been made. So, precision estimates the accuracy of the minority class, then, the ratio of accurately predicted
positive instances divided by the total number of positive examples predicted, is used to compute it. The precision is
computed using the Equation (20). So looking at the confusion matrix depicted in figure 5, the precision of the
XGBoost classifier is found to be94.3%.

TPs
TPe¢ 4+ FPg¢

(20)

‘Precision =

A good classifier should have a precision of 100% (high), only when both numerator as well as denominator are
identical, i.e. TP = TP +FP, can precision become 100%. However, XGBoost classifier has provided a very good
precision rate.

Recall: Recall is a metric that measures how many correct positive predictions were produced out of all possible
positive predictions. Unlike precision, which only considers the right positive predictions out of all positive predictions,
recall considers the positive predictions that were missed. In this approach, recall provides some indication of the
positive class' coverage. The recall is computed using the Equation (21). So, by looking at the confusion matrix
depicted in figure 5, the precision of the XGBoost classifier isfound to be100%.

TPs

ecall =——
Fcal TP<s 4+ FNs

(21)

F1 Score: We want both accuracy and recall to be of the value one, in a good classifier, which also means FP and FN
should be zero. As a result, we require a statistic that considers both precision as well as recall. The Fl-score is a
measure that takes precision and recall into account, and is defined as follows, as shown in Equation (22).

precision * recall

}Fl Score = 2 % (22)

precision + recall

XGBoost classifier provides the F1 score of 97.06%. Only when precision and recall are both 100 percent, it results in
F1 Score to also become 100 percent. That means when both precision and recall both are high, then only, F1 score will
be high. The F1 score is a better measure than accuracy since, it is the harmonic mean of precision and recall. XGBoost
classifier’s performance against all the mentioned performance metrics has been depicted in Figure 6
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Fig. 6 - Different performance metrics

The accuracy of LR, KNN, RF, DT, SVM and XGBoost classifiers are 96.32%, 94.11%, 95.22%, 91.19% , 93.46% and
97.81 respectively as shown in table 2. The table also shows how the six ML algorithms have been evaluated with
respect to the different performance metrics.

Table 3 - Performance of various ML techniques in classification of breast cancer

ML Techniques Accuracy Recall Precision F1-Score

LR 96.32  89.14 95.17 94.27
KNN 94.11 92.36 93.42 92.08
RF 9522 93.56 92.38 94.36
DT 91.19 88.72 90.15 92.21
SVM 9346 9448 89.17 92.11
XGBoost 97.81 100 94.3 97.06

Out of six ML algorithms when evaluated with respect to several performance metrics, like precision, recall and F1
score, it was observed that XGBoost has been evaluated with a very good accuracy compared to other classifiers. The
Performance Evaluation of Different ML techniques in Breast Cancer Classification are depicted in the figure 7.

102

100 F
98
96 - /
94
92
90 -
28
86 Precision
84
82

| =—g=Accuracy

=-Recall

Performance(%)

F1-Score

ML Algorithms

Fig. 7 - Performance evaluation of different ML techniques in breast cancer classification
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conclusion

Breast cancer, if detected early, can save many women lives. These programs assist patients and clinicians in
gathering as much information as possible in the real world. The objective is to determine the best suitable algorithm
for forecasting the occurrence of the disease of breast cancer accurately. The main objective of this paper, is to
highlight all of the previous and existing studies of ML algorithms that have been used to predict breast cancer. To
indicate survivability in this study, we employed a binary variable in the raw dataset, where benign is denoted by a
value of "0" and malignant is denoted by a value of "1". We employed a 10-fold cross validation strategy to test the
unbiased prediction accuracy of these algorithms. For each of the six prediction models, we have repeated
this procedure, as a result of which, we were able to compare these six models using less skewed prediction
performance measures. With a classification accuracy of 97.81 percent, the XGBoost was observed to have performed
the best.
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