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ABSTRACT

This work proposes, through machine learning techniques, to analyze a diabetes database:
Pima Indians. This database is composed of data that presents results from a group of Native
American women living in Arizona, where research was conducted on the main factors related
to diabetes. Thus, in this article, this dataset was analyzed using the following techniques:
Naive Bayes, Logistic Regression, Support Vector Machine, K Nearest Neighbors, Decision
Trees, Random Forest, Perceptron, and Multilayer Perceptron. The results of this work were
compared to the findings of several scientific articles that also analyzed the same database.

Keywords: Diabetes, Classifiers, Pima Indian database, Statistical Machine Learning, Data
Science.

RESUMEN

Este trabajo propone, a través de técnicas de aprendizaje automadtico, analizar una base
de datos sobre diabetes: los indios Pima. Esta base de datos estd compuesta por datos
que presentan resultados de un grupo de mujeres nativas americanas que viven en Arizona,
donde se llevé a cabo una investigacion sobre los principales factores relacionados con la
diabetes. Asi, en este articulo, se analizé este conjunto de datos utilizando las siguientes
técnicas: Naive Bayes, Regresién Logistica, Maquina de Vectores de Soporte, K Vecinos mas
Cercanos, Arboles de Decisién, Bosques Aleatorios, Perceptron y Perceptrén Multicapa. Los
resultados de este trabajo se compararon con los hallazgos de varios articulos cientificos que
también analizaron la misma base de datos.

Palabras claves: Diabetes, Clasificadores, Base de datos de los indios Pima, Aprendizaje
Automsético Estadistico, Ciencia de los datos
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1 Introduccion

Currently, diabetes is among the top ten diseases
that cause the most deaths worldwide [24]. Dia-
betes is defined as a group of metabolic disorders
that exert significant pressure on human health
globally [19]. Responsible for triggering several
other diseases, diabetes has been widely studied
by researchers from all over the planet. Diabetes,
also known as diabetes mellitus, is a metabolic
disease that increases blood sugar levels for longer
periods compared to a person without the disease
[7]. There are several symptoms, including ex-
cessive thirst, urination, and hunger. When left
untreated, it ends up triggering several compli-
cations in the individual. There are three main
types of diabetes: diabetes mellitus type I, type
II, and gestational [23]. As it is a silent disease, it
is always necessary to pay attention, especially to
cases in the family, as well as to frequently con-
sumed foods.

Diabetes is in the group of chronic diseases, char-
acterized by changes in insulin levels in the blood,
whether due to inappropriate production or uti-
lization by the body. The disease is also a risk
factor for other conditions, including kidney dis-
ease, damage to blood vessels, blindness, and the
development of heart disease [22]. Diabetes is a
global public health problem, often diagnosed in
middle-aged to elderly individuals.

Research that contributes to early diagnosis has
helped people achieve a better quality of life. Su-
pervised machine learning techniques can be ap-
plied as a means to enhance the diagnostic process.
Patients with a high probability of developing the
disease can alter their habits to reduce the like-
lihood of its occurrence, such as adopting better
nutrition, engaging in weight loss, and incorporat-
ing regular exercise.

In this context, diabetes, like other diseases,
requires attention ranging from special care to
cutting-edge scientific research. In most studies of
this nature, the goal is to understand the relation-
ship between one or more variables in a studied
condition. Specifically, it is desirable to establish
the likelihood of the occurrence of such a condi-
tion, given a specific set of symptoms. The pres-
ence of a disease in a person is a binary event, and
this random variable can be denoted by Y, with
assumed values of 0 for the absence of the disease

and 1 for its presence. This leads us to classifica-
tion models.

Binary classification aims to categorize elements
in a given dataset into two groups. It attempts to
predict, based on the characteristics of individu-
als, which group each one will belong to. One of
the models that comes to mind when working with
binary classification is the logistic model. This is
because the logistic model is one of the suitable
models for estimating the probability of an indi-
vidual presenting the studied condition or the like-
lihood of acquiring it [8].

However, there are various binary classification
models for addressing classification problems.
Among them, we can mention Naive Bayes, Logis-
tic Regression, Support Vector Machine, K Near-
est Neighbors, Decision Trees, Random Forest,
Perceptron, and Neural Networks. All of these
classification techniques will be discussed in this
work, and they will be compared using the fol-
lowing criteria: accuracy, precision, recall, and F1
score.

Therefore, this work proposes, through ma-
chine learning techniques, to analyze a diabetes
database: the Pima Indians. This database con-
tains results from a group of Native American fe-
males living in Arizona, where research was con-
ducted on the major factors related to diabetes
[22].

The work is divided as follows: Chapter 1 provides
an introduction to the disease and the classifiers,
as well as the techniques that will be used in this
article. Chapter 2 presents the results of five ar-
ticles that modeled the same database. Chapter
3 describes the data, presents a descriptive analy-
sis, and outlines the methods used in this article.
Chapter 4 presents the results and conclusions.

1.1 Related Works

When conducting a survey of works that have al-
ready analyzed the database proposed in this ar-
ticle, a variety of published works are found. Sev-
eral of them utilize statistical techniques as well as
machine learning. Among the works we have re-
viewed that analyzed the Pima Indians Diabetes
database, the study by Krijestorac et al. [21]
stands out. They achieved favorable results, in-
cluding good specificities and sensitivities, after
transforming the data. The authors employed sev-
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eral algorithms, including Random Forest, SVM,
J48, and KNN.

Researchers Jhaldiyal and Mishra [I6] also ex-
plored the Pima Indians Diabetes dataset using
two techniques: principal components and SVM.
In their analysis using the principal component
technique to reduce the number of dimensions and
employing error pruning reduction tree to train
the data, they achieved an accuracy close to 79%.
When working with SVM, also utilizing principal
components with the same objective as the first
scenario, they attained an accuracy of approxi-
mately 97%.

Kordos et al. [20], employing the nearest K-
neighbor algorithm (K-NN) with appropriate pa-
rameter adjustments while working with this
database, achieved an accuracy of approximately

77%.

Purnami et al. [25] achieved an accuracy of
76.73% in an attempt to predict individuals who
would be diabetics in the future. This result
was obtained using soft support vector machines
(SSVM).

Using a 70% — 30% split for training and testing
to detect diabetes, Jahangeer et al. [I5] modeled
and compared three machine learning techniques:
the nearest K-neighbor algorithm (K — NN) with
k = 1 and k = 3, Decision Tree-CART, and
SVM. Through these different techniques, they
found that parameter adjustments are essential
in the modeling process. The precision achieved
for each technique was as follows: Decision Tree-
CART = 76,60%; K-NN with & = 1: 64,60%;
SVM = 74,21%; and K-NN with k = 3: 68, 79%.
Similarly, Shirke et al. [2], working with SVM
and Decision Tree classifiers, achieved precisions
of 79,39% and 76, 10%, respectively.

Christobel et al. [5] addressed this problem us-
ing cross-validation and the nearest K-neighbor
algorithm (K-NN). Through data processing, in-
cluding normalization, dimensioning, and imputa-
tion, they achieved an accuracy of 74, 74% through
the use of cross-validation twice. When they per-
formed cross-validation ten times, they reached an
accuracy of 71,84%. An accuracy of 73,59% was
obtained using kINN.

Performing variable selection, Hashi et al. [12] re-
duced them by 37,5% and 50%. Through KNN
(with K = 10 and 11), the accuracy increased
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from 74,48% to 81,17%, and through SVM, the
accuracy increased from 77,17% to 87,01%.

Also working with KNN, Ster and Dobnikar [29],
in the detection of diabetes, achieved an accuracy
of 71,90% in ten cross-validation tests. Addition-
ally, they observed that when the parameters were
not adjusted, the neural network performed bet-
ter.

Kandhasamy and Balamurali [I7] worked with the
classifiers KNN, SVM, and Random Forest, ob-
taining accuracies of 73,17%, 73, 74% and 71, 74%,
respectively.

Shankaracharya et al. [28], using the logistic re-
gression technique and working with eight vari-
ables, achieved an accuracy of 79,17%. However,
the accuracy increased slightly to 80,21% when
the authors worked with only the four most im-
portant variables.

2 Seccion IT

2.1

This database originates from the National
Institute of Diabetes and Digestive and Kidney
Diseases. Its primary objective is to diagnostically
predict whether a patient has diabetes based on
specific diagnostic measurements included in
the database. Several constraints were applied
when selecting instances from a larger database.
Notably, all included patients are females, at least
21 years old, of Pima Indian heritage, residing in
or near Arizona, USA, and the data was collected
in 1990. The database comprises various medical
predictor variables and one target variable labeled
as ”"Outcome.” Predictor variables encompass
the number of pregnancies, BMI, insulin level,
age, and other relevant factors. In Table [1] it is
possible to check the symbols and names of the
variables and the average value of each of them.

Pima Indians Dataset

Table 1: Predictor variables - Pima Indian dia-
betes database

Name Description Mean
NP Numbers of times pregnant 3.8
GP Plasma glucose concentration after 2 h 12.9
BP Diastolic blood pressure (mmHg) 69.1

SKIN Triceps skinfold thickness (mm) 20.5

INSULIN Two-hour serum insulin 79.8

BMI Body mass Index (weight (kg)/height m) 32

DPF Diabetes pedigree function 0.5

AGE Age of patient (years) 33.2
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Fonte: The authors

Motivating the application of prediction tech-
niques for this population is the slow and grad-
ual onset of the disease [13]. Traditional diagnos-
tic methods, such as the plasma glucose test, can
take up to 10 years to identify the disease [26].
The dataset was chosen because it is widely used
to test classification systems, making it easier to
compare the results obtained with other models
already proposed for the diagnosis of diabetes.

2.2 Pre-processing and Exploratory
Analysis

Some observations have a value of zero, such as
age and insulin, indicating that the database has
some data reporting problems. Missing data are
recorded as zero values in 376 out of 768 obser-
vations in the Pima database. Due to the high
proportion of values, the removal of these obser-
vations would represent a significant loss of data.
A technique to correct missing values was adopted,
a variant of the closest neighbors approach, imple-
mented by the Impute library in Python. From an
array with an initially applied function, we obtain
the complete array. Regression of the k nearest
neighbors is applied to the weighted average to
find the imputed value.

The data were standardized by centralizing the
mean and scaling component-wise to unit vari-
ance.

In this simple visualization, we note that the blood
pressure and BMI variables have some null values.
However, these variables cannot be null in practi-
cal terms. Thus, these null values actually repre-
sent missing values. We create a plot to illustrate
this intuitively.

A family history of diabetes increases the chances
of developing the disease. Gestational diabetes is
also positively associated with the risk of devel-
oping type II diabetes in the following years. Re-
garding age and weight, the disease often develops
more in people in middle age and overweight in-
dividuals. The group is relatively young, with an
average age of 33 years, a minimum age of 21 years,
and a maximum age of 80 years.

In Figure [2] missing data are represented with a
white line.
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Table 2: Quantity of missing observations in Pima
Indian Database

heightVariable | Qt Missing Data
Glucose 5
BloodPressure 35
SkinThickness 227
Insulin 374
BMI 11

Fonte: The authors

In Figure [2] and Table [2, we observe a significant
amount of missing data in our database. To ad-
dress this issue, various techniques can be applied.
A common approach is to replace the missing val-
ues with the mean value of the column. Alterna-
tively, a more sophisticated method involves using
a regression technique. In this article, we choose
to use KNN for replacing the missing data. The
next subsection will elaborate on what KNN en-
tails.

Another consideration in the exploratory analysis
is that the Pima Indian Database is unbalanced.
‘We have more observations for Class 0, indicating
individuals without diabetes. This is illustrated in
the following figure.

To address the issue of imbalance observed in the
dataset, we employ a technique called Synthetic
Minority Over-sampling Technique (SMOTE).
This approach aims to rectify data imbalance by
creating synthetic samples based on the existing
data. For more details, refer to Ref. [3].

2.3 Feature Selection

We first look at the correlation matrix of the co-
variables. We can perform this visualization in

Figure [d

The most correlated variables are SkinThickness
and BMI, with a Pearson correlation of 0,65. In
this database, there is not much correlation be-
tween the features, and the feature space has low
dimensionality. Therefore, we use all the variables
in the modeling.

2.4 Classification Models
2.4.1 Naive Bayes

Consider that we have a sample of independent
observations in a training set, let’s say:
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(x1,Y1), (x2,Y2), -+, (Xn, Yn) ~ (X,Y). Where,
X1, -+ ,Xn are the d dimensional vectors of fea-
tures, and Yi,---,Y, are the target, in this case,
Y; are binary variables. Our goal is to build a
function to predict new observations, based on this
sample.

We can use the following Risk function to train
the model:

R(g) = P(Y # g(X)) (1)

So, we have to maximize:

g(z) = argmaxP(Y = ¢|x) (2)
ce{0,1}
Now, we have to estimate P(Y = c|x), for this

let’s consider the Bayes theorem:
fEY =¢)P(Y
> Y =s)P (Y

se{0,1}

=¢)

P(Y =¢|x) =

To get the estimate for P(Y = ¢|x) we have to
estimate everything in the right side of the (4)
equation. The estimates for P(Y = ¢) for ¢ €
{0, 1} are easily to get, using the proportion of this
classes in the sample. The Naive-Bayes method
assume that, for every ¢ € {0,1}, f(x]Y = ¢) can
be factored:

U

f((X17X27"' X

|Y_c:II (x;]Y =¢) (4)

By assuming that distributions are independent.
So, we can estimate every f(x;|Y = c) by assum-
ing for example:

X;Y =~ N(pje, 05.) ()

And the estimates for p; . and O’ . are given by
maximum likelihood. Therefore, we have:

P = efx) = SOV =P =0)
S FxIY = $)P(Y = 5)
ce{0,1}
Finally we have:
g(z) = argmazP(Y = ¢|x) (7)

ce{0,1}

And the decision rule can be: g(z) = 0 if Py =
0|x) > P(Y = 1|x) and g(z) = 1 otherwise.
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2.4.2 Logistic Regression

In the logistic model, we use the values of a series
of independent variables to predict the occurrence
of the dependent variable (disease or condition).
Thus, all variables considered in the model are
controlled among themselves. Since we use a se-
ries of independent variables, it is a multivariable
problem. The Multiple Logistic Regression model
is employed for cases of regression with more than
one explanatory variable.

According to Agresti (2007) [I]; Hosmer and
Lemeshow (2013) [14] the general model for logis-
tic regression with multiple Explanatory variables
are defined as follows. Denote k predictors for an
answer binary Y by x1,xo,...,2;. The model for
the odds log is given by
7(x)
1- 7T(ﬂf)}

=a+ bz + foxa + - -

logit(P(Y=1))=1n [

+ Brxg,

The parameter (; refers to the effect of x; in the
odds log when Y = 1, controlling the others x’s.
In addition, perhaps the most important inter-
pretation of the logistics model is in the calcu-
lation of the odds (Odds - O) and the odds ra-
tio (OddsRatio - OR), which allows to quantify
the magnitude of association between the explana-
tory variables and the response variable. Odds are
given by

7(x)

1—

——~ =exp(a+ oy + fara + -
7(x)

+ ﬂkxk) .

This exponential relationship provides an interpre-
tation for 8’s: The product by exp(f;) for each
unit plus z;. See that when 8; = 0, exp(f8;) =
1, therefore, the odds does not change when x;
changes [1].

2.4.3 Support Vector Machine

Developed in the 1990s, Support Vector Machines
(SVM), initially designed only for binary prob-
lems, ended up becoming a robust classifier for
a range of situations. Consequently, it became
a reference in statistical machine learning. SVM
is based on hyperplane concepts, which require a
good understanding of algebra [6].
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Mathematically speaking, the definition of a hy-
perplane is not very complex and can be repre-
sented as:

Bo + P11+ Baxa =0

What can be generalized to:

Bo + Bix1 + Paza + -+ + Bpap =0

Thus, all points of the vector x = 1,22, - , Zp,
which satisfy the equation, will belong to the hy-
perplane.

Otherwise,

ﬁ0+ﬁ1£1+62$2+"'+ﬁp$p<0

Bo + Bix1 + oo 4 - - + Bpxp > 0

With that, we just need to calculate the sign of
the equation to determine where the point under
analysis is.

A classic example of how to increase the di-
mensionality of data is by transforming a two-
dimensional space into a three-dimensional one.

f(fﬂhl‘z) = (xf, \/5371332,%%)

When the limit of separation of the vectors is, even
if approximately, linear, the SVM will yield good
results. When linearity is inadequate, simply in-
creasing the dimensions can solve this problem.

The following are some ways to increase these di-
mensions:

e Linear kernel
KX, X)=X*X

When using a linear kernel, we will have re-
sults equal to the results obtained by SVM.

e Polynomial kernel

KX, X)=(X*X +¢)?

For d = 1 and ¢ = 0, we will have results
equal to SVM and the linear kernel. However,
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when d > 1 the linearity will be increased,
proportionally to its growth.

e Gaussian Kernel (RBF)

K(X,X') = exp(~||IX - X'||?)

The value of gamma controls the value of the
kernel. The higher the value of gamma, the
greater the flexibility of the model.

These are four of many other ways to increase
dimensionality to address the linearity problem.
Each has its advantages and disadvantages, and
their hyperparameters can be determined through
cross-validation. The choice of which kernel to use
will depend largely on the situation you need to
resolve. However, the Gaussian Kernel (RBF) is
the most suitable because it has only two hyper-
parameters to be optimized and is very flexible in
terms of classifier complexity.

2.4.4 K-Nearest Neighbours

The K-nearest neighbors (KNN) technique is a
method for imputing and classifying data based on
the nearest neighbors. This method was proposed
by Fukunaga and Narendra [IT]. The method se-
lects K objects with profiles similar to a missing
observation Y; through a distance measurement,
such as Euclidean distance. After calculating all
distances, one of the K observations closest to Y;
is chosen, and its value occurs most often (for cat-
egorical data) or is the weighted average of these
values (for quantitative data), filling in the miss-
ing value Y;. This process does not change the
variance or the average of the dataset.

Two things must be defined to work with the KNN
method: the metric for the distance calculation to
be used and the size of K.

The metrics are chosen according to the problem,
and the most commonly used in calculating the
distance between two points are:

e Euclidean Distance

e Minkowski distance
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n

D

=1

1/r
|pi —qz’IT)

Dc(p,q) = m?X(\pi — qil)

e Chebyshev Distance

In any case, p = (p1,..-,0n) € ¢ = (q1,---,qn)
are two n-dimensional points and in the equation

Dy (p,q), r will be a chosen chosen constant.

The KNN method is often used to work with clas-
sification problems. Let’s exemplify through the
Euclidean distance, calculating the distance be-
tween two vectors.

D (Xij— Xignj)?

j=0

Given a point in space, KNN seeks to find the
closest neighbors through the set of vectors:

Where: X, K and N are the neighbors and num-
ber of elements of the vector, and X; ; are the lines
of the matrix.

What the vector will return K, = {1,229, - ,2,}
such that the sum of their distances is as short as
possible, before the instance t.

2.4.5 Decision Trees

A decision tree is a supervised machine learning al-
gorithm used in classification and regression prob-
lems. Transforming a complex problem into mul-
tiple simpler problems, the algorithm employs a
strategy of dividing to conquer. To classify a new
item, the algorithm explains it using a set of rules
derived from attribute values in the training data.
The process involves navigating through the tree
nodes based on different features until reaching a
leaf, which is used as the class for the given case.
The solutions to smaller problems are combined
into one tree, addressing a more complex problem
[18].

50

Converting a decision tree into a set of rules is
a straightforward and efficient process, involving
mapping from the root node to the leaf nodes step
by step. This conversion is guided by the prin-
ciples of entropy and information gain [4]. The
calculation involves determining two types of en-
tropy using frequency tables, as outlined below:

Entropy of the target:

(&

Entropy(T) = Z —P;logo P;

i=1

and entropy using the frequency table of two fea-
tures:

Entropy(T, X) = Z P(c)E(c)
ceX

The gain in information measures the reduction in
entropy for each division:

Gain(T, X) = Entropy(T) — Entropy(T, X)

The objective is to maximize the gain.

Other classification criteria common is Gini

Gini(T) = > Pi(1-P,)

2.4.6 Random Forest

The Random Forest algorithm employs multiple
learning algorithms to optimize predictive perfor-
mance. According to Tigga [30], the Random
Forest classifier generates numerous decision trees
from randomly selected subsets of the training
database. It then aggregates the votes from these
diverse decision trees to determine the final class
for test objects. This process consists of two main
parts: Tree bagging and the transition from tree
bagging to a Random Forest.

Let 'n/ represent the number of cases randomly
selected with replacement from the training set.
This sample becomes the training set for each tree.
The algorithm selects the node that best splits the
node, and notably, there is no pruning applied;
each tree is grown to its maximum extent [I7].



Carvalho et al., 37 (2023) 44-57

2.4.7 Perceptron

Rosenblatt’s Perceptron serves as a straightfor-
ward Neural Network, capable of being configured
with a single neuron or multiple neurons organized
in a single layer, as illustrated in Figure ] It
functions as an algorithm designed for supervised
learning of binary classifiers. Originally proposed
by Frank Rosenblatt in 1957 [27], the Perceptron
concept involves the creation of one or more out-
put neurons. Each of these neurons is connected
to several input units through connections char-
acterized by weights [31]. An illustration of this
model is presented below:

The output value is calculated as follows:

Y= f(z w;z; + 0) (8)

The function f is called activation function and is
given by:

, ifx >0
otherwise

(9)

In the Perceptron model we can use different
penalty functions in regularization. Here we ex-
plore three: L1 norm, L2 norm and Elasticnet.
For more details of regularization in Perceptron
see Ref. [10].

2.4.8 Multilayer Perceptron

An Multilayer Perceptron(MLP) is an extension
of Perceptron. In fact, MLP consists at least
three layers of nodes. To build this illustration,
we adapted [9], as shown in Figure [f| In other
words, this is an example of MLP.

The learning processes occurs in MLP by changing
connection weights, using backpropagation. For
more details see Ref. [3I]. In the case of MLP we
can use several activation functions. Here we use
logistic, identity, tanh and relu. This functions

are:
Logistic:
1
@) =1 (10)
Identity:
flz) == (11)

Tanh:
f(x) = tanh(x)

Relu:
f(@) = maz(0,x)

2.4.9 Ensemble methods

Ensemble methods use several classifiers to obtain
better predictive performance than each classifier
alone. In this work, we use two ensemble methods:
the Voting Classifier/Majority Rule and the Stack-
ing Classifier. The Voting classifier is straightfor-
ward to understand. Suppose, for a certain clas-
sification problem, we have three different classi-
fiers. The voting classifier is a way to combine
these three rules into one classifier. A common
way to combine them is to use the mode. The
stacking classifier is similar, but the rule to get
the final prediction is not only simply the mode;
instead, every classification rule is passed to a new
classifier, and this meta-classifier is used to get the
final prediction.

2.4.10 Performance Metrics

To evaluate our models, we choose four differ-
ent metrics: Accuracy, Recall, Precision, and F1-
Score. The choice of evaluation metrics influences
the firm that measures the performance of ma-
chine learning algorithms. Different performance
metrics were adopted to evaluate the algorithms.
First, we have to define the confusion matrix,
which is a kind of contingency table with two di-
mensions. Based on the confusion matrix, we as-
sess the relationship between true and false posi-
tives and negatives, aiming to minimize false neg-
ative and positive results.

e Accuracy: number of correct predictions
made by the model. That is, the proportion
of the true positives and negatives in relation
to all the predictions of the confusion matrix.
Applied to classes with proportions of data
are nearly balanced.

Recall: proportion of true positives in rela-
tion to those who actually tested positive. To
minimize false negatives, the measure will ap-
proach

Precision: discover the proportion of true pos-
itives in relation to those that are true and
false positives.
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Table 3: Confusion Matrix

True diagnosis

Positive Negative Total
Predicted Positive TP FpP TP+ FP
Negative FN TN FN+TN
Total TP+ FN FP+TN N

e pandas: used for data analysis and manipu-
lation tool.

e fl-score: a unique score to represent precision
and recall, based on the harmonic average be-
tween the two metrics.

In terms of Confusion Matrix these metrics are
defined by:

Accuracy
TP+ TN
A = 14
ce TP+TN+ FP+ FN (14)
Recall Tp
Reca” = m (15)
Precision
TP
Precision = ———— 1
recision = s (16)
F1-Score
2T P
Fl= 1
2P+ FP+ FN (17)

The evaluation and diagnostic metrics of the mod-
els used in this work were calculated according to

the Table [3| and the equations e

2.5 Implementation:

We use python to implement all of this methods.
The following libraries are required:

e NumPy: used for linear algebra and other op-

erations.

seaborn: used for statistical data visualiza-
tion.

matplotlib: used for plot and data visualiza-
tion.

pandas: used for data analysis and manipu-
lation tool.

scikit-learn: used for all the classification
methods and preprocessing methods.
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e Impyute: used for deal with missing data im-
putation.

e imblearn: used for deal with imbalanced data.

3 Experiments

3.1 Description of experiments and
performance of classifiers

For each model we describe in the Section of mate-
rial and methods we try a few experiments. In the
next subsections we show the results for some ex-
periments. Each measure for performances of the
models is an average of 10-fold cross validation.
The database we use in each experiment is the
database with replacement of the miss values for
a value given by a regression(We use the package
impyute) and we balanced the data using SMOTE
technique, which is implemented in the package
imblearn.

We use meta-classifiers including Voting Classifier
and Stacking Classifier. For do this we choose
the best tree models defined before and perform
the ensemble classifier. The models are: MLP
with 1000 hidden layers and 1000 neurons each
layer and tanh activation, Random Forest with
600 number of estimators and Gini criterion and
KNN with 3 nearest neighbors and Minkoski dis-
tance with p = 1. For the Stacking Classifier we
use a MLP with the final estimator with 1000 hid-
den layers and 1000 neurons.

4 Seccion II1

4.1 Results

In a brief visualization of the data, which were
worked on in this scientific article, it can be seen
how the set of information treated here behaves
through the histograms in Figure [T}

In Figure [3] we can understand the frequency of
diabetics and non-diabetics between the sick and
non-sick groups. In other words, note that ap-
proximately one third of individuals have diabetes,
while two thirds have not yet developed the dis-
ease.

Continuing, you have to measuring accuracy, re-
call, precision, and F1-score across 8 different algo-
rithms reveals the advantages and disadvantages
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Figure 1: Hﬂistogﬂram” of the variables in Pima Indian Database

Table 4: Comparison of Classification Models through Metrics: Accuracy, Recall Precision and F1-
Score

Accuracy Recall Precision  fl1-Score
Naive Bayes 0.76 0.74 0.760417 0.759904
Logistic Regression 0.8 0.78 0.800481  0.79992
SVM with poly Kernel of degree 2 0.68 0.70  0.680288 0.679872
SVM with poly Kernel of degree 3 0.78 0.90 0.797114 0.776786
SVM linear 0.79 0.76  0.791048 0.789811
SVM with rbf Kernel 0.87 0.94 0.877397 0.869360
KNN with 3nn, distance metric with p=1 0.89 1.00 0.909836 0.888653
KNN with 3nn, distance metric with p=2 0.88 1.00 0.903226 0.878247
KNN with 5nn, distance metric with p=1 0.84 1.00 0.878788 0.835796
KNN with 5nn, distance metric with p=2 0.84 0.98 0.868924 0.836801
Decision Tree with gini criterion 0.83 0.94 0.846784 0.827918
Decision Tree with entropy criterion 0.81 0.86 0.813131 0.809524
Random Forest, n_estimators=100, Gini 0.90 0.92 0.900641 0.899960
Random Forest, n_estimators=100, Entropy 0.91 0.94 0.911481 0.909919
Random Forest, n_estimators=600, Gini 0.93 0.96 0.931554 0.929937
Random Forest, n_estimators=600, Entropy 0.92 0.96 0.922705 0.919872
Perceptron with 11 penalty 0.67 0.46 0.706411 0.654776
Perceptron with 12 penalty 0.63 0.46 0.646992 0.618989
Perceptron with elastic net penalty 0.63 0.46 0.646992 0.618989
MLP with (1000,1000)(Activation logistic) 0.82 0.82  0.820000 0.820000
MLP with (1000,1000)(Activation identity) 0.81 0.80 0.810124 0.809981
MLP with (1000,1000)(Activation tanh) 0.91 0.98 0.918197 0.909557
MLP with (1000,1000)(Activation relu) 0.89 0.96 0.897797 0.889458
Voting Classifier 0.93 0.934343 0.98 0.929825
Stacking Classifier 0.95  0.95018 0.94 0.949995
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Figure 2: Missing values for the variables
Fonte: The authors
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of different methods. Since the database was pre-
viously balanced, accuracy will be adopted as a
measure for comparing the evaluated models.

All algorithms were tested considering all variables
and applying 10-fold cross-validation, chosen for
its efficiency in small datasets. Previous stud-
ies, such as Kevric et al. [21], explored different
combinations of variables in the same dataset and
achieved better results using all variables. From
the results obtained, it can be concluded that en-
semble methods (Stacking Classifier and Random
Forest) and neural networks (MLP) present better
performance, as can be seen in Table[d] Consider-
ing different weaker algorithms, they proved to be
more powerful in both accuracy and precision for
the classification of diabetes in the Pima database.
The Stacking Classifier, among ensemble methods,
achieved the highest accuracy at 95%, and the
Random Forest with 600 estimators and consider-
ing the Gini decision criteria reached an accuracy
of 93%.

The SVM classification model using the RBF ker-
nel function obtained better accuracy performance
(87%) compared to its linear application (79%)
and polynomial of degree 3 (78%), a result con-
sistent with other experiments [?]. These results
were better than those of the Decision Tree with
the Gini criterion, Logistic Regression, and Naive
Bayes algorithms, as found in previous experi-
ments [I5]. However, the results were lower than
those of KNN considering the three closest neigh-
bors (89%). An interesting observation is that the
KNN classifier provided a very high recall mea-
sure, indicating that this method did not pro-
duce any false negatives in the three configura-
tions tested. The Decision Tree model using the
Gini criterion outperformed the entropy criterion,
achieving the highest accuracy (83%) and preci-
sion (84%). Nevertheless, it showed relatively low
performance, surpassing only Naive Bayes (76%)
and logistic regression (80%).

Table [5] presents the accuracy results obtained in
this study through the nine classification methods
used. Additionally, the table includes the values of
the highest accuracy obtained by the works cited
in this article. The ten referenced articles in this
work primarily employed classification techniques
such as Logistic Regression, SVM, KNN, Decision
Tree, and Random Forest. Considering all the ref-
erences that worked with Decision Tree, KNN, and
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Table 5: Comparison of results (accuracy)

Methods Our  [I6] [20] [25] [15] 2] ] [12] [29] [17]
Naive Bayes 0.76

Logistic Regression 0.8

SVM with poly Kernel of degree 2 0.68

SVM with poly Kernel of degree 3 0.78 " o

SVM linear 0.79 0.97 0.7673 0.7421 0.7939 0.8701 0.7374
SVM with rbf Kernel 0.87

KNN with 3nn, distance metric with p=1 0.89

KNN with 3nn, distance metric with p=2 0.88

KNN with 5nn, distance metric with p=1 0.84 0.77 0-6879 0.7474 0817 0.7190  0.7317
KNN with 5nn, distance metric with p=2 0.84

Decision Tree with gini criterion 0.83 PP .

Decision Tree with entropy criterion 0.81 0.7660 0.7610

Random Forest, nestimators=100, Gini 0.90

Random Forest, nestimators=100, Entropy = 0.91 0.7174
Random Forest, nestimators=600, Gini 0.93 ’
Random Forest, nestimators=600, Entropy  0.92

Perceptron with 11 penalty 0.67

Perceptron with 12 penalty 0.63

Perceptron with elastic net penalty 0.63

MLP with (1000,1000)(Activation logistic) — 0.82

MLP with (1000,1000)(Activation identity) 0.81

MLP with (1000,1000)(Activation tanh) 0.91

MLP with (1000,1000)(Activation relu) 0.89

Ensemble Methods: Voting Classifier 0.93

Ensemble Methods: Stacking Classifier 0.95

*SVM with PCA
**Soft Support Vectormachines (SSVM)
***Decision Tree-CART

Fonte: The authors
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Random Forest, our article demonstrated superior
accuracy. Among the six works that utilized KNN,
only one, [I6], achieved a higher accuracy than the
values presented in this article.

5 UNIDADES

5.1 Conclusions

In this article, we review the main contemporary
techniques applicable to binary classification using
the Pima Indian Database. We employ strategies
to address missing values and handle imbalanced
classes. To tackle missing data, a regression tech-
nique is employed for replacement. Additionally,
for imbalanced data, the SMOTE technique is uti-
lized [3]. We conduct a comparative analysis of
various classifiers, including Naive-Bayes, Logis-
tic Regression, SVM, KNN, Decision Tree, Ran-
dom Forest, Perceptron, and Multilayer Percep-
tron, using different hyperparameters. When eval-
uating the models individually, the top performers
are KNN with 3 nearest neighbors and Minkowski
distance (89% accuracy), Random Forest with 600
estimators and Gini criterion (93% accuracy), and
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MLP with 1000 hidden layers of 1000 neurons and
tanh activation function (91% accuracy). Finally,
these three best models are combined using en-
semble methods, namely the voting classifier and
stacking classifier (with a neural network in the
final estimator), resulting in ensemble accuracies
of 93% and 95%, respectively.

6 Source Code

All the code used in this paper can be accessed
in the https://github.com/gmichelcarvalho/
SCC5948_Ciencia-de-dados/blob/master/
Projeto.ipynb.
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