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Abstract

Diabetes mellitus is one of the most popular diseases that causes 1,5 million people
to die each year. It is the major cause of blindness, kidney failure, heart attacks,
stroke, and lower limb amputation. Being the world’s top 9 severe diseases, diabetes
puts a burden on the world’s economy and the healthcare system. There are two
types of diabetes. Type 1 is generic and in the vast majority of cases shows up early
in life. This study focuses on type 2 diabetes which is around 90% of all diabetes
cases, and that can be diagnosed. Early diagnosis of diabetes can prevent serious
medical complications. In this literature, we are introducing a framework of diabetes
prediction based on a Multilayer Perceptron of only 1 hidden layer and 8 neurons,
which is lighter than the state-of-art framework which consists of 3 hidden layers and
144 neurons in total. The grid-search method was used for hyperparameter tuning to
maximize Area Under the ROC Curve (AUC) that was chosen as a performance met-
ric. Pima Indian Diabetes Dataset was used to conduct the experiments. The dataset
was preprocessed with outlier rejection, missing values imputation, standardization,
data scaling, and feature selection algorithms. K-fold cross-validation technique was
used to train/test the classification model. The Multilayer Perceptron model was
tuned with various hyperparameters as well as the dynamic learning rate. Finally,
the best lightweight MLP model consisting of 1 hidden layer that reaches the AUC
of 0.90 was obtained. The model performs as well as the state-of-art but is at least
5 times faster in training and more than 80 times more efficient in terms of memory
usage.

Thesis Supervisor: Muhammed Fatih Demirci
Title: Associate Professor of Computer Science
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Chapter 1

Introduction

Diabetes is a severe disease that is considered to be on the top list of world healthcare

major challenges with an ever-growing reach of the global population. World Health

Organization (WHO) ranks diabetes to be the top nine causes of death among all

the diseases in terms of the mortality rate worldwide [52]. At the same time diabetes

puts an economic burden on the world’s economy. American Diabetes Association’s

research shows that the estimated cost of diagnosed diabetes in 2017 is $327 billion

[6]. The number of people suffering from this incurable disease has shown a huge

increase in the past four decades. In its April report WHO mentioned the worldwide

increase of diabetics from 108 million people in 1980 to 422 million people in 2019,

with around 1,5 million death caused annually by diabetes [52]. Additionally, diabetes

is claimed to be the major cause of blindness, kidney failure, heart attacks, stroke,

and lower limb amputation [52].

Diabetes is a chronic disease that develops either when the person’s body cannot

produce enough insulin (type 1 diabetes) or the body’s cells are resistant to perceiving

the required amount of insulin (type 2 diabetes) for the proper body processes [42].

Type 1 diabetes is a genetic disorder that usually shows itself early in life, while type

2 diabetes is mostly associated with diet and develops in time [19]. Both type 1

and type 2 are incurable. However, type 2 is amenable to diagnosis and treatment.

Therefore, early diagnosis of type 2 diabetes can prevent serious medical and financial

complications.
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For the past two decades, different methods and techniques were employed on

Pima Indian Diabetes Dataset (PIDD) to make the best diabetes predicting model.

Linear Discriminant Analysis (LDA) [21], Support Vector Machine (SVM) [60], De-

cision tree (DT) [63], Naive Based (NB) [20], Random Forest (RF) [11], AdaBoost

(AB) [13], Logistic Regression (LR) [80] are a part of ML-based approach. General

Regression Neural Networks (GRNN) [49], Higher Order Neural Networks (HONN)

[4], Convolutional Neural Networks (CNN) [3] are examples of Neural Network-based

architectures suggested for diabetes prediction. Some authors like [34, 81, 44, 1, 45]

suggest ensemble models which are a combination of ML and NN approaches. Al-

though there are numerous frameworks already been published with competitive pre-

ciseness, in recent years, still, the improvement requires in the performance and sim-

plicity of the model for its implementation in the industry. The dire need for the tool

that can help with early diabetes detection is strongly supported by [10, 42].

This ressearch is based on the Multilayer Perceptron (MLP) classification model

that is a part of a NN approach toward diabetes prediction. An MLP model of 1

hidden layer and 8 neurons were proposed in this literature versus 3 hidden layers

and a total of more than 140 neurons recently proposed as a state-of-art by [34]. The

method described in this literature is at least 5 times faster in training and more

than 80 times more efficient in memory usage. It consist of outlier rejection, missing

values imputation and normalization for data preprocessing and seven steps of experi-

ments that cover the grid-search [43] for optimal number of hidden layers and neurons,

several feature selection techniques, hyperparameters tuning including number of hid-

den layers, number of neurons on each layer, batch size, learning rate, number of the

epoch, dropout neurons, loss functions, and an MLP optimizer. The method is based

on the publically available PIDD from the National Institute of Diabetes and Diges-

tive and Kidney Diseases [51, 12]. The experiments were conducted to maximize the

Area under the ROC curve (AUC) [16] which was chosen as a performance metric.

The rest of the paper is organized as follows: Chapter II is about the previous work

done in diabetes prediction. Chapter III describes the dataset used, prepossessing

techniques, and the proposed methodology. Chapter IV is about the experiments
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done and the techniques used. In Chapter V the results are illustrated. The discussion

can be found in Chapter VI. Limitations, further work and conclusion are described

in the last Chapter VII.
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Chapter 2

Related work

A major number of scientific work has been done in the area of diabetes prediction.

Various ML and NN-based algorithms have been studied that boosted the devel-

opment of this research area. This section will talk about some previous research

on diabetes prediction based on machine learning techniques and/or NN-based algo-

rithms to show the feasibility of using different data analysis techniques in the field

of diabetes prediction.

Swapna G et al [75] conducted a study that showed that machine learning prac-

tices were effective for building diabetes prediction models using Heart Rate Variabil-

ity (HRV) signals in the deep learning (DL) approach. The author was motivated

by the fact of the growing mortality rate from diabetes in the world. The convolu-

tional neural network(CNN) and a long-term-short-term memory (LSTM) were used

in this research to build a new ensemble model for the identification of the complex

chronological characteristics of HRV signals. The Support Vector Machine (SVM)

algorithm was applied to the identified characteristics for data classification. The de-

veloped model can find its demand in the governmental and private healthcare sector

to predict or identify diabetes using ECG [29]. The problem of the rapid development

and the huge global impact of diabetes has also motivated Sajida P. et al. [55] to

start working on a model to predict diabetes. Sajida P. compared three classification

methods namely AdaBoost, bagging [17], and J48 [47]. The author claims that the

AdaBoost method is better for diabetes prediction than bagging and J48 algorithms.
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Sajida has introduced a model that showed improved results for diabetes prediction

in the dataset related to the Canadian population. The author of [55] believes that

AdaBoost may also show a good performance in the classification of heart diseases.

The author of [24] had a broader scope of research compared to the previously men-

tioned work. He has evaluated six different machine learning techniques namely SVM,

LR, Artificial Neural Network (ANN), Classification tree, and KNN. In [24] the au-

thor managed to achieve improvements in accuracy, specificity, and sensitivity. The

highest accuracy achieved was 78% with a 0.22 misclassification rate with a 10-fold

cross-validation data split technique. Many research works used accuracy as an eval-

uation metric. Among such studies are the following works that are based on the

Pima Indian Diabetes dataset:

• Abu-Naser [25] has achieved an accuracy of 87% for diabetes prediction with

an Artificial Neural Network [35].

• The authors of [61] have achieved an accuracy of 76% using the Naive Bayes

algorithm which was the best compared to SVM and DT.

• Ram D. et al.[38] achieved an accuracy of 78% with the logistic regression

algorithm.

• According to Sidong W. et al. [76] deep neural network model has performed

better than SVM, DT, and NB achieving an accuracy of 78%.

• Aiswarya I. et al. [37] have achieved an accuracy of 80% with the Naive Bayes

algorithm.

• Quan Z. et al. [82] used Decision Tree to achieve around 77% of accuracy.

• Roshan B. [14] created the models based on the Gradient Boosting, Logistic

Regression, and Naive Bayes algorithms. The highest result of 86% of accuracy

was shown by Gradient Boosting.

The list above could go for up to 30-50 articles that somehow used Pima In-

dian Diabetes dataset to predict diabetes. Much less research uses the area under
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the ROC (Receiver Operating Characteristics) curve (AUC) as an evaluation metric.

The author of [46], however, argues that AUC is statistically consistent and more

discriminating than accurate in evaluating and comparing classification learning al-

gorithms. Therefore, in this literature, the AUC was used as an evaluation metric for

binary diabetes classifications.

Several articles about diabetes prediction were also written using AUC as a per-

formance metric. In [62] authors employed three different classification algorithms

namely DT, SVM, and NB to find the likelihood of diabetes, based on the PIDD.

The author demonstrates that the NB algorithm achieves an AUC of 0.82. The state-

of-art AUC for Multilayer Perceptron (MLP) algorithm was demonstrated in [34].

The authors were motivated to decrease the risk factor of diabetes by early detection

of this severe disease. In [34] the author employed Machine Learning (ML) classifiers

such as k-nearest Neighbour, Decision Trees, Random Forest, AdaBoost, Naive Bayes,

XGBoost, and Multilayer Perceptron [28], as well as ensemble models (combinations)

of the ML techniques mentioned. The author managed to achieve 0.90 of AUC for

the MLP classifier with the best model of 3 hidden with N1 = 16, N2 = 64 and N3

= 64 neurons for each hidden layer respectively, and Independent Component Anal-

ysis (ICA) [36] feature selection technique, on the previously preprocessed dataset.

The result of 0.89 AUC was achieved with Principal Component Analysis (PCA) [58]

feature selection technique and 0.90 AUC with the ICA. The work done by [34] was

taken as a baseline for this literature.
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Chapter 3

Materials and Methods

3.1 Dataset Description

Pima Indians Diabetes Dataset is a publically available dataset from the National

Institute of Diabetes [12]. The Pima Indian Population has been under scientific

interest since 1965, because of its high incidence rate of diabetes [74].

It consists of the medical analysis of 768 women from the Pima Indian population

near Phoenix, Arizona [74], and includes 9 features: pregnancy times, glucose, blood

pressure, skin thickness, insulin, BMI, diabetic pedigree function, age, and a class

label that identifies if a patient has diabetes (class label = 1) or not (class label =

0). Each feature is explained below with its type and description:

• Pregnancies (Numeric) — Number of times pregnant

• GlucosePlasma (Numeric) — 2 hours glucose concentration from glucose toler-

ance test

• Blood Pressure (Numeric) — Diastolic blood pressure (mm Hg)

• SkinThickness (Numeric) — Triceps skin-fold thickness (mm)

• Insulin (Numeric) — Two hours of serum insulin (mu U/ml)

• BMI (Numeric) — Body Mass Index (weight in kg/(height in m)²)
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• Diabetes Pedigree Function (Numeric) — Diabetes pedigree function

• Age (Numeric) — Age in years

• Outcome (Numeric) — Class variable (0 or 1)

Table 3.1: The overview of Pima Indian Diabetes Dataset

The PIDD consist of the results of females from 21 to 81 years old. The dataset

is imbalanced and has 500 negatively tested and 268 positively tested patients. The

PIDD has no null values, all the values in the dataset are numeric. Previously several

researchers considered PIDD to have no missing values, but later it was found out that

the dataset has 51% of the missing values replaced with zeros. For example, Body

Mass Index, which by definition is a number higher than zero. Figure 3-1 shows the

population distribution of the Pima Indian Diabetes Dataset, where red and yellow

colors mean non-diabetic and diabetic respectively.

3.2 Proposed framework

The Figure 3-2 illustrates the proposed framework. The PIDD were preprocessed

with: outlier rejection (O), missing values imputation (M), and a Z-score standard-

ization (Z) techniques with two different feature selection methods (PCA and ICA)

of 4 and 6 principal components resulting in twelve differently preprocessed datasets.

18



Figure 3-1: The population distribution of Pima Indian Diabetes Dataset, where red
and yelow colors means non-diabetic and diabetic respectively

These datasets were tested on the MLP architecture with three hidden layers pro-

posed by [34] and taken as a baseline. The MLP model from [34] was replicated

and tested on the dataset preprocessed in 12 different ways to find the preprocessing

technique for which an MLP model shows the best AUC results. Next, extensive

experiments were done on the selected dataset to find out the best architecture and

hyperparameters in terms of model complexity and performance.

Figure 3-2: The proposed block diagram of a robust and automatic diabetes predic-
tion.
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3.2.1 Preprocessing

Before proceeding to classification it is crucial to preprocess the data, as MLP might

be sensitive to missing values, outliers, and distribution of the data. Therefore the

preprocessing consist of the following steps:

1. Outlier rejection (O)

2. Missing values imputation (M)

3. Data normalization (Z)

The following steps are briefly described below.

An outlier is a marked deviation of an observation from other observations [34].

In this literature, the rows with outliers are deleted from the dataset as classification

models might be sensitive to it. The process of outlier rejection can be described by

the formula (3.1) [9]

𝑂(𝑥) =

⎧⎪⎨⎪⎩𝑥, 𝑖𝑓𝑄1 − 1.5× 𝐼𝑄𝑅 ≤ 𝑥 ≤ 𝑄3 + 1.5× 𝐼𝑄𝑅

𝑟𝑒𝑗𝑒𝑐𝑡, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
. (3.1)

where 𝑥 represents the set of items of the feature vector that lies in n-dimensional

space, 𝑥 ∈ 𝑅n. 𝑄1, 𝑄3, and 𝐼𝑄𝑅 are the first quartile, third quartile, and interquartile

range of the feature vector respectively. The 𝐼𝑄𝑅 is used to describe the spread of a

distribution between third and a first quartile [77], where 𝑄1, 𝑄3, 𝐼𝑄𝑅 ∈ 𝑅n. 𝑂(𝑥)

is a function applied to each feature vector of the dataset that takes 𝑥 as the set of

items of the feature vector and returns the set 𝑥 with rejected values based on the

conditions of the system of equations in (3.1). In the first preprocessing stage the

outlier rejected dataset (O) was obtained.

Next, the (O) dataset was processed to fill in missing values. The problem of

missing values is common for most of the datasets and can have a significant effect

on the final output of the classification model [31]. As it was mentioned before the

dataset had no null values, but 51% of rows were containing missing values. In

this literature, missing values for each item in the feature space were imputed by
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the respective features mean, so no missing data were rejected. The advantage of the

mean value imputation technique is that it does not introduce outliers to the imputed

data. The way missing values were handled is described by the formula (3.2) [22]

𝑀(𝑥) =

⎧⎪⎨⎪⎩𝑚𝑒𝑎𝑛(𝑥), 𝑖𝑓𝑥 = 𝑚𝑖𝑠𝑠𝑒𝑑

𝑥, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒
. (3.2)

where 𝑥 represents the set of items of the feature vector that lies in n-dimensional

space, 𝑥 ∈ 𝑅n. 𝑀(𝑥) is a function applied to each feature vector of the dataset that

takes 𝑥 as the set of items of the feature vector and returns the set 𝑥 with missing

values imputed based on the conditions of the system of equations in (3.2).

After the outlier rejection and missing values imputation, the (M) dataset was

normalized using Z-score normalization. The normalization technique changes the

values of the attributes to use a common scale, without losing the difference in values

range, making the dataset normally distributed with zero mean and unit variance

[34]. The Z-Score normalization can be described by the formula (3.3) [54].

𝑍(𝑥) =
𝑥− 𝑥

𝜎
(3.3)

where x represents each item of the each feature vector in n-dimensional space, x

∈ Rn, 𝜎, and 𝑥 ∈ Rn. 𝑍(𝑥) is a function applied to each feature vector of the dataset

that takes 𝑥 as the set of items of the feature vector and returns the standardized set

𝑥 based on the right hand side (3.2).

For the feature selection, the Principle Component Analysis (PCA) [58] and In-

dependent Component Analysis (ICA) [36] methods were used to compare their per-

formance on the PIDD.

3.2.2 Cross validation

The K-fold Cross-Validation (KCV) is used to evaluate the classification model’s

performance on the limited amount of data [5]. The k-fold method has a parameter

𝐾 that indicates the number of equal pieces the data is split to. KCV’s advantage over
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other methods like simple train/test split is that it is less biased as the whole dataset

is used as training and testing data. In this literature, we use 5-fold cross-validation.

The Figure 3-4. explains the techniques of the division of the data into train and test

that are used in this work. The 𝐾 − 1 folds are used for training and the remaining

fold is used for testing the MLP model performance. This procedure runs 𝐾 times

with random data selected for training and testing, and the final performance metric

is the average of all 𝐾 MLP performances. As PIDD is not balanced (see Figure 3-3)

in terms of the number of positive and negative samples the stratified KCV [79] was

employed to balance the percentage of each class in train and test data split for each

fold. The final MLP performance metric for 𝐾 folds can be described by the formula:

𝑆 =
1

𝐾
×

𝐾∑︁
𝑛=1

𝑃 n ± 𝜎n (3.4)

where 𝑆 is the final performance metric of MLP model for all of the 𝐾 combi-

nations of train/test data split, 𝑃 is the performance metric and 𝜎 is a standard

deviation [18] of each of the 𝐾 experiments, where 𝑃 n , 𝜎n ∈ 𝑅, for n = 1,2,...,𝐾.

Figure 3-3: The imbalance in class labels

3.2.3 Multilayer Perceptron

Multilayer Perceptron is a part of an Artificial Neural Network that consists of three

types of a layer such as input layer, hidden layer, and output layer. Figure 3-5 de-
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scribes the architecture of the MLP as a system of interconnected nodes [28]. The

nodes on each layer are neurons, except for the input layer where the nodes are the

input vector from the dataset. The neurons uses a non-linear activation function to

describe the input-output relation [2]. The neurons are trained with a backpropaga-

tion algorithm [59]. The prediction or classification is done on the output layer. The

computation done on every neuron can be described by the formula (3-5)

ℎ(𝑥) = Φ(
∑︁
𝑗

𝑏+ 𝑤j𝑥j) (3.5)

where the 𝑥j is the inputs, 𝑤j is weights, 𝑏 is a bias and Φ is a non-linear activa-

tion function. The weights of each neuron are updated using the back-propagation

algorithm [48] during the training to decrease the error of the MLP model.

Figure 3-4: The partitioning of the PID dataset for KCV for both the hyperparameters
tuning and evaluation [64].
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Figure 3-5: A multilayer perceptron with 2 hidden layers

3.2.4 Evaluation metric

The performance evaluation of the predicting algorithm was measured by Area Under

the ROC Curve (AUC), where all the experiments were conducted to maximize this

metric. At the same time, a careful analysis of the learning curves was performed

to understand the classification model’s behavior and avoid overfitting [23]. Finally,

the model with the best performance and low complexity was selected as the best

model. The confusion matrix with True Positives(Tp), True Negatives(Tn), False

Positives(Fp), and False Negatives(Fn) was reported. The Sensitivity (SN) and speci-

ficity(SP) were calculated from Tp, Tn, Fp, and Fn. Sn and Sp are respectively used to

quantify the type-II error (the patient has diabetes, but is classified as non-diabetic)

and type-I error (the patient is classified as non-diabetic, but has diabetes).

3.2.5 Seven-step method for the best MLP architecture iden-

tification

In this literature, the goal is to find the best MLP architecture in terms of model

complexity and the best AUC score. To achieve this more than 1000 different combi-

nations of architectures and hyperparameters were tested to maximize the Area Under

the ROC Curve (AUC) metric. The best hyperparameters such as batch size, learning

rate, dropout layer, optimizer, loss function, number of epochs, and the number of
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hidden layers and neurons on each layer were chosen with grid-search algorithm. No

Python libraries, like sklearn.GridSearchCV [67], were used to implement the grid-

search because they did not provide an opportunity to analyze the learning curves of

each tested fold in the k-fold cross-validation procedure. Thus the grid-search method

was hardcoded to find out the best combination of hidden layers and neurons that

yield maximum AUC as well as the good fitted learning curve.

Seven-step method:

1. Replicate the model proposed in [34] and test it on the Pima Indian Diabetes

Dataset previously preprocessed in twelve different ways described in Figure

4-1. Select the dataset on which MLP yelded the best performance for further

steps.

2. Gridsearch the best combinations of the number of hidden layers as well as the

number of neurons on each layer, with the constant hyperparameters proposed

in [34]. Select the best combinations of hidden layers and neurons on each layer.

3. Test the obtained best combinations of hidden layers and neurons on the best

performing preprocessed dataset, based on the results of Step 1, with differ-

ent number of principal components for feature selection methods. Check if

alternative feature selection techniques affect MLP in a positive or negative

way. Choose architectures with respective feature selection technique for fur-

ther steps, based on it’s performance.

4. Gridsearch the best hyperparameters for the identified best-performing combi-

nations of hidden layers and neurons. Obtain the best performing MLP archi-

tecture.

5. Use alternative data preprocessing techniques with early selected MLP archi-

tecture to find out if the performance changing positively or not.

6. Apply dynamic learning rate to test its effect on the MLP performance. Next,

test the MLP model with different optimizers and loss functions. Finally, ana-
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lyze the learning curves of obtained best architectures, find the optimal number

of epochs based on the loss learning curve.

7. Select the best performing architecture with the obtained best hyperparameters

and test its performance on the twelve datasets from Step 1. Record the results.

On every step of the seven-step method the results of the AUC, and the behavior

of the loss learning curves [78] were analyzed to detect the overfitting, underfitting

or unpredictable behavior of the model. As a result of Step 1, the best preprocessing

technique for the baseline MLP model [34] were chosen in terms of the highest result

for the AUC score as well as good fit of the loss learning curve. This dataset will be

used in further steps of the experiments to find the best MLP architecture in terms

of performance and model complexity. The result of the Step 2 are the combinations

of hidden layers and neurons on each layer that show the best performance on the

dataset selected in the Step 1. Step 3 introduce alternative feature selection technique

to check whether more or less principal components of PCA/ICA will positevely or

negatively affect MLP performance. In addition, this step is done to narrow down

the list of the best architectures obtained in Step 2 for further experiments. The

hyperparameters that show the best results in terms of AUC for each of the MLP

architectures from Step 3 were identified as a result of the 4th Step of the Seven-

step method. On this stage, when the best MLP architecture and hyperparameters

are known the attempt to increase the performance of the previously selected model

were done in Step 5 with alternative data preprocessing techniques. During the 6th

Step the model optimization is performed by selecting the optimal number of epochs

decreasing model’s training time and train memory usage. The dynamic learning

rate were applied to see if the performance of the MLP models on this stage would

increase. Finally, the best MLP model was identified and tested with the 12 differently

preprocessed datasets from Step 1, to evaluate it’s overall performance [34].
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Chapter 4

Experiments

The experiments were performed using Python [27] programming language with differ-

ent libraries such as Keras [39], NumPy [50], Pandas [53], Skit-learn [65], Tensorflow

[30], Math [26], etc. The classification models were evaluated using MacBook Air

(13-inch, Early 2015) running on macOS Catalina v. 10.15 (19A603) with the CPU

processor of 1.6 GHz Dual-Core Intel Core i5, memory (RAM) of 8 GB 1600 MHz

DDR3. Moreover, for Stratified K-fold cross-validation the sklearn StratifiedKFold

library was used which could be described as follow:

StratifiedKFold(n_splits=5, *, shuffle=False, random_state=None)

(4.1)

n_splits (int) is the number of folds (must be at least 2), shuffle (bool) indicates

whether to shuffle each class’s samples before splitting into batches. random_state

(int) affects the ordering of the indices, which controls the randomness of each fold

for each class.

The number 162 was passed as an argument to the random_state for all of the

experiments to make them run with the same ordering of indexes.
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Figure 4-1: Twelve differently preprocessed datasets

4.1 Step 1: The best dataset

The author of [34] was testing eight different MLP models with 1-8 hidden layers

where the number of neurons was a hyperparameter to select the optimum number.

The MLP architecture of M = 3 hidden layers (H1, H2,and H3) with N1 = 16, N2

= 64, and N3 = 64 neurons was proposed as the best architecture proposed by [34].

This architecture was chosen as a baseline for this research paper. After outlier

rejection (O), missing values imputation (M), and Z-score standardization (Z) the

PCA and ICA feature selection techniques were implemented with 4 and 6 principal

components each, resulting in 12 differently preprocessed datasets described in Fig.

4-1. The resulted datasets were tested with the baseline model [34] indicated above.

The best-preprocessed dataset was chosen based on the resulted value of AUC and

the best fit of the learning curve. All results for 12 datasets were recorded and shared

in Chapter 5.

4.2 Step 2: The best architecture

After the best-preprocessed dataset was identified the experiments proceed to find

the best architecture with a specific number of hidden layers and number of neurons

on each layer. This was done using the hardcoded grid-search method described

earlier. The grid-search was done with the constant hyperparameters proposed in the

baseline model [34]. As the baseline model proposed by [34] had 3 hidden layers, the

architectures of 1 to 3 hidden layers were tested in this experiment to keep the model

as light as the state-of-art. Each layer could have 4, 8, 16, 32, 64, or 128 neutrons.

Other numbers of neurons that are not in the power of two were also tested but
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yielded unrepresentative results and unpredicted learning curves’ behavior. In total,

neglecting the unrepresentative experiments, 258 different combinations of layers and

neurons were tested on the recently identified best-preprocessed dataset in Step 1.

The best 15 architectures were highlighted at this Step based on the AUC score and

learning curves’ behavior. The difference in the performance of 0.006 AUC of the

architecture with the best result for this Step was considered while selecting the best

models. Table 5.2 in Chapter 5 illustrates the best architectures selected for this

experimental step with their performance results.

4.3 Step 3: Alternative number of principal compo-

nents

After the best combinations of hidden layers and neurons were selected on the previ-

ously identified best-preprocessed dataset with constant hyperparameters from [34],

the three new datasets were generated under the same best preprocessing technique,

but with different feature selection methods. The new datasets of 3,5 and 7 principal

components were generated to test if they can perform better than the suggested 4

and 6 principal components from [34]. The best 15 architectures highlighted in the

previous step were tested on the 3 new datasets. The performance was recorded and

the best 8 architectures out of 15 were selected based on how they have performed

on the datasets with 3, 5, 6, and 7 principal components. The priority was given to

the models that performed better on the dataset indicated in Step 1 with its num-

ber of principal components. The best architectures were also selected based on the

AUC score and learning curves’ behavior. The difference in the performance of 0.006

AUC of the architecture with the best result was considered while selecting the best

models. Table 5.3 in Chapter 5 illustrates the results for the newly selected best 8

architectures.
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4.4 Step 4: The best hyperparameters

The goal of this experiment was to find out the hyperparameters for the previously

selected architectures to increase their performance in terms of AUC score. The

hyperparameters such as batch size, learning rate, and percentage of dropout neurons

on each layer were grid-searched for the 8 architectures selected in Step 3. The best

two architectures were selected and the activation function, optimizer, and the loss

function were grid-searched for the two best architectures. 576 architectures with

different hyperparameters were tested in this step.

4.5 Step 5: Alternative data preprocessing

In this experiment different feature selection techniques based on information gain[7],

chi-squared value [56], fisher’s score [32], and random forest importance [33]. All

feature selection techniques were applied to the dataset without outliers and missing

values (O+M). In total, 4 new datasets were obtained with each of the feature selection

techniques described above. The best MLP model with one hidden layer and 8 neurons

was tested with the 4 new datasets. The best feature selection technique was then used

with different data scaling methods. For the data scaling the sklearn.preprocessing

[68] module was used with a Normalizer [71], MinMaxScaler [70] , MaxAbsScaler [69],

RobustScaler [72], and a StandardScaler [73] data scaling techniques. The results for

the data scaling with the best feature selection technique from this experimental step

and the architecture and hyperparameters from Step 4 are demonstrated in Table 5.5.

4.6 Step 6: More experiments

This Step was dedicated to improving the performance of the finally selected archi-

tecture. The dynamic learning rate technique was applied to find out if it positively

affects MLP performance. The dynamic learning rate was applied such that at the

beginning of the MLP model training, the higher learning rate was used and it was

gradually decreased with increasing training epochs. The dynamic learning rate was
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a hyperparameter that was tuned manually based on the learning curves’ response.

In total, 5 different dynamic learning rate algorithms were used to find optimal.

Then different optimizers such as SGD [41], RMSprop [41], Adam [41], Adadelta

[41], Adagrad [41], Adamax [41], Nadam [41], and Ftrl [41] were tested with the

best MLP model from Step 4. Binary Cross-Entropy Loss [40], Hinge Loss [40], and

Squared Hinge Loss [40] functions were applied to the MLP model and the results

were recorded. Finally, the optimal number of epochs was found for the MLP model

that shows the best performance for the number of epochs.

4.7 Step 7: Best MLP model

Finally, the best architecture was tested on the 12 differently preprocessed datasets

described in Fig. 4-1. The results were recorded and shared in Table 5.7 in the

Results section in Chapter 5.
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Chapter 5

Results

This chapter presents the results of the experiments described in Chapter 4 as well

as the results of the data preprocessing.

5.1 Results for the preprocessing

The class distribution illustrated in Figure 3-1 shows the difficulty in differentiating

the diabetic and non-diabetic patients from PIDD. The majority of the attributes

show positive and negative skewness. In addition, the distribution has a wide flatter

shape with flatter tails that indicates a leptokurtic [8] behavior or outliers in the

dataset. The outlier rejection technique proposed in [34] affect the kurtosis [8] of the

data distribution curves.The effect of the outlier rejection technique could be noticed

comparing Figure 5-1 and Figure 5-2, where it can be seen that the data with outliers

has noticeably flatter tails and a bit flatter shape than the data without outliers.

Table 5.1 describes the number of outliers presented in each attribute and the

number of rows that had outliers in the whole dataset. In total, 17% of the data

(129/768 cases) with outliers were identified. Table 5.2 show the number of missing

values for each attribute as well as the percentage of the data that were changed with

the mean imputation technique.

Finally, the 17% of original data were rejected and 9.5% were changed with mean

imputation technique after the data preprocessing step.
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Figure 5-1: The original PIMA Indian Dataset

Figure 5-2: The PIMA Indian Dataset without outliers

5.2 Seven-step method for the best MLP architec-

ture identification

The baseline MLP architecture of 3 hidden layers with 16, 64, and 64 neurons on

each layer respectively was built based on Python Keras library as stated in [34]. The
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Table 5.1: The number of outliers in each row

Table 5.2: Missing values after outlier rejection

experiments were conducted with epochs, learning rate, dropout layer, and batch size

equal to 200, 0.001, 60%, and 8 respectively. The neurons on the hidden layers were

initialized by a normal distribution with ReLU [57] activation function. The authors

of [34] did not talk about the optimizer they used in their research, so Adam optimizer

were chosen for this experiments.

5.2.1 Step1: The best dataset

Table 5.3 illustrates the performance results obtained by replicating the baseline

model by [34], where the red and green highlight the worse or better performance

of replicated MLP architecture over the results proposed by [34], respectively. From
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Table 5-3 it can be seen that the replicated MLP has performed slightly better for

the datasets 1, 2, and 3 that were obtained with only outlier rejection and feature

selection techniques. However, the baseline model [34] shows a bit better results for

the rest of the datasets preprocessed with missing values imputation technique only,

missing values imputation combined with z-standardization preprocessing methods.

On average the replicated MLP from this literature was worse by 0.04 AUC than

the results proposed by [34]. However, Table 5.3 shows that the replicated MLP’s

performance is lower for the datasets where the ICA feature selection algorithm was

used. For the datasets with the PCA feature selection technique, the replicated MLP

performed 0.006 AUC worse and 0.065 AUC worse for the datasets preprocessed with

the ICA feature selection method.

Table 5.3: Step 1: The results for the replicated baseline model [34]

In total, replicated MLP model show near the same results as the model proposed

by [34] for PCA,and the best performance was recorded for the experiments with

dataset 10 preprocessed with (O),(M),(Z), and PCA with 6 principal components.

Thus 10th dataset was chosen to be used for the next 6 stages of the experiments.

5.2.2 Step2: The best architecture

Table 5.4 shows the performance of the top 15 architectures out of 258 obtained by

grid search. It could be noticed that the difference between the performance of top

1 and top 15 architecture is 0.006 AUC. There are 2 MLP architectures with only

one hidden layer, 7 architectures with 2 hidden layers, and 6 architectures with 3

hidden layers. The best performance of 0.889 (± 0.02) was shown by the MLP with

2 hidden layers, which proves the ability of lighter models to classify diabetes with

PIDD as well as deeper MLP models. All of the models from Table 5.4 show good-
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Table 5.4: Step 2: The performance of top 15 architectures with different combina-
tions of hidden layers and neurons on each layer.

fitted learning curves with no overfit, underfit or unpredicted behavior. The example

of the good-fitted learning curve is illustrated in Figure 5-3 where fluctuations in

training loss are due to the dropout layer.

Figure 5-3: The good fitted loss learning curve
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5.2.3 Step3: Alternative number of principal components

Table 5.5: Step 3: The performance of top 15 architectures with different number of
hidden layers and primcipal components of PCA.

The results of the performance of different MLP architectures on the datasets with

alternative number of principal components are presented in Table 5.5. The red, yel-

low, and green color shadows in Table 5.5 highlight the performance of the same MLP

architectures on the datasets with different PCA feature selection method, where red,

yellow, and green means the worst, middle, and the best performance respectively.

Table 5.5 illustrates that 6 out of 15 architectures show better performance on the

datasets where the PCA with 7 principal components was applied, the rest 9 architec-

tures show an increase in its performance with 6 principal components of PCA. All 15

models show worse performance results for PCA with 3 and 5 principal components

compared to originally selected PCA with 6 attributes. All of the models show a good

fit for the loss curve described in Figure 5-3. In this experiment, the small overfit

for 1 out of 5 folds for k-fold cross-validation were accepted. At this stage 8 of 15

architectures with respective feature selection techniques that scored 0.886 AUC or

above were selected for further experiments. Finally, 1, 5, and 2 architectures with
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1, 2, and 3 hidden layers were selected for further experiments.

5.2.4 Step 4: The best hyperparameters

The best hyperparameters for the previously selected dataset from Step 1 and com-

binations of hidden layers and neurons for architectures from Step 3 are illustrated in

Table 5.6. The results show that there are no unique hyperparameters for any model

and they vary based on the MLP architecture selected. In general, the hyperparame-

ter tuning did not show any sufficient improvement in the performance of previously

selected MLP architectures. Due to the high learning rate and batch size, some exper-

iments yielded AUC below 0.50 with unrepresentative learning curves. The average

change in the top performance of 8 architectures was ± 0.005 AUC. All of the archi-

tectures score 0.88 AUC or above. However, the 1 hidden layer MLP model achieved

0.90 AUC in this experiment, which is equal to the state-of-art performance. Based

on the results of Table 5.6 the model with one hidden layer of 8 neurons was chosen

as the best architecture as it demonstrates the best result at this stage.

Table 5.6: Best hyperparameters for the 8 architectures selected

5.2.5 Step 5: Alternative data preprocessing

Table 5.7 demonstrates the results for the performance of the best architecture from

Step 4 on a dataset with alternative feature selection techniques. The results for the

chi-squared value and fisher’s score are really poor ranging between 0.64 to 0.71 AUC,
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the 5 features selected based on information gain show the result of 0.82 AUC, which

is still not competitive to the PCA with 6 principal components. So no alternative

feature selection techniques to PCA were selected. The data scaling techniques from

Table 5.8 show the range of performance from 0.54 to 1.00 AUC for StandardScaler

and MaxAbsScaler respectively. However, the graphs for all of the data scaling tech-

niques used in this Step show either huge overfitting which is the result of the perfect

performance of MaxAbsScaler, or unrepresentative behavior of training data illus-

trated in Figure 5-4. Based on the results of Step 5 no changes were applied to the

best architecture from Step 4.

Table 5.7: The results for best architecture with alterantive feature selection tech-
niques

Table 5.8: Step 5: The results for (O + M) PIDD scaling with sklearn.preprocessing
module.
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5.2.6 Step 6: More experiments

In this experiment, the dynamic learning rate was a hyperparameter that was searched

manually based on the learning curves’ response. So almost 5 different combinations

of the dynamic learning rate were used to find optimal. However, the dynamic learning

rate did not sufficiently improve the performance of the MLP from previous steps,

the average improve for the model from Step 4 was -0.001 AUC, so it was decided not

to use in further steps. Table 5.9 shows the results for applying different optimizers

to the selected MLP architecture. The RMSprop, Adamax, and Nadam optimizers

show a competitive results of 0.889 AUC, 0.881 AUC, and 0.885 AUC respectively.

The Hinge Loss and Squared Hinge Loss appeared not being applicable to the binary

classification of the PIDD as they all show unrepresentative loss learning curves, so

the Binary Cross-Entropy Loss was remaining the loss function for the MLP model.

Analyzing the loss learning curves of the MLP with 1 hidden layer with 8 neurons

the conclusion was made that the number of epochs between 50 and 75 is optimal for

the classification model training which can be seen from Figure 5-3 also. Finally, the

best architecture of 1 hidden layer and 8 neurons has achieved a performance of 0.90

AUC with 50 epochs.

Table 5.9: Step 6: Applying various optimizers with the best MLP model
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Figure 5-4: Unrepresentative behaviour of MLP training on the data scaled with
sklearn.preprocessing.StandardScaler

5.2.7 Step 7: Best MLP model

Table 5.10 shows the performance results obtained by the selected best MLP model

(BE) versus the Baseline model (BA) and Replicated baseline model (RE) from this

literature. The baseline model consists of 3 hidden layers with 16, 64, and 64 neurons

on each hidden layer respectively and trained with 200 epochs, while the experimen-

tally identified best model consists of only one hidden layer with 8 neurons trained

with 50 epochs only. In addition, Table 5.10 shows the difference in the performance
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Table 5.10: Step 7: The results for the Best MLP model versus Baseline and Repli-
cated baseline model

Figure 5-5: Step 7: The confusion matrix for the performance of the Best MLP with
dataset 10

of BE, BA, and RE where the red and green highlight if the model performed worse

or better than the other model. It can be seen that the newly identified BE with one

hidden layer show better performance, on all 12 datasets, than the recently replicated

MLP model from [34] with 3 hidden layers. Moreover, it shows better results than the

baseline model for the datasets 1, 2, 3, and 4 preprocessed with only outlier rejection

and ICA/PCA feature selection method and dataset 10. On average BE is better

than RE by 0.02 AUC and worse than BA by 0.02 AUC which is better than the av-

erage difference in the performance of RE versus BA by 0.045 AUC. However, Table

5.10 still shows the lower performance of RE and BE versus BA for the ICA feature

selection technique. For ICA the models perform 0.065 AUC and 0.042 AUC worse

on average for RE and BE over BA, and for PCA the results were 0.006 worse and
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Table 5.11: Step 7: The comparison table of the BA versus BE

0.003 AUC better for RE and BE over BA. For the top performance BE scored 0.02

AUC better for PCA with 6 principal components than BA. The confusion matrix for

the performance of BE with dataset 10 is reported in Figure 5-5. Table 5.11 shows

the comparison of BA and BE. The training time was measured on the local machine

consisting of the training time of the MLP model and the time to output learning

curves. The memory usage was estimated from the trainable parameters of the MLP

architecture [15]. From the Table 5.11, it can be seen that the BE is almost 84 times

more efficient in terms of training memory consumption and more than 5 times faster

in training than BA.
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Chapter 6

Discussion

Preprocessing

The results for the prepossessing part in this literature are the same as the results of

[34]. This indicates that the outlier rejection, missing values imputation, and z-score

standardization were perfectly employed.

Step 1: The best dataset

The results for Step 1 were controversial. Despite the MLP model was assembled

identically to the baseline literature [34], based on Keras, with 3 hidden layers and 16,

64, and 64 neurons activated with ReLU activation function, initialized with normal

distribution and trained with the same hyperparameters described in [34] the results

are almost similar for the PIDD preprocessed with PCA feature selection technique

with a small difference between Ba and Be, but hugely different for the datasets

preprocessed with ICA. Therefore, if the Be model is correct, the problem might be

in ICA. Yet the ICA feature selection technique is done with sklearn.FastICA [66]

which implementation is based on the same source [36] the [34] is referencing when

implementing ICA in their work. Even the standard deviation for each of the 12

datasets proposed by [34] does not cover the range given by the difference between

Be and Ba. This may question the validity of the results reported by [34], where the

authors reported the best performance of the MLP model on ICA datasets.
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Step 2: The best architecture

The best combination of 15 architectures was reported in Table 5.2. The results are

such that there are only 6 out of 15 models of 3 hidden layers which are the minority.

This may also question the results reported in [34] where the 3 hidden layer models

were claimed to show the best performance for AUC among models from 1 to 8 hidden

layers.

Step 3: Alternative number of principal components

In Step 3 the PCA with the different number of principal components was used to

find out if the PCA with 4 and 6 principal components proposed by [34] gives the

best results for MLP classification with the AUC metric. Table 5.3 shows that out of

15 architectures selected in Step 2, 8 architectures show better results for the PCA

with 6 principal components (PCA 6) which is the majority. This indicates that PCA

6 is the best feature selection technique among other PCA alternatives.

Step 4: The best hyperparameters

Step 4 illustrates that each architecture of the different number of hidden layers and

neurons on each layer has its values for the best hyperparameters. Yet the batch size

of 128 and/or learning rate of 0.1 and above almost always gave insufficient results

when applying with PIDD. In addition, the dropout above 60% has also resulted in

unpredictable and unrepresentative learning curves of MLP models. The results of

Step 4 demonstrate that the MLP models with only one hidden layer and proper

hyperparameters tuning can show better performance than the models with more

hidden layers for PIDD. At this stage, the final best-performing model was chosen

and the rest of the experimental steps were dedicated to boosting its performance.

Step 5: Alternative data preprocessing

Unfortunately, Step 5 where alternative data preprocessing techniques were employed

to boost the performance of MLP did not give any sufficient results. Surprisingly,
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applying the PCA feature selection technique to the previously scaled dataset with

sklearn.preprocessing algorithms give unrepresentative results. The experiments with

the scaled data without feature selection techniques were done apart from this liter-

ature’s experiments show low results with unrepresentative learning curves.

Step 6: More experiments

The dynamic learning rate applied in the 6th Step of a seven-step method for the best

MLP architecture identification did not give any results. However, applying differ-

ent optimizers to the MLP shows the potential for better performance in RMSprop,

Nadam, and Adamax. Despite this optimizers were not properly tuned they show

competitive results to our best MLP model. This step shows that the MLP model

described in this literature may show a competitive to state-of-art performance with

only one hidden layer and 50 epochs for model training.
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Chapter 7

Limitations, Future work and

Conclusion

7.1 Limitations and Future work

Despite the number of experiments done in this literature, there is a huge room for

further work to improve the performance of MLP for diabetes prediction. One of

the main limitations of this work is the way the dataset was preprocessed for MLP

classification. The data normalization and PCA feature selection were applied to

the entire dataset which leads to data leakage and more optimistic estimates of the

final performance. Yet this research is aimed to prove that lighter MLP can perform

better than deeper models, the future work should consider applying normalization

and PCA feature selection to the training dataset only, to avoid optimistic estimates

of the performance. Another limitation of this work is that it covers the experiments

on 1 to 3 hidden layers with 4 to 128 neurons on each layer. The experiments from

this literature prove that the architecture of 3 hidden layers with 16, 64, and 64 neu-

rons proposed by [34] was not the best performing architecture. Therefore for future

experiments, deeper MLP models with more hidden layers might be tested, because

better AUC results for MLP may be worth increasing model complexity. Further

work requires more powerful hardware than it was used in this literature, as running

grid-search may take a lot of time. This experiment covers the usage of different opti-
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mizers, yet only with the learning rate as hyperparameters with other parameters set

to default. In addition, this literature covers only 5 different dynamic learning rate

implementations, in the future more algorithms of the dynamic learning rate might

be tried. This work is limited to the experiments with Multilayer Perceptron, so

for future work, other Artificial Neural Networks like Residual Neural Network. The

data provided by PIDD seems not enough to solve a real-world diabetes prediction

problem, so other datasets with more data may be used to train the classification

model. In this research, extensive experiments were performed on various hyperpa-

rameters and architectures. The data on every experiment was collected and put

into a machine-friendly dataset. This dataset may be used to find the relationship

between hyperparameters like batch size, dropout, and learning rate and to test it

on other datasets, instead of once again performing the experiments described in this

paper. This may optimize future research on diabetes prediction with Neural Net-

works. Finally, if this and further research would be considered for building real-life

software for diabetes prediction the assistance from a qualified medical specialist is

required, as in most of the literature, the PIDD is preprocessed from the machine

learning point of view, rather than real life where it is not appropriate to perform a

mean imputation, since equating the attributes of 51% of samples (patients) to com-

mon/mean value without considering their basic features (such as age, BMI, gender,

etc.) introduces huge deviations and inaccuracies in the final result.

7.2 Conclusion

In this literature, extensive experiments were performed to find the best MLP model

for diabetes prediction from Pima Indian Diabetes Dataset. The lightweight frame-

work of Multilayer Perceptron with only one hidden layer and 8 neurons that show the

best performance among 1 to 3 hidden layer models was proposed by this study. The

outlier rejection, missing values imputation, z-score standardization, PCA, and ICA

feature selection were implemented to preprocess the dataset. Extensive experiments

were done to find out the best architecture of MLP based on the optimal number of
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hidden layers and neurons. Hyperparameters tuning procedure has boosted the MLP

model to achieve the performance of 0.90 AUC, which is the same performance as

the state-of-art, but more than 5 times faster in training and almost 84 times more

efficient in memory usage. The lightweight framework proposed in this study can be

applied to the medical industry to make a real-life diabetes prediction.
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