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ABSTRACT

Machine Learning is an ever expanding field of Artificial Intelligence which uses huge amount
of data to develop algorithms that can detect patterns and systems. One such application of
Machine Learning is developing predictive models for disease prediction. On the other hand, in
spite of huge advancements in Medical Science and discovery of complex diseases making
everyone more health conscious, there is no way in Medical Science to predict prevalence of
diseases. However, upon having relevant data Machine Learning methods can predict onset of
many diseases. This paper presents the comparative analysis of different Machine Learning
algorithms and their results in predicting the health complications related to Diabetes Mellitus.
Diabetes Mellitus is a medical condition of the Pancreas in which the body’s ability to produce
or respond to the hormone, Insulin, diminishes. As a result, over time it damages other organs in
the body- primarily Kidney, Liver, Eyes, Heart and Brain. Since in most cases the threats posed
by Diabetes are not known before it is too late, hence it requires a great amount of consciousness
in order to prevent onset of other related diseases. To this day, there is no prevention of Diabetes,
since it is largely dependent on the genetics of a person. However, if a person is monitored
closely it is possible to indicate Diabetes related complications. This proposed model uses time
series data of a year that contains 164 features including results of different pathological tests.
Methods such as Logistic Regression, SVM, Naive Bayes, Decision Tree and Random Forest
have been used in a supervised environment to predict the probability of Diabetes induced
Nephropathy and Cardiovascular disease. PCA was applied beforehand to reduce the
dimensionality of the dataset. Decision Tree without PCA produced the best results for
Nephropathy with an AUC score of 0.87. While Naive Bayes without PCA produced the best
results for Cardiovascular disease, with an AUC score of 0.74. In summary, the model proposed

in this paper predicts the risk of Nephropathy better than the risk of Cardiovascular disease.

Keywords: Diabetes Complications, PCA, missForest, SVM, Logistic Regression, Naive Bayes,
Decision Tree with AdaBoost.



1 INTRODUCTION

Machine Learning is the most advanced technique used today for pattern and decision rule
extraction from a particular dataset. Despite being a branch of Artificial Intelligence, at its core,
Machine Learning depends on statistical techniques. This has opened a new horizon for data
modeling, data representation, data reasoning and data learning for contemporary computational
science. Even though Atrtificial Intelligence could not quite stand up to all the promises it made
when it first surfaced, Machine Learning is progressing forward at an astounding speed towards
the previously promised direction. Scientists have already been able to form directly utilizable
algorithms such as Neural Networks, Deep Learning, Classification and Association rules,
Support Vector Machines (SVM) and Text Mining Pipelines using Machine Learning.
Algorithms such as Decision Trees (DT), Naive Bayes (NB), Logistic Regression (LR) and
Random Forest (RF) have been derived using statistical theories and probability rules with
Machine Learning. These algorithms are often used in embedded pipelines for extracting
knowledge from data to derive decision rules and patterns. Machine Learning algorithms are
being used in various prediction models such as weather prediction, sports result prediction,
stock market prediction and to some extent medical condition prediction. However, use of
Machine Learning for passive health condition prediction is still rare. Diabetes Mellitus is one
such example of health condition. Diabetes is a genetics-dependent disease, which is divided into
two broad categories based on occurrence of the disease; Type-1 patients are those who have had
Diabetes from birth and it is likely that their pancreatic functions never developed properly in the
first place while Type-2 patients are those who develop Diabetes over time as their Pancreas

stops working properly owing to old age, excessive intake of glucose, etc.

1.1 MOTIVATION

According to IDF Atlas published in 2017, there are around 424.9 million Diabetes patients
around the world aged from 20-79 years, of whom 95% suffer from Type 2 Diabetes Mellitus
(T2DM). It is predicted that the number will increase to 628.6 million by 2045. Several Machine
Learning based models exist that deal with Diabetes Mellitus. However, most of these systems
only predict the probability of a person having Diabetes in the near future. Diabetes Mellitus can

induce other complications like Nephropathy, Cardiovascular disease, Retinopathy and Diabetic



Foot disease. In 2017 alone, 4 million people died all around the world due to diabetic related
complications, mostly because they were not monitored closely and warned beforehand. There is
a scope to introduce a complete system that can correctly predict onset of complications caused
by T2DM using Machine Learning techniques, which can save thousands, if not millions, of

lives around the world. This influenced the research work done in this paper.

1.2 OBJECTIVES

Every year millions of people are dying not only because of Diabetes but also due to the
Diabetes induced diseases and complications like Nephropathy, Neuropathy, Retinopathy,
Cardiovascular disease and Diabetic Foot disease caused by it. This paper describes a predictive
model built using Machine Learning algorithms. It can successfully predict probability of
Nephropathy and Cardiovascular disease onset due to T2DM using an embedded pipeline
comprising various Machine Learning algorithms. This is different to the conventional Diabetes
predicting systems since it emphasizes on predicting Diabetes related complications. The
pipeline has been applied upon a dataset containing pathological test results of 779 patients. This
type of pipelines are often described as data mining model. The algorithms being used to
implement the pipeline are Linear Regression (LR), Support Vector Machines (SVM), Naive
Bayes (NB), Random Forest (RF) Classifier, Decision Tree and Decision Tree with AdaBoost.

1.3 FUNDAMENTALS OF MACHINE LEARNING

Machine Learning is a branch of Artificial Intelligence (Al) that provides systems the ability to
automatically learn and improve from experience without being explicitly programmed. In other
words, Machine Learning is teaching machines how to learn using Statistics and Probability.

Based on the different ways of teaching a machine to learn, Machine Learning divides the types

of learning to a few major categories.

1. Supervised Learning uses a dataset as training examples with each example consisting of
certain label/s which identify it. Using learning algorithms, the machine is taught to
correctly identify new data given to it based on the previous dataset.

2. Unsupervised Learning does not give a definite output like supervised learning. Rather, it

aims to find structures, patterns and trends in the given data.



3. Reinforcement Learning is a learning method that interacts with its environment by
producing actions and discovers errors or rewards based on the action. This method

allows the machine to determine the ideal behavior in a specific context by itself.

Through Machine Learning, it is possible to process and analyze massive amounts of data with
proper training of the machine with required resources. This field of Al has presented a new
wave of opportunities to develop systems for the betterment, including self-driving cars, practical
speech recognition, effective web search, etc. in just the past decade. While it has brought about
immense advancement in Genetic Engineering, in the field of Medical Science, Machine
Learning has started to make progress very recently. Hence, there are great prospects in
improving the infrastructures of Medical Science by means of using Machine Learning in disease

prediction and identification, personalized treatment, drug discovery and manufacturing, etc.

1.4 THESIS ORIENTATION

The next section of the paper discusses about the similar works done before in the same field by
different researches. Afterwards, the proposed model is described followed by a detailed
description of the dataset and its features used in this project. Section five explains the system
implementation including the process of missing value imputation, categorical variable
conversion, feature scaling, Principal Component Analysis (PCA), class imbalance and
Oversampling, train-test split and the description of the algorithms used for model
implementation. The following section six includes the experimental results along with their
performance metrics and discusses the results of the experiments through comparison between
different models. Subsequently, the paper ends with the details of the challenges faced in this

project and few concluding remarks.

2 LITERATURE REVIEW

Medical Science has advanced many folds in recent decades. Contribution of science, hard work
from researchers and advanced technologies have made it possible to detect various diseases in
their initial stages. Courtesy of Genetic Engineering, scientists can actually predict if a child is
going to have any genetic diseases even before birth. Incredible breakthroughs have been made

in the fields of medicine which has made it possible to cure many terminal diseases. Doctors
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have found various new aspects in the field of Diabetes in past years [1]. Many research papers
have been published discussing the factors which assist Diabetes development [2, 3].
Furthermore, numerous researches have been conducted to find the impact of Diabetes on health
and the type of complications it may cause [4, 5]. Doctors have conducted tests on fixed set of
people and have found out that Diabetes can induce Nephropathy, Neuropathy, Retinopathy and
Cardiovascular diseases in the long run. However, most medical researches require high-end lab
facilities, funding and volunteers to conduct experiments, and above all, time. On the other hand,
Artificial Intelligence is becoming more accurate in pattern recognition and predictions. Recent
development in Neural Network systems has made it even easier to teach a system how to solve
a problem; there are many Al bots that can beat humans in games like chess, go, checkers etc. In
July 2018 an Al system beat 15 Chinese doctors in a tumor detection competition [6] and this bot
is not the first one to do such a thing. Machine Learning is the branch of Al that has successfully
been used to generate predictive models for stock markets, weather condition, traffic condition,
suitable habitat detection and many more. Nowadays, embedded pipeline of Machine Learning
based algorithms is being used to predict onset of various diseases. In several papers, it is
described how in the case of diseases like Cancer, Mental health and Cardiovascular conditions,
scientists are applying predictive algorithms with satisfactory accuracy [7, 8, 9]. Abundance of
Machine Learning models exist that can diagnose if a person has Diabetes or is prone to develop
Diabetes [10]. However, models that can predict onset of Diabetes induced health complications
are very rare. One such model used a data mining pipeline to predict T2DM related
complications using electronic health record data [11]. Author Dagliati (2018) predicted
complications such as Neuropathy, Nephropathy and Retinopathy with an accuracy of 0.83 [11].
The researchers had a complete dataset and used very few features to conduct the research which
reduced complexity of the model. Another notable work done by Cho in 2008 explains a model
which used visualization and feature selection to predict diabetic Nephropathy [12]. Apart from
the above mentioned work, there is almost no other significant research that has directly
addressed how Machine Learning can help predict T2DM induced health complications.
Nonetheless, it is possible to develop a model that can accurately predict onset of Diabetes
related complications. Machine Learning is an asset that has the ability to help doctors overcome

their limitations by improving prediction and diagnosis of diseases.



3 PROPOSED MODEL

In this paper, several methods were used on a dataset consisting of 779 T2DM patients to
determine the risk of Nephropathy and the risk of Cardiovascular disease. Figure 1 below

represents the experimental work flow of the model in this project.
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Fig. 1. Experimental Work Flow of the System.



At first, the data was cleaned by dropping instances with significant amount of missing values.
Afterwards, mean/mode imputation was used to fill the missing values. However, the whole
process was done manually and the results of mean/mode imputation were too poor, hence they
were discarded. Instead, Random Forest and missForest algorithms were used to impute the
missing values. These algorithms produced better results when it came to imputation of missing
values. The categorical variables were then converted to numerical ones by introducing dummy
variables. Since all the variables have different units and ranges, they were all brought to the
same scale by apply a feature scaling technique called Standardization. After all the variables
were taken to the same scale, a dimensionality reduction technique called Principal Component
Analysis (PCA) was applied. This was done to convert the correlated variables to a smaller
number of uncorrelated principal components. The problem at hand can be defined as a multi-
label classification problem since a patient can have either of the complications or both. Hence, it
was divided into two separate binary classification where risk of Nephropathy and risk of
Cardiovascular disease were predicted separately.

Subsequently, classification algorithms like Logistic Regression (LR), Support Vector Machines
(SVM), Naive Bayes (NB) and Decision Tree, both with and without AdaBoost, were applied to
predict a patient’s risk of Nephropathy and risk of Cardiovascular disease. To determine the
performance of each algorithm, several metrics like Accuracy Score (ACC), Confusion Matrix,
Classification Report, ROC Curve and AUC score were used. At the beginning of the project, the
algorithms were applied without using PCA on them, and later PCA was used to find the risk of
Nephropathy while both PCA and Oversampling were implemented on the dataset in case of

finding the risk of Cardiovascular disease.



4 DATASET

The dataset used in the proposed model was found in a loyalty free dataset sharing platform. It is
from an open-label, central registration, multicenter, prospective observational study that was
conducted at the Tokyo Women’s Medical University Hospital and 69 collaborating institutions
in Japan [13]. It has most of the variables needed to implement the proposed Diabetes
Complications Prediction Model. The original dataset has 779 instances and 164 variables. Most
of these variables are unique and the rest are instances of one variable at different times (e.g.
glucose at month 0, glucose at month 3 etc.). In order to make this dataset useful for the project,
some unnecessary variables were removed at the beginning of data cleaning phase due to their

lack of relation to the project.

17500 ~

15000 A

12500 A

10000 A

7500 A

All variables

5000 -

2500 4

Patient Index

Fig. 2. Dataset Preview.
The above Figure 2 shows the whole dataset in relation with patient index, different colored dots
depicts different features; the x-axis represents the number of patients and the y-axis is the values
of all the variables, whereas each color portrays each of the 164 features. The cluster of points in
the middle illustrates how different variables have values lying within the same range. The whole

dataset can be classified into two groups depending on type of variables- numeric and categorical.



4.1 NUMERIC FEATURES

This group of the dataset contains 38 features and most of these features have multiple instances.
The features are Age, Height, Weight, Waist circumstances, Duration of T2DM, Blood Pressure
(Systolic and Diastolic), Pulse rate, Weight, BMI, HbAlc, Fasting Plasma Glucose, Insulin,
HOMA-R, HOMA-beta, C-peptide, CPI, 1,5-anhydroglucitol,1,4 -anhydro (-D)-glucitol,
Glycoalbumin, Proinsulin, Na, K, CI, Triglyceride, HDL-C, LDL-C, BUN, Uric acid, Creatinine,
eGFR, Red Blood, White Blood, Hemoglobin, Hematocrit, Platelets, AST, ALT, and y-GTP. All
these numeric features are necessary to determine health condition of a T2DM positive patient.
Most of the pathological test results above are related to Nephrology and rest contribute to
overall health condition including coronary functions. Height, weight, BMI and waist
circumstances determine obesity of a person and obesity is directly linked to Diabetes related
complications. Duration of T2DM is an important factor of this project as the duration of
Diabetes Mellitus can affect many other factors. Similarly, HbAlc or Glycated hemoglobin test
is used to diagnose Diabetes. Regular HbAlc test determines if Diabetes is within range and

abnormal results can indicate complications due to Diabetes.

4.2 CATEGORICAL FEATURES

The second group of the dataset, categorical features, contains 21 features and only two of these
have multiple instances of over a year. These two variables are Urinary Protein and Urinary
Sugar; Urinary Protein is the indicator of amount of protein passing through Kidney. Similar to
Creatinine, elevated level of Urinary protein results in Kidney complications. Urinary Sugar test
is a method of diagnosing Diabetes similar to HbAlc; it is used to check if medications given to
the person to control Diabetes are working properly. Rest of the variables of this group though
categorical, contains only binary values of 0 and 1. Hence they have been sub-grouped under

binary categorical features.

4.3 BINARY CATEGORICAL FEATURES

The dataset includes 19 binary features - Sex, Smoking habit, Drinking habit, History of
complications, History of Hypertension, History of Arteriosclerosis Obliterans, History of Atrial
Fibrillation, History of Myocardial Infarction, History of Dyslipidemia, History of Myocardial

Infarction, History of Cerebral Infarction, History of Angina Pectoris, History of Heart Failure,
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History of Retinopathy, History of Kidney disease, History of Hyperuricemia, History of Liver
disease, Risk of Cardiovascular disease and Risk of Nephropathy. All these features contain
binary values of either 0 or 1. It is mentionable that some numeric variables change values based
on the sex of the instances. History of Smoking and Drinking are taken to consideration due to
the fact that both of these affect Heart, Kidney and Liver directly. History of complications
indicates if a patient has already suffered from any health complications related to Diabetes. It is
a known fact that excessive high blood pressure can result in Hypertension which in turn
damages regular Cardiovascular activity to a great extent; History of Hypertension indicates if a
patient is suffering from hypertension or not. Dyslipidemia indicates abnormal lipid levels, these
lipids can be HDL, LDL or triglyceride. It is another major factor for assessing Heart risks.
History of Kidney disease, history of retinopathy and history of Liver disease all respectively
indicate if patient already had Kidney, Eye or Liver disease.

4.4 TARGET VARIABLES

4.4.1 Risk of Nephropathy

Nephropathy onset prediction requires an output variable. This variable is necessary to cross
examine between the disease onset probability predicted by the proposed system and the real
scenario of Nephropathy among the patients. However, the dataset used in the established system
did not contain any such variable. Cho (2017) generated a variable using some conditions related
to Urinary Albumin (Micro Albumin), History of Renal Failure at the time of Diabetes diagnosis
and evidence of diabetic Retinopathy for differential diagnosis of diabetic Nephropathy [16].
Patients are assumed Nephropathy positive if they have Micro Albumin 20—200 mg/min
(Microalbuminuria), no evidence of previous Renal failure and previous Retinopathy record.
Although, the dataset used in this system has a column for History of Nephropathy, it does not
have one for Micro Albumin and which type of Retinopathy record was used by Cho has not
been mentioned. Hence, this criteria also became useless. Regardless, it has been found that
Microalbuminuria can be determined using albumin/creatinine concentration ratio and a ratio of
above 30 confirms Microalbuminuria [17, 18]. Since, record of Retinopathy could not be used,
this third criteria has been replaced by eGFR. eGFR less than 60 mL.min-1 determines diabetic
Nephropathy [19]. As mentioned earlier, the dataset contains all pathological test results of

around a year divided in 4 instances. Hence, for both eGFR and urinary albumin/creatinine ratio,
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values of the 12th month has been considered. Finally, the ‘risk of Nephropathy’ column has
been generated as a categorical target where patients are considered positive if either one of the
following conditions is true:

1. Urinary albumin/creatinine ratio greater than 30,

2. No history of previous renal complication and

3. eGFR less than 60 mL.min-1.
The risk of Nephropathy variable had 719 instances, out of which 540 belonged to the false class
(0) and 179 belonged to the true class (1). The remaining 60 instances from the original dataset
were not considered in the model since they already had history of Kidney complications. Only
24.9% patients had risk of Nephropathy.

4.4.2 Risk of Cardiovascular Disease

In order to determine Cardiovascular disease onset among patients an output variable is required.
Hence, one of the most important factors in the dataset is the feature risk of Cardiovascular
diseases. It is a hybrid column generated from 4 factors, History of Diabetes Mellitus, History of
Hypertension, Hypertriglyceridemia and History of Dyslipidemia. The original dataset used in
this model did not have any variable that directly indicates patients with current Cardiovascular
risks which is vital information for the accuracy of the model. Cercato in his paper described a
method on how to directly assess Cardiovascular risks depending upon mentioned 4 variables.
The author used Hypercholesterolemia as lipid abnormality indicator whereas for this model
History of Dyslipidemia has been used which is a more appropriate lipid abnormality indicator
[14]. The dataset used is based on those patients who already have T2DM. Amongst these
patients, only those who have Hypertension, Dyslipidemia and Hypertriglyceridemia all have
been marked with positive Cardiovascular risk. To make the column more accurate, patients with
history of Heart failure also have been marked positive in Cardiovascular risk column. Lastly, in
the original dataset there was no such column as Hypertriglyceridemia, this column has been
generated from the triglyceride variables [15]. Only those patients who show higher than normal
(150 mg/dL) amount of Triglyceride have been marked as Hypertriglyceridemia positive. The
Cardiovascular risk variable had 778 instances, out of which 703 belonged to the false class (0)
and 75 belonged to the true class (1) with 1 instance being removed, since there were not
sufficient data on the patient to determine whether he/she had any Cardiovascular risk. Only

9.64% of the patients had Cardiovascular risk.
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5 SYSTEM IMPLEMENTATION

5.1 MISSING VALUE IMPUTATION

The dataset had values missing at random (MAR). Missing at random means the tendency of an
instance to be missing is related to the observed data and not the missing data. Hence, the
missing value of a variable can be predicted from the other variables [20]. For example, missing
HbA1c values maybe lower or higher than what it would have been if actually measured because
HbA1c depends on Age, Duration of T2DM, Fasting Plasma Glucose and some other values as

well.

Significant amount of information is discarded due to the presence of missing values in a dataset.
Therefore, imputation of missing data through the proper algorithms are needed in order to get
better insights about the data. Techniques like removal of entire instances, mean imputation and
replacing values with the value zero are some simple methods of imputations. However, all of
these methods are inefficient in this case. In this project, only one instance was entirely deleted
from the dataset since it had missing values for most of the variables. Afterwards, algorithms like

Random Forest and missForest were applied to impute the data.

5.1.1 Missing Data Visualization

Visualization of incomplete data allows to simultaneously explore the data and the structure of
missing values. This is helpful for learning about the distribution of the incomplete information
in the data, and to identify possible structures of the missing values and their relation to the

available information.

Before data imputation, it is required to analyze the dataset including the missing data to acquire
knowledge on the completeness and authenticity of the dataset. Using the package “missingno”

in Python, the below graph was generated to analyze the dataset better.
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The nullity matrix in Figure 3 is a data-dense representation of all the 164 variables and their
consistency across the 778 instances. The graph helps in visually picking out the pattern in the
data consistency quickly. The Sparkline at the right summarizes the general shape of the data
completeness including the maximum and minimum rows. Through this graph, it is evident that
few variables have more than 50% missing data, which may impact the data imputation and
consequently affect the final outcome.
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Fig. 3. Nullity Matrix representing missing data.

5.1.2 Random Forest Imputation

Random Forest is a supervised learning algorithm used for classification and regression. It
consists of several Decision Trees which makes a prediction on its own. Then by aggregating the
predictions of each of the trees, the new value is estimated [21]. The idea was used to make a
Random Forest regression model that predicts the value of each missing instance of every
variable by comparing it with the rest of the variables. It is possible to obtain a good balance
between AUC, processing time, and memory usage when the number of trees in a forest is

between 64 and 128 [22]. Hence, in this model, the forest consisted of 64 trees.

For each variable in the data it was regressed with the rest of the data, so for variable v, it was
regressed with v, . v,, which do not have an overlap in missing data with v;. The indexes of the
instances that have missing data for vi were added to a list and the overlap of missing values
between variable one and the other variables were determined. Then only the instances that do
not have overlapping missing data with v; were used to fit the Random Forest model. After that,

V, was regressed with vy, vs... v, and so on. This way a Random Forest regression model based
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on non-missing data was made. After fitting the regression, the predictors (v,... v) were used to

predict the missing data in v;... v, and imputed with that value.

This model does not handle categorical variables but instead treats them as numeric ones. Since
the dataset consists of both categorical and numeric variables, this is a problem. Furthermore,
Random Forest is also computationally expensive since the processing time is very high. Figure
4 shows the data-points before and after imputation using Random Forest of some selected

variables. The blue dots represent the actual data and the red dots represent the imputed data.
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Fig. 4. Few variables after Random Forest Imputation.
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5.1.3 missForest Imputation

Most imputation algorithms cannot handle mixed-type data that contains both numeric and
categorical variables. However, the missForest algorithm is an exception. It uses a non-
parametric method to impute missing values by not taking the data type into consideration [23].
Figure 5 shows the data-points before and after imputation using missForest of some selected

variables. The blue dots represent the actual data and the red dots represent the imputed data.
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Fig. 5. Few variables after missForest Imputation.
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It was implemented using R’s missForest package, which was run inside a python package called
rpy2. Rpy2 acts as a python interface to the R language. In each forest of the algorithm 100 trees
were used and the maximum number of iterations to be performed was 10. However, the missing
values converged with only 7 iterations and took considerably less processing time than Random

Forest imputation.

The model yields an out-of-bag (OOB) imputation error estimate which consists of the NRMSE
(Normalized Root Mean Squared Error) for the continuous numeric variables and PFC
(Proportion of Falsely Classified) for categorical variables. NRMSE for this model, the NRMSE
was 17.89% and the PFC was 12.19%. This means the continuous variables were imputed with
an error of 17.89% while the categorical variables were imputed with an error of 12.19%.

5.2 CATEGORICAL VARIABLE CONVERSION

The dataset consisted of several categorical variables: Gender, History of Complications, History
of Kidney Disease, Urinary Sugar, Urinary Protein, etc. However, since these variables have
numerical values, algorithms will treat them like numerical variables. For example, for the
variable gender, 1 represents a male patient while 2 represents a female patient. So any
classification or dimensionality reduction algorithm will give much more importance to a female

patient since it has a higher numerical value.

To counter this problem, all the categorical variables was converted to its numerical counterparts.
This was done by creating dummy variables for each class present in every categorical variable.
So, the variable gender, had one column representing male patients with a value of either 0 or 1
depending on whether the patient is a male or not. And similarly, one column representing

female patients.

This was implemented in python using the OneHotEncoder class of the Scikit-Learn library [24].

5.3 FEATURE SCALING

Feature scaling is a method to scale data of different independent variables with varying ranges
to a standardized range which is consistent across all the features. There are various types of
feature scaling techniques that can be applied to standardize the range. The technique being

applied in this project is standardization; standardization replaces the values of a particular
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feature with their Z scores. This redistributes the features with their mean p = 0 and standard
deviation o =1. The scikit-learn module sklearn.preprocessing.scale is used to implement
standardization in python. Below is the formula of standardization:

X—X

x' = 1)
(1)

Corresponding to each variable, x is the original feature vector, x is the mean of that feature
vector and o is its standard deviation. Subtracting the mean from the original value and dividing
it by the standard deviation leads to the scaled value of the data. Standardization is particularly
important since some classification algorithms like SVM, Logistic Regression and Neural
Networks do not perform well on unscaled data. Furthermore, data should be standardized before
applying PCA as variables with higher and lower variance are going to be treated differently.

Hence, a variable with a large scale would always be considered the first principal component.

5.4 PRINCIPAL COMPONENT ANALYSIS (PCA)

PCA or Principal Component Analysis is a dimensionality reduction technique that uses
orthogonal transformation to reduce a large set of variables to a smaller set of variables while
retaining most of the information present. The procedure works by converting the highly
correlated variables of the original dataset to a smaller number of uncorrelated linear variables
called principal components. These principal components then account for most of the variance
of the original dataset [25].

PCA is very useful when the data has dimensions of 3 or higher since it becomes extremely hard
to make predictions from such huge amount of information. Furthermore, visualization of high

dimensional data is also difficult. PCA solves this problem regarding data visualization as well.

Number of principal components is less than or equal to the smaller of the number of original
features or the number of observations. Initially, the dataset comprised 779 observations and 164

useful features, so the maximum number of principal components was 164.
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Out of those 164, 50 components were taken which attributed to 80% of the original variance as

shown in Figure

6.

Cumulative Explained Variance

Fig. 6. Cumulative Explained Variance against No. of Principal Components.
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After applying PCA the dataset is reduced to 50 principal components that represent each

instance. Figure 7 shows the dataset after PCA.
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Fig. 7. Dataset after applying PCA.
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5.5 CLASS IMBALANCE AND OVERSAMPLING

If a dataset has significantly more instances of one class and fewer instances of the other class,
then the dataset is considered being imbalanced [26]. This dataset of diabetic patients includes
fewer instances where the disease was present (minority class) and more instances where it was
not present (majority class). In the dataset, the number of patients diagnosed with Nephropathy is
179, compared to the number of patients without Nephropathy being 541. On the other hand,
only 75 patients were diagnosed with Cardiovascular disease while the rest 703 patients did not
have any complication. This shows how unbalanced and biased the dataset is. If the dataset is left
as it is, the minority class tends to achieve poor predictive accuracy as the algorithm predicts the
majority class more often [27]. To counter this problem, the classes are balanced by either
increasing the minority class to equal the majority class or to decrease the majority class to equal
the minority class. Instead of decreasing the majority class, the minority class was increased,

since the dataset contained only few instances, which is also known as Oversampling.

The first step in oversampling was dividing the dataset into training and test set. After that, the
training set was oversampled using the SMOTE algorithm (Synthetic Minority Oversampling
Technique). Oversampling both the training and test set instead of only the training set may lead
to information loss in the training set. This causes the training set to have a bad Recall score.
SMOTE creates synthetic instances of the minority class by finding similar instances using k-
nearest-neighbors. Then it randomly chooses one of those neighbors and modifies it to create a
new instance of the minority class [28]. It was implemented using the SMOTE class of the
imbalanced-learn package of python. A class ratio of 1 was used in order to equal the minority

and majority class examples.

5.6 TRAIN-TEST SPLIT

When it comes to Machine Learning models, a common problem faced is with overfitting and
underfitting. Overfitting occurs when the model learns from the data so well that it leads to no
training error. It learns the noises and deviations of the data as concepts and fits the model too
well to the data. However, when the model is presented with new data, it fails to make accurate
predictions since it was over fit with the noises and deviations [29]. Underfitting is the opposite,

it can neither fit to the data available nor to new data.
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The remedy to these problems is cross-validation. This is the process of splitting the data into
two sets; the training set, used to train the data and the test set, used to test the data. By
introducing the data to the test set which is new data, it can be determined if the model is
overfitting.

The train/test split was implemented using the train_test split class of scikit-learn’s
model_selection package. The data was split into a 70:30 ratio with 70% going to the training set
and the rest to the test set. In most cases this is the ideal ratio of splitting data [30]. A 50:50 ratio
was also considered but since the dataset did not contain a large number of instances, taking only

50% of the original data might have led to underfitting of the model.

The initial dataset is imbalanced. A dataset is considered to be imbalanced if it has significantly
more instances of one class and fewer instances of the other class as stated by Perveen et al [26].
This dataset of diabetic patients includes fewer instances where the disease was present (minority
class) and more instances where it was not present (majority class). For example, the number of
patients who were not diagnosed with Kidney complications were 541 compared to the 179 who

were. Similarly, only were diagnosed with Cardiovascular complications while were not.

For Nephropathy, the test set consisted of 216 instances. Out of these 216 instances, 162
belonged to the false class (does not have Kidney complications) and 54 belonged to the true
class (has Kidney complications). The parameter stratify is used to make sure the distribution of
classes of in the test set is the same as that of the original dataset. In the case of Cardiovascular
disease, the test set consisted of 234 instances. Out of which, 211 instances belonged to the false
class (does not have Cardiovascular complications) and 23 belonged to the true class (has
Cardiovascular complications). The parameter stratify is used to make sure the distribution of
classes in the test set is the same as that of the original dataset. When oversampling was applied
in the Cardiovascular disease prediction model, 10-fold cross validation was used instead of
train-test split. Since only the training set was oversampled, 10-fold cross validation seemed a

better option for enhanced performance.
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5.7 ALGORITHMS

The problem at hand is a multi-label classification problem, which is a form of classification.
Unlike binary or multi-class classification, an instance can belong to either or both of the output
classes. For example, in this paper, a patient can have either Kidney complications, Heart
complications or both at the same time. The best way to solve this issue, is by problem
transformation, where a multi-label problem is transformed into a single-label binary problem
[31]. So for a particular patient, it is determined separately whether he/she will have Kidney or
Heart complications using classifier algorithms for single-label problems. Afterwards, the results

are then combined to produce multi-label predictions for each patient.

The single-label classifiers used are Logistic Regression (LR), Support Vector Machines (SVM),
Decision Tree (DT), AdaBoost, Random Forest (RF) and Naive Bayes (NB). The results of the

six algorithms were compared to determine the best classifier for the problem.

5.7.1 Logistic Regression (LR)

Logistic Regression is a supervised learning algorithm that trains the model by taking input
variables(x) and a target variable(y). In Logistic Regression the output or target variable is a
categorical variable, unlike Linear Regression, and is thus a binary classification algorithm that
categorizes a data point to one of the classes of the data [32]. The general equation of Logistic
Regression is:

X
log (13(—1,(),0) = Bo+ BiX @

Where, p(X) is the dependent variable, X is the independent variable, Bg is the intercept and f; is
the slope co-efficient.

Logistic Regression measures the relationship between the dependent variable, the output, and
the independent variables, the input, by estimating probabilities using its underlying logistic
function. It uses L2 penalty for regularization. The resultant probabilities are then converted to
binary values 0 or 1 by the logistic function, also known as the sigmoid function. The sigmoid
function takes any real-valued number and maps it into a value between the ranges 0-1 excluding

the limits themselves. Afterwards, a threshold classifier transforms the result to a binary value.
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One of the primary assumptions of Logistic Regression is that the input features should be
independent of each other, i.e. one variable should have little or no co-linearity with the other
variables [33]. Hence, PCA is executed on the data beforehand, to convert the correlated

variables to a set of uncorrelated variables.

5.7.2 Support Vector Machines (SVM)

Support Vector Machines, SVM, is a supervised learning model with associated learning
algorithms that analyze data used for classification, regression analysis and outlier detection [34,
35]. It is a non-probabilistic binary linear classifier, but can be manipulated in a way that it can
perform non-linear and probabilistic classification as well, making it a versatile algorithm. An
SVM model is a representation of the instances as points in space mapped so that they can be
categorized and divided by a clear gap. New instances are then mapped into the same space and
predicted in which category it might be in based on which side of the gap they fall in. The main
advantage of SVM is the fact that it is effective in high dimensional spaces. Additionally, it is

also memory efficient since it uses a subset of training points in the decision function.

The SVM in scikit-learn supports both dense and sparse sample vectors as input, even though
optimal performance is usually obtained while using dense datasets. In this project, SVC class

from scikit-learn was used to implement SVM.

5.7.3 Naive Bayes (NB)
Naive Bayes is a supervised learning algorithm that depends on Bayes’ Theorem for
classification. Bayes’ theorem uses conditional probability which in turn uses prior knowledge to

calculate the probability, that a future event will take place. The formula for Bayes’ Theorem is:

P(E|H) = P(H
P(H|E) = ( lsz) ) 3

Here, P(HIE) is the posterior probability, the probability that a hypothesis (H) is true given some

evidence (E). P(H) is the prior probability, i.e., the probability of the hypothesis being true. P(E)
is the probability of the evidence, irrespective of the hypothesis. P(E|H) is the probability of the

evidence when hypothesis is true.

In Naive Bayes classifier, it is assumed that the input variables (features) are independent of each

other and that all features will individually contribute to the probability of the target variable. So,
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the existence of one feature variable does not affect the other feature variables. This is why it is
called naive. However, in real datasets, the feature variables are usually dependent on each other
so this is one of the drawbacks of the Naive Bayes classifier. Naive Bayes classifier though,
works very well for large data sets and sometimes performs better than other complicated
classifiers. There are several different types of Naive Bayes classifiers, among them, the
Gaussian Naive Bayes classifier was used in this model. The Gaussian Naive Bayes classifier
assumes that the feature values are continuous and the values of belonging to each class are
normally distributed [36].

Naive Bayes algorithm is used for binary and multiclass classification and can also be trained on
a small dataset which is a huge advantage. It is also very fast and scalable. Moreover, it mitigates
the problem arising from the curse of dimensionality to some degree. However, as mentioned
before, it makes the unrealistic assumption that the input variables are independent of each other.
This is not the case in real life datasets, where there can be many complex relationships between

the feature variables.

5.7.4 Decision Tree (DT)

Decision Tree is a supervised learning algorithm that is used for classification and regression. It
works by splitting the data into two or more subsets based on the values of the input variables
[37, 38]. A cost function or splitting criterion is used to determine the best split (one with the
lowest cost) among all the split points. The data is split recursively into groups until the leaves
contain only one sample. In this model, an optimized version of the CART (Classification and
Regression Trees) algorithm is used to implement the Decision Tree classifier using Scikit-Learn.
Gini impurity is used as the splitting criterion to measure the uncertainty. Decision Trees are
easy to interpret and understand, compared to other classification algorithms. Moreover,
Decision Trees require little preprocessing as outliers do not affect the performance. Furthermore,
they are not based on the Euclidean distance, hence, feature scaling is not required. Also, feature
scaling could lead to wrong assumptions being implied since the values would be changed.
Decision Trees can handle both categorical and numerical variables as input so it is appropriate
for this model, since the dataset contains both variable types. In this model, the relationship
between the feature variable and target variable is complex and highly non-linear. So a Decision

Tree has a greater chance of outperforming linear models like Logistic Regression. Even though
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Decision Trees have several advantages, they also have a few disadvantages. One is that,
Decision Trees can cause overfitting by making a tree that is too complex and hence does not
predict well on new data. Finally, since Decision Trees are greedy algorithms, the optimal tree is

not necessarily returned.

5.7.5 AdaBoost

AdaBoost or Adaptive Boosting is a boosting technique that is used with Decision Trees in order
to elevate their performance [39]. A disadvantage of Decision Trees is, any small change in the
data can cause a completely different tree to be produced. This is called variance and can be
tackled using boosting techniques like AdaBoost. It works by first fitting the Decision Tree
classifier on the dataset and then fitting extra samples of the same classifier on the same dataset.
However, the extra samples are fitted by changing the weights of the instances that were falsely
classified so that the following classifiers put more emphasis on bad cases. The equation for

classification can be represented by:

M
F() = $in( ) Omfm(x) @)
m=1

Here, f, stands for the m"™ weak classifier and 0y, is the corresponding weight. So it is the
weighted combination of M weak classifiers that are turned into a strong classifier. AdaBoost is
implemented using sklearn’s ensemble.AdaBoostClassifier class, which uses the AdaBoost-
SAMME algorithm [40].

5.7.6 Random Forest (RF)

The basic concept of the Random Forest algorithm has already been discussed in section 7.2. It
was used to predict missing values by modelling the Random Forest algorithm as a regression
problem. However, in this case, it is modelled as classification problem since Random Forest
works for both. Since Decision Tree learners can overfit the data and also produce trees that are
biased towards one class. Random Forest is used to increase the performance by avoiding
overfitting and bias through aggregation of several trees. The best performance was achieved
with a Random Forest consisting of 80 trees. Just like with Decision Trees, Gini impurity was

used as the underlying criterion for splitting the data.
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6 RESULT ANALYSIS

After implementation of different Machine Learning models, the next step is to find out how the
models performed. This is done by running the models on the test dataset which was set aside
earlier. The test dataset comprised of 30% of the original data for Nephropathy. 10-fold cross-
validation was done for Cardiovascular disease using 10% of the original data in the test dataset.
To determine and compare the performance of the different algorithms, several performance

metrics were used.

6.1 PERFORMANCE METRICS

The performance of Machine Learning algorithms is evaluated using several performance
metrics. Performance metrics relating to classifications are discussed here since the paper only
deals with classification problems. For Nephropathy, if the target variable (risk of Nephropathy)
is 1 then it is a positive instance, meaning the patient has Kidney complications. And if the target
variable is 0, then it a negative instance, meaning the patient does not have Kidney complications.
Similarly, for Cardiovascular disease, if the target variable (risk of Cardiovascular disease) is 1
then it is a positive instance, meaning the patient has Heart complications. And if the target
variable is 0, then it a negative instance, meaning the patient does not have Heart complications.

6.1.1 Confusion Matrix

Confusion Matrix is the easiest way to determine the performance of a classification model by
comparing how many positive instances were correctly/incorrectly classified and how many
negative instances were correctly/incorrectly classified. In a Confusion Matrix, the rows
represent the actual labels and the columns represent the predicted labels. Table 1 shows the

Confusion Matrix.

Table 1. Confusion Matrix

Predicted Predicted
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True Positives (TP): True positives are the instances where both the predicted class and actual
class is True (1), i.e., when a patient actually has complications and is also classified by the

model to have complications.

True Negatives (TN): True negatives are the instances where both the predicted class and actual
class is False (0), i.e., when a patient does not have complications and is also classified by the

model as not having complications.

False Negatives (FN): False negatives are the instances where the predicted class is False (0) but
actual class is True (1), i.e., when a patient is classified by the model as not having complications
even though in reality, they do.

False Positives (FP): False positives are the instances where the predicted class is True (1) while
actual class is False (0), i.e., when a patient is classified by the model as having complications
even though in reality, they do not.

6.1.2 Accuracy (ACC)
Accuracy determines the number of correct predictions over the total number of predictions
made by the model. Even though it is widely used, it is not a very good measure of performance

especially when the dataset is imbalanced like in this case. The formula for Accuracy is:

TP + TN
TP+ FP + TN + FN (5)

Accuracy =

6.1.3 Precision
Precision is a measure of the proportion of patients that actually had complications among those

classified to have complications by the system. The formula for Precision is:

TP

Precision = ——
recision = -5 T FP ©)
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6.1.4 Recall / Sensitivity
Recall or sensitivity is a measure of the proportion of patients that were predicted to have

complications among those patients that actually had the complications. The formula is:

TP

Recall = ————
ecall = Tp T FN )

6.1.5 Specificity
Specificity is the opposite of Recall. It is a measure of the number of patients who were
classified as not having complications among those who actually did not have the complications.

The formula is:

TN

Specificity = TN+ FP @®)

6.1.6 F1 Score
F1 Score is the harmonic mean of the Recall and Precision that is used to test for Accuracy. The

formulais:

Precision * Recall
k
Precision + Recall 9)

F1=2

6.1.7 ROC Curve

ROC or Receiver Operating Characteristics is a graphical plot of sensitivity against (1-
Specificity) or in other words, a comparison of true positive rate (TPR) and false positive rate
(FPR). It is used to visualize a classifier’s performance at different thresholds to determine the

best threshold point for the classifier [13]. Figure 8 represents an example of ROC Curve.
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Fig. 8. Receiver Operating Characteristics (ROC) Curve.

6.1.8 Area under the ROC Curve (AUC)

AUC is the entire area under the ROC Curve that is used to determine the performance of a
classifier across all classes. It ranges from 0 to 1, higher the value, better the performance. Figure
9 is the example of graphical representation of an AUC Curve. The x-axis represents the false
positive rate, or 1-Specificity, and the y-axis represents the true positive rate, or Sensitivity. The
shaded region below the blue curve is the AUC in this graph.
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Fig. 9. Area under the ROC Curve (AUC).
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6.2 MODEL PERFORMANCES

6.2.1 Nephropathy

In the model for Nephropathy, the set of six classification algorithms was used- Logistic
Regression (LR), Support Vector Machines (SVM), Naive Bayes (NB), Decision Tree (DT) with
and without AdaBoost and Random Forest (RF) were applied on the dataset. For Table 2, the
algorithms were implemented directly, while in Table 3, the performance metrics are obtained
when the same set of algorithms were applied after PCA. In each experiment, the performance
was measured using Accuracy, Precision, Recall, Specificity, F1 Score, ROC Curve and AUC
Score. The subsequent tables contain all the performance metrics for all the experiments done in

the model to predict risk of Nephropathy.

The table below illustrates the results of different performance metrics for the algorithms to
detect risk of Nephropathy without PCA.

Table 2. Nephropathy Scores without PCA

Accuracy 0.79 0.82 0.79 0.89 0.87 0.89
Precision 0.57 0.86 0.70 0.79 0.71 0.94
Recall 0.67 0.35 0.30 0.81 0.81 0.63
F1 Score 0.62 0.50 0.42 0.80 0.76 0.76
Specificity 0.83 0.98 0.96 0.93 0.88 0.98
AUC Score 0.75 0.67 0.63 0.87 0.85 0.81
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The table below illustrates the results of different performance metrics for the algorithms to
detect risk of Nephropathy with PCA.

Table 3. Nephropathy Scores with PCA

Accuracy 0.81 0.76 0.76 0.76 0.76 0.79
Precision 0.64 1.00 0.51 0.53 0.52 0.68
Recall 0.56 0.04 0.41 0.52 0.50 0.31
F1 Score 0.59 0.07 0.45 0.52 0.51 0.43
Specificity 0.89 0.0 0.87 0.85 0.85 0.95
AUC Score 0.73 0.52 0.64 0.68 0.67 0.63

In the following sub-sections, the Confusion Matrix and ROC Curve for every experiment is
represented through figures. As shown in Table 1, the Confusion Matrix has four values- True
Negative, False Positive, False Negative and True Positive. In all the figures of Confusion
Matrix, the blocks represent correctly predicted negative in True Negative, falsely predicted
positive in False Positive, wrong prediction of negative in False Negative and correctly predicted
positive in True Positive respectively. These values are later used to find the Accuracy, Precision,
Recall, Specificity and F1 Score to evaluate the performance of each algorithm. In addition to

Confusion Matrix, an ROC Curve which represents the AUC of the algorithms is shown.
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6.2.1.1 Logistic Regression

Figure 10(a) illustrates the Confusion Matrix of the Logistic Regression model. Figure 10(b)
illustrates the Confusion Matrix of the Logistic Regression model after PCA is applied on the
dataset. Figure 10(c) illustrates the ROC Curve of the Logistic Regression model while Figure
10(d) shows the ROC Curve of the Logistic Regression model with PCA. The results show how
Logistic Regression performs well for this problem with an accuracy of around 0.80 and AUC
score of around 0.75. Introduction of PCA leads to an increase in accuracy and precision.
However, it leads to a fall in recall and F1 Score. Since recall is more important than precision in

disease detection, Logistic Regression without PCA is the better model among the two.
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Fig. 10(a). Confusion Matrix of LR, 10(b). Confusion Matrix of LR with PCA, 10(c). ROC
Curve of LR and 10(d). ROC Curve of LR with PCA.
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6.2.1.2 Support Vector Machines (SVM)

Figure 11(a) and Figure 11(b) illustrate the Confusion Matrix of the SVM model without and
with PCA respectively. Figure 11(c) illustrates the ROC Curve of the SVM model while Figure
11(d) shows the ROC Curve of the SVM model with PCA. In both cases it can be seen from the
results that SVM has good accuracy of around 0.80 but the AUC score is poor. The precision
score is very high; however, the recall score is poor in both cases. Introduction of PCA leads to
the recall falling to 0.04 from 0.35 and F1 Score falling from 0.50 to 0.07. The AUC score also
drops by 0.15. This shows that introduction of PCA significantly decreases the performance of
the SVM model so the model is better without PCA.
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Fig 11(a). Confusion Matrix of SVM, 11(b). Confusion Matrix of SVM with PCA, 11(c). ROC
Curve of SVM and 11(d). ROC Curve of SVM with PCA.
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6.2.1.3 Naive Bayes

Figure 12(a) illustrates the Confusion Matrix of the Naive Bayes model. Figure 12(b) illustrates
the Confusion Matrix of the Naive Bayes model after PCA is applied on the dataset. Figure 12(c)
illustrates the ROC Curve of the Naive Bayes model while figure 12(d) shows the ROC Curve of
the Naive Bayes model with PCA. In both cases it can be seen from the results that Naive Bayes
has good accuracy but the AUC score is poor. The recall score is less than 0.50 in both cases.
Introduction of PCA leads to a decrease in accuracy and precision. However, it leads to an
increase in recall, F1 Score and AUC score. This shows that introduction of PCA slightly boosts

the performance of the Naive Bayes model, hence the model is better with PCA.
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Fig 12(a). Confusion Matrix of NB, 12(b). Confusion Matrix of NB with PCA, 12(c). ROC
Curve of NB and 12(d). ROC Curve of NB with PCA.
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6.2.1.4 Decision Tree

Figure 13(a) and Figure 13(b) illustrate the Confusion Matrix of the Decision Tree model with
and without PCA applied on the dataset. Figure 13(c) illustrates the ROC Curve of the Decision
Tree model while Figure 13(d) shows the ROC Curve of the Decision Tree model with PCA.
Decision Tree is an excellent model in the case of Nephropathy since it gives a high accuracy
and AUC score. Moreover, the precision, recall and F1 Score are also high with the recall being
slightly greater than the precision. Accuracy and AUC decreases slightly. The precision, recall
and F1 Score also decrease significantly. This shows that the introduction of PCA, significantly

decreases the performance of the Decision Tree model, so the model is better without PCA.
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Fig 13(a). Confusion Matrix of DT, 13(b). Confusion Matrix of DT with PCA, 13(c). ROC
Curve of DT and 13(d). ROC Curve of DT with PCA.
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6.2.1.5 Decision Tree with AdaBoost

Figure 14(a) illustrates the Confusion Matrix of the AdaBoosted Decision Tree model. Figure
14(b) illustrates the Confusion Matrix of the AdaBoosted Decision Tree model after PCA is
applied on the dataset. Figure 14(c) illustrates the ROC Curve of the AdaBoosted Decision Tree

model while figure 14(d) shows the ROC Curve of the AdaBoosted Decision Tree model with

PCA.
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Fig 14(a). Confusion Matrix of DT with AdaBoost, 14(b). Confusion Matrix of AdaBoost DT
with PCA, 14(c). ROC Curve of DT with AdaBoost and 13(d). ROC Curve of AdaBoosted DT
with PCA.
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As mentioned before, Decision Tree is an excellent model in the case of Nephropathy. However,
AdaBoost is used on the Decision Tree to see if the performance could be further improved.
Instead of boosting the performance though, AdaBoost slightly decreases the Accuracy and AUC
score by 0.02. Moreover, the precision and F1 Score also decreases. The recall however, remains
the same. When PCA is used before applying AdaBoosted Decision Tree, the performance of the
model drops. There is a fall in value of all the performance metrics. Particularly, the AUC score
decreases by 0.18. This shows that the introduction of PCA, significantly decreases the
performance of the AdaBoosted Decision Tree model, so the model is better without PCA

similar to that of the Decision Tree Model.

6.2.1.6 Random Forest

Figure 15(a) illustrates the Confusion Matrix of the Random Forest model. Figure 15(b)
illustrates the Confusion Matrix of the Random Forest model after PCA is applied on the dataset.
Figure 15(c) illustrates the ROC Curve of the Random Forest model while figure 15(d) shows
the ROC Curve of the Random Forest model with PCA.

Random Forest is a collection of Decision Trees that aggregate the result of the different trees.
This decreases the chance of overfitting, leading to better results. Hence, Random Forest was
used to check if it improved the performance of Decision Tree. After comparison, it is seen that
accuracy remains same but AUC score decreases quite a lot. Precision increases but recall score
drops. Even when PCA is applied beforehand, the results turn out to be even poorer, with
accuracy decreasing by 0.10 and AUC score by 0.18. This shows that normal Decision Tree
works better than Random Forest. Moreover, Random Forest itself works better without PCA.
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Fig 15(a). Confusion Matrix of RF, 15(b). Confusion Matrix of RF with PCA, 15(c). ROC Curve
of RF and 15(d). ROC Curve of RF with PCA.
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6.2.2 Summary of Nephropathy

When PCA is not applied, in terms of accuracy, the best result is produced by Decision Tree and
Random Forest without PCA, with a score of 0.89. However, Decision Tree has a recall score of
0.81 which is more than the recall score of Random Forest. Moreover, Decision Tree has an
AUC score of 0.87 while Random Forest has an AUC score of 0.81. So even though Random
Forest has a significantly greater precision score, Decision Tree is considered to be the best

algorithm for the prediction of Nephropathy without PCA.

When PCA is introduced, the accuracy of almost all the algorithms decreases except Logistic
Regression. Logistic Regression’s accuracy increases from 0.79 to 0.81. The recall and AUC
score of Logistic Regression though, decreases. Overall, the AUC score in almost every case
decreases below 0.7 when PCA is used. The best result with PCA is given by Logistic

Regression with an accuracy of 0.81 and AUC score of 0.73.

Comparing all the possibilities, Decision Tree without PCA is determined to be the combination

to predict the onset of Nephropathy.

6.2.3 Cardiovascular Disease

In the model for Cardiovascular Disease, the set of six classification algorithms was used-
Logistic Regression (LR), Support Vector Machines (SVM), Naive Bayes (NB), Decision Tree
(DT) with and without AdaBoost and Random Forest (RF). These algorithms were applied on
the dataset in four combinations: (i) without PCA, (ii) with PCA, (iii) using Oversampling and
(iv) using Oversampling with PCA. In each experiment, the performance was measured using

Accuracy, Precision, Recall, Specificity, F1 Score, ROC Curve and AUC Score.

In the following sub-sections, the Confusion Matrix and ROC Curve for every experiment is
represented through figures. As shown in Table 1, the Confusion Matrix has four values, which
are used to find the Accuracy, Precision, Recall, Specificity and F1 Score to evaluate the
performance of each algorithm. The subsequent tables contain all the performance metrics for all
the experiments done in the model to predict risk of Cardiovascular Disease.
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The table below illustrates the results of different performance metrics for the algorithms to

detect risk of Cardiovascular disease without PCA.

Table 4. Cardiovascular Scores without PCA

Accuracy 0.91 0.90 0.54 0.88 0.89 0.92
Precision 0.55 0.00 0.18 0.40 0.41 1.00
Recall 0.48 0.00 1.00 0.43 0.39 0.22
F1 Score 0.51 0.00 0.30 0.42 0.40 0.36
Specificity 0.96 0.00 0.49 0.93 0.94 0.00
AUC Score 0.72 0.50 0.74 0.68 0.67 0.61

The table below illustrates the results of different performance metrics for the algorithms to

detect risk of Cardiovascular disease with PCA.

Table 5. Cardiovascular Scores with PCA

Accuracy 0.91 0.90 0.88 0.87 0.86 0.91
Precision 0.58 0.00 0.38 0.28 0.22 1.00
Recall 0.30 0.00 0.39 0.22 0.17 0.04
F1 Score 0.40 0.00 0.38 0.24 0.20 0.08
Specificity 0.98 0.00 0.93 0.94 0.93 0.00
AUC Score 0.64 0.50 0.66 0.58 0.55 0.52
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The table below illustrates the results of different performance metrics for the algorithms to

detect risk of Cardiovascular disease using Oversampling.

Table 6. Cardiovascular Scores using Oversampling

Accuracy 0.84 0.90 0.63 0.86 0.87 0.90
Precision 0.30 0.43 0.19 0.32 0.37 0.38
Recall 0.49 0.27 0.85 0.43 0.45 0.13
F1 Score 0.38 0.3 0.31 0.37 0.40 0.20
Specificity 0.88 0.96 0.61 0.91 0.92 0.98
AUC Score 0.69 0.61 0.73 0.67 0.69 0.56

The table below illustrates the results of different performance metrics for the algorithms to

detect risk of Cardiovascular disease using Oversampling with PCA.

Table 7. Cardiovascular Scores using Oversampling with PCA

Accuracy 0.83 0.91 0.64 0.79 0.79 0.90
Precision 0.30 0.53 0.13 0.19 0.19 0.39
Recall 0.59 0.11 0.47 0.36 0.37 0.17
F1 Score 0.39 0.18 0.20 0.25 0.25 0.24
Specificity 0.85 0.99 0.65 0.84 0.83 0.97
AUC Score 0.72 0.55 0.56 0.60 0.60 0.57
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6.2.3.1 Logistic Regression

Figure 16(a) illustrates the Confusion Matrix of the Logistic Regression model. Figure 16(b)
illustrates the Confusion Matrix of the Logistic Regression model after PCA is applied on the
dataset. Figure 16(c) illustrates the ROC Curve of the Logistic Regression model while Figure
16(d) shows the ROC Curve of the Logistic Regression model with PCA.
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Fig 16(a). Confusion Matrix of LR, 16(b). Confusion Matrix of LR with PCA, 16(c). ROC Curve
of LR and 16(d). ROC Curve of LR with PCA.
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Figure 17(a) illustrates the Confusion Matrix of the oversampled Logistic Regression model.
Figure 17(b) illustrates the Confusion Matrix of the oversampled Logistic Regression model after
PCA is applied on the dataset. Figure 17(c) illustrates the ROC Curve of the Logistic Regression
model while Figure 17(d) shows the ROC Curve of the Logistic Regression model with PCA,
both on the oversampled dataset.
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Fig 17(a). Confusion Matrix of Oversampled LR, 17(b). Confusion Matrix of Oversampled LR
with PCA, 17(c). ROC Curve of Oversampled LR and 17(d). ROC Curve of Oversampled LR
with PCA.
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6.2.3.2 Support Vector Machines (SVM)

Figure 18(a) illustrates the Confusion Matrix of the SVM model. Figure 18(b) illustrates the
Confusion Matrix of SVM after PCA is applied on the dataset. Figure 18(c) illustrates the ROC
Curve of SVM while Figure 18(d) shows the ROC Curve of SVM with PCA.
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Fig 18(a). Confusion Matrix of SVM, 18(b). Confusion Matrix of SVM with PCA, 18(c). ROC
Curve of SVM and 18(d). ROC Curve of SVM with PCA.
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Figure 19(a) illustrates the Confusion Matrix of the oversampled SVM. Figure 19(b) illustrates

the Confusion Matrix of the oversampled SVM after PCA is applied on the dataset. Figure 19(c)
illustrates the ROC Curve of SVM while Figure 19(d) shows the ROC Curve of SVM with PCA,
both on the oversampled dataset.
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Fig 19(a). Confusion Matrix of Oversampled SVM, 19(b). Confusion Matrix of Oversampled

SVM with PCA, 19(c). ROC Curve of Oversampled SVM and 19(d). ROC Curve of

Oversampled SVM with PCA.
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6.2.3.3 Naive Bayes

Figure 20(a) illustrates the Confusion Matrix of the Naive Bayes model. Figure 20(b) illustrates

the Confusion Matrix of Naive Bayes after PCA is applied on the dataset. Figure 20(c) illustrates

the ROC Curve of Naive Bayes while Figure 20(d) shows the ROC Curve of Naive Bayes with

PCA.

100

Confusion Matrix: Naive Bayes

80

60

T
2
a2
v
2
c
+40
1 0 23
20
N ~
Predicted label
Lo
ROC Curve-Naive Bayes
104

0.8+

]
o

True Positive Rate or Sensitivity
o
a

0.2
ROC curve (area = 0.74)
/) --- Random Guess
0.0
0.0 0.2 0.4 0.6 0.8 10
False Positive Rate or (1-Specificity)
(©)

Fig 20(a). Confusion Matrix of NB, 20(b). Confusion Matrix of NB with PCA, 20(c). ROC

True label

True Positive Rate or Sensitivity

Confusion Matrix: Naive Bayes with PCA

175

150

125

r 100
r7s
14 9
50
° hY r25
Predicted label
ROC Curve-Naive Bayes with PCA
104
0.8 4
061
04
0.2
ROC curve (area = 0.66)
- --- Random Guess
0.0 +
0.0 0.2 0.4 0.6 0.8 10
False Positive Rate or (1-Specificity)

Curve of NB and 20(d). ROC Curve of NB with PCA.

45



Figure 21(a) illustrates the Confusion Matrix of the oversampled Naive Bayes. Figure 21(b)

illustrates the Confusion Matrix of the oversampled Naive Bayes after PCA is applied on the

dataset. Figure 21(c) illustrates the ROC Curve of Naive Bayes while Figure 21(d) shows the

ROC Curve of Naive Bayes with PCA, both on the oversampled dataset.
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Fig 21(a). Confusion Matrix of Oversampled NB, 21(b). Confusion Matrix of Oversampled NB
with PCA, 21(c). ROC Curve of Oversampled NB and 21(d). ROC Curve of Oversampled NB
with PCA.
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6.2.3.4 Decision Tree

Figure 22(a) illustrates the Confusion Matrix of Decision Tree. Figure 22(b) illustrates the

Confusion Matrix of Decision Tree after PCA is applied on the dataset. Figure 22(c) illustrates
the ROC Curve of Decision Tree while Figure 22(d) shows the ROC Curve of Decision Tree

with PCA.
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Figure 23(a) illustrates the Confusion Matrix of the oversampled Decision Tree. Figure 23(b)

illustrates the Confusion Matrix of the oversampled Decision Tree after PCA is applied on the

dataset. Figure 23(c) illustrates the ROC Curve of Decision Tree while Figure 23(d) shows the

ROC Curve of Decision Tree with PCA, both on the oversampled dataset.
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6.2.3.5 Decision Tree with AdaBoost

Figure 24(a) illustrates the Confusion Matrix of Decision Tree with AdaBoost. Figure 24(b)
illustrates the Confusion Matrix of Decision Tree with AdaBoost after PCA is applied on the
dataset. Figure 24(c) illustrates the ROC Curve of Decision Tree with AdaBoost while Figure
24(d) shows the ROC Curve of Decision Tree with AdaBoost with PCA.
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Figure 25(a) illustrates the Confusion Matrix of the oversampled Decision Tree with AdaBoost.

Figure 25(b) illustrates the Confusion Matrix of the oversampled Decision Tree with AdaBoost

after PCA is applied on the dataset. Figure 25(c) illustrates the ROC Curve of Decision Tree with
AdaBoost while Figure 25(d) shows the ROC Curve of AdaBoosted Decision Tree with PCA,

both on the oversampled dataset.
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6.2.3.6 Random Forest

Figure 26(a) illustrates the Confusion Matrix of Random Forest. Figure 26(b) illustrates the
Confusion Matrix of Random Forest after PCA is applied on the dataset. Figure 26(c) illustrates
the ROC Curve of Random Forest while Figure 26(d) shows the ROC Curve of Random Forest
with PCA.
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Figure 27(a) illustrates the Confusion Matrix of the oversampled Random Forest. Figure 27(b)

illustrates the Confusion Matrix of the oversampled Random Forest after PCA is applied on the

dataset. Figure 27(c) illustrates the ROC Curve of Random Forest while Figure 27(d) shows the

ROC Curve of Random Forest with PCA, both on the oversampled dataset.
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6.2.4 Summary of Cardiovascular Disease

In terms of accuracy, the best result is produced by Random Forest without PCA or
Oversampling, with a score of 0.92. Logistic Regression is close behind, with a score of 0.91.
However, Logistic Regression has a better recall and AUC score than Random Forest. Naive
Bayes though has a better AUC score than both the algorithms mentioned before. It also has a
recall score of 1, so even though the accuracy is low, Naive Bayes is considered to be the best

algorithm for the prediction of Cardiovascular Disease without PCA and oversampling.

When PCA is introduced, the accuracy of most of the algorithms remain same except Naive
Bayes. Naive Bayes’ accuracy increases to 0.88 from 0.54 but the recall and AUC score
decreases. It still gives the best performance in terms of accuracy and AUC score for

Cardiovascular Disease with only PCA.

When only oversampling is used, the best accuracy comes from SVM and Random Forest. Both
have poor AUC score of 0.61 and 0.56 respectively. Also their recall is extremely poor. Hence,
Naive Bayes is taken as the best algorithm when oversampling is used since it has an AUC score
of 0.73 and recall of 0.85.

When both PCA and oversampling is used, the best performing algorithm is Logistic Regression

with an accuracy of 0.83 and AUC score of 0.72.

Comparing all the results, the best combination to predict the risk of Cardiovascular disease is
Naive Bayes without PCA or Oversampling.

6.3 DiscussIiON

To predict the risk of Nephropathy, without PCA, Logistic Regression gives an accuracy of 0.79
and specificity of 0.83. However, the precision, recall and F1 score of this algorithm on the
dataset are not satisfactory. Conversely, SVM gives high values for accuracy, precision and
specificity, but the recall score falls to just 0.35. On the other hand, Naive Bayes classifier has an
accuracy score of only 0.79 and precision of 0.70, which is comparatively lower than the above
mentioned algorithms. Decision Tree was applied in two ways, with and without AdaBoost.
While all the performance parameters are above 0.70 and have same recall score, it was observed
that Decision Tree works better without AdaBoost. Lastly, Random Forest classifier was
implemented on the dataset where the precision and specificity are 0.94 and 0.98 respectively.
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While the accuracy is 0.89 which is same as Decision Tree, the recall score is only 0.63
compared to Decision Tree’s 0.81. Decision Tree also has the higher AUC score with 0.87
compared to 0.81 of Random Forest. If the performance parameters are considered, Decision
Tree has the highest values for accuracy, recall, F1 score and AUC score, while Random Forest
has the highest accuracy, precision and specificity.

After implementing PCA on the dataset, the performances of the algorithms change significantly.
The overall values for precision, recall, F1 score and AUC score drop for all the algorithms.
Logistic Regression gives an accuracy of 0.81 and AUC score of 0.73 which is the highest
between all the algorithms when PCA is applied. However, these results are lower than the
results found while implementing the algorithms without PCA. Nonetheless, the precision in
SVM becomes 1.00 after PCA is applied but the recall score drops to 0.04.

While predicting the risk of Cardiovascular disease, the same set of algorithms was used on the
dataset four times; (i) without PCA, (ii) with PCA, (iii) with Oversampling and (iv) with
Oversampling after applying PCA.

In the first case, the accuracy of all algorithms except Naive Bayes is within 0.89 — 0.92. The
precision of most of the experiments is poor with SVM’s precision being 0. For Random Forest,
the precision is 1 but the recall is only 0.22, which is not up to the mark. Similarly, in most
instances, the recall is not good, except for Naive Bayes where it is 1. In this case though,
precision is only 0.18. The AUC score is between 0.50 and 0.74 with Naive Bayes having the
highest score of 0.74.

After applying PCA, the results of the classification algorithms do not reach a satisfactory level.
While the accuracy is high in all the cases, with Naive Bayes’ accuracy increasing, the precision
and recall steps lower compared to the first case. In fact, the recall of Naive Bayes drops to 0.39
from 1. Moreover, the AUC scores of all algorithms drop, which proves applying just PCA is not
a solution to finding the risk of Cardiovascular disease.

The method of Oversampling was implemented on the dataset for the case of Cardiovascular
disease after failing to get acceptable results in the first two scenarios. First, only Oversampling
was applied on the dataset for the previous set of six algorithms. While there is a noteworthy
progress in the results of some algorithms like SVM, Decision Tree and AdaBoosted Decision

Tree, the performance of the other algorithms degraded. So when comparing to the previous
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results, it is observed that Oversampling does not improve the results enough. Thus, even though
the accuracy of some models is high, this approach is also not suitable.

In the fourth scenario, PCA was applied to the dataset initially. Oversampling was then executed
on the dataset obtained after PCA was applied. Comparing the results with the previous setup, it
is noted that the recall score for Logistic Regression improved. However, it is still poor with the
recall score being only 0.59.

It is evident after comparing both with and without PCA, for Nephropathy, the best algorithm is
Decision Tree without PCA and AdaBoost. It gives an accuracy of 0.89 and AUC score of 0.87.
The recall is also good with 0.81 which is the highest among all the algorithms. The precision
and F1 score is also substantial.

On the other hand, for Cardiovascular disease, Naive Bayes without Oversampling and PCA had
the best performance, with an AUC score of 0.74. Even though the accuracy, precision and F1
score were poor, the recall was 1. Which means that, all the patients who had risk of
Cardiovascular disease, were diagnosed successfully by the model. Hence, Naive Bayes without
Oversampling and PCA is the best model for prediction of Cardiovascular disease.

PCA was initially applied to remove redundant data and ameliorate the effects of the curse of
dimensionality. However, the results showed that, the performance of almost all the algorithms
in both cases dropped when PCA was used beforehand. This is was due to data leakage since
applying PCA leads to information loss. Therefore it can be inferred that, all the features and
their actual values are required for the model to perform well.

After comparing the results of both Nephropathy and Cardiovascular disease, it can be concluded
that the system predicts risk of Nephropathy far better than it predicts the risk of Cardiovascular
disease. This can be attributed to the fact that most of the feature variables are related to Kidney
complications and not Heart complications. Furthermore, the number of positive cases for
Cardiovascular disease was very low with only 9.64% of the patients having the disease,

compared to 24.9% for Nephropathy.
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7 CONCLUSION AND FUTURE WORKS

Diabetes can induce several complications like Nephropathy, Cardiovascular disease,
Retinopathy, Neuropathy and many other complex diseases. The paper explains how Machine
Learning can be adopted in clinical diagnostics to create systems that use patient-specific
information to predict the probability of Diabetes induced complications. This is done using
different Machine Learning algorithms under various circumstances. The results show that in
case of Nephropathy, the best result is given by Decision Tree without PCA. While for
Cardiovascular disease, Naive Bayes without Oversampling and PCA gave the best performance.
The AUC scores were 0.87 and 0.74 respectively. This shows that the system is better at
predicting Kidney complications (Nephropathy) than it is at predicting Heart complications
(Cardiovascular disease). This happened due to the dataset used had more variables related to

Nephropathy than Cardiovascular disease.

Additionally, though the dataset that was used had 164 features, there were only around 780
instances. Thus, due to lack of instances, the predictive models could not work properly in case
of prediction of risk of Cardiovascular diseases. Furthermore, there are just 75 patients having
Heart disease in the whole dataset, which makes the dataset quite unbalanced and biased.
Furthermore, while most features are related to Nephropathy, there were not enough variables
present in the dataset so that the model can detect the possibility of Heart disease. Even though
the dataset had 164 features, not all features directly impacted the prediction of the diseases.
Also, in some cases, the prediction depends on the inter-relationships of the variables, which are
not accurately considered in this model in order to minimize complexity to some extent. In actual
medical circumstances, all tests are not undertaken, hence values of a lot of variables would be
missing. Moreover, the data is of just 1 year which is not quite enough to make a good prediction
model as these complications usually develop in the 3" — 5" year of Diabetes.

As it can be seen that almost all the shortcomings of the system stems from the insufficiency of
relevant data, if enough hospitals adopt the system and store their data properly, system like this
one can be used more efficiently and effectively. In future, a predictive model like this one can
be used for prognosis, diagnosis and treatment planning of patients within clinical information

systems. The model can assist doctors in making automatic preliminary diagnosis of the
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complications so they can invest more time on the patients who have far greater chances of
developing complications. Furthermore, tools can be developed that will also help the patients

get an idea about their current state without needing to visit the doctor every time.

The motivation behind this project was to help the diabetic patients lead a better life.
Additionally, while there are a lot of research works done on this topic, there has been only a
limited number of real-life systems. Hence, with proper data and Machine Learning techniques,
it is possible to build an out-and-out application in the near future rather than restricting the idea

into research only.

With prevention or cure of Diabetes yet to be found, it is an alarming issue for people across the
world. It is estimated to rise to up to 629 million diabetic patients by 2045. Keeping the thoughts
of such a significant portion of the world population, it is vital to come up with systems that can
aid in providing a better lifestyle to these people. It is important to diagnose and monitor the
complications induced by Diabetes in the early stages since at times they are much more harmful
than the disease itself. If these complications can be predicted early, their effects can be
significantly reduced. This paper explores the field of Machine Learning as a means for the
prediction of Kidney and Heart complications which can ultimately result in a complete clinical

system helping both patients and doctors in the future.
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