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Abstract. Diabetes is an incurable, chronic disease indicated by hyperglycemia. It may lead to
severe complications and is consequently one of the top ten causes of mortality in recent years.
Fortunately, early detection can significantly aid in disease management. Based on their regular
medical checkup results, people can make a preliminary evaluation of their risk of having the
condition with the help of machine learning techniques. In this study, diabetes is predicted using
Extreme Gradient Boosting (XGB), Support Vector Machine (SVM), Random Forest (RF), Logistic
Regression (LR), Decision Tree (DT), and K-Nearest Neighbor Algorithm (KNN), ranked in
descending order of accuracy. XGB comes out on top with an accuracy of 87.29%. The
dimensionality reduction approach Principal Component Analysis (PCA) is conducted, resulting in a
maximum accuracy gain of 1.27%. The study's enhanced diabetes prediction models allow people
to more accurately gauge their risk of developing the condition. More potential patients would be
notified to get checked, enhancing the disease's early detection rate.
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1. Introduction

1.1. Background

Diabetes is a chronic, incurable condition characterized by hyperglycemia. As reported by the
Centers for Disease Control and Prevention (CDC), there are approximately 531 million diabetics
worldwide. Based on its rising mobility in recent years, this figure is anticipated to reach 642 million
by 2040, implying that one out of every 10 adults will suffer from this disease in the future. Diabetes
can induce a variety of serious complications, including diabetic ketoacidosis, and thus accounts for
one fatality every five seconds. To make the problem worse, not all symptoms appear in the early
stages, leaving patients unaware of their illnesses. As a result, 46.5% of people with diabetes are
undiagnosed.

All the data points to a worrying future for this illness. Fortunately, if proper medical treatment is
received on time, people can fully recover from pre-diabetes (i.e., the precursor stage of diabetes).
Machine learning, among other things, can assist people in making preliminary judgments and
predictions concerning diabetes mellitus based on the results of their regular health examinations.

1.2. Related Research

Numerous models have been employed to predict diabetes [1-5]. Zou et al. [2] constructed models
based on Decision Tree, Neural Network and Random Forest and tested them using the classic "Pima
Indians Diabetes™" dataset, which gave the highest accuracy of 80.84%. Pradhan et al. [3] applied
Artificial Neural Network for prediction, which gave an accuracy of 85.09%. El-Jerjawi and Abu-
Naser [4] used the same method and obtained an accuracy of 87.3%. Wu et al. [5] adopted eight
machine-learning models, which gave the highest accuracy of 79.49%. Some experts also tried out
some dimensionality reduction methods to improve the models. By combining K-means and PCA
techniques with the logistic regression model, Zhu, et al. [6] enhanced the accuracy of prediction by
1.98%. Duygu and Esin [7] applied Linear Discriminant Analysis (LDA) to decrease the
dimensionality and extract features before generating a model.
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1.3. Objection

This study constructs several models (LR, SVM, KNN, DT, RF, XGB) based on the CDC dataset
and evaluates each one’s capacity in diabetes prediction to determine the most suitable one. It also
aims to measure the efficacy of PCA in improving the quality of every model.

2. Methodology

2.1. Data

2.1.1 Source of Dataset

A dataset from Kaggle [8] is used for diabetes prediction. The data consists of 253,680 responses
to the Centers for Disease Control and Prevention (CDC)’s 2015 Behavioral Risk Factor Surveillance
System (BRFSS) Survey, with 21 out of 454 features (Chapter 3.1) selected for analysis based on the
literature on diabetes risk factors [9]. The dependent variable was a binary feature asking whether the
person has diabetes, with “1” representing "yes" and “0” representing "no".

2.1.2 Data Mining Toolbox

Anaconda is an open-source and free Python programming language toolbox. It includes more
than 250 commonly used packages for machine learning applications and data science. Applying
these packages, the proposed model can be built on the dataset.
2.1.3 Data Preparing

Firstly, missing values and duplicated data are eliminated.

non-Diabetic

Diabetic

Fig. 1 Percentage of two classes (Photo credit: Original)

As observed in Fig. 1, the dataset contains many more non-diabetics than diabetes patients. To
avoid biased prediction due to the normal class's dominance, the amounts of samples from each class
in the dataset are then equalized before modeling. This leaves 35097 samples in both classes.

Finally, all the variables are standardized to avoid biased results caused by discrepancies between
the initial ranges of variables. The scaled standardization is done by Formula (1):

_ value —mean (1D
" standard derivation

2.2. Models

2.2.1 Logistic Regression

Based on the book Applied Logistic Regression [10], logistic regression with multiple predictors
has the probability function p(X) of Formula (2):
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p(x) - 1 4 ePotPiXit.+BpXp (2)

With X; representing the p features and pg; representing the parameters. After the logit
transformation, we derived Formula (3), which is linear in its parameters:

X
g(x) = log <1f(—p()x>> )

= ﬁo + ,31X1+. e +Bpo
The maximum likelihood approach is used to compute estimators for all parameters to build the
best-fitted model. In other words, estimates like S, are chosen to maximize the likelihood function

(Formula (4)):
(obo )= [ ] v [] (0 -p) “

ity;i=1 iry;=1
A person will be classified as a diabetes patient if the estimated probability is greater than 0.5.

2.2.2 Support Vector Machine

Support Vector Machine is a supervised classification model of machine learning.

Data in the dataset are first represented as (X;, Y;), where X; is a p-dimensional feature vector
providing the details of the p features and Y; is a label that, depending on its value, indicates the
class that every point belongs to.

To separate the two classes, SVM wants to compute a “maximum-margin hyperplane” of
dimension (p — 1), which is defined in a way that maximizes the distance between it and the nearest
point from either class [11]. The hyperplane is in the form of Formula (5):

WTX+b=0 (%)

where W is the weight vector, X is the input feature vector, and b is the bias.
The nearest points are called the support vectors, and the two hyperplanes containing these points
are written as Formulas (6) and (7):

WixX+b=1 (6)

WTX +b=—1 7)

which are parallel to the hyperplane (5). ]

The distance between hyperplanes (6) and (7) is calculated to be i which is maximized to obtain
W. By substituting the W into hyperplane (4), the best hyperplane for the decision boundary is
achieved.

2.2.3 K-Nearest Neighbor

K-Nearest Neighbor is a non-parametric supervised machine learning method specifically for
classification [12].

The initial form of data is (X;, Y;) as well. An unlabeled point is classified by assigning the label
that appears most frequently among the k training samples nearest to it. The value of k is automatically
determined and varies for different models to achieve the best classification accuracy. By trial, k is
set to be 11 in this study.

2.2.4 Decision Tree

Another non-parametric supervised machine learning method is the decision tree [13].
It is a tree-like model in which each internal node represents a "test" on a characteristic (e.g.,
whether the individual has high blood pressure or not), each branch reflects the outcome, and each
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leaf node shows the class label, which in this research is the diabetes prediction outcome.
Classification rules are represented by the pathways from root to leaf.

A basic decision tree model for diabetes prediction employing three health markers is shown in
Fig. 2.

High Blood Pressure?

Yes No
BMI? BMI?
High Median Low High Median Low

Diabetes High Cholesterol? High Cholesterol? High Cholesterol? Normal Normal
Yes No Yes No Yes No

Diabetes Normal Diabetes Normal Diabetes Normal

Fig. 2 Sample decision tree (Photo credit: Original)

Pruning is frequently done to avoid over-fitting caused by particular circumstances. In this study,
the maximum depth of the tree is set at 12 to prevent the generation of non-significant branches.
2.2.5 Random Forest

Random Forest, which is based on decision trees and the bagging algorithm, was proposed by
Breiman in 2001 [14].

"Bagging" refers to the process through which RT builds B decision trees (f?(x)), each of which
"grows" depending on different training samples and features. Thus, every random tree will offer its
own classification outcome when predicting the object based on some features. Then, the final output
of RF will be the categorization that occurs most frequently among these results. For regression, the
result will be given by Formula (8):

B

A 1 A
fbagging(x) = E Z fb(x) (8)

b=1

2.2.6 Extreme Gradient Boosting

Extreme Gradient Boosting is a widely used scalable machine-learning algorithm for tree boosting
[15].
Gradient boosting is the technique of combining a variety of weak decision tree models to enhance

their collective accuracy. It sequentially trains a group of shallow trees f?(x)), with each iteration
using the error residuals from the previous model to fit the next model. The final result is the weighted
average of all of the predictions from the weak models (Formula (9)):

LS. ©
Fe) = Ez ey
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2.3. Dimensionality Reduction

Principal Components Analysis is a dimensionality reduction method that can be broken down into
four steps.

To begin, the covariance matrix is constructed in order to comprehend the correlations between
each pair of variables. Covariance and a sample 3x3 covariance matrix are calculated by Formulas
(10) and (11) respectively:

N

Cov(X. V) = z G —%) - (i =) (10)

N

i=1

Cov(X,X) Cov(X,Y) Cov(X,2)
Cov(Y,X) Cov(Y,Y) Cov(Y,Z) (11)
Cov(Z,X) Cov(Z)Y) Cov(Z Z)

Secondly, p pairs of eigenvalues and eigenvectors of the covariance matrix are computed using
Formula (12):

Where A; is the eigenvector and A4; is the corresponding eigenvalue.

Following that, we select g eigenvectors with the greatest matching eigenvalues to be the columns
of the feature vectors and calculate the final dataset using Formula (13). The principal components
are the columns of this dataset.

FinalDataSet = FeatureVector! x StandardizedOriginalDataSet” (13)
Finally, we plot prediction models using the final dataset.

2.4. Model Quality Measurement

The quality of a model is measured by four values, whose derivation formulas are given in Table
1.

Table 1. Quality Measurement

Measures Description Formulas
Accuracy(A) Percentage of correctly predicted instances (TP+TN)/Total
number of sample

Percentage of real patients in the diagnosed

Precision(P) people (Correctness) TP/(TP+FP)
Percentage of patients being successfully
Recall(R) diagnosed (sensitivity/Completeness) TPI(TP+FN)
F-Measure Percentage of patients being successfully (D
(F1) diagnosed (sensitivity/Completeness) 25 (P*R)I(P+R)

FP: false positive TP: True positive  FN: False negative

All four values are between 0 and 1, with a greater number indicating higher model quality.

3. Results

3.1. Data

Table 2 contains the detailed descriptions and data codes of all 21 features selected and the
outcome variable.
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Table 2. Details of Features

Features Description Type
Dblgbetes Do you have diabetes? 0: No, 1: Yes
inary
HighBP Do you have high blood pressure? 0: No, 1: Yes
EL%T Do you have high cholesterol? 0: No, 1: Yes
Chol Have you had your cholesterol ) .
Check checked in the last 5 years? 0: No, 1: Yes
BMI What is your Body Mass Index? Continuous
Smoker Hav<_e you smoke_d at least 100 0: No, 1: Yes
cigarettes until now?
Stroke Have you had a stroke? 0: No, 1: Yes
HeartDiseaseorAttack . Do you have a myocardial 0: No, 1: Yes
infarction or coronary heart disease?
Phys Have you done any physical . ,
Activity activity in the past 30 days? 0:No, 1: Yes
Eruits Do you consume fruit at least once 0: No, 1: Yes
a day?
Veggies Do you consume veggies at least 0: No, 1: Yes
once a day?
Hvy Do you have more than 14 drinks _ _
AlcoholConsump per week? (7 for women) 0:No, 1: Yes
AnyHealthcare Do you have health care coverage 0: No, 1: Yes
of any type (e.g., health insurance)?
NoDoc Have you needed to see a doctor in
the last 12 months but were unable to 0: No, 1: Yes
bcCost
do so due to cost?
: 1: excellent, 2: very good
f) H )
GenHlth Rate your health in general’ 3: good, 4: fair, 5: poor
How many days of poor mental
MentHIth health have you had in the past 30 Discrete
days?
How many days have you had a
PhysHIth physical illness or injury in the past Discrete
30 days?
DiffWalk Do you have serious difficulty 0: No, 1: Yes
walking or climbing stairs?
Sex What’s your biological sex? 0: Female, 1: Male
Age Which age category are you in? 1: 18-24, 9: 60-64, 13: 80
g (13 categories in total) or older, etc.
. Which education category are you . 1: Never attended school/
Education . : kindergarten, 2: elementary
in? (6 category in total)
school, etc.
_ . 1: less than $10,000, 5: less
f) H i)
Income Which income bracket are you in” than $35,000. 8: $75,000 or

(8 category in total)

more, etc.

Fig. 3 is a heat map showing the correlation between every pair of features and the outcome

variable.
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Fig. 3 Correlation of features (heat map) (Photo credit: Original)
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General health, blood pressure, and BMI are the three most important indications of diabetes,
according to their strong relationships with the disease.

3.2. PCA

Among the 21 features, several (e.g., healthcare coverage) show a correlation coefficient with
diabetes of less than 0.05. This may limit the accuracy of models since the error of the test usually
grows as the dimensionality of the model (i.e., the number of features or predictors) increases unless
the variables added in are actually related to the result [16]. Additionally, some feature pairings are
highly connected, with correlation coefficients greater than 0.5. Thus, principal component analysis

(PCA) is conducted.

Table 3. Cumulative explained variance ratio

No. of features

1

2

17

18

21

Explained variance ratio

17.24

25.36

90.86

93.47

100

Fig. 4 Cumulative explained variance (Photo credit: Original)
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Based on Fig. 4 and Table 3, the dimension is reduced to 17 while reserving more than 90% of the

original information.
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3.3. Results

After calculation, the result is presented in Table 4. The visualization is shown in Fig. 5.
Table 4. Results

Models A: train / test (%, 4sf) P (%, 2sf) R (%, 2sf) F1 (%, 2sf)
Before PCA
LR 85.24/84.23 86 85 85
SVM 86.91/ 86.52 88 87 87
KNN 82.63/80.32 83 80 80
DT 86.39/84.45 86 84 84
RF 87.18/86.13 88 86 86
XGB 88.53/87.29 88 87 87
| After PCA
LR 84.97 / 85.30** 86 85 85
SVM 86.91/86.51 88 87 87
KNN 82.62/80.31 83 80 80
DT 86.33 /84.88* 87 85 85
RF 87.09 / 86.33* 88 86 86
XGB 87.40/87.05 88 87 87

*: increase in accuracy after PCA;
**: largest increase in accuracy in PCA,;
Bold: highest value in the category

Accuracy of models hefore and after PCA
B Before PcA [ After PCA
90

a8 8728705
86.5286.51 a8.1286.33

# 86 8488
= 84.45
bl
Y
z

a2

80.3780.31
a0
LR SWM KMM DT RF XGB

Models
Fig. 5 Comparison of accuracy (Photo credit: Original)

As shown in Table 4 and Figure 5, XGB achieves the greatest accuracy (87.29%), precision (88%),
and sensitivity (87%) for both training and test samples, regardless of whether PCA is conducted.

In addition, it is observed that PCA reduces the accuracy of all the models in describing the training
data but increases the accuracy of prediction for LR, DT, and RF models. This method has little effect
on the accuracy of SVM and KNN models. It has the largest effect on LR model, which increases the
prediction accuracy by 1.27%.

4. Conclusion

This study aims to find the best model for diabetes prediction using the common health indicators
gathered from health checks and investigate the effectiveness of PCA in improving these models.
Based on the results, we can conclude that, with the dataset given, extreme gradient boosting is the
best method for diabetes prediction.
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It has also been shown that the effectiveness of PCA in enhancing model quality is quite limited.
The author suggests that the reason behind this is that the dimension of the dataset used (21) is
relatively low compared to the total number of samples (253,680). Thus, the test error produced by
non-associated and inter-correlated features is non-significant, limiting the potential of PCA.

4.1. Limitation Analysis

However, this study has several limitations.

Firstly, not all the major causes of diabetes are included. Statistics show that almost half of first-
degree relatives of diabetes mellitus type 2 patients may develop the same disease, whereas the
incidence rate in the general population is only 6%. Thus, heritable genetic correlation, among others,
should be an important reference in diabetes risk assessment [17]. However, no feature variable in
the dataset provides information regarding family history.

Secondly, the survey's participants are all American residents, preventing the samples in the
dataset from being globally representative. Since no study has proven that race and residential
environment have no effect on susceptibility to diabetes, the models built in this study may not reach
the same accuracy when applied to different regions and ethnic groups.

4.2. Future Exploration

In the future, the study may consider using other diverse datasets to evaluate the generality and
applicability of the models obtained. New models can also be developed and integrated with existing
ones to generate collectively strong models that can be extensively used.

Moreover, other feature selection and dimensionality reduction methods may be applied to this
dataset to further optimize the model quality. The effectiveness of PCA may be further assessed on
high-dimensional datasets instead.
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