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Prevalence of diabetes in Gulf countries is knowing a significant increase because of various
risk factors, such as: obesity, unhealthy diet, physical inactivity and smoking. The aim of
our proposed study is to use Data Mining and Data Analysis tools in order to determine
different risk factors of the development of Type 2 diabetes mellitus (T2DM) in Gulf
countries, from Gulf COAST dataset.

Keywords: Gulf COAST dataset, Data Mining, decision tree, principal component anal-
ysts, Type 2 Diabetes.
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1. Introduction

The World Health Organization (WHO) defines type 2 diabetes mellitus (T2DM) as a chronic disease
characterized by a high concentration of glucose in the blood (hyperglycemia) resulting from defects in
insulin secretion, insulin action, or both [1]. Unhealthy eating habits characterized by high consumption
of carbohydrates and free fats in addition to physical inactivity are the main risk factors of this type
of diabetes [2-4].

Type 2 diabetes mellitus that used to affect middle aged persons is now seeing a significant rise
among obese children [5]. Due to the fact that patients don’t necessary feel the signs of TD2M,
the disease can be unnoticed. A cross sectional study by Donaghue et al. in Iran [6], shows that
30750% cases of type 2 diabetic patients remain undiagnosed. Consequently, the risk of microvascular
complications (retinopathy, neuropathy and nephropathy) is increased [6, 7].

In the last decade the prevalence of T2DM has known an alarming increase in Gulf countries with
highest prevalence in Kingdom of Saudi Arabia 31.6%, Oman 29%, Kuwait 25.4%, Bahrain 25.0% and
United Arab Emirates 25.0% [2].

The application of data mining tools in health-care in general [8-11] and detection of diabetes risk
factors in particular simplifies the understanding of huge biomedical datasets [12]. In health-care data
mining can be used to better identify chronic diseases and extract risk factors [8,9|. Several studies
based on data mining tools have been carried out in order to extract information and interpret data to
predict diabetes [13-15]. Tabak L. et al. tested six classifiers in the prediction of diabetes by comparing
their performances in terms of sensitivity, specificity and total accuracy [13]. Mukesh et al. applied
a bayesian network in order to classify 226 persons in three classes: Not diabetic, Pre-diabetic or
Diabetic [14]|. Azrar A. et al. established a comparative study of different data mining algorithms
(Naive bays, KNN and Decision Tree) for early prediction of diabetes [15].

In this work a case-control epidemiological study is performed on a dataset of 4061 patients. The
population of this study is characterized by cardiac patients living in the four Gulf countries (UAE,
Oman, Kuwait, Bahrain) followed in their corresponding hospitals:

— A Principal Component Analysis is carried out on cleaned data.
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— The different risk factors of T2DM are detected and analysed by data mining technic: Decision
Tree.

2. Dataset

A case-control epidemiological study was performed on the “Gulf COAST” database. The dataset was
collected for the Gulf COAST registry, it was retrieved between the years 2012 and 2013 and was
obtained by surveys of patients admitted in this time period with Acute Coronary Syndrome (ACS).
A total of 29 hospitals were involved in the four gulf countries (UAE, Bahrain, Kuwait and Qatar).
The 4061 patients registered in the database, where signed consent was given to use their information
for this database.

An accidental sampling is considered since patients were chosen as long as they were checked in
their corresponding hospitals. The aim of our study is to predict risk factors of T2DM. Therefore,
3372 is the number of patients who fulfilled the following inclusion criteria:

— Non diabetic and T2DM patients.
— Patients with at least 90% of the input information.

2.1. Chosen variables

For our target patients, the following variables are studied:

— Sociodemographic: age, sex, socio-economic level, level of education and marital status.

— Clinical variables: weight, height and waist and body mass index (BMI).

— Biological variables: glycated hemoglobin (HbA1C), fasting blood glucose and lipid parameters.
— Hygiene and Dietary Measures (HDM) and physical activity.

— Hypertension: diastolic pressure, systolic pressure.

2.2. Characteristics of target population

The studied population is composed of 3372 patients living in Bahrain, Kuwait, Oman or UAE, from
which 1907 are type 2 diabetics, ranging from the age of 18 to 99 years old, with an average age
=60 4+ 12.41.
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. Bahrain (11.92%) . Current smoker (currently smoking or stopped smoking < 1 month) (24.41%)
B xuwait (32.88%) B Never smoker (60.44%)

B oman (3689%) [ past smoker (smoker stopped > 1 year ago) (13.14%)

7] vaE (833%) [ Recent smoker (stopped smoking > 1 month and < 1 year ago) (2.02%)

Fig. 1. Distribution of the population by countries. Fig. 2. Smoking habits in the studied population.

International Diabetes Federation, states in a review on sex differences in metabolic regulation and
diabetes, that diabetes is more frequent in men than in women [16] which is confirmed in our studied
population as diabetes is more common in men (66.4%) than in women (33.6%).

Distribution of our studied population by countries is illustrated in the following figure (see Fig. 1)
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It is noticed that the percentage of tobacco consumption in the studied population is 39.57% with
a huge gap between men and women (95.5% vs 4.5%). Men are more likely to have smoking history
than women (see Fig.2).

3. Data preprocessing

Data cleaning is used to identify erroneous, missing and inaccurate data. Data pre-processing steps
are mainly: filtering sparse data, checking content, handling missing values and grouping categories.
Observations with important missing values are characterized by sparse data providing insignificant
information in the analysis and modeling.

Our dataset, contains missing values in patient profiles. The table (see Table1) below gives an
overview that summarizes the initial state of the data:

Table 1. Initial data overview.

col index | mod count NAs | NAp
Country 1 4 0 0
Gender 2 2 0 0
Age 3 -1 0 0
Marital _Status 4 5 0 0
Work 5 3 0 0
Cardiac_ Arrest _ Admission 6 3 0 0
Non_ Cardiac_ Condition 7 2 0 0
Hypertension 8 2 0 0
Dyslipidemia 9 2 0 0
DM 10 2 0 0
Year DM _Diagnosed 11 -1 2051 | 50.89
DM _Duration 12 -1 1970 | 48.88
DM _Type 13 1 1867 | 46.33
DM _ Treatment 14 9 1868 | 46.35
Family History DM 15 8 1872 | 46.45
Smoking History 16 4 1 0.02
Waist 17 -1 87 2.16
BMI 18 -1 55 1.36
Admission_Blood Glucose Value SI Units 19 -1 242 6
Fasting Blood Glucose Value SI Units 20 -1 1276 | 31.66
HbA1C Admission Value 21 -1 1484 | 36.82
Lipid_24 Collected 22 2 2 0.05
Cholesterol Value SI Units 23 -1 329 8.16
Triglycerides Value SI Units 24 -1 369 9.16
LDL_Value SI Units 25 -1 830 20.6
HDL_Value SI Units 26 -1 802 19.9
Stress 27 2 2 0.05
Creatinine Clearance 28 -1 64 1.59
Education 29 6 0 0
Sleep Apnea 30 2 0 0
Heart Rate 31 -1 1 0.02
Systolic_ BP 32 -1 1 0.02
Diastolic_ BP 33 -1 1 0.02

The inclusion criteria is applied in our recorded data in order to have reliable results.

The following table (see Table 2) shows the state of the database after applying the inclusion criteria.

The existence of conflicting values is noticed from observations. Consequently, they are removed
from the analysis. The table (see Table 3) gives an idea of the observations with contradictory values.
After checking values of our variables, data normalization is needed in order to respect each variable’s
standards.

After the extraction of final sample, processing missing data is needed.
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Table 2. Database status after filtration.

col index | mod count | NAs | NAp
Country 1 4 0 0
Gender 2 2 0 0
Age 3 -1 0 0
Marital _Status 4 5 0 0
Work 5 3 0 0
Cardiac_ Arrest _ Admission 6 3 0 0
Non_ Cardiac_ Condition 7 2 0 0
Hypertension 8 2 0 0
Dyslipidemia 9 2 0 0
DM 10 2 0 0
Year DM _Diagnosed 11 44 154 4.57
DM _ Duration 12 42 85 2.52
DM _Type 13 2 0 0
DM _Treatment 14 10 0 0
Family History DM 15 8 1464 | 43.42
Smoking History 16 4 0 0
Waist 17 -1 34 1.01
BMI 18 -1 12 0.36
Admission _Blood _Glucose Value SI Units 19 -1 116 3.44
Fasting Blood Glucose Value SI Units 20 -1 862 | 25.56
HbA1C Admission Value 21 -1 973 | 28.86
Lipid_24 Collected 22 2 0 0
Cholesterol Value SI Units 23 -1 5 0.15
Triglycerides Value SI Units 24 -1 13 0.39
LDL_Value SI Units 25 -1 276 8.19
HDL _Value SI Units 26 -1 246 7.3
Stress 27 2 0 0
Creatinine Clearance 28 -1 21 0.62
Education 29 6 0 0
Sleep Apnea 30 2 0 0
Heart Rate 31 -1 0 0
Systolic_ BP 32 -1 0 0
Diastolic_ BP 33 -1 0 0
Table 3. Observations with conflicting values.

DM | Year DM _Diagnosed | DM _Type DM _ Treatment

No 2008.00 Type 2 Diet

No 1992.00 Type 2

No 2009.00 Type 2 Diet, Oral Hypoglycemic drugs

No 1997.00 Type 2 Insulin

No 2007.00 Type 2 Diet, Insulin

No 2002.00 Type 2 Diet, Oral Hypoglycemic drugs

No 1992.00 Type 2 Diet, Oral Hypoglycemic drugs, Insulin

No 2009.00 Type 2 Diet

No 2006.00 Type 2 Diet, Oral Hypoglycemic drugs

No 2012.00 Type 2 Oral Hypoglycemic drugs

No 2007.00 Type 2 Oral Hypoglycemic drugs, Insulin

No 2002.00 Type 2 Oral Hypoglycemic drugs

No 2002.00 Type 2 Oral Hypoglycemic drugs

No 2007.00 Type 2 Oral Hypoglycemic drugs

No 2000.00 Type 2 Oral Hypoglycemic drugs

No 1992.00 Type 2 Diet, Oral Hypoglycemic drugs

Handling missing data remains a statistical issue and requires special approaches [17]. However,
ignoring them can lead to significant bias in addition to a loss of precision in the analysis model.
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From our observation, the distribution of missing data in our database is arbitrary, accordingly,
K-Nearest-Neighbor (K-NN) algorithm is used as an imputation tool since it is considered as one of
the appropriate algorithms for the nature of our data [18,19].

In order to improve the quality of representation for variables with multi-value modalities a trans-
formation into indicator variables is achieved. Finally, categorical variables encoding is needed for the
preparation of our data for a Principal Component Analysis (PCA); each modality of a given variable
takes a unique and very specific numerical value.

4. Data analysis and data mining

4.1. Principal Component Analysis

Principal Component Analysis (PCA) is a multidimensional method of data analysis that allows the
comparison of relationships between observed variables on a large number of individuals. PCA sum-
marizes the information by replacing the original variables by their linear combinations. For a better
understanding of our large dataset PCA is carried out on cleaned data providing an understandable
illustration of relationships between variables, between individuals and an individual-variable analysis.
A reduced centered PCA is used since our variables are on different scales. The correlation matrix is
given in table (see Table4).

Table 4. Correlation matrix.

DM Y _diagnosis | Duration | Type Admission_G | Fasting_ G | HbA1C | Cholest | LDL HDL | Systolic | Diastolic | HT BMI
DM 1
Y _diagnosis | 0.933 1
Duration 0.618 0.622 1
Type 1.000 0.933 0.618 1
Admission_G | 0.518 0.468 0.335 0.518 1
Fasting_ G 0.516 0.488 0.370 0.516 0.544 1
HbA1C 0.650 0.594 0.404 0.650 0.613 0.555 1
Cholest —0.128 | —0.067 —0.044 —0.128 | 0.062 0.028 0.011 1
LDL —0.189 | —0.124 —0.087 —0.189 | —0.004 —0.035 —0.055 | 0.852 1
HDL —0.036 | —0.041 —0.051 —0.036 | 0.018 —0.010 —0.037 | 0.182 0.043 1
Systolic 0.041 0.029 0.012 0.041 0.026 0.005 0.012 0.079 0.048 0.052 | 1
Diastolic —0.031 | —0.003 —0.028 —0.031 | 0.007 —0.033 —0.012 | 0.157 0.137 0.011 | 0.711 1
HT 0.327 0.281 0.184 0.327 0.118 0.150 0.169 —0.130 | —0.174 | 0.047 | 0.200 0.075 1
BMI 0.115 0.071 0.048 0.115 .086 0.085 0.107 0.017 —0.031 | 0.028 | 0.061 0.056 0.122 | 1

Actually, when the correlations are high (> 0.8), one of the variables is

Variables factor map (PCA)

Dim 2 (14.42%)

removed from the analysis.

Dim 2 (14.42%)
2
|

Cluster 1

Dim 1 (49.30%)

Fig. 3. Projection of 13 variables on first plane. Fig. 4. Projection of individuals on first plan.

As shown in figure (see Fig. 3), the PCA gives a clear illustration of our variables grouped according
to axis into three groups.
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The first group is composed by the following variables:

DM : diabetes mellitus
Admission_blood Glucose : rate of blood glucose on admission
Hbalc : rate of hbalc test

DM duration : duration of diabetes

Family history : family history of diabetes

Fasting blood glucose : rate of fasting blood glucose

Year DM diagnosed . year when diabetes was diagnosed

The second group includes the variables:

DM treatment : diabetes being treated
Family history unknown : absence of family history

The third group involves the following variables :

Cholesterol — value : rate of cholesterol in the blood

LDL wvalue : rate of LDL
Diastolic : diastolic blood pressure
Systolic : systolic blood pressure

Figure (see Fig.4), shows that the studied population is divided into three groups (clusters), the
first cluster marked by black dots represent non diabetic patients, the second cluster noted by red dots
corresponds to first stage diabetics or pre-diabetic patients while the third cluster marked in green
represents diabetic patients.

4.2. Data mining: Decision Tree

A comparative study by Abdar et al., of KNN, SVM, C5.0, Logistic Regression and Neural Network
algorithm applied on a biomedical dataset, shows that Decision Tree gives the best results in term of
specificity, sensitivity, precision and accuracy [20].

Our cleaned dataset contain both discrete and ordinal attributes. In consequence, the prediction
is applied using Cart algorithm with output variable “DM” labeled with two classes: “No” refereeing
to non diabetics and “YES” refereeing to diabetics [21].

A meta-analysis published in the Journal of
the American College of Cardiology (JACC) in
2015 considered data of more than 4 million A
adults to find evidence of link between hyper- / \
tension and diabetes. It concluded that peo- prsipidersa

ple with high blood pressure have a higher risk "y j/ o I/V\

of developing type 2 diabetes [22]. Figure (see

Fig.5) confirms that: The major risk factors are o Mo T \3\ -
hypertension and dyslipidemia followed by less 7R A
important ones as: high rate of triglyceride, ad- o " = :
vanced age and low rate of cholesterol-LDL. In * R >:3::tw,/4
fact, a patient with hypertension and dyslipi- .

demia has a high risk of developing diabetes. s 2

Also, an hypertensive middle aged person may

; o ’ Fig. 5. Decision tree: Cart algorithm.
develop diabetes if its rate of cholesterol-LDL is
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less than 3.07. However, a patient has reduced chances of developing diabetes if he doesn’t have any
associated problems with hypertension or dyslipidemia.

5. Conclusion

The objective of our proposed work is to determine the main risk factors of Type 2 Diabetes Mellitus
(T2DM) in Gulf countries, from “Gulf COAST” dataset, by using Data mining (Decision Tree) and
Data analysis (Principal Component Analysis) tools. In order to have a representative and cleaned
sample, time and effort were spent in data preparation by: transforming the data and cleaning up
types and values of our variables, treating anomalies and replacing missing values.

A Principal Component Analysis was carried out in order to analyze our variables and class our
individuals (patients). It allowed to divide our population into three distinctive groups namely: non
diabetic persons, pre-diabetics and type 2 diabetic persons.

Our results show pragmatically how to avoid T2DM. Decision Tree algorithm predicted the major
risk factors of T2DM. Therefore, acting on permanent controls, dietary habits and physical activity
can help avoiding the progression towards T2DM.
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Bukopucranisa metoay AobyBaHHSA AaHUX A5 NPOrHO3YyBaHHS
cpakTOpiB pN3NKy LYKpPOBOro Aiabety gpyroro Tuny B KpaiHax
lNepcbkoi 3aTOKN

Byrae6 B.', Bagayi M.2, Anp Ani X.3, Byrae6 A.', Jlammini M.

L Vinieepcumem Moxammeda Ilepuozo, Paxysvmem nayk, Yoocda, Maporko
2 Vnisepcumem Mozammeda Iepuioeo, Buwa wkonra mexnono2it, Yoocda, Mapoxxo
3 Emipamevrut asiayitinut ynieepcumem, Jybati, O6’ednani Apabeori Emipamu

Ilomwupenicts giabery B Kpainax IlepchbKol 3aToKH 3HAYHO 3pOCTa€ depe3 pizHi dakTopu
pUBUKY, TaKi siK: OYKUPIHHS, HE3/I0POBe XapuyBaHHs, Bi3udHa Oe3iaIbHICTh Ta KyDPIiHHSI.
Meroro 1poro HoCiIKeHHST € BAKOPUCTAHHS 3aC00iB 100y BaHHS JAHUX Ta IHTEJIEKTYaJIbHO-
ro aHAJI3y JAHUX JIJIsi BUSHAYEHHs PI3HUX (PAKTOPIB PU3UKY PO3BUTKY ILyKPOBOTO ITiabeTy
npyroro tumy (ILJ12) y xpainax Ilepcbkol 3aroku Ha ocHoBi 6a3u nanux Gulf COAST.

Kntouosi cnosa: 6asa danuxr Gulf COAST, dobysannsa danux, depeso npulinammasa pi-
WEHD, GHAALZ OCHOBHUL KOMNOHEHMIE, diabem 2-20 muny.
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