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ABSTRACT

Cardiovascular diseases are chronic diseases that
cause serious morbidity and mortality worldwide.
Unfortunately, the patients with type 2 diabetes mel-
litus and hypertension have a high risk of having a
cardiovascular complication. For these reasons, pa-
tients with type 2 diabetes mellitus and hypertension
should be aware of cardiovascular complication along
their healthcare journey. To prevent cardiovascular
complication from diabetes and hypertension, accu-
rate risk prediction is required for a long term self-
management process. Consequently, this paper pro-
poses a fuzzy logic based method for predicting car-
diovascular risk particularly for a patient with type
2 diabetes mellitus and hypertension. This paper
also proposes a set of factors based on the patient’s
lifestyle as the key factors besides clinical factors be-
cause of their implicit impact on the quality of life
of the patient. The proposed model thus employs
15 predictors for both clinical and lifestyle risk fac-
tors. Additionally, the proposed model is constructed
based on the scientific data and implicit knowledge of
the experts. The experiment with 121 patients shows
that the proposed prediction model provides 96.69%
accuracy compared to those decided by the experts.

Keywords: Cardiovascular, Fuzzy Logic, Patient
with Type 2 Diabetes Mellitus and Hypertension,
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1. INTRODUCTION

Chronic diseases (CDs), which are known as Non-
communicable diseases (NCDs), are one of the se-
rious health problems worldwide. They are a ma-
jor cause of morbidity and mortality. There are in-
creasing numbers of CD patients worldwide. In 2017,
the World Health Organization (WHO) reported that
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71% of all deaths each year were the responsibility of
CDs [1], [2]. Additionally, 41 million people die each
year because of CDs [1]. Consequently, CDs have be-
come a leading cause that affects healthcare costs be-
cause these diseases generally have a slow progression
and require lifelong treatment duration.

Cardiovascular diseases (CVDs) are the top disease
causing deaths among all CDs. More people die from
CVDs than from other CDs every year. Most people
with CVD deaths take place at an age of less than
70 years old in the middle and lower income coun-
tries [3]. Moreover, the WHO has reported that 17.9
million people died from CVDs in 2016 [3] and the
numbers of dead CVD people are expected to reach
23.6 million by 2030 [4]. Therefore, CVDs are a ma-
jor public health problem faced all over the world
because they have a great effect on society and the
nation’s economy.

Diabetes mellitus, one of the main types of CDs,
killed 1.6 million people in 2016 [5] and the number of
patients with diabetes mellitus has been rising from
108 million people in 1980 to 422 million people in
2014 [5], [6]. Nowadays, the type 2 diabetes mellitus
is the most frequent of the three main types including
type 1 diabetes mellitus, type 2 diabetes mellitus, and
gestational diabetes mellitus [5]. Patients who have
type 2 diabetes mellitus have a higher chance of get-
ting high blood pressure than those without diabetes
mellitus. They also have more chances to get serious
complications including cardiovascular, kidney fail-
ure, blindness, and lower limb amputation. In addi-
tion, the major mortality cause of patients with dia-
betes mellitus is cardiovascular complication [7]. Fur-
thermore, hypertension will be able to push patients
with type 2 diabetes mellitus to have cardiovascular
complication faster [7], [8]. Consequently, patients
with type 2 diabetes mellitus and hypertension have
an extremely higher risk of having a cardiovascular
complication.

The above evidence indicates that the prevention
from cardiovascular complication is important and
immediately required for the patients with type 2 dia-
betes mellitus and hypertension, but it is challenging
to do so because there are many factors involved for
conducting long term treatment. For these reasons,
this paper thus mainly focuses on preventing the pa-
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tient with type 2 diabetes mellitus and hypertension
from having any cardiovascular complication.

The paper is organized as follows. Section 2 de-
scribes the literature reviews. Section 3 proposes the
research methodology. Section 4 shows the exper-
imental results. Section 5 presents the discussion.
Section 6 is the conclusion of this paper.

2. LITERATURE REVIEWS

Type 2 diabetes mellitus and hypertension are
chronic diseases that can only be treated, not cured.
Therefore, the patients must receive proper treatment
and follow up during their life. The healthcare pro-
fessional may need to adjust the treatment period-
ically to suit the condition of the patients in each
period. This is because of the high blood sugar and
high blood pressure levels can lead to the serious cir-
cumstance of arteriosclerosis and eventually leads to
clogging of blood vessels. Accordingly, patients who
have both type 2 diabetes mellitus and hypertension
can have a greater chance of having the CVDs prob-
lem than patients who have only type 2 diabetes mel-
litus or hypertension alone. Based on many studies,
patients who have both type 2 diabetes mellitus and
hypertension always have one type of increased risk
to have CVDs [9] and they get a high risk of mortality
from CVDs [7], [8], [10], as well. Consequently, these
patients should be aware of and prevent themselves
from getting CVDs. Nowadays, prevention from vari-
ous diseases have been managed widely to reduce dra-
matically morbidity and mortality. One of the most
innovative and interesting management approaches is
to employ risk prediction.

The risk prediction has normally been proposed
for preventing people from getting many diseases in-
cluding CVDs. These research works mainly focus
on primary prevention that depends on the early de-
tection of the diseases [11-24]. Those works provide
benefits for people to prepare themselves from being
exposed to CVDs. However, there are not enough re-
search works that currently focus on preventing the
patient from having complications from cardiovas-
cular problems when suffering from type 2 diabetes
mellitus and hypertension [25-31], tragically result-
ing in an increasing number of patient deaths world-
wide. Moreover, the existing CVDs prevention re-
search works used scientific data which is mainly more
clinical data than lifestyle data for prediction. Based
on the fact that the lifestyle can explicitly affect the
patient condition causing the changing of clinical data
and impacting patients’ life quality, the lifestyle fac-
tors are also used for constructing a risk prediction
model in this paper in addition to the clinical data.
Because the lifestyle of each patient is different ac-
cording to the patients’ different context, this paper
also employs implicit knowledge from experts includ-
ing doctors, nurses, and nutritionists to construct a
risk prediction model to deal with the specific condi-

tion for the patients’ particular contexts. Moreover,
several methods have been developed previously for
the prevention of CVDs risk events over a specified
time period and area. Nevertheless, most of these
methods have been using datasets that are not able
to deal with the dynamic behavior of the patient and
allowed more opinions or natural representations of
implicit knowledge from experts to be considered for
practical medical application.

Fuzzy logic is well known in dealing with uncer-
tain data which represents uncertainty to generate
decisions, dynamic behavior, and opinions or natural
representation of knowledge from experts [32], [33].
Furthermore, the fuzzy logic is generally used in vari-
ous areas such as e-commerce [34], life insurance [35],
control systems [36], and healthcare [31-33], [37-40],
etc. For the healthcare area, fuzzy logic is used for all
processes including risk prediction and diagnosis. As
fuzzy logic is applied widely for disease risk prediction
[31], [37], [39], [40], this paper adopted its advantage
to deal with uncertain CVDs data. Finally, the fuzzy
logic can thus represent CVDs predicted knowledge
by using the available data and experts’ opinions in
uncertainty terms [41]. The detail of the proposed
risk prediction model is described in the next section.
For these reasons, the contribution of this paper will
not only be useful for applying to other disease com-
plications, but the constructed risk prediction model
can be applied to other different patients’ contexts
e.g. workforce or activities of daily living (ADLs)
that affect to the mobility of the patients.

3. RESEARCH METHODOLOGY

In this paper, the fuzzy-based risk prediction
model is proposed for preventing patients with type
2 diabetes mellitus and hypertension from having
a cardiovascular complication. The clinical factors,
lifestyle factors, and cardiovascular complications risk
levels are used for modeling the scientific data and im-
plicit knowledge of the experts. The methodology of
the proposed risk prediction model is shown in Fig. 1.
It can be seen that the methodology consists of three
main processes which are data gathering, model con-
struction, and model validation.

3.1 Data Gathering

From Fig. 1, the data used for modeling includes
clinical data, lifestyle data, and cardiovascular com-
plication’s risk levels. The data comes mainly from
the WHO [15] and Framingham [11] sources, where
the standard of CVDs is referred. Besides that, this
list of the data was approved by the invited medical
experts (four doctors, five nurses, and two nutrition-
ists). The clinical data includes Sex, Age, Body Mass
Index (BMI), Total Cholesterol (TC), High Density
Lipoprotein (HDL) Cholesterol, Systolic Blood Pres-
sure (SBP), Diastolic Blood Pressure (DBP), Low
Density Lipoprotein (LDL) Cholesterol, Hemoglobin
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Fig.1: Methodology of Proposed Risk Prediction
Model.

A1c (HbA1c), Fasting Plasma Glucose (FPG), and
Diabetes. At the same time, lifestyle data includes
Smoking behavior, Medical compliance, Calories bal-
ance, and Physical activity. All fifteen factors are
classified into different classes of cardiovascular com-
plication’s risk levels according to the scientific data
and implicit knowledge from experts. In addition,
categorization of cardiovascular complication from
Framingham [11] is used for determining the level of
risk in a cardiovascular complication which can be
classified into four categories: very low, low, moder-
ate, and high.

3.2 Model Construction

To obtain an accurate risk prediction model for the
prevention of cardiovascular complication, the pro-
posed method was able to deal with dynamic behav-
ior from the patients and implicit knowledge from
experts, both of which were required. This process
constructs the model based on the scientific data and
implicit knowledge from the experts by using fuzzy
logic. The fuzzy logic is organized into four main
steps which are fuzzification, fuzzy rule evaluation,
aggregation, and defuzzification as shown in Fig. 2.

First, the fifteen selected factors are used as input
variables for model construction. The level of risk
in cardiovascular complication is used as an output
variable for this construction process. These fifteen
factors are factors related to cardiovascular compli-
cation’s risk levels for patients who have both type 2
diabetes mellitus and hypertension, all of which are
defined in the data gathering process.

Second, the Fuzzification step transfers these

input variables and the output variable with crisp val-
ues to fuzzy sets using linguistic variables, linguistic
values, and membership functions. This step is used
to design crisp input values together with fuzzifying
all values. The sixteen variables, including fifteen in-
put variables and one output variable, are used to de-
sign fuzzy sets and membership functions. The fuzzy
sets with their range values of fifteen factors as input
variables are given in Table 1.

Fig.2: Steps of Model Construction Process based
on Fuzzy Logic Conception.

The fuzzy sets with their range values of each risk
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Table 1: Fuzzy Sets of Factors.
No. Variables Range values Fuzzy sets
1 Sex 0.5 Male

1 Female
2 Age 30-34 Range1

(Male) 35-39 Range2
40 - 44 Range3
45 - 49 Range4
50 - 54 Range5
55 - 59 Range6
60 - 64 Range7
65 - 69 Range8
70 - 74 Range9
≥ 75 Range10

Age 30 - 34 Range1
(Female) 35 - 39 Range2

40 - 44 Range3
45 - 49 Range4
50 - 54 Range5
55 - 59 Range6
60 - 74 Range7
≥ 75 Range8

3 BMI < 18.5 Underweight
(Male and 18.5 - 24.9 Healthy
Female) 25.0 - 29.9 Overweight

> 29.9 Obese
4 TC < 160 Protected*

(Male and 160 - 199 Normal
Female) 200 - 239 High

240 - 279 Very High
≥ 280 Extremely

High
5 HDL ≥ 60 Protected

Cholesterol 45 - 59 Normal
(Male and 35 - 44 Very High
Female) < 35 Extremely

High
6-7 SBP / ≤ 129 and ≤ 84 Normal

DBP ≤ 139 and ≤ 89 High
(Male) ≤ 159 and ≤ 99 Very High

≤ 200 and ≤ 150 Extremely
High

SBP / ≤ 120 and ≤ 80 Protected
DBP ≤ 139 and ≤ 89 Normal
(Female) ≤ 159 and ≤ 99 Very High

≤ 200 and ≤ 150 Extremely
High

8 LDL ≤ 100 Protected
Cholesterol 101 - 140 High
(Male and > 140 Very High
Female)

9 HbA1c ≤ 6.5 Protected
(Male and 6.6 - 7.0 Normal
Female) > 7.0 High

No. Variables Range values Fuzzy sets
10 FPG ≤ 60 Very Low

(Male and 61 - 80 Low
Female) 81 - 130 Protected

131 - 140 High
> 140 Very High

11 Diabetes 0.3 Normal
(Male) 0.6 Very High

Diabetes 0.3 Normal
(Female) 1 Extremely

High
12 Smoking 0.5 Normal

(Male and 1 Very High
Female)

13 Medical 0.5 Regular
compliance 1 Irregular
(Male and
Female)

14 Calories 0.3 Under
balance 0.6 Normal
(Male and 1 Over
Female)

15 Physical 120 - 150 Protected
activity 20 - 119 Low
(Male and 0 - 19 Sedentary
Female)

* “Protected” = in medical field means “very healthy”

level in cardiovascular complication used as output
variables are shown in Table 2.

Table 2: Fuzzy Sets of Cardiovascular Complica-
tion’s Risk levels.
No. Variables Range values Fuzzy sets
1 Male and < 10 Very Low

Female 11 - 14 Low
15 - 20 Moderate
21 - 100 High

The membership functions of all input and output
variables are defined by the membership of objects in
the fuzzy set. The trapezoidal membership functions
are presented by the following equation.

µA(x) =


0 x ≤ a
(x− a)/(b− a) a < x < b
1 b ≤ x ≤ c
(d− x)/(d− c) c < x < d
0 x ≥ d

(1)

where; A is the fuzzy set
x is a member of fuzzy set A
µA is the membership function of a fuzzy

set A
a, b, c and d are the parameters
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The example of trapezoidal membership functions
for HDL cholesterol is presented in Fig. 3. From
Table 1, the HDL cholesterol consists of four fuzzy
sets including Protected, Normal, Very High, and Ex-
tremely High, respectively with their range values.

Fig.3: Trapezoidal Membership Function of “HDL
cholesterol”.

The trapezoidal membership function in (1) for the
HDL cholesterol is as follows:

µProtected(HDL)=


0 HDL ≤ 59
(HDL− 59)/ 59<HDL<60
(60− 59)
1 60≤HDL≤100

µNormal(HDL)=



0 HDL≤44
(HDL− 44)/ 44<HDL<45
(45− 44)
1 45≤HDL≤59
(60−HDL)/ 59<HDL<60
(60− 59)
0 HDL≥60

µV eryHigh(HDL)=



0 HDL≤34
(HDL−34)/ 34<HDL<35
(35− 34)
1 35≤HDL≤44
(45−HDL)/ 44<HDL<45
(45− 44)
0 HDL>45

µExtremelyHigh(HDL)=


1 0≤HDL≤34
(35−HDL)/ 34<HDL<35
(35−34)
0 HDL≥35

where; Protected, Normal, Very High, and
Extremely High are the fuzzy set
HDL is cholesterol values
µProtected, µNormal, µV eryHigh, and
µExtremelyHigh are the membership
functions of the fuzzy set

Therefore, the fuzzy sets and the membership func-
tions are designed completely to a degree of mem-
bership of each input and output variables that are
produced.

Third, Fuzzy rule evaluation step is operated
by a fuzzy inference process, which is designed based
on a set of formulated rules for getting the quality
of antecedent and consequent conditions. The val-
ues of the degree of membership for all input and
output variables are assessed in the fuzzy rules. It
will translate the existing knowledge into the model.
These fuzzy rules are produced from fuzzy sets and
membership functions based on scientific data and
implicit knowledge from the experts for getting the
desired quality of the result. Therefore, the fuzzy
algorithm has utilized the rules for analyzing factors
that cause the patients who have type 2 diabetes mel-
litus and hypertension from getting different levels of
risk in cardiovascular complication. The examples
of fuzzy rules followed by medical convention will be
mentioned in the experimental results section.

After that, the Aggregation step integrates eval-
uated fuzzy rule-related sets according to fuzzy input
values. The results of the aggregation are the mem-
bership functions of the fuzzy rule that relate to a
level of risk in cardiovascular complication. The fuzzy
rules aggregation is calculated using the union oper-
ation as shown in the following equation:

us(R) = max{u1(R), u2(R), . . . , un(R)} (2)

where; n is the total number of evaluated fuzzy
rule-related sets

us is the fuzzy state for R
R is the risk level of cardiovascular

complication

Finally, the Defuzzification step converts the
result of rules aggregation from the fuzzy output
value into a crisp output value form which can be used
practically. The output value represents the risk level
in cardiovascular complication. This process uses the
mean-max-membership defuzzification, which is also
called the mean of maximum (mom), in order to set
the area of membership functions within the range
value of the output variable. The mom defuzzifica-
tion can be calculated using the following equation:

mom =
∑n

i=1

momi

n
(3)

where; n is the number of times the output
distribution reaches the maximum
level

mom is the mean of maximum
momi is the point at which the

membership function is maximum
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The result of mom defuzzification is constructed to
follow the fuzzy sets of cardiovascular complication’s
risk levels that include very low, low, moderate, and
high as shown in Table 3.

Table 3: Description of MOM Defuzzification Re-
sult.

No. Results Description

1 4.5
This patient has very low-risk level
to get cardiovascular complication

2 12.0
This patient has low-risk level to
get cardiovascular complication

3 17.5
This patient has moderate-risk level
to get cardiovascular complication

4 60.5
This patient has high-risk level to
get cardiovascular complication

Hence, the example of a trapezoidal membership
function of a high-risk level is calculated by the mom
defuzzification equation (3).

Fig.4: Trapezoidal Membership Function of “High-
Risk Level of Cardiovascular Complication”.

From Fig. 4, the example of the value range for
the high-risk level is between more than 20 and 100
as shown in Table 2. Therefore, the mom defuzzifica-
tion between more than 20 and 100 is 60.5, which is
(21+100)/2 which is regarded as a high-risk level.

3.3 Model Validation

The result of this process shows the accuracy be-
tween the model construction and the ground truth
from experts’ decision. The risk prediction model is
validated on the data from the patients who have type
2 diabetes mellitus and hypertension in Chiang Rai,
which is the northernmost province of Thailand. In
this study, the one hundred twenty-one patients con-
sisted of fifty-three males and sixty-eight females aged
between thirty-five to sixty-three years old. They are
mostly contractors, merchants, and farmers. Then,
the medical diagnostic made by the eleven experts,
who are doctors, nurses, and nutritionists, is com-
pared with those made by the constructed model for
analyzing the proposed model performance.

4. EXPERIMENTAL RESULTS

4.1 Constructed Rules

The sixty-five fuzzy rules are constructed for eval-
uating the patients who have type 2 diabetes mellitus
and hypertension for identifying a level of risk in car-
diovascular complication. The four examples of fuzzy
rules elicited from the medical convention are shown
in Table 4.

Table 4: Examples of Fuzzy Rules of Cardiovascular
Complication’s Risk Levels.

Rule Description

1

If (Sex is Male) and (Age is Range 1) and
(BMI is Healthy) and (TC is Protected) and
(HDL is Protected) and (SBP is High) and
(DBP is High) and (LDL is Protected) and
(HbA1c is Protected) and (FPG is Very Low)
and (Diabetes is Very High) and
(Smoking is Normal) and
(Medical compliance is Regular) and
(Calories balance is Normal) and
(Physical activity is Protected)
then (Risk level is Very Low)

2

If (Sex is Female) and (Age is Range 2) and
(BMI is Healthy) and (TC is Normal) and
(HDL is Normal) and (SBP is Very High)
and (DBP is Very High) and
(LDL is Protected) and (HbA1c is Normal)
and (FPG is Low) and
(Diabetes is Extremely High) and
(Smoking is Normal) and
(Medical compliance is Regular) and
(Calories balance is Normal) and
(Physical activity is Low)
then (Risk level is Low)

3

If (Sex is Female) and (Age is Range 4) and
(BMI is Overweight) and (TC is High) and
(HDL is Very High) and (SBP is Very High)
and (DBP is Very High) and (LDL is High)
and (HbA1c is High) and (FPG is High) and
(Diabetes is Extremely High) and
(Smoking is Normal) and
(Medical compliance is Regular) and
(Calories balance is Over) and
(Physical activity is Sedentary)
then (Risk level is Moderate)

4

If (Sex is Male) and (Age is Range 7) and
(BMI is Obese) and
(TC is Extremely High) and
(HDL is Extremely High) and
(SBP is Extremely High) and
(DBP is Extremely High) and
(LDL is Very High) and (HbA1c is High)
and (FPG is Very High) and
(Diabetes is Very High) and
(Smoking is Very High) and
(Medical compliance is Regular) and
(Calories balance is Over) and
(Physical activity is Sedentary)
then (Risk level is High)

4.2 Model Validation Results

Simulation Testing: The one hundred twenty-
one patients’ data, defined by fifteen input factors,
was used for testing the proposed risk prediction
model. The accuracy results of the evaluation show
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that the proposed model can achieve a correct predic-
tion 94.21% of the time, and an incorrect prediction
5.79% of the time, when compared with the ground
truth. The results are shown in Table 5.

Expert Consideration Testing: The decisions
made by the proposed model were compared with
those made by eleven experts. There were one hun-
dred twenty-one patients invited for testing. The re-
sults show that the constructed risk prediction model
provides 96.69% accuracy for a sample of one hun-
dred seventeen patients when being compared to the
decisions made by the experts. Table 5 presents the
accuracy results from both simulation testing and ex-
perts for evaluating the model.

Table 5: Accuracy Result of Both Testing Scenarios.

Scenarios
Number of

Accuracy
patient cases

Correct Incorrect Correct Incorrect*
Simulation

114 7 94.21% 5.79%
Testing
Experts

117 4 96.69% 3.31%Consideration
testing

*accepted error rate is 6% [31], [33].

In Table 5, the accuracy result of risk decision for
one hundred twenty-one patient cases is presented.
The proposed model can deliver the correct result on
one hundred fourteen patient cases, which is 94.21%
of accuracy on the simulation testing. The expert
consideration resulted in 96.69% accuracy. Further-
more, examples of those decisions for both the pro-
posed model and experts decisions are shown in Table
6.

Table 6 shows that the risk decision between the
constructed model and experts is different. The re-
sult of the fifth patient case was decided by the con-
structed model to be a low-risk level, whereas the
experts have assigned a very low-risk level. Besides,
the result of the sixth patient case was decided by
the constructed model to be a moderate-risk level,
whereas the experts have assigned a low-risk level.

5. DISCUSSION

The validation results from the constructed risk
prediction model are determined by the efficiency of
the patient cases and expert testing. The one hun-
dred twenty-one patients who have type 2 diabetes
mellitus and hypertension were tested with the pro-
posed model which showed one hundred seventeen
patient cases are correctly predicted whereas four pa-
tient cases are incorrectly predicted. Therefore, the
sixty-five rules of the constructed model are sufficient
for the risk prediction model. However, there are also
a few incorrect predictions because the testing data
was too limited in this study. Therefore, an evalu-
ation with more patient cases is required as future
work. To have higher accuracy, the rules need to be

enhanced. Furthermore, the results show 96.69% ac-
curacy of the model when being compared to those
decisions from the experts. Therefore, the risk pre-
diction model construction is nearly as accurate as
the decisions from the experts. However, the result
of validation between the simulation testing and ex-
perts consideration testing are different because the
numbers of patient cases and experts are not enough.
In order to have higher accuracy, more patient cases
and more expert decisions need to be gathered.

Consequently, the constructed rules have a high
potential to be used as the risk prediction model for
the cardiovascular complication of patients with type
2 diabetes mellitus and hypertension. However, the
incorrect prediction on constructed rules and the dif-
ference in experts’ opinions are important. There-
fore, future studies should be focusing on adjusting
the model based on the number of rules from more
experts to cover the results of other cases. There-
fore, the number of patient cases and experts should
be increased to enhance the accuracy of the proposed
model.

6. CONCLUSION

This paper proposes a fuzzy logic based method
for predicting cardiovascular complication’s risk lev-
els of a patient who has type 2 diabetes mellitus and
hypertension. The proposed model uses fifteen pre-
dictors including clinical and lifestyle factors. The
model is constructed based on scientific data and im-
plicit knowledge from experts. The evaluation results
with one hundred twenty-one patient cases show that
the proposed risk prediction model achieves 96.69%
accuracy when compared to the result decided by the
eleven experts who are doctors, nurses, and nutri-
tionists. This accuracy is higher than the accepted
error rate by the other prediction model mentioned
Table 5. Therefore it can be concluded that the pro-
posed risk prediction model has a high potential for
predicting cardiovascular complication’s risk levels af-
fecting patients who have type 2 diabetes mellitus
and hypertension. It will be useful for personalized
long-term healthcare management which allows the
patients to have a higher quality of life along their
healthcare journey. Furthermore, patients can apply
the risk prediction model with mobile application to
identify themselves from getting complication at any
time when they want to have health check-up with-
out queueing in the hospital. They can know their
risk and ways to prevent trouble sooner. However,
the model still requires more adjustment in terms of
accuracy enhancement, such as fuzzy rule reduction,
and testing with more patient cases.
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Table 6: Example Decision of Constructed Model and Experts.

Variables
Patient cases

1 2 3 4 5 6
Sex 0.5 1 1 0.5 1 0.5
Age 34 39 45 65 34 40
BMI 19.5 20 26.5 30 18.5 19
TC 145 176 230 283 148 170
HDL 63 52 40 30 63 48
SBP 139 142 152 155 140 138
DBP 88 90 95 104 90 86
LDL 95 98 117 144 95 87
HbA1c 6.2 6.7 7.4 7.6 6.5 6.8
FPG 55 65 135 143 54 76
Diabetes 0.6 1 1 0.6 1 0.6
Smoking 0.5 0.5 0.5 1 0.5 0.5
Medical compliance 0.5 0.5 0.5 0.5 0.5 0.5
Calories balance 0.6 0.6 1 1 0.6 0.6
Physical activity 130 90 15 10 100 80
Risk decision
Proposed Model very low low moderate high low moderate
Experts very low low moderate high very low low
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“Type 2 diabetes and cardiovascular disease: have
all risk factors the same strength?,”World journal
of diabetes, Vol. 5, No. 4, pp. 444-470, 2014.

[11] P. W. Wilson, R. B. D’Agostino, D. Levy, A.
M. Belanger, H. Silbershatz and W. B. Kannel,
“Prediction of coronary heart disease using risk
factor categories,” Circulation, Vol. 97, No. 18,
pp. 1837-1847, 1998.

[12] R. B. D’Agostino Sr, S. Grundy, L. M. Sullivan,
P. Wilson and CHD Risk Prediction Group, “Val-
idation of the Framingham coronary heart dis-
ease prediction scores: results of a multiple ethnic
groups investigation,” Jama, Vol. 286, No. 2, pp.
180-187, 2001.

[13] R. M. Conroy, K. Pyörälä, A. P. Fitzgerald, S.
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