Fuzzy Logic: A Contemporary Technique

in Refining Physicians’ Prescribed Total

Daily Insulin Dosage for Type 2 Diabetes
Patients

A project submitted
by
Md. Tariqul Islam Tareq
ID 13346040
Batch: Summer 2013
to
The Department of Pharmacy
in partial fulfillment of the requirements for the degree of

Bachelor of Pharmacy (Hons.)

@
UNIVERSITY
V

BRAC University
Dhaka, Bangladesh
September 2018



Dedicated to my family members for their endless support



Certification Statement

This is to certify that this project titled ‘Fuzzy Logic: A Contemporary Technique in Refining
Physicians’ Prescribed Total Daily Insulin Dosage for Type 2 Diabetes Patients.” submitted for
the partial fulfillment of the requirements for the degree of Bachelor of Pharmacy, BRAC
University constitutes my own work under the supervision of Saif Shahriar Rahman, Senior
Lecturer of Department of Pharmacy, BRAC University and that appropriate credit is given

where I have used the language, ideas or writings of another.

Signed,

Countersigned by the supervisor,




Acknowledgement

I would like to begin by thanking Almighty Allah (SWT.) for granting me the strength to have

come this far.

Next, I would love to express my heartfelt appreciation and gratitude to my supervisor, Saif
Shahriar Rahman, Senior Lecturer of Department of Pharmacy, BRAC University, for his
constant motivation and endless efforts throughout my project. He has thoroughly guided me and
opened my eyes to the concept of Artificial Intelligence and its endless applications in the field
of medical sciences. For his continuous support, effort and feedback in this project, I will be

eternally grateful.

In addition, I would like to thank Prof. Nazmun Nahar, Director General, BIRDEM (Bangladesh
Institute of Research and Rehabilitation for Diabetes) and Prof. M Hasnat, Chairman,
Department of Endocrinology, BSMMU (Bangabandhu Sheikh Mujib Medical University) for
granting me the permission to have access to all relevant inpatient data and interaction, therefore

enabling the survey a tremendous success.

I would like to acknowledge and express my heartiest thank to Rubayat Islam Khan, Senior
Lecturer of Department of Pharmacy, BRAC University and Ahmed Masud Chowdhury for their
guidance and assistance with the relevant data software tool, crucial for the completion of this

project.

Furthermore, I want to thank my fellow mate, Proma Roy Orni for her continuous presence and
help in every step of this entire project. Without her presence, assistance in patient interaction

and data mining, this project would not achieve succession.

Last but never the least; I would like to wholeheartedly thank my family and my friends for

being a blessing and a continuous support throughout my undergraduate career.



Abstract

Type 2 diabetes mellitus (T2DM) is one of the major global health challenges across the world
with an elevated prevalence rate worldwide and responsible for 90-95% of total diabetes cases.
The management of T2DM depends on conventional insulin therapy that does not have the
ability to perfectly provide accurate glucose regulation inside the body. In a conventional insulin
therapy, physicians prescribe insulin dosage for the patients by taking into account patient-
related factors (PRFs) i.e. weight, height, BMI or carbohydrate intake discretely or considering
only one factor. The succession of insulin dosage depends on the close consideration of all the
factors that have a positive correlation with the insulin sensitivity. Thus traditional insulin
therapy, in turn, causes instances of hypoglycemia and hyperglycemia among the vast number of
diabetes patients. This project examined 24 randomly selected T2DM patients admitted into two
hospitals of Dhaka city through utilization of a fuzzy logic based technique to further tune the
physicians’ prescribed total daily insulin dosage for alleviating the hypoglycemic and
hyperglycemic incidences among these patients. Two patient-related factors (PRFs) such as-
average fasting blood glucose level (AFBGL) and average daily protein intake (ADPI) were
considered as inputs for the fuzzy-logic system as these two PRFs have a positive correlation
with insulin sensitivity. After considering insulin dose as an output variable, appropriate
membership functions were defined by using MATLAB Fuzzy Logic Designer Toolbox.
Furthermore, to establish a relationship among the membership functions, the ‘if/then rules’ are
then set in the interface that also provides the fuzzy system with a decision-making facility. The
last process known as defuzzification has enlightened the project by generating an output known
to as predicted insulin dose (PID) as a recommendation by the fuzzy-based system for each
patient. Through a quantitative comparison between the predicted insulin dose (PID) by the
fuzzy system with the physicians’ prescribed insulin dose (PPD) for every patient, a numerical
difference of different degrees was obtained indicating an additional or reduced administration of
insulin dose by the patient so far causing the critical events (hyperglycemia & hypoglycemia)
more prominent in their everyday life. The result of this experiment is further evinced by the data
collected from those two hospitals where the experimented patients were admitted. Our
experimental findings have shown a number of previous hyperglycemic and hypoglycemic

events experienced by the patients as predicted by the fuzzy system respectively. Accordingly,



the predicted insulin dose by the fuzzy system is believed to alleviate the hypoglycemic and
hyperglycemic events in these patients in the future. Finally, a low mortality rate and a beneficial
financial condition followed by a better quality of life for these 24 type 2 diabetes mellitus
(T2DM) patients were possible by utilizing this prominent form of Artificial Intelligence used

for precision dosing on insulin.
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Chapter 1

Introduction

Diabetes is a leading global health problem that has affected over 422 million adults, and is
responsible for 5.3 million deaths in 2013 (WHO, 2016; Mahbub, 2016). Compared to the 1980s,
the rate of prevalence has increased now from 4.7% to 8.5% in the adult population globally,
markedly in the low- and middle-income countries (WHO, 2016). Notably, a study on 15016
people registered in the year of 2000 at Bangladesh Institute of Research and Rehabilitation for
Diabetes, Endocrine and Metabolic Disorders (BIRDEM) in Bangladesh showed a higher
prevalence rate among the population of urban/semi-urban areas in comparison to rural areas
(Imam & Hossain, 2012). Its proportional mortality is 3% of total deaths in all ages population of
Bangladesh (World Health Organization, 2011). WHO also states that the percentage of adult
people living with overweight, obesity, and physical inactivity in Bangladesh are 17%, 3.3%, and
25.1 % respectively. These are the most contributing risk factors for diabetes that has long-term
complications on different organs of the human body. It is estimated that among the total number
of people reported a blindness and vision impairment due to diabetic retinopathy around the
world, 51% and 56% are those from the Asia-Pacific respectively (Chua, Lim, Wong, &
Sabanayagam, 2018). Currently, about one in ten Bangladeshi adults have diabetes (WHO,
2016). Moreover, it is suggested that the number of affected people will rise to 592 million
globally by 2035 and 11.12 million alone in Bangladesh by 2030 (Rahman et al., 2015; World
Health Organization, 2011).

Diabetes mellitus is a metabolic condition that is characterized by chronic hyperglycemia due to
the deficient activity of insulin inside the body (American Diabetes Association, 2010). The
fundamental pathophysiological features responsible for the insufficient activity of insulin
include- inability to secrete insulin due to autoimmune destruction of the B-cells and/or defective
insulin response that comprises poor insulin secretion and reduced tissue reaction to insulin in
the complex pathways of hormone action. During food digestion, carbohydrates are broken down
to glucose; the energy source of the human body. Glucose is then transported to various organs
of the body by the bloodstream. Insulin is the hormone produced by the beta cells of the pancreas

and is necessary for glucose intake by target cells. In a healthy human body, insulin binds to its
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receptor after their production from the pancreas. This opens the channels through which glucose
enters into the cell. During the events of the inability to insulin secretion and/or abnormal insulin
response, glucose cannot get into the cells that results in an elevated level of glucose in the body,
referred to as diabetes mellitus in general. The majority of the cases of diabetes falls into two
broad classes - type 1 and type 2 diabetes (American Diabetes Association, 2010).There are two
other classes of diabetes- gestational diabetes and pre-diabetes. The etiologic classification of
diabetes further identifies other specific types of diabetes such as - genetic defects of 3 -cell or
chemical-induced, infections, uncommon forms of immune-mediated diabetes and other genetic
syndromes sometimes associated with diabetes (American Diabetes Association, 2010). Type 1
diabetes is further classified as Immune-mediated diabetes and Idiopathic diabetes, which are
insulin dependent diabetes or juvenile-onset diabetes and diabetes of unknown origin
respectively (The expert committee on the diagnosis and classification of diabetes mellitus ,
1997). It 1s evident that children and young adults are more prone to get type 1 or Immune-
mediated diabetes. This type of diabetes exerts its symptoms when approximately 90% of total
insulin-producing beta cells get destroyed. The symptoms include - weight loss, increased thirst,
extreme fatigue, increased urination, blurred vision and constant hunger. Type 2 diabetes is the
class of diabetes that covers approximately 90-95% of cases of overall diabetes cases (American
Diabetes Association, 2010). This form of diabetes can also be referred to as adult-onset diabetes
or non—insulin-dependent diabetes. This type of diabetes remains undiagnosed for many years as
symptoms come slowly and hyperglycemia develops gradually. It develops in people aged 40
years and above and are most common in people over 55 years ago (Rahim et al., 2002). During
the diagnosis of type 2 diabetes, it is observed that the pancreas produces enough insulin, but the
body is unable to use that insulin completely (The expert committee on the diagnosis and
classification of diabetes mellitus, 1997). This phenomenon is known as insulin resistance. The
patient may experience blurred vision, frequent urination, weight loss, nausea, frequent infection,
nausea or fatigue and reluctant curing of wounds when affected by this type of diabetes. The
possibility of progressing this type of diabetes promotes obesity, lack of physical activity and
age. An analysis by the Centers for Disease Control and Prevention in 2014 suggested that
gestational diabetes has a prevalence of around 9.2% (DeSisto, Kim, & Sharma, 2014).
Gestational diabetes is believed to affect pregnant women, whereas pre-diabetes is an indication

where the glycemic variables are more than the normal level but less than the diabetes verge



(American Diabetes Association, 2016; Tabak, Herder, Rathmann, Brunner, & Kivimaiki, 2012).
During pregnancy, the placenta inside mother’s body supports the baby to grow by releasing
hormones. However, these hormones make it harder for the mother’s body to use the insulin by
blocking the action of mother’s insulin that causes insulin resistance and thus gestational

diabetes takes place (Desisto et al., 2014).

Alleviation of premature mortality and morbidity due to diabetes solely depends on the early
diagnosis and proper management of the disease. The longer a person lives with undiagnosed
and untreated diabetes, the poorer the health outcomes are likely to be. The early detection of
diabetes also aids in reducing the risk factors for cardiovascular disease like — blood pressure and
lipid (Herman et al., 2015). The goal of diabetes management is to limit the body glucose to the
normal level. The management plan thus includes- following a meal plan, getting regular
exercise, and taking medication if required as directed by the physician (Intermountain
Healthcare, 2018). In effect, diet and exercise are considered as the cornerstones in the
management of type 2 diabetes whereas the patients with type 1 diabetes must inject insulin to
survive (Campbell, 2006; Tudor-Locke et al., 2004). A national survey of US diabetic population
found that about 66% of all diabetes patient has reported no daily physical activity (Ford &
Herman, 1995). Subsequent management of this type of diabetes is done broadly through oral
diabetes agents and insulin. Sulfonylureas, Metformin, and Thiazolidinediones are the most
common oral agents in treating diabetes. However, patients treated with sulfonylureas face more
cardiovascular events according to a study report of the University Group Diabetes Program
(Meinert, Knatterud, Prout, & Klimt, 1970). Metformin is the most popular drug of choice for
outpatients whereas it exerts most of its contraindications among in patients. With a very little
acute adverse effects, thiazolidinediones increase the intravascular volume that is harmful to the
patients having a history of CHF (Clement et al., 2004). On the other hand, it does prevent
restenosis, the formation of a new blockage in a coronary artery; for why this drug is usually
prescribed to the patients with type 2 diabetes who have undergone percutaneous coronary
intervention(PCI) (Choi et al., 2004). As these oral agents have limitations for inpatient settings,
insulin is the proper choice for management of diabetes for its advantages over oral agents. Then
again, the initiation of insulin therapy has some barriers which include — mismanagement in
determining insulin dosage, patient annoyance with self-injection, and lack of knowledge

regarding new formulations (Thrasher, 2017). It is evident that due to mismanagement in the
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insulin dosage hyperglycemic and hypoglycemic events are reported (Mayo Clinic, 2017). In
fact, a patient-friendly insulin therapy requires a close monitoring on some patient-related factors
(PRF) like- weight, body mass index (BMI), average daily carbohydrate & protein intake and
physical activity (Chowdhury, Khan, Nirzhor, Jabin, & Khan, 2017). Physicians’ prescribe the
insulin dosage by considering patient-related factors discretely or sometimes considering only
one factor that affects patients’ blood glucose level. This trend of prescribing insulin dosage
often causes faulty administration of insulin in case of type 2 diabetes (Mayo Clinic, 2017). That
in turn leads to problematic insulin dosing which can sometimes be fatal for the patient.
Moreover, these general trends of prescribing insulin dosage create a probability of experiencing
hypoglycemia or hyperglycemia by the patient as this pathway ignores the values of some other
factors those affects patients’ blood glucose level. These two adverse events increase morbidity

rates in T2DM patients.

Thereupon, it is vital to attain potent insulin dosing to avoid such hyperglycemic and
hypoglycemic events where the concept of fuzzy logic comes in. Fuzzy logic is tested as an
effective way of achieving exquisite precision in drug dosing because human minds examine
approximate data, excerpt meaningful information and exerts crisp solutions (Mahfouf, Abbod,
& Linkens, 2001). In this study, we inspected two patient-related factors i.e. fasting blood
glucose and daily protein intake in the fuzzy-based system to refine the insulin dosage for type 2
diabetes patient. We hypothesized that fasting blood glucose and dietary protein intake has a
positive correlation with insulin sensitivity. Previous studies have shown that, elevated fasting
blood glucose level (FBGL) hints B-cell dysfunction which is an intrinsic segment of the
pathogenesis of higher blood glucose in type 2 diabetes mellitus (T2DM) patients (Abbasi,
Silvers, Viren, & Reaven, 2018; Fabietti, Canonico, Federici, Benedetti, & Sarti, 2006; Hanefeld
et al., 2010). This B-cell dysfunction is linked with lower insulin secretion and also associated
with a reduced release of islet amyloid polypeptide (IAPP or amylin), that is a newly diagnosed
B-cell secretory product (Kahn & Porte, n.d.). In addition, another study performed by
considering FBG as one of the inputs in the fuzzy logic based system has also validated its
significance in maintaining a normoglycemic state in the patients' physiology by suggesting
more accurate insulin dose for each patient (Saha et al., 2018). Likewise, the significance of
dietary protein intake in blood glucose level is also scrutinized through research. Even though

there exists debate among dietary protein intake and insulin sensitivity, researchers recommend
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increasing insulin dosage for a high protein diet (Bell, Toschi, Steil, & Wolpert, 2016; Franz,
2000; Nuttall & Gannon, 2013). Information based on these two factors are considered as input
variables in the system and rules are developed in MATLAB. Thus, the procedure provides an
optimum dosage of insulin as output for the individual patient considering their individual
configuration. Through this technique, a more specific and exact insulin dosage has been
possible for the individual patient and the possibilities of hyperglycemic and hypoglycemic
events in these patients may be defeated in future. Furthermore, this fuzzy logic-based artificial
intelligence supports diabetes patients with better quality of life in terms of a precise insulin

dosing (Chowdhury et al., 2017; Saha et al., 2018).



Chapter 2

Materials and Methods

2.1. Patients Population

24 randomly selected type 2 diabetes patients were interviewed from Bangabandhu Sheikh Mujib
Medical University (BSMMU) & Bangladesh Institute of Research and Rehabilitation for
Diabetes, Endocrine and Metabolic Disorders (BIRDEM) both located at Shahbag, Dhaka,
Bangladesh. Before that, we got the written permission from the Chairman of Department of
Endocrinology, BSMMU and the Director General of BIRDEM to conduct our study over there.
Each patient was well informed about the purpose of the study and is strictly consented to its

usage.

The patient population comprised of 15 males and 9 females, all of whom were undergoing
insulin treatment. The prime aim of the study involves collecting information about their
prescribed insulin dosage by the respective physician, fasting blood glucose level and average
protein intake per day over a period of 7-10 days. For the purpose of further follow-up, the same
patient reported their height, weight, duration of diabetes, average fat intake per day, additional
disease complications, detailed treatment plan and answers of some knowledge-based questions

to justify their knowledge on their own disease.

4 patients were excluded from the study later, where 2 patients had no information regarding
average protein intake per day as they were on IV (Intravenous) saline for the last few days as
per their treatment plan by the physician, one due to incomplete interview and other due to

wrong information.

2.2. Patient-related factors

2 patient related factors (PRFs) are used as input variables in the fuzzy-based system. These
PRFs are — average fasting blood glucose level (AFBGL) and average daily protein intake
(ADPI).



2.2.1 Average fasting blood glucose level

As all the patients were admitted into the hospital there had written documents of their daily
fasting blood glucose level (FBGL). The registered medical assistants record the fasting blood
glucose level of each patient and report those to the physician. For the purpose of this study, 7-10
days fasting blood glucose level were taken as per availability in the hospital database. By using
this data, the cumulative average FBGL was then calculated for each patient. The standard unit
mmol/L is used in the calculation. According with the observations and recommendations drawn
from the studies (Legro et al., 1998; Saha et al., 2018; Silfen et al., 2001) the fuzzy logic
membership function was adjusted. Table 2.1 indicates the average fasting blood glucose level of
each patient in mmol/L. The table shows that the highest value of average fasting blood glucose
level reported by any patient is 18.8 mmol/L, whereas the lowest value is 6 mmol/L reported

both by patient No. 12 and 20.

Table 2.1 Average fasting blood glucose level of each patient in mmol/L.

Patient No. Average fasting blood glucose level (mmol/L)
1. 11.7
10.8
10.2
8.3
12.2
10.5
8.4
8.8
6.9
10.4
10.6
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14. 8.4
15. 8.1
16. 9.8
17. 13.6
18. 114
19. 18.8
20. 6

2.2.2. Average daily protein intake

The patients reported their daily dietary intake during their ongoing treatment at the hospital.
From that diet chart, protein reach foods were identified and dietary protein amount from each
food was then calculated by following the publication ‘Nutritive Value of Foods’ which is
published by United States Department of Agriculture, USDA (Gebhardt & Thomas, n.d.). From
5 times protein intake each day, the cumulative average daily protein intake of the patient was
then calculated. Though protein consumption and its effect on diabetes patients has controversy,
research shows almost half of the consumed protein becomes glucose through the process of
gluconeogenesis and enters the bloodstream (Franz, 2000). However, data shows that from the
dietary protein relatively small amount of glucose enters the circulation (Nuttall & Gannon,
2013). As the high protein diet increases the glucose incremental area under the curve over two-
fold, it is recommended to increase the insulin dosage for high protein (>25gm) meal (Bell et al.,
2016). Membership function in the fuzzy-based system was fixed as per these findings. Table 2.2
shows the daily dietary protein intake of each patient at different intervals and their cumulative

average in gm.

Table 2.2 depicts that among 24 patients, the patient no. 5 has reported the lowest amount of
daily dietary protein intake of 30.6 gm. The average daily protein intakes at breakfast, before
lunch snacks, at lunch, after lunch snacks and at dinner for this patient were 5 gm, 2 gm, 8.8 gm,
2 gm and 12.8 gm respectively. The table also shows that the highest value of daily dietary
protein intake was 98.54 gm that has been reported by patient no. 6. The average daily protein

intake by this patient at dinner was 32.72 gm.



Table 2.2 The daily dietary protein intake of each patient at different intervals and their

cumulative average in gm.

Patient Average Average Average Average Average Average
No. protein protein protein protein protein daily
intake at intake intake at intake after intake at protein
breakfast | before lunch | lunch (gm) | lunch snacks | dinner (gm) intake
(gm) snacks (gm) (gm) (gm)
1 7 0 23 4 22.8 56.8
2 14.62 4 30.8 4 9.82 63.24
3 7.8 12 24 4 25.8 73.6
4 9 2 9.6 12 17.3 49.9
5 5 2 8.8 2 12.8 30.6
6 21.82 8 24 12 32.72 98.54
7 3 3 6 4 214 37.4
8 9 3 2 0 30 44
9 16 8 17.6 1.1 3 45.7
10 16.8 9.5 20.8 9.5 33.2 89.8
11 20.3 4 24 9 33.7 91
12 13.82 3 23.02 8 19.9 67.74
13 13.5 8 26.02 9 35.22 91.74
14 9.5 12 31.22 9 25.9 87.62
15 5.5 0 21.2 1 4.8 32.5
16 9.8 0 16.2 0 12.8 38.8
17 10 0 23.42 34 20.8 57.62
18 16 0 4 0 15 35
19 18.3 12 7 1 29.4 67.7
20 21.3 2 23.02 9 30 85.32




2.3. Computational tool

The programming language MATLAB was used for developing the method and analysis of
collected data. A fuzzy-based interface developed in MATLAB was used to calculate the dosage

of insulin.

2.3.1 Fuzzification of the membership functions

The input variables of the system are average fasting blood glucose level (AFBGL) and average
daily protein intake (ADPI). The output variable is the Insulin Dose (Insulin Dose). The
MATLAB Fuzzy Logic Designer Toolbox was used to define the membership function of these
inputs and output variables. All these variables consist of various ranges and by using triangular
membership functions these input and output variables were fuzzified. The input variables
(AFBGL and ADPI) have a membership function with three fuzzy values. These fuzzy values
are of different ranges. The different ranges of fuzzy values are - Low (L), Optimum (O) and
High (H). On the other hand, the output variable (Insulin Dose) has a membership function with
five fuzzy values. These fuzzy values have different ranges too. The ranges of these fuzzy values
are A, B, C, D and E. Table 2.3 presents the ranges of the input and output variables. The ranges
sets for input variables are 6-19 for average fasting blood glucose level (AFBGL) and 30-100 for
average daily protein intake (ADPI). However, the output range comprises of the value 15-45 for

insulin dose.

Table 2.3 Ranges of the input and output variables

Input Output
AFBGL ADPI Insulin Dose
6-19 30-100 15-45

Table 2.4 also illustrates the fuzzy value breakdown into L (Low), O (Optimum) and H (High)
for both AFBGL and ADPL. It also includes a particular range and the unity membership point
for each fuzzy value breakdown. In the unity membership point, the value of membership

function becomes one.
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Table 2.4 Ranges and unity membership points of input variables (AFBGL and ADPI)

AFBGL ADPI
Fuzzy Ranges Unity Membership Ranges Unity Membership
Values Points Points
L 6-12.5 9.25 30-65 47.5
O 9-15.5 12.5 45-85 65
H 12.5-19 15.75 65-100 82.5

From table 2.4 it is observed that there are different unity membership points for each range of
the fuzzy values. The ‘unity membership point’ symbolizes the point where the membership
function earns a membership valuation of one. It means an AFBGL of 9.25 signifies an absolute
low average fasting blood glucose level. Similarly, an ADPI of 82.5 suggests a perfectly high
average daily protein intake. It is to mention that, any other values of ADPI in 65-100 is also
suggestive for fuzzy value high (H), but with a lower degree of membership. In this case, the
membership value is less than one. Table 2.5 shows the ranges and unity membership points of
output variable (Insulin Dose). The unity membership points 20 on Table 2.5 for insulin dose
suggests that it falls ideally on fuzzy value A. On this table, five fuzzy values with different

ranges have five particular unity membership points.

Table 2.5 Ranges and unity membership points of output variables (Insulin Dose)

Insulin Dose
Fuzzy Values Ranges Unity Membership
Points
A 15-25 20
B 20-30 25
C 25-35 30
D 30-40 35
E 35-45 40

11



Similarly, the unity membership point 25 on Table 2.5 for insulin dose proposes that it falls
correctly on fuzzy value B. The unity membership points 30, 35 and 40 on the table too

recommend that these values fall flawlessly on fuzzy value C, D and E respectively.

Membership functions (MFs) are said to be the elementary units of fuzzy set theory. The
fuzziness of the fuzzy logic technique is best outlined by the membership function. There are

several types of membership functions to describe a fuzzy set (Mahfouf et al., 2001). Such as-

1. Triangular
2. z-shape

3. Trapezoidal
4. s-shape

5. Sigmoid and
6. Gaussian

There are different number of parameters for different membership functions. Triangular
membership functions are described by three parameters, such as — a,b and c. There are four
parameters for expressing trapezoidal membership functions. These parameters are — a, b, ¢ and
d. the two parameters required to express Gaussian membership functions are - ¢ and c. Here, ¢
is the membership functions centre and by using ¢ we can determine the width of the
membership function. A sigmoid membership function is defined by the parameter ‘a’. Here, the

controller of the slop is ‘a’.

There are different features of the membership function. These features are — core, support and
boundary. Core is the area of the fuzzy set that is indicated by a complete membership in the
fuzzy set. Support and boundaries are the areas those are indicated by a non-zero and a non-zero

but insufficient enrollment in the set respectively (Sproule, Naronjo, & Turksen, 2002).

In this study, the MATLAB Fuzzy Logic Toolbox is used for constructing all the triangular
membership functions (L, O and H) of the input variables average fasting blood glucose level
(AFBGL) and average daily protein intake (ADPI). Figure 2.1A shows the membership functions
for AFBGL_L constructed in accordance with the ranges and unity membership points defined in

Table 2.4.
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Dizplay Range 6 19] Help Cloze
Selected variable "AFBGL"

Figure 2.1A Membership function for AFBGL_L

In this figure, the variable selected was average fasting blood glucose level (AFBGL) having a
range of 6-19. The parameters set for plotting this membership function was 6, 9.25 and 12.5.
The presented figure depicts the overlapping between AFBGL_L, AFBGL_O and AFBGL_H.

The membership functions for AFBGL_O and AFBGL_H, those were also constructed in
accordance with the ranges and unity membership points defined in Table 2.3 are shown in
figure 2.1B and 2.1C respectively. The parameters set for plotting the membership function for
AFBGL_O were 9, 12.25 and 15.5, whereas the parameters set for plotting the membership
function for AFBGL_H were 12.5, 15.75 and 19. These two figures have portrayed the
overlapping between AFBGL_L, AFBGL_O and AFBGL_H.
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Figure 2.1B Membership function for AFBGL_O
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Figure 2.1C Membership function for AFBGL_H
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The second input variable ADPI too has membership functions of L, O and H. For this variable
the ranges and unity membership points to construct membership function is taken from Table

2.4. Below, Figure 2.1D illustrates the triangular membership functions constructed for ADPI_L.

r . lot points:
FIS Variables . . Me mberslhlp fu nt:tlmn plots :3 poin : 1831
Al ADPI ADPI1 ADPI
LFR Insulinjosc
K]
EAWAN
ADP|
1 1 1 1 1 1
incut variabde "ADP|"
Current Variable Current Membership Function (click on MF to select)
Name ADF Name ADF| L
. Type :
Type input trimf -
Params £ ac
[30 47.565]
Range [30 100]
Display Range [30 100] Help Close
Renaming MF 3 to "&DPL H”

Figure 2.1D Membership function for ADPI_L

In the figure presented above, the variable selected was average daily protein intake (ADPI) with
the lowest value of 30 and the highest value of 100. The parameters set for plotting this
membership function were 30, 47.5 and 65. The presented figure also depicts the overlapping

between ADPI_L, ADPI_O and ADPI_H.

Figure 2.1E and Figure 2.1F have shown below the triangular membership functions constructed
for ADPI_O and ADPI_H respectively. The parameters set for plotting the triangular
membership function of ADPI_O were 45,65 and 85. Similarly, the parameters set for plotting
the triangular membership function of ADPI_H were 65, 82.5 and 100.
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Figure 2.1E Membership function for ADPI_O
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Figure 2.1F Membership function for ADPI_H
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The final set of triangular membership function consisting of five membership functions (A, B,
C, D and E) is that of the output variable (Insulin Dose). Figure 2.1G, 2.1H, 2.11, 2.1J and 2.1K

express the membership function for different fuzzy values of insulin dose.
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Figure 2.1G Membership function for Insulin_Dose_A
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Display Range [15 45] Help | Close

Figure 2.1H Membership function for Insulin_Dose_B
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Figure 2.11 Membership function for Insulin_Dose_C
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Figure 2.1J Membership function for Insulin_Dose_D
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Figure 2.1K Membership function for Insulin_Dose_E

To summarize the fuzzification of membership functions, this system is a two inputs-one output
system. Each input and output have different fuzzy values, ranges and unity membership points,
which have described in Table 2.3, 2.4 and 2.5. Every membership function constructed here is
triangular with varying overlapping regions that are displayed through Figure 2.1A to Figure
2.1K.

2.3.2 Rules for fuzzy inference definition

Rules are set to support the fuzzy system with a decision-making capacity. In the previous
section, the membership functions were defined, but no relationship was established among these
membership functions so far. This section deals with setting rules for the inference in order to
build up an input/output relation so that the system can work in accordance. For setting the rules,
the if/then connections are used. The Table 2.6 given below shows the decision matrix where

if/then rules are set.
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Table 2.6 The decision matrix

Decision Matrix
AFBGL/ADPI L Q) H
L C C D
0] D C D
H D D E

From the Table 2.6, it is seen that, if the patient has low AFBGL (6-12.5) an optimum ADPI (45-
85), then for that patient the output as insulin dose is C (25-35). Likewise, the patient with a high
AFBGL (12.5-19) and low ADPI (30-65), needs to administer an insulin dose that falls in the
range D (30-40). These phenomena are stated in the system as ‘if (AFBGL is AFBGL_H) and
(PI is PI_L) then (Inulin_Dose is D)’. The entire if/then rules are fixed in accordance with the

decision matrix which is given below:

1. If (AFBGL is AFBGL_L) and (PI is PI_L) then (Inulin_Dose is C)

2. If (AFBGL is AFBGL_O) and (PI is PI_L) then (Inulin_Dose is D)

3. If (AFBGL is AFBGL_H) and (PI is PI_L) then (Inulin_Dose is D)

4. 1f (AFBGL is AFBGL_L) and (P1is PI_O) then (Inulin_Dose is C)

5. If (AFBGL is AFBGL_O) and (PI is PI_O) then (Inulin_Dose is C)

6. If (AFBGL is AFBGL_H) and (PI is PI_O) then (Inulin_Dose is D)

7. If (AFBGL is AFBGL_L) and (PIis PI_H) then (Inulin_Dose is D)

8. If (AFBGL is AFBGL_O) and (PIis PI_H) then (Inulin_Dose is D)

9. If (AFBGL is AFBGL_H) and (PI is PI_H) then (Inulin_Dose is E)
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So far, the fuzzy rules suggest a range of Insulin Dose for the patients. To refine it further,

defuzzification (discussed in section 2.3.3) is done. After defuzzification, a definite point of

insulin dose as output is obtained.

2.3.3 Defuzzification for the fuzzy inference

The final step of the fuzzy inferencing is called defuzzification. It is done to polish the insulin

dose range; got after carrying if/then rules in the system. After defuzzification, a precise value of

insulin dose is recommended as the output. In this study, the default method of fuzzification

‘centroid’ is used that offers the finest closeness. Figure 2.2A depicts the defuzzification process

for a set of inputs of patient 1 carried out in the rule viewer feature of MATLAB Fuzzy Logic

Toolbox and advice a precise number for insulin dosage as an output.
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Figure 2.2A A recommendation of insulin dosage for patient 1 returned by the fuzzy logic

system
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In Figure 2.2A, it is noticed that, for a subject of AFBGL=11.7 mmol/L and ADPI=56.8 gm, the

recommended insulin dosage returned by the fuzzy system for that subject is 32.3 units.

The following figures outline the recommended insulin dosage returned by the fuzzy system for

the other patients:
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Figure 2.2B A recommendation of insulin dosage for patients 2, 3, 4 and 5 returned by the

fuzzy logic system starting from up to down (left to right)
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Figure 2.2C A recommendation of insulin dosage for patients 6, 7, 8 and 9 returned by the

fuzzy logic system starting from up to down (left to right)
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Figure 2.2D A recommendation of insulin dosage for patients 10, 11, 12 and 13 returned by

the fuzzy logic system starting from up to down (left to right)
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Figure 2.2E A recommendation of insulin dosage for patients 14, 15, 16 and 17 returned by

the fuzzy logic system starting from up to down (left to right)
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Figure 2.2F A recommendation of insulin dosage for patients 18, 19 and 20 returned by the

fuzzy logic system starting from up to down (left to right)
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2.3.4 Surface diagram for the fuzzy inference

The surface diagram is a component of the MATLAB Fuzzy Logic Toolbox that enlightens us by
providing a visual illustration of the whole system through a three-dimensional surface. It shows
the relationship among input variables and output variable at a time. Figure 2.3A and Figure
2.3B display the three-dimensional relationships among input variables (AFBGL and ADPI) and

output variable (Insulin Dose).

8
AFBGL 6 o Loe

Figure 2.3A Surface diagram of Insulin Dose against AFBGL ( X-axis) and ADPI (Y -axis)

In Figure 2.3A input variable AFBGL is selected as X-axis and another input variable ADPI is
selected as Y-axis. The output variable Insulin Dose was fixed as Z-axis. After plotting these
data, the outcome is a three-dimensional (3-D) surface diagram, visually representing the

relationship among these variables.
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40 8
ADPI 6 AFBGL

Figure 2.3B Surface diagram of Insulin Dose against ADPI (X-axis) and AFBGL (Y-axis)

Likewise, the previous Figure here input variable ADPI was chosen as X-axis and AFBGL as Y-
axis. The output variable Insulin Dose has remained as Z-axis. The surface viewer of Fuzzy

Logic Toolbox returned the 3-D surface diagram of Figure 2.3B.
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3.1. Results

Chapter 3

Results and Discussions

The 20 patients considered in this research were all admitted to BSMMU and BIRDEM with a

known history of T2DM. These patients had other complications that were reported during the

interview. All of these patients’ treatment procedure includes insulin therapy on a regular basis

adjusted by the respective physician of the ward to treat their diseases. These physicians’

prescribed insulin doses were then compared to the predicted insulin doses by the fuzzy system.

Table 3.1 elaborates the comparison between physicians’ prescribed insulin dose and predicted

insulin dose by the fuzzy system for each patient.

Table 3.1 Predicted dose Vs Prescribed dose of daily insulin units for each of the 20

patients
Patient Predicted insulin Physicians Numerical
No dose by the fuzzy | prescribed insulin difference
system (PID) dose (PPD)
1 32.3 32 0.3
2 30.8 26 4.8
3 324 34 -1.6
4 30 17 13
5 32.5 34 -1.5
6 35 34 1
7 30 25 5
8 30 22 8
9 30 33 -3
10 35 39 -4
11 35 30 5
12 30 29 1
13 35 20 15
14 35 31 4
15 30 32 -2
16 31.7 34 2.3
17 32.2 30 2.2
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18 325 44 -11.5
19 37.5 42 -4.5
20 30 22 8

There observed numerical differences of varying degrees between the predicted insulin dose
(PID) and the physicians’ prescribed insulin dose (PPD) suggested by the fuzzy logic based
computational system. The cases where predicted insulin dose by the fuzzy system is greater
than that of physicians prescribed insulin dose, the numerical difference calculated is seen as
positive. Whereas, the situations where PID is lower than that of PPD, the numerical difference

computed is negative. No case has seen where predicted dose and prescribed dose are the same.

50
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-10

-2 =

B Patient Mo B Predicted insulin dose by the fuzzy system

W Physicians prescribed insulin doss B Mumerical difference

Figure 3.1 3-D Clustered Column comparing the values of predicted insulin dose &

prescribed insulin dose for each patient

The figure 3.1 graphically compares the values of predicted insulin dose (PID) and physicians
prescribed insulin dose (PPD) with their numerical differences against each of the 20 patients. It

exerts a visual idea of how much the values of PID and PPD differs for each patient.
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3.2. Discussion

The core objective of this study was to refine the insulin dose of T2DM patients prescribed by
physicians in order to reduce the hyperglycemic and hypoglycemic events in the future. The
predicted insulin dose by the fuzzy system scrutinizes the physicians prescribed insulin dose with
the help of numerical differences. The positive numerical difference indicates the patient is
administering less unit of insulin comparing to the predicted dose. Thus, the patient incurs the
risk of experiencing hyperglycemic events, other words increasing the chances of mortal
complications associated with T2DM. Similarly, a negative numerical difference suggests the
administration of more insulin dose by the patients. Therefore, a possibility of hypoglycemic
events is probable. This means the patient requires fewer units of insulin dose to treat the disease.
However, the patient is administering insulin in higher amounts and in a pathway of costing
more money to supply the higher units of insulin. It thus is creating a physiological crisis for the

future of the patient and harming financially.

Table 3.2, in brief, exhibits the interpretation of input-output values for each patient. The aim of
this table is to discuss the significance of fuzzy based output regarding the treatment of each
patient in achieving a good quality of life. For this, in the table, suggestive condition for each
patient was identified based on the numerical differences between PPD and PID. These
suggestive conditions were justified by comparing them with the evident conditions documented
during the interview period for each patient. The comparison between the suggestive condition

and evident condition thus provides us with an intact overview of the whole study.

To review distinctly, patient 2 had an average fasting blood glucose level (AFBGL) of 10.8
mmol/L and average daily protein intake (ADPI) was 63.24 gm. The prescribed insulin dose
(PPD) of this patient by the physician was 26. However the fuzzy-based system has predicted
(PID) an insulin dose of 30.8 units for this patient. The numerical difference between PPD and
PID for this patient is +4.8. Thus, it is suggestive that the patient is in the danger of suffering
from high blood sugar (HBS) or hyperglycemic episodes in the future.
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Table 3.2 Interpretation of input-output values for some patients

Reported | Reported | Reported | Reported | Numerical | Suggestive | Evidence
Pt | HBS/LBS | HBS/LBS | HBS/LBS | HBS/LBS | difference HBS of
events events events events by fuzzy | event/ LBS HBS
No. . . ; . event/
during during during during system event LBS
interview | interview | interview | interview
event
week, week, week, week,
FASTING
ABF AL AD
11.3, 8.9, 13.4,17.6 17.9, 17.1,14.2 48 HBS HBS
2 12.1 '
7.3,7.6, 14.1,21.9 | 12.3,21.6 | 19.1,21.9 s HBS HBS
7 6.7,11.9
- 3.2 3.8 -- LBS LBS
-2.3
16
20 - - 12.3, 11.9 HBS HBS
8

In the documentation of this patient, it is evident that he had experienced hyperglycemic events
for a number of times during the week of this interview. He had encountered with the blood
glucose level of 17.6 mmol/L after breakfast, 17.9 mmol/L after the meal and once reported 12.1
mmol/L fasting blood glucose. It thus demonstrates the implication and significance of the
polished insulin dosing by the fuzzy logic based system. The administration as per predicted
insulin dose may enlighten this patient with less chance of having hyperglycemic events in
future. Also, there has drawn a numerical difference of -2.3 for the patient 16. Though the PPD

reported for this patient was 32, the PID received through the fuzzy system is 30. As per the
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hypothesis, the patient is in a jeopardy of encountering with low blood sugar (LBS) or
hypoglycemic event hereafter. Certainly, the evidence compiled against this patient reveals that
she had suffered from hypoglycemic events twice during the interview period. She was identified
with a blood glucose of 3.2 mmol/L after having breakfast and 3.1 after lunch. Moreover, the
patient costing more to administer the higher units of insulin which retard her economic finance.
Thus, governing the predicted insulin dose may reduce her hypoglycemic events and higher her
economic output in the long run. The case of patient 20 testifies to an AFBGL of 6 mmol/L
while having a high ADPI value of 85.32 gm by the patient. The PPD for this patient was
documented as 22 units. However, the refined insulin dose predicted by the system (PID) for this
case is 30. The numerical difference, in this case, is +8. Though the patient has reported two
hyperglycemic events during the interview period after the meal rather than this, he had a good
control over his blood glucose level. Concisely, it can be inferred that the insulin dose that fuzzy
logic has provided in this patient considering the two patient-reported factors i.e. the average
fasting blood glucose level (AFBGL) and average daily protein intake (ADPI) may support the
urge of promising a better quality of life through ensuring better precision over probable
estimation. The output analysis of patient 7 demonstrates that the numerical difference between
PPD and PID for this patient is +5 suggestive for hyperglycemic events. There are evidences of
several hyperglycemic events suffered by this patient documented as a blood glucose level of
11.9 mmol/L (fasting), 14.1 mmol/L, 15.9 mmol/L, 21.6 mmol/L, 19.1 mmol/L, 21.9 mmol/L

and 12.3 mmol/L; all claimed to recorded after meal.

Far from the lucid outcomes for most patients, there observed some PIDs where the patient did
not reasonably be favored by this fuzzy logic based system, notably in the cases for the patient
10, patient 12 and patient 18. We hypothesized that other factors involved in the patient’s
lifestyle and physiology might have harmed its accuracy. To point out, in the case of patient 10,
there reported a high protein intake in the patients' physiology along with some other complex
diseases. These dietary exceptions and the interaction of different drugs might be the reason for
his defective output. Furthermore, patient 12 reported the lowest AFBGL and a longer duration
of diabetes. These could be the cause for this patient not to get a positive outcome from the fuzzy
logic based system. Furthermore, patient 18 was a recently diagnosed diabetes patients and there
were insufficient data of his dietary protein intake which we believe to be the reason for the

faulty outcome from this system.
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Chapter 4

Conclusion & Future Scope
4.1 Conclusion

The people affected by type 2 diabetes is increasing day by day for which the faulty
administration of insulin is a matter of concern that may be caused by prescribing insulin dose by
considering less patient-reported factors (PRFs). Hence, a concurrent review of more patient-
reported factors is vital to recommend a more precise, accurate and personalized insulin dose for
these patients where artificial intelligence comes in. The study has shown a numerical difference
of varying degrees between the physicians prescribed insulin dose (PPD) and predicted insulin
dose (PID) for every patient. The positive difference that hypothesized that the patient is in
danger of facing hyperglycemia has met supportive evidence of previous hyperglycemic events
experienced by the patient. Similarly, a negative numerical difference is also supported by the
reported hypoglycemic events. We can see that the research has demonstrated an improved
glucose regulation for the patients affected by T2DM by the fuzzy logic based system. The
occurrences of patient no. 2, 7, 16 and 20 have seemingly stated the pitfalls of the traditional
insulin dosing system based on what their treatment procedure was going on and the significance
of prescribing insulin dose by the fuzzy logic based system. This technique is able to establish a
more meaningful and definite insulin dosing for these patients that may help them to lead a
healthier life as well as benefit them with finances. However, the quality of output generated by
artificial intelligence (AI) technology absolutely depends on the quality of input data.
Accordingly, this study has recorded a number of anomalies and miscalculation for a number of
patients that required to be refined by adding more PRFs those exerting effects on their blood
glucose level. The more PRFs are taken into simultaneous consideration the further refined the
output. Thus, further study of this kind with more number of patients with their PRFs are

suggested for improving the health outcome.
4.2 Future scope

Like other areas, Artificial Intelligence (AI) technology has now widely been used in the health

care sector worldwide for its potential to provide more accuracy in any complex analysis of data
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related to health. A recent award winning prototype ‘Cardioexplorer’ has used artificial
intelligence based modeling process MPA (Memetic pattern-based algorithm) and demonstrated
to help health-care professionals including doctors in the diagnosis and decision-making
mechanism of suspected cardiovascular patients without any invasive procedure (Zellweger et
al., 2018). Next, a new study on the application of ML (Machine Learning) that is a form of
artificial intelligence summarized the significance of artificial intelligence technology in the field
of diagnosis and imaging. This research showcased the advantages of the computational system
over traditional procedure such as— time-saving, manpower cost and accuracy (Nichols, Herbert
Chan, & Baker, 2018). Furthermore, the fuzzy logic-based system has experimented in many
divergent and vital areas of health sciences. Especially, this system has been used in the
mechanical control of drug delivery devices i.e. intensive care setting & surgical units and
diagnosis of disease. Fuzzy logic is applied in controlling arterial pressure with isoflurane,
enflurane anesthesia, controlling hypertension during anesthesia and also in the case of
neuromuscular blocker (Sproule, Naronjo, & Turksen, 2002). Nowadays, the computational tool
to integrate data is one of the most interesting topics to investigate among medical researchers
for achieving more accuracy in disease diagnosis (Ahmadi et al., 2018). The schematic review
done by a group of researchers pointed out the advantages of the computer-aided fuzzy logic
based method in the diagnosis of some chronic & acute disorders like- fever, heart failure, lung
cancers, diabetes mellitus, electronic disorders with tremendous precision (Ahmadi et al., 2018).
Personalized medicine is crucial in patients with numerous disease conditions to serve them a
risk-free treatment. Machine learning can be an evolutionary support for the physicians in
bringing this personalized medicine system to recommended patients (Frohlich et al., 2018). In
addition to the diagnosis of chronic and acute disorders, fuzzy logic is presently using as a
reliable tool in the molecular level classification of breast cancer that allows a better prediction
outcome for breast cancer patients. (Kempowsky-Hamon et al., 2015). Further expansion of this
type of research is advised on the drugs that have a narrow therapeutic index and where the
environmental or clinical factors influence the outcome of the drugs. It needs to restate that the
artificial intelligence (Al) can never be considered as the replacement to a physician. Rather, Al-
based systems are thought-out to be the constructive tools to support physicians in their decision-

making steps, provide more accuracy and utilize the resources of feasible biomedical expertise.

35



Chapter 5

References

Abbasi, F., Silvers, A., Viren, J., & Reaven, G. M. (2018). Relationship between several surrogate
estimates of insulin resistance and a direct measure of insulin-mediated glucose disposal:

Comparison of fasting versus post-glucose load measurements. Diabetes Research and

Clinical Practice, 136, 108—115. https://doi.org/10.1016/j.diabres.2017.11.021

Ahmadi, H., Gholamzadeh, M., Shahmoradi, L., Nilashi, M., & Rashvand, P. (2018). Diseases
diagnosis using fuzzy logic methods: A systematic and meta-analysis review. Computer
Methods and Programs in Biomedicine, 161, 145-172.

https://doi.org/10.1016/j.cmpb.2018.04.013

American Diabetes Association. (2016). What is Gestational Diabetes? Retrieved from American
Diabetes Association Web site: http://www.diabetes.org/diabetes-basics/gestational/what-is-

gestational-diabetes.html

American Diabetes Association, A. D. (2010). Diagnosis and classification of diabetes mellitus.

Diabetes Care, 33 Suppl 1(Suppl 1), S62-9. https://doi.org/10.2337/dc10-S062

Bell, K. J., Toschi, E., Steil, G. M., & Wolpert, H. A. (2016). Optimized Mealtime Insulin Dosing
for Fat and Protein in Type 1 Diabetes: Application of a Model-Based Approach to Derive
Insulin Doses for Open-Loop Diabetes Management. Diabetes Care, 39(9), 1631-1634.

https://doi.org/10.2337/dc15-2855

Campbell, A. (2006). Treating Diabetes with Diet and Exercise - Diabetes Self-Management.

Retrieved August 17, 2018, from https://www.diabetesselfmanagement.com/blog/treating-

36



diabetes-with-diet-and-exercise/

Choi, D., Kim, S.-K., Choi, S.-H., Ko, Y.-G., Ahn, C.-W., Jang, Y., ... Cha, B.-S. (2004).
Preventative effects of rosiglitazone on restenosis after coronary stent implantation in
patients with type 2 diabetes. Diabetes Care, 27(11), 2654-2660. Retrieved from

http://www.ncbi.nlm.nih.gov/pubmed/15505001

Chowdhury, A. M., Khan, I. R., Nirzhor, R. S. S., Jabin, J., & Khan, A. 1. (2017). A novel approach
in adjustment of total daily insulin dosage for type 2 diabetes patients using a fuzzy logic
based system. Journal of Innovations in Pharmaceutical and Biological Sciences, 4(4), 65—

72. Retrieved from www.jipbs.com

Chua, J., Lim, C. X. Y., Wong, T. Y., & Sabanayagam, C. (2018). Diabetic Retinopathy in the Asia-
Pacific. Asia-Pacific Journal of Ophthalmology, 7(1), 3—16.

https://doi.org/10.22608/AP0O.2017511

Clement, S., Braithwaite, S. S., Magee, M. F., Ahmann, A., Smith, E. P., Schafer, R. G., ...
American Diabetes Association Diabetes in Hospitals Writing Committee. (2004).
Management of diabetes and hyperglycemia in hospitals. Diabetes Care, 27(2), 553-591.

https://doi.org/10.2337/DIACARE.27.2.553

DeSisto, C. L., Kim, S. Y., & Sharma, A. J. (2014). Prevalence Estimates of Gestational Diabetes
Mellitus in the United States, Pregnancy Risk Assessment Monitoring System (PRAMS),

2007-2010. Preventing Chronic Disease, 11, 130415. https://doi.org/10.5888/pcd11.130415

Fabietti, P. G., Canonico, V., Federici, M. O., Benedetti, M. M., & Sarti, E. (2006). Control oriented
model of insulin and glucose dynamics in type 1 diabetics. Medical & Biological

Engineering & Computing, 44(1-2), 69-78. https://doi.org/10.1007/s11517-005-0012-2

37



Ford, E. S., & Herman, W. H. (1995). Leisure-time physical activity patterns in the U.S. diabetic
population. Findings from the 1990 National Health Interview Survey--Health Promotion and
Disease Prevention Supplement. Diabetes Care, 18(1), 27-33. Retrieved from

http://www.ncbi.nlm.nih.gov/pubmed/7698044

Franz, M. J. (2000). Protein Controversies in Diabetes. Diabetes Spectrum, 13(3), 132. Retrieved

from http://journal.diabetes.org/diabetesspectrum/00v13n3/pg132.htm

Frohlich, H., Balling, R., Beerenwinkel, N., Kohlbacher, O., Kumar, S., Lengauer, T., ... Zupan, B.
(2018). From hype to reality: data science enabling personalized medicine. BMC Medicine,

16(1), 150. https://doi.org/10.1186/s12916-018-1122-7

Gebhardt, S. E., & Thomas, R. G. (n.d.). Nutritive Value of Foods. Retrieved from

https://www.ars.usda.gov/ARSUserFiles/80400525/Data/hg72/hg72_2002.pdf

Hanefeld, M., Koehler, C., Hoffmann, C., Wilhelm, K., Kamke, W., & Gerstein, H. (2010). Effect of
targeting normal fasting glucose levels with basal insulin glargine on glycaemic variability
and risk of hypoglycaemia: a randomized, controlled study in patients with early Type 2
diabetes.  Diabetic =~ Medicine,  27(2), 175-180.  https://doi.org/10.1111/j.1464-

5491.2009.02915.x

Herman, W. H., Ye, W., Griffin, S. J., Simmons, R. K., Davies, M. J., Khunti, K., ... Wareham, N. J.
(2015). Early Detection and Treatment of Type 2 Diabetes Reduce Cardiovascular Morbidity
and Mortality: A Simulation of the Results of the Anglo-Danish-Dutch Study of Intensive
Treatment in People With Screen-Detected Diabetes in Primary Care (ADDITION-Europe).

Diabetes Care, 38(8), 1449-1455. https://doi.org/10.2337/dc14-2459

Imam, T., & Hossain, B. (2012). DIABETES PREVALENCE: A COMPARISON BETWEEN URBAN

38



AND RURAL AREAS OF BANGLADESH. IRJALS (Vol. 1). Retrieved from

www.setscholars.org

Intermountain Healthcare. (2018). Diabetes : first step after diagnosis. Fact sheet for patients and

families . Intermountain Healthcare.

Kahn, S. E., & Porte, D. (n.d.). B-Cell Dysfunction in Type 2 Diabetes: Pathophysiological and
Genetic Bases | The Online Metabolic and Molecular Bases of Inherited Disease | OMMBID
| McGraw-Hill Medical. In The Online Metabolic and Molecular Bases of Inherited Disease.
McGraw-Hill. Retrieved from

https://ommbid.mhmedical.com/content.aspx ?bookid=971&sectionid=62671419

Kempowsky-Hamon, T., Valle, C., Lacroix-Triki, M., Hedjazi, L., Trouilh, L., Lamarre, S., ...
Anton-Leberre, V. (2015). Fuzzy logic selection as a new reliable tool to identify molecular
grade signatures in breast cancer — the INNODIAG study. BMC Medical Genomics, 8(1), 3.

https://doi.org/10.1186/512920-015-0077-1

Leitich, H., Adlassnig, K. P., & Kolarz, G. (1996). Development and evaluation of fuzzy criteria for
the diagnosis of rheumatoid arthritis. Methods of Information in Medicine, 35(4-5), 334-342.

Retrieved from http://www.ncbi.nlm.nih.gov/pubmed/9019097

Mahbub, 1. (2016). The State Of Diabetes In Bangladesh - Future Startup. Retrieved August 17,

2018, from https://futurestartup.com/2016/07/27/the-state-of-diabetes-in-bangladesh/

Mahfouf, M., Abbod, M. ., & Linkens, D. . (2001). A survey of fuzzy logic monitoring and control
utilisation in  medicine. Artificial Intelligence in Medicine, 21(1-3), 27-42.

https://doi.org/10.1016/S0933-3657(00)00072-5

39



Mayo Clinic. (2017, January). Patient Care & Health Information: Type 2 Diabetes. Retrieved from

Mayo Clinic Web site: http://www.mayoclinic.org

Meinert, C. L., Knatterud, G. L., Prout, T. E., & Klimt, C. R. (1970). A study of the effects of
hypoglycemic agents on vascular complications in patients with adult-onset diabetes. II.
Mortality results. Diabetes, 19, Suppl:789-830. Retrieved from

http://www.ncbi.nlm.nih.gov/pubmed/4926376

Nichols, J. A., Herbert Chan, H. W., & Baker, M. A. B. (2018). Machine learning: applications of
artificial ~ intelligence = to  imaging and  diagnosis.  Biophysical =~ Reviews.

https://doi.org/10.1007/s12551-018-0449-9

Nuttall, F. Q., & Gannon, M. C. (2013). Dietary protein and the blood glucose concentration.

Diabetes, 62(5), 1371-1372. https://doi.org/10.2337/db12-1829

Ohayon, M. M. (1999). Improving decisionmaking processes with the fuzzy logic approach in the
epidemiology of sleep disorders. Journal of Psychosomatic Research, 47(4), 297-311.

Retrieved from http://www.ncbi.nlm.nih.gov/pubmed/10616225

Rahim, M. A., Hussain, A., Co -Supervisor:, S., Vaaler, S., Ali, K., Khan, A., & Phil, D. (2002).
DIABETES IN BANGLADESH: PREVALENCE AND DETERMINANTS. Retrieved from

https://www.duo.uio.no/bitstream/handle/10852/30077/rahim.pdf?sequence=1

Rahman, M. S., Akter, S., Abe, S. K., Islam, M. R., Mondal, M. N. I., Rahman, J. A. M. S, &
Rahman, M. M. (2015). Awareness, Treatment, and Control of Diabetes in Bangladesh: A
Nationwide Population-Based Study. PLOS ONE, 10(2), e0118365.

https://doi.org/10.1371/journal.pone.0118365
Saha, T. K., Khan, R. 1., Shahriar, S., Nirzhor, R., Chowdhury, A. M., Tareq, T. 1., & Khan, A. 1.

40



(2018). ENHANCEMENT OF INSULIN DOSAGE IN TYPE 1 DIABETES PATIENTS:
PRECISION MEDICINE THROUGH A FUZZY-LOGIC BASED SYSTEM. Online) IJPBS

|, 8, 668—682. Retrieved from www.ijpbs.comorwww.ijpbsonline.com

Saritas, ., Ozkan, 1. A., Allahverdi, N., & Argindogan, M. (2009). Determination of the drug dose
by fuzzy expert system in treatment of chronic intestine inflammation. Journal of Intelligent

Manufacturing, 20(2), 169-176. https://doi.org/10.1007/s10845-008-0226-x

Sproule, B. A., Naronjo, C. A., & Turksen, I. B. (2002). Fuzzy pharmacology; theory and

applications. TRENDS in Pharmacological Sciences, 412-417.

Suryanarayanan, S., Reddy, N. P., & Canilang, E. P. (1995). A fuzzy logic diagnosis system for
classification of pharyngeal dysphagia. International Journal of Bio-Medical Computing,

38(3), 207-215. Retrieved from http://www.ncbi.nlm.nih.gov/pubmed/7774979

Tabak, A. G., Herder, C., Rathmann, W., Brunner, E. J., & Kivimiki, M. (2012). Prediabetes: a
high-risk state for diabetes development. Lancet (London, England), 379(9833), 2279-2290.

https://doi.org/10.1016/S0140-6736(12)60283-9

The expert committee on the diagnosis and classification of diabetes mellitus . (1997). Report of the
Expert Committee on the Diagnosis and Classification of Diabetes Mellitus. Alexandria:

American Diabetes Association .

Thrasher, J. (2017). Pharmacologic Management of Type 2 Diabetes Mellitus: Available Therapies.
The American Journal of Cardiology, 120(15), S4-S16.

https://doi.org/10.1016/j.amjcard.2017.05.009

Tudor-Locke, C., Bell, R. C., Myers, A. M., Harris, S. B., Ecclestone, N. A., Lauzon, N., & Rodger,

N. W. (2004). Controlled outcome evaluation of the First Step Program: a daily physical

41



activity intervention for individuals with type Il diabetes. International Journal of Obesity,
28(1), 113—-119. https://doi.org/10.1038/sj.ij0.0802485

WHO. (2016). Global Report on Diabetes. Paris: WHO.

World Health Organization. (2011). WHO | Country and regional data on diabetes. WHO. Retrieved

from http://www.who.int/diabetes/facts/world_figures/en/index5.html

Zellweger, M. J., Tsirkin, A., Vasilchenko, V., Failer, M., Dressel, A., Kleber, M. E., ... Mirz, W.
(2018). A new non-invasive diagnostic tool in coronary artery disease: artificial intelligence
as an essential element of predictive, preventive, and personalized medicine. EPMA Journal,

9(3), 235-247. https://doi.org/10.1007/s13167-018-0142-x

42



	Acknowledgement
	List of Acronyms……………...…………....………………………….…………….........….… ix
	Contents                                                                                             Page Number
	Contents                                                                                             Page Number
	Figure 2.1A Membership function for AFBGL_L…………....…...………………...………….13
	WHO = World Health Organization
	BSMMU = Bangabandhu Sheikh Mujib Medical University
	Chapter 1
	Introduction

	Chapter 2
	Materials and Methods
	2.1. Patients Population
	2.2. Patient-related factors
	2.2.1 Average fasting blood glucose level
	2.2.2. Average daily protein intake
	2.3. Computational tool
	2.3.1 Fuzzification of the membership functions


	1. Triangular
	2. z-shape
	3. Trapezoidal
	4. s-shape
	5. Sigmoid and
	6. Gaussian
	2.3.2 Rules for fuzzy inference definition
	2.3.3 Defuzzification for the fuzzy inference
	2.3.4 Surface diagram for the fuzzy inference

	Chapter 3
	Results and Discussions
	3.1. Results
	3.2. Discussion

	Conclusion & Future Scope
	4.1 Conclusion
	4.2 Future scope

	References


