Fuzzy-Based Application Model and
Profile Matching for Recommendation
Suitability of Type 2 Diabetic

By Kurnia Muludi



International Journal on Vol.11 (2021) No. 3
Advanced Science ISSN: 2088-5334
Engineerin

Information Technology

(9
Fuzzy-Based Application Model and Profile Matching for
Recommendation Suitability of Type 2 Diabetic

Agus Wantoro®®, Admi Syarif ", Kurnia Muludi®, Khairun Nisa Berawi®

“ Doctoral program, Department of Mathematics and Natural Sciences, Universitas Lampung, Bandar Lampung, 35145, Indonesia
b Department of Engineering and Computer Science, Universitas Teknokrat Indenesia, Bandar Lampung, 35132, Indonesia
“ Department of Computer Sciences, Universias Lampung, Bandar Lampung, 35143, Indonesia
‘IDepamnem of 'Ma'a{ Sciences, Universitas Lampung, Bandar Lampung, 35145, Indonesia

Corresponding author: "admi.syarifi@fmipa.unila. ac.id

gﬂ‘act—l)iabetes Mellitus (DM) is a metabolic disease characterized by hyperglycemia due to insulin secretion abnormalities and a
global health threat. DM has several types, namely type 1, 2, gestational, and other types. Type 2 diabetes patients have the largest
number in the world. DM therapy can be done in 2 (two) ways: improving lifestyle and administering drugs. The problems and risks in
rec ending drugs are essential in the patient's healing process because they are likely to take medicine for life. Approximately
260,000 patients with type 2 diabetes experienced medication errors in 2017. The doctor's mistake in recommending drugs causes along
healing process and costs more. Recommending drugs requires pharmacological knowledge, and not all hospitals have pharmacologists.
Several researchers have researched recommendations for antidiabetic drugs, but no studies have yet been found that discuss
recommendations for combination antidiabetic drugs for type two to determine dosage and frequency. The number of medications used
is 6 to 7, with many parameters 5 to 8. The latest endocrinology guidelines for 2020 state that in recommending antidiabetic drugs, not
only 6 to 7 participants, but still need to maintain other aspects. Therefore, this study aims to build an expert system model with a new
approach in recommending antidiabetic drugs with more complete parameteﬂand recommend dosage and frequency. The model
developed uses the Fuzzy Profile Matching od. Fuzzy is used to calculate the suitability between the patient's condition and the
type of antidiabetic drug. Profile Matching is used to calculate the core factor and secondary factor to obtain each drug's total value.
The dose was calculated using the FIS Tsukamoto for inputting low dosage, and high dosage calculated the weighted average value.
Determination of frequency using the IF-Then function. Model evaluation is done by comparing recommendation data from doctors.
The results of the evaluation of the model obtained an accuracy of 90%. This system will reduce medical personnel errors in
recommending antidiabetic drugs that can positively impact patients' time, the healing process, and costs. This study provides
knowledge that antidiabetes drugs' determination requires many parameters, while other studies used only 4 to 8. This study also
provides an overview of the dosages of drugs that drug companies can produce. Usually, the company only makes low and high dosage.
This study shows that creating multiple drug dosage is more efficient for patients.
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increase the incidence rate and prevalence of type 2 Diabetic
[. INTRODUCT > Mellitus in various parts of the world[4]. The majority of DM
Diabetic Mellitus (DM) Tvpe 2 18 a groun of metabolic is predicted to grow 3 (three) times in 203 [) T!1is increase has
diseases with hype:r(g]yvcg:miz);p ch aractctgirsticr.: that occurs been expected b}f{ the World Healk ﬂ]. Organization (WHU] that
because of an abnormality r tor insulin that lasts long also the year 2030 will kreacl? 21.3 l'l'lll}l(.}l‘l[ 1, "“Td Predwtgd from
affects its secrecy. DM type 1 classified into 4 (four) groups, the International Diabetic Federation (IDF) in 2045 will reach
namely Type 1 DM, type 2 DM, gestational DM, and other 16.7 million 3] . . . .
type DM [1][2]. Blood glucose levels are expressed as DM can occur in patients 'dCCDﬂll?'dlllCd by Dth?l’ diseases.
diabetic, among others, with a rate of HbAlc > 6.5% DM ﬂ]ﬂap}.{ can bc done 2 (two) to improve th‘c h?"’s"”l“ a.“d
(mmol/L) [3]. Until today DM is still one of the global health Drug Admlmsp‘atmn [2]. Treatment of medications using
threats. Epidemiological research indicates the tendency to Oral anfl Ins,ulm types lSJ (.om!nonl?r uscd_ m‘a% (_Jl'ugs are
types of Sulfonylurea, Glinide, Biguanide, Tiazolidin, Alpha
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Glucose inhibitors, GLP-1, SGLT-2, DPP-4, while for Insulin
there are Lispo, Aspart, Glulysine and Faster Aspart [6]. The
goal of therapy in DM is to reduce hyperglycemia symptoms,
reduce the onset and development of complications, reduce
mortality, and improve life quality [6]. Antidiabetic drugs
usually pay attention to age, comorbidities, risk of
hypoglycemia, and many other factors [7].

Efforts to manage DM still have obstacles in terms of
service and health financing [4]. Tt should be noted that health
workers in carrying out their work require high
pharmacological accuracy and knowledge [8]. Around
260,000 patients with diabetes experienced medication errors
in 2017 [8]. Ignorance and negligence of action to the patient
will have an impact on patient safety. One thing that must be
considered is the procedure for administering injectable and
oral drugs. Giving injection drugs is more at risk of causing
hypoglycemic conditions that are dangerous for patients. In
addition to economic wastage, irrational drug use patterns can
decrease treatment services quality, increase drug side effects,
increase treatment failure, and increase nsulin resistance [9].
Cases in various health institutions were found to be
incorrectly given unnecessary drug combinations. The
selection of an appropriate oral hypoglycemic drug is crucial
to the success of diabetic therapy, depending on the severity
and condition of the patient. Oral hypoglycemic
pharmacotherapy can be done using one drug or a
combination of two types of drugs [7].

Sub-therapeutic drug administration results in ineffective
drug therapy. Drug administration with excessive dosage
results in hypoglycemic effects and the possibility of toxicity
[10]. Inappropriate use of Insulin often results in
hypoglycemia and can lead to weight gain. Unwanted drug
effects can occur in long-term use, such as lipodystrophy or
loss of fat tissue at the injection site, and allergic reactions
occur, including edema [11]. Treatment must be started as
early as possible to prevent or slow the progression of beta-
cell failure n people with impaired glucose tolerance [4].

Several researchers have conducted research that discusses
antidiabetic drug recommendations. In the study showed
Rung-Ching Chen et al. [12], the drug recommendations used
the SWRL technique with 6 (six) types of antidiabetic drugs
Metformin, DPP4, Sulfonylurea, Glinide, Thiazolidinedione,
Alpha-Glucosidase (AGI) with 6 (six) parameters of HbAlc,
Hypoglycemia, Renal, Heart, BMI, and liver. This research
was developed with the Fuzzy method that can display the
results of drug recommendations based on the most
appropriate level of choice [13]. Drug recommendations are
also carried out using Fuzzy-TOPSIS with 7 (seven) types of
drugs and 8 (eight) parameters [ 14]. In 2018 Fuzzy, combined
with MULTIMOORA with input data scoring, recommended
antidiabetic drugs using 8 (eight) parameters. Several
researchers have researched recommendations for
antidiabetic drugs, but no studies have yet been found that
discuss recommendations for combination antidiabetic drugs
for type two to determine dosage and frequency. The number
of medications used is 6 to 7, with many parameters 5 to 8.
The latest endocrinology guidelines for 2020 state that in
recommending antidiabetic drugs, not only 6 to 7 participants,
but still need to maintain other aspects such as glucagon
secretion (Cell Alpha Pancreas), insulin secretion (Cell Beta),
glucose fat, glomerular filtration, muscle glycogen and
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contraindications with pregnant or nursing women and
infections [15]. Drug recommendations must be adapted to
the patient's condition or variables to avoid errors and drug
side effects. The number of patient variables has the mam and
second variables [16]; therefore, the Profil tching (PM)
method is very appropriate because it has a Core Factor and
Secondary Factor calculations.

The problem and the risk of recommending drugs are
essential in healing patients to maintain health services
quality [10]. This research supports this research; this study
aims to build an expert system model with a new approach to
recommending antidiabetic drugs with more complete
parameters and recommend dosage and frequency. The model
developed uses the Fuzzy Profile Matching method. nzzy is
used to calculate the suitability between the patient's
C()aitim and the type of antidiabetic drug. Profile Matching
is used to calculate the core factor and secondary factor to
obtain each drug's total value. Model evaluation is done by
comparing recommendation data from doctors. A safe
treatment system needs to be developed and maintained to
ensure that patients receive good drug services due to the
increasingly varied drugs and the increasing number of drugs
and types of antidiabetic drugs [17]. This study's results can
be used as an alternative to help paramedics. Young doctors
recommend the right dosage and frequency of medicines to
improve the quality of health services, accelerate the healing
process, and reduce medical costs.

II. MATERIALS AND METHOD

The application of the suitability of antidiabetic drugs to
the patient's health condition was developed by illustrating the
proposed model's architecture. The development of the model
consists of 2 (two) main parts, namely the development
knowledge base and development environment presented in
Fig. | model was developed from the drug suitability model
[16].

Development Knowledebass Development Ervironment

Eavent Drugs
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- |
@ o p—
Process

- _
— ! Uise Interface Fuzzy Logic and
Apgiication | Profile Maiching

Knolertoe Base

y Tyoe of druge | FIS Teukameta

Pharmacology

Mame, Dase,
Fragquancy of /
dugs !

Fig. 1. Model of the suitability of type 2 antidiabetic drugs

A. Development Stages

The first development from the expert consultation stage
and the result is presented in Figure. 2. Expert consultation
was carried out by specialists in internal medicine, diabetes,
and pharmacology to obtain parameters and knowledge base.
The next step is the process of matching antidiabetic drugs to
the patient's condition using a membership curve. The next




match'sifesult was calculated by the core and secondary
factors using the Profile Matching method. In addition to the

Development Knowledgebase

type of drug, for determining the dose using Tsukamoto FIS.
The stages of development can be seen in Fig. 2.

Development Environtrent

Core Factor and
Expert Expert System Me;l:;:r;mp Secondari Factor S N g:::;':;g Create Database g N Testing Accuracy
Consultaticn Knowledge Base Functions using Profile y Frequency and Aplication y

Matching

Fig. 2 Stages of model development

B. Expert Consultation

Based on consultations with internists  and
pharmacologists, as well as a review of several works of
literature [5], [18], [19], [4]., there are 17 (seventeen)
parameters that influence determining the delivery of
antidiabetic type 2 drugs. In addition to considering the
patient's health parameters, the drug's efficacy and price are
presented in Table 1.

TABLEI

INPUT P ARAMETERS FOR THE DETERMINATION OF ANTIDIABETIC MELLITUS
TYPE 2 DRUGS
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7 E 3
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Sz 3 i85 2 5 3 z
5 & 5 g g 2 2 ¥
= PR ] 2 = =
U E 3 e g
o % ml/min Yes/ Yes/ High/Mi Low/H
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Brief description of each patient's health parameters that
influences in determining the type 2 antidiabetic drug
administration:

» HbAlc (hemoglobin Alc) is a protein containing iron in red
blood cells. High or low HbAlc levels will affect drug
administration. Intake of HbAlc by pricking a needle in a
vein in the arm. Normal levels of Hbale <6.5% [2]

Age is taken from the year of birth. Age>60 years old and
<60 years old is young. Theage of the patient will determine
the choice of drug type because not all ages can be given the
same drug [1]

BMI is taken from body weight and height [20]. Kadar
normal BMI <25. If someone has a BMI=25, then the drug
to be given is different from patients who have a BMI
<25kg/m?[20]

Renal is the level of kidney health obtained based on
laboratory tests with the Enzymatic method performed on
patients by calculating creatinine levels [21]. Patients with
kidney patients need special attention from doctors [18]
The liver is SGPT (Serum Glutamic Pyruvic Transaminase)
level is an abundant enzyme in the liver. Normal levels of
7-56 micro per liter of serum (u/'L) [22].

.

19
» Heart health uses the value of B.type natriuretic peptide
(BNP) is [{formone produced by the heart. The BNP
hormone (NT-proBNP) is a non-active hormone released
from the same ule that has BNP [23]
» Hypoglycemia 15 a condition when the body's blood sugar
levels are too low. Hypoglycemia normal <50% mmol/L
[5]. Provision of antidiabetic drugs pay attention to the
effects of hypoglycemia [24]
Beta cells ([ cells) are cells found in pancreatic islets that
synthesize and secrete Insulin. Beta cells account for about
50-70% of cells in the islet of the pancreas in the human
body [25]
Pancreatic Alpha Cells are cells that function to produce
glucagon hormone. This hormone increases blood sugar
levels, breaks down the liver reserves i the liver, and then
carries it to the blood. Alfa cells account for around 25% of
the island of Langerhans [22]
Free fatty acid (FFA) is the content of free fatty acids in the
body that cause cholesterol that can affect drug
administration. Normal levels of 30-50 FFA%[4]
Muscle glycogen is a type of sugar polysaccharide that is
stored in liver cells and body muscle cells. Glycogen data is
obtained by converting glucose levels obtained from food
[22]
Glomerular filtration is the average rate of blood filtration
that occurs in the glomerulus in ml/min units [26]
Pregnant/lactating is the condition of the patient's history of
being pregnant or breastfeeding. Some anti-diabetic drugs
have contraindications with this condition [10]
Infection is the condition of the patient who has a wound or
postoperatively. Patients who are experiencing disorders
should not be given drugs Sulfonilurena, Glinide,
Biguanide, and SGLT-2 [18]
« Efficacy is the level of effectiveness of the drug [18]
» Cost is the cost of purchasing drugs. mination of the
price of medicines taken from the guidelines for the
treatment of type 2 diabetes [5]

.

.

C. Expert System Knowledge Base

The parameters used are made in the form of a knowledge
base for each parameter's degree of compatibility with the
type of antidiabetic drugs. The knowledge base is presented
in Table II. Almost all type 2 diabetic drugs should not be
given to DMT2 patients with impaired liver or kidney
function, liver, high blood pressure, and severe heart
problems. Patients with T2DM aged =60 years and
overweight (BMI) should be aware of the onset of
hypoglycemia. There are types of contraindicated drugs in
patients with impaired renal function with LFG < 30 mL/[4].
Also, drug administration needs to be considered for pregnant
or breastfeeding patients and have infections [10].
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TABLE 11
KNOWLEDGEBASE FOR THE SUITABILITY OF ANTI-DIABETIC DRUGS [5], [18],[19], [4]

Blood Hﬂp :l::.-: Cell Free Muscle Filtrasi Pve_l:n Eff
Type HbAlc Age BMI Renal Liver  Heart press  OBY P AI“‘m Fatty — Glycoge  Glomer L““ o Infection s Cost
ure C(.‘:ﬂ :;:r " Acid n uhis I-ﬂi?al: ¥
o 17-60 2535 >12 =3 <100 =) =50 ) ) ) _ No No )
Biguanide =h.5 =5 =t <5{P% <1% =30 High Low
Sulfoniluren =70 =0 = =12 =6 =00 FE0 SN g e st 1% <30 Na Ne High Low
Glinide =75 o = s o SO0 e e < 1% =30 a Ne High High
N 1645 =25 =155 =3 <100 <140 =S0 ) ) ) = Yes )
Thiazolidin =70 =5l <N =5l <1% <30 High Low
Alpha <6l 25 <12 <56 =100 <140 =50 ) ) ) _ Yes Yes )
Gilucose 15-9 =50t =t <5t =% =30 High Low
6P 79 =55 =25 =12 =56 =100 =140 =50 <50% >30% <50% >1% >30 Yes Yes High High
SGLT2 = 3 = =2 >36 =00 0 = e e st =1% 45 i Mo Middle  High
DPP-4 79 =55 =18.5 =1.2 =50 =100 =140 =50 sy P sy 1% “a Yes Yes Middle High
} . 0.55 - ~ N . .
Insulin ) B 12 R R M 1 <30 o= e High Low
1; x=50
D. Fuzzy Membership Functions Free Fatty ‘: nx) = { BoX e pess
. . Acid - . 55 —50 =
Based on the knowledge base in table II, they then made in : v 0 x> 55
the form of curves and fuzzy logic membership functions for Muscle ! 3 E:x !
each parameter with the suitability of the type of antidiabetic Glycogen | N M) =435 1sxs3
drug. Curves and membership functions of the kind of ' U:U. =3
antidiabetic drug Biguanide are shown in Table III. - ' x—25
Filtration M) = g3 5= x=30
ol = ) X .
TABLE I1I L x> 30
CURVES AND MEMBERSHIP FUNCTIONS FOR BIGUANIDE DRUGS Pregnant ! J:I_I:L @ = {0 Yes
) ) /Lactating — . . 1 No
Parameters Curve Members hip function . 4
x - ' 0 ¥
n 0: r <55 Infection Dﬂ p(x) = {1 NEDS
) - 55 T
HbAlc (%) =122 ss5<x<6s ]
55 [ 55—6.5 | g e it
1; x> 65 e _ 1 ig
. 1 x =60 Efficacy _J:l_l:l_, n = {a Middle
65 — ? ! ?
Age (years) N M) = )2 60 xS 65 T s
0] S 0; x> 65 Cost D_I:L wix) = {é II-{?g“t‘;
! K@ 0 <185 L !
Tmd i xX=s .
B / {2785 as<xs2s
(BMI) P Ty 25185 % TABLE IV
L x>125 CALCULATION VALUE MEMBERSHIP FUNCTIONS
0; x =50
1 -
Hypoglyce x —50 Id P Value of
=4 arameters Data .
mia _ n) 70 —50° S0= x=70 membership
ol 0 0 1 x =70 1 HbAlc 6.9 1
R(x)
' L2 e e
3.0 — .
Renal :IL_> . 15< x=30
- TR 30-15 4 Renal 23 1
© 0; x> 30 5 Liver 54 1
. W : <40 6  Hearts 98 1
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Liver | i _lx . 40= x =100 7 Blood pressure 138 1
PR TR 150 — 145 00 8 Hypoglycemia 60 1
P =1 9 Cell of beta 67 |
, 1; x =100 10 Cell of alpha 19 |
N 110 — ; i
Heart ] 1IN = _150: 100 < x < 110 11 Free fatty acid 45 1
: o > 110 12 ]\»_Iusclg glycogen 2.6 0.2
0; x < 80 13 Filtration glomerulus 33 |
Blood ' i — 80 i
pxy = 12 . B0< x<90 14 Prggngnlﬂaclalmg No 1
pressure 5 90 —80 15 Infection Yes 0
P — 1 £>90 " _
p(x) 16 Emcacy High 1
, ; r =45 17 Price Low 1
; — 145
Cell of beta 41 - 1;{] i 455 x50
1. r>50 Membership functions need to be made for the types of
Cell of : 251_‘x x=s20 antidiabetic drugs Sulfonylurea, Glinid, Thiazolidinedione,
alpha J:Il_) WX = Yqe—gg 202 x=25 Alpha-Gluc ase, GLP-1, SGLT-2, DPP4, and Insulin need
! v 0; x>25 to be made. Based on the membership function in Table III
£l
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the value of each parameter is then calculated. Table IV
displays the membership values for each parameter with the
typgsat antidiabetic drug Biguanide

E. Core Factor and Secondary F@Yor

Parameter grouping is divided mto 2 (two), namely Core
Factor (CF) and Secondary Factor§8F). Core Factor is the
leading parameter group where the determination of the type
of drug given isgry dependent on the parameters in this
group, whereas a Secondary Factor is a parameter group that
does not have a strong influence on the determination of the
type of drug given to patients [27]

TABLE WV
CLASSIFYING PARAMETERS CF AND SF

Core Factor (CF) Secondary Factor (SF)
Age (P2) HbAlc (P1)
Renal (P4) BMI (P3)
Liver (P5) Blood pressure (P7)
Heart (P6) Cell alpha (P10)
Hypoglycemia (P8) Free fatty acid (P11)
Cell beta (P9) Muscle glycogen (P12)
Filtration glomerulus (P13) Efficacy (P16)
Pregnant/lactating (P14) Price (P17)
Infection (P15)

alculate the value of CF using a formula:
_ InNcC
g CF = T (1)
CF = The average value of the core factor
NC = Total number of core factor values
IC =Number of items CF value
NS

SF = The average value of the secondary factor
NS = Total number of secondary factor values
ISi Number of secondary factor items
3
Based on the grouping of core factors and the subsequent
factors calculated the average value:
The value of the average core factor parameters
_ (0.6+1+1+19+1+1+1+0) - 0.84

CF

The value average secondary factor parameters

SF = (1+0.84+1+18+1+0.2+1+1) — 088

The grouping core factor's value average value multiplied
the weight of 75%, and the sccnmry factor bore with a
weight of 25%. The result of the core factor and secondary
factor weights are then added to get a matching value:

Total = (Weigt CF x CF)+ (WeightSF *SF) (3)
Total = (0.75 * CF)+ (0.25 * SF)

= (0.75 * 0.84) + (0.25 * 0.88)

=0.63 +0.22

=0.85

Results calculate of the value 0.85 indicate that the patient
"P1" if given the class of antidiabetic medicine Biguanide has
suitable (0.85/ 1) x 100% = 85% and for the second medicine
76% that Alpha-glucose, the medications are given can be
combined, the show is Table VL.
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TABLE VI
DRUG SUITABILITY CALCULATION RESULTS
Id Type Value Level
1 Sulfonylurea 0.56 7
2 Glinide 0.55 8
3 Biguanide 0.85 1
4 Thiazolidinedione 0.71 5
5 Alpha-Glucosidase 0.76 2
6 GLP-1 0.73 3
7 SGLT2 0.52 9
8 DPP4 0.60 6
9 Insulin 0.72 4

This model can evaluate the suitability of the patient's
condition with various types of antidiabetic drugs.

F. Dosage and Frequency Drug

The dose and frequency of drug administration are very
influential in the therapeutic effect of the drug. Giving
excessive dosage, especially for drugs with a narrow range of
therapy, will be very at risk of side effects. Conversely, a too
small dose will not guarantee the achievement of less than
optimal therapeutic levels [17].

TABLE VII
TyPE, DOSAGE, AND FREQUENCY DRUGS [18][4]
Frequency
1d Type Drugs Dosage (Ones/Day)
Glibenclamide 2.5 - 20mg/dl 1-2
1 Sulfonylurea S 40 - 320
Gliclazide mey/dl 1-2
Repaglinide 1-16 mg/dl 24
2 Glinide . 180 - 360
Nateglinide me/dl 2-3
Metformin 300 - 13
. . 3000mg,
3 Biguanide
Buformin B~ 100 12
mg/dl
4 Thiazolidined  Pioglitazone 15 - 45 mg/dl 1-2
ione Rosiglitazone 4 - 8 mg/dl 1-2
Alpha- Acarbose 100 -300 2-3
5 Glue mg/dl
slucase Miglitol 25-100 mg/dl 2.3
. . 1.8
6  GLP-1 Liraglutide ol 1-2
Lixisenatide 10 - 20 mg/dl 1-2
Dapagliflozin 5-10 mg/dl 12
7 SGLT2 Empagliflozin 10 - 25 mg/dl 12
Vildagliptin 50-100 mg 1-2
8 DPP4 Sitagliptin 25-100 mg 1-2
. 01-1
Lispro . 1-2
9 Insulin :;IE'SUK‘%
Aspart 1UnitK e 12

G. The domain of Medicine Dosage

Determination of the dose using the parameters in Figure 4
(a). Each parameter becomes an input variable, divided by 2
(two) in linguistic and domain variables. The environment's
output is a dose calculated using Tsukamoto's FIS to calculate
a more appropriate dosage.




TABLE VII
DOMAIN PARAMETERS FOR DETERMINES DRUGS DOSAGE

Linguistic . Output
Id Parameters Variable Domain (Dosage)
Normal 0-9
I HbAle Abnormal 6.5-12
Young 0-65
2 Age old 60-100 Low
Low 0-27 [0-600]
3 BMI High 24-30
Normal 0-1.5 High
4 Renil Abnormal 1.2:3.0 [500-
5 Liver Normal 0-100 1000]
Abnormal 40-100
6 H lycemia No 0-70
Ypogty Yes 50-120
TABLE IX
THE DosSAGE DoMAIN OF THE DRUG 1S BIGUANIDE
Dosage Domain
Type Drugs (mgd) — Low High
Biguanide Metformin 500 - 1000 0-600 500-1000

Based on Table IX. The next step is to make a curve for each
parameter presented in Fig. 3-5, and the output curves for drug
dosages are shown in Fig. 6.

E HbATE Age
1 1
Mormal Abnormal Yeung ol
Q 60 5 100
o 65 8.0 12

Fig. 3 Curv membership function for HbA1C and Age

Ml Fenal

Fig. 4 Curv membership function for BMI and Renal

Liver Hypoglycemia

Normal Abnormal No Yes

S
o 40 100 140 a 50 70 120

Fig. 5 Curve membership function for Liver and Hypoglycemia
Dosage

Low High

0 500 600 3000
Fig. 6 Curve membership function for dosage

Each parameter's membership value is then calculated
based on the membership curve and function, as in Table X.

TABLE X
MEMBERSHIP VALUES FOR PAR AMETER

Linguistic Variables

Parameters Data
Normal Abnormal

HbAlc 6.9 0.84 0.16
Age 62 0.8 0.2
BMI 24 0 1
Renal 23 0 1
Liver 54 0.76 0.23
Hypoglycemia 60 0.50 0.50

H. Fuzzy Implication Rules for Desage

Monotonous fuzzy rules are used as a basis for fuzzy
implication techniques. The number of practices used is
calculated based on the number of criteria and sub-criteria
[28]. The parameters used are 6 (six) as HbAlc, Age, BMIL,
Renal, Liver, Hypoglycemia, and sub-criteria of each
criterion are 2 (two), so the number of rules use is 2° = 64
rules. Examples of the use of practices as follows:

dosage;”
dosage;”
dosage:”
dosage:”

dosage;”

dosage;”

“[R13]If HbAl c= Normal and Age=Young and BMIHigh and Renal=Abnormal and Liver=Normal and Hypoglicemia=No Then Low
“[R29]If HbAl c= Normal and Age=0ld and BMIFHigh and Renal=Abnormal and Liver=Normal and Hypoglicemia=No Then Low
“[R30]If HbAlc= Abnormal and Age=Young and BMI=Low and Renal=Normal and Liver=Normal and Hypoglicemia=Yes Then High
“[R45]If HbAlc= Abnormal and Age=Young and BMIEHigh and Renal=Abnormal and Liver=Normal and Hypoglicemia=No Then High
“[R61]If HbAlc= Abnormal and Age=01d and BMIHigh and Renal=Abnormal and Liver=Normal and Hypoglicemia=No Then Low

“[R64]If HbAl c= Abnormal and Age=0ld and BMIFHigh and Renal=Abormal and Liver=Abnormal and Hypoglicemia=Yes Then Low

Then value z calculation Il be performed to look for
output using FIS Tsukamoto from each rule given explicitly
(crisp) based on a-predicate ( fire strength). In thydlcalculation,
not all a and z,44 rules are displayed. The final result is
obtained using a weighted average. Examples of the use of
practices as follows:

w-predicatiz = pHbAlc Normal 1 pAge Young I uBMI
High 1 pRenal Abormal N1 pLiver Normal NuHypoglycemia
No Then Low dosage;

= Min (0.84;0.8; 1; 1; 0.76; 0.5)

=05

Zi3 = High - (w13 * (High-Low))
= 3000 - (0.5 * (3000-500))
= 1750
u-predicata = uHbA ¢ Normal 1 pAge Old N1 uBMI High

M pRenal Abormal 1 pLiver Normal NuHypoglycemia No Then
Low dosage;

= Min (0.84: 0.2; 1; 1; 0.76: 0.5)

=02
Zz9 = High - (a2 * (High-Low) )

= 3000 - (0.2 * (3000-500))

= 2500




u-predicatso = uHbAlc Normal N1 pAge Old 1 uBMI High
N pRenal Abormal N uLiver Normal NuHypoglycemia Yes Then
Low dosage;

= Min (0.84;0.2; 1; 1; 0.76; 0.5)

=02
Zxu = High - (a0 * (High-Low))

= 3000 - (0.2 * (3000-500))

= 2500
w-predicatss = uHbAlc Abormal 1 pAge Young [1 uBMI
High N pRenal Abormal N pLiver Normal N1 pHypoglycemia No
Then High dosage;

= Min (0.16; 0.8; 1; 1; 0.76; 0.5)

=0.16
Zas = ws * (High-Low) + Low
= 0.16 * (3000-500) + 500

900

w-predicats = uHbAlc Abnormal [1 pAge Old 1 uBMI
High N1 pRenal Abnormal [1 pLiver Normal [1 nHypoglycemia No
Then Low dosage:

=Min (0.16;0.2; 1; 1; 0.76; 0.5)

=016
Lgl = High - (as * (High-Low) )

= 3000 - (0.16 * (3000-500))

= 2600
u-predicatss = uHbAlc Abnormal [1 pAge Old N uBMI
High N pRenal Abnormal 1 pLiver Abnormal 1 pHypoglycemia
Yes Then Low dosage;

=Min (0.16; 0.2; 1; 1; 0.23; 0.5)

=0.16

oy = High - (us+ * (High-Low) )
= 3000 - (0.16 * (3000-500))
= 2600

TABLE X1
MEMBERSHIP VALUE FOR ALL A, 4 AND Z, 4, FROM PARAMETERS
. Min
Id HbAle Age BMI  Renal Liver Hypo (2164) Zyas

13 0.84 0.8
29 0.84 02
30 084 02
45 0.16 0.8
61 0.16 02
64 0.16 02

0.76 (U] 0.5 1750
076 0.5 0.2 2500
0.76 0.5 0.2 2500
0.76 0.5 016 900
0.76 0.5 016 2600
023 0.5 0.16 2600

I.  Determining Dosage

After a combination of forming rules, the next step is doing
a calculation to get the value of defuzzification by adding the
rules to regulations 64 to get the weighted average values
(Weight Average)
(al#z1)+(a2+z2)+({a3=z3)+(ad=z4)+ - (abd=264)+

z (Dosage) =
( 4 ) al+az+ai+ad..acd

“)
z (Dosage) = 2160 mg/dl. Based on the name of the drug
Metformin with the lowest dose ot 500 ml/gl and the highest
dosage of 3000 ml/dl in Table XI, based on the results of the
system recommendations for the correct dosage given by
patients as many as 2160 mg/dl.

TABLE XII
DIFFERENCES IN RECOMMENDED DOSAGES BETWEEN DOCTORS AND THE SYSTEM
Input Qutput
The daily dose Daily dose
1d HbAlc Age BMI Renal Liver H?'p o Type and drugs recommended by the  obtained from the
glycemia doctor system
1 6.5 39 25 0.7 78 6.5 Insulin/Lispro 1 Unit/mL 6 Unit/mL
2 69 62 24 23 54 60 Biguanide/Metformin 500 mg/dl 2160 mg/dl
3 83 al 20 0.8 33 35 Biguanide/Metformin S00ml/dl 1703 mg/dl
4 6.05 40 30 0.8 98 605 Thiazolidinedione/ Pioglitazone 15 mg/dl 28 mg/dl
5 68 37 27 2.1 100 66 Biguanide/Metformin 500 mg/dl 1571 mg/dl
) 11 44 29 0.6 140 70 Biguanide/Buformin 50 mg/dl 50 mg/dl
7 79 50 27 38 130 68 Biguanide/Buformin 50 mg/dl 78 mg/dl
8 16 62 20 2.7 130 0 Biguanide/Metformin 500 mg/dl 1300 mg/dl
9 98 37 27 38 80 40 Insulin/Aspart 1 Unit/mL 5 Unit/mL
10 6.8 [ik] 20 0.6 0 55 Alfa-Glucosidase’ Miglitol 25 mg/dl 56 mg/dl
e Doctar e sl = System J. Determine Drugs Frequency
3000 The low frequency of use will result in a healing process
2500 B 210 and have an extended usage interval frequency of drug use
2000 ! ‘I‘ 1703 N o that can cause side effects that can worsen the patient's
\ LAY R s condition. The dose should consider the HbA lc level <8% to
1500 ' \ Y A .
oo p v Y determine the drug dosage and frequency [18]; we need
B \ 4 )y IR proper consideration in determining the dosage and
500 w‘q / 5 i 53‘) . . T .
. ! . L . L frequency. The frequency of administration of antidiabetic
T2 3 o o s s 8 w drugs using IF-Then about HbA 1 ¢ levels shown in Table XIII.

Elg_ 7 The daily dose of medicine recommended by doctor and system

Fig. 7 shows the system recommendations can provide
daily dosage according to the patient's severity, while the
doctor's recommended dosage begins using a low dosage [29].
Giving too low a dosage can result in suboptimal results [17],
and recovery is prolonged for up to 1 year. However, for
patients receiving the system's recommended daily dose,
recovery duration is shorter to <3 months [30].

TABLE XIII
DETERMINING FREQUENCY BASED ON HEAIC

HbAlc Frequency Value
=9 Frequency high 3
=75 Frequency middle 2
=6.5 Frequency low 1
Algorithm

Input: HbAle;
Output: Frequency;
Variable
REAL: HbAlc, Frequency;
Begin
If HbA1C =9 Then Frequency = High




Else

If HbA1C =9 Then Frequency = Middle
Else

Frequency =low:
End;

K. Expert System Application

This application uses fuzzy-profile matching, which was
built using the Pascal programming language with the Delphi
IDE. The application interface can be seen in Fig. 8.

zzy logic calculates the value of the match between the
patient's condition with the type of drug and profile matching
as an inference to display the total amount of each kind of
medication. The dose was calculated using the FIS
Tsukamoto for inputting low dosage, and high dosage
calculated the weighted average value. Determination of
frequency using the IF-Then function. Doctors or medics will
use this application by inputting several parameters, and the
system will display the match values of each antidiabetic

Heddrany S
L ] st o drug. Also, the system can communicate as well as the

P s e S T o1 o e frequency of administration of the appropriate medication
Hoate E5 x ;as s 1 ] [oE a- cswoow: n;:mm o ]
o e —— = L. Comparison with Existing System
e = ::«u ; |—] ? [ | Table XIV shows the differences between several studies
e T T —I—1—1— ommli of antidiabetic drug recommendations with this study. The
b B_]Y R lE_JE et — difference between this study and previous research is that
e [ __]x o i J —] ] | - this study uses more complex parameters to recommend the
i p— x| | o | — 1R type of drug and its name. Also, being able to calculate the
= = - T i : ——] ::Z' a dosage and frequency based on parameters so that the dose
= fgem BB B I _JE L _1E_If_Ih and frequency are more precise and consider the price and
- e L o | E— o—— — co— co—
e (e[ | o | | o— o | —| Co—| co— co— efficacy of the drug

Tatd [t [eesvodte] [Desees] (o) (RS [ 7sece] [Dsaeecs] [netorew] [oians
Medking T - RecosmdsbmDasae 50| Haley
MWrmdDuoge [ | WasDass [0 | Freguency. [ ] onoamar
Fig. 8 The developed interface system
TABLE XIV
COMPARISON WITH EXISTING SYSTEMS RECOMMENDATION DRUGS
Authors
Parameter Rui n Shyi-Ming Rung Ching M. Eghbali et Switi et "
Chenetal [12]  Chenetal[13] Chen et al[14] al.[31] al.[32] This research
Years 2012 2013 2017 2018 2019 2020
SWRL/ Fuzzy Fuzzy
Method Fuz . GA Fuz PM
¢ JESS uzzy TOPSIS Multimoora ’ uzy

Number of Parameters 6 6 8 5 7 17
Number of class medicine 6 6 7 7 2 9
Class of medicines Yes Yes Yes Yes Yes Yes
Medicine No No No No No Yes
Recommend levels No Yes Yes Yes Yes Yes
Dosage No No No No No Yes
Frequency dosage No No No No No Yes
Cost No No Yes No No Yes

[II. RESULTS AND DISCUSSION

A.  Recommendation Doctor with System

The data used were 20 test data taken from patients'
medical record data at the Bumi Waras Hospital in Bandar
Lampung, Lampung, Indonesia, in 2019. Medical record data
were calculated using theéi@irdinal scale 1 and 0, as shown in
Figure 9. in mapping the suitability of the patient's condition
with antidiabetic drugs. The calculation uses ¢ base query
by creating a table; then, the selection is based on each
patient's condition stored in the view. Data in the next
statement is calculated using a query formula to get the total.
The results of the query calculation in Figure 10

0 60 ] B0 65
Fig. 9. Weight comparison curve using Ordinal scale and Fuzzy

Calculations using an ordinal scale have weaknesses because
they do not produce flexible values to affect the quality of
drug recommendations [16]. For example, antidiabetic
Sulfonylurea is used for <60 years. If calculated using an
ordinal scale, patients who are 61 years old cannot be given
the type of Sulfonilurena drug, even though up to 65 years of
age can still be given the medication. Therefore we need a
more flexible calculation using Fuzzy logic [16].

Compared with Ordinal scale calculations, the application
of fuzzy logic produces drug recommendations that approach
the dataset; this is because fuzzy logic can provide flexible
values to provide better anti-diabetic drug recommendations.
Based on the number of recommended first-line antidiabetic
drugs, Biguanide (Metformin), while for the second-line
Insulin. This is according to management guidelines for type
2 Diabetes Mellitus [18].
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TABLE XV
DaTA COMPARISON OF RECOMMENDED SCALE ORDINAL, FUZZY AND DATASET DRUGS

. . Medicine | Madicine 2
w A B Re L He g Hy o oo FF O Mus oo g Pi
e ML nal er arn i A loe o . .
Ordinal  Fuzzy Dataset  Ondinal  Fuzzy Dataset
. a . Lo  Bigemi  Bigani  Biguni | Thamli | Apla  Alpha-
69 &2 24 23 54 9% 138 6 6 19 45 26 33 Ne S Wi ! o o A P i il
9 a0 2 ee 18 W s w45 om0 32 2% Ne  Ne  High 0 Sulemil o Sulbail o Swlfendl g Ginide  Glinide
a w urena urena urena
Le  Bigwni  Bigani  Bigwni  Alpha-  Apha  Alpha-
3 2 3 7 I
8 @ 20 0% 33 % 10 S5 s0 17 a5 | w N N om0 B i o Apba  Apha  Apke
w5t X 9% s w105 48 75 % §7 21 45 Ne  Yes High “°  Inslin | suin | Piumi  Bigeni  SBigunis o,
5 w de de de
won e . Lo  Alpha  Bimani  Biguni Apha- Alpha-
37 7 2 e o8 -
68 37 a0 W e e % a4 1 56 Yes N om0 M B B st Abha o Abha
40 . . ) Lo  Alpha  Bigani  Bigwni | Bimani  Apha  Alpha
oW 2w w6 g W M0 T 5T S0 087 3T Ne No  Hish 0§ o o o P st el
65 W 25 0T TR 95 130 &5 80 3 45 25 2% Yes Ve  High = [nalin  lsuin  heln PR APk Alpha
w Glucose  Glicose  Glucose
79 0 27 3R L: a7 00 68 67 ‘™ 32 e 32 No Ne  High '::’ i‘“""' iﬂm' i‘s““"' é:“"]c‘:m Insulin Insulin
1 . . . Lo Alpha- . Biguani Biguani Biguani .
12 2 3 7 1 s o
2oasoa s o Yos a s %06 55 Ne  Ye o Hgh Insulin s = Insulin
ne @ w27 B W e 4 om 4 46 No  No i Lo | Glmide Bigiani — Bigwani ) GLP-1 GLP-1
0 L] w de de
2. . . Lo  Bigwni  Bigani  Bigusni ) ) )
2 T 2 n 2 " .
@ 68 " 21 TR Wy 125 A8 54 n 28 1 50 No No 1 w de de de Insulin Insulin Insulin
185 55001 06 0 e s 55 W ® 35 AT 2 Ne  Yes High =  Inalin  Insulin nalin  APha-  Apha o Alphs
o w Glucose  Ghicose  Glucose
. . ) Lo  Alpha-  Thisoli  Thimeli | Bimani  Apha  Alpha-
3 T3 2 2 3 es ! !
665 40 30 0% e 91 | 655 B ss 9 LoYes  Ne om0 8 e i = P e
o 31 21 3 s M s 4 0 om0 14 27 Yes Yes High “°  Inalin Insulin Insulin | Alpha-  Thizmoli  Thizoli
0 w Glucose dine dine
12 ! N Lo  Bigwni  Bimani  Biguni  Alpha-  Apha  Alpha-
7 2 ]
675 4l 30 21w T s e s % 45 091 36 Ne  Ye MmN M B B Apha. - Apha - Apha
125 051 26 26 U es aw 2 sw o oss oSS Ne  Ne High |~  GLP-l Bigiani - Bigwal gqipn Grp Gl
0 L] w de de
W e 2 07 TR & 1M 46 75 17 S 16 40 MNe Ne High '::’ Insulin igmi Biguani gci-g‘”‘i Insulin  Insulin
17 82 21 39 ‘:: o 140 6% 82 W 35 3 28 No Ne  High '::’ i‘“""' ib"a'“ i‘““"' Insulin Insulin Insulin
10 , ) ) Lo | Thimoli | Alpha-  Alphe | Alphas  Thimoli  Thiasoli
2 2 pl 27 7 3 e o . . .
6.8 [3] 0 0.6 0 5 120 55 65 3 2 .76 0 No Yes High w e Glucose Glueose Glucose dine dine
- s - A -
65 4 51 L‘, 95 127 48 T8 m 34 23 45 Ne  Ne  High ':’ i'““'” i‘}"“"' ff““"' Insulin msulin  Insulin

Information: Hb (HhAIC), BP (Blood pressure), Hypa (Hypoglicemia), Ch {Cell of Betha), Ca (Cell of Alpha). Me (Musele), FG (Filtrasi Glomerulus), PL (Pregnant/Lactating). If
(Infection), Ef (Eficacy), Sul (Sulfonilureal, TZ { Thiazolidine), AG (Alpha Glucose), GL (GLP-1), Ins {insulin)

B.  Evaluation of drugs administration

In Antidiabetic drug recommendations, the accuracy of
the system is crucial [33]. The course will display all the
results, and the doctor will choose the best based on
expertise. Evaluate the suitability of drugs recommendations
based on the system, and the doctor, True Positive (TP) is
used, which means the doctor approves the recommended
drug. The dataset (DS) is the total amount of data, the
formula shown in Table XVIL The first stage of testing
compares drug recommendations using the Ordinal scale,
and the second stage will be carried out to compare drug
recommendations using fuzzy logic. The results of drug
recommendations using the Ordinal scale can be seen in
Table XVL

TABLE XVI !F'
THE ESTIMATION OF ANTIDIABETIC DRUGS SYSTEM
Parameter Definition
True positive rate (TP)  The system recommends, and the
doctor agrees
Dataset (DS) The total amount of record
byd
Accuracy = Py (4)

Tatalnumber of recommend drugs
Total Dataset

x100%

Accuracy=
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TABLE XVII
COMPARISON OF ACCURACY ORDINAL SCALE AND Fuzzy
First g d
Scale . ecpp Average
medicine medicine
Ordinal 11 9
7o+ 100% 70" 100% 47.5%
= 50% = 45%
Fuzzy 18 20
ﬁ* 100% E*ll]l]% 90%
= 90% = 90%

The recommendation to use Fuzzy does not have much
difference with the dataset doctor. The difference lies in the
number of Biguanide recommendations that the dataset
recommends as many as 14, but the system only
recommends 12. Based on the accuracy value calculation,
the fuzzy logic application has better accuracy, with an
average difference of 43%. The application of fuzzy logic
was high-speed and lower cost in recommending reliable
drugs [26].

IV.

Based on the description, explanation, and testing that
have been done, we get a few conclusions. This study

ONCLUSION




applied antidiabetic drugs' suitability Esed on the patient's
health condition using the Profile Matching and Fuzzy Logic
methods. Based on the evaluations Fuzzy Logic can
recommend antidiabetic drugs that are better than using the
Ordinal scale. In addition to the recommendation of the type
of medicine, the system can also recommend the dosage and
frequency of using Tsukamoto's FIS so thatit is more precise
and reduces the errors of medical staff in recommending
drugs and can have a positive impact on patients in terms of
time, the healing process, and lower costs. This study
provides knowledge that antidiabetic drug determination
requires as many as 17 parameters, while other courses only
use 4-8 parameters. This study also describes the number of
drugs that drug companies can produce. Usually, companies
only make low and high dosage. This research shows that
creating various dofiges of the drug is more efficient for
patients. However, this research still needs to be reviewed
and continued considering that it still has some weaknesses
and shortcomings from the dataset to the number of
parameters.
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