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Abstract The topic of drug interactions has received
great attention worldwide recently. If a drug is not
administered in appropriate quantity with an appropriate
combination of the drug with drug or other substances, the
result will be a high risk of dangerous interactions which
lead to potentially harmful side effects which are ranging
from treatment failure, economic degradation, and death
due to lack of drug information and maladministration of
drugs among health professionals. Thus, this study was
initiated with the main aim to develop a self-learning
knowledge-based system to mitigate the impact of drug
interactions. To develop this system, design science
methodology with the integration of knowledge
engineering method was used; and semi-structured
interview, document analysis to acquire knowledge;
questionnaire to grasp users’ feedback, and purposive
sampling technique to select domain experts were used.
The acquired knowledge was then represented using a
production rule and modelled using a decision tree. The
system was implemented wusing PROLOG on
SWI-PROLOG editor and evaluated using system
performance and user acceptance testing. The developed
system was evaluated and 96% of the users were satisfied.
As well as the performance of the system was evaluated
and recorded 80% accuracy, thus it can be concluded that
the system achieves good performance. However, in order
to make the system fully applicable in the domain area,
further research work to incorporate adequate knowledge,

develop online knowledge-based systems and mobile
applications were recommended to enhance the
accessibility of the developed system.

Keywords Diabetes Mellitus, Drug Interactions,
Knowledge-Based System, Self-Learning, Model

1. Introduction

1.1. Background of the Study

A drug is a substance used in treating diseases [1] and is
formulated in different forms and when used wisely, it
produces the desired effect of improving patients’ health
status. If different drugs or other substances are taken
simultaneously, drug interactions (DIs) are formed. DI
prevents a drug from performing as expected, intensifies
pharmacological effects, and poses potential harm [2, 3].
DIs are growing more complex and thus making
appropriate decisions more and more difficult [4].

Drug interaction falls into three broad categories: (a)
drug-drug interactions (DDI); (b) drug-food interactions
(DFI) and; (c) drug-condition interactions (DCI) [5]. When
the number of drugs used increases, so does the number of
possible drug combinations, increasing the risk of DDI.
DDils are the possibility that the pharmacological effect of
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one drug might be altered by another drug. When drugs are
combined with each other, one drug may intensify or
reduce the effects of the other one produce a new response,
and cause unexpected toxicity and failure of the
pharmacological therapy [5]. Drugs can also show their
efficiency only if administered in appropriate quantity
with an appropriate combination of drugs and foods. DI
also happens as DCI in which the combination of drugs that
never be used because of the presence of a high risk of a
dangerous interaction with patient condition or
comorbidities.

To mitigate the impacts of Dls, it needs human experts
who are aware and have information or knowledge of DIs
impact and serve patients intelligently [6]. To handle these
problems, it was not properly functioned by health
professionals due to less awareness to practice at medical
schools on DIs [7]. Due to these shortcomings, developing
a knowledge-based system (KBS) was very vital. The goal
of developing a self-learning KBS to mitigate the impacts
of DIs was, to capture the knowledge of domain experts
and the science of medication and implement in a way this
knowledge is available to less experienced users [8]. Thus,
this study was initiated with the main aim to develop
self-learning KBS to mitigate the impact of DIs in Type Il
Diabetes Mellitus (T2DM). Diabetes mellitus (DM), is a
metabolic disorder resulting from a defect in insulin
secretion, insulin action.

T2DM occurs when the body cannot effectively utilize
insulin and it causes blindness, kidney failure, stroke,
hypoglycemia, heart disease, and nerve damage [9, 10].
Patients with T2DM are known to be at risk of drug therapy
problems since they often receive multiple medications [11,
12].

According to Luke, et al., (2018), worldwide, more than
half of all medicines are dispensed inappropriately, and
half of the patients fail to take them correctly and seventy
thousand cases of death happen yearly in the world due to
mis-prescription of drugs. If patients take lots of drugs
daily without having knowledge of their impact, it
increases the risk for adverse drug reactions, toxicity,
potentially harmful side effects ranging from treatment
failure, economic degradation, illnesses, and even death
[13].

Having the knowledge of DFI is necessary since it
results in serious threatening problems by affecting the
biological action of drugs [1]. Food consumption is not
documented on patient medical records, making DFIs more
difficult and can alter the body's ability to utilize a
particular food or drug [14]. Contraindication in different
patient conditions (age, pregnancy, breastfeeding, and
personal gene) and comorbidities causes toxic effects due
to misusage of drug [15]. During pregnancy, drugs taken
by mothers can affect the fetus and cause irritation to the
digestive tract, gastric bleeding, and lead to hyperglycemia,
hypoglycemia, or diabetes [16]. In the United States alone,
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the cost of managing drug-related morbidity and mortality
was reported to be about $37.6 billion annually [17].

In healthcare, to minimize medication errors, multiple
treatment options like manual standard treatment
guidelines were available. However, as the medicine
process became more complex, manuals became
inconvenient to read, interpret, and apply the knowledge
they contained. Therefore, developing a self-learning KBS
system provides knowledge of Dls to mitigate its impact
and allows health professionals to have common
knowledge of Dls and, as a consequence, provide patients
with appropriate treatment. To the knowledge of the
researcher, such a system was not done was initiated with
the main objective to develop a self-learning KBS to
mitigate the impacts of DIs on Type Il two diabetes
mellitus.

2. Methodology

Methodology is the systematic and theoretical analysis
of the methods applied to a field of study which guides how
research is conducted by providing tools. It develops a
critical and scientific attitude, ability to evaluate and use
research results [18]. The most common research
methodologies are design science, qualitative and
guantitative. Since it offers specific guidelines for
evaluation and iteration within research projects and
combines different research methods used for qualitative
and quantitative research, design science was selected for
this study. It also involves the creation of an artifact that
aims to improve understanding of information systems.

Design science typically involves the creation of an
artifact that aims to improve understanding of information
systems. The knowledge of design science research is
important for improving expert systems development
research. The traditional expert system development
methodologies encompass steps for identifying and
analyzing problems and system requirements, designing
solution strategies, implementing system solutions, and
testing the system in the problem domain. But, design
science consists of a starting phase of knowledge
acquisition or problem identification then designing the
system artifact, and finally with a phase of evaluation
within the practical problem context which did not focus on
innovation of new results.

For these reasons, design science is generally accepted
as a valid design as it contributes to knowledge and design
theories beyond practical problem-solving. Design science
is significant in expert system development and brings
benefits for novel expert system design because it better
supports designers or researchers in exploring knowledge
contribution and embedding behavioral or human aspects
into the artifact design. Design science is different from
other designs due to its contribution to new knowledge.
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2.1. Sampling Techniques and Sample Size

2.1.1. Sampling Techniques

A purposive sampling technique was used for this study.
Because purposive sampling is one of the most common
sampling techniques in which participants are decided to
pre-selected criteria.

2.1.2. Sample Size

Using the purposive sampling technique, thirteen health
professionals were selected to be consulted based on their
willingness, experience, and the area they expertized to
deal with T2DM by considering Dls.

2.1.3. Study Area

The researcher acquired domain knowledge from Jimma
University Medical Center (JUMC). JUMC is found in
Jimma town, Oromia Region, which is located 350km
southwest of Addis Ababa in Ethiopia [19].

2.1.4. Data Sources

Both primary data sources like domain experts and
secondary data sources such as manuals, books, printed
materials, and scientific publications were used to conduct
this study.

2.1.5. Knowledge-Based System Development Procedures

The developed system used the knowledge engineering
method under design science research methodology. There
are steps to be followed to develop KBS as explained
below. Knowledge acquisition is the process of acquiring
knowledge from domain experts or/and other sources such
as journals, articles, periodicals, conference papers, reports,
books, and manuals. The acquired knowledge was verified,
validated, and used as an input for knowledge modeling.
Knowledge of drug interaction was acquired using a
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semi-structured interview and document analysis; as well,
a questionnaire was used to grasp evaluators’ feedback.

The selected drugs were categorized into patients’
conditions (pediatric, adult, pregnant, and breastfeeding).
Next, the drugs that interacted with each selected drug
were identified. Additionally, the lists of foods and
detergents negatively affecting each drug were recognized
and the comorbidities or patient history i.e., if a patient has
other diseases while taking the appropriate drug is
identified. Then, the acquired knowledge was modeled
using a decision tree and represented using a rule base.
This system was implemented using PROLOG on
SWI-Prolog editor.

The implemented system includes KBS components
such as knowledge base, inference engine, explanation
facility, user interface, fact base, and self-learning. Finally,
system performance was evaluated using precision, recall,
f-measure to know how the system accurately works and
user acceptance was evaluated using eight close-ended
questions and five open-ended questions.

3. System Implementation, Evaluation,
and Discussion

3.1. Architecture of the System

Architecture is a creative activity or modules that
externally visible properties of those modules. It
decomposes a system into components and defines their
relationships. It has the advantage of capturing and
communicating the result of products in an easily
understandable manner. Different researchers used
different architectures which had various components. The
architecture of this system contains a knowledge base, fact
base, inference engine, user interface, self-learning, and
explanation facility components as depicted in figure 1.
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Figure 1. System architecture

@drugintem.pl [modified] =8| ¥
File Edit Browse Compile Prolog Pce Help 4|9
drugintern.pl [modified] I
/* drug interaction for pediatrics with type two dm rules */ 2]
peddm:- verify(has type two diabetes mellitus),

verify(is_pediatric),

verify(has_hypoglycemia), adf, =
write('* muended drug for pediatric patients with T2DM and hypoglycemia is: *'),nl,nl,
write('* Glimpiride *'),nl,nl,
write('™*  mmmmeeeeee *'),nl,nl,
Write ('*====================Lists of drugs and foods or detergents should be avolded while taking glimpride ar *') ,nl,nl,
B R R R R L L I It
write(' " -»fluconazole *'),nl,
write(' * ->chloramphenicol *'),nl,
write(' " -»sulfonamides and *'),nl,
write(' * ->metformin *1) ,nl,‘
write(' * ->also not use alcoholic beverages *'),nl,

e R R L D L R TR IS I

v

Line: 68

Figure 1.

3.1.1. Knowledge Base

In this system, the knowledge base contains a set of rules
or the encoded knowledge about mitigation of DIs impact.
After the validated knowledge was represented in the form
of IF-THEN rules using the rule-based knowledge
representation technique, the rules were codified. A sample
of rules in the knowledge base of this system is presented
as follows.

Sample of rules for T2DM: Rule 1: verify (has type Il
diabetes mellitus), verify (is pediatric), verify (has

Sample of rules for pediatric with T2DM

hypoglycemia), write (‘recommended drug for this patient
is glimepiride’), write (avoid using drugs such as
fluconazole,  chloramphenicol,  sulfonamides  and
metformin’), write (‘avoid alcoholic beverages). In rule 1,
the system asks the user if the pediatric patient has type 1l
diabetes mellitus. Glimepiride drug is recommended if the
patient has hypoglycemia in addition to T2DM and inform
not to take drugs and foods such as fluconazole,
chloramphenicol, sulfonamides, metformin drugs, and
alcoholic beverages as shown in figure 2.
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.‘-" SWI-Prolog -- c;/Users/JSS/Desktop/articles 4 publication/1T2DM article/drugintern.pl
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=B8] X

File Edit Settings Run Debug Help

welcome to SWI-Prolog (Multi-threaded, 64 bits, Version 6.4.0)
Copyright (c) 1990-2013 University of Amsterdam, VU Amsterdam
SWI-Prolog comes with ABSOLUTELY NO WARRANTY. This is free software,
and you are welcome to redistribute it under certain conditions.
Please visit http://www.swi-prolog.org for details.

For help, use ?- help(Topic). or ?- apropos (Word)
1 7- start.

% drugintern.pl compiled 0.00 sec, 2 clauses

% c:/Users/JSS/Desktop/artigTes 4 pub1fcati9n/1TZDM qrtfc1e/drugintern.p1 compiled 0.00 sec, 28 clauses

|

* DEVELOPED BY AMANSISA EMBABO,

============="WELCOME TO A SELF-LEARNING KNOWLEDGE BASED SYSTEM TO MITIGATE THE IMPACT OF DRUG

2020 G.C.*

¥* *JIMMA UNIVERSITY*

* *

2020 G.C. *

* Please type "start." and dot then press to start

FAANAAAAANNAAAA~—————————— AAAAAAAAAAARA——————————— AAAAAAAAAAAAAA -~ ——————
This system has been developed to control the impact of drug interactions on patient health *

on selected chronic diseases such as T2DM, heart failure and epilepsy! *

Do you want to start to detect the impeacts of druginteraction(yes/no)?
l:

Figure 3.  Welcome page

.‘.3 SWI-Prolog -- c:/Users/JSS/Desktop/articles 4 publication/1T2DM article/drugintern.pl

File Edit Settings Run Debug Help

%

Write yes or no and write depending on disease type, patient condition and patient history *

Is the patient --> has_type_two_diabetes_mellitus ? yes
Is the patient --> ds_pediatric ? yes
Is the patient --> has_hypoglycemia ? yes.

% learnf.pl compiled
Is the patient

0.00 sec, 4 clauses
has_liver_failure ? yes.

* Glimpiride

____________________ Recommended drug for pediatric patients with T2DM and hypoglycemia is:

* ->fluconazole

* ->chloramphenicol

* ->sulfonamides and

* —>metformin

* ->also not use alcoholic beverages

1

* Insulin

,,,,,,,,,,,,, Other drug used for pediatric patients with renal disease in additin to T2DM is:

,,,,,,,,,,,,,,,,,,,, Lists of drugs and foods or detergents should be avoided while taking Insulin are:

Furosemide, antibiotics, guinitnidine and lcoholic beverages *

THANKYOU FOR CHOOSING AND USING THIS SYSTEM!

write di to add new patiet history, write explanation for drug explanation, write yes and dot then press enter key to
- 1

continue

Figure 4. Ul of DI in a pediatric patient with type Il diabetes mellitus

3.1.2. Inference Engine

The inference engine operates starting from disease type,
patient’s condition, and comorbidity which require drug
therapy by selecting a rule from the knowledge base and
searching for the facts that satisfy the given condition. The
knowledge base is a set of rules or the encoded knowledge
about mitigation of Dls. Fact Base is a database used to
accumulate the set of facts when new patient history or
comorbidity is added to it.

3.1.3. User Interface

User interface is a means of communication of the user
with the system to help the users to interact with the
system.

After the welcome window is displayed, the system
requests the user to insert yes or no to proceed to detection
of Dls. Asks patients detailed information about disease
type, patient condition (pediatric, adult, pregnancy,
breastfeeding), and comorbidity. Then the patient
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condition, whether the patient is pediatric, adult, pregnancy,
or breastfeeding is asked. Next, the patient history or
comorbidity is identified if the patient had other diseases in
addition to T2DM. After identifying all these conditions,
the appropriate drug is recommended and lists of drugs and
foods that negatively affect the prescribed drug are
presented as depicted in figure 4.

If the disease type is T2DM, the system asks the patient
condition, i.e., whether the patient is pediatric. After that,
the system asks for the patient’s history or disease
comorbidity. When the patient had hypoglycemia disease
in addition to T2DM, the system recommended using
glimepiride drug. When taking glimepiride drugs, avoid
using drugs such as fluconazole, chloramphenicol,
sulfonamides, and metformin which negatively affect it.
Likewise, the users are informed to avoid taking an
alcoholic beverage with glimepiride.

If the user type “explanation” and “.” (a dot), the user
can insert unclear terms and get an explanation facility.
The user can access systems learnability and explanatory
facility at each operation performed.

A Self-Learning Knowledge Based System to Mitigate the Impact of Drug Interactions in Type Two Diabetes Mellitus

3.1.4. Explanation Facility of the System

The explanation facilities used to have more realistic
dialogs with the system. The system provides explanation
facility in two ways. The first one is, by asking what/why
questions as shown in Figure 5.

The system allows users to ask questions for unclear
facts by using what and why questions. The “what”
question is used to know the facts to be checked, while,
“why” question answers the reason why the system is
asking.

In addition to what and why question to get explanation,
the system asks the users to insert unclear DI terms to get
clear information about the terms used in this system as
depicted in figure 6.

During this time, the system asks users to write the term
“explanation” and ““.” (a dot) then press the enter key. Next,
the system requests to insert the correct word which needs
further explanation with “.” (a dot) . If the correct word is
typed, the system displays the explanation of the inserted
word.

.& SWI-Prolog -- c/Users/JSS/Desktop/articles 4 publication/1T2DM article/drugintern.pl | ==X
File Edit Settings Run Debug Help
* * 2020 G.C. * -
EAAAAAAAAAAAAAA——————————— AAAAAAAAAAAAA -~~~ -~~~ ——— AAAAAAAAAAANNA =~~~ ——————— AAAAAAAAAAAAA——————————— AAAAAAAAAAAAA -~ — =~ -~ -~ -~ AAAAAAAAANNANS
* This system has been developed to control the impact of drug interactions on patient health ¥
® on selected chronic diseases such as T2DM, heart failure and epilepsy! ®
* Please type "start.” and dot then press to start *
Do you want to start to detect the impeacts of druginteraction(yes/no)?
:yes.
* Write yes or no and write depending on disease type, patient condition and patient history =

Is the patient --> has_type_two_diabetes_mellitus ? yes.

Yhy Et is needed to identify diseases types?(yes/no/what):
o what.

|: why.

d one?(yes/no):
BN |

this is to mean three types of diseases such as T2DM, heart failure and epilepsy are needed to be known?(yes/no/why) :

Because identification of specific disease is used to know the appropriate drug used and to avod drugs and foods which affect the recommende

Figure 5. How the system gives explanation facility taking what and why questions

.- SWI-Prolog -- ¢:/Users/ISS/Desktop/articles 4 publication/1T2DM article/drugintern.pl

File Edit Settings Run Debug Help

|z explanation.

| : drugint.

y dangerous and
fatal adverse events

THANKYOU FOR USING! THIS IS SELF EXPLANATORY PART OF THE SYSTEM
pediatic_with_type_two_dm

true

write di to add new patiet history, write explanation for drug explanation, write yes and dot then press enter key to continue

write the correct word for which you need an explanation and write dot then press Enter key

Drug_TInteraction is occurred when two or more drugs or drug and foods simultaneously administered and its combination may produce potentiall

m

Figure 6. How the system gives explanation by taking input from users
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i SWI-Prolog - c;/Users/JSS/Desktop/articles 4 publication/1T2DM article/drugintern.pl [ = | E
File Edit Settings Run Debug Help
wr'w'sg di to add new patiet history, write explanation for drug explanation, write yes and dot then press enter key to continue
: .
% learnf.pl compiled 0.00 sec, 4 clauses
Is new disease added to patient history?
Please tell me the name of the new disease patient has in addition to the disease under treatment
Disease/s? has_liver_failure.
Thankyou!
The new patient history is successfully added to the system!
pediatic_with_type_two_dm
true il E
Figure 7. Adding new patient history
c@ learnf.pl | = | [=] &
File Edit Browse Compile Prolog Pce Help E 1 3
learnf_pl ]
e dynamic{di/1) . -~
:— dynamic werifyh/1.
verifyh(has liver failure).
verifyh(liver failure).
verifyh(has hypoglycemia) .
—
directive Line: 1
Figure 8. The new patient history added to fact base
.&SWI—F'mIcg -- ¢:/Users/JSS/Desktop/articles 4 publication/1T2DM article/drugintern.pl ‘ = | 5] el
File Edit Settings Run Debug Help
* Write yes or no and write depending on disease type, patient condition and patient history w0

Is the patient --> has_type_two_diabetes_mellitus ? yes.

Is the patient --> is_pediatric 7 yes.
Is the patient --> has_hypoglycemia ? yes.

% learnf.pl compiled 0.00 sec, 4 clauses
Is the patient --> has_liver_failure ? yes.

Glimpiride

====================Recommended drug for pediatric patients with T2DM and hypoglycemia is:

mn

Figure 9. Using newly added patient history to knowledge base

3.1.5. Self-Learning Facility

As human beings can learn new things, imitation of such
learning is an essential component of a KBS component
that enables users to add new fact to fact base to remember
that fact the next time it is requested. Using the
self-learning component, a system has the capability of
learning new facts from the fact base and adding new
patient history to the knowledge base at running time. The
system can also remember the operations currently
performed using new patient history. The new patient
history is added as depicted in figure 7 above.

As displayed in figure 7, the user can add new patient
history into fact base by typing “di” and “.” (a dot). Then
the system provides space to type the name of patient
condition. If the user type liver failure and “.” ( a dot). The
new knowledge is saved in fact base as depicted in figure 8.

Then the newly added patient history is called by the

main program by the fact name “learnf” at running time.
There is a link called “di” and “.” (a dot) which adds the
new patient history into the knowledge base. The new
patient history is added into rules in the knowledge base
where the term a “di”’ is written as presented in figure 7.

The new patient history is added to the fact base and
knowledge base using structural learning. After the new
patient history is added to the knowledge base and if the
system performs some task, the operation recently
performed is remembered by asking whether the patient
has liver failure as depicted in figure 9. This shows as the
developed system is learning using structural learning
when the new patient history is added to the knowledge
base and fact base and using memorization learning when
remembering the newly added patient history. Then the
system remembers the operation currently taking place
using newly added fact.
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3.2. System Evaluation

System evaluation is used to know whether the objective
of this research work was accomplished, perform the
expected task and satisfy users’ needs. Testing is an
essential prerequisite to test whether the system is
successfully implemented or not [20]. System evaluation
takes place at the fourth step, a demonstration which
involves systems use in experimentation and proof is done
and in the fifth step, system evaluation takes place by
comparing the objectives and the actual observed results
from the use of the developed system in the demonstration.

The developed system was evaluated using recall,
precision, and F-measure, the parameters defined below, to
evaluate whether the system accurately performed its task
and a set of close and open-ended questions were prepared
to evaluate the acceptance of the system focusing on its
effectiveness, efficiency, speed, interactivity, usefulness
and completeness in providing solutions for DIs problems.

Precision (aka, positive predictive value) is the fraction
of relevant instances among the retrieved instance.

Recall (aka sensitivity) is the fraction of relevant
instances that were retrieved.

Both precision and recall are hence based on relevance.

F-Measure is a measure that combines precision and
recall is the harmonic mean of precision and recall, the
traditional F-measure or balanced F-score.

To measure the performance of the system, twenty test
cases about mitigation of DI were prepared to test whether
the system provided the right answer as human experts’
decision. And the result achieved shows as, 100%
precision, 77% recall, 87% F-measure, and 80% accuracy
of the system was recorded. User acceptance test for the
system was done by preparing a questionnaire and giving it
to users and then the satisfaction rate was calculated. The
result achieved from user acceptance shows that 96% of
users were satisfied by a self-learning KBS which
mitigates DIs impact.

3.3. Discussion

A self-learning KBS is working as it was promised to
mitigate the impact of Dls. Although the developed system
does not incorporate all knowledge of domain problems
such as all drugs required for T2DM, drugs for other
diseases, drug-related issues like drug-gene interaction,
drug dose, drug frequency, drug route, and laboratory
results, the system achieved the objectives intended to be
achieved. In this study, the total number of anti T2DM
drugs such as metformin, insulin, glibenclimide, and
glimepiride were selected

As discussed in system evaluation, the precision, recall,
f-measure, and accuracy of this system were measured in
the system performance evaluation section. Precision,
recall, f-measure, and accuracy achieved were 100%, 77%,
87%, and 80%, respectively. Additionally, the system was
tested to know to what extent it satisfies users’ needs based

A Self-Learning Knowledge Based System to Mitigate the Impact of Drug Interactions in Type Two Diabetes Mellitus

on the system’s easiness, interactivity or user-friendliness,
effectiveness, speed, accuracy, knowledge adequacy,
problem-solving ability, explanation facility, learnability,
and the significance of the system in domain area. The
result obtained shows, as 96% of the users were satisfied
with the developed system.

Regarding system performance testing, prior research in
related research work has reported different results, which
was 68% of the drug prescription error rate was controlled
by computerized physician order entry (CPOE) [21]. Other
researchers reported, their system which detects DDIs
when predicting DIs using an artificial neural network was
recorded 56% accuracy [22]. Kheshti and his colleagues
[23], also did research to measure the accuracy of five DDI
screening soft wares as discussed in related work. Out of
five soft wares, Lexi-Interact and epocrates scored the
highest 62.5% accuracy when screening DDI. When
performance results achieved from different systems in
drug-related issues are compared with the developed
system, the accuracy of a self-learning KBS to mitigate the
impacts of DIs in TIIDM is higher and scored 80%
accuracy.

The value achieved from user acceptance evaluation is
also compared with the work done by different researchers
on the same domain area. A study reported that 76% of
users were satisfied by on-demand DDI checker, also 89%
of users were satisfied by a self-learning system to
diagnose and treat chronic kidney disease [24]. When these
results were compared with acceptance testing of the
developed system (a self-learning KBS to mitigate the
impacts of DIs), 96% of users were satisfied. This shows as
the developed system records higher acceptance by users.

4. Conclusions

As stated well in this thesis, DIs have an impact on
patients who are taking drugs without taking care of using
other drugs and foods with the drug under usage. The
impact could range from the ineffectiveness of the
medication they take to developing complications or death.
This all condition occurred due to physicians’ knowledge
gap and lack of adequate information on DlIs. To mitigate
these impacts, a self-learning KBS was developed.
Accordingly, the findings obtained are encouraging to
mitigate DIs (DDI, DFI, and DCIs).

Users can interact with the system through questions and
users inputs. Accordingly, it asks a series of questions, and
users reply as “yes” or “no”. The system provides expected
decisions after asking the types of disease, patient
condition, and patient history sequentially. Then, the
system displayed a drug to be used and lists of drugs and
foods which are harmful if taken together. The system also
provides explanations using why and what questions, as
well as the user, can enter unclear DI terms for further
clarification and learning by using memorization and
structural learning.
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To evaluate the system, performance evaluation took
place using 20 cases. From these cases, the value recorded
on precision, recall, f-measure, and accuracy of the system
was 100%, 77%, 87%, and 80%, respectively. And 96% of
the evaluators were satisfied with the system. Generally, in
this research, the applicability of KBS was approved as a
useful approach for mitigating the impacts of DI on the
selected chronic diseases.

5. Recommendations

Although this study achieves its objectives by
developing a self-learning KBS to mitigate the impacts of
Dls for T2DM, further work is needed to fully implement
the functionality of the system by developing KBS on
unaddressed areas and the following are strongly
recommended:
® Due to the shortage of time, the developed system
focused only on DDI, DFI and DCI to mitigate the
problem of DIs. However, knowledge such as drug
gene interaction, drug route, drug frequency and drug
dose needs further investigation.

® This system works only using computer but, the
experts who have no computer cannot access the
system. Therefore, to enhance accessibility of the
system, it is recommended to develop mobile based
KBS.

® The developed system functions offline. However, to
make the system more usable even by the patients to
know what kind of drugs and foods are not allowed
while taking other drugs, it needs further research to
develop an online KBS using a centralized knowledge
base.

® To make the system more usable for patients, it is
recommended to include local languages in the
developed system.
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