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Abstract— Diabetes is a lifelong (chronic) diseaselease at a
rapid rate because of sedate life style, changes urban culture,
unhealthy foods and lacking of physical activityt.ik an incurable
chronic disease, but through true diabetes screenirand
advanced sugar monitoring can prevent risky complions. A
little information, Precaution and absolute care guh can go a
long way to dealing with diabetes. It is very hard teake an
excellent care plan and maintaining healthy bloodugose level
for patients and their health care providers. Inithresearch work
we proposed a case base decision support systeipatients with
diabetes. Case based reasoning is an artificial ligence
technique to detect diabetes and its type, itsmeshess and giving
the appropriate care plan. This system helps dostand patients
to check, analyze and repair solutions. A case cetsiof a
problem description (e.g. symptoms) and a soluti@ng. a care
plan and a therapy). Cases are stored in a databafssases called
case bases. To solve an actual problem a notiorsiofilarity is
used to retrieve similar cases from case bases. 3blations of
these found similar cases are used as starting p®ifor solving
the actual problems at hand. The system analyzessymptoms of
the patients and gives the exact types of diabetssseriousness
level and the appropriate care plan for approprigtatients. If it is
not found then system generates basic care plaoiplogy. After
that system modified that case and stored in iteregxpanding
database for future use. The learning process of CBRéataining
the modified solved case in the data base is gevdsg scope to
solve new problems in future.

Keywords— Case-Based Reasoning, Detection, Diagnosi
Ontology.

I. INTRODUCTION

The purpose of this project is to show the appbcabf
CBR through Diabetes detection and care systene-Gased
reasoning (CBR) is defined as the process of splview
cases based on the solutions of similar past ¢akda CBR
technology, a case usually denotes a problem &ituaf
previously experienced situation, which has beguturad
and learned in a way that it can reused in theirmplof future
cases, is referred to as a past case, Previousstasel case,
or retained case.

disease type, its complexity and produce relevangé plan
which pronouncedly produces certain symptoms egpeed
by the patients. From the symptoms observed byé#tient
and its severity, a particular disease type ancbitsplexity is
tried to be diagnosed through similarity matchinghvthe
past cases.

In recent years, we are facing a substantial grgwirmber
of chronic disease patients. The death ratio oforulr
diseases has replaced acute infectious diseaties fiast and
diabetes death is in the fifth place of leadingseaaf death
[2]. Currently, diabetes is not curable but carcdetrolled by
drugs, diet, exercise and other helpful methodabBties care
needs long-term care. The drawback of giving largitcare
plan consumes a lot of medical man power and cé&sts.
removing this major drawback of traditional and omn
system of giving long term care plan requires a m&y to
producing efficient personalized care plan. In otdéouild a
personalized care plan, this research combined-luzsed
reasoning [3] and ontology [4] technology from fécial
intelligence to solve this problem. One major featof
case-based reasoning is it can store successftilsobf past
problems (cases) in case base, and when therenswa
problem (case) coming, it will search the case hasind
similar cases solutions to solve the new one. Ficient
usages of Case-based Reasoning method case bademws
ssufficient number of cases, so when the casesusficient or
Cannot match new cases, we use another technology,
ontology, to support this situation. We collectldites care
related knowledge, such as health information,
pharmaceutical care, diet care, sports care aner oth
knowledge, and then build diabetes care ontologgctly and
structurally. When case-based Reasoning cannotsfimiar
cases, the system will initiate a querying proéesdiabetes
care ontology [4] and generate a basic care pladdotors to
adjust and retain it. In this case, the systemnr®g care
knowledge again. Advantages of using ontology daares
and reuse knowledge easily. Together these twotdaies,
we are able to personalized diabetes care suggestio
efficiently and thus reduce the cost of diabetes 3.

Correspondingly, a new case or unsolved case is the

description of new cases to be solved. Cases aredsin a
database of cases called a Case Base (CB). Toaohetual
case a notation of similarities between cases assl Wo
retrieve top most similar cases from the case base.
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The solutions of these similar cases are thenassthrting
points for solving the actual case. Our proposedehs a

Diabetes Detection and care System (DDCS) thattietee
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Il. LITERATURE REVIEW

Diabetes Care Decision Support System, which coasbin
CBR and Ontology to generate personalized care filha
result of this research shows, this system canigeedviabetes
care plan according to patient's profile and ttarsreduce the
consumption of medical Resources while providesisient
care quality at the Same time [5].

Emerging  Applications for Intelligent Diabetes
Management describes three emerging applicatiomas th
employ Al to ease this task and shares difficukiesountered
in transitioning Al technology from university resehers to
patients and physicianthe 4Diabetes Support System TM
(4DSS) aims to: (a) automatically Detect problemsBiG
control; (b) propose solutions to detected problesnsl (c)
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remember which solutions are effective or ineffeetfor

individual patients. CBR was selected as the inétggoroach
because: (a) Diabetes management guidelines aszajén

nature, requiring personalization; (b)veide range of both
physical and lifestyle factors [6].

problem descriptions and a corresponding set of
adaptation rules.

5. When a case base already exists.

A. The CBR cycle

Toward case based reasoning for diabetes managemenf\t the highest level of generality, a general CBBle may be

preliminary clinical studies and decision suppagsents a

described by the following four processes [10]:

case-based decision support system prototype tistasd- RETRIEVE the most similar case or cases

patients with Type 1 diabetes on insulin pump therdhese
patients must vigilantly maintain blood glucosediswvithin
prescribed target ranges to prevent
complications, including blindness, neuropathy, dredrt
failure [7].

REUSE the information and knowledge in thatects
solve the problem

serious diseade REVISE the proposed solution

4. RETAIN the parts of this experience likely te bseful

for future problem solving

The study of Use of Case-Based Reasoning to Enhanceé® NeéW problem is solved by retrievingne or more

Intensive Management of Patients on Insulin Pumerdjpy ~Previously experienced cases, reusing the casedimay or
was conducted to develop case-based decision suppdffother, revising the solution based on reusingeaigus
software to improve glucose control in patientshviigpe 1 Case, and retaining the new experience by incotipgri into

diabetes mellitus (T1DM) on insulin pump therapyhisT
software can screen large volumes of clinical dathglucose
levels from patients with T1DM, identify clinicargblems,
and offer solutions. It has potential applicatiannianaging
all forms of diabetes [8].

CBR has been used as a KM technique in medicaicese
for decision support in diagnosis and partly foerdpeutic
tasks. CASEY has been one of the earliest mediqaédre
systems using CBR for heart failure diagnosis, FEQRE is
for health care problem in nursing, MEDIC is a snheébased
diagnostic reasoned on the domain of pulmonolaagstn,
PSIQ is for diagnostic and therapeutic advice endbmain of
mental disorders, GS.52 supports the diagnosisrabiphic
Syndromes and TROPIX is used to diagnose tropic
diseases.

A CBR System for Decision support in Air Traffic ool
for conflict resolution, ISAC has been developed9hthat
take into account safety critical issues. A cohfticcurs in
ATC when two or more aircraft pass too close togeth is
the air traffic controller’s job to resolve poteaitconflicts by
adjusting the trajectories of the aircraft. The iradton in
designing ISAC has been to reduce the decision ngaki
burden on controllers especially for the futureaastraffic
volumes increase.

[ll. CASE BASED REASONING

the existing knowledge-base (case base). The fmoepses

problem -
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Fig. 1: The CBR Cycle [Aamodt and Plaza, 1994]

Case-Based Reasoning is an approach to model the y&ach involves a number of more specific steps, lwhid be

humans think and an approach to build intelligerstesms.
CBR solves a new problem by doing the followingcaie
similar experiences (made in the past) from memeunses
that experience in the context of the new situafi@use it
partially, completely or modified) —new experieratgained
this way is stored to memory again It is sub-dikog of
Artificial Intelligence. It belongs to Machine Ledang
methods. Case based reasoning solves new problgms
selecting cases used for similar problems and \wnfeally)
adapting the belonging solution. Case based reagon
relevance’s in these cases given below:

1. When a domain theory does not exist, but exam@esa

are easy to find.

2. When an expert in the domain is not availableois t
expensive, or is incapable of articulating verbdiig
performance, but example cases are easy to find.

3. When it is difficult to specify domain rules, butaanple
cases are easy to find.

4. When cases with similar solutions have similar prob

descriptions i.e. there exists a similarity metfar
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described in the task model. In figure 1, this eyd$
illustrated.

An initial description of a problem (top of figurdgfines a
newcase. This new case is used to RETRIEVE a case from
the collection of previousases. The retrievedase is
combined with the new case - through REUSE - irdolaed
case, i.e. a proposesblution to the initial problem. Through
the REVISE process this solution is tested for esscDuring
RETAIN, useful experience is retained for futurese, and
the case base is updated by a new leacese, or by
modification of some existing cases [11].

B. Contents of a Case

Mandatory Optionally
Problem part Context (e.qg. justifioas) pointer to
other relevant cases.

Solution quality asseest steps of
the solution.

The main difficulty arises, when the actual sitoatis not
identical to the previous one. Then, in exactngssviolved.

Solution part
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A main feature of CBR techniques is that they aliow generates basic care plan by ontology. After tlyatesn
exact or approximate reasoning in a controlled raann modified that case and stored in its ever expandatgbase

C. Advantage of Case Base Reasoning for future use.

1. Avoidance of High Knowledge Acquisition Effort. B. Some Case Att.ributes and their corresponding Weight

2. Simpler Maintenance of the Knowledge in the Systemnfor €ach types of Diabetes

3. Facilitation of Intelligent Retrieval (compared to The case base in this research work has been pegula
data-base systems). through continuous studies of diabetes from varigeksites

4. High Quality of Solutions for Poorly Understood[12] [13] [14] [15]. An effort has been made to dim
Domains. co-relation between the initial cases and the input

5. High User Acceptance. parameters/attributes of the cases to arrive atrehaive

importance of the parameters/attributes. Weighte Heeen
assigned to each attribute on assumptions based on
conclusions by experienced Medical Professionale T
figure 2 shows the different weights of some ofghmptoms

IV. DIFFERENT TYPES OF DIABETES

Diabetes mellitus, often simply referred to as diab, is a
group of metabolic diseases in which a person hshiood

sugar, either because the body does not producegkno

insulin, or because cells do not respond to thelimshat is Symptoms Weighted Values (0 to 1) of all
produced. This high blood sugar produces the daksi types of Diabetes
symptoms of polyuria (frequent urination), polydgs D1 D2 D3 D4
(increased thirst) an polyphasia (increased hQrger Age 0.8 04 02 0.6
There are three main types of diabetes: Sex 0.7 0.4 09 | 02
Type 1 diabetes: results from the body's failurprioduce | Familyhistory of diabetes 0.8 08 | 04 | 08
insulin, and presently requires the person to injpsulin | Lessphysicalactivity 08 05 08 | 05
(Also referred to asnsulin-dependent diabetes mellitus, St};::gevel 32 gg gi gg
IDDM for short, anduvenile diabetes). i r—— 0.8 0.8 0'8 0'7
. . . . .. y hfestyle . . . .
_ Typ_e 2 dlabetes:_ results from msglm reastanccmrwlltlo_n Tncreasing age 08 07 02 04
in which cells fail to use insulin properly, sonme#is  [Seentaryjobswithlonghourof 08 08 01 07
combined with an absolute insulin deficiency (Forsne | work
referred to asnon-insulin-dependent diabetes mellitus, |Inexplicable work pressure 0.8 0.8 04 0.7
NIDDM for short, anchdult-onset diabetes) [12]. Stress full living 0.6 09 07 0.9
Gestational diabetes: is when pregnant women, veive h | Ailment 0.6 08 08 09
never had diabetes before, have a high blood giutmee| | Fattyandjunkfood 0.7 09 | 08 | 08
during pregnancy. It may precede development of pM | Changesin urban culture 08 07 | 02 | 09
[13]. Excess!ve‘rhlrst 09 0.9 0.1 09
Other forms of diabetes mellitus include congenite Excessive hunger 09 0.2 0.1 0.7
Freauenturination 0.9 0.8 0.9 0.9

against the various types of diabetes:

diabetes, which is due to genetic defects of inssdicretion, |
cystic fibrosis-related diabetes, steroid diabételsiced by
high doses of glucocorticoids, and several
monogenic diabetes.

Fig. 2: Case attributes and their weigtiue

forms of

C. System Architecture

The Complication of Diabetes includes Heart disgase This system consists of four main modules namesyliser

Stomach Nerve Damage, Kidney Failure etc. Riskdfaat

Interface module, the CBR module, the Diabetes Care

Diabetes mainly concerns with obesity, pancreaseabes Ontology module and the Knowledge engineering mesiul

and genetics and family history, and Seriousneg3iaifetes
defines as the situation where risk factor and dimanions of

In our example the user is a qualified medical Kieolge
engineering module professional and his interaotiith the

Diabetes is more and makes very bad impact to alieris  system environment is through menus and tablesalla
[16]. Diabetes care plan is totally depends up@sehthree him/her to simulate the patient's conditidfigure 3 depicts

aspect of the disease.

V. SYSTEM CONCEPT DEVOLOPMENT

A. Goals of Proposed System

Our research work proposed a case base decisi@orsup
system for patients with diabetes. It is an aitfimtelligence
technique (Case based reasoning) to detect diabatb#ts
type, its seriousness and giving the appropriate glan. This
system helps doctors and patients to check, analydeepair
solutions. A case consists of a problem descrip{ewqy.
symptoms) and a solution (e.g. a care plan ance@ply).
Cases are stored in a database of cases callethasse To
solve an actual problem a notion of similarity ised to
retrieve similar cases from case bases. The sokibbthese
found similar cases are used as starting pointsdiwing the
actual problems at hand. If it is not found therstesn
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the architecture of DDCS.

1. User Interface Module: In this module users ertteirt
profile and symptoms. That entered data goingeamthxt
module named case based reasoning module for furthe
processing. After processing the result is alsevatpin
this module.
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TUSERINTERFACE ,:l
Diabetes
H = .
) >
DDCS oy Queryl [ Query? ;estl . Similarity
. nalysis cercise Care | ¢
Environment yois || Table
I —|| Type 1 }7_,‘ Risk Factor ‘7 ,| Diet Care 5:
]
CBR Module Diabetes care ontology module | Add New Case 5
Casesin | CaseRetrieval Basic Care Plan
. o » Compl - =
Library & Similarity l
Low Glyemic
Expert Opinion Tome 2 - Dict Care T
ype 2 Risk Factor 3
and Personalized _ﬂ }__.| }_ —
- Careplanby
Medical
CBR Database Diabetes care Professional and
Confirmed as
ontology —
New case Gestational Risk Factor -
dataase ™ | =
K Seriousness }——>| Diet Care
et
Knowledge Complication _J Exerdse Care ]::
ineeri Protsin & Starch
Engineering | [ === e

Fig. 3: System architecture

Diabetes

Medicine Care |

Seriousness

2. Case-based reasoning module (CBR Module):
According to the users profile and symptoms (Query)
condition this module retrieve the cases. Based on
similarity function, only cases passed the sinmyaiimit

Fig. 4: Partial ontology structure of Care Plan

VI. ALGORITHM AND FLOW CHART
Stepl: First check for 15 most common symptoms of

will send back to the user interface module fomsing.

User can select any one of the cases to see tad dediabetes. ‘Queryl’ is the first phase query thatubmitted.

information or modify the information.
3. Diabetes care ontology module: This system wilsoea

By patient real case study and discussing withthezdre
provider the intensity (F) and weight (W) of thessenptoms

diabetes care concepts and relations through tf@r @ healthy human has fixed. As we know healtbynan
information passed from CBR. It is the case when trhave certain range and sign of these symptoms. Wieen
case-based reasoning module cannot found satisfigdlculate the weighted average of these symptoms as

cases and the system will consult this module te e

general care recommendation. This recommendation is

reviewed by professionals to confirm or revise, ahd
becomes a new knowledge and will store in casédata
for future use.

T (for i=1 to n) =3 (Wi * Fi)/ 3 (Wi)

This “T” is the threshold value for passing thesffistep i.e.

4. Knowledge engineering modules: This module is tsed this weighted average value shows patient hasitbace of

construct diabetes care knowledge database,

idabetes.

ontology. The knowledge comes from diabetes care Now the system calculate the same weighted aveftage

expert.

D. Care Plan

A care-based decision support system designatgtide
an efficient care plan for specific patients. Faclenew case,
a basic care plan is generated by ontology. Istrstem fails
to produce nearly similar cases then this basie p&an will
be the starting point of making decisions for degt®ur plan
include medicine care plan, diet care plan, exercée plan.
For diabetes patients these cares are very muaedesnd
necessary. Doctors who use this system can mduificare
plan for each new case and store it into the datalizor every
complication, risk factors and seriousness levéhefdisease,
care plan varies. Each past care plan which arievetby the
system can help the doctors in making decisionedisas they
can introduces new care plans for specific news;aghich
can be store in the database by the doctors fareuise.
Figure 4 shows the partial ontology structure a$ tGare
Plan.
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each new case (say Ti) and compare if {Ti > T} tigerto the
second step for type, complexity and risk factodiabetes as
the patient have chance of Diabetes.

If {Ti < T} then no need to check further becaukere are no
chance of having diabetes.

Step2: ‘Query2’ is the second phase query that is sueohit
having all symptoms that from patients suffering fboe
checking of type, complexity and risk factor of Dédes.

To check similarity between new case and past tase
system first calculate the distance between valoés
individual symptoms (Local similarity) and distaroetween
new and past cases (Global similarity).

New case and past case have values (p) and (c) for

symptoms
(f). To find the local similarity
1. For Numeric features :-
of (New case, Past case) = {|p - c|/ (max differgnce
2. For Symbolic features :-

of (New Case, Pastcase) =0ifp=c
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otherwise
3.So the distance between two cases (Global sinyiaist
given as

A (New Case, past case) = weighted sumdb{flew case,
Pastajagor all features

Hence the Similarity between coming new case aarkbdt
past cases is given as

Similarity Index {SI} (problem, case) =1/(1& (New
Case, Past case))

Step3: For each of the case in the case base. We cidbka
Similarity Index (SI) with respect to the QueryBdamaintain
a reverse sorted list of the case bases usin&this

Step4: Check the maximum value of the SI (Wmax) against

the Threshold value that is determined by Initigatning

| SSN: 2231-2307, Volume-2, I ssue-6, January 2013

. S

Enter Query
Dizziness [fes Iv] Fasting sugar High E
Weakness 60% }' Bed wetting No } v
Hyperglycaemia [Yes E} Tingling and numbnessof body ~ |Yes E}
Vomiting Yes }: Loss or gain of weight High E

Blurred vision [High moderate "“ Abdominal pain High "“
Frequent urination [Yes H Blindness moderate H
Recurrent fungal infection chs ‘:\ Surgery foot ulcers No ‘:\

{10% H Cauts or sores that won't heal Normal ]

Excessive thirst and hunger

Knowledge £) i.e. Wph»<£, then we go to the step6. P2 sugar High v/ HDL Cholestrol above it |+

Step5: We regard the given query as a new case and &ald i |

the existing case base for future use and go pi6te Eshaustion or fatigue [Yes w| Uric Acid Normal w|

Step6: We analyze the top similar cases from the case ba

and accordingly suggest the remedial measure antb go | s Lhove it = Gholestrol booral |
sl ™ \

step10.

Step7. Go for further medical test and investigation. If o | ¥ |

medical test proves the patients have particulgesyof
diabetes then go to step8, otherwise go to step9.

Step8: Add that case to the case base or adopt thewitse
some modifications.

Step9: Learned from the failed case.

Step10: End of the Query2 cycle.

Stepll: End of the Queryl cycle

The flow chart for our proposed system is showfigare5:

Calculate the weighted average value of common symptoms for a healthy
human and set that value as Threshold (T).

Enter “queryl” with most common symptoms and calculate the weighted
average with these svinptoms (Ti).

No

No need to go for
further verification
as patient has any
chance of getting
and

Diabetes.

Chance of having diabeteg. Go to further verification
for type. complexity and risk factor of disease.

Use distance calculation of each symptom between
two cases i.e. calledlocal similarity.

having ‘
Calculate global similarity using “SI” to find ‘

similarity for each match.

Generate areverse order list of the case as per the
Global Similarity (S1).

Yes

Go for further

medical and lab test.

Choose between 10 most
similar cases

Modify and learned the

Negative Positive

Discard

NEW cases

1
‘ Learned from the failed case '—4 1

STOP

Fig. 5: Flowchart of DDCS

VIl. METHODOLOGYAND RESULTS

In the first phase of the process user providesyhwtoms
which he/she suffers from. This symptom is the guef a
new case to the DDCS system.

136

Fig. 6: Typical CBR partial Query for DDCS

If the weighted average of these common symptoms is

greater than the threshold value (i.e. set forthgdluman)
then there is high probability of having DiabetdSor
checking the complexity, risk factor and seriossnievel of
disease user again give all the symptoms whicpalients is
suffering from along with some medical test rep®ttis is the
query?2 of the DDCS system. A typical CBR partiaéyufor
Diabetes Detection and care System is look likeréds.

After that the system retrieves the similar casemfthe
case base according to the similarity index anedas the
data provided by the patient. Similarity index adoulated by
using local and global similarity of cases. Thealand global
similarity index is calculated by distance methedaplained
in the algorithm. According to similarity index dlarity table
is generated and it gives the reverse order of riogitar
cases. Check the maximum value of the SIng&)) against a
Threshold Score valuef) that is determined by Initial
Learning Knowledge of the DDCS. If the Simax is ajeg
than threshold score then system retrieves modasioases.
If not then go to further medical test, and aftattcase may
be adopted by user or discarded. After retrievinglar cases
the system produce care plan for new case accotditige
similar past case and doctor can adopt that care @ may
refer new cares for specific patients. If the sysigunable to
find the similar cases then a basic care planbeilgenerated
by ontology. Based on new case provided by theepata
similar case with its care plan will be retrievedshown in
figure 7.
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