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Abstract.Case Based Reasoning (CBR) is the first choice in experience-based
problems as diagnosis. However, building a case base for CBR is a challenging.
Electronic Health Record (EHR) data can provide a starting point for building
case base, but it needs a set of preprocessing steps. In this paper, we propose a
case-base preparation framework for CBR systems. This framework consists of
three main phases including data preparation, fuzzification, and coding. This
paper will focus only on the data-preprocessing phase to prepare the EHR data-
base as a knowledge source for CBR cases. It will use many machine-learning
algorithms for feature selection and weighing, normalization, and others. As a
case study, we will apply these algorithms on diabetes diagnosis data set. To
check the effect of data preparation steps, a CBR prototype will being designed
for diabetes diagnosis and prediction of its complications as kidney failure. The
results show an enhancement to the case retrieval process of the implemented
CBR system.

Keywords : case based reasoning, data preprocessing, diabetes diagnosis, clini-
cal decision support system, electronic health record, and case-base knowledge.

1 Introduction

Diabetes Mellitus (DM) is a serious disease. If it has not treated on time and properly,
it can lead to serious complications including death. This makes diabetes one of the
main priorities in medical science research, which in turn generates huge amounts of
data. These data are transactional and distributed in the patient's EHR. Early diabetes
diagnosis is the most critical step in diabetes management. The diagnosis of diabetes
is an ill-formed problem and depends on the physician experience. Case Based Rea-
soning (CBR) is considered as the most suitable Clinical Decision Support System
(CDSS) for dealing with these problems where physicians share their experience [1,
2]. Therefore, case-base creation is a challenging step. On the other hand, CBR is
appealing in medical domains because a case-base already exists as storing symp-
toms, medical history, physical examinations, lab tests, diagnoses, treatments, and
outcomes for each patient [3]. However, because clinical data are usually incomplete,
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inconsistent, and noisy, these data need a set of preparation steps before converted
into CDSS knowledge [4]. The first step is the data preprocessing stage that is applied
to enhance data quality. The second step is the data fuzzification stage that is used to
handle vague knowledge. Finally, the third step is the coding stage that is used to rep-
resent the processed data with standard coding systems such as SNOMED CT [5].

Authors in [6, 7] stated that the introduction of health information technology like
EHRs has not led to improvements in the quality of the data being recorded, but rather
to the recording of a greater quantity of bad data. As a result, Lei [8] has proposed
what he called the first law of informatics: "data shall be used only for the purpose for
which they were collected.” In the same time, EHR contains all the current and histo-
ry of medical data of the patient. These data can be used as a complete source
for building the CBR’s case-base [4]. The quality of CBR is based on the quality of
case-base content [3]. EHR data quality measurement and improvement must be an
essential step before using its data in CDSS’s knowledge base [4]. As a result, data
preprocessing steps are the first and the foremost to improve the accuracy of CBR
systems [9]. By focusing on DM diagnosis, its medical dataset is seldom complete
[10]. Moreover, because diabetes is a lifelong disease, even data available for an indi-
vidual patient may be massive and difficult to interpret. Data preprocessing steps in-
clude deleting of low quality rows and columns, feature selection, feature mining,
integration, transformation (i.e. normalization and discretization), data cleaning, fea-
ture weighting, etc. [11]. An example of a system focusing on feature mining is the
dietary counseling system by Wu et al. [12]. Jagannathan and Petrovic [13] have con-
cluded that missing values in the case-base pose a common and serious problem that
impairs the performance of the system, and they have provided an imputation method
to deal with missing value. However, they have only handled missing values of some
attributes, and they have left others. Floyd et al. [14] have concluded that applying
preprocessing techniques to a case-base as feature selection can increase the perfor-
mance of a CBR system.

Case retrieval is the most important phase in CBR system. However, it is mainly
depend on the types of case-base knowledge and its quality. All existing case retrieval
algorithms depend on one type of knowledge for retrieval [43]. We will combine the
most important three techniques for data preparation to enhance the case retrieval
process especially for medical domain. In this paper, our proposed framework will
result in cleaned, normalized, fuzzified, and encoded knowledge. These types of
knowledge will support different queries and different types of similarity algorithms,
which improve the retrieval phase of CBR system. Diabetes diagnosis is used as a
case study for applying this framework. There are not CBR systems that utilize ma-
chine-learning algorithms to prepare case-base knowledge. Moreover, most of CBR
systems for diabetes diagnosis have used a diabetes specific data set. However, diabe-
tes as a chronic disease results in many other diseases as nephropathy, retinopathy,
neuropathy, heart diseases, stroke, and others [42]. In our data set, patient is described
by 70 different features, as shown in Table 1. These features link diabetes with other
diseases, such as cancer, kidney disease, and liver diseases. A CBR-based CDSS for
diabetes diagnosis will be designed using myCBR 3 protégé plug-in [36]. The diagno-
sis will be the patient's diabetes status plus his future conditions of having other
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diseases, such as cancers. The paper is organized as follows. Section 2 provides relat-
ed works, section 3 provides a description of our diabetes data set, section 4 provides
the proposed preparation framework, section 5 provides a case study for CBR system,
and finally section 6 provides the conclusion and future works.

2 Related Work

Data quality of EHR should be measured before using it as a knowledge source.
Weiskopf and Weng [15] have determined five dimensions to measure the quality of
EHR data. Klompas et al. [16] has asserted that EHR data can improve diabetes man-
agement even if its raw data quality is low. For achieving data quality, a prepro-
cessing or data preparation step is critical for any knowledge based CDSS system
[17]. For example, the case retrieval algorithms, such as nearest neighbor, require data
cleaning and normalization steps [13, 18]. Low quality data need handling in CBR.
For example, Xie et al. [19] have handled missing values and unmatched features in
case retrieval algorithm. Guessouma et al. [20] have proposed five approaches for
managing missing data problem in a medical CBR system. The data preprocessing
steps include data cleaning [13], data transformation [10], feature mining and selec-
tion [21], etc. Especially for CBR, the conversion of database structure to case-base
structure is a critical step [4]. Database record is similar to case-base case, but trans-
formation from generic EHR to specialized case-base is not a straightforward map-
ping of attributes. In order to change one of simple database records into a case, it is
required to associate an experience to the record [22]. Abidi et al. [4] have assumed
that the structure of case-base is defined in advance. They have mapped the structure
then contents of EHR to case-base. However, this assumption is not realistic. The
structure of the case-base depends on the structure and contents of EHR, and it must
be inferred from it. As EHR contains patient raw chronicle data, a temporal abstrac-
tion preparation step is critical to aggregate and provide trends from patient data [23].
Moreover, features weights must be specified for case retrieval algorithms [1]. It can
be determined manually by domain expert and CPGs [20] or automatically using ma-
chine learning algorithms [24], e.g. neural network [4]. The choice of case features
that best distinguish classes of instances has a large impact on the similarity measure
[22], and it improves the performance and decrease the complexity [3]. This process
can be done automatically [25] (using techniques as information gain [26] and Relief
[27]) or manually [28, 29] according to domain expert or CPGs. Kotsiantis [30] has
surveyed data preprocessing algorithms for each step. Han et al. [31] have proposed
the preprocessing steps for a DM data set using RapidMiner [37]. There is no single
sequence of data pre-processing algorithms with the best performance [30]. As a re-
sult, data preprocessing is a set of not ordered steps [17]. It can be an inherent com-
ponent of a CBR system, or it can be performed as a preprocessing step. For example,
eXiT*CBR [32] system incorporate basic preprocessing steps as discretization, nor-
malization and feature selection techniques. However, the complete list of needed
preprocessing steps is different according to the nature of data and the CBR system
purpose [3]. As a result, this paper will provide the preprocessing step as a separate
phase before CBR system processes.
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3 Data Set Description

The paper uses a data set from diagnostic biochemical lab, AutoLab of Mansoura
institution, Mansoura University, Mansoura, Egypt. This data was collected in the
period from January 2010 through August 2013. The control subjects were healthy
and recruited from the diagnostic biochemical lab and were matched by age, sex and
ethnicity to the case subjects. The eligibility criteria for controls were the same as
those for patients, except for having a cancer diagnosis. A short structured question-
naire was used to screen for potential controls based on the eligibility criteria. Analy-
sis of the answers received on the short questionnaire indicated that 80% of those
questioned agreed to participate in clinical research. A total of 67 eligible subjects
were ascertained in the current study. However, 7 control subjects were excluded due
to limited blood samples for testing AFP. Blood samples (5 mL) were taken, centri-
fuged, and the serum separated and stored at 220uC until analyzed. Serum samples
were assayed for AFP by enzyme-linked immunosorbent assay with commercial kits
(Abbott, North Chicago, IL), transferase (ALT) and aspartate aminotransferase
(AST), with an auto-analyzer (Hitachi Model 736, Japan) and commercial Kits.

The problem features include: Demographics (Residence, Occupation, Gender,
Age, BMI); Lab tests (HbAIC, 2h PG, FPG); Hematological Profile (e.g.
Prothrombin INR, Red cell count, Hemoglobin, Haematocrit (PCV), MCV, MCH,
MCHC, Platelet count, White cell count, Basophils, Lymphocytes, Monocytes,
Eosinophils); Symptoms (Urination frequency, Vision, Thirst, Hunger, Fatigue); Kid-
ney Function Lab tests (Serum Potassium, Serum Urea, Serum Uric acid, Serum
Creatinine, Serum Sodium); Lipid Profile (LDL cholesterol, Total cholesterol, Tri-
glycerides, HDL cholesterol); Tumor Markers (FERRITIN, AFP Serum, CA-125);
Urine Analysis (Chemical Examination (Protein, Blood, Bilirubin, Glucose, Ketones,
Urolibingen), Microscopic Examination (Pus, RBcs, Crystals)); Liver Function Tests
(S_Albumin, Total Protein, Total Bilirubin, Direct Bilirubin, SGOT (AST), SGPT
(ALT), Alk_Phosphatase, y GT); Females History (Amenorrhea, Birth, Dysmenor-
rhea). Solution features include: Diabetes Diagnosis; Nephropathy check;
Hypercholestremia check; Tumor Markers; Liver problem; Radiological Diagnosis
(Glomerulonephrinitis, Shrunken kidney, HCC, HCV, Ovarian cancer, Fatty Liver,
Splenomegaly). Table 1 is a sample of the tested features, and we have selected a uni-
fied Unit of Measurement (UoM) for each lab test. All features’ values are converted
to the selected UoM.

Table 1. Patient features (Data type:N=Numerical, C=Categorical, and O=Ordinal }.

[Feature type Feature name [Data type [Normal Range |UoM Min-Mean-Max
IDemographics IBMI N 18.5-25 kg/m” 20-33.117-45
IDiabetes Lab Tests [HbA1C N <=5 mmol/L 5-6.373-74
IF Profile globi. N 12-16 g/dL 9.8-12.332-13.4
hite cell count N 4-11 1073/cmm 6-8.055-9.2

[Symptoms [Urination frequency [¢] - - -
[Kidney Function Lab tests  |Serum Uric acid N 3.0-7.0 mg/dL 3-4.237-79

[Serum Creatinine N 0.7-14 mg/dL 0.9-1.35-3.6
[Lipid Profile ILDL cholesterol N 0-130 mg/dL 50-94.917-170
[Tumor Markers IFERRITIN N 28 -397 ng/mL -
ILiver Fun. Tests IS. Albumin N 35-5.0 g/dL 1.9-4.082-5.4
[Females Histor: |JAmenorrhea [¢) - - -
[Diagnosis IDiabetes Diagnosis C

INephropathy check C

[Hypercholestremia check C

[Tumor Markers C

[Liver problem C
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Table 2 show a sample of 11 case with all features describing diabetic patients.
These raw data will be prepared as a case base knowledge for diabetes diagnosis
CDSS based on CBR technique. Our case base will contain 60 cases.

Table 2. A sample of 11 cases from our raw data set before preprocessing

[case [Case 1 ‘ase 2 ase 3 [Case 4 [Case 5 ‘ase 6 [Case 7 ‘ase 8 [Case 9 [Case 10 [Case11
'm o p3 1 | Jao s 4 1 o s Iz_«y
|Gender M I M M I IF M IF IF
% 59 b7 2 5 53 k3 ] 2 55 |53 l60
ision [plurred llergy /redness [Non on [Allergy P lnon ller- [Non [Non [Allergy/
I ath, ey/redness retinopath
[Fatigue on jon [+ k- [+ k- [+ [+ [+
unger on on Ir I [ - [Non on [ [ on
hirst on - - [ = [ on [ I Non
rination Freq. on on on = e [Non on [ [ on
esidence rban Rural ural rban Jurban rban rban rban K_\rlban ban ural
Decupation ‘cacher Verchant armer ngineer _[worker harmacist___[Doctor on orker erchant__[Teacher
hPG 80 90 200 20 30 75 5 30
PG 20 25 30 40 50 17 1 50
E’AIC ¥ 5 X3 9 Bl 2 3 il
|G in (INR) E Bl a 3 14
[Basophils 1 .5 5 1
[Eosinophi 4 4 4 4 4
lonocytes
ymphocytes 5 § 32 7 32 7 7
hite cell count - 2 5 9
latelet count 000 954 198 10
78 b7 (08 78
ps oo o P84
Z5 764 [70 745
acmatocrit 68 345 343 368
128 134 104 128
count [5.88 N 54
8 ¥ ) 9 )
35 I 35 52 34 35
Serum Creatinin 6 4 Bl
Serum Uric acid 3 2 rl 9 ] @ 1
Serum Urea 6 b7 8 2 E 9
DL Joo 85 5 65 8T 7
EL cholesterol 51 55 To0 5 les 'Ts
iglycerides [158 141 J152 80 142 13. 101 67
[200 00 '&” 40 00 [200 00 55 [200
[Normal jormal [Normal jormal jormal ormal jormal ormal__|Normal
[Normal jormal [Normal jormal jormal [Normal __[Abnormal ormal___[Abnormal
[Normal ormal [Normal ormal bnormal ___|Normal ormal ormal ormal ___[Normal
I+ il INiT il = il INiT Nil Nil NiT Nil
- Eﬂ INiT Eﬂ [ [ INiT Nil Nil Nil [
I il INit il [ iy INit Nil Nil Nil [
il INiT NiT il INiT Nil Nil Nil INiT
e+ [+ INil il [+ [+ INiL Nil Nil Nil J++
e [ INiT il [ [ INiT Nil Nil Nil et
INil il Nt INil Nil Nil Nil INiT
- il i [ il il Nil Nil Nil [+
I+ [ il i e il il Nil INil Nil [+
[Albumin s N} - 5 ) 4 E ] s
[Total protein b7 2 Y] X 1 7} Xl = 2 4 75
GT 22 %n 8 7 5 3 4 bs oo 8 68
|Alk. phosphatase 250 189 00 10 170 84 50 P89 189 00 210
[55 s b2 20 55 2 10 52 5 2 23
ko ] 9 5 Ja0 0 8 s 9 5 45
03 04 3 0.5 o3 0.5 ] 13 3 4 6
I 1 2 09 I 8 B ] 2
[Normal jormal ormal ormal_|Normal wins ormal verweight [Normal ormal ormal
aby
[Normal jormal [+ ormal___|Normal ormal [Normal ormal [Normal [Normal __|Normal
menorrhea [Normal ormal I+ ormal___|Normal ormal [Normal ormal [Normal [Normal __[Normal
iabetes Diagnosis [Prediabetic Diabetic’ [Diabetic Diabetic [Diabetic Diabetic [Prediabetic [Diabetic [Diabetic
[Normal ormal _[Nephropathy _[Normal [Normal ormal [Normal [Normal  [Normal
[Normal jormal [Normal ormal_[Hypercholestre [Normal [Normal jormal y y
Jmia Jmia Jremia
[Normal jormal [Normal ormal_|Normal varian cancer [Normal _[Hepatocellular [Normal [Normal _[Hepatocellular
noma
iver Diagnosis ormal ormal ormal ormal___|Normal ormal ormal
lG1 initi o e o o [Yes o o
hrunken kidney o e o 0 [Yes o o
CC o o o o o o s o
CV o o o o o [Yes o o
varian cancer o o o o o o INo o o
[Fatty Liver 0 0] 0 0] o) o) INo o) 0
k o o o o o o [Yes o o

4 Case-Base Preparation Framework

In this section, we propose a case-base preparation framework for extracting a diabe-
tes diagnosis case-base from EHR databases, as shown in Fig. 1. This framework dis-
cusses the conversion of both structure and content of EHR database to a derived
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case-base structure and content. There are three sequential phases for creating a case-
base from EHR including data preprocessing, data fuzzification, and data encoding.
We have proposed, in other work, a standard data model based on HL7 RIM [38] to
standardize the structure of case base. This data model will be utilized to prepare the
case-base structure. Moreover, we have created an OWL 2 ontology for diabetes con-
cepts from SNOMED CT to be used for coding and standardizing the case-base con-
tents. Encoding phase is performed to standardize the textual contents of case-base
according to standard medical ontology [5]. Because of space restrictions, the data
preparation phase will be discussed in this work, and the other two phases will be
considered in future works. Because it is the general case, we will assume that EHRs
(the case sources) are in relational database format [33], and do not use any coding
mechanisms (e.g. the data are in primitive types only like numerical, textual, etc.)

4.1 Data Extraction, Integration, and Anonymization

EHR contains medical, administration, financial, security, and privacy information.
By concentrating on medical data, it contains heterogeneous data about patient,
related to his lifelong health states. Moreover, that information structure and represen-
tation format of EHR varies across different HISs. Interoperability of EHRs is out of
scope. We need to collect only data fields related to DM diagnosis from all of patients
EHRs into a coherent data store. According to our domain expert and Clinical Prac-
tice Guidelines (CPGs), the list of diagnostic data elements are identified including
lab tests, symptoms, and others. These data elements are extracted from multiple
sources (i.e. EHRs). These sources require object matching and schema integration
strategies. Data integration can help reducing and avoiding redundancies and incon-
sistencies in the resulting data set. We will follow a manual process for schema
integration, i.e. attributes names conflict. Object matching requires attribute tuple
redundancy detection and prevention. Anonymization is a privacy preservation step.
We have removed all patient personal details, and the paper will depend on an artifi-
cial identifier for each case.

EHR System 1
(structure + content)

—_———
EHR System n
(structure + content)

Data Extraction Data preprocessing

e —
DM
data set

(1) Data Preparation

High Quality
data set

Structure
conversion

Case structure

Fuzzification

& Case-base coding Fuzzified
(3) Data Coding with SNOMED data set (2) Data Fuzzification

Case-base population
—_
CBR case-base (Struc-
ture + content)

Fig. 1. Case-base preparation phases

Coded
data set

L ——
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4.2  Data Preprocessing Steps

This paper focus on the representation of case-base in attribute-value tables, because
it is one of the most common kind of case representation in CBR. Moreover, the at-
tributes types will be nominal and numerical only with no object and concept types.
Currently available options in our CBR are: feature weighting, feature selection, out-
lier detection and removal, handling missing values, categorical feature coding, and
others. These steps are performed sequentially on the raw case-base data to produce a
new high quality case base. Fig. 2 shows that case-base pre-processing steps are se-
quential, where P; is a pre-processing step.

New

Case Cas
Base _ _‘ e

Base

Fig. 2. The case-base pre-processing steps

4.2.1 Handling Missing Values and Categorical Features Coding

The effect of incomplete data on retrieval performance is an important issue because
it affects both precision and recall of retrieval algorithm [34]. There are so many
methods for handling missing values. In our case, we will remove: (1) all cases with
more than or equal to 50% of missing features, (2) all features with more than
or equal to 50% of missing values. Missing values will be filled using the k-NN algo-
rithm [41], where the corresponding feature of the most similar case will fill
the missed feature. The features data types are numerical, ordinal, and nominal.

Table 3. Categorical and diagnosis features codes

Categorical Feature Coded Values Original value # of cases
Urination Frequency 0 Non (Normal) i.e. 3-5 times urination per day 42
1 ¥ i.e. 6-8 times urination per day 1
2 T+ i.e. 9-10 times urination per day 11
3 +++ i.e. more than 10 times urination per day 3
CA-125 0 (i.e. Normal) Numerical values 57
1 (i.e. Abnormal) Numerical values 3
FERRITIN 0 (i.e. Normal) Numerical values 58
1 (i.e. Abnormal) Numerical values 2
AFP Serum 0 (i.e. Normal) Numerical values 56
1 (i.e. Abnormal) Numerical values 4
Urine Analysis 0 (i.e. Nil) 1 (i.e. +) 2 (i.e. ++) 3 (i.e. ++4)
Protein 50 1 7 2
RBcs 49 9 1 1
Crystals 55 4 1 0
Diabetes Diagnosis 0 Normal 8
1 Prediabetic 19
2 Prediabetic/Gestational 1
3 Diabetic 29
4 Diabetic/Gestational 3
Nephropathy Check 0= Normal Empt 49
1= Abnormal Nephropathy 11
Hypercholestremia Check 0= Normal Empt 46
1= Abnormal H t emia 14
Cancer Type 0 Empty (i.e. Normal) 52
1 Ovarian cancer (Pr 1 ) 3
2 Liver cirrhosis 1
3 HCC (liver cancer or Hepatocellular carcinoma) 4
Liver Problem 0 Normal 50
1 Fatty (bright) liver 3
2 HCV (virus C) 3
3 HCC (liver cancer) 4
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Numerical features (i.e. lab tests) will not be coded. As a special case of numerical
features, FERRITIN, AFP Serum, and CA-125 will be coded as Normal and Abnor-
mal. On the other hand, all categorical and ordinal features (e.g. patient symptoms)
will be coded. Moreover, the diagnosis features (the case solution) which include dia-
betes diagnosis, Nephropathy check, Hypercholestremia check, kidney problems, liv-
er problems, and Radiological diagnoses will also be coded. RapidMiner Studio 6.0
has done the coding process, using Discretize Operator. This operator discretizes the
selected attributes into user-specified classes using a simple mapping process. Table 3
shows a sample of the coded features.

4.2.2 Feature Selection

A sufficient and appropriate description for the problem is necessary to describe it in
a case-base form [35]. The collected features for patients are huge, and they have dif-
ferent levels of importance for determining the diagnosis of diabetic patient. Initial
feature vector is collected from domain expert, EHR database schema and diabetes
diagnosis CPGs, as discusses in section 3. The large number of features affects the
performance of the case retrieval algorithm. If extraneous and misleading features are
removed, the similarity measures can retrieve cases that are more useful. As a result,
feature selection algorithms must be applied on the collected features to determine the
most important ones. There are two types of feature selection methods: Wrapper
methods and Filter methods [39]. As the two methods are complementary, we will try
algorithms from both approaches. We have applied a set of machine learning algo-
rithms [39], and we have compared their results. For example, in WEKA, we have
examined K-NN classifier, Naive Bayes, C4.5 decision tree, and fuzzy rough feature
selection. Moreover, in RapidMiner, we have examined rule induction technique in
backward elimination optimization technique, rule induction technique in forward
selection optimization technique, k-NN technique in backward elimination optimiza-
tion technique, and decision tree technique in genetic algorithm optimization. For
space restrictions, we will not discuss any details about these algorithms. We can
range the most important features repeated in feature selection algorithms. The most
important feature is HbAlc, and it will have the highest weight in CBR system.
Moreover, it can be noticed that feature selection algorithms have selected overlapped
sets of features. As a result, we will combine the collected features from these algo-
rithms to participate in case representation in our CBR system.

4.2.3 Feature Weight Assignment

Feature weighting process is used to improve the performance of the case retrieval
algorithm. Weights can be attached to cases, so that cases considered more important
for a given application when have higher weights. Weight vectors can also be as-
signed to description variables: one can either use the same weight vector for all cas-
es, or assign individual weight vectors to each case. As a result, high significant at-
tributes will receive higher weights. This paper calculates, using machine learning
algorithms and tools, a single weights vector for features of the entire case-base.
Feature weighting will be calculated by using variety of algorithms. In Table 4, we
have calculated features weights using the following algorithms [37, 40]: A= Genetic
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Algorithm + decision tree, B= Genetic Algorithm + rule induction, C= Particle swarm
optimization, D= Information Gain technique, E= Correlation Technique. Because
some features have been selected in feature selection, but they have weight = zero in
feature weighting algorithms, we will take the maximum of these weights as the fea-
ture weight vector in our CBR system. Table 3 shows a sample of features weights
that are vales € [0, 1]. All selected features in previous section will have weights.

Table 4. Features weights

A B © D E}

2hPG 0.060 0.001 1.000 0.894 0.038 1
Birth 0.128 0.551 0.396 0.206 0.248 0.551
CAI125 0.515 0.011 0.000 0.043 0.298 0.515
Blood 0.124 0.241 0.000 0.110 0.410 0.410
Ketones 0.254 0.129 0.000 0.290 0.736 0.736
D. bilirubin 0.000 0.004 0.000 0.082 0.172 0.172
FERRITIN 0.312 0.204 0.000 0.024 0.305 0.312
Hunger 0.377 0.202 0.929 0.074 0.308 0.929
HbAIC 0.030 0.025 0.370 1.000 0.049

Hemoglobin 0.092 0.176 0.619 0.157 0.699 0.699
Platelet count 0.020 0.118 1.000 0.111 0.422

Prothrombin INR 0.134 0.057 0.056 0.051 0.689 0.689
Red cell count 0.047 0.089 0.897 0.157 0.745 0.897
Residence 0.063 0.391 1.000 0.031 0.520 1
SGOT_AST 0.150 0.106 0.000 0.070 0.271 .271
SGPT_ALT 0.061 0.000 0.000 0.059 0.311 .311
S. Potassium 0.099 0.165 0.047 0.077 0.746 .746
S. Sodium 0.104 0.144 0.095 0.098 0.363 .363
S. Uric acid 0.000 0.136 1.000 0.087 0.522 1
Triglycerides 0.014 0.127 0.000 0.101 0.790 0.790
White cell count 0.096 0.020 1.000 0.134 0.221 1

4.2.4 Outlier Detection and Handling

Retrieval performance in CBR is likely to be adversely affected if noise is presented
in the case library. While many learning algorithms can be modified to be noise toler-
ant, it is difficult to make instance-based learning (IBL) algorithms such as k-nearest
neighbor (k-NN) algorithm or case-based reasoning (CBR) robust against noise.
Moreover, outliers will affect the normalization process in the next section. In our
data set, we have checked for outliers using RapidMiner’s Detect Outlier (Distances)
operator. This operator identifies n outliers in the given dataset based on the distance
to their k nearest neighbors. We have found that all outlier cases are tightly affected
by extreme values of some specific features, and these values are replaced by our
domain experts.

4.2.5 Normalization of Numerical Attributes

Most CBR retrieval algorithms (e.g. k-NN) are depending on distance similarity func-
tions as Euclidean distance. Therefore, all attributes should have the same scale for a
fair comparison between them. Normalization of the data is very important when
dealing with attributes of different units and scales. Regarding normalization of nu-
merical attributes, a key issue is having all the local similarity measures in the same
scale [0, 1] to combine them at the global similarity measure. There are many normal-
ization techniques as Z-score and Min-Max. RapidMiner has normalize operator,
which normalize all of the numerical features using Min-Max technique. All features
are normalized in specific [C, D] range using Eq.1 where A is the old value, B is the
normalized value. The used range in our case is [0.0, 1.0].
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A — minimum value of A
:( )*(D—C)+C "

maximum value of A — minimum value of A

After the previous preprocessing steps, our normalized data set is now ready for
building the diabetes diagnosis case-base. In the following section, we will build a
CBR system prototype using myCBR3 protégé plugin [36]. The myCBR is an open-
source similarity-based retrieval tool, and it comes in three forms: protégé plugin,
workbench, and software development kit (SDK). In this paper, we will use the first
form.

5 Case Study

To check the effects of data preprocessing on the quality of CBR results, we will pro-
vide a prototype of a CBR system using myCBR framework [36]. The following sub-
sections describe the developing phase of CBR.

5.1 Case-Base Formulation

We have a case-base containing 60 cases in the form: CaseBase= {case,, case, ...
caseqy), where case;=case (F; S;), present the i" case of database. Each case has ID.
Fi= (f.1, fio---fin) presents the problem description features of case i, and f;, present the
n™ feature of case C;. These are 58 features includes patient's lab tests as HbAlc and
symptoms as Thirst. S;= (s;;, s;...8,) presents the solution sets of case C;, whereas s;,
presents the n” solution of case C;. Each solution has 12 features and determines the
diabetes diagnosis of a patient plus his probability of having a kidney problem (e.g.
Glomerulonephrinitis, shrunken kidney, etc.), liver problem (e.g. Fatty liver, HCV,
HCC, etc.), Hypercholestremia, and Nephropathy. The myCBR supports case repre-
sentation by CSV data file in the form of attribute-value using CSV data import mod-
ule. Fig. 3 shows the myCBR screen after importing the data set into a new class Pa-
tient that will be used as query and case values for retrieval step.

5.2  Modeling Similarity Measures

The k-NN algorithm is used for case retrieval. It follows the local-global approach
that divides the similarity definition into a local similarity measures for each attribute,
weight for each attribute, and a global similarity measure for calculating the similarity
of cases. Different types of features have different similarity comparison methods. For
attributes of the data type float, integer, and ordinal, we used distance functions. We
used similarity tables for symbolic value ranges. In our case, if each case has n attrib-
utes then the similarity between query g and case c is calculated using Egs. 2, 3, 4, as
shown in Fig. 4.
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Where D; and w; denote the local similarity measure and the weight of attribute i,
respectively. Sim is the similarity between q and c. Dist represents the weighted
Euclidian distance between two cases which is special case of Minkowski Distance
(MD). The choice of the parameter p depends on the importance we give to the dif-

ferences.
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Fig. 3. The patient case data representation in myCBR

[ D

The weight values of the case Id and Class features are zero. The myCBR support the
modification of the default similarity functions for nominal and numerical feature.
Moreover, it supports the definition of similarity between UNKNOWN and
UNDEFINED values, and it allows the creation of other special values.
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Fig. 4. The features local similarity functions

5.3  Testing of Retrieval Functionality

Case retrieval is the most critical step to test CBR functionality, and the whole purpose of
our proposed framework is to improve it. The definition of an optimal similarity measure
is often a difficult and tricky task. It requires repeatedly testing and fine-tuning. We have
tested the 60 cases that are exist in the case base. The physician query will be normalized
and coded before entered to the CBR system. We have tested our framework with a list of
new cases. Cases descriptions will be entered to the system as queries, and the output will
be the patient diabetes diagnosis including normal, prediabetic, diabetic, etc. Moreover,
the systems will provide the patient probability to produce other complications as kidney
failure. Retrieved cases are sorted by the level of similarity to the query. Fig. 5 shows one
query after retrieving the most similar cases using CBR Retrieval tab in protégé. Moreo-
ver, the Queries tab in protégé can be used to build queries. We have measured the retriev-
al accuracy of the system. The accuracy means the ability of the system to retrieve the
right or the similar case. The applied preprocessing steps have increased the accuracy of
the CBR system to find the most suitable case. The value of k has not determine because
myCBR framework will return all the case with their similarity level ranging from 100
(i.e. exact similarity) to O (i.e. not similar). All tested cases are retrieved with 100% accu-
racy. The retrieved case may need some adaptation to generate the final solution, but this
task is out of scope.
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Fig. 5. The case-base query retrieval

6 Conclusion

In this paper, we have proposed a case-base preparation framework. The paper concentrat-
ed on the data preprocessing steps including missing values handling, feature selection,
feature weighing, outlier detection, and normalization. Multiple machine learning algo-
rithms have been applied to preprocess the case-base data. A CBR system has been im-
plemented as a case study on diabetes diagnosis data set, and the results has been recorded.
The preparation of EHR data enhances the accuracy of the retrieval phase of our CBR
system. In our future works, we will complete the implementation of our case-base prepa-
ration framework including the fuzzification of the case base, implementation of fuzzy
similarity technique and codifying of the case-base using a standardized ontology as
SNOMED CT, ICD, or UMLS. Moreover, we will increase our case-base size with new
cases to enhance the accuracy the CBR system decision.
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