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An Interval Type-2 Fuzzy Set Approach to
Breast Cancer Dataset Analysis
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Abstract-- The analysis of medical data is frequently
characterized with uncertainties which tend to attract complexity.
Therefore in this paper, an Interval Type-2 fuzzy set model: Hao
and Mendel Approach (HMA) is proposed to fuzzify breast cancer
data in order to handle quantitative attribute sharp boundary
problem and resolve inter and intra uncertainties. The HMA
comprises of the data and the fuzzy part to create interval type-2
fuzzy values. The data part involves data preprocessing of the
experts’ intervals and the fuzzy set part establishes the structure of
the FOU. The type reduction of the aggregated FOU is achieved by
computing the centroid (measure of uncertainty) of the Fuzzy Set
using the Enhanced Kernik-Mendel (EKM) approach. The
defuzzification of the outcome which is an interval Type-2 Fuzzy
set is achieved by computing the average of the interval’s two
endpoints; this captures and reflects the aggregate uncertainty of all
the medical experts for breast cancer analysis. This will enhance
interpretability of discrete intervals in medical dataset, providing a
smooth transition from a fuzzy set to another in order to handle the
sharp boundary interval problem and cater for inter and intra
uncertainty in data interval value as the same word has diverse
connotations to different people.

Index Terms-- Breast Cancer, Interval Type-2 Fuzzy Set, Hao
and Mendel Approach (HMA), Medical dataset.

I INTRODUCTION
EDICAL databases are developing in an increasingly
fast way with a huge measure of quantitative
attributes. Analyzing medical data is crucial for decision
making and medical administration [1]. And also for the
discovery of new patterns that can be mined by analysing
sample collections of example cases, defined by symbolic or
numeric descriptors [2]. Cancer is a dangerous disease which
is inherently caused by environmental factors that transform
and mutate genes encoding critical cell-regulatory proteins
[3]. Breast cancers are potentially life-threatening menaces
that are formed in one or both breasts. Roughly one in 26
women is at risk of being diagnosed with breast cancer in
their life time [4]. With prompt detection, there will be high
rate of survival. About 97% women survive for five years or
more [5].
Therefore, it is important to have a proficient and adequate
medical data analysis that effectively handling the
uncertainties from human intervention or opinion during the
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process of screening and identifying abnormality of the body
in order to reduce erroneous diagnosis of fatal consequences.

Fuzziness in a survey data could be due to variations in
opinion of one individual over repeated survey (Intra-expert)
or variations in opinion between individuals (Inter-expert).
[6] proposed a fuzzy type-1 set concept that captures a level
of uncertainty called intra-uncertainties in decision making
process. Intra-uncertainties mean the “uncertainty that a
person has about a word” [7]. Type-1 fuzzy set has been
widely applied in literature because they can manage large
heterogeneous data sets, cater for sharp boundary problem
and results are humanly understandable [8], [9], [10], [11].
Despite the uncertainties that are being modelled by type-1
fuzzy set, it cannot accurately reflect the linguistic
uncertainties of diverse opinions from different domain
experts which are very important in any decision-making
process.

However, [12] proposed type-2 fuzzy set. This has a
capacity to model all intra-uncertainties and inter-
uncertainties in the process of making decisions. Inter-
uncertainty means ‘“uncertainty that captures a group of
people’s intra-uncertainties about a word” [7]. Due to the
computational requirements of the type-2 fuzzy set, the
interval type-2 fuzzy set was suggested. The interval type-2
fuzzy set models diverse opinions from different individuals
by characterizing its members as membership grades of
type-1 fuzzy set and can accommodate situations where
precisely defined membership function may not be feasible
for a fuzzy set. This makes interval type-2 suitable for
capturing linguistic uncertainties where the same word has
diverse connotations to different people. Therefore, due to
the quantitative nature of most of the medical dataset there
is need for an interval type 2 fuzzification process in
analyzing medical dataset. This is important not only to
resolve sharp boundary problem but also to cater for intra
and inter uncertainties among the attribute values. This will
in turn enhance the intuitive representation of the dataset in
preprocessing for data analysis, datamining and prediction.

The organization of the remaining part of the paper is as
follows: the related works were review in section 2, followed
by methodology in section 3. Section 4 captures the
experimental result and discussion and conclusion in section
5.

Il RELATED WORKS
Data analysis commonly involves intricacy, vulnerability
and uncertainty. The utilization of fuzzy logic has been
advocated to deal with uncertainty and give clinicians
intuitive outcomes through linguistic rules [13]. Also, fuzzy
logic has been shown to be a superior system to improve
understanding of discrete intervals [1] and provide a smooth
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transition from a fuzzy set to another to handle the sharp
boundary interval problem.

In recent times, some fuzzy logic approaches from
different researchers had been presented. [10] used fuzzy C-
Means to define membership functions from quantitative
dataset to enhance prediction accuracy and performance. In
[14] fuzzy logic and text-mining was applied into fuzzy
cognitive map to mine scenario concepts from futuristic data
in unstructured document. [15] presented an approach fusing
triangular and trapezoidal waveform of fuzzification on
ubiquitous data streams. [16] used fuzzy set theory using
membership function based on clustering approach (fuzzy k-
means clustering) on quantitative data to mine rules using
mutual information. [9] developed a fuzzy logic approach to
find correlation relationship among a large set of data items
on gene expression data. [11] applied fuzzy logic on co-
movement analysis of Indonesian stock price using fuzzy
parameters on categorical data and using triangular curve for
the process of fuzzification.

In other computational intelligence methods apart from
fuzzy logic, [17] collected breast cancer dataset from a
regional teaching hospital in central Taiwan between 2002
and 2009. Classification results of SVM are slightly better as
compared to ANN and Bayesian classifier and the paper
shows that from a relatively low variance, SVM will be the
best prognosis in clinical practice. [18] showed how decision
trees are used to model actual diagnosis of Breast cancer for
local and systematic treatment. The results showed that J48
classifiers with feature selection is a superior technique that
can be applied on breast cancer diagnosis and can further be
developed with more training data to accurately predict the
same. The limitation to these methods is that the modeling
of diverse opinions from different medical experts and the
aggregation of the uncertainties in the opinion of all the
medical experts is worth an exploration as it contributes to
the intuitiveness and human perception of the breast cancer
domain.

However, from the different fuzzy logic research studies
reviewed, the fuzzy set engaged in the medical data analysis
was basically type-1 fuzzy set which uses precise real
numbers to represent fuzziness measures. The effect of this
is that, the fuzzy membership functions are model based on
an opinion from one individual over a repeated survey i.e.
Intra-expert [7]. Therefore, fuzzy set impact could only
resolve the intra uncertainty which caters for a low level of
subjectivity without catering for the linguistic uncertainties
of diverse opinions from different domain experts. These are
very important in any decision-making process [19].
Furthermore, a change in environmental and operating
conditions can render type-1 fuzzy set sub-optimal. In order
to cater for a high level of subjectivity and resolve both intra
and inter uncertainties, an extension to the idea of fuzzy sets
has been developed. The different fuzzy logic approaches
include general type-2 fuzzy logic, interval type-2 fuzzy
logic and the type-n fuzzy logic. The type-2 membership
grades are typically type one fuzzy sets. Type-2 fuzzy set can
handle both inter- and intra-uncertainties i.e. it can
effectively model diverse opinions. There are different
Type-2 fuzzy set approaches that have been proposed in
literature such as enhanced interval type-2 (IT2) fuzzy set
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[20], Interval Approach, [19] Enhanced Interval Approach
[21] and Hao and Mendel Approach [22]. Research has
shown how Interval type-2 fuzzy logic system outperforms
type-1 fuzzy logic system [23], [24], [19], [25], [26], [27],
[28],[29]. In addition, there is no effective utilization of 1T2
models for breast cancer dataset analysis.

To this effect, in this study, an 1T2 Fuzzy Set approach,
Hao and Mendel Approach (HMA) is introduced to fuzzify
breast cancer dataset in preprocessing for data mining
process. It is simpler using the HMA and requires less
probability suppositions and assumptions about the
intervals. Therefore, in order analyse breast cancer data
using HMA, six general objectives have been identified as
shown in Fig. 1.

Il METHODOLOGY
In this work, breast cancer analysis using IT2 Fuzzy Set,
HMA is distinctly covered as shown in Fig. 1. The HMA
was used to model the inevitability of uncertainties of the
medical experts that gave their respective ranges on each of
the breast cancer determinant factors present in the dataset.

[ START ]

1. Collect Data & ldentify Determinant
factors

'

2. Collection of expert data interval

v

3. Type-2 Fuzzification of data interval
gathered (HM Approach)

v

4. Tvoe Reduction (EKM Approach)

v

5. Defuzzification
(Average sum Approach)

v

6. Fuzzification of dataset
(Trapezoidal Membership function)

v

| Fuzzified Data |

v

[ END ]

Fig. 1 Interval Type-2 Fuzzy Set framework

1. Data collection

To implement the method for this study, dataset which
includes the determinant factors for pattern discovery was
used. Breast cancer data was collected from the Wisconsin
Breast Cancer dataset derived from the repository of the UCI
machine learning data. Dataset consist of 10 attributes and
699 instances with 241 malignant (cancerous) and 458
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benign (non-cancerous) cases. The attributes are Clump
Thickness, Uniformity of Cell Size,, Uniformity of Cell
Shape, Marginal Adhesion, Single Epithelial Cell Size, Bare
Nuclei, Bland Chromatin, Normal Nucleoli with the Class
attribute distinguishing a malignant sample from a benign
sample. These determinant factors are often chosen as the
optimum set of factors because: 1) They represent effective
features which reduce redundancy of features space;2) They
give significant size of a large proportional grouping
capacity with available limited number of training data [30]

The dataset has 16 missing values under the Bare Nuclei
attribute. In order to ascertain that the breast cancer dataset
contain only the attributes that we intend to process, attribute
selection was carried out based on the determinant factors.
Also, in making provision for the missing values, the mean
of the other values under the affected attribute was taken and
used to replace the missing attributes

2. Expert Data Interval

In this work, linguistic terms (words) were defined for
eliciting the perception of each medical expert as regards the
determinant factors and how the factors can lead to a
malignant case of breast cancer. Thirty (30) medical experts
from specialized hospitals were consulted for the expert data
interval to define the intuitive words for the determinant
factors and the data intervals. Words such as {High,
Medium, Low} were defined to express each determinant
factor. Subsequently, each word’s interval data defined were
collected from the medical experts using questionnaire
approach. Experts were required to give a “range” that is
between 0 and 10 for all word defined relative to each
determinant factor.

3. Interval Type-2 Fuzzy Set: HM Approach

Fuzzy set was constructed from dataset using Interval
Type-2 Fuzzy Set HMA which comprises of the data part
and the fuzzy part [22]. The data part takes data intervals
from the experts as the input [21]. This part which acts on
the interval endpoints starting with the n intervals collected
from all subjects are processed in 4 steps: (1) Bad data
processing, (2) Outlier processing (3) Tolerance Limit
Processing (4) Reasonable- interval processing [21].

Also, the fuzzy set part established the FOU structure by
making computations on the overlap of the intervals,
removing the overlap from each of the original intervals and
mapping the smaller interims to corresponding FOU.The
part is follows in four steps according to [22].

4&5. Type Reduction and Defuzzification

The concurrent FOU is type-reduced by computing the
centroid (uncertainty measure) of the IT2 FS using the
Enhanced Kernik-Mendel (EKM) approach [31]. The result
is defuzzified by obtaining the interval endpoints’ average.

6. Fuzzification of Dataset

For the fuzzification process the trapezoidal membership
function is applied. The function model is shown in eq. 1. It
is represented by 4 variables {a’,b’,c’,d’} deciding the x
coordinates of the four angles.
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trapezoid(x; a, b, c,d) = max(min (x‘_“’
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IV EXPERIMENTAL RESULT AND DISCUSSION

1,5%),0)

’ dr—cr

The medical experts defined data intervals for each of the
determinant factors. An interval or a range was used to
describe a linguistic term corresponding to the determinant
factors. The screenshot of the data intervals described by the
medical experts for linguistic terms with regards to one of
the determinant factors “Clump Thickness” is shown Figure
2.

As depicted in Fig. 2, the first medical expert defined the
interval of [0, 3] for the word: Low; an interval of [2, 4] for
the word Medium; High between [4, 10]. Meanwhile, the
second medical expert defined the interval [0, 4.5] for the
same word: Low; for Medium, an interval of [1, 3]; High
between [3.5, 10]. Also the third decision maker defined the
interval [0, 4] for the same word: Low; for Medium, an
interval of [2.2, 5]; High between [4.5, 10]. These shows,
there are different interpretations of the same word to the
different decision makers.

A B C D E F

1 |Llow MEDIUM HIGH

2 0 3 2 4 4 10
3 0 45 1 3 3.5 10
4 0 4 22 5 45 10
3 0 4 1 3 3.3 10
6 0 3.5 1 Bl 2 10
7 0 3.5 2 4 3 10
8 0 3 3 5 1 10
9 0 3 2 4 4 10
10 1 3 4 21 7 6.5
11 0 3.5 1 3 4.5 10
12 0 3 3 5 4 10
13 0 4 3 4 4 9
14 0 45 E] 5 1 10
15 0 4 25 439 45 10
16 0 4.5 2 4 3 10
7 0 3 2.3 4.5 4 10
12 0 6 4 7 3.5 10
19 0 3 2.5 45 4.5 10
20 0 35 2 45 3.5 10
21 0 4 25 4 3.5 10
22 0 3 3 5 5 10
23 0 4 4 6 6 10
24 0 3.5 3 5 4 10
25 0 35 3 6 5 10

4 4 b ¥ Sheetl <¥]

Fig. 2 Screenshot of the data intervals described by medical
experts for the linguistic terms

From IT2 data pre-processing Table | shows the
remaining interval data after each stage in the Data part and
Fuzzy Set part of the HMA Interval Type 2 Algorithm for
each determinant factor. After applying the HM Approach to
the data intervals given by 30 medical experts about each
word. The last column for each row shows the credible
interval data remaining, that was utilized finally for
constructing footprint of uncertainty for that word. This
established the maxim that “each word now means similar
things to different people (medical experts)” from the initial
maxim of “words mean different things to different people”.

The type-2 fuzzy set derived for each word after the
processing above and the values obtained after type-
reduction using the Enhanced Karnik-Mendel (EKM)
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Approach are also shown in Table Il. Also, the Jaccard

similarity measure for the linguistic term define in relation G ol s

to each determinant factor is shown in Table IIl. The ! ! !
monotonically decreases in the results ascertains the 0 o o

sufficiency of the linguistic words defined by the expert. The /\

UMF i.e. Upper Membership Function and LMF i.e. Lower CEpe = N e i N T

Membership Function parameters for each word of the
determinant factors using the MATLAB are represented in
Fig. 3and 4

The crisp dataset collected are fuzzified based on the IT2 Low MEDIUM HIGH
fuzzy set membership expression generated from the HMA
algorithm. The snapshot representing an instance of the u
fuzzified dataset is shown in Figure 5. The fuzzified dataset
now captures the intra-uncertainties and inter uncertainties o G om R m o w R s m w
of medical experts on the determinant factors. Unlike Type-
1 fuzzification process, in 1T2, individual linguistic term is
fuzzified separately based on the expert’s opinion’s data
intervals of the term relative to the linguistic variable. This
is to cater for both intra uncertainty and inter uncertainties.

Fig. 3 “Clump thickness”

=

Fig. 4 “Uniformity of cell size”

Table Il Output from Type reduction using EKM algorithm
and Deffuzification process

Table | The Output from the HMA process

Word Low Medium High
" H ”
Processing Data Part Fuzzy Clump Thickness
Part Low 1.00 0.23 0.08
Word n Step Step Step Step  Final Medium 0.23 1.00 0.11
Lot amt 3wt 4w St High 0.08 0.1 1.0
“Clump Thickness” “Uniformity of Cell Size”
Low 30 30 28 25 25 25 Low . 1.00 0.12 0.07
Medium 30 29 28 24 23 19 Medium  0.12 1.00 0.26
High 30 29 26 26 23 23 High 0.07 0.26 1.00
“Uniformity of Cell Size” “In; : »
Low 30 30 29 29 28 28 Uniformity of Cell Shape
Medium 30 30 27 27 26 14 Low 1.00  0.15 0.09
High 30 30 29 26 25 25 Medium 0.15 1.00 0.25
“Uniformity of Cell Shape” High 0.09 0.25 1.00
Low 30 30 29 29 28 28 ves . . .
Medium 30 29 28 28 26 21 Single Epithelial Cell Size
High 30 30 29 29 29 29 Low 1.00 0.16 0.09
‘I‘_Marginal Adhggion’;o 26 - . Medium 0.16 1.00 0.20
ow .
Medium 30 30 30 28 27 17 High 009 0.20 1.00
High 30 30 29 29 29 29
“Single Epithelial Cell Size” V. CONCLUSION AND FUTURE WORK
Low 30 30 29 28 27 27
Medi 30 30 27 26 25 20 . .
Hieghlum 30 30 30 30 29 29 In this work, an Interval Type-2 Fuzzy Set using the HM
“Bare Nuclei” Approach is proposed to Fuzzify breast cancer dataset. The
Low 30 30 28 28 28 28 breast cancer dataset from Wisconsin Breast cancer dataset
Medium 30 30 29 24 24 17 in UCI machine learning data repository was used. The
High 3 30 28 28 28 28 breast cancer fuzzy dataset generated can be used for data
Bland Chromatin mining process. The fuzzy models constructed with the 1T2
Low 30 30 27 27 27 27 . L
Medium 30 29 29 28 27 20 fuzzy captured different expert opinion in order to cater for
High 30 30 28 28 28 28 sharp boundary problem and capture domain experts intra
“Normal Nucleoli” and inter uncertainty that limit the traditional fuzzy type 1
Low 30 30 27 21 27 27 process. This will in turn enhance the rules generated or
Medium 30 20 28 28 25 22 models constructed from the breast cancer dataset.
":'1\'/%:‘0565,, 3 30 29 29 28 28 Thus, for future improvements on this study, another
Low 30 30 28 28 28 28 elicitation methodology that best covers the scope of the
Medium 30 27 27 21 21 7 determinant factors considered can be proposed in
High 30 29 27 21 27 27 establishing the variables of the interval type-2 fuzzy sets,
construction of the FOU of linguistic terms/words defined
and incorporated with Mining algorithm.
ISBN: 978-988-14048-7-9 WCECS 2019
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Table Il Similarities among the three words using the

Jaccard similarity measure
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Word UMF LMF Centroid Center of
centroid
“Clump Thickness”
Low [0, 0,0.41,5.92] 0,0, 0.28,3.95,1] [1.33, 2.04] 1.68
Medium  [1.48, 3.00, 4.00, 5.58] [2.59, 3.50, 3.50, 4.31, 0.65] 2.91, 4.09] 3.50
High [0.78, 9.36, 10, 10] [3.42,9.54, 10, 10, 1] [6.84,7.79] 7.3
“Uniformity of Cell Size”
Low [0, 0, 0.64, 9.22] [0,0,0.37,5.27, 1] [1.77,3.21] 2.49
Medium [4.38, 6.00, 7.50, 8.91] [6.19, 6.75, 6.75,7.41, 0.47] [5.79, 7.64] 6.71
High [4.73, 9.63, 10, 10] [8.68,9.91, 10, 10, 1] [7.92, 9.55] 8.73
“Uniformity of Cell Shape”
Low [0, 0, 0.55, 7.90] [0,0,0.32,4.61,1 [1.55, 2.75] 2.15
Medium [2.88, 5.00, 6.50, 8.22] [5.19, 5.75, 5.75, 6.21, 0.47] [4.45, 6.82] 5.64
High [2.10, 9.45, 10, 10] [5.39, 9.68, 10, 10, 1] [7.25, 8.45] 7.85
“Marginal Adhesion”
Low [0, 0, 0.50, 7.24] [0, 0, 0.36, 5.13, 1] [1.72,2.48]  2.10
Medium  [4.09, 5.50, 6.50, 7.91] [5.29, 5.83, 5.83, 6.21, 0.53] [5.17, 6.68] 5.92
High [2.10,9.45, 10, 10] [6.71,9.77, 10, 10, 1] [7.16, 8.89] 8.03
“Single Epithelial Cell Size”
Low [0, 0, 0.60, 8.56] [0, 0, 0.28, 3.95, 1] [1.33, 3.04] 2.18
Medium  [3.38, 5.00, 6.50, 7.91] [5.19, 5.75, 5.75, 6.21, 0.47] [4.71, 6.67] 5.69
High [3.42,9.54, 10, 10] [7.37,9.82, 10, 10, 1] [7.62,9.11] 8.37
“Bare Nuclei”
Low [0, 0, 0.55, 7.90] [0,0,0.18, 2.63, 1] [0.89, 2.94] 1.91
Medium  [2.38, 4.00, 5.50, 7.02] [4.09, 4.75, 4.75, 5.31, 0.47] [3.76, 5.67] 4.72
High [2.10,9.45, 10, 10] [7.37,9.82, 10, 10, 1] [7.06,9.11] 8.09
“Bland Chromatin”
Low [0, 0, 0.55, 7.90] [0,0,0.37,5.27, 1] [1.77,2.72] 2.25
Medium  [3.38, 5.00, 6.50, 8.02] [5.41, 5.75, 5.75, 6.21, 0.47] [4.66, 6.81] 5.73
High [3.42, 9.54, 10, 10] [7.37,9.82, 10, 10, 1] [7.62,9.11] 8.37
“Normal Nucleoli”
Low [0, 0,0.64,9.22] [0,0,0.28, 3.95, 1] [1.33,3.30] 231
Medium  [3.28, 5.00, 6.60, 8.72] [5.19, 5.80, 5.80, 6.21, 0.43] [4.64,7.14] 5.89
High [3.42, 9.54, 10, 10] [7.37,9.82, 10, 10, 1] [7.62,9.11] 8.37
Mitoses”
Low [0, 0, 0.60, 8.56] [0, 0,0.28, 3.95, 1] [1.33, 3.04] 2.18
Medium  [4.59, 5.50, 6.50, 7.91] [5.09, 5.83, 5.83, 6.21, 0.53] [5.40, 6.60] 6.00
High [2.10, 9.45, 10, 10] [8.03,9.86, 10, 10, 1] [6.88, 9.33] 8.10
A B C D E F G H
1 |LOWCLUMP THICKNESS MEDIUM CUMP THICKNESS ~ HIGH CLUMP THICKNESS LOW UNIFORMITY OF CELL SIZE MEDIUM UNIFORMITY OF CELLSIZE  HIGH CELLSIZE LOW CELL SHAPE MEDIUM CELL SHAPE
2 0.00 0.00 0.33 093 0.00 0.00 0.30 0]
3 0.00 0.00 0.39 048 0.00 0.00 039 0]
4 142 073 012 09 000 000 050 [l
5 100 000 05 0.0 016 042 000 [l
6 0.20 0.79 0.26 0.93 0.00 0.00 0.90 0]
7 0.00 0.00 0.80 0.00 0.00 1.00 0.00 0]
g 0.86 0.00 0.00 0.93 0.00 0.00 0.30 0]
9 0.64 0.00 0.00 0.93 0.00 0.00 0.73 0]
10 164 000 000 093 000 000 030 [l
1 0.20 0.79 0.26 0.78 0.00 0.00 0.90 0]
1 0.86 0.00 0.00 0.93 0.00 0.00 0.30 0]
13 0.64 0.00 0.00 0.93 0.00 0.00 0.30 0]
14 0.00 0.00 0.39 0.63 0.00 0.00 0.56 0]
15 086 000 000 093 0.0 000 030 [l
16 0.00 0.00 0.80 0.04 100 0.09 0.22 0]
17 0.00 0.00 0.67 048 0.00 0.00 0.04 1
13 0.20 0.79 0.26 0.93 0.00 0.00 0.30 0]
19 0.20 0.79 0.26 0.93 0.00 0.00 0.30 0]
n 100 000 100 0.4 100 0.09 000 [l
Pl 100 000 05 093 000 0.00 030 [l
2 0.00 0.00 0.67 0.63 0.00 0.00 0.73 0]
B 0.00 0.00 1.00 0.33 0.00 0.00 0.22 0]
L | 042 0.79 0.12 0.93 0.00 0.00 0.30 0]
5 000 000 040 048 000 000 02 [l
Fig. 5 Screenshot of the fuzzified dataset
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