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Abstract— This paper proposes the utilization of rough set
theory for modeling the medical images to help physicians in
diagnosing. The rough set theory is a powerful approach that
permits the searching for patterns in medical images using the
minimal length principles. Searching for models with small
size is performed by means of many different kinds of reducts
that generate the decision rules capable for identifying the
medical diagnosis.
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I. INTRODUCTION

The rough set theory was discovered by Zdzislaw Pawlak
[1], [2] and is a powerful mathematical tool for modeling
the imperfect and incomplete knowledge, which is an issue
debated for a long period of time, by logicians, mathemati-
cians, philosophers and computer scientists [3].

Among methods proposed for modeling the imperfect
knowledge [4], the rough set theory is an interesting attempt
to solve this problem. This theory is based on an assumption
that objects are recognized by partial information about
them and some objects can be indiscernible. From this fact
it follows that some sets cannot be exactly described by the
available information about objects [1], [3].

The methods based on rough set theory have an impor-
tant utilization in many real life applications. Among the
rough set based software systems are ROSETTA [5], RSES
[6], and LERS [7], which have been applied to knowledge
discover problems.

In this paper we use the rough set approach to discover
patterns from medical images for establishing their diagno-
sis. In the medical domain, a lot of researches were devel-
oped to investigate automated techniques for extracting the
low-level features that could generate semantic descriptions
of the medical image content. Among these techniques are
the methods based on machine learning that manually anno-
tate the test image datasets. In the medical domain, algo-
rithms that recognize specific organs with different struc-
tures of the medical images are studied in [9]. FIRE [8§]
application and IRMA [10] use with good results the
sub-symbolic processing of images. Though, the actual
methodologies of medical image analysis are not generical-
ly sufficient for interpreting different diseases. Their major
problems are:

1. The description of semantic concepts and the problem
understanding-the relationships between the low-level
features and semantic concepts are unclear in the actual
developed methods. So detailed tests and analysis have
to be realized to ensure which combinations of low-
level features capture the best the semantic concepts.

2. The generality of the application-in some of the pre-
vious researches, only certain semantic concepts could
be learned, or the rule were generated of a fixed set of
visual features.

The medical applications with automatic diagnosis capacity
imply unique challenges, but at the same time new oppor-
tunities. Unless we are not physicians, it is a lot harder to
understand a medical image than an image taken from na-
ture. On the other hand, there are a lot of formal representa-
tions of the medical knowledge that could be exploited to
realize the automation of the medical diagnosis in any med-
ical domain.

II. IMAGE REPRESENTATION AND DISCRETIZATIONS

The diagnosis of medical images is directly related to the
visual features (colour, texture, shape, position, dimension,
etc.), because these attributes capture the information about
the semantic meaning. A set of dominant colour regions is
obtained from each image by segmentation after the colour
characteristic [12]. The HSV colour space quantized to 166
colours is used to represent the colour information [12],
[15]. The extraction of colour regions is realized by the
colour set back projection algorithm [11]. The specialist
selects the representative colour set C for the sick regions of
medical images from the digestive domain. The algorithm
detects the regions having the colour in the colour set C.
The results of the segmentation algorithm applied to an
image diagnosed with gastric ulcer can be visualized in
Figure 1.

The visual features of a sick region are represented by 14
parameters [12]:

e The colour, which is represented in the HSV colour
space quantized at 166 colours.

e The spatial coherency, which measures the spatial com-
pactness of the pixels of the same colour.
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(e
Fig. 1 Segmentation results from an image diagnosed with gastric ulcer: (a)
The original image; (b) The quantized image; (c) The sick region.

e A seven-dimension vector (maximum probability, energy,
entropy, contrast, cluster shade, cluster prominence, corre-
lation), which represents the texture characteristics.

e The region dimension descriptor, which represents the
number of pixels from region.

e The spatial information which is represented by the
centroid coordinates of the region and by minimum
bounded rectangle.

e A two-dimensional vector (eccentricity and compact-
ness), which represents the shape feature.

The visual features of sick regions were discretized over
intervals, using the concept of semantic indicators, which
are visual elements: the colour (colour-light-red, etc.), spa-
tial coherency (spatial coherency-weak, spatial coherency-
medium, spatial coherency-strong), texture (energy-small,
energy-medium, energy-big), dimension (dimension-small,
dimension-medium, dimension-big), position (vertical-
upper, vertical-center, vertical-bottom, horizontal-upper,
etc.), shape (eccentricity- small, compactness-small, etc.).

The values of each semantic descriptor are mapped to a
value domain, which corresponds to the mathematical de-
scriptor [12]. At the end of the mapping process, a medical
image is represented by means of the terms
figure(ListofRegions), where ListofRegions is a list of im-
ages’ sick regions.

III. MODELING IMAGE DIAGNOSIS USING ROUGH SETS

A. Rough Sets Foundations

Rough sets theory is an intelligent mathematical tool and it
is based on the concept of approximation space [1], [2], [13].

In rough sets theory, the notion of information system
determines the knowledge representation system. In this
section, we recall some basic definitions from literature [1],

(2], [3], [13].
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Let U denote a finite non-empty set of objects (sick image
regions) called the universe. Further, let A denote a finite
non-empty set of attributes. Every attributea € A, there is a
function a: U — Va< where Va s the set of all possible values
of ac to be called the domain of a> A pair IS = (U< A) is an
information system. Usually, the specification of an infor-
mation system can be presented in tabular form. Each subset
of attributes B C A determines a binary B-indiscernibility
relation IND(B) consisting of pairs of objects indiscernible
with respect to attributes from B like in (1):

IND(B) = {(x, y) € UxU:Vae B, a(x) = a(y)} @)

/INVZX 5) is an equivalence relation and determines a parti-
tion of U< which is denoted by U/IND(B). The set of objects
indiscernible with an object xe U with respect to the
attribute set, /4 is denoted by Ig(x) and is called A\

indiscernibilziiclass.
Thus,
Ig(x)={yeU:(x,y)e IND(B)} 2)
U/IND(B) ={Ig(x):xe U} 3)

Table 1 Medical Information System

U Colour Texture-entropy Diagnosis
R, light-red Small gastric-ulcer
R light-red Small gastric-ulcer
R; light-red Small gastric-ulcer
R4 light-red Big gastric-ulcer
Rs light-yellow Big gastric-ulcer
R light-yellow Medium duodenal-ulcer
R; light-yellow Medium duodenal-ulcer
Rg medium-yellow Small duodenal-ulcer
Ry medium-yellow  Small duodenal-ulcer
Rio dark-yellow Small duodenal-ulcer
R dark-yellow Small duodenal-ulcer

Thable 2 Partitions Defined by Indiscernibility Relations

IND(B)
IND({Colour})

Partitions U/IND(B)
{R1, Rz, R3, Ry}, { Rs, Rg, Ry},
{ Rs, Ro}, {Rio, Ri1}
{Ri, Ry, R3}, { Ra}, { Rs}, {Re,
R7}, { R, Ro}, {Rig, Rit}

IND({Colour, Texture-entropy })

It is said that a pair 4S8, = (< /VD(B)) is an approxi-
mation space for the information system Z5=(Z< 4)- where
BcCA.

The information system from Table 1 represents the sick
regions of images from different diagnoses represented in
terms of semantic indicators values, as described in Section
II. For simplicity we consider only two semantic indicators
as attributes, namely the colour and texture-entropy.
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Socourin formation systemsis LS/ B—whereU =
{R;, Ry, R;, Ry Rs5, R, R;, Rs, Ro, Ryg, Ry;} and B/2colour<
textureentropyg> Some examples of partitions defined by
indiscernibility relations for the information system in Table
1 are given in Table 2.

In rough sets theory, the approximations of sets are in-
troduced to deal with inconsistency. A rough set approx-
imates traditional sets using a pair of sets named the lower
and upper approximations of the set.

Let W = {wj,....,w,/ be the elements of the approximation
space ASz=(U, IND(B)). We want to represent X, a subset of
U, using attribute subset B. In general, X cannot be expressed
exactly, because the set may include and exclude objects
which are indistinguishable on the basis of attributes B, so
we could define X using the lower and upper approximation.

The B-lower approximation X, BX , is the union of all
equivalence classes in IND(B) which are contained by the
target set X. The lower approximation of X is called the
positive region of X and is noted POS(X).

BX =Ufw; 1w, < x } @)

The B-upper approximation BX is the union of all equiva-
lence classes in IND(B) which have non-empty intersection
with the target set X.

BXx =U{ w; 1w;,Nx#2} ®)

Example: Let X ={R;, Ry, R;, R4, Rs, Rs, R;, Rg} be the sub-
set of U that we wish to be represented by the attributes set
B={colour, texture-entropy}. We can approximate X, by
computing its B-lower approximation, BX and B-upper

approximation, BX .
SO’ EX ={{RI; RZ,- R3},{R4},{R5},{Rﬁ,

BX ={{Ry, Ry, Ri}.(Ry). (Rs}.{ Ro, R7}. {Ry. Ro}}.
The tuple (BX , BX ) composed of the lower and upper

R;}} and

approximation is called a rough set; thus, a rough set is
composed of two crisp sets, one representing a lower boun-
dary of the target set X, and the other representing an upper
boundary of the target set X.

The accuracy of a rough set is defined as: cardinali-
ty( BX )/cardinality( BX ). If the accuracy is equal to 1, then

the approximation is perfect.

B. Dispensable Features, Reducts and Core

An important notion used in rough set theory is the deci-
sion table. Pawlak [1], [2] gives also a formal definition of a
decision table: an information system with distinguished
conditional attributes and decision attribute is called a deci-
sion table. So, a tuple D7 = (U7 C& D)< is a decision
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table. The attributes C / wolour< textureentropyp are
called conditional attributes< instead D / idiagnosisgpis
calleddecisionattributer

The classes U/IND(C) and U/IND(D) are called condition
and decision classes, respectively.

The C-Positive region of D is given by:

POS~(D) = U (69,4 (6)
XelIND(D)

Let c€ C a feature. It is said that ¢ is dispensable in the
decision table DT, if POSc (D)= POSc(D); otherwise the
feature c is called indispensable in DT. If ¢ is an indispensa-
ble feature, deleting it from DT makes it to be inconsistent.

A set of features R in C is called a reduct, if DT’= (U, R,
D) is independent and POSg(D)=POSc(D). In other words,
a reduct is the minimal feature subset preserving the above
condition.

The set of all features indispensable in C is denoted by
CORE(C). In other words, CORE(C) is the set of all reducts
of C.

C. Producing Rules by Discernibility Matrix

We transform the decision table into discernibility matrix
to compute the reducts. Let DT = (U, C, D) be the decision
table, Wlth U= {R/, RQ, R3, R4, R5, Rg, R7, Rg, Rg, R/o, R”}.
By a discernibility matrix of DT, denoted DM(T), we will
mean nxn matrix defined as:

a(R;)

m::

i ={(ae C:a(Rl-);ta(Rj )) and (d(Rl-);éd(Rj N ()

where i, j=1,2,...,11.

We construct the discernibility matrix, DM(DT) as in Ta-
ble 3, where the colour and texture-entropy are denoted by
C, respectively T. The items within each cell are aggregated
disjunctively, and the individual cells are then aggregated
conjunctively.

To compute the reducts of the discernibility matrix we
use the following theorems that demonstrate equivalence
between reducts and prime implicants of suitable Boolean
functions [3], [13].

For every object R; € U, the following Boolean function
is defined:

( va ) ®)

R.eU aem..
J J

gR (Colour,Texture) = A
i

The following conditions are equivalent [3]:
1. {a;, ... ,an}is a reduct for the object Rsz/1007>
2. a; ANagp A Aay, is a prime implicant of the Boo-

lean function g >
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Table 3 Discernibility Matrix

R R, Rs Ry Rs Re Ry Rs Ro Ry Ry
Rl _ _ _ _ _ Clighl-red Clighl-red Cliglu»red Cliglu-red Cliglu-red Cliglu»red
Tsmall Tsma]l
R, _ _ _ _ _ (lightered (light-red (lightred (light-red (light-red (lightred
Tsmall Tsma]l
Rs _ _ _ _ _ (light-red (Clight-red (Clightred (Clight-red (Clight-red (Clightred
1 small
emal T
Ry _ _ _ _ _ (lightred (light-red (Clight-red (Clight-red (Clight-red (Clight-red
Tie Tie i Tie i Tbie
Rs _ _ _ _ _ Thie Thie (light- Clightyellow  Clight-yellow  light-yellow
yellow pbig i Thie Thie
Re (light-yellow (Clightyellow (Clightyellow (lightyellow Tredium _ _ _ _ _ _
dius T diu T diug T dius
R (light-yellow Cr ht-yellow (light-yell (Clightyell med
7 - - - - - -
Tmcdium Tmcdmm Tmcdium Tmcdium
d 11 di di di Tlow di 11
Rs C C C C i C i - - - - - -
yellow yellow Tsm‘dll Tamall
d 11 di di di 11 di 11
Ry C C C C i C 7 - - - - - -
yellow yellow Tsmall Tsmall
(Cdarkyellow (Cdark-yellow (Cdark-yellow (dark-yellow (dark-yellow _ _ _ _ _ _
RIO Tsmall Tsmall
R, Clkvellow (Cdark-yellow Clerkyellow  dark-yellow (Cdark-yellow _ _ _ _ _ _
Tsmall Tsmall

Next, from each decision matrix we form a set of Boo-
lean expressions, one expression for each row of the matrix.
For the gastric ulcer we obtain the following rules based
on the table reducts:
LY T (G
2. (Cl?ght-red Vv Témtl“) A ( C]Tght-red)
3. (C Tg t-re: VT“.n‘l )/\ ( Clg t-re )
4. (Cllght-red\/ Tblg) A (( Cllght-red))
5. (Tbig) A (Clight-yellowv Tbig)

For the duodenal ulcer we obtain the following rules based
on the table reducts:

1 (Clight-yellowv Tmedium) A Tmedium

2 (Cmedium—yellow) A (Cmedium—yellow stmall)

3. (Cdark-yeIIOW) A (Cdark-yellnw VTsmall)

On Boolean expression the absorption Boolean algebra rule
is applied. The absorption law is an identity linking a pair of
binary operations.
Forexample:a v (a A b)=a A (a Vv b)=a
By applying the absorption rule on the prime implicants,
the following rules are generated:
1. Rule 1: (Colour = light-red) — gastric ulcer;
2. Rule 2: (Texture-entropy = big) — gastric ulcer;
3. Rule 3: (Texture-entropy = medium) — duodenal ulcer;
4. Rule 4: (Colour = dark-yellow) — duodenal ulcer.

D. Evaluation of Decision Rules

Decision rules can be evaluated along at least two dimen-
sions: performance (prediction) and explanatory features
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(description). The performance estimates how well the rules
classify new images. The explanatory feature estimates how
interpretable the rules are [3].

Let be our decision table DT = (U, C, D). We use the
set-theoretical interpretation of rules. It relates a rule to data
sets from which the rule is discovered [3]. Using the cardi-
nalities of sets, we obtain the 2x2 contingency table
representing the quantitative information about the rule if
features then diagnosis.

In table 4 the number of images that have a certain fea-
ture set and a certain diagnosis is computing. Using the
elements of the contingency table, we may define the sup-
port (s) and accuracy (a) of a decision rule by:

s(rule) = cardinality(featureSet | diagnosisSet) ®

cardinaliry(featureSet [\ diagnosisSet)

a(rule) = (10)

cardinality(featureSet)

where the set featureSet () diagnosisSet is composed from

image regions which have a certain featureSet and a certain
diagnosis. In term of set theory, the accuracy is the degree
in which the set of features rule is included in the set of
diagnosis rule.

The coverage(c) of a rule is defined by:

cardinality(featureSet () diagnosisSet)

Y

c(rule) =
cardinality(diagnosisSet)

The coverage of a rule is the degree in which the set of
diagnosis rule is included in the features set of rule. For the
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generated Rule 1, the contingency table Table 5 is obtained.
For the Rule 1, the support is 4, accuracy is 4/4 and cover-
age is 4/5. Ryszard et al [14] suggests that high accuracy
and coverage are requirements of decision rules.

IV. DECISION RULE EXTRACTION USING ROUGH SETS
MODELS AND EXPERIMENTS

In this paper we present the application of rough set to
discover the medical diagnosis of images from digestive
apparatus. To establish the medical diagnosis the following
tasks are carried out:

e selection of the most relevant condition attributes in our
case 14 image visual semantic indicators,

* application of rough set based on reduced data,

» discovery of decision rules characterizing the dependency
between values of condition attributes and decision
attribute.

A rule has the form:

if (colour is red and texture-entropy is small) then the diag-
nosis is ulcer.

Decision rules are generated from reducts. So in order to
compute decision rules, reducts have to be computed first.

This method finds all reducts by computing prime impli-
cants of a Boolean function, as described in Section III.

The rule generation algorithm can be resumed as:

e construct the decision table and discernibility matrix,

e obtain the discernibility function and the prime
implicants,

e apply the Boolean algebra rules,

A.L. Ion and S. Udristoiu

e compute the reducts,
e produce the rules using the reducts.

The image classification algorithm can be resumed as:

e collect all the decision rules in a classifier,

e compute for each rule the support, accuracy and cover-
age,

e climinate the rules with the support less than the mini-
mum defined support,
order the rules by accuracy, than by coverage,
if an image matches more rules select the first one: an
image matches a rule, if all the semantic indicators,
which appear in the body of the rule, are included in the
characteristics of the image regions.

The image collections used in our experiments were taken
from free repositories on the Internet [16], [17]. Two image
databases are used for learning and diagnosing process. The
database used to learn the correlations between images and
digestive diagnoses, contains 200 images. The learning
database is categorized into the following diagnoses: duo-
denal ulcer, gastric ulcer, gastric cancer, esophagitis, and
rectocolitis. The system learns each concept by submitting
about 20 images per diagnosis. For example, we analyze
the performance of the proposed method for colon cancer
diagnosis. The rule generation algorithm produces 12 se-
mantic rules that recognize this diagnosis. The test database
contains 450 images, from which 67 are relevant for duode-
nal ulcer diagnosis. A part of images used for learning the
diagnoses can be analyzed in Figure 2.

Table 4 General Contingency Table Representing the Quantitative Information about the Rule

Diagnosis not(Diagnosis)
Features cardinality(features and diagnosis) cardinality(features and not(diagnosis)) card(features)
not(Features) cardinality((not)features and diag- cardinality((not)features and card(not(features))
nosis) (not)diagnosis)
cardinality(diagnosis) card(not(diagnosis)) card(U)

Table 5 Contingency Table Representing the Quantitative Information about the Rule 1

diagnosis = gastric ulcer

not(diagnosis = gastric ulcer)

colour = light-red card(colour = light-red and diagnosis =

gastric ulcer) =4

not(colour= light-red) card(not(colour=light-red) and diagno-

sis= gastric ulcer)=1

card(diagnosis = gastric ulcer) =5

card(colour=light-red and
not(diagnosis=gastric ulcer)) =0

card(colour=light-red)= 4

card(not(colour=light-red) and
not(diagnosis= gastric ulcer))=6

card(not(colour=light-red) )=7

card(not(diagnosis = gastric
ulcer))= 6

card(U)=11

IFMBE Proceedings Vol. 36
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h
gastric cancer

Fig. 2 Medical diagnosed images

After classification, we counted: the number of true posi-
tives (images correctly diagnosed with the colon cancer
diagnosis) and we found 56 images; the number of false
positives (images incorrectly diagnosed with the colon can-
cer diagnosis) and we found 9 images; the number of true
negatives (images correctly diagnosed with a different diag-
nosis) and we found 377 images; the number of false nega-
tives (images incorrectly diagnosed with a different diagno-
sis) and we found 8 images. The accuracy, which measures
the proportion of true results, is 96.2%. The specificity,
which measures the capability of colon cancer rules not to
miss the colon cancer images, and not to diagnose images
with a different diagnosis, is 97.6%. In our case, this set of
rules is very specific.

For the other diagnoses, the counted results are presented
in Table 6.

Table 6 Results recorded for different diagnoses

Diagnosis Accuracy(%)  Specificity(%)
Duodenal Ulcer 96.3 95
Gastric Ulcer 96.7 95.1
Gastric Cancer 95.9 93
Rectocolitis 96.3 95.2

V. CoNCLUSION

Methods proposed and developed in this study could as-
sist physicians by doing automatic diagnose based on visual
content of medical images. An important improvement of
this paper is in the generation of rules with very high speci-
ficity using the rough set theory. The language used for
rules representation is Prolog. The advantages of using
Prolog are its flexibility and simplicity in representation of
rules. The results of the presented method are very
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promising, being influenced by the complexity and number
of endoscopic images.
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