MBF

Dominance-based Rough Set Approach
Data Analysis Framework

User’s guide



jMAF - Dominance-based Rough Set Data Analysis Framework

http://www.cs.put.poznan.pl/jblaszczynski/Site/jRS.html

Jerzy Blaszczyniski, Salvatore Greco, Benedetto Matarazzo, Roman Stowinski, Marcin Szelag

jurek.blaszczynski@cs.put.poznan.pl

March 18, 2009

Contents

1 Introduction 2

2 Basic Concepts of Dominance-based Rough Set Approach 2
2.1 Decision Table . . . . . . . . . L 3
2.2 Dominance cones as granules of knowledge . . . . . . . . .. o Lo 3
2.3 Approximation of ordered decision classes . . . . . . .. .. L L oo o 4
24 Quality of approximation . . . . . . . ..o 5
2.5 Reduction of attributes . . . . . . ... L 5
2.6 Decision Rules . . . . . . . . . L 5
2.7 Variable Consistency Dominance-based Rough Set Approaches . . . .. ... ... ... ... 6

3 Example of Use 7
3.1 Running JMAF . . . o . o e 7
3.2 Decision Table . . . . . . . L e e e e 7
3.3 DataFile . . . . . e e e e e 8
34 Openingisf File . . . . . . . o e 9
3.5 CQalculation of Dominance Cones . . . . . . . . . . . . . e e e 9

3.6 Calculation of Approximations . . . . . . . . . . . .. 10
3.7 Induction of Decision Rules . . . . . . . . . . . . 12
3.8 Classification . . . . . . . . L e 14
4 Exemplary Applications of Dominance-based Rough Set Approach 16
5 Glossary 17

1 Introduction

jMAF is a Rough Set Data Analysis Framework written in Java language. It is based on java Rough Set
(jJRS) library. jMAF and jRS library implement methods of analysis provided by the Dominance-based
Rough Set Approach and Variable Consistency Dominance-based Rough Set Approach. In the following,
we give basics of these two approaches and we provide an example of JMAF usage that is meant to instruct
novice users.

2 Basic Concepts of Dominance-based Rough Set Approach

Dominance-based Rough Set Approach (DRSA) is defined for problems with background knowledge about
ordinal evaluations of objects from a universe, and about monotonic relationships between these evaluations,
e.g. “the larger the mass and the smaller the distance, the larger the gravity” or “the greater the debt of a
firm, the greater its risk of failure”. Precisely, the monotonic relationships are assumed between evaluation
of objects on condition attributes and their assignment to decision classes. The monotonic relationships
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are also interpreted as monotonicity constraints, because the better the evaluation of an object, the better
should be the decision class the object is assigned to. For this reason, classification problems of this kind are
called ordinal classification problems with monotonicity constraints. Many real-world classification problems
fall into this category. Typical examples are multiple criteria sorting and decision under uncertainty, where
the order of value sets of attributes corresponds to increasing or decreasing order of preference of a decision
maker. In these decision problems, the condition attributes are called criteria.

Although DRSA is a general methodology for reasoning about data describing ordinal classification
problems with monotonicity constraints, in this manual, we shall use the vocabulary typical for multiple
criteria sorting problems.

2.1 Decision Table

Let us consider a decision table including a finite universe of objects (solutions, alternatives, actions) U
evaluated on a finite set of condition attributes F' = {fi,..., fn}, and on a single decision attribute d.

Table 1: Exemplary decision table with evaluations of students

Student  f; - Mathematics fo - Physics  f3 - Literature d - Overall Evaluation

S1 good medium bad bad
S2 medium medium bad medium
S3 medium medium medium medium
S4 good good medium good
S5 good medium good good
S6 good good good good
ST bad bad bad bad
S8 bad bad medium bad

The set of the indices of attributes is denoted by I = {1,...,n}. Without loss of generality, f; : U — R
for each i = 1,...,n, and, for all objects z,y € U, fi;(x) > fi(y) means that “x is at least as good as y
with respect to attribute 7”, which is denoted by x =; y. Therefore, it is supposed that >; is a complete
preorder, i.e. a strongly complete and transitive binary relation, defined on U on the basis of quantitative
and qualitative evaluations f;(-). Furthermore, decision attribute d makes a partition of U into a finite
number of decision classes, Cl={Cly,...,Cl,,}, such that each x € U belongs to one and only one class Cl;,
t =1,...,m. It is assumed that the classes are preference ordered, i.e. for all r,s = 1,...,m, such that
r > s, the objects from Cl,. are preferred to the objects from Cl;. More formally, if > is a comprehensive
weak preference relation on U, i.e. if for all z,y € U, x>y reads “x is at least as good as y”, then it is
supposed that

[z€Cl,, yeCl,, r>s] = x>y,

where x>y means x>y and not y>x.

The above assumptions are typical for consideration of an ordinal classification (or multiple criteria
sorting) problem. Indeed, the decision table characterized above, includes examples of ordinal classification
which constitute an input preference information to be analyzed using DRSA.

The sets to be approximated are called upward union and downward union of decision classes, respectively:

ciy =Jci, ci=Jcl, t=1,..m.

s>t s<t

The statement z € C’ltZ reads “a belongs to at least class C!,”, while z € C’lti reads “x belongs to at most
class Cl;”. Let us remark that C’11Z = C’Z,Sn =U, C’Z,Z,L:Clm and CZIS:Cll. Furthermore, for t=2,...,m,

Cls ,=U-Cl7 and CIZ=U-CI: .

2.2 Dominance cones as granules of knowledge

The key idea of DRSA is representation (approximation) of upward and downward unions of decision classes,
by granules of knowledge generated by attributes being criteria. These granules are dominance cones in the
attribute values space.



x dominates y with respect to set of attributes P C F (shortly,  P-dominates y), denoted by xzDpy, if
for every attribute f; € P, f;(z) > fi(y). The relation of P-dominance is reflexive and transitive, i.e., it is a
partial preorder.

Given a set of attributes P C I and x € U, the granules of knowledge used for approximation in DRSA
are:

e a set of objects dominating x, called P-dominating set,
D} (x)={y € U: yDpz},

e a set of objects dominated by z, called P-dominated set,
Dy (z)={y € U: zDpy}.

Let us recall that the dominance principle requires that an object  dominating object y on all considered
attributes (i.e. = having evaluations at least as good as y on all considered attributes) should also dominate
y on the decision (i.e. x should be assigned to at least as good decision class as y). Objects satisfying the
dominance principle are called consistent, and those which are violating the dominance principle are called
inconsistent.

2.3 Approximation of ordered decision classes

The P-lower approzimation of Cltz, denoted by B(Cltz), and the P-upper approximation of C’ltz, denoted
by P(CI7), are defined as follows (t = 2, ..., m):

P(CI7) = {zecU:Dj) CCl7},
P(CIZ) = {zeU:Dpx)NCIZ +#0}.

Analogously, one can define the P-lower approzimation and the P-upper approximation of C’ltS as follows
(t=1,...m—1):

(Cl7) = {xeU:Dp(x) CCIF},

P
P(CIlT) = {zecU:Dj)nCIT +#0}.

The P-lower and P-upper approximations so defined satisfy the following inclusion property, for all
P CF:
P(CIZ)CCIZ CP(CI7), t=2,...,m,
P(CIF)CClF CP(ClY), t=1,...,m—1

The P-lower and P-upper approximations of C’ltZ and C’ltS have an important complementarity property,
according to which,

P(CIZ)=U-P(Cl=,) and P(CIZ)=U-P(ClS,), t=2,..,m,
P(CIF) =U-P(Cl,) and P(Cl7)=U-P(Cl7,), t=1,...,m1.

The P-boundary of ClZ and CI=, denoted by Bnp(ClZ) and Bnp(ClS), respectively, are defined as
follows:

Bnp(ClZ) =P(CIZ)-P(CIZ), t=2,...,m,
Bnp(CIs) = P(CIS)-P(CIE), t=1,...,m—1.

Due to the above complementarity property, Bnp(CltZ) = Bnp(C’ltSfl), fort=2,...,m.



2.4 Quality of approximation

For every P C F, the quality of approximation of the ordinal classification Cl by a set of attributes P is
defined as the ratio of the number of objects P-consistent with the dominance principle and the number
of all the objects in U. Since the P-consistent objects are those which do not belong to any P-boundary
Bnp(CltZ), t =2,...,m, or Bnp(C’ltS), t = 1,...,m — 1, the quality of approximation of the ordinal
classification C1 by a set of attributes P, can be written as

v - ( U Bnp(czf)> | |v- < U Bnp(le)> |
=20 m _ t=1 .

eeeym—1

U U

vp(Cl =

~vp(Cl) can be seen as a degree of consistency of the objects from U, where P is the set of attributes being
criteria and C1 is the considered ordinal classification.

Moreover, for every P C F, the accuracy of approxzimation of union of ordered classes Cltz, CllﬁS by a
set, of attributes P is defined as the ratio of the number of objects belonging to P-lower approximation and
P-upper approximation of the union. Accuracy of approximation ap(CIZ), ap(CIS) can be written as

Jaltelry]

|pwen)
- [P(CI7)|

- ap(ClS) =
P(Ci2)| »(Ck)

ap(CI7)

2.5 Reduction of attributes

Each minimal (with respect to inclusion) subset P C F such that vp(Cl) = yp(Cl) is called a reduct of CI,
and is denoted by RED¢y. Let us remark that for a given set U one can have more than one reduct. The
intersection of all reducts is called the core, and is denoted by CORFE ¢;. Attributes in CORFE ¢y cannot be
removed from consideration without deteriorating the quality of approximation. This means that, in set F,
there are three categories of attributes:

e indispensable attributes included in the core,
e cxchangeable attributes included in some reducts, but not in the core,

e redundant attributes, neither indispensable nor exchangeable, and thus not included in any reduct.

2.6 Decision Rules

The dominance-based rough approximations of upward and downward unions of decision classes can serve to
induce a generalized description of objects in terms of “if ..., then ...” decision rules. For a given upward
or downward union of classes, C’lt2 or CIS, the decision rules induced under a hypothesis that objects
belonging to P(CI7) or P(CIS) are positive examples, and all the others are negative, suggest a certain
assignment to “class Cl; or better”, or to “class Clg or worse”, respectively. On the other hand, the decision
rules induced under a hypothesis that objects belonging to P(CIZ) or P(CIS) are positive examples, and
all the others are negative, suggest a possible assignment to “class Cl; or better”, or to “class Cls or worse”,
respectively. Finally, the decision rules induced under a hypothesis that objects belonging to the intersection
P(CIS)NP(CIZ) are positive examples, and all the others are negative, suggest an approzimate assignment
to some classes between Cls and Cl; (s < t).

In the case of preference ordered description of objects, set U is composed of examples of ordinal classi-
fication. Then, it is meaningful to consider the following five types of decision rules:

1) certain D>-decision rules, providing lower profile descriptions for objects belonging to B(Cltz):
if fi,(x) >ry and ... and f; (x) > 1, then x € clz,
{iv,...yipy CLt=2,...,m,ry,...,1, €R;

2) possible D>-decision rules, providing lower profile descriptions for objects belonging to ﬁ(Cltz):
if fi,(x) >ry and ... and f; (x) > r;,, then x possibly belongs to Ciz,
{il,...,ip} ClLt=2,...,m, Tiys o5 Ti, EéR;

3) certain D<-decision rules, providing upper profile descriptions for objects belonging to B(Cl?):
if fi,(x) <ry and ... and fi (x) <71, then x € clz,
{il,...,ip} Cl,t=1,....,m—1, TigseoerTiy E?R;



4) possible D<-decision rules, providing upper profile descriptions for objects belonging to P(C’ltg):
if fi,(x) <7y and ... and f; () < vy, then x possibly belongs to Clz,
{i17...,i1)} g[, t= 1,...,m—1, 7’7;“...,7’7;1) E§R;

5) approzimate Dx><-decision rules, providing simultaneously lower and upper profile descriptions for
objects belonging to Cl,UCl 11U...UCl;, without possibility of discerning to which class:
if fi,(x) > ry and ... and fi, () > g, and fi, . (x) < 14, and ... and f; () < 1), then x €
Cls UClsp1 U...UC,
{iv, ... ip} CI,s,t € {l,...,m}, s <t,ry,...,r;, €RN.

In the premise of a D><-decision rule, there can be “f;(x) > r;” and “f;(z) < r”, where r; <}, for the
same ¢ € I. Moreover, if r; = r}, the two conditions boil down to “f;(z) = r;”.

Since a decision rule is a kind of implication, a minimal rule is understood as an implication such that
there is no other implication with the premise of at least the same weakness (in other words, a rule using
a subset of elementary conditions and/or weaker elementary conditions) and the conclusion of at least the
same strength (in other words, a D>- or a D<-decision rule assigning objects to the same union or sub-union
of classes, or a D><-decision rule assigning objects to the same or smaller set of classes).

The rules of type 1) and 3) represent certain knowledge extracted from data (examples of ordinal clas-
sification), while the rules of type 2) and 4) represent possible knowledge; the rules of type 5) represent
doubtful knowledge, because they are supported by inconsistent objects only.

Given a certain or possible Dx-decision rule r = “if f; () > r;, and ... and f; (x) > r;,, then x € clz,
an object y € U supports v if f; (y) > ri, and ... and f; (y) > r;,. Moreover, object y € U supporting
decision rule r is a base of r if f; (y) = r;, and ... and f; (y) = r;,. Similar definitions hold for certain or
possible D<-decision rules and approximate D><-decision rules. A decision rule having at least one base is
called robust. Identification of supporting objects and bases of robust rules is important for interpretation of
the rules in multiple criteria decision analysis. The ratio of the number of objects supporting a rule and the
number of all considered objects is called relative support of a rule. The relative support and the confidence
ratio are basic characteristics of a rule, however, some Bayesian confirmation measures reflect much better
the attractiveness of a rule [21].

A set of decision rules is complete if it covers all considered objects (examples of ordinal classification)
in such a way that consistent objects are re-assigned to their original classes, and inconsistent objects are
assigned to clusters of classes referring to this inconsistency. A set of decision rules is minimal if it is complete
and non-redundant i.e., exclusion of any rule from this set makes it incomplete.

Note that the syntax of decision rules induced from rough approximations defined using dominance cones,
is using consistently this type of granules. Each condition profile defines a dominance cone in n-dimensional
condition space ", and each decision profile defines a dominance cone in one-dimensional decision space
{1,...,m}. In both cases, the cones are positive for D>-rules and negative for D<-rules.

Let us also remark that dominance cones corresponding to condition profiles can originate in any point
of R", without the risk of their being too specific. Thus, contrary to traditional granular computing, the
condition space R" need not be discretized.

Procedures for rule induction from dominance-based rough approximations have been proposed in [19].
The following section 3 presents example of use of JMAF for sorting problem (called also multi-criteria
classification or ordered classification with monotonicity constraints). The surveys [13, 14, 15, 31, 32] include
applications of DRSA.

2.7 Variable Consistency Dominance-based Rough Set Approaches

In DRSA, lower approximation of a union of ordered classes contains only consistent objects. Such a lower
approximation is defined as a sum of dominance cones that are subsets of the approximated union. In
practical applications, however, such a strong requirement may result in relatively small lower approxima-
tions. Therefore, several extensions of DRSA have been proposed. These extensions relax the condition
for inclusion of an object to the lower approximation. Variable Consistency Dominance-based Rough Set
Approaches (VC-DRSA) include to lower approximations objects which are sufficiently consistent. Different
measures of consistency may be applied in VC-DRSA. Given a user-defined threshold value, extended lower
approximation of a union of classes is defined as a set of objects for which the consistency measure satisfies
that threshold.

Several definitions of VC-DRSA have been considered in the literature so far. In the first papers concern-
ing VC-DRSA [11, 20], consistency of objects have been calculated using rough membership measure [26, 36].
Then, in order to ensure monotonicity of lower approximation with respect to the dominance relation, the



idea of the first papers have been extended in the work [2]. Recently, it has been pointed out that it is rea-
sonable to require that consistency measure used in the definition of the lower approximation satisfies some
properties of monotonicity [4]. Resulting variable consistency approaches, employing monotonic consistency
measures, are called Monotonic Variable Consistency Dominance-based Rough Set Approaches [3, 4].

3 Example of Use

We present a didactic example which illustrates application of jJMAF in data analysis.

3.1 Running jMAF

You may find jJMAF executable file in the location where you have unpacked the zip file that can be down-
loaded from http://www.cs.put.poznan.pl/jblaszczynski/Site/jRS.html. Please launch this file. A
moment later you will see main jMAF window on your desktop. It should resemble the one presented in
Figure 1.
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Figure 1: jMAF main window

Now you have JAMM running in workspace folder located in the folder where it was launched from. You
can check the content of workspace folder by examining the explorer window. The main JMAF window is
divided into 4 sub windows: topmost menubar and toolbar, middle explorer and results window and bottom
console window. There is also a status line at the bottom.

3.2 Decision Table

Let us consider the following ordinal classification problem. Students of a college must obtain an overall
evaluation on the basis of their achievements in Mathematics, Physics and Literature. These three subjects
are clearly criteria (condition attributes) and the comprehensive evaluation is a decision attribute. For
simplicity, the value sets of the attributes and of the decision attribute are the same, and they are composed
of three values: bad, medium and good. The preference order of these values is obvious. Thus, there are
three preference ordered decision classes, so the problem belongs to the category of ordinal classification.
In order to build a preference model of the jury, DRSA is used to analyze a set of exemplary evaluations
of students provided by the jury. These examples of ordinal classification constitute an input preference
information presented as decision table in Table 2.
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Note that the dominance principle obviously applies to the examples of ordinal classification, since an
improvement of a student’s score on one of three attributes, with other scores unchanged, should not worsen

the student’s overall evaluation, but rather improve it.

Table 2: Exemplary decision table with evaluations of students (examples of ordinal classification)

Student Mathematics Physics Literature Overall Evaluation
S1 good medium bad bad
S2 medium medium bad medium
S3 medium medium  medium medium
S4 good good medium good
S5 good medium good good
S6 good good good good
ST bad bad bad bad
S8 bad bad medium bad

Observe that student S1 has not worse evaluations than student S2 on all the considered condition
attributes, however, the overall evaluation of S1 is worse than the overall evaluation of S2. This violates
the dominance principle, so the two examples of ordinal classification, and only those, are inconsistent. One
can expect that the quality of approximation of the ordinal classification represented by examples in Table

2 will be equal to 0.75.

3.3 Data File

As the first step you should create a file containing data from the data table. You have now two choices -
you may use spreadsheet-like editor or any plain text editor. For this example, we will focus on the second

option.

Run any text editor that is available on your system installation. Enter the text shown below.

**ATTRIBUTES

+ Mathematics : [bad, medium, good]
+ Physics : [bad, medium, good]
+ Literature : [bad, medium, good]
+ Overall : [bad, medium, good]

decision: Overall

**PREFERENCES
Mathematics : gain
Physics : gain
Literature : gain
Overall : gain

**EXAMPLES
good medium bad bad
medium medium bad medium

medium medium medium medium

good good medium good
good medium good good
good good good good
bad bad bad bad

bad bad medium bad

**END

Now, save the file as students.isf (for example in the jJMAF folder). At this moment you are able to open

this file in JMAF.



3.4 Opening isf File

Use File | Open to open isf file. You will see a typical file open dialog. Please select your newly created
file. Alternatively, you can double click file in the explorer window if you have saved it in the workspace
folder. If the file is not visible in explorer window, try right clicking on the explorer window and select from
the context menu Refresh or Switch workspace to choose different workspace folder.

BRinar _[o]x!

File Edit Attributes  Calculate  Wiew  Help
= Kl | D@+ - | @ @l
[ Explorer &4 v 3 ¥ = O||F studentsisf £3 =B

L

Attributes: 4 Examples: &
+-[21 configuration E

+-[1 plugins Mo | & object.. | B3] Mathem... | B3| Physics... | (4] Uteratu... | 24 overal.. |
+- =1 workspace il Example_1 gand medium bad bad i
= students.isf z Example_2 medium medium bad medium
& .eclipseproduct 3 Example_3 mediurm medium medium medium
) MAF exe 4 Example_4 good good medium good
! 3 Example_S gaad rmedium goad good
6 Example_& good good good good
7 Example_7 bad bad bad bad
& Example_& bad bad medium bad
B console 2 % i | o 5 -=08
Console
=

4 o

Figure 2: File students.isf opened in jMAF

3.5 Calculation of Dominance Cones

One of the first steps of data analysis using rough set theory is calculation of dominance cones (P-dominating
sets and P-dominated sets). To perform this step, you can select an example {rom the isf file in results window
and use Calculate | P-Dominance Sets | Calculate dominating set or Calculate | P-Dominance
Sets | Calculate dominated set. You can also use these options from the toolbar menu. The resulting
dominance cones for student S1 are visible in Figures 3 and 4.
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Figure 4: P-dominated cone of Example 1

3.6 Calculation of Approximations

The next step in rough set analysis is calculation of approximations. Use Calculate | Unions of classes
| Standard unions of classes to calculate DRSA unions and their approximations. Now, you should see
an input dialog for calculation of approximations. It should look like the one presented in Figure 5.
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Figure 5: Input dialog for calculation of approximations

Leave default value of the consistency level parameter if you are looking for standard DRSA analysis.
You can also set consistency level lower than one, to perform VC-DRSA analysis. This part is however not
covered by this guide. You should see the result as presented in Figure 6.
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Figure 6: Approximations of unions of classes

You can navigate in Standard Unions window to see more details concerning calculated approximations
(they are presented in Figure 7).

As you can see, quality of approximation equals 0.75, and accuracy of approximation in unions of classes
ranges from 0.5 to 1.0. Lower approximation of union "at most" bad includes S7 and S8. Please select
Track in Editor option to track your selection from Standard Unions window in the results window.
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Figure 7: Details of approximations of unions of classes

3.7 Induction of Decision Rules

Given the above rough approximations, one can induce a set of decision rules representing the preferences of
the jury. We will use one of the available methods - minimal covering rules (VC-DOMLEM algorithm).The
idea is that evaluation profiles of students belonging to the lower approximations can serve as a base for
some certain rules, while evaluation profiles of students belonging to the boundaries can serve as a base for
some approximate rules. In the example we will consider, however, only certain rules.

To induce rules use Calculate | VC-DOMLEM algorithm. You will see a dialog with parameters of
rule induction that is presented in Figure 8. Leave default values of these parameters to perform standard
rule induction for DRSA analysis.

Bl vC-DOMLEM atgorithm _O]x]

Choosing algorithm's parameters

Cansistency level 10

Type of rules [certain

Type of niens [standard

Canditions selection method |mix

Lol Lof L] L]

Megative example treatment [cover_none

| Nk > \ Einish Cancel \

Figure 8: Dialog with parameters of rule induction

To select where the result file with rules will be stored please edit output file in the following dialog
(presented in Figure 9).

The resulting rules are presented in results window (see Figure 10).

Statistics of a rule selected in results window can be show by selecting Open Statistics View associated
with selected rule from toolbar or from the context menu (right click on a rule). Statistics of the first rule
are presented in Figure 11.
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OMLEM algorithm [_[O]x]

About to perform computation

Chaose output file:

| ClDocuments and SettingsturekiDeskiop|MAF students. ris 7 Browse

Following parameters valuss il be passed ko slgarithm:

Identifier | value [
consistencyLevel 1.0
rulesType certain
unianzType standard
conditionsSelectiontethod mix
negativeExamplesTreatment cover_none

[¥ Open autpu file

]

et - |[Emen | caneel |

Figure 9: Dialog with parameters of rule induction

JMAF

=13

File Edit Calculste Classify  Wiew Help
& X | Da E@mal >
[ Explarer EX] d Ic:'.? = = 0| students.isf I students. tls EX] =08

Mumber of rules: &

I0 | DECISIONPART 1 | <= | CONDITION 1 || conpirion 2 |
{Cweral == good) <= (Physics == good)

BN ioveral »= good) €= (Literature »= good)

B ioveral = medium) <= {Mathematics >= mediom) & (Literature == medium)

4 (Oweral <= bad) <= (Mathematics <= bad)

[Z] .eclipsepraduct 5 (Overal <= medium) <= (Mathematics <= medium)

2] iMaF.exe 6 (Owveral <=medium) <= (Literature <= bad)

{59 configuration

& console 52 5@|;’E-Fﬁ'=’5
Console
P-Dominanting set of example Example 1 calculated. d

P-Dominanted set of example Example 1 calculated.
[22:12:56] Starting VC-DOMLEM algorithm ...
[22:12:56] Computation has ended properly.

file students.rls parsed successfully.

Figure 10: Decision rules

One can also see coverage of a rule (see Figure 12).
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ERinar M[=1E3
File Edit Calculste Classify  Miew Help
& X | Ba|Eme|>
T T
=1 Explorer 22 l v :":"? ¥ =0 [Jopen statistics View associated with selected rule| =B
B configuration Mumber of rules: &
= I0 | DECISIONPART 1 | <= | CONDITION 1 || conpiTion 2 |
plugins .
= (Dweral »= good) €= [Physics == good)
- workspace =
. ctudents.rls {Oweral == good) == ({Literature »= good)
' B (overal == medium) <= (Mathematics »= medium) & (Literature == medium)
= students.isf 4 (Overal <= bad) <= (Mathematics <= bad)
21 edipseproduct 5  (Overal <= medium) <= (Mathematics <= medium}
6 (Oweral <= medium) <= (Literature <= bad)
[ Console | ala Statistics of students.rls 52 =8
I Rule type: CERTAIN Usage type: AT LEAST Characteristic class: good
Supporkt: 2
SupportingExamples: 4, 6
Strength: 0.25
Confidence: 1
CoverageFactor: 0.667
Coverage: 2
CoveredExamples: 4,6
NegativeCoverage: 0
Figure 11: Statistics of the first decision rule
Einar =13
File Edit Calculste Classify  Wiew Help
|®&EH X2 | Da|oE|->
= = =l = T =
= Explarer &3 l Y 1‘:‘? |Open Coverage View associaked with selected rulei B
Murmber of rules: &
[#-127 configuration cmner O WS
565 plugin ID | DECISIONPART 1 | <= | CONDITION 1 || conpiTIon 2 |
. (Owveral = good) <= [(Physics == good)
{51 workspace p
B students.rls {Cweral == good) <= (Literature == good)
N & ioveral = medium) <= (Mathematics >= mediom) &  (Literature == mediom)
] students.isf 4 (Overal <= bad) <= (Mathematics <= bad)
[Z] .eclipseproduct 5  (Overal <=medium) <= (Mathematics <= medium)
6 (Oweral <= medium) <= ({Literature <= bad)
Bl cansale |l Lu Statistics of students.rls I@ Coverage of Rule 0 57 l =0

Mo [IE=3 Obiject N... | @3] Mathem... | @3] Physics(+) | B3] Literatur... | B3] Overal +!|
1 Example_1 gaad gaoand mediurn gand
2 Example_2 gaond gaond gond gond

Figure 12: Coverage of the first decision rule

3.8 Classification

Usually data analyst wants to know what is the value of induced rules, i.e., how good they can classify
objects. Thus, we proceed with an example of reclassification of learning data table for which rules were
induced. To perform reclassification use Classify | Reclassify learning examples. You will see a dialog
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with classification options. Select VCDRSA classification method as it is presented in Figure 13. Should
you want to know more about VC-DRSA method, please see [1].

. Select classification method x|

(@) Select dlassification method

DRSA classification method
WCDRSA classification method

Figure 13: Dialog with classification method

The results of classification are presented in a summary window as it is shown in Figure 14. Use Details
button to see how particular objects were classified. The resulting window is presented in Figure 15. In this
window, it is possible to see rules covering each of the classified examples and their classification.

Einar M[=1E3

File Edit Calculste  Classify  Miew Help

] Kl DaE | E@ma | 2

[ Explarer &2 d :c:'.? = = 0| students.isf B3 students.rls 70 =08
T configuration Mumber of rules: &
5.5 plugins ID | DECISION PART 1| <= | CONDITION 1 | | conprrion 2 [
51 workspace 1 {oweral == good) <= (Physics == good)

=5 ctudents.rls BN ioveral == good) <= (Literature == good)

= N B ioveral »=mediumi <= {Mathematics == medium) & (Literature == medium)
] students.isf 4 (overal <= bad) <= (Mathematics <= bad)

[Z] .eclipsepraduct 5 (Overal <= medium) <= (Mathematics <= medium)

2] iMaF.exe & (Overal <=medium) <= (Literature <=bad)

] console | wls Statistics of students.rls [l Coverage of Rule 0 (5 Classify of file studen... &2 =08

Tested Examples: &

Correct: § (100.000%)
Incorrect: 00, 000%)
Unclassified: 0 (0,000%:)

Misclassification matrix | Details |

Figure 14: Results of classification
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ERinar M[=1E3

File Edit Calculste Wiew Help

@ KD D(ﬂ [ "] =

[ Explarer 52 v o T = 0| students.isk students.rls 2\ Classification of File: students.isf ©2 =8
+-[=) configuration
+-31 plugins Example name | Criginal decision | Classification result | Certanity | Mo, of matching rules | Mathematic &
+-F7 workspace iExample 1 bad bad 0,000 1 good
B -t idents tls Example 2 medium medium 0.500 2 medium
— Example 3 medium medium 0,500 2 medium —!
= stuéents.lsf Example ¢ good good 0.750 z good
1= .eclipseproduct Example 5 good good 0.750 z
=] MAF. exe Feararla & Anad Anad n 7en 2

good -
« ;IJ

ID | DECISIONPSRT 1 | <= | CONDITION 1 [
1 {Owverall <=medium) <= ({literature <= bad)

] console | wls Statistics of students.rls [l Coverage of Rule 0 3 Classify of file studen... &2 =08

Tested Examples: &

Correct: & (100,000%)
Incorreck: 0{0,000%)
Unclassified: 0 (0,000%:)

Misclassification matrix | Dietails |

Figure 15: Details of classification
Column “Certainty” in Fig. 15 refers to classification certainty score calculated in a way presented in [1].

4 Exemplary Applications of Dominance-based Rough Set Ap-
proach

There are many possibilities of applying DRSA to real life problems. The non-exhaustive list of potential
applications includes:

e decision support in medicine: in this area there are already many interesting applications (see, e.g.,
[27, 22, 23, 35]), however, they exploit the classical rough set approach; applications requiring DRSA,
which handle ordered value sets of medical signs, as well as monotonic relationships between the values
of signs and the degree of a disease, are in progress;

e customer satisfaction survey: theoretical foundations for application of DRSA in this field are available
in [16], however, a fully documented application is still missing;

e bankruptcy risk evaluation: this is a field of many potential applications, as can be seen from promising
results reported e.g. in [33, 34, 8], however, a wider comparative study involving real data sets is needed;

e operational research problems, such as location, routing, scheduling or inventory management: these
are problems formulated either in terms of classification of feasible solutions (see, e.g., [7]), or in terms
of interactive multiobjective optimization, for which there is a suitable IMO-DRSA [18] procedure;

e finance: this is a domain where DRSA for decision under uncertainty has to be combined with interac-
tive multiobjective optimization using IMO-DRSA; some promising results in this direction have been
presented in [17];

e cecology: assessment of the impact of human activity on the ecosystem is a challenging problem for
which the presented methodology is suitable; the up to date applications are based on the classical
rough set concept (see, e.g., [29, 6]), however, it seems that DRSA handling ordinal data has a greater
potential in this field.
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5 Glossary

Multiple attribute (or multiple criteria) decision support aims at giving the decision maker (DM) a recommen-
dation concerning a set of objects U (also called alternatives, actions, acts, solutions, options, candidates,...)
evaluated from multiple points of view called atéributes (also called features, variables, criteria,...).

Main categories of multiple attribute (or multiple criteria) decision problems are:

e classification, when the decision aims at assigning objects to predefined classes,

e choice, when the decision aims at selecting the best object,

e ranking, when the decision aims at ordering objects from the best to the worst.

Two kinds of classification problems are distinguished:

e tazxonomy, when the value sets of attributes and the predefined classes are not preference ordered,

e ordinal classification with monotonicity constraints (also called multiple criteria sorting), when the
value sets of attributes and the predefined classes are preference ordered, and there exist monotonic
relationships between condition and decision attributes.

Two kinds of choice problems are distinguished:
o discrete choice, when the set of objects is finite and reasonably small to be listed,

o multiple objective optimization, when the set of objects is infinite and defined by constraints of a
mathematical program.

If value sets of attributes are preference-ordered, they are called criteria or objectives, otherwise they
keep the name of attributes.

Criterion is a real-valued function f; defined on U, reflecting a worth of objects from a particular point
of view, such that in order to compare any two objects a,b € U from this point of view it is sufficient to
compare two values: f;(a) and f;(b).

Dominance: object a is non-dominated in set U (Pareto-optimal) if and only if there is no other object
b in U such that b is not worse than a on all considered criteria, and strictly better on at least one criterion.

Preference model is a representation of a value system of the decision maker on the set of objects with
vector evaluations.

Rough set in universe U is an approximation of a set based on available information about objects of U.
The rough approximation is composed of two ordinary sets, called lower and upper approzimation. Lower
approximation is a maximal subset of objects which, according to the available information, certainly belong
to the approximated set, and upper approximation is a minimal subset of objects which, according to the
available information, possibly belong to the approximated set. The difference between upper and lower
approximation is called boundary.

Decision rule is a logical statement of the type “if..., then...”, where the premise (condition part) specifies
values assumed by one or more condition attributes and the conclusion (decision part) specifies an overall
judgment.
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