Program NOO
M easuring the approximation quality for sorting rules
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Summary

The paper presents a description of the program NOO, which can be used for computing an approx-
imation quality for sorting rules of the types “nominal — nominal” (NN), “nominal — ordinal”
(NO), “ordinal — ordinal” (OO), and its generalisation to “(nominal, ordinal) — ordinal” rules
(NOO). We provide a significance test for the overall approximation quality, and a test for partial
influence of attributes based on the bootstrap technology.

A competing model - the approach of Greco et al. [3] — will be also computed.
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1 Introduction

In multi-criteria sorting problems we are often faced with statements of the form
If someone is male and at least 30 years of age, then he will spend at least £10 a month on magazines.

Even though such a rule need not be globally true, it is worthwhile to approximate the prediction
quality of the set of condition criteria taking into account all rules of the above form, and aggregate
the values into a single measurement. As an example, consider the information system given in Table 1
on the following page. There, U is a set of objects, ¢ is a condition criterion, and d a decision criterion.
With respect to the orderings <, we can observe, among others, the following rules:

1.1 (V) fq(z) = 3 = fa(z)
(1.2) (Vz) fo(z) =5 = fa(z)

*Equal authorship isimplied.
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> 5,




Table 1: A simple bivariate order information table

1 T2 X3 T4 Iy Tg
2 1 4 3 6 5
1 2 3 4 5 6

aw|d

Here, f,(x), resp. fq(x) is the value of object = under attribute g, resp. d. The rules (1.1), (1.2) are
called ordinal-ordinal (OO)-rules [2], because each side of the rule addresses an order relation.

The question arises, how we can measure the overall prediction success based on the instances of the
observable rules in such a way that each rule contributes to the measure. This problem is, of course,
not new, and solutions have been offered e.g. by [3] within the framework of rough sets. However, we
shall see in Section ?7? that the approximation quality given there is dissociated from the theory, and
that a more refined measurement is needed.

We shall investigate not only pure sortings, but also “nominal” sortings, which results in rules such as

(1.3) (V) for (@) = M = fa(x) = 1000,
(1.4) (V) for (@) = M = fa(x) = 1000,
(1.5) (V:z:)fq1 () =F A fgo () > 3 = fq(z) > 500,

Rule (1.3) is a nominal - nominal (NN) - rule, (1.4) is a nominal-ordinal (NO) - rule, and (1.5) is a
mixed case (NOO) - rule.

The example of a published data set [1] shows the applicability of our method.

2 Program parameters

Program NOQ( 2. 12) : Conput es ( nom nal xordi nal ) ->ordinal -predi ction (G& I D, 2001)
call noo <in>[-A-C-D.. -E.. -F[..] -L.. -N.. -OCout -P.. -Q-R. -S. -U. -X

Options (lower or upper case):
-A: gamma for ALL possible direction combinations within the attr. (def. no)
-C. Perform CLASSI CAL Rough Set Analysis (= assume every attr. to be noninal)
-D. Decision attribute (default: last var.) -D=3 -> Attr. 3 is decision attribute
-E: Exclude the variables in the list fromanalysis (default: no vars.)
-E1,2,3,L will exclude 1st, 2nd, 3rd and | ast variable
-F: Find reducts (def.: no). Wthout par it will find relative reducts.
-F0.9 finds reducts for gama=0.9
-L: Number of lines per case in infile (default: 1)
-N. Change attribute fromordinal to nom nal values (def.: no nominal attr.)
-0 Afilenane for the results (default: noo.out)
-P. Bootstrap N for partial gamma testing (default: 0)
-PO disables testing; -P100 enables test with 100 trials
-Q Shows the Q product relation (def.: no)
-R Change directions of attribute coding (reversed coding).
This option causes no effect for nonminal attributes! (Ex.: -R1,2,3,L)



-S: Number of simulations for significance testing (default: 0)
-S0 disables significance testing; -S1000 enables test with 1000 trials
-U Use only the variables in the list for analysis (default: all vars.)
-U1,2,3,L will use only the 1st, 2nd, 3rd and | ast variable
-X: eXtended output including rules and rule evaluation (def.: no)
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3 Example

The data are presented in Table 2.

The values of the decision attribute d (”Profit”(1) is better than "Loss” (0)) should be predicted by the
attributes:

q1. capacity of the sales staff ("high” (2) is better than "medium” (1) is better than "low” (0))

g2 perceived quality of goods ("good” (1) is better than "medium” (0))

g3. high traffic location ("yes” (1) is better than ”"no” (0))

q4. the geographical region (A’ (0) and ”B” (1) code different regions)

Call:

noo wareh.dat -n4 -e2,3 -s1000 -pl000 -x

Results:



Infile

Noni nal

Resultfile
Nunmber of

Decision Attribute
Excl ude Attributes

Table 2: A NOO example (from GMS,98b, pp. 64)

scal ed Attributes
Nunber of Sinulations ....

Bootstrap N for partial test 1000

Ext ended Qut put
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Warehouse q1 Q2 Q3 Q4 d
1 High Good no A Profit
2 Medium Good no A Loss
3 Medium  Good no A Profit
4 Low Medium no A Loss
5 Medium Medium yes A  Loss
6 High Medium yes A  Profit
7 Medium Medium no A Profit
8 High Good no B Profit
9 Medium  Good no B Profit
10 Low Medium no B Loss
11 Medium Medium yes B  Profit
12 High Medium yes B  Profit
war eh. dat
............... © noo. out
lines per record : 1
....... . | ast
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of Equival ence classes in Q 6

of different d val ues

Informative pairs in <= Relation
Rel ati on

Informative pairs in >=

d>=1, when:
d<=0, when:

c>=0 or ¢c>=3 or c>=4
c<=2 or c<=b

(6)
(2)

2
4
8



gamma = 0. 6667 g(l eq)= 0.5000 g(geq)= 0. 7500
p = 0.0360 ERW = 0.2384 kappa = 0.5623
gamma( GVS) = 0. 6667
p = 0.0170 ERW = 0. 1562 kappa = 0.6050

Anal ysis of partial gama
Infl. of attr. 1: gammadi ff=0.667 Bl AS=0. 102 s(boot)=0.263 z(boot)=2.534 | ow=0. 250
Infl. of attr. 4: gammadiff=0.167 Bl AS=0. 008 s(boot)=0.137 z(boot)=1.219 | ow=0. 000
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