A Decremental Rule Extraction Based on the Rough Set :

Case of Customer Satisfaction on Restaurant’s Service
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Input: The number of a removed object, numdel.



Output: The set of decision rules and alternative rules, Fnew.
Step O Initialization
(i). When an object is removed, set the object number to numdel.
(ii).Set S = 1, I=1, Fold = original rules set, Fnew =0, Fgenerate =U,
Freplace =U, Fdelete =U.
Step 1  Check if there is any numdel in sets of columns in D and remove numdel.
Fori=1tog
Forj=1tor
If numdel€ D(Xi)Aj && D(Xi)Aj - numdel == empty
go to step 1.1.
Else go to step 2
End If
Endfor
Endfor

Step 1.1 Apply the reduct generation procedure of Pawlak [17], to generate a new

reduct of D(Xi)Aj.

Step 1.2 Check whether the new reduct exists in the R.

Fori=1tok
If new reduct € Ri
go to step 1.2.1.
Else go to step 1.2.2.
End If
Endfor

Step 1.2.1 Add the new reduct to R.

Step 1.2.2 Merge the new reduct with the identified original reduct, into R. The
new reduct of object number joins RMO and the cardinality is also
added to ROC.

Step 2  Check whether the new reduct is better than the original.

Forl=1toL
If a new reduct is not yet generated,
Go to step 2.1.
Else go to step 3.
End If
Endfor
Step 2.1 Check whether the intersection of Aj and D(Xi) is empty.
If it is empty
Go to Step 1.1.
Else go to step 2.
End If



Step3  Find any reduct that is possibly affected by numdel, in R:
Forn=1tok
If numdel € RMO(n)
Go to step 3.1.
End If
Endfor
Go to step 3.2.
Step 3.1 When the numdel is removed from RMO, subtract I(numdel)OC from
ROC.
Step 3.2 Re-compute the strength index, SI. Sort SI according to case number, S,
and Tnew is stored, with the order, for each reduct.
Step4  Check whether the new order has not changed, in R.
Temp=0
Forn=1tok
If Tnew(n) != Told(n)
Temp=1
End If
Endfor
Step 5 Decide whether to re-extract the rules, according to the value of Temp.
if Temp = 1, the rules must be re-extracted, so go To Step 5.1, else go To
Step 6.
Step 5.1 Re-extract the rules, according to AREA
Set Fold=the original rules » Fgenerate=the new rules >
Freplace=the replaced rules > Fdelete=the deleted rules.
Step 6  Print Fnew= {Fold + Fgenerate + Freplace - Fdelete}.
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DB 1%IDBI 10%IDBI 40%IDBI 70%IDBI
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1000 13257 10233 4635 1453
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F1 |F2 |F3 |F4 |F5 |F6 |F7 |F8 |F9 |F10 | F11 |F12 |F13 |O
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ABSTRACT
A dynamic database is a common type of business databases. Data deletion operations are
also a frequent feature of database management activities. Unfortunately, most existing data
mining (DM) algorithms assume that the database is static and that updating a database
requires re-computation of all the patterns, to enable rule extraction. Of the DM techniques
available, the rough set (RS) approach is a knowledge discovery tool that can be used to help
identify logical patterns hidden in massive data. However, traditional RS approaches cannot
produce rules with preferential order and often lacks focus, generates too many rules and
cannot guarantee that the decision table is credible. This study proposes a DAREA
(Decremental Alternative Rule-Extraction Algorithm), to address the issue of objects removed
from the database and to generate preference-based rules, according to a strength index,
specifically for the case wherein the desired reducts are not necessarily unique. The algorithm
does not need to re-compute rule sets that can quickly generate and complete rules, from the
very beginning. This solution approach applies to restaurant’s service and customer basic
information on Customer Satisfaction. This case study is devised, to validate that the proposed

approach is superior to the traditional RS approach.

Keywords: Dynamic databases, Rough set approach, Decremental mining, Decremental object,

Rule induction






