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Feature Transformation Methods in Data Mining

Andrew Kusiak Member, IEEE

Abstract—The quality of knowledge extracted from a data TABLE |
set can be enhanced by its transformation. Discretization and DATtA SET
filling missing data are the most common forms of data transfor-
mation. A new transformation method named feature bundling No. Fl F2 F3 F4 D
is introduced. A feature bundle involves a set of features in its I Red 1212 | 0 [Low
pure or transformed form. The computational results reported in 2 Blue |6.1] 2 | 2 High
this paper show that the classification accuracy of decision rules 3 Red 42111 0 lLow
generated from data sets with feature bundles is enhanced. The 4 Yellow | 12] 0 { 1 [Medium
proposed concept of feature bundling is applied to a data set from 5 Green |38} 3 | 1 |[Low
semiconductor industry. 6 Yellow 88| 1 | 0 |Medium

7 Red |54] 0 | 2 [High

Index Terms—Classification, data mining, decision making,
feature bundling, feature transformation method, knowledge
discovery, transformed data set. . . .

Lim [20] presented a comprehensive comparative study of over

thirty learning algorithms of categories A, B, C, E, and F. The
I. INTRODUCTION background of the category D learning algorithms is provided
HE recent advances in data mining have produced a|d'8_[21]. The algorithms o_f class G are disc_ussed in [22]. The
T rithms for extracting knowledge contained in large datf°ts of the class G algorithms are in evolutionary computation
sets. This knowledge can be explicit, e.g., represented as dédfiated by Holland [23] and Goldberg [24]. Class H and many
sion rules, and utilized for decision making in areas where de@her algorithms are discussed in [25]. _
sion models do not exist. The machine learning algorithms con-IN this paper, the decision rule algorithms (category F) will
struct associations among various parameters (called featurd2§rfxplored for two major reasons.
data mining and attributes in computer database literature) thatl) Generation of explicit knowledge in the form acceptable

are important in modeling processes. by a user: User is able to understand the extracted knowl-
Learning (classification) systems of interest to this research  edge, assess it usefulness, and learn new and interesting
fall into eight general categories. concepts.

A) Classical statistical methods (e.g., linear discrimi- 2) Controllable classification accuracy: This characteristic is
nant, quadratic discriminant, and logistic discriminant ~ due to the nature of the algorithms themselves as well as
analyses) [1]. the feature transformation concept discussed in this paper.

B) Modern statistical techniques (e.g., projection pursulthe concepts presented in the paper are general and applicable
classification, density estimations-nearest neighbor, to data sets mined by many other algorithms.

casual networks, Bayes theorem [2]). Consider the data set in Table | with seven objects, four fea-
C) Neural networks (e.g., backpropagation, Kohonen, linearres, and decisio.

vector quantifiers, and radial function networks) [1]. The rules extracted by a decision rule algorithm are shown
D) Vector support machines [3]. in Fig. 1. The numbers behind each rule correspond to the row

E) Decision tree methods (e.g., ID3 [4], CN2 [5], C4.5 [6]numbers in Table | (for more details see Section III).
T2 [7], Lazy decision trees [8], OODG [9], OC1 [10], The decision rules of Fig. 1 are represented as the graph of
AC, BayTree, CAL5, CART, ID5R, IDL, TDIDT, and Fig. 2.
PROSM; see [1] for the description of these algorithms). The pattern corresponding to this rule tree is shown in
F) Decision rule algorithms (e.g., AQ15 [11], [12], LERSTable II.
[13] and numerous other algorithms based on the roughThe pattern in Table Il and the corresponding tree in Fig. 2
set theory [14] and [15]). use only three features F1, F2, and F4 to represents all objects
G) Learning classifier systems (e.g., GOFFER-1 [16]rows) of Table I.
Monalysa [17], and XCS [18] and [19]).
H) Association rule algorithms (e.g., DB2IntelligentMiner)
[19]. Il. FEATURE TRANSFORMATION METHODS

Data sets can be mined in their raw collected form, or they
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RHulel, IF [F1I = {Greesn OR Red}} AWD (F2 « 4.B} THEN (D = Low); [1, 3, 5]
Rule2, IF {Fl = Yellsw] THEH (D = Meodium); [4, &)
Rule3, IF (Fd = 2] THEW (D = Highl; [z, 7]

Fig. 1. Decision rules derived by a rough set algorithm.

TABLE I
TRAINING DATA SET

No. F1 F2 F3 F4 D

1 0111012 |Zero
2 1 1110]2 |Two
3 0101011 |Zero
4 0.111!0[One
5. 0101143 [Zero
Fig. 2. Rule tree derived from the data set in Table I.
TABLE IV

CLASSIFICATION QUALITY OF THE FEATURES IN TABLE Il

PATTERN CORRESPON-[I-)ﬁ\IBGL'II'EO 'II'IHERULE TREE INFIG. 2 Classification | F1 | F2 | F3 | F4
quality 21406
No Fi F2 F3 F4 D
! Red 121 2 1 0 lLow
g ﬁ:ff Zé ? (2) Eé%f Feature bundling is of particular interest in temporal data mining
4 Yellow | 121 0 | 1 [Medium as relationships are formed among features rather than their
5 Green |38 3 | 1 |Low values. Such relationships tend to be more stable in time com-
6 Yellow | 88| | | 0 Medium paring to the relationships among feature values. Although fea-
7 Red [54] 0 | 2 [High ture bundling is primarily intended for integer, normative and

categorical features, it can be extended to features with contin-

T L ._.._uous values, for example, by using regression functions.
c) feature content modification (generalization, specializa-

tion);
d) feature bundling. [ll. TRANSFORMEDDATA SETS
. _In this paper, the fourth method, the_featur(_a bl_m_dllng method,ln this section the feature bundling concept is illustrated with
Is introduced. Rather thap cor)centratlng on individual fefitur ining a data set involving feature sequences. Once the feature
the approach presented in this paper advocates CaPt“””g "S@uences are defined, the original data set is transformed ac-
:!onsTyfas r:lmong f_eiature buntdles.fA fea(tjufre bundle is a COII(?:%'rding to the newly created features and it is used for mining.
lo_r;hoe fgﬁol\J/\:iG;\S I?elf;\?u?lejrgu?lrdlreasn;sz) o(s)rerg. The reason for forming feature sequences is threefold:
. 9 . prop ' 1) improved classification accuracy (defined in the Ap-
b F5<1.Oglca1 operator)F2(logical operator)F9, where the pendix) of decision rules with feature sequences; The
{logical operator) = {AND, OR’. NOT, EXOR}. Note classification accuracy gain will be demonstrated later in
that an ordered set of features linked by tidDoper- this section:
3tor t;egon;e;:;sgzuence, €@, AND F9 AND Fi4s 2) collective judgement based on a selected set of features;
5 anofih a ” U lt \F8 e.g., a gene sequence;
) F3ari Ametle opera or)F8, . . 3) some features are generated in clusters that may naturally
3) aF2(arithmetic operator)bF4)/(arithmetic operator)cF5, form bundles, e.g., process control parameters
where a, b, and ¢ are constants and the T )
(avithmetic operator) = {+, -, /, x}. The analogy of a feature sequence to a gene sequence appears to
S have merits. The increased classification accuracy of rules with

4) Regression function defined on a subset of features. ; ) )
Of interest to data mining are bundles that form time invariafiature sequences may be traced to analogy with functionality
9 d expression of gene sequences.

relationships. These relationships are expressed by comparato ; L .
P P P y P Fhe impact of feature sequences on classification accuracy is
such as> , <, >, <, =, #,~,x. For example, the two discussed next

featured=3 andF7 can be described as exponential functions, . . - . .

however, their relationship &3 < F7 for F9 € [5, 16] and Consider the data set in Table Il consisting of five objects
' 2 (rows) each with four features F1-F4 and decision

F3 > F7forFo ¢ [5, 16] as stated by the following two rules: The term classification quality (defined in the Appendix) is

used to analyze the properties of features of a data set.
IF F9€ [5, 16] AND F3 < F7 THEN D=Hot The values of classification quality (CQ) of the features in

IF F9¢ [5, 16] AND F3>F7 THEN D=Cold. Table Il are shown in Table IV.
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Rulel. IF (F2 = 0) THEMN (D = Zero]: [2, 66.67%, 100.00%] [3, 5]
Bule2 IF (Pl = 0) AND [F3 = 0] THEM (D = Zero): [3, E6,67%, 100.00%]
Ruled IF |(Fa = 0) THEN (D = Onejp (1, 100.00%, 100.00%] [4]

Ruled, IF {FlL = 1] THEN (D = Two): [1, 100.00%, 100.00%] [2]

Fig. 3. Rules derived from the data set in Table IlI.

TABLE V TABLE VII
ABSOLUTE CLASSIFICATION ACCURACY FOR THEDATA SET IN TABLE Il DATA SET WITH FEATURE SEQUENCEF2 F3
D Zero One Two None No. F1 F2 F3 F4 D
Zero ] 1 0 1 1 0] 106121]0
One 1 0 0 0 2 1 1 0 2
Two 1 0 0 0 3 01060140
4 0111 |01
5 0] 011310
TABLE VI
CLASSIFICATION ACCURACY FOR THEDATA SET IN TABLE I
Correct Incorrect None TABLE VIiI
Zero 33.33% 133.33% 133.33% CLASSIFICATION QUALITY OF THE FEATURES IN TABLE VII
One 0.00% [100.00% ]0.00% - -
Two 0.00% 1100.00% 10.00% Classlﬁcatlon F1 |F2 F3} F4
Av  20.00% |60.00% |20.00% quality 2] 6 |6

The illustrative rule set derived from the data set in Table Il Table VI reports the percentage of objects that have been clas-

is shown in Fig. 3. sified correctly, incorrectly, or fall into the “None” category for
These decision rules in Fig. 3 are presented in the followirthe three decision valud3 = Zero, One, or Two.
format: IF (Condition) THEN (Outcome); [Rule The last row in Table VI includes the average classification

support, Relative rule strength, Discrimination level] [Objectaccuracy for the rules extracted from— 1 = 4 objects for
represented by the rule] (For the definitions of these terms see= 5.

the Appendix). Rather than directly extracting rules from a data set, in this
For example, Rule 2 paper data sets with feature sequences are considered. The orig-

IF (F1 = 0) AND (F3 = 0) THEN (D = Zero); inal data set is transformed into a data set where the feature

[2,66.67%,100.00%][1, 3] reads values corresponding to the feature sequences are merged. The

IF (The value of featur&1 equals0) AND(The value of~3  transformed data setis used for rule extraction. The data set with
equalsD) THEN(The decisior is Zero ); [This rule represents the feature sequence I3 is shown in Table VII.
2 objects; In this case these two objects makes@B7% of The classification quality of the features in Table VIl is pro-
all objects in the training data set with the decisidn= Zero; vided in Table VIII.
The two objects exactly match the conditions and decision of The classification quality of the feature sequenceR32is
this rule] [The objects represented by this rule hr@nd3]. considerably higher than the classification quality of the com-
The quality of predictions with the rules extracted from a daonent features F2 and F3 reported in Table IV.
set is usually evaluated by a cross-validation scheme [26]. Dud~ig. 4 presents the rules extracted from the data set in
to the small size of the data set in Table I, the 1-outdfs = Table VII.
5) cross-validation scheme was used. An object was removedrhe 1-out-ofn (n = 5) cross validation results for the rules
from the training data set, one at a time, and the rules were @x+ig. 4 are reported in Tables IX and X. It should be noted
tracted from the set of — 1 = 4 objects. They were in turn that the decisiolD = Zero for each of the three objects has
used to predict decisio® of the previously removed object.been correctly predicted (100% classification accuracy in the
This process was repeatad—= 5 times. The testing has pro-classD = Zero), as opposed to the classification accuracy of
duced the absolute classification results in Tables V and VI. 33.33% reported in Table VIl or the correctly predicted decision
The diagonal numbers in the matrix of Table V (called alsior one object in Table V.
a confusion matrix) represent the number of outcotbethat The classification quality of the individual features F1-F4
have been correctly classified. In this case 1 of the 3 decisicansd the feature sequences_F3, F1F4, F2F3, F2F4, and
D = Zero have been correctly predicted, O decisidhs- One F3_.F4 is shown in Table XI. The value of the classification
and 0 decisions o> = Two have been correctly classified.quality (CQ) varies from 0 for feature F3 and 1 for the feature
The numbers off the diagonal indicate the incorrectly predictsgquence FF4.
decisions, e.g., for decisioP = Zero (row Zero in Table V)  Table Xll summarizes the 1-out-af{for n = 5) validation
one decisionD = One was generated and one object could natsults for nine data sets, the data set in Table Il and eight data
be classified, i.e., it was assigned to the “None” category.  sets with one or more feature sequences. Note that in the fea-
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Rule 5. IF (F2 3 = 0 0O} THEN (D = Zero 1, 33.33%, 100.00%] [3]

Rule 6. IF (F2 3 = 0_1} THEN ID = I 3.33%, 100.00%] [5]

Ride 7. IF (Fl = Q) ARHD |Fd 2] THEN D Laro | 33.33%, 100.0D%) [[1)
Rule 8 IF {F2_3 = HEN mebp [ cok, 1 10%] [4]

Bule 9. IF (Fl 1] THEN (D = Two): [1, 100.00%, 100.00%] [2]

Fig. 4. Rules derived from the data set in Table VII.

TABLE IX
ABSOLUTE CLASSIFICATION ACCURACY FOR THEDATA SET IN TABLE VII

across observations. The data set was essentially complete as
all feature values were collected by a computerized data acqui-
sition system. Product quality has been selected as a decision
for data analysis. The decision value was the only feature that
could not be automatically determined, rather it had to be man-

D Zero One Two None
Zero 3 0 0 0
One 1 0 0 0

Two 1]0;0 0 ually assigned based on the data collected in addition to the 93
features. Determining decision values is a problem in itself that
TABLE X needs a separate consideration.

CLASSIFICATION ACCURACY FOR THEDATA SET IN TABLE VII

For the purpose of this study three decision values were se-
lected,D = {N (Negative, Z (Zero), P (Positive }. The as-

Correct Incorrect None . .. . . .
0 100.00%10.00% 10.00% signment values to the decision could involve inconsistency be-
1 0.00% 1100.00% 10.00% tween the adjacent classes due to human error, e.g., for a par-
2 0.00% 1100.00%10.00% ticular product the decisio®® = P could be assigned rather
Av 60.00% [40.00% |0.00% thanD = N. However, misrepresentations across two decision
classes, e.gl) = N rather thanD = P are not possible. The
TABLE XI number of quality levels (three) was selected for the purpose of

SUMMARY OF FEATURE CLASSIFICATION QUALITY this study and its use in industrial practice.

Feature set |F1|F2|F3|F4|F1_F2 [FI_F3| FI_F4 |[F2_F3|F2 F4|F3_F4 IV. INDUSTRIAL CASE STUDY

cQ 21410 |.6 .6 .6 1. .6 .6 .6

To evaluate the impact of feature sequences on classification
accuracy, seven different cases (data sets) have been considered

ture sets in Table Xl the letter “F” in front of each feature wagrouped into two computing scenarios.
omitted.

The highlighted feature sequences_IF2 and F2F4 in
Table Xl and the feature sets 1, 2_3, 4 and_, 3 in Table XII
correspond to the highest classification accuracy. F35, FA0-F44, F47, F55, F56, F68-F72, F73, FaBfeatures

For this example, the feature sequencesBand F2F4 pro- that were viewed as high priority control parameters has been
duced the best classification accuracy. Among others, featgedected and decision rules were extracted with a rough set al-
sequences of size three were considered, however, without symrithm.
cess due to the small number (four) of features in the originalThe 1-out-ofn (n = 86 objects) cross-validation scheme
data set of Table Ill. Wider data sets (containing more featuregas used to validate the results produced by the rough set al-
offer more opportunity for the definition of feature sequenceagorithm. The results of cross-validation for Case 1 are shown in
with multiple original features, thus offering more opportuniTables XIII and XIV.
ties for improvement of classification accuracy. Table XIV reports the percentage of objects that have been

The benefits offered by feature sequences are illustrated witssified correctly, incorrectly, or fall into the “None” category
a data set from semiconductor industry. The case study waddothe three decision valud3 = Negative, Zero, or Positive.
accomplish two goals. The first goal was to develop a modelCase 2: Feature Sequence EB&2: In this case the data
associating process parameters with the product quality. Suckea from Case 1 was transformed by replacing the five indi-
model is to be used to predict the quality of products before thiglual features F68 through F72 with the feature sequence
actual process takes place. The second goal was to reduce{i8_F69 F70F71F72} denoted as F682. In total 31
number of process parameters to be actively controlled basedlifferent values of the feature sequence F@Bhave been used
this model. Prior experimentation with statistical and computa the entire training data set.
tional intelligence tools has not produced a satisfactory solutionThe feature sequence F&2 values are shown at the bottom
to the two goals. of the next page.

The industrial data set includes 86 objects (observations),n fact this data mining study has made the company aware
each containing 93 feature values (process parameters). dhéhe significance of the feature sequence H@&8in process
data set has been collected at random intervals over a yeargmitrol. The classification accuracy of each individual feature
riod, therefore, the conditions of the process might have varie@8 through F72 is zero, while the classification accuracy of the

A. Computing Scenario 1
Case 1: Original (Not Transformed) Featurehe set{F7,
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TABLE XIl
SUMMARY OF 1-OUT-OFn (n = 5) VALIDATION RESULTS

Featureset 1,2,3,4 1.2,3,4 1.3,2,4 13,24 1 4,23 1,2.3,4 1,243 1,2,3.4 1.2,2.3,4

Correct 20% 40% 20% 20% 20% 60% 60% 40% 40%
Incorrect 60% 60% 60% 60% 40% 40% 40% 40% 60%
None 20% 0% 20% 20% 40% 0% 0% 20% 0%
TABLE XIlI TABLE XIV
ABSOLUTE CLASSIFICATION ACCURACY FORCASE 1 CLASSIFICATION ACCURACY FORCASE 1
D N Z P None Correct Incorrect None

1 [ 11| 0 N 33.33%(66.67% |0%
Z  37.04%(62.96% [0%
P 70.73% [29.27% 0%
Av 52.33% [47.67% [0%

TN Z
- [N
=
ey
el

feature sequence F6R is 24.4%, which implies that 24.4% of

all objects in the training set can be uniquely identified by this TABLE XV

feature. ABSOLUTE CLASSIFICATION ACCURACY FORCASE 2
The cross-validation results for this case are shown in Ta- D N Z P None

bles XV and XVI. N 3T2T12] 1
The cross-validation results of computing scenario 1 indi- z 1jnliz] 1

cate that the rules generated from the transformed data set of P 3[3]32} 3

Case 2 produced better prediction accuracy that those of Case

1. Of particular interest is the number of correctly predicted de- TABLE XVI
cisionsD = Positive, which is 32 in Table XV versus 29 in CLASSIFICATION ACCURACY FORCASE 2
Table XIIl. The average percentage of correctly predicted out- Correct Incorrect None

16.67% |77.78% (5.56%
44.44% (51.85% |3.70%
78.05% |14.63% [7.32%
v 54.65% (39.53% |5.81%

comes is also higher for Case 2, as shown in Table XVI, the
averageAv = 54.65% versusb2.33% in Table XIV. The third
important measure is the total number of correctly predicted
outcomes (sum of diagonal elements in Tables XV and XVII),
which is 45(6 4+ 10 + 29) in Case 1 and 473 + 12 4 32) in

> TN Z

Case 2. TABLE XVII

In computing scenario 2, four different cases involving dif- ABSOLUTE CLASSIFICATION ACCURACY FORCASE 3
ferent number of feature sequences were considered. Each case D N Z P None
was generated from the same original data set. N 611 [11] 1

Z 2110]15] 1

B. Computing Scenario 2 Po1ll3i36l 1

Case 3: Original Features:In this case, the data set with TABLE XVIII
the following features was consider¢B6, F7—F11, F25, F35, CLASSIFICATION ACCURACY FORCASE 3

F40-F44, F47, F55, F56, F57, F63-67, F68-F72, F73-F77,
F78-F8%. This feature set is a superset of the set of Case 1.

The cross-validation results are shown in Tables XVII and
XVIII.

Case 4: Feature Sequence FB82: The data set with the
following features was considerefF6, F7—-F11, F25, F35,
F40-F44, FA7, F55, F56, F57, F63-F67, F6R, F73-F77, TABLE XIX
F78-F82. ABSOLUTE CLASSIFICATION ACCURACY FORCASE 4

The feature sequence FG2 is defined in Case 2 and the D N Z P None
cross-validation results are shown in Tables XIX and XX. N 1727107 5

The average percentage of correctly classified objects (under Z 1121 12] 2
“Correct” in Table XX) for Case 4 is not better than that of Case Poli2134] 4
3 (Table XVIII), however the number of correctly predicted out-
comes withD = N is higher, which implies that feature se-quences may allow for shifting the number of correctly pre-

Correct Incorrect None
33.33% 166.67% (0%
37.04% (62.96% 0%
87.80% (9.76% 12.44%
v 60.47% [38.37% |1.16%

> U N Z

0.0.0.0.0,0.0.0.0-1,0.0.0.0_3,0.0.0.1.1,0.0.2.0.0,0.0_.3.3_.3,0.1.0.0.0,0.1.1.0.0,0.2.0.0.0,02.0.0_1,
0.2200,10000,10003,10011,11000,11001,11003,11100,1.1.101,1.1.10.3,
11111,11120,2.0.0.0.0,2.0.0.0.1,2.0220,2200.0,22200,2220.1,22220,22221,
22333
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TABLE XX TABLE XXIII
CLASSIFICATION ACCURACY FORCASE 4 ABSOLUTE CLASSIFICATION ACCURACY FORCASE 6
Correct Incorrect None D N _Z P None
N 5.56% [66.67% [27.780% N 3[0 14 1
7 44.44% |48.15% |7.41% g i 112 é‘g (1)
P 8293%7.32% [9.76%
Av 54.65% (32.56% |12.79%
TABLE XXIV
CLASSIFICATION ACCURACY FORCASE 6
TABLE XXI

Correct Incorrect None

ABSOLUTE CLASSIFICATION ACCURACY FORCASE 5

N 16.67%|77.78% |5.56%
D N Z P None Z 44.44%(55.56% |0%
N 411[13] 0 P 92.68% [4.88% |2.44%
Z 1 ]12]12] 2 Av 61.63% |36.05% [2.33%
P 110137 3
TABLE XXV
TABLE XXII ABSOLUTE CLASSIFICATION ACCURACY FORCASE 7
CLASSIFICATION ACCURACY FORCASE 5
D N Z P None
Correct Incorrect None N 5 1 |11 1
N 22.22%(77.78% 0% Z 2111114 0
Z  44.44% (48.15% [7.41% po1] 1 (37] 2
P 90.24%|2.44% |7.32%
Av 61.63% [32.56% |5.81% TABLE XXVI

CLASSIFICATION ACCURACY FORCASE 7

Correct Incorrect None

dicted outcomes among different decision categories. The av-

erage “Incorrect” value for Case 4 (Table XX) is the highest of N i7-2§2/" 62'222/" 2"5‘224’

all four cases considered in computing scenario 2. The feature i 98;4;’ 28'80/’ 0;)/ %
- . . (1] . 0 0

sequence sets defined in cases 5 through 7 to be presented next Av 6L63% 134389 13.49%

resulted in better values of “Correct” than that of Case 3. The
latter implies that feature sequences tend to reduce the number
of incorrectly classified objects. The results in Table XXIIl indicate that of all 41 objects in
Case 5: Feature Sequences HB87 and F68F72: In this the training data set, the rules generated for Case 6 resulted in
case the data set with the following features was considereatrect classification of 38 objects and misclassification of only
{F6, F7-F11, F25, F35, F40-F44, FA7,F55, F56, F57,IF68 3 objects with decision® = Z,D = N, andD = None
F68F72, F73—F77, F78-F8§2 (no decision). This is a small error in particular that there was
The feature sequence F&&7 is the sequencesome arbitrariness involved in labeling the decisidhst the
{F63 F64 F65F66.F67} and its values are as follows:three levels. The only notable error in Table XXIIl is that of
44443,54443,55553,55563,664423, classifying an object witlD = P as an object withD = N,
6.6_6.6_3. which can be explained by incompleteness of the training set,
The cross-validation results are shown in Tables XXI arftbman error, or possibly inadequacy of features.
XXII. Case 7: Feature Sequences H687, F68F72, F73F77, and
Case 6: Feature Sequences HBB87, F68F72, and F78F82: In this case the data set with the following features
F73.F77: The data set with the following features was conwas consideredF6, F7—-F11, F25, F35, FA0-F44, F47, F55,
sidered{F6, F7—F11, F25, F35, F40-F44, F47, F55, F56, F5F56, F57, F6367, F68F72, F73F77, F78F82}.
F63 F67, F68F72, F73F77, F78—F82. The feature sequence{F78F79.F80F81F82} =
The feature sequence {F73F74F75F76F77, F78F82 has the following values:
denoted as F7B77 has the following values: 50.50_30_30_30,50_50_50_30_20,30_30_30_50_50,
100_- 100_- 100_- 50.50, -25_- 25_- 50_- 50.50, 70.70_70_70_70,
70_-70_- 70_- 70.70,-50_- 50_- 50_- 50.50, 50.50.50_50_50,50_50_50_50_20,50_50_50_30_30,50_
- 50_- 50_- 50.—30_30,- 50_- 50_-50_- 30.20,- 50_ 50.30.30-20,5.5_30_50_50,30_31_30_70_70,
-50_- 30_- 30.30, 30.30.30_30_50,- 30_-30_- 30_- 30.30,
-50_- 50_- 30_- 30.20,- 30_- 30_- 30_- 50.50,- 5 25_25.50.50.50,20_20_50_50.50,15_25_
- 5.-30_- 50.50,- 30_-30_- 30_- 30.50, 40.40.40,100.100_100_50_50,
-30_- 30_- 30_- 30.30,- 29_- 31_- 30_- 70.70, 100.100.100_30_30,100_.100_.100_30_20.
- 20_- 20_-50_- 50.50,- 15_-25_- 40_- 40.40, The cross-validation results are shown in Tables XXV and
-100_- 100_- 100_- 30_20. XXVI.
The cross-validation results are included in Tables XXIll and The summary of cross-validation results for Cases 3-7
XXIV. of computing scenario 2 are included in Table s XXVII and
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TABLE XXVII V. CONCLUSION
SUMMARY OF CORRECTLY PREDICTED OUTCOMES FORCASES3—7 o ) .
Data mining offers methodologies and tools for discovery of

Case 3 Case 4 Case 5 Case 6 Case7 new knowledge for decision making. Classification accuracy of
N6 1 4 3 5 decisions made with the extracted knowledge depends on the
% ;g ;i ;3 ;2 ' ;; properties of the training data set. In most data mining applica-

tions raw data is used for rule extraction. In this paper a new
transformation method named feature bundling was introduced.
This transformation, when applied to a training data set, en-

TABLE XXVIII e .
SUMMARY OF AVERAGE CLASSIFICATION ACCURACY hances classification accuracy of the decision rules generated
FOR CASES3-7 from this set.

The reason for increased classification accuracy with fea-

Cased Cased Cased Case6 Casc7 ture bundling might due to the fact that the associations among

Correct  60.47% |54.65%|61.63% (61.63% |61.63% - :
Incorrect 38.37%132.56% 132.56% 136.05% 134 3897, features and decisions are stronger than those built on feature
None 116% 112.79% 15.81% 12.33% 13.49% values. Although bundling is primarily intended for integer, nor-

mative and categorical features, it can be extended to features
with continuous values, for example, by using regression func-

XXVIII. The best values of attained absolute accuracy nurfions.
bers are highlighted. The highlighted entries in Table XxVII One of many feature bundles, a feature sequence, is analo-
indicate in Case 3 the maximum number of correctly predictépus to a gene sequence in a chromosome. The study of ex-
examples inD = N category has been generated. Case gession and functionality of gene sequences may offer valu-
attains two maxima, one fdp = Z and the other fo) = P.  ableimprovements of classification accuracy of data mining ap-
The classification accuracy in Table XXVIII show that theProaches.
maxima for “Correct” are attained for Cases 5, 6, and 7 and the
minima for “Incorrect” are for Cases 4 and 6. APPENDIX
The cross-validation results of computing scenario 2 indicate DEFINITIONS OF BASIC DATA MINING TERMS

that the rules generated based on the trangfo_rmed data sets Q(ule supporis the number of objects in the data set that have
Cases 4, 5, 6, and 7 produced better prediction accuracy property described by the conditions of the rule.

those of Case 3 based on at least one of the following threePule strengtlis the number of objects in the data set that have

performance measures. the property described by the conditions and the decision of the
1) Maximum absolute number of correctly predicted decjy)e.

sions in one or more of the three categori@s- N, D = Relative rule strengtfs the percentage of objects in the data
Z,0rD = P (see Table XXVII). 3 ~ setwithin the same category that have the property described by
2) Maximum percentage of correctly classified objectghe conditions and the decision of the rule.
(“Correct” in Table XXVIII). Discrimination levelis the percentage ratio of the rule
3) Minimum percentage of incorrectly classified objectgtrength and the rule support.
(“Incorrect” in Table XXVIII). Absolute classification accuradyr a rule set is the number

One should note that the valués = Z and “Incorrect” (the of correctly classified objects from the test set.

bold entries of Table s XXVII and XXVIII) for Case 3 are the Classification accuracyCA) for a rule set is the number of
worst of all the five cases. Behaving similarly are the entriesrrectly classified objects from the test set to all objects in the
D = N and “Correct” for Case 4. test set.

The results reported in Tables XXVII and XXVIII are by no Classification qualitCQ) of a feature set is the percentage
means global optima. Feature sequences that may produceofea| objects in the training data set that can be unambiguously
sults of better quality are certainly possible. Further researchaissociated with the decision values based on the features in this
needed to develop a better understanding of feature sequersggg14].
and feature bundling in data mining.
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