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Abstract—In this paper, we propose a new classification algo- 1. JUMPING EMERGING PATTERNS

rithm based on Jumping Emerging Patterns (JEPSs), that have :
the highest impact on classification accuracy. The core ideaf The concept of JEPs has been proposed to describe the set

our method is the application of a new ‘REAL/ALL” coefficient, Of discriminating features which only occur in one class and
which is used to compare the discriminating power among are absent in the other. It has been observed that such a set is

various groups of JEPs. The efficacy of the proposed approach a good starting point to develop highly accurate classifiers
was confirmed by tests performed on both synthetic and real  gg|ow, we present a definition of JEP.

data sets. The results show that our method may significantly

improve the classification performance in comparison to otbr Definition 1. Given two data sets D1 and D2 we define a JEP

classifiers based on JEPs. from D1 to D2 as an itemsef (an attribute value pair), for
which suppp, (X) # 0 andsuppp,(X) = 0.

I. INTRODUCTION We will denote each JEP from class P to class N by
attribute-value pairs.
HE CLASSIFIERS based on Jumping Emerging Pa’tterrlx:-?< mple 1. Consider a decision table |

(.‘].EP.S) have been considered one of t_he MOSt SUCCeSSI\e haye given two data sets, — classes P and N. According
classification systems. Th_ey generally provide better raoyu to the definition, pattern&(a2, 1): {(al, 0),(a2, 1); {(a3, 1),
than state-of-th-e-art cIaSS|f|§rs s.uch as C4.5 [1]. . (a4,1): {(a2, 1),(a3, 1),(a4, })are examples of JEPs from

The general idea of classification based on JEPs is straigflss P to N.
forward and can be described as follows. A classification
model is built, for a given training data, which means that f we look more carefully, in the previous example we
all JEPs (patterns that occur in one class but not in the pthé@n find that some of the JEPs consist of the others. For
contained in the training set are computed. In order to if{assinstance JEX(al, 0),(a2, 1) includes JEP{(a2, 1}. It is
new data, each test sample is compared with all JEPs fr@pvious that those kinds of JEPs do not provide any additiona
the model. If the given JEP matches the sample, the algoritiggcriminating information and we should exclude them from
increments the support for a class which is associated high tfurther consideration. The remaining JEPs are catitimal
JEP. Finally, the class with the greatest support is selease More formally we can define a minimal JEP as follows:

a result. _ 3 3 Definition 2. The minimal JEP from P to N, which contains
One of the differences among specific classifiers proposedyifittern (itemset)X, is such a JEP for which, does not exist
previous works, is the way they retrive JEPs from traininhdaa JEP, which contains pattein andY c X. In other words,
[2], [3]. Those differences imply that there may be variatioJEP is minimal when all the patterns contained in its itemset
in time-complexities among known algorithms. do not form any other JEP.
In addition to the model building step, some authors propose
to filter out the worst performing JEPs (i.e. those with lower
support in the training set) [4]. Il. LimiTED JEPS

Other propositions include improvements in the process ofThe major problem with classifiers based on JEPs is their
making classification decisions, such as applying weigbtts thigh complexity, which increases rapidly with the number of
selected JEPs, when supports for classes are calculated. attributes. To improve the efficiency of JEPs’ classifiersina

In our work we propose a new approach to selecting JERIgorithms have been proposed, which significantly redoee t
that have the highest impact on classification accuracy. Tb@mputation time: JEPproducer [2] , CP-tree [4], FP-trde [3
core idea of our method is based on the application of a n¢Bl, classifier based on local projected JEP [6]. Howevegnev
coefficient, called REAL/ALL, which can be used to comparewith those methods it is still not possible to search all JEPs
the discriminating power among given groups of JEPs.  when the number of features exceeds a few dozens.

In this paper we consider only minimal JEPs.
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TABLE |

EXAMPLE OF DECISION TABLE Example 3. Consider Table 1 abl. Suppose we select from

U rows 3, 4, 5, and 6. We denote the new table by

nr|| al| a2 | a3 | a4 | class Consider two patterngl = {(al,0)} andp2 = {(a2,1)}.

1l olololo ) Both patterns are JEPs W'; however, onlyp2 is still a JEP

>l 11o0lo0lo0 p in U. In reference to definition 431 is UNREALJEP, ancp2

slolaililo b is REALJEP inU’.

4o 1]1]|1 P It is clear that the mord&REAL and fewerUNREAL JEPs

51 1]0|o0]o0 N we have in the training data, the better performance of the

6l 11lolol ol N classifier. The proportion dREAL/ALLprovides us with sim-

lololilol N ilar information. The key point of our method is to maximize

sllolololx N this coefficien_t by selecting the group of JEPs with the highe
REAL/ALL ratio.

Obviously, we cannot find the exact value of REAL/ALL
In this paper we propose a new solution to utilize thEatio, since we do not have access to test data. Alterngtivel

advantages of the discriminating power of JEPs in case g may try to predict this ratio pased on the tra_ining data.
dealing with high-throughput data. We show, how we Calﬁe|0W we propose a way to predict tRREAL/ALLratio for a

improve the efficiency and accuracy of JEP classifiers [5pTtain group of JEPs.

making a preselection of the best performing JEPs. To d#scrigonjecture 1. For a given decision table with the number
our approach, first we need to introduce the concept of lanitgyf rows —U— let U’ be a training data set derived frobh
JEPs. Similarly, we denoteU” as a set of rows selected frob .

Definition 3. Limited JEPs at the level K are a set of minimalVe @ssume thgt’| — [U”[ < |U"|. This means that a great
JEPs, for which the number of attributes in each itemsetlequii@0rity of rows was selected. Then, if we compute JEPs for

K. We denote limited JEPs at level K bym.JE Pg. tablesU, U’, andU”, we can easily determine the number
of REAL JEPs inU” with respect toU’ and the number of
Example 2. According to Table | there are: REAL JEPs inU’ with respect toU for each of thelimJEP
« onelimJEP; from P to N:{(a2, 1)}; levels. We propose that for a givéimJEP level the high ratio

o onelim.JEP, from P to N:{(a3, 1),(a4, 1) and three of REAL/ALLat tableU” implies a high ratio ofREAL/ALL
limJEP, from N to P —{(a3, 0),(a4, 1), {(a2, 0),(a4, at tableU’. Similarly, we propose that a Io0REAL/ALLratio
1)} and{(a2, 0),(a3, 1); at tableU” implies a lowREAL/ALLratio at tableU’.

e NOlimJEP; or limJEP;.
’ ! We do not prove this statement; instead we provide an

The main idea of our algorithm is based on preselectiomtuitive explanation of why we think that it is true.
of thoselimJEP levels that are the most valuable for clas- Suppose thafl is an itemset in the table) which occurs
sification. We claim that we can build a classifier based ageveral times in class 0 and a very few times (e.g. 1 or 2) in
limited JEPs for preselecteinJEP levels only, instead of class 1. We construct tablg’ by randomly selecting 80% of
computing all the patterns. In the following sections, wédl wirows fromU. The patternJ may become a JEP from class 0
show that this solution leads us to the construction of &ffiti to 1 in the tableJ’ if the samples from class 1 in whichhad
classifiers, which often reveal a great improvement in amur occurred were removed. In such a cdssecomes an example
in comparison with typical approaches. of UNREALJEP. On the other hand there is still a chance that
J will not turn into a JEP inJ’.

Consider tabldJ containing a lot of patterns likd. Let us
denote the group of those patternsJasThen, it is clear that

tableU’ should contain a lot o NREALJEPSs, because some

level performance is needed. For this purpose, we PrOPOSEd, o patterns fronrd* become JEPs itV’. Furthermore, it is
new coefficient calledREAL/ALL, which expresses the ratio reasonable that table' still includes many patterna Wr'1ich

of the number of itemsets that are JEPs in both training ARk not turn into JEPs iy, We denote them a&" . We may

testing data to the number of itemsets that are JEPs inn@inbxpect that the number of patterd should be proportional
but not necessary in the testing set. More formally we 30 the number olJNREALJEPS inU’

describe the termBREALandALL as follows.

IV. PRESELECTION OFimMJEPLEVELS

To distinguish and orddimJEP levels in reference to their
discriminating power, the new evaluation measurdirnflEP

Next, if we consider the table)”, derived fromU’, some
Definition 4. Let U denote a decision table of itemsets wheref the patterns frond*' will becomeUNREALJEPS inU” in
two classes P and N) are given. From tablé&) we select a reference tdJ’. Because the number &fNREALJEPS inU”

subset of samples denoted by We say that the pattern depends directly on the number & and the number of*’

is a REAL JEP in decision tablel < if the p is still a JEP is proportional to the number &INREALJEPs inU’, we can
in tableU. Otherwisep is UNREAL We will denote all JEPs conclude that the number &fNREALJEPs inU” is closely
(REALU UNREAL asALL. related to the number dINREALJEPs inU’. Alternatively,
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we can say that there exists a similar relation between theConsiderREAL/ALLratios inU” for severalimJEP levels
REAL/ALLratio in U" and theREAL/ALLratio in U”. (e.g. levels 1, 2, and 3). Suppose that the valueREAL/ALL
Moreover, we put it that this kind of relation is stronger ifor levels 1, 2, and 3 become 0.9, 0.65, and 0.95 respectively
we split all JEPs into groups with similar properties (sush dn such a case it is very likely that performances of levels 1
limJEP levels) and then we consider each group separatelyand 3 is superior to the performance of level 2. On the other
Conjecture 1 allows us to make inferences from the trainidgnd it would be risky to decide which of levels 1 and 3 is
data about the quality of JEPs at a gilenJEP level without better or which achieves the highREAL/ALLratio in U’. In
knowledge concerning the test samples. Note that in orderparticular it is possible thaREAL/ALLIn U’ for lim JEP; is
obtain the quality of investigated decision talie we need superior toREAL/ALLIn U’ for lim.JEPs. Similarly, when
to use only the training dataJ{) and the tableU” which is differences amondREAL/ALL at variouslimJEP levels are

derived as a subset &f . insufficient (e.g. level 1 = 0.9, level 2 = 0.85, and level 3
= 0.95) we can not make inferences from such data about the
V. TESTS WITH SYNTHETIC DATA real order ofimJEP levels in reference to their performance.

Based on the theory mentioned above, we have designed fhnlél the experiments described below, we tried to investigate

. . . fhis issue. Moreover, based on experimental results wageov
performed experiments on synthetic data sets. Our mativati . - .
. . an approximate value of minimal differences REAL/ALL
to perform those experiments was to improve the knowledgae

aboutREAL/ALL coefficients and to confirm the usability of tios petweenllmJEP levels which allow us to draw a
: ) N conclusion about the order of those levels.
this ratio for classification purposes.

B. Classification algorithm

A. Pre-tests . . . .
To investigate the impact of the exclusion of the worst

We found out that for some kinds of data we can greatlynJEP levels on classification performance, we designed and
change the classification performance by excluding selectenplemented an algorithm described below:
lImMJEP levels from the model. Obviously, the strength and
direction of this change is strongly dependent on wiitdEP  algorithm excludeand classify
levels we decide to exclude. 1: For a given training data set U’, number of levels to
To analyze this phenomenon we performed pre-tests on eycjyde — k, and: € (0.0, 1.0);
several randomly generated data sets. We noticed that B computes all JEPs for a table U’.
most cases excludingmJEP levels which have the lowest 5. gorts all imJEP levels in reference taREAL/ALL ex-
REAL/ALLratios in training data implies an improvement in plained in conjecture 1.
the classification performance. This was consistent with ou,. if the average(REAL/ALL)
previous assumptions aboREAL/ALL ratio as an indicator (REAL/ALL)in other levelsthen
of the limJEP level performance. 5. Excludes from the model k worst levels
However, we found out that another large group of datg. end if
sets exists in which removingmJEP levels with the lowest ;. Classifies new sample with updated model
REAL/ALLleads to a decrease in the classification accuracy.
The comparison of both groups of data sets mentionéd Data preparation
above shows some significant differences in the structure ofThe algorithm was tested with the group of self-generated
REAL/ALLvalues between them. The variationsREAL/ALL data sets with 14 attributes and 20 samples divided into two
amonglimJEP levels were greater for those data sets, in whicflasses, 0 and 1. Each data set was prepared randomly and
we observed a positive influence of the exclusion of the Worﬁﬁocessed by procedure, which tries to enlarge the number of
limJEP levels. UNREAL JEPs for selecteimJEP levels. The goal of this
More precisely, we may summarize that for a given data sgtocedure was to obtain sufficient differencesREAL/ALL
if there exists a group of limJEPlevels which is characestiz values amondimJEP levels.
by a significantly loweREAL/ALLratio (e.g. higher than 20%)
in comparison to the other levels, than the exclusion of thi& Results
group from the model should improve the accuracy of the Before showing the classification results we provide data
classification algorithm. which refer to our previous consideration about RfeAL/ALL
To explain the last statement we need to describe the nataoefficient.
of the REAL/ALLratio in more detail. In previous sections we In Table Il we present an example ofREAL/ALLcompar-
have definedREAL/ALLand concluded thaREAL/ALLin U”  ison betweerd” andU’ for the selected data set.
(the table derived from training data) is relatedBAL/ALLIN It is clear that in this example a relationship exists betwee
U’ (the table derived from training plus test data). AlthougREAL/ALLin U” andU’. Furthermore, an averadREAL/ALL
we confirmed such a relation in experiments, we also fimdtio in U” for levels 1 and 2 evidently dominates over the
that the difference betweeREAL/ALLIn U” andU’ may be averageREAL/ALLratio in U” for levels 3 and 4. Note that
substantial for a givefimJEP level. this is still true if we consider columb)’ instead ofU” .

in the worst k levels < [t *
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TABLE Il TABLE Il
AN EXAMPLE OF THE REAL/ALLCOMPARISON BETWEENU" AND U’ COMPARISON OF CLASSIFICATION ACCURACY ONLO SYNTHETIC DATA
SETS WITH STANDARDJEPCLASSIFIER AND exclude and classify
limJEP level || REAL/ALLin U” | REAL/ALLin U’ ALGORITHM
limJE Py 0.948 0.975 - P
REAL/ALLIn U” classification accuracy
limJE P> 0.934 0.932 - — "
imJEP 0.592 0.798 best levels| worst levels | difference | std. classifier| our classifier
men s : : 0.92 0.61 0.31 0.73 0.87
limJEPy 0.369 0.688
0.9 0.69 0.21 0.83 0.84
0.91 0.68 0.23 0.67 0.77
0.76 0.51 0.26 0.48 0.51
’ 0.94 0.48 0.46 0.69 0.94

0.92 0.68 0.24 0.81 0.93

. 0.83 0.38 0.45 0.89 0.9
oz 0.87 0.65 0.21 0.51 0.62
o L I- I_ 0.93 0.72 0.21 0.8 0.85
o 0.95 0.55 0.4 0.7 0.88

02

1 2 ] 4 5 3] 7 8 a 10

VI. TEST WITH REAL BIOLOGICAL DATA

A. limJEPClassifier
Fig. 1. The results of aggregat&®EAL/ALLcomparisons for 10 data sets. ) . .
Each bar refers to difference between averB@sAL/ALLratio computed for ~ TO confirm the usability of theREAL/ALL ratio, we have

the two bestimJEP levels and the average ratio calculated for the two worgleveloped a new algorithm called limJEPClassifier, which ha
levels. The height of blue bars refersREAL/ALLratio’s differences irlJ”, - . .
while height red bars refers to differencesun. been tested with real bIOI(_)glcaI d.ata' oo .
The fundamentals of this algorithm are similar to the basis
of the classifier that we used to test artificial data. However

In Figure 1 we show the aggregate resultsREAL/ALL instead of excluding wordimJEP levels from the model, we
comparisons for 10 data sets. For each data set two bBFgPOSe a new hierarchical strategy. In this approach, yetr
are presented. Both bars refers to the difference betweenCsify the test sample with consecutiieJEP levels which
averageREAL/ALL computed for the two be$imJEP levels are sorted in descending orderREAL/ALLratios. Below, we
and the same ratio calculated for the two wdirstJEP levels. Present the design of the new algorithm in detail.

The values represented by blue bars were computetVfor For a given model with computed sets 6MJEPs at
while red bars represent values 1dr. levels 1,2,...,m, where m < the number of attributes,

It can be observed that positive valuesUi are usually limJEPClassifier processes a test sample as follows:
associated with positive (but lower) valueslh. However in ) ) -
two cases (data sets 6 and 9) the positive valugincorre- algorithm limJEPClassifier
sponds to a negative value W¥. Experimentally, we found 1: Sorts levels of imJEPs in reference to REAL/ALL ratio
out that such a situation may occur only for data sets in which in the way explained in conjecture 1.
differences inREAL/ALLfor U” are lower than 0.2. Note that 2: Selects the best level and tries to classify the sample with
in classification tests we have not considered these kinds of JEPs from this level.
data sets because they are not applicable to our algorithm. 3: if Success (support of one class dominates another one)

Finally, in Table Ill, we present the results of the compamis then
of the classification accuracy of the standard JEP classifiet ~ Returns the result;
with that of theexcludeand classify algorithm. Leave-one- 5: €lse
out cross-validation was performed for 10 synthetic data.se 6: Removes the last-considered level and goes back to

The difference between the standard JEP classifier and our ~ Point 2
algorithm is that the former considers AthJEP levels while ~ 7: end if
the latter processes only tho§mJEP levels with the best 8: If no class is selected, chooses the most frequent class or
performances (the higheREAL/ALLratios). TheREAL/ALL randomizes it from appropriate distribution.
ratios inU” for the best and wordtimJEP levels are shown
in the first three columns.

The presented results show that our algorithm may sig-Our classifier has been tested with data obtained in compar-
nificantly improve classification accuracy in comparison tative genomic experiments by the method called aCGH (array-
the standard JEP classifier. However this algorithm has sobesed Comparative Genomic Hybridization). One of the most
limitations and can be applied only to data sets which fulfiimportant problems with the classification of aCGH data is
specific requirements. dealing with a great number of attributes which often exseed

B. Data source
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the number of given samples. The other issues include t 1
balanced distribution of classes and unequal misclassifica 2
costs. N ] R ——
In our study we used a commonly investigated data si ] g - &’4\—4*
TP 53, published by [7]. The data are freely available at [€" =1 ¥ o
The aCGH data come from BAC arrays hybridized waifal N
squamous cell carcinomdSCCs). The data set contains twc i
classes: 14 TP53 mutant samples (unhealthy subjects) anc =1, : : : : : e :
wildtype samples (healthy subjects). Each sampleina ¢ata °~ * *° * *° " oo s e n "
is featured by 1975 clones (logZ2ratio values). (a) (b)

C. limJEPClassifier vs SVM Fig. 2. limJEPClassifier vs SVM. Comparison of classifieruaacy for two
. . . ... . pairs of thresholds: (a) 0.25 and -0.25; (b) 0.5 and -0.5
In this section, we present a comparison of two classifioatio

methods: Support Vector Machine (SVM) and limJEPClass” .|
fier. Py —
We decided to compare our method with SVM [9], becaus
it is considered to be the best algorithm used for the class _ . | /\
cation of aCGH data and has been commonly tested in otl: W
works [10], [11]. We did not compare our algorithm with othe
methods based on JEPs, because traditional strategiesHer <

08 09
I

[
ity
04 05 06 07 08 09 10

03 04 05 06 O
L

classification are slow and ineffective. | \A\/\/m 5
LimJEPClassifier, as well as the whole experiment 7 . &+ & & = s om0 w
pipeline, was implemented in the R language [12]. In order e b(ﬂg)
a

preprocess data, we used the freely available "aCGH” pagkag
designed to deal with aCGH data. Another popular R packag®. 3. IimJEPClassifier vs SVM. Comparison of classifier sitivity for
e-1071, was used to perform tests with the SVM classifier. two pairs of thresholds: (a) 0.25 and -0.25; (b) 0.5 and -0.5

Both algorithms were tested according to the pipelineyfull
described in [13]. Apart from the actual classification,sthi -
pipeline consists of several pre-processing steps whieh ar Figures 2a and 2b show the accuracy of classifiers for

typically performed in aCGH analysis, such as segmentatidf‘f‘rious numbers of features. In both cases the values change
discretization, and feature reduction. between 0.74 and 0.85. For the threshold (0.25, -0.25) the

The goal of the segmentation step is to cluster attributgdférences between SVM and limJEPClassifier are negggibl

which are close to each other and have similar values. DurilfyFigure 2b we see that the accuracy is still similar, howeve
the discretization step, appropriate discrete values tme & Small superiority of SVM could be observed.
assigned for each group of attributes. In our pipeline both©ON the other hand, it is worth noticing that the number

steps were done by thresholding, which reduced the numl%rfeatures has a very IO_V\,’ |mpact on accuracy that is not a
of possible values to three (0, 1, -1). proper measure of classification performance in the case of

Future reduction algorithms were applied in order to Smy_nbalanced data. The last observation seems to confirm this

plify the decision table. At this point two sub-steps base@n stat_ement. . . )
Figures 3a and 3b show the comparison of sensitivity which

interval merging [11] and information gain approach [14f&ve o
performed. With the use of feature reduction it was possibfe the performance of a prediction of the class of affected

to repeat the classification experiment with various numbeUPiects. We can observe from the results that limJEPClas-
of columns.

Classifiers were tested with cross-validation where thie ra’
of training to test data was 80%. In order to investigate tt
influence of the thresholding procedure on the classifinatis
results we performed the two runs of the experiment wif_
different pairs of positive and negative threshold val§é25, :
-0.25) and (0.5, -0.5). For each pair of threshold levels tt
cross-validation was repeated 10 times with various numb
of selected features (10, 20, ..., 100). |

In Figures 2, 3, and 4 we present the comparison of tI | & . & & T T .
classification performances of SVM and limJEPClassifier. | - e
each figure a different measure of performance is reporteu.

The (a) and (b) versions of plots correspond to two pairs ﬁfg. 4. limJEPClassifier vs SVM. Comparison @tmeanfor two pairs of
threshold levels applied to the experiment. thresholds: (a) 0.25 and -0.25; (b) 0.5 and -0.5

10

08 09 10
I I L

G-mean

03 04 05 08 07 08 08
L L L L L L L

03 04 05 06 07
L L
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sifier is much better than SVM for both threshold levelgional Program, Action 2.6 “Regional Innovation Strategie
Furthermore, the sensitivity of SVM is below 0.5 which mearsnd Knowledge Transfer”, the project of Mazovia Voivodship
that the classifier cannot really distinguish between pasit “Mazovia Doctoral Scholarship”.

and negative classes. The other difference between the two
classification methods is the way in which the sensitivity
changes along the X axis. In the case of limJEPClassifier tH&
sensitivity is relatively low at the beginning and increagéth

the number of features, while for SVM we cannot observe such
a tendency. [2]

The last pair of plots (Figures 4a and 4b) presentsGhe

meanvalue in which thesensitivityandspecificityare included. [3)
As in the previous case, the limJEPClassifier significantly
predominated over SVM. [4]

VIl. CONCLUSIONS

In this paper, we have proposed a classification method
based on the highest impact Jumping Emerging Pattertd
(JEPs). We have introduced a new coefficient caR&aAL/ALL
which measures the discriminating power of a given group of
JEPs. Application of this coefficient allows us to selectﬁEP[G]
with the highest classification performance.

In our study we have investigated the adequacy of the
REAL/ALL ratio as an indicator of classification perfor-
mance for varioudimJEP levels. Our results show that high
REAL/ALLvalues in a givedimJEP level usually correspond
with a higher classification performance by this level.

We have constructed a classification algorithm which favors
lImJEP levels with the highesREAL/ALLratios. Experiments [9]
performed on synthetic and real data sets reveal that 1
method may significantly improve the classification perfor-
mance in comparison to other classifiers based on JEPSs.

However, our method has an important limitation. It caf!l
be applied only to data sets which show high diversity of the
value of theREAL/ALL coefficient amondimJEP levels.

In future research, it would be valuable to perform ex!2]
periments on more data sets. Moreover, in further investi-
gations it may be desireable to explore other applications
of the REAL/ALL coefficient and to provide a more precisé!S]
theoretical explanation of the usability of this ratio.
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