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Abstract

Gene expression profiles and proteomic data are extremely
high-dimensional data. Though support vector machines can
well learn the inner relationship of the data for classification,
the non-linear kernel functions pose an obstacle to explain the
prediction reasons to non-specialists. We prefer to use rule-
based methods due to their easy interpretability. In this pa-
per, we first discuss feature space transformation. Each new
feature (a rule) is a combination of multiple original features
provided that the new feature captures a large percentage of a
class of data, but with no occurrence in the other class. Un-
der the description of new features, training or test data are
clearly class-separable. Then we discuss a more sophisticated
rule-based method, called PCL, for classification. PCL pro-
vides easily explainable classification scores for us to better
understand the predictions and the test data themselves. Vi-
sualization is also used to enhance the understanding of the
classifier output. We use rich examples to demonstrate our
main points.

Keywords: Feature space transformation, emerging
patterns, classification, rule, computer-based diagno-
sis, visualization

1 Introduction

Classification, or making decisions on test data, is an
important research topic in computer-based diagnos-
tic medicine. The process is as follows: the classifica-
tion algorithms (the classifiers) learn a mapping be-
tween the attribute values of training data and class
labels, and then classify each test instance (sample)
as one of the previously known classes. For exam-
ple, the widely-used support vector machines (SVMs)
(Burges 1998) use learned non-linear kernel functions
to transform weighted sum of attributes’ values, and
then take a step-function to categorize the input as a
prediction. For another example, the k-nearest neigh-
bor (k-NN) (Cover & Hart 1967) chooses distance
functions to classify test data: the class of the near-
est training instance is predicted as the class of a test
sample. In diagnostic medicine, the reasons provided
by the classifiers can sometimes be as important as
the prediction outcome themselves because medical
doctors need the explanations of the diagnosis. The
“reasons” provided by the SVMs are the learned set-
tings of the kernel functions. The “reasons” provided
by k-NN are the types of distance measurements.
These reasons either are difficult to explain to non-
specialists (as in SVMs), or are too simple to provide
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any more useful information (as in k-nearest neigh-
bor). So, in this paper, we address the problem of
outcome explainability by:

1. Feature space transformation. Based on the orig-
inal features (attributes), we generate new fea-
tures such that the new features have more pow-
erful difference description strength. Under the
new feature space, transformed training data are
tidy and apparently class-separable. More im-
portantly, transformed test data are also visually
decidable.

2. Rule-based classification. We do not use non-
linear kernel functions as a basis to construct a
classifier. Instead, we use discrimination rules
patterns) as the core idea of our PCL classifier
Li & Wong 2002a, Li, Liu, Downing, Yeoh &
Wong 2002, Yeoh, Ross, Shurtleff, Williams, Pa-
tel, Mahfouz, Behm, Raimondi, Relling, Patel,
Cheng, Campana, Wilkins, Zhou, Li, Liu, Pui,
Evans, Naeve, Wong & Downing 2002). Com-
pared to non-linear functions, rules are easily
readable and understandable to common users.
Another important factor is that the rule-based
classifier is highly accurate; its performance has
been shown to competitive to the best perfor-
mance of other classifiers.

3. Visualization of decision results. We use numer-
ical scores to illustrate the evidence of the deci-
sions, giving the users (medical doctors) a strong
sense of confidence on why such a decision was
made by the computer. We use a 2-dimensional
display to visualize the reasons behind our clas-
sifier. The visualization may also help us to un-
derstand the mechanism of the disease, and to
reveal subtle structure and relationships in the
data that are not apparent from the classifier.

All of these are aimed to show that the computer’s
prediction is accurate, reasonable, and explainable.

1.1 Background

The central concept used in the paper is called emerg-
ing patterns (Dong & Li 1999). To the simplest, an
emerging pattern (EP) is a group of conditions with
which most or some samples of a class (say positive
class) satisfy, but none of another class (say nega-
tive class) satisfy. The following is an example of
EP, as discovered from a gene expression profiling of
the prostate disease (Singh, Febbol, Ross, Jackson,
Manola, Ladd, Tamayo, Renshaw, D’Amico, Richie,
Lander, Loda, Kantoff, Golub & Sellers 2002),

{gene(37720.at) > 215, gene(38028_at) <= 12}

This EP can be read as follows: if the expression of
gene 37720_at is larger than 215 and the expression of



gene 38028_at is not larger than 12, then about 73%
of prostate disease cells satisfy, but no normal cells
satisfy. Note that this EP groups multiple features
(the two genes) on different constraints (the expres-
sion ranges). Many other similar patterns are also
found to be dominant in one class but absent in an-
other class. In fact, EPs are patterns that show sharp
contrasts between classes. Having this property, we
can use EPs as new features to re-organize and re-
describe the original data, because by definition even
a single new feature can sharply differentiate the two
classes a lot.

In this paper, we will take gene expression pro-
files (Yeoh et al. 2002, Singh et al. 2002) and pro-
teomics data (Petricoin, Ardekani, Hitt, Levine,
Fusaro, Steinberg, Mills, Simone, Fishman, Kohn &
Liotta 2002) as examples to illustrate our main points.
Gene expression and proteomic profiling are two key
technologies in post-genome medical diagnosis. (i)
Microarray DNA chip technology has become a stan-
dard tool for studying patterns and dynamics of the
genetic mechanisms of living cells. Gene expression
profiling not only provides an attractive alternative to
current standard techniques such as histology, geno-
typing, and immunostaining for tumor classification,
but also provides valuable insights into the molecu-
lar characteristics of specific cancer types. (ii) Pro-
teomics technology can identify low molecular weight
molecules in a high-throughput, non-biased discov-
ery approach using patient serum, plasma, urine, or
other secretions. Distinctive protein signatures can
be produced to show high discriminatory potential, a
desirable characteristics for medical diagnosis.

1.2 Related work and paper organization

Our PCL classifier (Li et al. 2002, Yeoh et al. 2002),
or prediction by collective likelihood from emerging
patterns, integrates the power of multiple top-ranked
emerging patterns to form compact classification
scores. With reference to the scores rising from train-
ing data, the classification scores of test data obtained
by PCL can give a strong confidence indication on the
decisions.

This paper reports PCL’s performance on several
other data sets not mentioned in our previous works.
Together with the previous results, we can see that
PCL is a highly-accurate classifier indeed. For the
first time, we use a score decomposition approach and
a visualization tool to understand the PCL classifier
and to explain the reasons behind the predictions.
We also view the decomposition components as a new
type of feature transformation.

In the next section, we discuss how to transform
the original features into new features. Each new fea-
ture is an emerging pattern, grouping several genes
together with some constraints on their expression
range. We present the transformed representations
of both training and test data in Section 3. In Sec-
tion 4, we review the PCL classifier and report its
high performance on several data sets. In Section 5,
we analyse the classification scores derived by PCL,
and then explain classification reasons behind PCL
using a score decomposition method and a visualiza-
tion tool. Section 6 concludes this paper.

2 Feature Space Transformation: Generating
New Features to Replace Old Ones

We begin with a traditional representation of gene ex-
pression or proteomic data. Under this typical repre-
sentation, it is hard for us to make visual predictions.
Then we present steps to discover emerging patterns
and to use these EPs to replace old features.

Table 1: A gene expression data consist of n cell
samples, each described by the expression levels of m
genes. The samples are categorized into the normal
and abnormal two classes shown in the last column.

Sample gene;  genes geney, | Class
1 1002.3 123.7 --- 10.5 | normal
2 30.5 2543.1 --- 21.0 | abnormal
n 7803 500.1 --- 87.6 |normal

2.1 A typical representation of gene expres-
sion profiles: A relational scheme

In the machine learning and bioinformatics commu-
nities, a gene expression profiling is commonly rep-
resented by a relational table, consisting of n tuples.
Each tuple is described by the expression levels of m
genes. Table 1 gives the structure of the representa-
tion.

Observe that each feature in such representations
describes an expression range of a specific single gene.
These features do not capture any interaction infor-
mation of gene groups. However interaction of gene
groups are more interesting and more important to be
used to differentiate normal and tumor cells because
genes do not function in isolation. Emerging patterns
can capture these interesting information about the
interaction.

2.2 Discover emerging patterns and use them
as new features

Gene expression profiles or proteomic data usually
consist of over 10 thousands of features, and most
of them are not useful for classification. For fast dis-
covery of significant emerging patterns, we need to
remove those irrelevant features (genes) before con-
ducting the discovery. We describe the steps as fol-
lows:

1. Using the entropy method (Fayyad & Irani 1993),
rank individually the features in terms of their
power to distinguish two classes;

2. Select and discretize the top-ranked features.
Usually, we select 20 top features;

3. Discover emerging patterns from the discretized
data by a naive method (Li et al. 2002) or border-
based algorithms (Li & Wong 20025, Dong & Li
1999, Li, Ramamohanarao & Dong 2000).

The entropy-based discretization method (Fayyad
& Trani 1993) can automatically remove about 90-
95% of the whole feature space as those features ex-
hibit random expression distributions. It can also au-
tomatically detect “ideally discriminatory genes” and
“sub-optimal discriminatory genes” that contain clear
boundaries separating two classes of cells. The role of
discretization is to find a best cut point to partition
an expression range of a gene such that every parti-
tion can contain a class of point as many as possible.
The selection of top-ranked features can increase the
possibility of producing significant emerging patterns.

Frequency is an important property of emerging
patterns. The frequency of an emerging patterns says
the percentage of a class data satisfying the conditions
implied by the pattern. The larger an emerging pat-
tern’s frequency is, the more important it is. Table 2
shows an example of discovered emerging patterns



from a prostate disease data set (Singh et al. 2002)
that consists of 52 Tumor samples and 50 Normal
samples. As seen from Table 2, two characteristics of
emerging patterns are: (a) they group several genes
together; (b) they occur frequently in one class but
are absent in the other class. So, we can view each
emerging pattern as a multi-variate property of a
class.

Therefore we can use emerging patterns to replace
the original features, and then to re-describe the orig-
inal data in a “tidy” way as we will describe in the
next section in details. The feature transformation is
outlined in Figure 1.

Old features: gene_1 gene_2 gene_3...gene_i... gene k

New features:

Figure 1: The feature space transformation. An im-
portant change is that a new feature is a combination
of multiple original features. The grouping of multiple
genes reflects a natural way to analyse gene expres-
sion profiles.

3 Transformation of the Original Data & Vi-
sualization of the Transformed Data

We use another data set as an example to demon-
strate the procedure of data transformation and vi-
sualization. The data set consist of independent real
test samples. The data is about subtype classifica-
tion of childhood leukemia (Yeoh et al. 2002). The
whole data consists of gene expression profiles of 327
cell samples. There are 14 training and 6 test sam-
ples of the subtype MLL, and 199 training and 106
test samples of all other subtypes. Table 3 shows a
traditional, relational representation of 5 MLL train-
ing samples and 5 training samples of the other sub-
types under the description of 10 top-ranked original
features which are selected by the entropy method.
The names of the 10 features are 34306_at, 36777 _at,
33412_at, 657_at, 32207_at, 33847_s_at, 34337.s_at,
1389_at, 34861_at, and 40518 at. We denote them
genei, - - -, geneg respectively. (In the original data,
there are 12558 features.)

Observe that if you do not look at the class labels,
it is hard for you to tell us which sample belongs to
MLL or which sample belongs to OTHERS. However,
under our new features’ representation, this problem
becomes much easier to answer.

3.1 Representing the original data under new
feature space

We discovered a total of 33 emerging patterns in the

MLL class, and 24 emerging patterns in the OTHERS

class. Table 4 shows the 10 most frequent EPs.
Basically, the transformation is as follows:

1. Denote the 10 EPs (sequentially from the top of
Table 4) as EPpl, ey, EPp5, EPnl, ey, EPn5,

2. Use EPpy,- -, EPys, EPy1,- -+, EPy5 as new fea-
tures, the value of each feature is categorical, tak-
ing either 1 or 0. The value 1 of a feature means

that the feature (the EP) is contained in a sam-
ple. Otherwise, it is the value 0.

3. Given a sample, test the 10 features (EPs) to
see which of them are contained in the sample.
Then use the test results (1 or 0) to represent the
sample.

Consequently, the traditional representation of the
5 MLL training samples and the 5 training samples of
the other subtypes, shown in Table 3, are transformed
as in Table 5. The transformed second MLL sample
says that this sample contains only EP,;, EP,3, and
EP,4 but not other new features.

By definition, an emerging pattern occurs in only a
class of training data, but not occur in the other class
of training data. So, for the 5 MLL training samples,
the values of the features EP,1,- -, EP,5 must be 0;
the values of the features EP,,- -, EP,; may be 1
or 0. Similarly, for the 5 OTHERS training samples,
the values of the features EP,1,- -, EP,5; may be 1
or 0; the values of the features EP,,---, EP,5 must
be 0. However, when applied to test data, these rules
may change.

Comparing Table 3 and Table 5, we can see that

e Feature type has been changed. The values of
the original features are continuous, but the new
features are binary (2-value categorical).

e Distinction between classes is easier. Under the
original features’ description, the distinction be-
tween the two classes is visually difficult. But, in
the transformed representation, the distinction is
apparent.

3.2 Easy predictions on transformed test
data

As seen in the above section, under the new fea-
tures’ description, the representation of the trans-
formed training data shows clear distinction between
the two classes because the discovery of emerging pat-
terns is based on training data. Does this distinction
happen to test data as well? First, let’s look at 10
test samples under the description of the same orig-
inal features (genes). See Table 6. The class of the
test sample is unknown, and is to be predicted. Un-
der this original representation, it can be seen that it
is hard for us to make any visual decisions.

Interestingly, under the new features’ description,
the 10 test samples can be easily classified. See the
last column of Table 7. All the predicted class la-
bels are correct. Note that we did not use distance-
based, non-linear kernel function based, or decision
tree based classification models. Instead, we took vi-
sual decisions, using our eyes only to see how many
1’s for MLL and how many 0’s for OTHERS. The
decisions are intuitive, the reasons are explainable,
and the accuracy is high. Let’s look at the second
MLL test sample of Table 7 to see the reasons be-
hind our visual decision. Of the 10 new features, this
test sample contains 3 MLL features (EPp, EPpgs,
and EP,,), and one OTHERS feature EP,;. So, this
sample possesses 3 top properties of the MLL class
and one property of the OTHERS class. Therefore,
we favor MLL as its class label.

For a better visualization, we incorporate fre-
quency information of EPs using different gray scales.
Figure 2 is a visual representation of the above same
set of test samples for MLL and OTHERS. Each row
represents a test sample. The relative shading in-
dicates the ”strength” of the presence of an EP in
the sample and is calculated from the frequency of
occurence of the EPs. The darker the shading, the



Table 2: A partial list of top-ranked EPs discovered from the prostate disease dataset when top 10 features
are selected. The reference numbers contained in the patterns each represent a condition. For example, the
reference number 9 in the first EP stands for the condition “the expression of gene 37720.at > 215”7, and
similarly for other numbers. We did not include the meaning of all reference numbers.

EPs Occurrence (Frequency) Occurrence (Frequency)
in Tumor class in Normal class

{9,14} 38(73.08%) 0

{4,9} 38(73 08%) 0

{6,9} 38(73.08%) 0
{9,19} 37(71.15%) 0
{9,16} 37(71.15%) 0
{7,21} 0 36 (72.00%)
{7,11} 0 35 (70.00%)
{1,7} 0 32 (64.00%)
{5,7} 0 32 (64.00%)
{7,17} 0 31 (62.00%)

Table 3: 10 samples (5 MLL and 5 OTHERS) under the description of 10 top-ranked original features. The
representation shows difficult visual differentiation rules to separate the two classes.

gene.l gene2 gened gene4d gened gene6 gene7 gene8 gene9 gene 10 | class
16624.7 165179 7309.4 13148  5028.9 88229 4056.3 0 4801.9  24918.3 | MLL
0 13992.2 45000 O 0 6141.3 0 0 0 32130.3 | MLL
15099.1 6114.4 45000  15799.4 3156.8 6651.5 27844 0 5049.2  40961.4 | MLL
18606.7 0 45000  11161.8 7184.4 6312.5 45009 0 0 33639.9 | MLL
8104.9 9300.6 391025 0 2698.9 75734 0 0 3490.6  23798.5 | MLL
9553 0 0 0 7185.8 4016.9 4870.6 45000 13718.1 6901.4 | OTHERS
11993.5 0 10945.7 0 8678.8 2554.6 4282.2 45000 4434.3 346279 | OTHERS
78925 0 45000 0 5537.6 0 6326.7 7589.8 4673.3 28125.6 | OTHERS
11873.8 0 6163.1 0 6403.6 3790.2 7185.3 45000 7023.7 13619 | OTHERS
8048 0 3319.6 78706 O 5078.2 8185.3 45000 0 8625.6 | OTHERS

Table 4: Five top-ranked EPs in the MLL class and five top-ranked EPs in the OTHERS class. We use these
10 EPs as new features to re-describe the data.

EPs Occurrence (Frequency) Occurrence (Frequency)
in MLL class in OTHERS class

{9,13,15,21} 14(100.00%) 0
{2,15,21} 11(78.57%) 0
{12,13,21} 11(78.57%) 0

{9,12} 1(78.57%) 0

(2,13} 1(78.57%) 0

{1,3} 0 193 (96.02%)
{1,5,7} 0 192 (95.52%)
{1,11} 0 186 (92.54%)
{5,7,11} 0 185 (92.04%)
{3,7,11} 0 183 (91.04%)




Table 5: Top-ranked emerging patterns are viewed as new features to transform the original data. Under the
new feature representation, training data can have a clear distinction between the two classes. See in the table
the two sub-matrixes consisting of pure 0’s.

EP,

EP,

EP,;
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EP,;s

EPnl

EPn2

EP,s

EPn4
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class

new features for MLL
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Table 6: Ten test samples under the description of 10 original features (genes). Their class prediction is visually

difficult.

gene.l gene2 gene3d gened4 gened gene6 gene7 gene8 gene9 genel0] class

15761.2 8013 95176.4 11851.5 4646.9 4264.3 2943.2 0 2655.9  27961.2 | unknown
13394.2 4886.1 82066.2 17983.6 5433.1 7070.4 30664 O 3448.7  38251.5 | unknown
0 29325 0 0 12567.6 4873.3 7935.3 57555.3 6883.5  20223.5 | unknown
20350.8 3771.1 444724 10809.9 5849.2 7869.9 4157.2 0 3300 43944.4 | unknown
29321 0 0 0 58772 0 4735 0 7034.8  36802.3 | unknown
16772.7 19834.4 51733.6 9256.1 O 6881.4 6614.3 0 0 28302.4 | unknown
91148 0 33532 0 6641.4 2450.5 0 4731 5881.1  63644.6 | unknown
20768  7634.1 651954 15401.9 4534 7739 41719 0 4160 29143.7 | unknown
131578 0 121977 0 6872.4 47909 97814 0 11491.5 48053 | unknown
8143.6 0 76041 0 5650.2 2148.1 5969 0 6715.5  49490.7 | unknown

Table 7: After feature and data transformation, the class prediction of the 10 test samples becomes much

easier.

EP, FEP,, EP3 EP, FEPy|EP, EP,, FEP,; FEP,, FEP, | predicted class
new features for MLL new features for OTHERS

1 1 0 0 1 0 0 0 0 0 MLL

1 0 1 1 0 1 0 0 0 0 MLL

0 0 0 0 0 1 1 1 1 1 OTHERS
1 1 1 1 1 0 0 0 0 0 MLL

1 0 0 0 0 1 1 1 1 1 OTHERS
0 1 0 1 0 0 0 0 0 0 MLL

1 0 0 0 0 1 1 1 1 1 OTHERS
1 1 1 1 1 0 0 0 0 0 MLL

0 0 0 0 0 1 1 1 1 1 OTHERS
0 0 0 0 0 1 1 1 1 1 OTHERS
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Figure 2: A visual display of 10 test samples under the description of the new features.

The frequency

information of EPs are incorporated in the figure using different gray scales.

higher the percentage of occurrence of EP in the train-
ing set. From Figure 2, we observe that although
EP,, is present strongly in the MLL set, it also ap-
pears strongly in 2 of the OTHERS samples as well.
So EP, alone cannot be used to predict MLL. It
needs quite strong presence of EP,s to EP,4 for pre-
diction of MLL. The OTHERS class is strongly sup-
ported by all its EPs.

4 The PCL Classifier

The new representation scheme may sometimes lose
its effectiveness at the following tie cases:

e A test sample does not contain any top-five EPs
either from the positive class or negative class,
but contain lower-ranked EPs.

e A test sample contains top-ranked EPs from both
positive and negative classes.

These situations occured in our previous experiments.
So, for a sophisticated classification, we have devel-
oped the PCL classifier (Li et al. 2002) to overcome
the confusing situations. The basic idea of the PCL
classifier is to examine the relationship between top-
ranked EPs which are contained in a test sample and
top-ranked EPs discovered from whole training data.
The former EPs are sample-specific, local; however
the latter EPs are globally ranked. Local top-ranked
EPs may not be globally top-ranked. Based on the
local and global EPs, PCL calculates two classifica-
tion scores. By comparing the two scores, PCL then
determines the class of the test sample.

Next we review the PCL classifier. In the sub-
sequent section, we explain classification scores de-
rived by PCL, and use some visualization tools to
view the scores such that the prediction results look
more transparent.

4.1 The algorithm

Given two training datasets Dp and Dy and a testing
sample T', the first phase of the PCL classifier is to
discover EPs from Dp and Dp. Denote the ranked
EPs of Dp as,

epP" EP",... . EP",

in descending order of their frequency. Similarly, de-
note the ranked EPs of Dy as

ep™ EPN),... EPY)

also in descending order of their frequency. Suppose
T contains the following EPs of Dp:

Epi(lp)aEPi(zp)V“’EPi(mP)’

where i; < 42 < --- < i, < 4, and the following EPs
of DN:
EPM™ gpW™ ... gpN)
Ji J2 2 ’ Jy
where j1 < j2 <--- < jy < J.
The next step is to calculate two scores for pre-
dicting the class label of T'. Suppose we use k (k < i

and k < j) top-ranked EPs of Dp and Dy. Then we
define the score of T in the Dp class as

kot requency(EPi(f))

score(T) Dp = ,
1 frequency (EP7(nP))

and similarly the score in the Dy class as

kof requency(EPj(f))
me1 frequency(EP,%N)) '

score(T) Dy =

If score(T)-Dp > score(T)-Dy, then T is predicted
as the class of Dp. Otherwise it is predicted as the
class of Dy . Note that

0< frequency(EP;,,) <1
frequency(EP,,)

Next we demonstrate how the classification scores
are computed. Suppose k = 5, and the frequencies of
the 5 top-ranked EPs of the positive class are sorted as
90% (EPp1), 85% (EPp3), 80% (EPps3), 75% (EPp4),
and 70% (EPps). Assume the test sample T' contains
EP, (90%), EPy3 (80%), EPps (70%), EPy7 (40%),
and EP,9 (35%). Then

90 & 70 40 35
score(T) Dp = S0 + 04 D4 204 B



So, score(T)-Dp = 3.85.

Denote
frequency(EPj(P))
(’;‘3) = sub_score,,,
frequency(EPp,”)
and
frequency(EPj(N))
(’I”V) = sub_score,,, ,
frequency(EPy;, ")

1 <m < k. Then, each sub_score can be viewed as a
continuous feature taking values between 0 and 1. So,
PCL utilizes another type of feature transformation
that is similar to the one discussed in the proceeding
sections.

PCL solves the two problems discussed at the be-
ginning of this section by setting k of the scoring for-
mula to be a number like 20 or 25. According to
our experience, this heuristic number is good to be
around 20.

4.2 High accuracy of the PCL classifier

We report the accuracy of PCL on three biomedical
data sets. The first one is about the classification
of 7 subtypes of the acute lymphoblastic leukemia
(ALL) disease using gene expression profiles (Yeoh
et al. 2002). The second data set is about the diag-
nosis of ovarian cancer (Petricoin et al. 2002) using
proteomic patterns in serum that distinguish ovarian
cancer from non-cancer. The proteomic spectra were
generated by mass spectroscopy. The data can be
found at http://clinicalproteomics.steem.com.
The third one is used to predict common clinical
and pathological phenotypes relevant to the treat-
ment of men diagnosed with prostate cancer (Singh
et al. 2002). For comparison, we also report the per-
formance of C4.5 (Quinlan 1993), SVM, and k-nearest
neighbour (k-NN).

Table 8 shows the error rates of the classifiers on
the test samples of the first data set when 20 top-
ranked genes are selected from the training data.

For the second and third data sets, we have con-
ducted a ten-fold cross validation. PCL, C4.5, SVM,
and 3-NN have made 3, 10, 5, and 5 incorrect predic-
tions respectively over the total 253 ovarian cancer
samples; and made 3, 8, 10, and 4 mistakes respec-
tively over the total 102 prostate disease samples.

Overall, we can see that PCL is among the best
classifier to provide high accuracy.

5 Explanation of the Reasons Used in PCL

In this section, we present an analysis on the classifi-
cation scores calculated by PCL. Through the analy-
sis, we can understand deep reasons about the deci-
sions that PCL made. In some cases, PCL may draw
our careful attention on those hard test samples due
to close classification scores.

The T-ALL subtype is a main subtype of the
heterogeneous disease of childhood leukemia (Yeoh
et al. 2002). Yeoh et. al have used only one gene to
separate T-All against all other subtypes of childhood
leukemia. However, some possible rarely-occured hu-
man errors on recording data and machine errors by
the DNA-chips can happen in the whole process, so
it is advisable to use more than one genes to classify
T-ALL test samples. So that the results are more
reliable.

The training data consist of 28 T-ALL samples and
187 samples of other subtypes; the test data consist of
15 T-ALL samples and 97 samples of other subtypes.

Running PCL, we obtained classification scores for
the 112 test samples, partially shown in Table 9.

Note that PCL obtained these scores by setting
its parameter k as 10. It means that 10 top-ranked
global EPs discovered from the training data and 10
top-ranked local EPs contained in a test sample are
considered. Remember that a PCL score is a summa-
tion of k sub-scores. Each sub-score is between 0 and
1. Therefore, for k set as 10, maximally, a classifica-
tion score is 10; on the other hand, a score can be 0
minimally. So, an ideal score pair is 0 (in one class)
and k (in the other class). In such cases, we can make
predictions with very strong confidence.

For example, the second score pair, 10 (T-ALL)
and 0 (OTHERS), of Table 9 says that all the top-
ranked EPs of the T-ALL class are contained in this
test sample, but none of the top-ranked EPs of the
OTHERS class is contained. So, we have a very
strong confidence to make such a prediction that this
test sample is a T-ALL. Of the 112 test samples,
86 predictions have been made based on such ideal
score pairs. Note that the average score over the
28 T-ALL training samples is 9.996 (min = 9.889,
maz = 10.000), and the average score over the 187
OTHERS training samples is 10.000 (min = 9.889,
mazx = 10.000).

We have also made one and only one weak predic-
tion of the 112 test samples. See the 5th score pair in
Table 9. The score for T-ALL is 9.70 and the score
for OTHERS is 8.04. They are very close. (The score
difference between the two classes for the remaining
111 test samples is at least 8.55.) Although PCL did
correctly predict the class label of this test sample,
the relative weakness of this decision raises several
interesting questions.

1. The two close scores say that this test sample
contains not only many outstanding properties
of the T-ALL class, but also many outstand-
ing properties of the OTHERS class. This phe-
nomenon appears to be strange because all the
other samples (regardless training or test, T-ALL
or OTHERS) contain many significant EPs of
only their home class, but few or no EPs from the
other class. So the question is that was this pa-
tient really suffering from the childhood leukemia
disease?

2. If the answer to the first question is affirmative,
then we can ask a second question: did this pa-
tient relapse after treatment? If the patient did
indeed relapse, the medical doctors may need
to go back to and check the initial examination
records of the patient.

3. If the patient does not relapse, and there are
no mistakes in the previous examination records,
then is it possible there exists a new subtype un-
der the T-ALL class?

Unfortunately, we are not medical doctors, thus we
cannot give satisfactory answers here. All these ques-
tions are proposed to help users to understand more
about this sample, and to understand some extra use
of PCL in classification. It also provides medical doc-
tors many additional insights.

As discussed in Section 4, each sub_score can be
viewed as a new feature taking values between 0 and
1. Under this description, we can use Figure 3 as a
visual display of the sub-scores of the 10 test samples.
We can see that the display is easy for us to make de-
cisions and to understand the test data. In Figure 3,
the darker the shading, the closer the sub_score is to
1. From Figure 3, we can see that in all but test sam-
ple 5, the values of the sub-scores are high at 1 or
close to 1. Test sample 5 stands out visually as being



Table 8: Error rates of the four classifiers on the 112 test samples in the problem of subtype classification of

the ALL disease.

Datasets

Error Rates for Test Data

(test data size PCL C4.5 SVM 3-NN
in each class) £k =20,25,30 Single Bagging Boosting

BCR-ABL vs others (6:106) 1:0 1.0 1.0 44 6:0 4:4 1:1 1:0
E2A-PBX1 vs others (9:103) 0:0 0:0 0:0 0:0 0:0 0:0 0:0 0:0
HyperL50 vs others (22:90) 2:2 22 22 47 4:2 4:7 0:3 1:4
MLL vs others (6:106) 0:0 0:0 0:0 2:2 1:0 2:2 0:0 0:0
T-ALL vs others (15:97) 0:0 0:0 0:0 01 0:1 0:1 0:0 0:0
TEL-AMLI vs others (27:85) 2:0 2:0 2:0 2:2 2:1 2:2 1:1 2:0
minitype vs main (27:85) 11:10 9:12 9:3 10:16 18:0 7:4 9:2 9:1

Table 9: Classification scores calculated by PCL for 10 of the 112 test samples. There is one and only one hard
prediction on which we show a weak confidence. However, this weak prediction gives rise to several interesting

problems as explained in the text.

Sample Classification Scores Real Predicted | Decision
or T- or Class Class Confidence
1 10 0.99 T-ALL T-ALL strong
2 10 0 T-ALL T-ALL strong
3 10 0 T-ALL T-ALL strong
4 10 0 T-ALL T-ALL strong
5 9.70 8.04 T-ALL T-ALL weak
6 0 10 OTHERS OTHERS strong
7 0 10 OTHERS OTHERS strong
8 0 10 OTHERS OTHERS strong
9 0 9.99 OTHERS OTHERS strong
10 0 10 OTHERS OTHERS strong

an outlier from the rest of the samples as almost the
entire row is shaded black or dark grey. In such a
case, the PCL prediction will be very weak.

The above visualization becomes more useful when
the test sample is large (in this case, 112 of them) as it
is easier to scan through many rows of data visually
than rows of classification scores to identify abnor-
malies.

6 Conclusion

In this paper, we have discussed the problem of fea-
ture transformation. Based on the concept of emerg-
ing patterns, we have proposed a new method to com-
bine special groups of original features to form new
features. Under the framework of the new features,
the original training and test data are represented in a
“tidy” way, having a clear boundary between the two
classes. The type of values of the features are changed
from continuous to categorical, so that predictions on
test data become visually decidable. Meanwhile, the
reasons of the predictions are intuitive.

The PCL classifier has shown its high accuracy on
the three data sets. Its performance is among the
best classifiers. Another advantage of the PCL clas-
sifier is that it is a rule-based classifier. Its predic-
tion reasons are easily interpretable. So, more than
merely outputting a prediction, it also provides some
rule-based insight into the application. The decom-
position method on the classification scores can allow
us to pay close attention on hard test data. So that
we can understand those cases from more than one
angle.

Feature transformation (also called feature gener-
ation) and feature selection are two important pre-

processes in handling high-dimensional data. Feature
selection can narrow our search space, while feature
transformation can enhance the expressiveness of the
application. Visualization is another important tool
for post-data analysis. It can help to explain the data
and provide deeper insights. It also helps to quickly
zoom in to potentially interesting outliers for further
investigations. We will continue our research on these
aspects to improve the system.
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