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As a greedy search algorithm, classification and regression tree (CART) is easily relapsing into overfit-
ting while modeling microarray gene expression data. A straightforward solution is to filter irrelevant
genes via identifying significant ones. Considering some significant genes with multi-modal expression
patterns exhibiting systematic difference in within-class samples are difficult to be identified by exist-
ing methods, a strategy that unimodal transform of variables selected by interval segmentation purity
(UTISP) for CART modeling is proposed. First, significant genes exhibiting varied expression patterns
can be properly identified by a variable selection method based on interval segmentation purity. Then,
unimodal transform is implemented to offer unimodal featured variables for CART modeling via feature
extraction. Because significant genes with complex expression patterns can be properly identified and
unimodal feature extracted in advance, this developed strategy potentially improves the performance
of CART in combating overfitting or underfitting while modeling microarray data. The developed strat-
egy is demonstrated using two microarray data sets. The results reveal that UTISP-based CART provides
superior performance to k-nearest neighbors or CARTs coupled with other gene identifying strategies,
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indicating UTISP-based CART holds great promise for microarray data analysis.

© 2011 Elsevier B.V. All rights reserved.

1. Introduction

Microarray based gene expression signatures have shown the
potential to be powerful tools for patient stratification, diagno-
sis of disease, prognosis of survival, assessment of risk group
and selection of treatment [1-4]. These signatures are compu-
tational rules for deriving a diagnosis from patient’s expression
profile. Although microarray based molecular diagnosis constitutes
a promising approach, so far it is difficult for most machine learn-
ing methods to exploit its potential. For typical microarray data, the
number of genes (variables) may be times that of samples, making
variable redundancy to be a serious problem when constructing a
classification model.

To be a good choice, classification and regression trees (CARTSs)
[5] are frequently used to generate decision rules for microar-
ray data [6-8]. CART is a nonlinear, parameter-free tree-building
technique, quite flexible in describing the relationship between
independent and dependent variables. Contrast to most of model-
ing methods, CART has several advantages: (1) the model building
by CART is intuitive and comprehensive; (2) being an excellent tool
in fitting nonlinear data; (3) suitability for high-dimension data
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sets, capable automatically select parts of the important variables;
(4) free from the singular values, collinearity and variance het-
erogeneity, etc. However, being a greedy search algorithm, CART
is easily relapsing into overfitting. When dealing with microarray
gene expression data that frequently full of noises and redundant
information originated from a large number of irrelevant genes,
exhaustively searching all variables would aggravate the overfitting
problem of CART. A straightforward approach is to filter irrelevant
genes by identifying significant ones before constructing a CART
model.

A gene related to certain disease possibly display systematic
expression differences in within-class samples, known as multi-
modal expression pattern [9-12]. Such phenomenon is derived
from the diversity of pathogenic mechanisms. Properly identify-
ing these multi-modal expressed disease-related genes is much
important for building desirable pattern recognition models. It is
also crucial for the studies of molecular diagnosis and personalized
medicine. However, few existing methods can identify multi-modal
expressed genes well due to ignoring the systematic expression dif-
ferences of a gene in within-class samples. In our previous study,
a technique for gene identification based on interval segmentation
purity (ISP) has been proposed and demonstrated [11]. Intuitively, a
gene discriminative for a class of interest implies that its expression
level for the class is significantly different from those of the others,
that is, its expression levels for the class are centralized at one or
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several intervals where the expression levels for the other classes
rarely appear. In other words, there are some intervals where the
samples from the class of interest are centralized and few other
samples present. Then, these intervals can be regarded to have ade-
quate “purity” of samples belonging to the class of interest with
respect to other classes. In this sense, the discriminative power of a
gene for one class can be measured by the “purity” of the intervals
where the expression levels of the gene for the class are central-
ized. Hence, in the ISP-based gene identification technique ISP was
defined as the purity of samples belonging to a certain class in inter-
vals segmented by a mode search algorithm, mean shift [13]. This
technique was demonstrated to furnish an advantage over other
methods in the capability of selecting discriminative genes, what-
ever the genes are up-regulated, down-regulated or multi-modal.

Based on the ISP-based gene identification technique [11],
herein, we developed a flexible variable treating strategy for CART
modeling microarray data, unimodal transform of the variables
identified by ISP (UTISP). By invoking the ISP-based technique, sig-
nificant genes with varied expression patterns are first properly
identified. However, it is not so advisable to build a CART model
for microarray data straight utilizing the significant genes identi-
fied by using ISP-based technique. As commonly plying a binary
recursive partitioning strategy, it is difficult for CARTs to gener-
ate proper decision rules for multi-modal expressed genes, which
may increase the overfitting or underfitting risk of the models.
The strategy that unimodal transform of the significant genes is
then developed to extract features of significant genes via map-
ping them into their higher dimensional spaces where unimodal
expression patterns of these genes can be disclosed. Unimodal fea-
tured variables resulting from the feature extraction procedure
offers a flexible variable treating approach for CART while model-
ing microarray data, thus this strategy can significantly improve the
performance of CART in generating classification rules for microar-
ray data. The proposed UTISP-based CART methodology has been
evaluated in cancer classification using two public microarray data
sets, leukemia data [14] and small, round blue cell tumors data
(SRBCTs) [15].

2. Methods
2.1. ISP-based gene identification technique

The idea of the ISP-based gene identifying technique is to seg-
ment each variable (gene) axis into intervals or clusters where the
expression level values are centralized, followed by the evaluation
of the purity of these clusters for a class of interest. The ISP-based
technique utilizes a mode search algorithm, mean shift [13,16,17],
to disclose the natural clusters of the data, by which the clusters
are defined as the unimodal distribution of the probability density
function [11]. Mean shift is a computationally efficient algorithm
for mode search based clustering. This procedure is essentially a
gradient ascent algorithm started from every data points. Then,
all data points located in the same unimodal intervals, i.e. in the
same clusters, converge at the same modes within a specified error
level § (a parameter to be set in the algorithm, in the present study
8=10"4), so the cluster membership of a data point can be defined
by the mode at which it converges. Suppose that a microarray data
set has P genes and N samples with the entries x,, (p=1,...,P;
n=1,...,N) representing the expression level of the nth sample,
Xn, on the pth gene. Let K be a flat kernel that is the characteristic
function with a certain analysis bandwidth h,

1 xi=h
K(x)_{o if x| > h (1)

The mean shift vector in a simple one-dimensional case (on one
gene, i.e. on gene p) can be expressed as

Zﬁlzlxpnl((x — Xpn)
-] _
> oo KX = xpn)

where x is a data point in a one-dimensional data space, starting
from an arbitrary data point, xp,, forn=1, ..., N. The analysis band-
width h is a positive value which can be determined by sensitivity
analysis. When m(x) is applied to the original point, ¥, it results in
a new position, x5. This process can be repeated until |[m(x)| <8 and
an iterative procedure is defined in this way:

Xt = x5 + m(x®) (3)

m(x) =

(2)

For a kernel with a monotonically decreasing profile, convergence
of x* (s=1,...,S) can be proven. The iterative mean shift procedure
is, in essence, a gradient ascent method where the step size is ini-
tially large and decreases toward convergence. A prominent merit
of this algorithm is that it does not require any prior knowledge of
the number and the shape of clusters, approximating the true dis-
tribution of the data. When used for clustering the data represented
by a single variable, mean shift algorithm results in segmentation
of the variable axis into several intervals (where the modes are
centralized).

Suppose that mean shift algorithm segments the pth variable
axis into Q intervals (for different variables, Q might be diverse),
andng (q=1,...,Q) samples from different classes converged at the
same mode that located in the gth interval, besides ng(k) samples
from class k, then ISP score of gene p for class k (k=1,...,K), ISP(k),
is defined as follows:

Q Q
ng(k) ng(k) ng(k)
15P(1<)=qu ‘;q =Z nq(k) jlq
gq=1 1

q=

(k=1,...,K) (4)

where wy denotes the weight of purity of the gth interval to the
total ISP(k), which is determined by the percent of sample number
belonging to class k in the gth interval to total sample number of
classk,i.e., wq = (ng(k)/n(k)), where n(k) symbolizes the number of
samples in class k, i.e., ZqQ=lnq(l<) =n(k) and Zlen(k) = N.Based
on the definition, large values of ISP(k) imply that expression levels
of gene p comprise intervals in which most of samples come purely
from class k, indicating that this gene is useful for discriminating
class k from the others. Thus, the genes with the largest ISP(k) can
be identified as the significant genes for class k. In general cases,
several significant genes are selected for each class, and the opti-
mal number, say J, of significant genes can be determined by trials
and errors procedure or cross validation with varying number of
significant genes. The simplest way is to choose the least number
of significant genes when a model reaches desirable classification
accuracy for the training set.

In addition, mean shift algorithm allows direct determination
of the cluster centers for each class using the mode thus located.
It offers a benefit for the following unimodal transform of the L
selected genes that L=] x K.

2.2. Unimodal transform of variables selected by ISP-based
technique (UTISP)

Since the genes identified by ISP-based technique potentially
exhibit multi-modal expressed patterns, straight generating deci-
sion rules using these genes may increase the overfitting or
underfitting risk of the classification tree models because of the
use of binary recursive partitioning strategies. Extracting their uni-
modal features for CART modeling can decrease these risks. Via
mapping the significant genes into their higher dimensional spaces
from the original one-dimensional ones using Gaussian functions,
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the unimodal expression patterns of these genes can be disclosed
and the unimodal featured variables can be extracted. This uni-
modal transform procedure in fact offers a flexible variable treating
approach for CART to model microarray data, thus furnishes an
approach toward the improvement of the performance of CART in
generating classification rules. The output of unimodal transform
of the Ith variable can be represented as follows:

lI%; — .11 |1%; — ¢1,p, 112
Oj=maxqexp|-————>—|,....,eXp| ——5—5— s
2014 20yp,

d=1,...,D, t=1,...,L (5)

where ¢; 4, and o} 4, denote to be the d;th transform center and ker-
nel width of gene . Suppose gene [ is one of the significant genes
related to class k, then the mode centers where the entries of X, (k)
(n=1,...,n(k)),all training samples in class k, converged to in mean
shift clustering, are to be the transform centers ¢; = (c; 1, . . -, ¢/ p,)-
Also, the number of centers D; is automatically determined. It might
vary for different genes. The widths o= (0y1,...,0yp,) in the
present study is calculated by the distance of the nearest cluster
center ¢ 4, to them [11,18]. To decrease the noises of data, a mod-
ified ¢, is used in this study. The validity of ¢y, is measured by the
percent of sample number belonging to class k to total sample num-
ber of class in the d;th interval. Only if (nd’(k))/nd, > per, ¢g, is
available. The parameter per also can be determined by sensitivity
analysis.

Actually, for a significant gene related to class k that identified by
ISP, the transform occurs at the mode centers of the intervals where
itsrelated class samples are centralized. Note that, the related sam-
ples have smaller distance from one of the mode centers than other
samples. Then, in the feature space, samples from class k would
reach biggish values on at least one new axis than other ones. Via
assigning a sample the largest value it reached on any axis, one can
obtain a feature variable with unimodal expression pattern, pre-
senting larger values in all class samples of class k than in other
ones. The feature variables essentially have enhanced ability in
discriminating a certain class on one-dimensional space, which is
much flexible for CART to generating decision rules.

2.3. UTISP for CART modeling (UTISP-based CART)

Classification trees are constructed on the output,
0=(04,...,0r), of UTISP analysis using a CART algorithm [5].
The classic CART algorithm was popularized by Breiman et al.
[5] CART is a nonlinear, parameter-free tree-building technique,
constructing classification or regression trees for predicting con-
tinuous dependent variables (regression) or categorical predictor
variables (classification). In the present study, CART is employed
to generate classification decision rules for predicting the class
of each sample from its known values of L explanatory variables
0; (I=1,...,L). Traditionally, there are two main steps in building
a classification tree using a CART algorithm, growing a tree and
pruning the tree.

CART grows trees using greedy binary recursive partitioning
(splitting) of all the objects into smaller subgroups in a top-down
manner, starting from the root node containing the entire train-
ing compounds until each node reaches completely homogeneity
or a user-specified minimal sample number (i.e., node size) and
becomes a terminal or leaf node. The binary recursive partitioning
process, implemented by exhaustively searching all the unimodal
transformed variables o; (I=1,...,L) and all their possible values,
respectively, formulates a series simple if/then rules according to
the goodness-of-split criterion [5] Gini index or Twoing rule. And
the classes are assigned to the nodes according to a rule that min-
imizes misclassification costs. A large tree Tpax grown based on
these rules consists of a number of intermediate, splitting nodes

and a series of terminal nodes that represent homogeneous groups
of observations in terms of the response variable. The explanatory
variables appear in the consecutive splitting nodes in a hierarchy of
decreasing explanatory power. In many cases, this tree is exposed
to the risk of overfitting because of the exhaustive search during
the growing process. Also, it is suffering from incomprehensibil-
ity. Pruning Tmax back to an optimal sized tree to reduce these
risks is inevitable. The most popular method for tree-pruning is the
minimal cost-complexity pruning (MCCP), expressed as follows:

Ra(T):R(T)+a|ﬂ (6)

where Ry(T) is a linear combination of the tree cost and complexity,
representing the cost-complexity measure; R(T) is the within-node
sum of resubstitution error; « > 0 refers to a complexity parameter

and |TJ measures the tree complexity (i.e., the number of termi-
nal nodes in the tree T). The more complex is the tree, the lower is

R(T), but at the same time, the higher is the penalty oz’T| and vice
verse. As proven by Breiman, « is a metric of additional accuracy
introduced by a certain new bifurcation. The tree with o equal-
ing to O refers to the unpruned largest tree Tmax and o tends to
increase from the leaf nodes to the root node. The MCCP tries to cut
off the weakest branches of the tree in a bottom-up manner, grad-
ually increasing « value. For a given «, among all subtrees of the
same complexity, the optimal subtree T < Tpax minimizing Ry (T)
uniquely exists, as proven by Breiman. In such way, a sequence of
nested subtrees is gained, from which a final approximately fit tree
can be selected in terms of its best prediction accuracy either gained
by cross validation method or pruning set technique.

A classification tree built based on the output of UTISP may
display excellent performance in avoiding the risk of overfitting
contrast to a tree straight built on the microarray data. Though
the tree-pruning technique can decrease the overfitting risk, in
classification analysis using microarray based gene expression sig-
natures, the obtained model is hard to avoid overfitting because of
lots of noises and redundant information rooting in exhaustively
searching a great amount of irrelevant genes in microarray data.
Identifying significant genes using ISP-based method could remove
most irrelevant genes, providing the most discriminative variables
by revealing the intrinsic relationships between with-class samples
and between-class samples. In addition, after the unimodal trans-
form the discriminative power of each gene in one-dimensional
space would be enhanced, improving the performance of CART in
construct a classification tree with desirable precision and gener-
alization ability.

All the algorithms used in this study were written in Mat-
lab 6.1 and run on a personal computer (Intel Pentium processor
4/2.80 GHz 1 GB RAM).

3. Results and discussion
3.1. Leukemia data

The performance of the proposed UTISP-based CART is first
examined by leukemia data [14]. This data set is revisited here as a
three-class classification problem, consisting of 72 samples includ-
ing myeloid leukemia (AML), B-cell acute lymphoblastic leukemia
(ALL) and T-cell ALLs. There are 38 samples in the training set and
34 samples in the test set. All samples are represented by 7129
human genes. Additional preprocessing steps were taken into this
data set before standardization: (1) thresholding (floor of 100 and
ceiling of 16,000), (2) filtering (exclusion of genes with max/min < 5
and max — min < 500 across the samples), (3) base 10 logarithmic
transformation [19]. This filtering resulted in 3571 genes. Then, the
3571 genes were scaled into [0.1,0.9].
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Table 1
Classification results of leukemia data using a UTISP-based CART compared with
those obtained by k-NN, conventional CART, and BSS/WSS-based CART.

Method No. of genes Prediction accuracy
Training set Test set
k-NN (k=4) 3571 0.8529
CART 3571 0.9737 0.8529
BSS/WSS-based CART 160 0.9737 0.8235
UTISP-based CART 21 0.9737 0.9706

As a comparison, k-nearest neighbors algorithm (k-NN) was
invoked to classify the three types of leukemias using the 3571
variables. According to the result of cross validation, k was set to be
4. Five test errors for ALL/AML problem were obtained by k-NN. The
prediction accuracy for the 34 test samples is 85.29%. Then, CART
was employed to construct the classification model. Considering
the precision of the classification model and the complexity of the
model, the splitting of a node would be stopped if there are less
than 5 samples in this impure node. The prediction errors provided
by the best pruned classification tree determined by cross valida-
tion (CV) are one sample for the training set and five samples for
the test set, as shown in Table 1. The classification model built by a
CART algorithm emerges series overfitting. The prediction accuracy
for the training set is 97.37% (1 error among 38 samples), but the
prediction accuracy for the test set is 85.29% (5 errors among 34
samples). Contrast with k-NN, CART did not improve the classifica-
tion accuracy. A good many irrelevant, insignificant or redundant
genes among the 3571 variables increased the risk of overfitting of
the classification model. Extracting the most discriminative vari-
ables to build the CART model is a feasible approach to improve
the performance of a model. The gene selection method based on
ranking the ratio of between classes sum of squares to within class
sum of squares for each gene (BSS/WSS) [19] was employed to pick
out the relevant variables in the leukemia data set. BSS/WSS based
method has been employed by many studies. As shown in Table 1,
the best prediction results obtained by the classification tree mod-
els built based on different number of variables for the training set
and the test set are 97.37% (1 error among 38 samples) and 82.35%
(6 errors among 34 samples), respectively, when 160 genes were
used to training the model. A high precise model was obtained,
but the generalization of the model was very poor. Although in
the method BSS/WSS-based CART, parts of redundant genes were
eliminated, the generalization of the model built by BSS/WSS-based
CART was not improved, indicating that the ability of BSS/WSS for
identifying signification genes is limited and restricted the model
in conquering the overfitting problem.

To improve the classification model, UTISP-based CART algo-
rithm was applied to the leukemia data set. The parameters h
(analysis bandwidth) and per (critical value determining the valid-
ity of transform center cq,) were determined by sensitivity analysis
[20,21]. The sensitivity analysis of the parameter analysis band-
width h is revealed in Fig. 1. It can be observed that if per takes
0.1 and J (the number of significant genes selected for each class)
takes 7, the classification model reaches the desirable precision
when h <0.25. And the sensitivity analysis of the parameter per
shown in Fig. 2 exhibits that when per > 10%, the classification
model reaches the best precision if h takes 0.25 and J takes 7. For
ensuring the precision and the generalization ability of the models,
h takes 0.25 and per takes 10% in the classification tree model of
leukemia. The classification results obtained by UTISP-based CART
are shown in Table 1. Taking advantage of unimodal transform of
the variable selection based on ISP, the UTISP-based CART showed a
good performance both for modeling and prediction. When J takes
7, the classification accuracy for the training sets is 97.37%, one
error among the 38 training samples and the classification accu-

20 T T T T T T T T
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training errors
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b (per=10%, J=7)
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Fig. 1. The sensitivity analysis of analysis bandwidth h for leukemia data when using
a UTISP-based CART method with per taking 10% and J taking 7.

racy for the test set is 97.06%, one error among the 34 test samples,
indicating that the UTISP-based CART yielded a classification tree
with desirable precision and generalization ability. Via picking out
a small number of the most discriminative variables of leukemias
and unimodal transform of them, UTISP-based CART is efficient in
conquering the overfitting problem which is very serious in con-
ventional CART. Compared with CART and BSS/WSS-based CART as
showing in Fig. 3, UTISP-based CART provides the same good per-
formance for the training set but better performance for the test set,
exhibiting that the proposed method has good precision in model-
ing and superior generalization in prediction. Significant genes of
leukemias were well addressed by an ISP-based variable selection
method, and unimodal transform of these genes further simpli-
fied the selected data, contributing to the superb performance of
a classification tree model.

3.2. Small, round blue-cell tumors data

For further testing the performance of UTISP-based CART, this
novel strategy is applied to classify different kinds of small, round
blue-cell tumors (SRBCTs) of childhood [15]. This data set with

24 :

training errors

U ; 1 1 1 1 1 1 1 1
0 10 20 30 40 S50 B 70 81 90 100
per (%) (h=0.25, J=7)

Fig. 2. The sensitivity analysis of per for leukemia data when using a UTISP-based
CART method with analysis bandwidth h taking 0.25 and J taking 7.
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Fig. 3. The prediction accuracies of leukemia data obtained using k-NN, conven-
tional CART, BSS/WSS-based CART, and UTISP-based CART.

83 samples includes four subsets of SRBCTs, neuroblastoma (NB),
rhabdomyosarcoma (RMS), non-Hodgkin lymphoma (NHL) and the
Ewing family of tumors (EWS). Discrimination of these four types
has presented a challenge due to their similar appearances in
routine histology. In 2001, Khan and his co-workers successfully
monitored the gene expression profiles of 6567 genes for these
four types of malignancies using cDNA microarrays and reduced
the number of genes to 2308 by quality filtering for a minimal level
of expression [15]. In the present study, the 2308 genes are scaled
into [0.1,0.9].

To avoid a fortuitous choice of the training and the test sets, the
original data set was randomly divided into five parts of roughly
equal size. In each experiment, one part of them would be used as
a test set and the rest making up a training set. The five different
random combinations of training and test sets were investigated.
As comparisons, k-NN, CART and BSS/WSS-based CART were also
employed. The procedures were all repeated for the five combi-
nations. Table 2 summarizes the statistical results of the mean
classification accuracy of the five computations. The best result
given by k-NN is a mean prediction accuracy of 77.80% for the test
set when k=3 that determined by cross validation results. The poor
result reveals that k-NN failed to exhibit the relationship between
different types of small, round blue-cell tumors. The mean classifi-
cation accuracy of the five computations obtained by CART is 94.22%
for the training sets and 79.54% for the test sets. High model pre-
cision was achieved. Nevertheless, the mean prediction accuracy
for the test sets shows the models built by the conventional CART
enduring serious overfitting. Contrast with conventional CART,
the BSS/WSS-based CART improved the classification tree model
slightly. The best result obtained by BSS/WSS-based CART has mean
prediction accuracy 97.59% for the training sets and 84.43% for the
test sets when the top 100 genes were used. Though BSS/WSS-
based CART provided a better result than CART, the prediction
accuracy of 84.43% for the test sets is undesirable yet. Due to limited

Table 2
Classification results of SRBCTs data using a UTISP-based CART compared with those
obtained by k-NN, conventional CART, and BSS/WSS-based CART.
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Fig. 4. The sensitivity analysis of analysis bandwidth h for SRBCTs data when using
a UTISP-based CART method with per taking 10% and J taking 2.

variable selection ability of the variable method based on BSS/WSS,
the overfitting problem of the classification trees is still serious,
exposed by the low prediction accuracy for the test sets.

To improve the classification model, the UTISP-based CART algo-
rithm was applied to predict the class type of small, round blue-cell
tumors. According to the sensitivity analysis of the parameter
analysis bandwidth h demonstrated in Fig. 4 and perin Fig. 5 respec-
tively, itis clear that when his smaller than or equal to 0.2, and peris
greater than or equal to 10%, large changes in h or per result in a rel-
atively small changes in the outcomes, so h takes 0.2 and per takes
10% in these models when J is 2. The mean classification results of
the five computations as shown in Table 2 are 94.59% for the train-
ing sets and 91.59% for the test sets, respectively. In Fig. 6, it can
be observed that compared with k-NN, CART and BSS/WSS-based
CART, the newly proposed method presents the best performance:
UTISP-based CART not only guaranteed the similar high preci-
sion for the models as CART and BSS/WSS-based CART, but also
improved the generalization ability of the classification tree mod-
els. The prediction accuracy of 79.54% for the test sets obtained by
CART and 84.43% obtained by BSS/WSS-based CART were improved
to 91.59% by UTISP-based CART. It can be concluded UTISP-based
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Method No. of genes Mean prediction accuracy
Training sets Test sets
k-NN (k=3) 2308 0.7780
CART 2308 0.9422 0.7954
BSS/WSS-based CART 160 0.9759 0.8443
UTISP-based CART 8 0.9459 0.9159
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per (%) (h=0.2, J=2)

Fig. 5. The sensitivity analysis of per for SRBCTs data when using a UTISP-based
CART method with analysis bandwidth h taking 0.2 and J taking 2.
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Fig. 6. The prediction accuracies of SRBCTs data obtained using k-NN, conventional
CART, BSS/WSS-based CART, and UTISP-based CART.

CART improves the model prediction performance effectively. As
a whole, the results revealed that the UTISP-based CART had the
best performance rather than k-NN, CART and BSS/WSS-based CART
on constructing the models for SRBCTs classification. The average
results of five computations for the models built using UTISP-based
CART expose that the good performance was not due to a fortuitous
choice of the training sets and the test sets.

4. Conclusion

In this paper, unimodal transform of variables selected by
interval segmentation purity for classification and regression tree
modeling strategy has been developed for combating the challenge
of high-dimensional microarray data with redundancy of variables.
The development of ISP-based variable selection method provides
an effective approach for significant gene identification. Unimodal
transform of significant variables reduces the risk of overfitting of
CART via extracting variable features. The performance of UTISP-
based CART was evaluated by using two microarray data sets which
reveals the proposed strategy is of great promise in generating clas-
sification trees with good stability and desirable performance in

conquering overfitting for multi-class classification problems using
microarray based gene expression signatures.
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