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Abstract

Finding accurate biomarkers is key to early diagnosis of
many otherwise incurable diseases. We study the problem
of finding biomarkers for mass spectrometry (SELDI-TOF)
spectra from cancerous and normal tissues. In contrast to
the common practice of using vague methods, such as ge-
netic algorithms, or un-interpretable (as biomarker) meth-
ods, such as SVM, we looked for a method that is simple,
intuitive, interpretable, usable, and more accurate.

We introduce decision-lists to this domain. Our experi-
ments on clinical cancer datasets show decision lists give
more accurate results than other methods. More interest-
ingly, the resulting decision lists are more interpretable,
for possible causal relationship between cancer and differ-
entially expressed proteins, and directly usable in clinical
biomarker design.

1 Introduction

Biomarkers are cellular, molecular or genetic alterna-
tion or patterns caused by the presence of specific diseases.
Biomarkers serve as the indicators of diseases, they can also
be employed to predict disease severity and monitor effec-
tiveness of medical treatment. The discovery of biomarkers
have been conducted in some major clinical areas such as
cardiovascular diseases and cancers.

Combined with the protein chip technology, mass spec-
trometers such as SELDI-TOF have been used to diagnose
cancers. In such an approach, human tissue samples are
collected to produce protein spectra. Every protein spec-
trum consists of a sequence of peaks, each of which is char-
acterized by its ��� ratio and intensity of a protein. The
proteomic patterns are then analyzed to predict whether or
not the patients have developed certain cancers. Our work
focuses on this type of clinical data, while it also applies to
other areas such as biomarkers in microarray data.

In recent years, a number of methods have been de-
veloped to classify mass spectra, and high sensitivity and

specificity results were reported for different cancers. In
this work, we introduce decision lists [1] to this domain.

2 Decision Lists for Biomarker Discovery

A decision list usually expect symbolic attribute-value
pairs (as Boolean variables, the value is binary). Therefore,
a set of attribute-value pairs must be derived from the raw
mass spectra. Given a spectrum, an attribute is a protein
characterized by the ��� ratio, its value is the type of class
it may belong to with maximum likelihood. For the sake of
argument, let us consider the case of binary classification.
In such a problem, the training data are two sets of spectra,
one is generated from normal human tissues, while the other
from cancer patient tissues. Hereafter, they are referred to
as normals and cancers, respectively.

Each spectrum may consist of peaks for hundreds or even
thousands of proteins. For each protein, its intensity is sub-
ject to individual sample and the experimental condition
variability. We assume that intensity of each protein fol-
lows a normal distribution within each classes. For each
individual peak, if the intensity suggests that the protein is
more likely from normal sample, the value is 1, otherwise
0. Following the above steps, each spectrum is transformed
into a set of attribute and binary value pairs. It has been
demonstrated that 5-20 proteins would suffice to classify
mass spectra [2] [3]. Inspired by such facts, we expected
to identify the a small set of proteins as the discriminants.
Given a protein, two groups of intensity can be collected
from normal and cancer respectively. �-test is utilized to
assess the its power of discriminating two groups. The pro-
teins are sorted by their �-scores, and the top-ranked pro-
teins are chosen to form the attribute set.

In this work, each decision list acts as a biomarker. De-
cision lists are constructed upon given training spectra.

We extend a �-decision list to a ��� ��-decision list by al-
lowing � alternative monomials at each node (��), provided
that all alternative monomials at each node are equivalent
in the sense that they give the same classification for the
training examples. Thus a ��� ��-decision list of � nodes
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Table 1. Performance comparison of DL, SVM, and C4.5 on Four Cancer Datasets
(a) Training results

data set # of normals # of correctly classified normals/cancers
/cancers DL 	
� -��
�� ����

Ovarian I 45/81 45/80 44/79 44/81
Ovarian II 58/50 56/49 58/50 54/48
Ovairan III 58/50 57/49 51/40 52/42
Prostate 127/35 120/28 121/30 125/32

(b) Testing results
data set # of normals # of correctly classified normals/cancers

/cancers DL 	
� -��
�� ����
Ovarian I 46/81 44/81 45/78 44/78
Ovarian II 58/50 53/48 51/48 46/45
Ovairan III 58/50 50/48 49/40 49/35
Prostate 126/34 114/26 119/26 113/21

corresponds to �� normal decision lists.

Theorem 1 ��� ��-decision lists are pac-learnable.

Proof. A simple algorithm is designed to learn ��� ��-
decision lists: At each step �, find as many size-up-to-�-
monomials as possible such that

� they all cover the same uncovered cancer (normal) ex-
amples without covering any uncovered normal (can-
cer) examples and

� the cover size is within 1/2 of the maximum cover size.

Put these monomials in the �� node. �� is positive (nega-
tive). Repeat for ���� until either all cancer examples are
covered, then last �� is normal, or all normal examples are
covered, then the last �� is cancer.

It is easy to show that this is a pac-learning algorithm,
following similar proofs as [1]. This algorithm allows us
to produce many alternative �-decision lists when there is
very little data.

This algorithm allows us to produce many alternative �-
decision lists when there is very little data. In practice, we
need to carry out classification for multiple classes. For in-
stance, cancers can be in different stages, while some tu-
mors are possibly benign. In a similar manner, we can con-
struct decision lists for multi-classification.

3 Experimental Results

The clinical benchmark from [4] was used in the ex-
periment. It consists of four datasets: one is prostate can-
cer samples, the other three (WCXI, WCXII, Lacent) are
ovarian cancer samples. These datasets were produced
with different protein chip technologies. We consider 2-
decision lists and 3-decision lists in our experiments, i.e.,
each monomial consists of at most 2 or 3 proteins.

As comparison, Support Vector Machine 	
� -��
��
and Decision Tree classifiers ���� were also tested. Table
1 presents the empirical training and testing results for the
four data sets respectively. In general, that accuracy of de-
cision list classifiers was better than those of 	
� -��
��,
and ����.

4 Conclusions

We have proposed a new approach of using decision
lists which possesses the following advantages. The con-
cept class of decision lists captures nicely our intuition of
a diagnosis process. The decision lists are interpretable
and usable directly for biomarker design. Our results are
more accurate than other more complicated methods. This
method was tested with a set of clinical mass spectrometry
proteomic data, and achieved better results than SVM and
decision tree. When multiple solutions exist, our paradigm
and the algorithm allow us to output a list of alternate solu-
tions (decision lists) for the domain expert to select.
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