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1 Introduction

Microarray technology enables the expression levels of thousands of genes to be measured simultane-
ously. However, the expression profiles produced are known to be noisy due to various stages of the
experiment. Both statistical methods and normalization address this problem [2, 3]. In this abstract,
we describe an alternative called MEP-Clean which “cleans” the noise in microarray expression
profiles.

MEP-Clean expands on related work in the field of image restoration with Markov random fields,
or MRFs. Potential anomalies in a data set are identified and replaced with more suitable expression
levels. The “correctness” of an expression level is assessed using other similar genes in the data set.
Preliminary experiments show that our technique is able to clean 90% of the noise when 10% artificial
noise is introduced.

2 Method and Results

Our technique consists of two phases, as shown in Figure 1. In the first phase, expression profiles are
used to associate similar genes. Similarity is judged using a Euclidean distance measure where the
most dissimilar pair of experiments are removed.

Genes which are more similar than a given distance threshold are used to construct an MRF for
the second phase, MEP-Clean. MRFs extend Markov chains to higher dimensions. In an MRF, the
probability of each event is conditioned on its neighboring events. In the context of expression profiles,
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Figure 1: The application of MEP-Clean is shown along the bottom of the figure. Prior to using
MEP-Clean, an initial “gene association” phase is required, shown at the top.



each gene’s expression level depends on the values of its neighboring genes. A gene’s neighborhood is
formed by the genes in the data set which are the most similar.

MEP-Clean creates a separate MRF for each experiment. An MRF is represented as an undi-
rected graph where each node contains a gene and its corresponding expression level. Edges are added
between genes with similar expression profiles.
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Figure 2: Five-fold cross-validation with
GDS465.

U(f) = α
∑

r∈V

(r̃ − r̃∗)2 + β
∑

(r,s)∈E

(r̃ − s̃)2 (1)

Next, an energy level U(f) is calculated for the
field using Equation 1. This energy is subsequently
minimized by visiting each node and altering its ex-
pression level. The order in which nodes are visited
is based on decreasing average similarity with its
neighbors. The formula consists of two terms, where
the first is summed over every vertex V and the sec-
ond is summed over every edge E. The first term
looks at the difference between the original and the
current expression level of gene r. The second term

considers the difference in expression levels between genes at the ends of each edge.
Experiments were conducted within the framework of five-fold cross-validation using the data set

GDS465 from the Gene Expression Omnibus (GEO) [1]. This data set consists of 7,085 genes and 90
experiments. For each fold, 80% of the experiments is used for the first phase, while the second phase
is repeated for each of the remaining experiments.

In the experiments, MEP-Clean is applied twice. The first execution takes the data set to a
known baseline state to compare to. Then, artificial constant noise of +0.20 is added at probabilities
ranging from 10% up to 100%. MEP-Clean is applied next and a comparison is made with the
baseline levels. Figure 2 plots the precision of MEP-Clean, calculated from the number of noisy
expression levels cleaned divided by the total number of noisy values. As the graph shows, MEP-
Clean cleans 90% of the noise when 10% of the values are noisy. Effectiveness decreases as more
noise is added, but even with 30% noise, 50% of the expression levels are successfully cleaned.

3 Discussions

In contrast to statistical methods and normalization, MEP-Clean takes into account the biological
significance between genes in order to clean microarray expression profiles. Some potential future work
include examining other means of determining gene similarity or other types of energy formulas.
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