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Abstract

Mining the microarray data accumulated in the public data repositories can save
experimental cost and time and provide valuable biomedical information. Big data
analysis pooling multiple data sets increases statistical power, improves the reliability
of the results, and reduces the specific bias of the individual study. However, integrating
several data sets from different studies is needed to deal with many problems. In this
study, I limited the focus to the cross platform classification that the platform of a
testing sample is different from the platform of a training set, and suggested a simple
classification method based on rank. This method is compared with the diagonal linear
discriminant analysis, k nearest neighbor method and support vector machine using
the cross platform real example data sets of two cancers.

Keywords: Classification, cross platform, k nearest neighbor method, microarray, sup-
port vector machine.

1. Introduction

Microarray technique allows measuring large amounts of gene expression levels simul-
taneously and generates valuable information. Given an efficient statistical analysis, bio-
molecular information could become even more essential than traditional clinical factors.
Hence, high-throughput gene expression has become one of the most important tools in
functional genomic studies.

A recommendation that the data supporting some scientific results in the publication must
be sharable with the research community made authors of the paper submit data to public
repositories: Gene Expression Omnibus (GEO, http://www.ncbi.nlm.nih.gov/geo), Stanford
Microarray Database (SMD, http://smd.stanford.edu), ArrayExpress (http://www.ebi.ac.uk/
arrayexpress), etc. Several efforts to develop standards for microarray experiments and their
analysis were made: The Minimum Information About a Microarray Experiment (MIAME)
(Brazma et al., 2001; http://www.mged.org/Workgroups/MIAME/miame.html) provided a
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standard for recording and reporting microarray-based gene expression data, which facili-
tated the establishment of databases and public repositories. The Micro Array Quality Con-
trol (MAQC) (http://www.fda.gov/nctr/science/centers/toxicoinformatics/maqc/) project
has played an important role in improving the microarray and next-generation sequencing
technologies and fostering their proper applications. Phase-I (Shi et al., 2006) evaluated the
microarray data quality and the reproducibility of results among laboratories and platforms,
while Phase-II (Shi et al., 2010) evaluated the performance of microarray-based classifiers for
clinical use. Phase-III is ongoing for assessing the technical performance of next-generation
sequencing platforms.

Recently, due to the obvious advantages of the economic feasibility from the high cost
of arrays and the lack of samples, gene expression analysis utilizing the accumulated data
sets from the public repositories has become active. Further, the results coming from several
studies have the strength for generalization and reliability. Several issues, however, make
dealing data from different studies together complicated. We have to control a possible
source of variations such as protocols, environments of experiments, RNA preparation, array
platform, data preprocessing, and other technical noises (Liu et al., 2008; Liu et al., 2013;
Larsen et al., 2014). It is imperative to represent all data sets by a common set of probes.
Entrez Gene (Maglott et al., 2005) is frequently used as an identifier matching common
probes between different data sets and duplicated genes are summarized by their median.

In this research, we limited our interest to develop a simple classification procedure to
predict a binary phenotype (e.g., normal vs. tumor) when the platform of a testing sample is
different from that of a training set. In this cross platform situation, each data set measures
the gene expressions using a different technology and a different scale. cDNA arrays and
oligonucleotide arrays are two major forms.

This article is organized as follows. In Section 2, we give a brief review of several existing
classification methods–diagonal linear discriminant analysis, k nearest neighbor method, and
support vector machine–while describing our new classification procedure based on ranks.
In Section 3, we explain and propose an algorithm on how to compare prediction accuracy
among classifiers within platform and cross platform situations. In Section 4, we apply our
approach using two real data sets. Section 5 contains concluding remarks.

2. Classification methods

Let Y = (y1, y2, · · · , yn) be a response vector of n samples where yi ∈ {−1 , 1} is a
binary phenotype of ith sample, i = 1, 2, · · · , n. Let X = (x1,x2, ·,xn)T and xi ∈ Rg be
expression values of g differentially expressed genes selected among c common genes of ith
sample which are standardized in each gene. Suppose that the augmented matrix [X : Y T ]
is a training set. When a new gene expression features x∗ ∈ Rg, possibly from a different
platform of a training set, is given, we want to assign a phenotype of x∗.

2.1. Existing classification methods

The diagonal linear discriminant analysis (DLDA)

Suppose that the class conditional gene expression profile X |m, a subset of X satisfying
a class phenotype y = m (m = −1, 1), is assumed to have a multivariate normal distribu-
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tion X |m ∼ MVN (µm,Σm). The maximum likelihood discriminant analysis function for

a new sample x∗ is δm(x∗) = (x∗ − µm)Σ−1
m (x∗ − µm)T + log|Σm| and its phenotype can

be assigned to argminlδl(x
∗). In this research, DLDA assuming a same diagonal covariance

matrix Σm = Σ = diag(σ2
1 , σ

2
2 , · · · , σ2

g) is adopted. In spite of somewhat unrealistic as-
sumption of independence among genes, this method has been found to work very well in
microarray data analysis (Dudoit, Fridlyand and Speed, 2002; Diaz-Uriarte and Alvarez de
Andres, 2006).

The phenotype of x∗ = (x1, x2, · · · , xg) is assigned to ŷ = argminm
∑g
j=1(xj − x̄j|m)2/σ̂2

j

where µ̂m = X̄ |m = (x̄1|m, x̄2|m, · · · , x̄g|m) and Σ̂ = diag(σ̂2
1 , σ̂

2
2 , · · · , σ̂2

g), the sample mean
vectors and covariance matrices in the training set, respectively.

k nearest neighbor method (KNN)

KNN (Fix and Hodges, 1951) is a simple nonparametric classification rule. The classifier
measures the distance between test sample x∗ and each sample xi ∈ Rg (i = 1, 2, · · · , n)
in the training set [X : Y T ]. A phenotype of x∗ is predicted by most common among its k
nearest neighbors.

In the algorithm in KNN, there are several choices of distance metrics, and number of
neighbors (k) can be tuned by cross validation to retain low error rate. Usually, the Euclidean
distance, Manhattan distance, Minkowski distance, or one minus the correlation is used as
a distance metric. Instead of tuning parameters, we choose the Euclidean distance, a typical
metric for our continuous variables, and k=3 odd value to prevent ties for our classifier.

Support vector machine (SVM)

Define a hyperplane f(x) = β0 + xβT where β0 is an intercept and β is a g dimensional
weight vector and this linear SVM can be extended to nonlinear machine by using f(x) =

β0 + Φ(x)β
T

, where Φ(x) is a transform of x. Assign one of two possible phenotypes to a
new sample x∗ through the classification rule ŷ = sign(f(x∗)).

(β0,β) is found by solving

min(β0,β)

‖β‖2

2
+ C

n∑
i=1

ξi subject to yi(β0 + Φ(xi)β
T

) ≥ 1− ξi, i = 1, 2, · · · , n

where ξi > 0 is a slack variable and C is a tuning parameter which controls the tradeoff
between loss and penalty (Cortes and Vapnik, 1995).

2.2. Newly suggested classification method based on a rank (RANK)

Previously mentioned standard classification methods are used when the distribution of
observation values in a testing set is the same as that in a training set. However, in the cross
platform situation, distributions of gene expressions from different platforms are different.
For example, two colorectal carcinoma data sets from GEO on cDNA (GSE20970, 43 tumor
samples, and 30 normal samples) and Affymetrix (GSE23878, 35 tumor samples, and 24
normal samples) platforms were downloaded. Figure 2.1 shows the histograms of the mean
expression values of genes in each platform.
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Figure 2.1 Histogram of mean expression value of each gene in different platforms
(left: cDNA microarray, right: Oligonucleotide array)

For cross platform data analysis, comparability across platforms is an important issue. At
the early stage of microarray experiment, Kuo et al. (2002) showed that matched mRNA
measurements from two different platforms had poor correlation coefficients even using the
same samples. As the microarray technology improved, this kind of problem was alleviated
significantly, although it still remained.

There were several trials to transform data sets with different numerical formats to derive
comparable measures to each other. Warnat et al. (2005) suggested a median rank scores
method. For integrating data sets from different platforms, one of the data sets was declared
as a reference set, a median expression value over all samples in the reference set was found
for each gene, and the median values were arranged from lowest to highest. For each sample
in the non-reference set, every gene expression value was replaced into a rank-corresponding
median expression value of the reference set. Quantile discretization method was based on
equal frequency binning (Liu et al., 2002). For each sample, all of the sorted expression values
were discretized into eight equal sized bins and every value in the same bin was changed to
the same integer value from {-3, -2, -1, 0, 0, 1, 2, 3} depending on their quantiles. These
transformations of expression values made all the samples follow the same distribution with
a heavy information loss. Nilsson et al. (2006) and Chen et al. (2008) showed that z-score
standardization method (mean centering and unit variance) was good in removing variation
resulting from different platforms, but not enough to make the same distributions of gene
expression values in a cross platform analysis.

There is no doubt that the distribution of gene expression values from each platform
follows its own way depending on the technique for measuring gene expression. But there
must be consistency of ranks between platforms based on the rationale that small numbers
of differentially expressed genes in one platform also show extreme expression values far
from the average expression values in another platform. Therefore, to assign a phenotype
of a new sample which comes from a different platform of a training set, their ranks rather
than the expression values were preferably compared.

From the training set, select g differentially expressed genes and find their ranks in each
phenotype from lowest to highest among c common genes. For a new sample, rank genes
and calculate the Manhattan distances based on ranks to each of the phenotype centroids
in the training set using g predetermined differentially expressed genes. A phenotype of a
new sample is also assigned to the nearest one.
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3. Prediction performance of the classifiers

Selection of biomarkers and classification of samples are major tasks in gene expression
studies, and many classifiers are usually compared for their predictive performance with the
optimum number of genes. Since Parry et al. (2010) showed that their three feature ranking
methods−significance analysis of microarrays (SAM) d-value, fold change ranking with P-
value threshold of 0.05, and P-value ranking with fold change threshold of 1.5−performed
similarly well in the research of KNN modeling strategy, and our main interest is to find a
classifier which predicts well in the cross platform classification, only one method, SAM, is
applied to rank the differentiability of genes.

Using the top ranked genes in the training set, we can build a classifier and examine
how accurately the classifier predicts the phenotypes of testing samples. For assessing the
performance appropriately, an independent validation, where the information of the test set
should never be used in developing a classifier, has to be followed (Lee, 2008).

Each constructed classifier predicts a binary phenotype and its performance of prediction
is measured by the correspondence between the true phenotype and the predicted one as
displayed in Table 3.1.

Table 3.1 2×2 table for true and predicted phenotype

true phenotype

positive negative

predicted phenotype
positive true positive (TP) false positive (FP)

negative false negative (FN) true negative (TN)

There are several metrics to measure the correspondence including accuracy, sensitiv-
ity, specificity, Matthews correlation coefficient, receiver operating characteristic curve, root
mean squared error, etc. Among them, following Matthews correlation coefficient (MCC) is
adopted which is used to report performance in MAQC-II (Shi et al., 2010).

MCC =
TP × TN − FP × FN√

(TP + FP )(TP + FN)(TN + FP )(TN + FN)

MCC is easy to calculate and is informative even when the proportion of binary phenotypes
are not balanced. It is a correlation coefficient between the observed and predicted binary
classifications, with +1 indicating perfect prediction, and 0 and -1 for random prediction
and perfect inverse prediction, respectively.

In this research comparing several classifiers, MCC is calculated in two situations for each
classifier with top-ranked g significant genes (g=2, 4,· · · , 100): within platform and cross
platform. Within platform performance measures the MCC of a classifier when the platform
of a training set and that of a test set are the same, and the cross platform performance
measures the MCC of a classifier when they are different.

Suppose there are two data sets, A and B, with different platforms. For set A with n
samples, we can use n−1 samples to build a classifier and test its prediction accuracy through
one remaining sample. We also have to separately calculate the MCC of the classifier testing
all samples in Set B. These procedures for every sample in the set A are repeated to get a
within platform performance as a result of leave one out cross validation (LOOCV) of set A
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and a cross platform performance as an average of n times repeated MCCs for testing set
B by following the algorithm in Table 3.2.

Table 3.2 Algorithm for calculating MCC values

Input Cross platform data sets A and B with common genes

Training set A = [XA : YA] = ∪n1Ai for n samples (Ai = [xi : yi] : ith sample data)

Test set B = [XB : YB ] : for b samples

where X is a gene expression matrix of samples in a set, standardized in each gene

Y is a response vector of samples in a set

Return MCC of a classifier for within platform and cross platform classification

Begin

Set TPW
g = FPW

g = TNW
g = FNW

g = 0 for all g

TPC
ig = FPC

ig = TNC
ig = FNC

ig = 0 for all i, g

For i=1 to n do

Split A into A−i = A− Ai and Ai

Rank the differentially expressed genes in A−i

For g=2 to 100 by 2 do

Build a classifier Cig using top-ranked g differentially expressed genes in A−i

Predict a phenotype of ith sample using Cig

If prediction is truly positive, then TPW
g = TPW

g + 1

Elseif prediction is falsely positive, then FPW
g = FPW

g + 1

Elseif prediction is truly negative, then TNW
g = TNW

g + 1

Else FNW
g = FNW

g + 1

EndIf

For m=1 to do

Predict a phenotype of mth sample in B using Cig

If prediction is truly positive, then TPC
ig = TPC

ig + 1

Elseif prediction is falsely positive, then FPC
ig = FPC

ig + 1

Elseif prediction is truly negative, then TNC
ig = TNC

ig + 1

Else FNC
ig = FNC

ig + 1

EndIf

EndFor

MCCC
ig =

TPC
ig × TN

C
ig − FP

C
ig × FN

C
ig√

(TPC
ig + FPC

ig)(TPC
ig + FNC

ig)(TNC
ig + FPC

ig)(TNC
ig + FNC

ig)

EndFor

EndFor

For g=2 to 100 by 2 do

Within platform MCC of a classifier using top ranked genes

MCCW
g =

TPW
g × TNW

g − FP
W
g × FNW

g√
(TPW

g + FPW
g )(TPW

g + FNW
g )(TNW

g + FPW
g )(TNW

g + FNW
g )

Cross platform MCC of a classifier using top ranked genes

MCCC
g =

∑n
i MCCC

ig

n
EndFor
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4. Real example data analysis

In order to check the performance of newly suggested classifier based on rank, RANK, we
compare the MCC of RANK with three previously mentioned classifiers, DLDA, KNN, and
SVM in the situation of within platform and cross platform classification

For conducting the cross platform data analysis, we searched publicly available data sets
via the GEO Web site. After downloading two data sets with the same experimental purpose
but different platforms from cDNA and oligonucleotide arrays, two data sets were linked
using the Entrez Gene ID and common genes were selected. Afterwards, each sample was
normalized separately and the gene expression values in each sample were standardized.

In this research, we downloaded the following cross platform data sets of two cancers: the
diffuse large B-cell lymphoma and the non-small cell lung cancer.

Diffuse large B-cell lymphoma (DLBCL)

DLBCL, the most common type of non-Hodgkin’s lymphoma among adults, showed a
clinical heterogeneity. For a certain kind of the therapy, less than half of patients responded
well and exhibited prolonged survival, whereas the others failed in the treatment. Using
cDNA microarrays, Alizadeh et al. (2001) have conducted a systematic characterization of
gene expression in B-cell malignancies and identified two molecularly distinct forms, germinal
centre B-like DLBCL (GCB) and activated B-like DLBCL (ABC). Patients with GCB had
a significantly better overall survival than those with ABC. For a cross platform analysis
with Alizadeh et al. (2000), the oligonucleotide array data set of Williams et al. (2010),
which proposed a new method of amplification of formalin-fixed paraffin-embedded tissue
was adopted. Having all the microarrays of two data sets annotated the same way, we found
an intersection of 2,556 genes.

Table 4.1 Details of DLBCL microarray studies

Name Study reference Platform Samples Probes GEO

[O] Williams et al. (2010) Oligo 27 GCB, 21 ABC 54675 GSE19246

[C] Alizadeh et al. (2000) cDNA 14 GCB, 13 ABC 18432 GSE60

Figures 4.1 and 4.2 represent the MCCs of the four classifiers using DLBCL data under two
different circumstances. Figure 4.1 is MCC plots obtained by LOOCV in the within platform
classification over the number of differentially expressed genes. Even though classifiers had
developed under the same purpose of distinguishing samples between GCB and ABC, they
had different MCCs and different types of superiority depending on the data [O] and [C].
Plots generally showed a pattern that the MCC using [C] (data submitted in 2002) was lower
and had larger performance variance than that of [O] (data submitted in 2009). This could
have resulted partly from the fact that the quality control of the early stage microarray
experiment was poor.

Figure 4.2 represents the means and standard deviations of MCCs as a result of repeating
the number of sample size of a training set. In this cross platform classification, RANK
shows an outstanding performance with the highest MCC and the smallest variance. On the
contrary, SVM shows inferior performance with the largest variance.
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Figure 4.1 Plots of MCCs of the four classifiers DLDA, KNN, SVM, and RANK over the number of
significant genes in DLBCL in within platform situation

(a training set [TR] and a test set [TE] have the same platform).

Figure 4.2 Plots of means and standard deviations (sd) of MCCs of the four classifiers DLDA, KNN,
SVM, and RANK over the number of significant genes in DLBCL in cross platform situation

(a training set [TR] and a test set [TE] do not have the same platform).
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Non-small cell lung cancer (NSCLC)

NSCLC can be classified into major subtypes adeno carcinoma (AC) and squamous cell
carcinoma (SCC). Even though NSCLC is one of the most common causes of cancer death
in Western communities and its explicit molecular and clinical characteristics have been
reported, a specific therapy does not exist for it yet.

Using the global gene expression profiling of 58 human NSCLC specimens in oligonu-
cleotide array, Kuner et al. (2009) showed large transcriptomic differences between AC and
SCC which may help to understand the disease and find targets for therapies. For the same
reason, Newnham et al. (2011) also identified critical genes involved in NSCLC pathogenesis
using samples in 10,500 element cDNA microarray. We identified 3,672 common genes.

Table 4.2 Details of NSCLC microarray studies

Name Study reference Platform Samples Probes GEO
[O] Kuner et al. (2009) Oligo 40 AC, 18 SCC 54675 GSE10245
[C] Newnham et al. (2011) cDNA 33 AC, 25 SCC 10500 GSE25326

Plots of Figure 4.3 show the MCCs of four classifiers obtained by LOOCV in the within
platform classification using [O] and [C] of NSCLC, respectively. The performance shows
different patterns depending on which data was analyzed. With [O], SVM shows a good
performance compared to KNN with a difference of about 0.1. However, within platform
classification result of [C], RANK showed an unexpected best performance and SVM got
worse as the number of genes increased with more than 0.3 difference in MCC. It might
be due to the quality of data sets or the biological influence depending on tumor types. In
Figure 4.4, the means and standard deviations of MCCs of four classifiers are compared in
the cross platform classification. RANK is rather a safe choice with the highest or next to
highest MCC and a small variance. On the contrary, SVM shows inferior performance with
the largest variance. For predicting the phenotype of [C], SVM is noticeably worse in the
cross platform classification compared to the within platform classification.

Figure 4.3 Plots of MCCs of the four classifiers, DLDA, KNN, SVM, and RANK over the number of
significant genes in NSCLC in within platform situation

(a training set [TR] and a test set [TE] have the same platform).
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Figure 4.4 Plots of means and standard deviations (sd) of MCCs of the four classifiers DLDA, KNN,
SVM, and RANK over the number of significant genes in NSCLC in cross platform situation

(a training set [TR] and a test set [TE] do not have same platform).

5. Discussion

For testing samples, usually cross platform classification performance is worse than within
platform performance and this tendency is greatly severe in SVM. Cross platform classifica-
tion with a good quality of the training set sometimes shows a better performance, however,
than within platform classification.

It is hard to conclude which method is superior to others in all conditions although RANK
shows outstanding performance with a small variance in cross platform situation and it is
easy to apply and interpret the result. Even though the good performance of RANK in cross
platform classification is only validated through two examples, not by simulation, there is
no need to argue the performance of RANK as a result of our previous pilot studies.

Applying KNN and SVM, we can tune some parameters for better performance by k-fold
cross validation on the training data set. When we tune the parameters in real example data
analysis (results are not shown), there is no effect in cross platform classification. Tuning
parameters for KNN in within platform classification only shows some improvements in
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MCC; however, considering the computation time, it is still recommendable to use default
parameters.

For improving the performance of RANK, we may give weights in calculating Manhattan
distance depending on the number of positively standardized genes among g differentially
expressed genes, but its performance is not consistent.

How to decide the optimum number of differentially expressed genes in a classifier has to
be studied further.
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