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Abstract:  There is a vast amount of gene expression data 

that has been gathered in microarray studies all over the 

world. Many of these studies use different experimentation 

plans, different platforms, different methodologies, etc. 

Merging information of different studies is an important 

part of current research in bio-informatics and several 

algorithms have been proposed recently. There is a need to 

create large data sets which will allow more statistically 

relevant analysis. In this article we concisely describe 

several data merging techniques and apply them on cancer 

microarray data sets. We study three cases of increasing 

complexity and test all methods by using a number of 

popular validation criteria. Furthermore, we test the 

compatibility of the transformed data sets by performing 

cross-study classification. 

1 Introduction 

A vast amount of studies on cancer microarray data have 

been published over the years by many different research 

groups. Most of the data from these studies is freely 

available online in repositories such as GEO [5], SMD [4] 

and ArrayExpress [10]. 

Analysis on these data sets is complicated and in recent 

publications both the reproducibility and the validity of 

outcomes have been challenged [9]. Most published data 

sets are high dimensional and contain only a limited 

number of samples. Furthermore, many labs use different 

techniques, platforms and protocols and thus results on one 

study might not always be reproducible on another one [6].  

The availability of several data sets on a similar topic 

makes it interesting to combine different studies in order to 

increase the statistical power of the obtained results, and 

thus creating a larger and more reliable data set.  

Using different experimentation plans, platforms and 

methodologies introduces undesired technical variance in 

the gene expression values.  Even on standardized 

oligonucleotide microarrays, like Affymetrix, various 

array generations have different probe sets representing 

different genes, complicating the data integration process.  

There is a need to make the different studies compatible 

with each other in order to merge them. We will discuss 

several algorithms that have been proposed recently to 

perform this task. We will also do some validation analysis 

to check for bias that might be introduced due to the 

merging. 

In this article we study three test cases of increasing 

biological complexity:  

 NCI60: This is a collection of very well studied cell 

lines of nine different types of cancer. Both NCI60 

studies used in this article use the same cell lines and 

can be seen as a relatively good benchmark case for 

merging. 

 Thyroid: We use two publicly available and two in-

house thyroid cancer data sets. The thyroid cancer 

studies are more complicated since they use tissues 

instead of pure cells and thereby introduce more 

biological noise. There is however still a large and 

clear biological variance between tumors and normal 

tissue. 

 Breast: We use a collection of eight breast cancer 

data sets. Breast cancer data is more complicated than 

the others since there is much smaller biological 

variation between the different breast cancer subtypes. 

Beside combining the gene expression values of different 

data sets, merging also consists of combining and unifying 

the annotations that exists. Often synonyms get used for 

similar information about sample properties. Not only the 

names of the attributes can differ but also the domain of 

the values. These are all seemingly small issues that have a 

big impact when the goal is to create consistency or to set 

up an automatic workflow. 

The remainder of this article is structured as follows. First, 

we give an overview of all the different data sets we used 

in this study. Afterwards, we describe the merging 

techniques for both annotation and data and how to 

validate merged studies. We elaborate on our results in the 

next section and end with some conclusions. 
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GEO #samples #samples per type 

GSE5720 

GSE5949 

60 

60 

8/5/7/6/8/8/7/2/9 

8/5/7/6/8/8/7/2/9 

Total 

Total Unique 

120 

60 

16/10/14/12/16/16/14/4/18 

8/5/7/6/8/8/7/2/9 

Table I : NCI60 data sets. Annotation used in this article 

is Breast, CNS, Colon, Leukaemia, Melanoma, Non Small 

Cell Lung, Ovarian, Prostate and Renal (order in the table). 

2 Methods 

In this section we describe the data, merging methods and 

the validation techniques that we used.  

2.1 Data 

The data sets used in this article are shown in Table I, 

Table II and Table III for the NCI60, thyroid cancer
1
 and 

breast cancer studies respectively. All studies used 

Affymetrix technology, for the breast studies multiple 

platforms were available but we only used Affymetrix 

U133A for consistency. 

The data sets from GEO and the corresponding original 

publications are accessible through the NCBI GEO 

database [5], by the accession number GSExxx. 

For every study, we used the same pre-processing 

technique starting from the original CEL files, therefore 

ensuring no bias was introduced after data acquisition. 

With the resulting gene expression matrix, consisting of 

probes and samples, we performed an additional probe-to-

gene mapping using EntrezGene IDs. Multiple probes for 

the same gene were grouped by taking the maximum value 

and probes without a valid ID were discarded. 

2.2 Annotation Merging 

Often synonyms get used for similar information about 

sample properties, for instance to denote the sex of a 

patient one can find fields: sex, gender, male, female, etc. 

Not only the names of the attributes can differ but also the 

domain of the values, for instance sex=m or gender=male. 

These problems can often be overcome by creating a 

mapping between attribute-value pairs. 

However, sometimes the solution is not so straightforward. 

For instance, when studying survival information we found 

that many studies do not track the exact same information. 

First of all, several studies again use synonyms to describe 

the same attribute. Second, sometimes people consider 

"recurrence free survival", "distant metastasis free 

survival", "disease related death", etc. When merging data 

sets, which often involves mapping related attributes in the 

individual studies on a single attribute for the merged 

study, it is very important to be able to retrieve their 

original definition. 

                                                        
1 These data sets were generated at the IRIBHM lab at the 

Université Libre de Bruxelles, Belgium. http://iribhm.ulb.ac.be 

GEO #samples #samples per type 

Normal/Tumor 

GSE6004 

GSE3678 

IRIBHM1 

IRIBHM2 

18 

14 

17 

41 

4/14 

7/7 

2/15 

17/24 

Total 

Total Unique 

90 

90 

30/60 

30/60 

Table II: Thyroid data sets. Annotation used in this 

article: Normal and Tumor. 

GEO #samples #samples per type 
ER-/ER+/Unknown 

GSE7390 

GSE4922 

GSE6532 

GSE3494 

GSE1456 

GSE11121 

GSE2990 

GSE2034 

198 

289 

327 

251 

159 

200 

189 

286 

64/134/0 

34/211/44 

45/200/82 

34/213/4 

29/130/0 

38/162/0 

34/85/70 

77/209/0 

Total 

Total Unique 

1899 

1319 

355/1344/200 

252/949/118 

Table III: Breast cancer data sets. Annotation used in this 

article: Estrogen Receptor Negative (ER-), Estrogen 

Receptor Positive (ER+) and Unknown. 

2.3 Data Merging 

In this section we describe five algorithms for merging 

microarray data sets: 

2.3.1 No transformation 

The baseline against which we compare all the results of 

our merging techniques is simply combining the data 

without any transformation (RAW). Merging data sets 

without transformation consists of the following steps: 

 Pre-process all data sets using the same method: 

GCRMA, MAS5, etc. 

 Identify and keep only common genes between the 

studies. 

 Paste the data matrices together. 

 Merge the annotation (See previous section) 

This is visually depicted in Figure 1. All other merging 

techniques go through the same steps, with the addition of 

some transformation of the data prior to pasting the data 

matrices together. 

2.3.2 z-score normalization 

One of the simplest mathematical transformations to make 

data sets more comparable is z-score normalization 

(NORM). In this case, for each gene 



gi  in each study 

separately all values are altered by subtracting the mean 



i (median) of the gene in that data set divided by the 

standard deviation 



 i of that gene for that particular data 

set: 

5

Volume 10, No. 4 Australian Journal of Intelligent Information Processing Systems



 

 

Figure 1:  Visualization of raw data merging. 



gi
norm 

gi i
 i

 

2.3.3 Batch Mean Centering 

In [12] they successfully applied a technique similar to z-

score normalization for merging breast cancer data sets. 

They transformed the data by batch mean-centering 

(BMC), which means that the mean is subtracted on the 

Log2 scale: 



gi
bmc  log(gi) log(i) 

This technique was proposed to eliminate additive or 

multiplicative bias. 

2.3.4 Cross Platform Normalization 

The basic idea behind the cross-platform normalization 

(XPN) [11] approach is to find subsets of gene-sample 

pairs in both studies that have similar expression 

characteristics. The assumption is that all genes are 

expressed according to a similar distribution with a 

common mean and some study and platform specific 

noise. XPN normalizes the groups of genes found this way 

together.  

Simple k-means clustering is used in XPN to find clusters 

of samples and genes. It is required that sample clusters 

contain at least one sample from each study, therefore 

guaranteeing the removal of inter study bias. 

2.3.5 Distance Weighted Discrimination 

Distance Weighted Discrimination (DWD) [8] is a 

technique based on Support Vector Machines [3]. DWD 

has been used to adjust systematic biases in the data by 

projecting all points in the orthogonal direction of a plane 

that separates the data of both studies [2]. 

2.4 Validation 

In order to validate the merging results we use several 

techniques. Validation is necessary to assure that no bias 

has been introduced due to the merging and to check 

whether the different data sets are compatible. Ensuring 

compatibility should allow to perform analysis with higher 

statistical relevancy. 

 Multi Dimensional Scaling (MDS):  MDS plots offer 

a first visual inspection of the variation in the data 

which can be useful in many cases. Furthermore, we 

also present a ratio between the average distance of 

inter- and intra-study samples as an additional 

quantitative measure. 

 Housekeeping Genes:  We look at the stability of 

housekeeping genes by comparing the median values 

between all samples from a study. 

 Ratio of Variance (RoV): Ratio of the average 

distance between duplicate samples, when available, 

and the average distance between any two samples. 

 Classification accuracy (CA): After merging, a 

classifier trained on samples originating from one 

study should give consistent results on samples 

coming from the other studies. 

3 Results 

In this section we discuss our results of applying the 

different merging and validation techniques on all data sets 

of our three test cases. As a first remark, we would like to 

point out that we are unable to run XPN on the thyroid 

studies as this algorithm is very sensitive to the number 

and distribution of samples in single studies. 

3.1 Multidimensional Scaling (MDS) 

In Figure 2 we show the MDS plots of the NCI60, thyroid 

and breast studies for two types of merging techniques: 

RAW (left) and the best, relative to the ratio between the 

average distance of inter- and intra-study samples (right). 

Additional figures with MDS plots after merging with 

every algorithm are available online
2
. 

A visual inspection of the MDS plots shows that when no 

algorithmic transformation is performed, samples group by 

study. After applying the best merging algorithm for each 

case, the samples seem to group more consistently based 

on their main biological property. 

In Table IV the average ratio of the average distances of 

inter- and intra-study samples (Study Ratio) and the 

average ratio of the average distances of samples 

belonging to the different biological class (Class Ratio) are 

presented. 

The Study Ratio value gives an indication of how close the 

samples are grouped by study, and should thus be as high 

as possible. On the other hand, the Class Ratio should be 

as low as possible, in order to preserve or even increase the 

biological information present in the single studies. 

We can conclude from Table IV that if we only look at the 

Study Ratio, the NORM method seems to be sufficient. 

However, a more advanced merging method (XPN or 

DWD) is preferred in order to optimize the Class Ratio as 

well.

                                                        
2 http://como.vub.ac.be/~jtaminau/AJIIPS2010 

6

Volume 10, No. 4 Australian Journal of Intelligent Information Processing Systems



 

 

Figure 2: MDS plots of the NCI60, thyroid and breast studies. On the left: RAW. On the right: Best merging technique 

with respect to the ratio between the average distance of inter- and intra-study samples. Samples are colored by 

annotation and different symbols are used to label the different studies for the NCI60 and thyroid studies, the labeling 

for the breast study is done vice versa because of the higher density of points. 
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 Study Ratio Class Ratio 

NCI60   RAW 

              NORM 

              BMC 

              DWD 

              XPN 

0.308 

1.006 

0.996 

0.996 

1.008 

0.978 

0.760 

0.427 

0.426 

0.408 

Thyroid RAW 

              NORM 

              BMC 

              DWD 

              XPN 

0.229 

0.980 

0.896 

0.871 

NA 

0.953 

0.813 

0.650 

0.613 

NA 

Breast    RAW 

              NORM 

              BMC 

              DWD 

              XPN 

0.809 

1.001 

0.997 

0.960 

0.964 

0.915 

0.941 

0.911 

0.905 

0.914 

Table IV: Average ratio of the average distance 

between samples belonging to the same study (Study 

Ratio) and between samples belonging to the same 

biological class (Class Ratio). 

3.2 Housekeeping Genes 

Housekeeping genes are genes with relatively stable 

expression values between different tissues and 

conditions. This makes them ideal candidates to study 

the technical bias between two or more studies [1]. Since 

the median value of a housekeeping gene is supposed to 

be robust, plotting the medians of all common 

housekeeping genes between two studies can provide an 

intuitive idea of the form of the bias. If the platform in 

both studies is the same, then we would expect the 

median/median points to form the straight line x=y. The 

more the points differ from this line the more difference 

the two studies. We show this by comparing the optimal 

identity line with the calculated lowess curve.  

For our analysis we used a set of 575 genes that are 

expressed in all conditions tested in a publicly available 

database of microarray database [7]. 

In Figure 3 we show some median/median plots, 

together with their MDS equivalent for two breast 

cancer studies. On the first row, two studies, GSE1456 

and GSE3494, are presented with a minimum of 

technical variance. In contrast, we show on the second 

row two studies (GSE9390 and GSE3494) with more 

technical variance. An immediate shift in the lowess 

curve with respect to the identity line can be observed 

for the two studies with high variance. Finally on the 

third row we show the same two studies, after using the 

DWD merging method. Both the median/median plot 

and the MDS plot show a consistent improvement. 

3.3 Ratio of Variance 

The ratio of variance (RoV), as defined previously, is 

the ratio of the average distance between duplicate and 

the average distance between random samples. For the 

NCI60 study, almost each sample is a duplicate, since  

RoV RAW NORM BMC DWD XPN 

NCI60 1.09 0.61 0.47 0.47 0.34 

Table V: Ratio of Variance for all merged data sets of 

the NCI60 test case. 

they use the same cell lines. The results for the NCI60 

studies is given in Table V. XPN performs best 

according to this validation technique, since the 

duplicates are relatively closer to each other compared to 

the other methods. 

In the breast cancer studies there are also duplicates, but 

these were not tissues that were rehybridized by another 

lab, but just copied values, therefore, a RoV analysis for 

the breast studies was not relevant and can even give 

incorrect and misleading results. 

3.4 Classification 

We try to assess the compatibility of the single studies 

after the transformation caused by the merging 

algorithm by performing cross study classification. We 

train a SVM classifier [3] on one transformed data set 

and then test it on the other transformed sets (e.g. train 

SVM on GSE5720 and test its accuracy on GSE5949 for 

the NCI60 studies). Since some of the individual data 

sets have only a limited number of samples from all 

classes, we used the largest individual data set to train 

our classifier (IRIBHM2 and GSE4922 for the thyroid 

and breast studies respectively). For the breast cancer 

studies, we removed all duplicates, as they would bias 

the result. We report the classification accuracy results 

for the three cases in Table IV. 

Note that these results should be compared to the 

classification accuracy of appointing all samples to the 

largest class (NCI60: 0.133, Thyroid: 0.730, Breast: 

0.719). 

The results indicate that the simple normalization 

improves the classification results and performs better 

than more complicated methods for this task. 

4 Conclusion 

We discussed the merging of microarray cancer studies 

for three cases of increasing complexity.  The goal is to 

provide larger consistent data sets such that the 

statistical power of analysis on microarray studies can be 

increased. 

We used several validation techniques to check whether 

bias was introduced due to the merging. It was shown by 

using cross study classification that the transformations 

used in the merging techniques indeed make the studies 

more consistent with each other. 

The different validation techniques sometimes seem to 

contradict each other. This is partly due to the fact they 

test properties that are useful for different applications.

8

Volume 10, No. 4 Australian Journal of Intelligent Information Processing Systems



 

 

Figure 3: A comparison between the median/median plots of the common housekeeping genes between studies and their 

corresponding MDS plots. In the median/median plots the identity line is colored in red and the lowess curve is colored in 

green. More explanation can be found in the corresponding section. 
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A transformation that maximizes classification 

compatibility does not necessarily minimize the spread 

of a set of samples, etc. Therefore, when working with 

microarray data it is important to report why a specific 

validation technique was used. 

The different performance of the various merging 

methods on the presented cases opens the perspective of 

the development of a new method that can be applied 

generically, or of an intelligent algorithm to identify 

automatically which method is best for each case. We 

view this as part of our future work. 
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