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Abstract—We study, for the first time, the problem of 

content-based searching of time-series microarray experiments in 

large-scale gene expression databases. The problem is 

approached as an information retrieval task where an entire ex-

periment is taken as the query and searched through a collection 

of previous experiments. The relevant experiments are required 

to be retrieved based on the content similarity rather than their 

meta-data descriptions. A comparison of different fingerprinting 

and distance computation schemes is presented over a retrieval 

framework based on the differential expression of genes in 
varying time points. 
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I.  INTRODUCTION 

A rapidly growing biological repository in the public 
databases is the collection of the gene expression data 
obtained from the microarray and related experiments all over 
the world [1,2]. Many studies in theoretical, experimental or 
computational biosciences can benefit from these databases to 
infer new hypotheses, to design new experiments or to build 
benchmark suites for validation of new algorithms. While this 
huge collection is considered to be a treasure for both 
scientific research and clinical practices, current tools for 
searching in these databases are inadequate to make 
semantically enriched queries. They can respond only to well-
structured meta-data queries. Therefore, current clinical 
studies cannot really benefit from the knowledge hidden inside 
these repositories. In the last few years, the research into 
content-based information retrieval from the gene expression 
databases has been growing in popularity to facilitate the 
development of advanced biological knowledge discovery and 
biomedical decision support systems. Such technology is 
expected to permit advanced semantic search, which goes 
beyond simple meta-data or annotation-based retrieval, and 
allow user to build unstructured queries, which may retrieve 
useful experiments in the collection. Since it is not an easy 
task to describe semantic queries on gene expression data, a 
reasonable way of semantic search is to take an entire 
experiment as a query and search it through the database to 
retrieve the most similar ones based on their content. This 
approach has very common and practical applications in other 
domains, such as content-based image search and query-by-
humming for music search. 

Hunter et al., 2001, do a very first attempt for content-
based gene expression database search. They introduce a 
Bayesian similarity metric for comparing two one-dimensional 
microarray experiments, each of which constitutes the gene 
expression profile for a single condition where the experiment 
is performed [3]. Similar idea is used in a few studies to 
produce new biological hypotheses by associating the current 
experiment with similar previous experiments, thus 
confirming the usability of the approach in practice [4-9]. 
Spearman correlation coefficient is considered as a faster 
alternative for comparing two profiles [10-11]. A variety of 
web servers are available with similar objective. They take a 
gene list as query, instead of an entire experiment data, to 
retrieve the experiments that have inherently the same list of 
genes that are differentially regulated [12-15]. Though having 
similar objective, they do not account for an exact query-by-
example retrieval system. Engreitz et al, 2010 introduce the 
idea of representing a gene expression experiment by a 
differential expression profile. To improve the efficiency, a 
dimension reduction strategy is applied by selecting a subset 
of genes in fingerprint construction in database search [16].  
ProfileChaser is the web implementation of this approach. It 
can perform an online search through the current version of 
Gene Expression Omnibus (GEO) [1] and directly retrieve the 
relevant experiment from repository [17]. Another suggestion 
for faster search is to use binary fingerprints that represent 
only up- or down-regulation of genes [18]. Instead of a 
differential expression profile, Caldas and Kaski propose a 
model-based approach to find similarity between experiments. 
They utilize gene set enrichments instead of individual genes 
to represent an experiment [19]. There exist only a couple of 
examples using gene sets for content-based microarray 
experiment retrieval in the literature [20-21]. A limitation of 
this approach is the difficulty of finding a reliable gene set 
collection on which the enrichment analysis will be 
performed. 

In spite of a number of considerable attempts, content-
based gene expression search is still its infancy. Several big 
challenges remain such as more efficient search in whole 
database, better representation of experiments from a 
biomedical point of view, and interpreting the results etc. 
Apart from these general motivations, a crucial limitation is 
the fact that all current methods target only the experiments 
having one or two (with control) conditions or states. On the 
other hand, the microarray databases may contain several 



other types of entries, such as time-series experiments, which 
cover a considerable fraction of current databases. This study, 
to the best of our knowledge, is the first attempt for taking an 
entire time-series experiment as a query and searching through 
a microarray experiment collection. To this end, a framework 
based on differential expression profiles is built and several 
alternative schemes are evaluated for representing and 
comparing experiments. An empirical study is conducted on a 
sample dataset collected from GEO. 

II. MATERIALS ANS METHODS 

A. Information Retrieval Model 

Retrieving relevant microarray experiments requires 
building fingerprints that represent the experiment content in a 
content-based search framework. The fingerprint here refers 
analogously to the term of index in traditional information 
retrieval. During a database search, the comparison of a query 
experiment is done through its fingerprint over the other 
fingerprints already present in the database.  Therefore, a 
successful implementation of a content-based search strategy 
should deal with, first, how to derive a representative 
fingerprint from given experiment and second, how to 
compare two fingerprints in an effective and efficient way. 

Given a gene expression matrix E, where eij represents the 
expression of the ith gene in jth condition, the problem of 
relevant experiment retrieval is defined as finding the matrix 
Mk among the collection of matrices {M1, M2,…,Mt} in 
microarray repository, where k attains the lowest distance 
d(E,Mk). In other words, the retrieval process involves a task 
of comparing distances between the query matrix and others in 
the databases, and reporting the one that attains the lowest 
score. Since it is a reasonable assumption that the all rows (list 
of genes) between compared experiment matrices are paired, 
the information retrieval model can be built on matching the 
fingerprints of overall gene expression profiles of two 
matrices. Then the distance d(E,Mk) is defined over the 
fingerprints of E and Mk instead of their entire matrices. 

B. Fingerprinting 

A common and successful way of representing a 
microarray experiment by a fingerprint is to design it as a 
vector of differential expressions of all genes measured in the 
experiment. The fingerprint of differential expression profile 
can be simply obtained by concatenating the differential 
expression of all genes in the experiment into a single vector. 
In this study, the differential expression is described by the 
probability value of a gene in being differentially expressed 
between two experimental conditions. We denote this 
probability of gene i being differentially expressed by a latent 
variable zi. For time-course expression data, we consider two 
definitions of differential expression. The first alternative is to 
calculate that probability of differential expression between 
the first (usually untreated control) and last time points, which 
we call it as LAST_DE. The second alternative is to calculate 
that probability between the first and all other points and set 
out their maximum as the differential expression in time-
course. We call this fingerprinting scheme as MAX_DE. To 
calculate the probabilities of genes being differentially 
expressed between two time points, we adopt the method 

introduced by Dean and Raftery [22], which estimates zi by 
fitting data into a normal-uniform mixture of flat and 
differentially expressed genes respectively. The model is 
given by 
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Here, xi denotes the observed normalized log ratio for gene i, p 

is the prior probability of gene being differentially expressed, 

is the normal distribution with mean  and 

variance ,  is the uniform distribution on a finite 

interval and N is the number of genes.  

An expectation-maximization algorithm can directly 

calculate the posterior probability zi given the parameter 

estimations for p, , and  , which in turn refers to the value 

of latent variable that quantizes the signature for 

corresponding gene's profile in signature vector. An 

experiment E is then represented by the fingerprint vector 

Z={z1,z2,...,zN} for a microarray that contains N gene probes.   

C. Similarity Measures 

Once we index all experiments by their fingerprint vectors, 
modelling their similarity is done through calculating the 
distance between two corresponding vectors. In this study, we 
consider four distance metrics: Euclidean Distance, Pearson 
Correlation Coefficient, Spearman’s Rank Correlation 
Coefficient and Tanimoto Distance, which are briefly 
explained below. 

1) Euclidean Distance: The distance between two 

fingerprint vectors Z and Y with the length of N is defined as 

follows: 
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In other words, the Euclidean distance is the square root of 
the sum of squared differences between corresponding 
elements of the two vectors. 

2) Pearson Correlation Coefficient: Unlike the Euclidean 

Distance, which is scaled from 0 to 1, this metric measures 

how highly correlated two variables are and is measured from 

-1 to +1.  
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3) Spearman’s Rank Correlation Coefficient: Spearman's 

rank correlation coefficient allows you to measure the strength 

of the associations between two variables. A monotonic 

relationship is an important underlying assumption of the 

Spearman rank-order correlation. The Spearman rank 

correlation coefficient is defined by 
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where d is the difference in paired ranks of Z and Y. 

4) Tanimoto Distance: This distance is defined over 

binary vectors and given by 
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where Z and Y are bitmaps, zi is the i th bit of Z, and  , 

  are bitwise and, or operators respectively. In order to be 

applied for comparing microarray fingerprints, the differential 

expression probability values have to be binarized. We 

consider two schemes for binarization of fingerprints; 

threshold-based and percent-based method. In threshold-based 

method, a probability value is replaced by 1 if it is higher than 

a predefined threshold and replaced by 0 otherwise. In 

percent-based method, the genes are ranked by their 

differential expression probability and a predefined top 

fraction of genes in this list are represented by 1 while the 

others are by 0. 

D. Datasets 

We collect a set of human microarray experiments from 
GEO to build a benchmark dataset. The dataset involves 111 
microarray entries including 46 breast cancer and 65 non-
breast (prostate, lung etc.) cancer profiling experiments. The 
conditions are time-course, that is, each gene has a time-series 
profile with varying number of measurement points for each 
individual entry. The collection involves microarrays from 
several Affymetrix platforms. All data are normalized. 

For each experiment in the dataset, two gene indexes are 
used to build fingerprints. In the first scheme, the union of all 
genes appearing in the experiments is used to index 
fingerprint. The second index comprises only the genes that 
appear in all experiments. This intersection list has 7076 
unique genes. 

III. RESULTS  

A. Experimental Setup 

 We simulate a content-based database search platform by 
taking all experiments in the collected dataset as a whole 
database and query each breast cancer experiment in the 
database by leaving it out. Our basic assumption here is that 
querying breast cancer experiment should retrieve the other 
breasts cancer samples in the top of the retrieved list while 
scoring the other types of cancer samples in the bottom of the 
list.  

The retrieval performance is evaluated by Receiver 
Operating Characteristic (ROC) curves. A ROC score for each 
positive sample (breast cancer microarray experiment) is 
calculated by the area under the ROC curve associated with it. 

The overall performance is depicted by another curve plotted 
for the number of microarray experiments in the vertical axis 
having a higher ROC value than corresponding ROC value in 
horizontal axis. Average ROC scores are also reported for all 
alternative approaches. A higher value of ROC score indicates 
a better retrieval performance where a ROC score of 1 
represents the perfect system. 

B. Emperical Results 

The Tanimoto Distance is applied for two different 
binarization schemes for varying parameters. In threshold-
based binarization, the genes having a differential expression 
probability of higher than 0.2 are set as 1 in the fingerprint 
vector, while the others are set as 0. In rank-based 
binarization, top 1% of the genes that are sorted in decreasing 
order by their differential expression probability are set as 1, 
while others are set as 0.  

In these tests, the union gene list is used to build 
fingerprints. The results of best configurations are plotted in 
Fig. 1 and their average scores are listed in Table 1. The best 
performance is achieved when LAST_DE fingerprints are 
used and binarization is done by marking the genes as 
differentially expressed if they are in the first 1% of the ranked 
list of retrieved entries. 

Fig. 1. The ROC results when Tanimoto Distance applied with varying 
parameters. 

 

TABLE I.  THE AVERAGE ROC RESULTS WHEN TANIMOTO DISTANCE 

APPLIED WITH VARYING PARAMETERS 

Tanimoto Distance Parameters Average ROC Value 

LAST_DE (threshold-based) 0.630 

MAX_DE (rank-based) 0.621 

LAST_DE (threshold-based) 0.645 

MAX_DE (ranked-based) 0.614 

 

The comparison of four different similarity metrics is 
shown in Fig. 2, where the retrieval simulations are run 
through the fingerprints having an index of intersection gene 
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list over all experiments in the dataset. The data for only 
LAST_DE fingerprinting is shown since it performs better. 
The figure shows that Pearson Correlation Coefficient and 
Tanimoto Distance outperform the others while Pearson 
Correlation Coefficient performs slightly better as shown in 
Table 2. 

TABLE II.  THE AVERAGE ROC RESULTS WITH VARIYING SIMILARITY 

MATRICS 

Similarity Metric Average ROC Value 

Euclidean Distance 0.504 

Spearman's Rank Corr. Coefficient 0.592 

Tanimoto Distance 0.621 

Pearson Correlation Coefficient 0.626 

 

Fig. 2. The ROC results with varying similarity metrics. 

 

IV. CONCLUSION 

We endeavor to demonstrate the applicability of content-
based searching of time-series microarray experiments in 
large-scale gene expression databases. We compare different 
fingerprinting and similarity measurement strategies for time-
course multi-dimensional expression data. For our dataset, the 
result shows that Pearson correlation coefficient and Tanimoto 
Distance perform better in comparing differential expression 
based fingerprints. In time-course data, it reveals that 
considering the differential expression between the first and 
last time points is more valuable in comparison with 
evaluating the differential expression at the time point where 
the gene expression is diverged from the first time point with 
highest fold change.  

The results encourage the evaluation of all time points at a 
glance to describe the time-series expression behaviour of all 
genes. The evaluation criterion is also questionable. In some 
context, retrieving same treatment in other diseases might be 
more desirable than retrieving experiments associated with the 
same diseases. This paper opens a discussion for both 
information retrieval and bioinformatics communities on 
retrieving time-series experiments in large repositories. 

ACKNOWLEDGMENT 

This study was supported by the Scientific and 
Technological Research Council of Turkey (TUBITAK) under 
the Project 113E527. 

REFERENCES 

[1] T. Barrett, S.E. Wilhite, P. Ledoux, C. Evangelista, I.F. Kim, M. 

Tomashevsky, K.A. Marshall, K.H. Phillippy, P.M. Sherman, M. Holko, 
A. Yefanov, H. Lee, N. Zhang, C.L. Robertson, N. Serova, S. Davis, and 

A Soboleva, "NCBI GEO: archive for functional genomics data sets—
update,” Nucleic Acids Res., 2013, D991-5. 

[2] H. Parkinson, M. Kapushesky, M. Shojatalab, N. Abeygunawardena, R. 
Coulson, A. Farne, E. Holloway, N. Kolesnykov, P. Lilja, M. Lukk, R. 

Mani, T. Rayner, A. Sharma, E. William, U. Sarkans, and A. Brazma, 
“ArrayExpress—a public database of microarray experiments and gene 

expression profiles,” Nucleic Acids Res., 2007, 35: D747–D750. 

[3] L. Hunter, R.C. Taylar, S.M. Leach,  and R. Simon, “GEST: a gene 
expression search tool based on a novel Bayesian similarity metric,” 

Bioinformatics, vol. 17, 2001, pp. S115-S122. 

[4] A. Tanay, I. Steingeld, M. Kupiec, and R. Shamir, “Integrative analysis 
of genome-wide experiments in the context of a large high-throughput 

data compendium,” Mol. Syst. Biol., 2005, 1: 2005.0002. 

[5] J. Lamb, E.D. Crawford, D. Peck, J.W. Modell, I.C. Blat, M.J. Wrobel, 
J. Lerner, J.P. Brunet, A. Subramanian, K.N. Ross, M. Reich, H. 

Hieronymus, G. Wei, S.A. Armstrong, S.J. Haggarty, P.A. Clemons, R. 
Wei, S.A. Carr, E.S. Lander, and T.R. Golub, “The Connectivity Map: 

using gene-expression signatures to connect small molecules, genes, and 
disease,” Science, 313(5795):1929-35, 2006. 

[6] M.A. Hibbs, D.C. Hess, C.L. Myers, , C. Huttenhower, K. Li, and O.G. 

Troyanskaya, “Exploring the functional landscape of gene expression: 
directed search of large microarray compendia,” Bioinformatics 23, 

2692–2699, 2007. 

[7] D.C. Hassane, M.L. Guzman, C. Corbett, X. Li, R. Abboud, F. Young, 
J.L. Liesveld, M. Carroll, and C.T. Jordan, “Discovery of agents that 

eradicate leukemia stem cells using an in silico screen of public gene 
expression data,” Blood, 111(12):5654-62, 2008. 

[8] J.T. Dudley, R. Tibshirani, T. Deshpande, and A.J. Butte, “Disease 
signatures are robust across tissues and experiments,” Mol. Sys. Biol., 

2009, 5:307. 

[9] J. Lamb, E.D. Crawford, D. Peck, J.W. Modell, I.C. Blat, M.J. Wrobel, , 
J. Lerner, J.P. Brunet, A. Subramanian, K.N. Ross, M. Reich, H. 

Hieronymus, G. Wei, S.A. Armstrong, S.J. Haggarty, P.A. Clemons, R. 
Wei, S.A. Carr, E.S. Lander, and T.R. Golub, “The Connectivity Map: 

using gene-expression signatures to connect small molecules, genes, and 
disease,” Science, 313(5795):1929-35, 2006. 

[10] P.B. Horton, L. Kiseleva, and W. Fujibuchi, “RaPiDS: an algorithm for 

rapid expression profile database search,” International Conference on 
Genome Informatics, vol. 17, pp. 67-76, 2006. 

[11] W. Fujibuchi, L. Kiseleva, T. Taniguchi, H. Harada, and P. Horton, 

“CellMontage: similar expression profile search server,” Bioinformatics, 
vol. 23, pp. 3103-3104, 2007. 

[12] R. Chen, R. Mallelwar, A. Thosar, S. Venkatasubrahmanyam, and A.J. 

Butte, “GeneChaser: Identifying all biological and clinical conditions in 
which genes of interest are differentially expressed,” BMC 

Bioinformatics, vol. 9, p. 548, 2008. 

[13] C. Feng, M. Araki, R. Kunimoto, A. Tamon, H. Makiguchi, S. Niijima, 
G. Tsujimoto, Y. Okuno, “GEM-TREND: a web tool for gene 

expression data mining toward relevant network discovery,” BMC 
Genomics, 2009, 10:411. 

[14] A.C. Gower, A. Spira, and M.E. Lenburg, “Discovering biological 
connections between experimental conditions based on common patterns 

of differential gene expression,” BMC Bioinformatics, 2011, 12: 381. 

[15] G. Williams, “SPIEDw: a searchable platform-independent expression 
database web tool,” BMC Genomics, 2013, 14:765. 

[16] J.M. Engreitz, A.A. Morgan, J.T. Dudley, R. Chen, R. Thathoo, R.B. 

Altman, and A.J. Butte, “Content-based microarray search using 
differential expression profiles,” BMC Bioinformatics, 2010, 11:603. 

http://nar.oxfordjournals.org/content/41/D1/D991.full


[17] J.M. Engreitz, R. Chen, A.A. Morgan, J.T. Dudley, R. Mallelwar, and 

A.J. Butte, “ProfileChaser: searching microarray repositories based on 
genome-wide patterns of differential expression,” Bioinformatics, vol. 

27,  pp. 3317-3318, 2011. 

[18] F. Bell, and A. Sacan, “Content based searching of gene expression 

databases using binary fingerprints of differential expression profiles,” 
Health Informatics and Bioinformatics (HIBIT) 7th International 

Symposium, pp. 107-113, 2012. 

[19] J. Caldas, N. Gehlenborg, A. Faisal, A. Brazma, and S. Kaski, 
“Probabilistic retrieval and visualization of biologically relevant 

microarray experiments,” Bioinformatics, 2009, 25:i145-153. 

[20] S. Suthram, J.T. Dudley, A.P. Chiang, R. Chen, T.J. Hastie,  and A.J. 

Butte “Network-based elucidation of human disease similarities reveals 
common functional modules enriched for pluripotent drug targets,” 

PLoS Comput Biol, 2010, 6(2):e1000662. 

[21] E. Georgii, J. Salojärvi, M. Brosché, J. Kangasjärvi, and S. Kaski, 

“Targeted retrieval of gene expression measurements using regulatory 
models,” Bioinformatics, 2012, 28:2349-2356. 

[22] N. Dean and A.E. Raftery, “Normal uniform mixture differential gene 

expression detection for cDNA microarrays,” BMC 
Bioinformatics, 2005, 6:173.

 


