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Tissue-specific expression profiling is the simultaneous measurement of
the expression of thousands of genes in a target tissue or organ, and it
can play an important role in biomarker development and in filling
clinicians’ unmet needs for improved marker-based assays. The National
Cancer Institute’s report on 2008 research, The Nation’s Investment in
Cancer Research, states that identifying candidate biomarkers that success-
fully translate into improved diagnostic and prognostic assay is a priority
objective [1]. Such biomarkers can impact patient care and outcome through
disease screening, early detection, risk stratification, and prediction of
disease reoccurrence. Additionally, with the increasing trend toward individ-
ualized medicine and personalized treatment, ‘‘theragnostic’’ biomarkers are
needed to identify patients responsive to specific therapies and to track the
therapeutic effects [2,3]. To discover and bring to clinic these novel assays
requires a data-driven development cycle that incorporates data-mining
steps for discovery, qualification, verification, and validation [4].

Biomarker development has leveraged the enormous data content obtain-
able from high-throughput genomic and proteomic technologies to identify
novel candidates, effectively transforming this research into a practical exer-
cise in data mining. Genomic discovery using microarrays and proteomic
discovery using mass spectrometry are becoming the primary methods for
initial candidate marker selection [5–7]. The identification of differentially
expressed candidate markers using these techniques is proving to be only
the first step in the biomarker development process, however. Further
marker characterization and prioritization are needed to increase the chan-
ces of these candidates being validated and translated into clinical assays.
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The data mining of public transcriptomic databases to define tissue-specific
expression profiles of biomarkers provides one way to do this. This article
reviews four databases that were selected because they contain different
types of transcriptomic data and provide interfaces for profiling tissue-
specific gene expression. This review is followed by a discussion of eight
tissue-specificity studies, with detailed descriptions of the data-analysis
methods and metrics used to identify and quantify tissue specificity. The
article concludes with a short summary of biomarker development projects
that have mined the transcriptomic databases and applied tissue-specificity
metrics is provided.
Public transcriptomic databases

Transcriptomics is the study of the complete set of mRNA transcripts
expressed in a tissue or cell type at one time. High-throughput sequencing
methods have facilitated transcriptomic studies by generating an abundance
of data describing the expression of gene transcripts within various human
tissues and disease states. These data are maintained in large, public tran-
scriptomic databases that are available to researchers for analysis. In this
section, four representative databases are described to familiarize readers
with the data content and interfaces available. The chosen databases each
house data generated by a different expression-profiling technology, includ-
ing Expressed Sequence Tag (EST) [8], Serial Analysis of Gene Expression
(SAGE) [9], Massively Parallel Signature Sequencing (MPSS) [10,11], and
microarray expression analysis. Although other public databases contain
these data types, these databases were selected because they provide direct
and clear tools for generating tissue-specific gene-expression profiles.
Unigene
Unigene is a National Institutes of Health (NIH)–sponsored database of
assembled EST transcripts [12]. The database is designed to provide an
organized collection of dbEST [13] sequences, processed and clustered to
be associated with identifiable genes and presented in a format useful to
researchers. ESTs are partially sequenced cDNAs obtained by reverse tran-
scription of mRNA and provide a snapshot of gene expression at the time of
cDNA synthesis. ESTs generally are sequenced using a single-pass
approach, are 30-biased, contain inaccuracies (approximately 2%), and are
highly redundant [8]. Unigene predates the fully sequenced human genome,
and previously it provided one of the most comprehensive data sets for gene
discovery research. It continues to provide a compendium of information on
gene expression and expression characteristics within tissue, disease states,
and developmental stages, by estimating gene-expression levels using EST
clone frequency in different libraries [14]. A systematic assembly method
is used to assign short EST fragments to consensus sequence clusters that
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are anchored at the 30 end of a gene. The present build of the database
(#201, updated 03/01/2007) contains sequence data for 77 species, including
more than 6,694,833 human transcripts in 124,179 clusters.

The Unigene interface for tissue-specificity analysis is well suited for
single-gene queries. Each EST cluster entry provides a Gene Expression
Summary section that includes links to the cluster Expression Profile.
Within the profile, a numeric and graphic display of the cluster expression
in different tissue libraries is provided. Three distinct profiles are provided,
illustrating the relative cluster expression in different normal tissues, in
various health states, and in independent developmental stages. When
more than half of a cluster’s entire EST counts are assigned to a single
profile state, that state is labeled as a ‘‘restricted expression’’ state. For
example, PSA (KLK3), a well-known prostate cancer serum biomarker,
shows restricted expression in prostate, prostate cancer, and adult develop-
mental stage. Unigene also can be queried for specific tissue-expression
profiles using the Digital Differential Display (DDD) tool, which generates
information on tissue-specific distribution of expression defined by the EST
library of origin. DDD uses the Fisher Exact Test to compare the distribu-
tion of transcripts in two different libraries, thereby allowing users to
compare expression in two libraries (tissue types) of interest. Analysis is
restricted to ‘‘deeply sequenced’’ libraries (O 1000 sequences) to ensure
validity of results. Overall, Unigene provides a rich information resource
for biomarker data mining, generating gene-expression profiles across tissue,
disease, and development stage strata.
The Cancer Genome Anatomy Project
SAGE is a transcriptional profiling technique that surveys short 30 oligo-
nucleotides derived from mRNA to quantify gene expression. High-
throughput, highly redundant sequencing generates millions of transcripts
that provide information on gene expression that is complementary to
traditional EST methods. The Cancer Genome Anatomy Project (CGAP)
of the NIH maintains a large database of SAGE sequences [15]. An internal
analysis pipeline filters out erroneous data and maps SAGE transcripts to
gene sequences. Based on the relative number of transcripts mapped to
a gene and the disease or tissue characteristics of the originating cellular
library, tissue-specific and disease-specific expression profiles can be
generated.

Within CGAP, the SAGE Genie is used to mine the database and gener-
ate several tissue-specific expression profiles. The SAGE Anatomical Viewer
creates a list of ‘‘best’’ SAGE tags for a specific gene. For any tag, three
different visualizations of the data can be selected. The Ludwig Transcript
Viewer provides a positional map of SAGE transcripts on the target gene,
the Digital Northern provides a frequency-sorted list of tag occurrence in
SAGE libraries, and the Anatomical Viewer generates three heat-map
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pictographs (tissues, cell-lines, and both), displaying the relative expression
level of a gene in 24 normal and cancer tissues. Additionally, the SAGE
Genie toolset includes the Differential Gene Expression Displayer and
Experimental Viewer, which compare the relative expression of tags between
two user-defined libraries, in the same manner as the Unigene DDD tool.

The CGAP database continues to grow as SAGE transcripts from recent
research projects are added to it. For example, a study on glioblastomas
generated 116,259 new SAGE tags that were summarily deposited in
CGAP [16]. The study investigators then used the SAGE Genie tool suite
to evaluate their expression data and identify several genes highly specific
to this disease, demonstrating the power of the CGAP database.
The Ludwig Institute for Cancer ResearchdMassively Parallel
Signature Sequencing data
MPSS is a technique based on a novel cloning and sequencing method
employing enzymatic digestion and hybridization of short polyadenylated
transcripts using microbeads [10]. This method is advantageous because it
has a large dynamic range (105 –fold differences) and consequently can
generate a richer gene-expression data set. The Ludwig Institute for Cancer
Research (New York, New York) developed an extensive MPSS database
with expression data on 32 normal human tissue types [17]. The database
is Web accessible and can be queried for gene-expression profiles across
all tissue types for individual genes and gene lists, as well as for expression
in restricted tissue types. This database provides a valuable resource for as-
sessing the nominal expression characteristics of a gene but does not provide
any information on expression characteristics in cancer/disease states.
SymAtlas V1.2.4
The SymAtlas is a microarray-expression database supported by the
Genomics Institute of the Novartis Research Foundation (Cambridge, Mas-
sachusetts) (GNF) [18]. Custom human microarray chips, designed and fab-
ricated by Affymetrix (Santa Clara, California), were used to measure gene
expression in 46 normal human tissues. All samples were prepared and an-
alyzed using a standard protocol to enable accurate comparisons between
experiments. The database can be searched in a targeted manner for single
genes, and a graphic display of expression across tissue types is returned,
along with a set of textual annotations including basic gene characteristics,
gene ontology–linked functional descriptors, associated transcripts and pro-
teins, a textual summary of the gene, a list of corresponding probe sets, and
a list of relevant literature citations. The graphic display gives a relative
measure of expression for the target gene in all tissues. In addition to sin-
gle-gene queries, users can also do batch queries for general expression pro-
files. The batch query form allows users to define unique expression
thresholds (fold change relative to median) for all tissue types, combined
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by a logical AND operator. Unlike the three previously described databases,
in which data are derived from short oligo-sequencing technologies, Ge-
neAtlas is based on expression information obtained from customized hy-
bridization arrays created by Affymetrix.
Tissue-specific expression-profiling methods

A number of studies have developed methods for analyzing the previ-
ously described data sets and generating rigorous metrics of tissue specific-
ity. In this section, eight methods are discussed in detail (Table 1). Each
method uses a unique statistical test or set of decision criteria for identifying
genes with tissue-specific expression profiles.
Selective expression
The selective-expression approach is based on an algorithm for identify-
ing genes with selective expression, defined as significantly different expres-
sion in one tissue compared with other tissues, based on four basic
properties: intensity, source, source-set, and source-confidence [19]. The
methods used are designed to be adaptable to different data types, including
microarray data and EST, SAGE, or MPSS library transcript counts. The
intensity parameter denotes the expression value for a given gene in a tissue
type denoted by the source parameter. The source-set parameter allows
sources to be aggregated into subsets of interest. The source-confidence
parameter allows the inclusion of a quantifiable metric for weighting the
quality of a measurement in the specificity analysis. For example, it can
be used to correct for differences in cDNA library sequencing depth
(sampling size). Statistical significance of selective expression is measured
Table 1

Methods for computing tissue specificity metrics from large gene-expression data sets

Study Data source Specificity metric/test

Selective expression EST, SAGE, MPSS Dixon discordance test

TissueInfo EST Expression ratio and rule-based

decision tree

ExQuest EST TSU

GEPIS EST DEU - Z-statistic

Shannon Entropy EST, microarray Shannon Entropy and Q-statistic

Akaike’s Information Criterion Microarray Akaike’s Information Criterion

Tissue selectivity Microarray Honest Significant Difference

ROKU Microarray Shannon Entropy and Akaike’s

Information Criterion

Abbreviations: DEU, digital expression units; EST, Expressed Sequence Tag; GEPIS, Gene

Expression Profiling in silico; SAGE, Serial Analysis of Gene Expression; MPSS, Massively

Parallel Signature Sequencing; TUS, tissue-specific units.
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using the Dixon discordance test for uniform distributions. The data analy-
sis includes the following steps:

1. Filter the data points for high-quality measurements.
2. Verify a minimum number of data points passing step one for each

source.
3. Apply the quantitative test of discordance and use the statistical signif-

icance score to determine if scores are reliable.
4. Adjust scores computed in step three for the baseline expression level of

nonvariant genes.
5. Compute the minimum intensity gap (the separation between the largest

intensity and the second largest intensity).
6. Compute an overall confidence for the selective expression parameter by

combining steps four and five to provide an overall confidence level for
the selectivity defined by the numeric evaluation of parameters in a single
decision function.

Step four of the process allows the data to be adjusted to reduce the
significance of discordant values as the baseline expression level approaches
saturation for the measurement system used. Step five introduces a level of
robustness to the discordant values in step six by noting if the minimum
intensity gap approaches the resolution power of the measurement system
used.

The decision metric described in this approach is designed to be univer-
sally applicable to any data source capable of reporting tissue-specific
expression profiles. The six-step analysis method computes a numeric value
for tissue ‘‘selectivity’’ that can be configured to the technique used to
generate the data to prevent erroneous predictions. The algorithm has
been used in several studies to identify tissue-selective expression [20–24].
TissueInfo
The TissueInfo method and interface were constructed to provide tissue-
specific expression profiles for a target gene sequence on the basis of EST
sequence counts [25]. TissueInfo uses the Basic Alignment Search Tool
(BLAST) [26] and MegaBLAST [27] sequence comparison programs to
align individual EST sequences obtained from dbEST to a user-submitted
query sequence. Based on the number of ESTs matching the query sequence
and the associated annotation of the matching EST source libraries, the
query sequence is annotated as (1) expressed in a tissue, (2) specifically
expressed in a tissue, or (3) tissue specific. To be labeled as expressed in
a tissue, the query sequence need only have a single matching EST sequence
derived from a library constructed from that tissue type. To be specific to
a tissue, the number of ESTs from the tissue in question matching the query
sequence divided by the total number of ESTs matching the query sequence
must be greater than a user-defined threshold for specificity (the authors use
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0.95). To be tissue-specific, the query sequence can be expressed only in
a maximum of two tissues, and the ratio of ESTs matching the query
sequence coming from a pooled tissue set over all the ESTs matching the
query sequence may not exceed one minus the threshold for specificity.
This method for determining tissue specificity is a straightforward and intu-
itive ratio test but fails to incorporate statistical tests of significance included
in several of the other methods described.

A unique characteristic of TissueInfo is it computes tissue-specific expres-
sion values for both gene- and protein-query sequences by changing the
sequence comparison algorithm used. The authors leveraged this character-
istic to test the tissue-specificity predictions for a set of protein sequences ob-
tained from the SwissProt database (http://ca.expasy.org/sprot/) with
annotated Tissue Specificity. This testing showed the program was 69% ac-
curate in predicting whether a query sequence was specific to (expressed pre-
dominantly in) a tissue and 80% accurate in predicting whether a query
sequence was expressed in a tissue [25]. It is possible the accuracy estimates
are lower than the true program accuracy, because it could be questioned
whether the Tissue Specificity annotations for the proteins evaluated are
based on sufficient experimental depth or tissue source breadth to be prop-
erly comparable with the range of tissues sampled by EST sequences and
used in the TissueInfo calculations.

TissueInfo is hosted by the Weill Medical College of Cornell University
(http://icb.med.cornell.edu/crt/tissueinfo/webservice.xml) and has been
maintained with current updates to the underlying sequence sets. The inter-
face allows users to generate a tissue-expression profile for a specific
sequence or search the database for genes that are expressed or predomi-
nantly expressed in designated tissues.
ExQuest
The ExQuest program maps ESTs to a target sequence and uses the
underlying EST library annotations to compute tissue-specificity profiles
[28]. Sequence mapping is performed by MegaBLAST. Based on these com-
parisons, the actual number of ESTs matching the query sequence for each
tissue category is recorded. These values subsequently are normalized for
the relative depth of the underlying EST library sampling, using an Expected
Hit metric. This metric is calculated for each tissue category by multiplying
the ratio of the number of ESTs from a given tissue type over the total
number of ESTs included in the ExQuest database by the total number of
ESTs matching the query sequence. The result is an estimated EST hit
rate for each tissue based completely on the underlying EST library sizes.
Finally, for each tissue, the actual EST hits are divided by the expected
EST hits to obtain a normalized metric of expression called tissue-specific
units (TSU). Based on the distribution of TSU values across tissues, users
can identify tissue-specific expression patterns for the query sequence.

http://ca.expasy.org/sprot/
http://icb.med.cornell.edu/crt/tissueinfo/webservice.xml
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ExQuest does not incorporate any statistical test for tissue specificity. The
TSU metric provides an interesting and simple approach to normalizing
expression measurements between libraries that are sampled to different
extents. It should provide a fair estimate of tissue-specific expression levels,
provided the analysis includes no libraries that are sampled at a very low
level.

ExQuest provides a unique hierarchical organization of tissue categories
embedded in the program. EST libraries are organized into hierarchical
tissue bins in which related libraries are grouped together, thereby increasing
the overall transcript count per tissue category. The hierarchical organiza-
tion is designed to provide users with three levels of organization for query-
ing specificity: at the primary tissue, the secondary tissue, and individual
EST library. For example, a primary tissue would be the pancreas, a second-
ary tissue would be the islet of Langerhans, and the individual EST library
would be a single EST library derived from the islet of Langerhans. This
hierarchical organization gives users the flexibility to balance sampling
depth in a category with more exact feature specificity. A second unique
feature of ExQuest is that users can define the degree of similarity by which
EST sequences are mapped to gene entities by selecting the percentage align-
ment parameter used by MegaBLAST. The authors demonstrate that vary-
ing this parameter allows related paralog sequences to be differentiated from
each other. Finally, ExQuest also provides an interesting interface option to
view chromosomal mapping of sequence-associated ESTs. This feature
enables users to zoom in and out of a chromosomal map while selecting
specific tissues for which matching ESTs will be displayed. This interface
lets users evaluate tissue-specific expression patterns in a positional context
and associate these patterns with established genomic effects. The ExQuest
program is available through a Web server (http://lena.jax.org/wdcb/
ensRNA/exquest.html) but has not been updated since 2004 (Derry Roope-
nian, PhD, personal communication, Bar Harbor, Maine, 2007). The hierar-
chical grouping of libraries is a unique and useful feature not explicitly
provided in other tissue-specificity methods, allowing users to adapt the
analysis to the level best suited to their biomarker study. It is unfortunate
the system is not in active development, but even in its present state it
may be a useful resource for investigators.
Gene Expression Profiling in silico
The Gene Expression Profiling in silico (GEPIS) method uses EST se-
quence mapping to compute tissue-specific expression in 43 tissue types
[29]. Before computing specificity, the GEPIS system executes a rigorous
data-quality filtering protocol on the ESTs and EST libraries obtained
from dbEST. All ESTs obtained from libraries with tissue-source annota-
tions of unknown, ambiguous, or pooled tissue type are excluded from
the analysis. EST libraries that have been normalized or ‘‘subtracted’’ and

http://lena.jax.org/&amp;&percnt;238764&percnt;3Bdcb/ensRNA/exquest.html
http://lena.jax.org/&amp;&percnt;238764&percnt;3Bdcb/ensRNA/exquest.html
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EST libraries derived from fetal or embryonic tissues also are excluded from
the analysis. Finally, the authors also eliminated several EST libraries that
were deemed to have been misannotated according to their expression anal-
ysis. The remaining EST sequences were assigned to gene sequences using
BLAST comparisons.

GEPIS computes EST library normalized expression values, called
‘‘digital expression units’’ (DEU), for all genes in all tissues. The DEU is
equal to the number of ESTs assigned to a gene in a tissue, divided by the
total ESTs in the tissue, and multiplied by a scaling factor of 1,000,000.
A Z-statistic then is used to compare any two tissue categories and deter-
mine statistical significance. The Z-statistic is computed by Equation 1,
and the result compared with a normal distribution to obtain a p-value.

Z ¼ bpA � bpBffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffibpð1� bpÞð 1
NA

þ 1

NB

Þ
r ð1Þ

Where bpA and bpB are the DEU values for tissues A and B, bpis the DEU for
the gene of interest across all tissues, and NA and NB are total number of
EST sequences from tissues A and B. For a given gene, the Web interface
returns a graphic representation of the tissue-specific expression profile. It
also provides a chart containing raw EST counts and DEU values for
both normal and cancer tissue libraries, a p-value based on the Z-statistic
comparing the normal and cancer DEU values within a tissue, and the high-
est p-value obtained from the Z-statistics comparing the gene expression in
a normal tissue with the expression in each of the other normal tissues.

GEPIS, much like the ExQuest program [28], computes a ‘‘Regional Atlas’’
that graphically shows the expression of all genes in proximity to the gene of
interest, across a user-defined range and number of tissue types. This feature is
useful when investigating events such as cancer-induced copy-number effects.
The program authors also attempted to verify GEPIS gene-expression profiles
experimentally using quantitative polymerase chain reaction (qPCR) mea-
surements of 40 genes over a range of expression levels in normal and cancer
colon samples [29]. The analysis revealed strong correlation between the
GEPIS expression level and qPCR expression level at all expression ranges
(low, medium, and high). GEPIS recently has been revised and released
as GeneHub-GEPIS [30]. The upgraded version now allows users to search
the database using multiple database identifiers.
Shannon Entropy
Schug and colleagues used Shannon Entropy (generally designated H in
information theory) was used to measure the overall specificity of a gene,
that is, the degree by which a gene-expression profile differs from a ubiqui-
tous expression profile [31]. This statistical measure of specificity provides
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a single metric for assessing the complete gene-expression profile but does
not provide any information regarding the tissues in which a gene may be
specifically expressed. To obtain this information, a new statistic, Q, is intro-
duced to measure what the authors label ‘‘categorical specificity’’ or expres-
sion specific to a tissue type. This method was used to measure tissue
specificity in both the GNF Gene Expression Atlas [18] microarray data
and the Database of Transcribed Sequences, EST data [32]. The microarray
expression values were analyzed, without modification, as obtained from the
Gene Expression Atla For the EST data, counts of EST sequences associ-
ated with a given gene in a given tissue were normalized into pseudo-counts
by Equation 2.

wg;t ¼
�
ng;t þ 1

�
ðNt þNgÞ

ð2Þ

Where ng,t is the number of EST sequences mapped to gene g, in tissue t. Nt

is the total number of EST sequences associated with tissue t, and Ng is the
total number of genes. Relative expression values ptjg were computed for all
expression values by dividing wg,t by the total expression for a gene across
all tissues. Using the relative expression values, the Shannon Entropy was
computed using Equation 3.

Hg ¼
X

1%t%N

�ptjglog2ðptjgÞ ð3Þ

Where N is the total number of tissues evaluated. A low entropy value re-
flects a highly specific gene-expression profile. The Q-statistic, for measuring
categorical specificity, then is computed from the Shannon Entropy using
Equation 4.

Qgjt ¼ Hg � log2ðptjgÞ ð4Þ

Where a Q-value of zero denotes expression restricted to that tissue only, and
an increasing Q-value is indicative of a more ubiquitous expression profile.

A comparison of specificity measurements between the microarray and
EST data using the same gene set and tissue set showed the overall distribu-
tion of entropy across all genes was slightly depressed in the EST data set
versus the microarray data set. This finding may reflect insufficient sampling
associated with some EST sequence libraries, so that several genes seem to
be expressed in a more specific manner than found when analyzing the
microarray data set. Independent experimental measurements would be
required to understand the discrepancies between the specificity measure-
ments from the two data sources.

The method described in this article introduces a classic measure from
information theory, Shannon Entropy, to detect tissue-specific gene-expres-
sion patterns and a novel statistic, Q, to measure tissue-specific expression.
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By using these two statistics together, genes that are expressed in a tissue-se-
lective manner can be identified and ranked by the overall measure of spec-
ificity, in a manner similar to that developed to analyze the Gene Logic
(http://www.genelogic.com) microarray data set [33]. It would be interesting
to apply the Shannon Entropy method to the GeneLogic data and compare
the overall ranks and measures of gene specificity computed by the two dif-
ferent approaches. The method also is advantageous, because it is applicable
to data from two different sources (EST and microarray).
Akaike’s Information Criterion
Akaike’s Information Criterion can be used to identify genes with mark-
edly different expression in one or a few genes relative to the gene expression
in most tissue types [34]. The criterion originally was developed to identify
an optimal model from a class of competing models [35] but has been adap-
ted to the detection of outlier gene expression. The authors rationalize the
use of this criterion because it operates without requiring a significance level
to be selected, thereby providing an objective method of gene selection. In
a study of mouse microarray data obtained from the Riken Expression Ar-
ray Database [36], 49 samples from different normal tissues were evaluated
with the criterion. After filtering out low-quality data and normalizing to
a reference array, genes of interest were selected using a U-statistic, where
a low score was desirable, as defined in Equation 5.

U ¼ nlogsþ s
ffiffiffi
2
p �

logn!

n

�
ð5Þ

Where (nþs) equals the total number of observations across tissue types, s
equals the number of outlier candidates, and s equals the SD across scores
from the n tissues (but not the s tissues)

A U-statistic was computed for up to X(Xþ1)/2 combinations of possible
outliers, where X ¼ 1þ(nþs)/2. X varied according to the number of data
points (ie, changed if there were missing data points) and used a combination
of outliers that were both up- and down-regulated. This method can be
adapted easily to the analysis of any large data set (eg, microarray data)
for which expression ratios in multiple tissues are available or computable.
The method is fairly straightforward and easy for other users to implement,
and the authors believe that the lack of a p-value for specificity is an advan-
tage. It does, however, require a significant amount of computation, up to
N*X(X þ 1) calculations where X is the number of tissues types evaluated,
and N is the number of genes evaluated.
Tissue selectivity
A robust method to calculate tissue selectivity uses the GeneLogic micro-
array expression data set [33]. The methods were designed to identify

http://www.genelogic.com
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tissue-selective gene expression. Tissue-selective expression is defined as
modified gene expression in one or a few biologically similar tissue types
and is distinguished from tissue-specific expression, defined as gene expres-
sion restricted to one and only one tissue type. The Tukey-Kramer’s honest
significant difference (HSD) test is used compute pairwise comparisons of
a gene’s expression between all tissues types. The HSD test generates an
adjusted p-value and Q-parameters for each comparison; the Q-parameter
is equivalent to the absolute difference of two group means over the sample
size–adjusted SD. Tissue-selective genes were identified subsequently using
two rules based on the HSD p-values. First, 91 of 97 (N ¼ 98) pairwise
comparisons were required to have a p-value below the user-defined signif-
icance level. Second, the first rule could not be true for a gene in more than
six different tissue types. Additionally, the authors used the HSD Q-scores
to compute an overall probability value, called the ‘‘enrichment score,’’
for a gene, to provide a measure of error control. This calculation was
computed as shown in Equation 6.

ES ¼ 1

N� 1

XN
i¼1

�
1� Qi �MinðQiÞ

MaxðQiÞ �MinðQiÞ

�
ð6Þ

Where N ¼ k(k�1)/2, and k equals the number of tissues evaluated. This
method for assessing tissue-specific expression patterns is advantageous
for two main reasons. The authors employed an expression-comparison
test that includes statistical rigor to reduce erroneous predictions. The au-
thors also defined a method of tissue-specific expression analysis that is flex-
ible enough to allow a gene to be expressed specifically in a few tissues, not
in just a single tissue. Additionally, users can adapt the selection criteria eas-
ily to increase the stringency or flexibility in defining exactly what tissue se-
lective expression is.
ROKU
ROKU is a method for analyzing microarray data to detect tissue-specific
gene expression that combines the Shannon Entropy method [31] for rank-
ing genes with specific expression patterns and the Akaike’s Information
Criterion method [34] for detecting specific tissues with expression outliers
[37]. The authors rationalize the approach by claiming that the Q-statistic
developed to complement the Shannon Entropy fails to acknowledge redun-
dancy in the selection of genes specifically expressed in a tissue, and this
redundancy can be handled better with an outlier selection criterion.
Furthermore, combining these two techniques into a single method enables
the detection of tissue-specific expression that is over- or underexpressed rel-
ative to the nominal gene expression. Consequently, the ROKU method is
designed not to detect genes that are expressed in a small number of tissues
and are not expressed in the remaining tissue but to detect genes that are
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differentially expressed in a small number of tissues relative to a generally
stable expression in most tissues. That is, the ROKU method is designed
to identify genes expressed at significantly higher or significantly lower levels
in a small number of tissues relative to the general background expression
level of that gene, a process the authors call ’’broad sense specificity’’ [37].

The tissue-specificity calculations use the same equation for Shannon
Entropy (H) as previously described in Equation 4. The only difference is
that the ROKU method first transforms the microarray expression values,
wg,t, by subtracting the one-step Tukey biweight and taking the absolute
value. This processing effectively recenters the data and enables the Shannon
Entropy metric to detect genes that are specifically expressed in a broad
sense. The tissues in which genes are specifically expressed then are identified
using the Akaike’s Information Criterion for outlier detection as described
in Equation 1.

A clear disadvantage in the ROKU method is that the one-step Tukey
biweight transformation prevents the analysis from identifying binomial
expression patterns, in which a gene is expressed at one level in half the tissues
and at a different level in the remaining tissues. The transformation adjusts
the expression vector, so that the overall expression profile appears uniform.
The ROKU method, however, has other advantages over the Shannon
Entropy method and the Akaike’s Information Criterion method, because
it can detect tissue-specific gene expression and rank genes according to over-
all tissue specificity and also can identify genes that are specifically expressed
in only one tissue and not simply in a small number of tissues.
Summary

The studies described in this article provide an introductory review of
data-mining techniques that have been applied to large transcriptomic
data sets to derive tissue-specific expression profiles. The methods were
selected to illustrate different decision criteria and data preprocessing
applied to both microarray and short oligonucleotide (EST, SAGE,
MPSS) data sets. Several other studies on tissue-specificity analysis have
applied a spectrum of methods to the problem, from simple fold-change
[38] and t-test [39] decision criteria to more complex principal component
analysis [40] and binary indexing [41] algorithms. In addition, several
programs have been developed to improve user access and provide more
intuitive tissue-profiling functionality to the large transcriptomic databases
previously described [42–44]. These methods provide researchers with
a range of gene-expression data and analysis tools that can drive or comple-
ment biomarker development projects.

Tissue-specific expression profiling has been discussed using four different
types of data. Most analysis methods were developed to analyze a specific
data type, although several demonstrated interoperability between different
data types. When undertaking a biomarker development study, however,
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the question remains as to which data type should be analyzed to benefit the
study best. Clearly, this decision depends on the specific nature of the study
and whether the study-specific tissue is sampleddand sampled sufficientlyd
in a given database. In some cases, the study target could fall within a very
specific tissue type and may be restricted to a single data source, such as the
EST database or the CGAP SAGE collection. In most cases, however, any
one of the four data types probably will be able to provide pertinent
information. To address whether this information is redundant or comple-
mentary, Huminiecki and Bicknell [45] evaluated the congruence of specific-
ity data obtained from SAGE and EST data analysis and later compared
these data with microarray data analysis. The initial study concluded that
evaluating SAGE and EST data together provided a more accurate assess-
ment of tissue specificity than could be obtained from either data set alone.
In a later study, the correlation of specificity analysis by EST and SAGE
data compared with that of microarray data was strong in tissues that
were extensively sampled [46]. The study reported, however, that correlation
was not strong between microarray and the EST and SAGE data types in
tissues that had complex cellular composition or that had not been sampled
extensively. This finding suggests that EST and SAGE libraries measure up
to microarray analysis only in tissues that are deeply sampled within those
libraries. None of the microarray analysis methods discussed here have
addressed the possible effect of low-level microarray measurements on the
robustness of the tissue-specificity predictions. Low-expression measure-
ments often fall within the background level of an array technology, and
any analysis dependent on these signals is potentially erroneous. Conse-
quently, it would seem that for genes expressed at a low level or in a poorly
sampled tissue, analysis of a single data type would be insufficient. There-
fore, researchers should consider evaluating tissue-specific expression in
multiple (or all available) data types to obtain the most comprehensive
expression profile.

Tissue-specificity expression profiling has been used widely for biomarker
discovery but is equally or more applicable to candidate biomarker charac-
terization. The literature is filled with references to studies that have identi-
fied candidate biomarkers by mining transcriptomic data for genes
differentially expressed in normal and cancerous tissue [47–55]. This type
of candidate biomarker discovery can be undertaken using the data-mining
methods described herein. It is the purpose of this review, however, to
encourage investigators to consider using these data-mining methods to gen-
erate tissue-specific expression profiles that can complement existing efforts
to discover candidate biomarkers. This approach has been used to identify
candidate cardiac markers that are specifically expressed in the heart [55], to
identify candidate prostate cancer biomarkers that are differentially
expressed in normal and cancer tissues and also are selectively expressed
in prostate [54], to identify candidate brain-injury markers specific to the
brain [53], and to identify candidate bladder carcinoma biomarkers specific
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to the bladder [48]. Furthermore, specificity analysis has been suggested as
an important metric for identifying candidate serum cancer biomarkers
[56]. In all these instances, tissue-specific expression profiling provides
a method for further refining lists of candidate biomarkers and intelligently
selecting an enriched set of candidates to move forward in the biomarker
development cycle.
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