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ABSTRACT

Current gene co-expression databases and corre-
lation networks do not support cell-specific analy-
sis. Gene co-expression and expression correlation
are subtly different phenomena, although both are
likely to be functionally significant. Here, we report a
new database, ImmuCo (http://immuco.bjmu.edu.cn),
which is a cell-specific database that contains infor-
mation about gene co-expression in immune cells,
identifying co-expression and correlation between
any two genes. The strength of co-expression of
queried genes is indicated by signal values and de-
tection calls, whereas expression correlation and
strength are reflected by Pearson correlation coeffi-
cients. A scatter plot of the signal values is provided
to directly illustrate the extent of co-expression and
correlation. In addition, the database allows the anal-
ysis of cell-specific gene expression profile across
multiple experimental conditions and can generate
a list of genes that are highly correlated with the
queried genes. Currently, the database covers 18 hu-
man cell groups and 10 mouse cell groups, includ-
ing 20 283 human genes and 20 963 mouse genes.
More than 8.6 × 108 and 7.4 × 108 probe set combi-
nations are provided for querying each human and
mouse cell group, respectively. Sample applications
support the distinctive advantages of the database.

INTRODUCTION

Co-expression data are now widely used to study gene mod-
ules, gene regulation and function, protein interaction part-
ners and signaling pathways. In addition, disease-associated
gene co-expression can be used to predict tumor metasta-

sis and patient prognosis (1–4), as well as biomarker de-
velopment (5,6). Many co-expression databases have been
constructed and are widely used by researchers, especially
in the field of plant biology (7–13). Several co-expression
databases for mammals have been established recently, in-
cluding COXPRESdb (14), STARNET (15) and HGCA
(16). Pearson correlation coefficients are widely used in
these databases to identify gene co-expression and networks
of the most highly correlated co-expressed genes. However,
these databases do not support cell-specific analysis be-
cause the gene expression matrices for co-expression anal-
ysis are from multiple tissues or a mix of cells and tissues.
The overall correlation in gene expression identified in these
databases does not necessarily indicate that the genes co-
exist in the same cell type. Actually, gene co-expression and
expression correlation are subtly different phenomena, al-
though both are likely to be functionally significant.

For wet lab experiments, more attention is paid to gene
co-expression within the same tissue or cell. For example,
protein interactions, cellular signaling activity and gene reg-
ulation are frequently analyzed in the same cells (such as tu-
mor cell lines) for most experiments. Thus, correlation anal-
ysis within the same cell type no doubt provides more accu-
rate and reliable results to guide experiments. The recently
developed CHO gene co-expression database (CGCDB)
(17) uses microarray data derived solely from Chinese ham-
ster ovary (CHO) cell lines to provide cell-specific corre-
lation analysis, but the database only contains 563 unique
genes, involving 638 high confidence probe sets. Although
many databases such as BioGPS (18), HemaExplorer (19),
RefDIC (20), BloodExpress (21) and ImmGen (22) analyze
gene expression in immune cells, they do not provide a truly
direct analysis of gene co-expression or a quantitative mea-
sure of co-expression strength. In addition, the experimen-
tal conditions for the same cell types are very limited in these
databases.
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Here, we report a new database, ImmuCo, which is a cell-
specific database that provides co-expression analyses be-
tween any two genes in immune cells. Gene co-expression
is reflected by the signal values and detection calls for a
queried gene pair, whereas the strength of the expression
correlation is reflected by a Pearson correlation coefficient
(r value). ImmuCo is the first database to analyze gene co-
expression independently of correlation analysis, and it is
the first database to assess expression correlation in immune
cells.

MATERIALS AND METHODS

Data set

Microarray data set were downloaded from the Gene Ex-
pression Omnibus (GEO) database (http://www.ncbi.nlm.
nih.gov/geo/) (23). GEO samples related to immune cells
were screened by text mining and confirmed manually (see
Supplementary Methods for details).

Quality control for Affymetrix arrays

A global quality control (QC) analysis of raw data qual-
ity was performed using the BioConductor package ‘sim-
pleaffy’ (24). Arrays containing extreme values from at least
one QC stat were abandoned. In addition, key markers for
each cell type were supposed to be expressed; that is, the de-
tection calls for the corresponding marker probe sets should
be ‘present’ (see Supplementary Methods for details).

Microarray analysis

Affymetrix array analysis was performed through the ‘affy’
package in Bio-conductor using the MAS 5.0 method (25).
All default parameters, including the Chip Description File
were retained. Data from each array were scaled by de-
fault to the target intensity of 500 to normalize the results
for inter-array comparisons. The signal intensity value, de-
tection P-value and detection call were generated for each
probe set. The detection call was generated by evaluating
the difference between perfect match (PM) and mismatch
(MM) probe values for each probe pair in a probe set, based
on the Wilcoxon’s signed-rank test. Therefore, the probe
sets were flagged absent (A) when the PM values were not
considered to be significantly above the MM probes; oth-
erwise, the probe sets were flagged either as present (P) or
as marginally present (M) if the signal was at the limit of
detection (26). For the current array platforms, those probe
sets without a unique gene annotation were discarded.

Database construction

The ImmuCo database is based on Client Browser/Web
Server/Database Server three-tier architecture. It is built
using Apache Tomcat (web server) along with MySQL
(database server). The client contains the presentation logic,
including simple controls and user input validation. The
web interface is built with jsp (java server pages) and
follows the MVC (Model-View-Controller) development
framework. The web server provides the business process

logic and data access. It accepts the request and the im-
plementation of a server-side Java programming language
and returns its output, enabling the client to interact with
database resources. It accesses the database using JDBC
(Java Database Connectivity). The data server stores data
using the MySQL RDBMS (relational database manage-
ment system).

RESULTS

Data statistics

We chose the Affymetrix Human Genome U133 Plus 2.0
and Mouse Genome 430 2.0 arrays for this study because
these two platforms are popular arrays with the largest
available sample sizes for humans and mice, respectively, in
the GEO database. After QC, 8926 human GEO samples
(GSMs or microarrays) involving 344 GEO series (GSEs)
and 3682 mouse samples involving 368 GSEs were retained
for the gene co-expression analysis. Approximately 15% of
the samples from both organisms were discarded because of
quality issues. Based on sample annotation and expressed
molecular markers, the selected samples were further di-
vided into various cell types. A total of 11 human and seven
mouse cell types are included in the current version of the
database, including 18 human and 10 mouse cell groups (Ta-
ble 1).

The human cell types include T cells, B cells, plasma
cells, natural killer (NK) cells, monocytes, macrophages,
dendritic cells (DCs), polymorphonuclear leukocytes
(PMNs/neutrophils), peripheral blood mononuclear cells
(PBMCs), hematopoietic stem cells (HSCs) and bone
marrow mononuclear cells (BMMCs). The B cell, T cell
and HSC groups were further divided into various groups
based on the source information recorded in their SOFT
format files. For example, B cells from patients with acute
lymphoblastic leukaemia were placed in the ‘B cell (ALL)’
group, whereas B cells from patients with chronic lymphoid
leukaemia were placed in the ‘B cell (CLL)’ group and the
remaining B cells were placed into the ‘B cell’ group. If the
T cells were a mixture of CD4+ and CD8+ T cells, they were
grouped into the ‘T cell’ group; otherwise, they were placed
in the CD4 (‘CD4+ T cell’) or CD8 (‘CD8+ T cell’) single
positive T cell groups. The group ‘T cell (ALL)’ represents
mixed T cells from patients with acute lymphoblastic
leukaemia. Similarly, the groups ‘hematopoietic stem cell
(AML)’, ‘hematopoietic stem cell (MDS)’ and ‘hematopoi-
etic stem cell’ represent HSC samples from patients with
acute myeloid leukaemia, myelodysplastic syndromes and
patients with neither disease, respectively. Cell groups asso-
ciated with disease will no doubt contribute to identifying
disease-associated gene co-expression and correlations.

The mouse cell types included B cells, T cells, DCs, HSCs,
macrophages, splenocytes and thymocytes. Splenocytes are
actually a mixture of different white blood cell types, such
as T and B lymphocytes, as long as they are situated in the
spleen. Thymocytes are white blood cells situated in the thy-
mus and primarily include T cells with distinct maturational
stages based on the expression of the cell surface markers
CD4 and CD8. Similar to the human ‘T cell’ group, the
mouse ‘T cell’ group also contains a mixture of CD4+ and
CD8+ T cells. The CD4+CD25+ regulatory T cells (Tregs)
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Table 1. Cell types and sample size in the current version of the ImmuCo database

Species Cell type Sample size GEO series number Note

Human AML (BMMC) 814 11 BMMCs from patients with
acute myeloid leukaemia

B cell 386 35
B cell (ALL) 300 7 B cells from patients with

acute lymphoblastic
leukaemia

B cell (CLL) 471 12 B cells from patients with
chronic lymphoid leukaemia

CD4+ T cell 551 42
CD8+ T cell 149 22
DC 406 34
Hematopoietic stem cell
(HSC)

264 39

Hematopoietic stem cell
(AML)

113 4 HSC from patients with acute
myeloid leukaemia

Hematopoietic stem cell
(MDS)

179 1 HSC from patients with
myelodysplastic syndromes

Macrophage 362 23
Monocyte 427 40
NK 128 11
PBMC 1921 59
Plasma cell 1753 12 Mainly from patients with

multiple myeloma
PMN 452 17
T cell 112 15
T cell (ALL) 138 15 T cells from patients with

acute lymphoblastic
leukaemia

Mouse B cell 458 56
CD4+ T cell 501 74
CD8+ T cell 235 33
DC 347 43
Hematopoietic stem cell 645 86
Macrophage 785 58
Splenocyte 146 7
T cell 222 28
Thymocyte 206 20
Treg 137 27

represent an important subset of helper T cells that mod-
ulate the immune system (27). Despite the large amount of
public transcriptome data from immune cells, these data are
largely restricted to the main categories of immune cells,
such as CD4+ T cells, B cells, monocytes and macrophages.
Data sets describing further subsets, such as Th1, Th2 and
Th17 cells, are still incomplete. Thus, in the current version
of the ImmuCo database, Tregs are the only helper T cell
subset represented.

Query and result description

ImmuCo provides a simple, convenient and easy-to-
understand web interface that searches for and immediately
calculates the results of transcriptional co-expression be-
tween any gene pair in immune cells. ImmuCo supports re-
quests using a gene symbol or alias (e.g. RPS29 or S29),
Entrez Gene ID (e.g. 6235) or probe set ID (if known, e.g.
201094 at) as the initial input (Figure 1). As the ImmuCo
database focuses on the co-expression of two genes, a pair
of genes must be entered in the query box to replace the de-
fault gene pair. Users can also input a single gene to retrieve
the most correlated genes, and the default gene will be used
as the second gene. Probe sets without a unique gene an-
notation were discarded, leaving 20 283 human and 20 963

mouse genes with more than 8.6 × 108 and 7.4 × 108 probe
set combinations for querying each human and mouse cell
group, respectively.

Features and applications

Cell-specific co-expression in samples from various experi-
mental conditions provides a more reliable and rational ex-
planation of gene correlation. We performed several sample
applications to illustrate the database features.

(i) Gene co-expression and correlation. Co-expressed genes
are likely to be functionally associated, and the en-
coded proteins may participate in the same signaling
pathway, form a common structural complex, or co-
operate to regulate gene expression. In the ImmuCo
database, gene co-expression of queried genes is re-
flected by signal values and detection calls. The former
indicates gene expression level, while the latter reflects
co-existence state, that is, the queried gene pair shows
synchronously present (present–present (PP)) or absent
(absent–absent (AA)) calls in the same GEO samples.
The PP (or AA) rate is calculated by dividing the sample
count with PP (or AA) state by the total sample count
of the queried cell group. The total co-existence rate is
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Figure 1. How to browse the ImmuCo database (the default example is shown). (A) Search by gene symbol or alias, which is the default option. Click
the ‘Gene A’ or ‘Gene B’ textbox, and the default option disappears. A gene symbol or alias can be entered, and a corresponding probe set ID list will
automatically pop up. In addition to the gene symbol, the Entrez Gene ID and the probe set ID can also be used for query types in the corresponding
textboxes. (B) The query output. The left panel is a scatter plot of signal values for the queried gene pair. The plot directly illustrates the extent of linear
correlation. In addition, co-expression of the queried genes can be identified, independently of correlation. The right panel displays information including
probe set IDs, Gene IDs, HUGO gene symbols, co-existence rate, r value and descriptions of the queried genes and provides a download option. (C) GEO
sample names, signal values, detection calls and P values can be downloaded in a CSV format file. Downloaded signal values can be used to create a
similar scatter plot in Excel by user self. (D) The most relevant probe sets for Gene A. Currently, the 20 probe sets most correlated (based on r values) with
Gene A or Gene B are provided for download. Gene IDs in (B) and (C) provide external links to the corresponding entries in the NCBI gene database
(http://www.ncbi.nlm.nih.gov/gene). To identify co-expression relationships among multiple genes, CSV format file results can be integrated. The ImmuCo
database can be accessed at its home page: http://immuco.bjmu.edu.cn.

http://www.ncbi.nlm.nih.gov/gene
http://immuco.bjmu.edu.cn
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Figure 2. Sample application for gene co-expression and gene expression
profile analysis. (A) CD3G and CD3D are significantly correlated and co-
expressed in CD4+ T cells. (B) The co-expression and correlation between
probe sets for ARAF are shown.

the sum of the PP rate and the AA rate. For example,
CD3G (CD3-gamma) expression is significantly corre-
lated with CD3D (CD3-delta) expression in CD4+ T
cells (r value = 0.670593, P value = 0; PP rate = 98.7%)
(Figure 2A). Both CD3G and CD3D are the compo-
nents of T-cell receptor (TCR)–CD3 complex, which is
expressed on the surface of T cells.
In Supplementary Figure S1 and Supplementary Ta-
ble S1, we provide more examples, including membrane
proteins, cytokines (secreted proteins) and transcrip-
tion factors (nuclear proteins) in CD4+ T cells, to il-
lustrate the co-expression and correlation analysis and
to support the cell-specific advantage. For example,
CD3E (CD3-epsilon) and CD247 (both encode com-
ponents of TCR–CD3 complex) are co-expressed (PP
rate = 98.7%) but not well-correlated at the mRNA
level (r value = 0.087085, P value = 0.041001). These
results suggest that the profiles of functionally asso-

ciated genes, even if they encode components of the
same protein complex, are not necessarily correlated.
The terms ‘correlated’ and ‘co-expressed’ therefore can-
not be considered conceptually equal. Therefore, Im-
muCo provides a quick view of gene co-expression, cor-
relation (both positive and negative correlations) and
the strength of co-expression and correlation, and can
detect the subtle difference between co-expression and
correlation.

(ii) Cell-specific gene expression profile analysis. The Im-
muCo database provides a global, two-dimensional
view of cell-specific signal values, which constitute a sin-
gle gene expression profile on either axis of the scatter
plot, across different experimental conditions. The scat-
ter plot provides important information regarding the
general expression level of a gene. For example, IL-4,
IL-5 and IL-13 are generally expressed at low levels in
most CD4+ T cells, and the data points cluster at the
origin of the graph (Supplementary Figure S1).
Gene expression profiles of different transcript variants
of the same gene can also be illustrated, but these tran-
script variants are mainly from different polyadeny-
lation sites because the probes are designed mainly
in the 3′-untranslated region. For example, human
ARAF (serine/threonine-protein kinase A-Raf) has two
probe sets (201895 at and 230652 at), but they corre-
spond to different transcript variants. The former cor-
responds to ARAF transcript variant 1 (NM 001654)
and 2 (NM 001256196), while the latter corresponds to
ARAF transcript variant 3 (NM 001256197), which re-
sults from an alternative intronic polyadenylation site
(28). As shown in Figure 2B, these two probe sets are
not highly correlated (r value = −0.057587, P value =
0.246972), but they can co-exist in over half of samples
in DCs (the total co-existence (PP+AA) rate = 56.9%),
though the expression level of transcript variant 3 is ac-
tually very low under a series of experimental condi-
tions.
Low signal values in a profile often indicate no or low
expression levels, but sometimes poor probe quality
should also be considered (Supplementary Figure S2).
The compromise reference thresholds of signal value
for gene expression can be set at 150 and 100 for human
and mouse, respectively (see the Discussion section).

DISCUSSION

Our newly established ImmuCo database provides a sim-
ple and effective way to identify co-expression and corre-
lation between any gene pair under a series of experimental
conditions. This goal cannot be achieved using other exist-
ing mammalian gene expression or co-expression databases
(14–16,18–22). Traditionally, standard methods such as the
Pearson and Spearman correlations are used to identify
gene co-expression and correlation relationships. However,
co-expression and expression correlation are subtly differ-
ent phenomena under many conditions. For microarray
data, co-expression does not necessarily indicate expres-
sion correlation and vice versa. One reason for this dis-
tinction is high levels of background noise, which may re-
sult in genes appearing to be correlated when they are not
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co-expressed. In contrast, parallel co-expression networks
are involved in certain cellular processes, but the individual
genes that make up these networks may not be correlated
at the mRNA level. In addition, negative correlated genes
can be either co-expressed or mutually exclusive. Therefore,
databases such as COXPRESdb (14,29), STARNET (15,30)
and HGCA (16) mainly provide information about positive
gene correlation and do not reflect co-expression relation-
ships between genes with no apparent correlation.

In the ImmuCo database, co-expression is indicated by
signal values and detection calls. The signal values reflect
the relative expression levels of queried gene pair. Both pos-
itive and negative correlations can be reflected by the ten-
dency of the change of signal values. The signal values de-
rived from the MAS5 algorithm are usually normalized us-
ing the signal intensities of the PM probes subtracted by
the MM probes, but the MM values may not ideally rep-
resent the background. The target intensity of all arrays is
set at 500; very low signal values on either axis of the signal
scatter plot indicate to the user that the gene may be not ex-
pressed, whereas large signal values often indicate that the
gene is expressed. The values 100 and 270 represent approx-
imately the third quartile (75th percentile, 3rd Qu./Q3) and
the first quartile (25th percentile, 1st Qu./Q1) of the val-
ues of all probe sets with absent and present calls, respec-
tively, in all human cells, while the corresponding values for
mouse cells are about 55 (Q3) and 200 (Q1) for the probe
sets with absent and present calls, respectively. It is difficult
to set a unified threshold to judge the expression state for
all probe sets. The compromise values, 150 for human and
100 for mouse, could exclude about 90% probe sets with ab-
sent calls, though about 10% probe sets with present calls
were also excluded. Therefore, these two values may be used
as reference thresholds to judge gene expression for human
and mouse, respectively.

It is important to note that the most highly correlated
gene sets for a single queried gene vary considerably be-
tween the current co-expression databases (Supplementary
Table S1). The inconsistency can be attributed to high lev-
els of background noise in microarray data, variable cellu-
lar states, cell- and tissue-specific expression, different meth-
ods of correlation analysis and other factors, even though
the same microarray platforms, such as Affymetrix Human
Genome U133 plus 2.0 arrays, are commonly used in these
databases. Further investigation is needed to find the key
determinants that result in this inconsistency and to iden-
tify the characteristics of common genes with conserved co-
expression or correlation patterns. Thus, a systematic com-
parison should be performed to address these questions.

In addition to gene co-expression and correlation, the Im-
muCo database provides a direct global view of gene expres-
sion values across various conditions in each cell type. Be-
cause the immune cells used to generate the gene expres-
sion data are from different individuals, different physio-
logical and pathological states and various experimental or
treatment conditions, the scatter plot shows that the expres-
sion levels of a single gene are highly variable, suggesting
high dynamic and plasticity in gene expression. Our estab-
lished database, ImmuSort (http://202.85.212.211/Account/
ImmuSort.html; submitted), is designed to highlight gene
plasticity, which is defined as the extent of change in gene

expression in response to various environmental or genetic
influences. In addition, the ImmuSort database electroni-
cally sorts gene expression intensity data by the experimen-
tal conditions and cell states associated with a certain ex-
pression level. ImmuSort provides the comparison of gene
expression intensity of different transcripts at probe set lev-
els, therefore, it can help users to choose suitable probe sets
for co-expression analysis.

We are planning to integrate cell-specific gene co-
expression network graphics into future versions of the
ImmuCo database, similar to other co-expression-related
databases. In addition, GO annotations (31), KEGG path-
ways (32) and protein–protein interaction data from other
databases, such as HPRD (33) and IntACT (34), may also
be incorporated to further enrich the database content.
Moreover, non-immune cells will also be integrated into
an expanded version of ImmuCo. Because gene correlation
and co-expression at the mRNA level do not necessarily in-
dicate expression correlations at the protein level, and be-
cause not all genes are strictly regulated at the mRNA level,
there is still a need for databases that analyze co-expression
at the protein level.

SUPPLEMENTARY DATA

Supplementary Data are available at NAR Online.
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