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ABSTRACT

Functional Networks of Tissues in Mouse (FNTM)
provides biomedical researchers with tissue-specific
predictions of functional relationships between pro-
teins in the most widely used model organism for
human disease, the laboratory mouse. Users can
explore FNTM-predicted functional relationships for
their tissues and genes of interest or examine gene
function and interaction predictions across multiple
tissues, all through an interactive, multi-tissue net-
work browser. FNTM makes predictions based on
integration of a variety of functional genomic data,
including over 13 000 gene expression experiments,
and prior knowledge of gene function. FNTM is an
ideal starting point for clinical and translational re-
searchers considering a mouse model for their dis-
ease of interest, researchers already working with
mouse models who are interested in discovering
new genes related to their pathways or phenotypes
of interest, and biologists working with other or-
ganisms to explore the functional relationships of
their genes of interest in specific mouse tissue con-
texts. FNTM predicts tissue-specific functional rela-
tionships in 200 tissues, does not require any regis-
tration or installation and is freely available for use
at http://fntm.princeton.edu.

INTRODUCTION

Accounting for tissue-specificity is a prerequisite to true
systems-level understanding of metazoan biology. Further-
more, tissue-specific expression and function are an impor-
tant aspect of many complex diseases, including stroma-
tumor interactions in cancer (1), renal dysfunction follow-
ing podocyte injury in glomerular microvasculature (2-6),
and tissue-specific effects of insulin signaling in diabetes

(7). Furthermore, an increasing number of mammalian pro-
teins are discovered to function in a tissue- and cell-lineage-
specific manner; e.g., the three closely related mammalian
Ras genes, Hras, Nras and Kras, are involved in tumorigen-
esis in distinct lineage-specific ways, often leading to distinct
malignancies (8).

However, assaying protein function and interactions at
a tissue-specific level is notoriously difficult. Different tis-
sues express different and overlapping sets of genes, and
interactions between proteins are dependent on the pres-
ence of other genes in that tissue, making ascertainment
of tissue-specific pathway action challenging. Predicting
tissue-specific gene interactions can help us understand not
only how different pathways act in different tissues, but also
elucidate molecular mechanisms underlying tissue-specific
phenotypes (9). FNTM (Functional Networks of Tissues in
Mouse) is a prediction server for tissue-specific protein in-
teractions for the laboratory mouse Mus musculus, the most
widely used model organism for human disease.

A number of existing resources collect genetic and func-
tional genomic data, while providing search and visualiza-
tion functions relevant to mouse. For example, the Mouse
Genome Database (10) provides extensive curated informa-
tion about function and phenotype and also enables ac-
cess to many mouse data sets and experimental results.
Resources such as Reactome (11), BioGRID (12) and In-
tAct (13) host hundreds of protein interactions which are
unassociated with their relevant tissue-specific contexts.
NCBI GEO (14) provides search and visualization of thou-
sands of gene expression data sets. All these resources pro-
vide considerable amounts of information about mouse
genes/proteins in terms of their (i) gene functions and mu-
tant phenotypes, (ii) tissue/cell-type-naive physical interac-
tions and signaling pathways, and (iii) tissue-specific gene
expression levels. However, for understanding multicellular
gene function, it is critical to integrate these three pieces of
information. Probabilistic models have been used by us and
others to integrate these diverse data sets to predict genome-
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Figure 1. Overview of the FNTM prediction server. (A) Users initiate a prediction on FNTM with a set of genes and tissues of interest. (B) FNTM predicts
tissue-specific functional relationships for 200 tissues by integrating heterogeneous functional genomics data with tissue-specific functional knowledge in
mouse. (C) The server returns a network visualization of these relationships. (D) Using FNTM, users can then explore biological process enrichments or
(E) add tissues to the original query to compare changes in the functional roles of their genes across tissues.

wide physical and functional interactions (15-20), and sev-
eral of the resulting resources provide access to predicted
networks in mouse (21-24). Nevertheless, no existing re-
source provides tissue-specific function and interaction pre-
diction or ability to compare networks across tissues as pro-
vided by FNTM.

We have developed a tissue-specific data integration ap-
proach for mouse and extensively verified it in previ-
ous work (9). FNTM extends our previous tissue-specific
Bayesian integration approach to generate probabilistic
models for each of 200 mouse tissues, integrating func-
tional information from over 13,000 experiments across
984 genome-scale data sets (see Supplemental Methods).
FNTM enables biologists to generate hypotheses about the
tissue-specific functional roles of genes by providing pre-
dicted functional interactions and making the relevant evi-
dence casily accessible. FNTM can reveal how the role of
genes changes across tissues by providing prediction and
exploration capabilities that enable side-by-side exploration
of multiple tissue-specific networks and biological processes
represented in the networks. FNTM presents biological
researchers with a flexible and user-friendly interface to
search for and visualize the tissue-specific functional net-
works surrounding their gene/gene sets of interest, explore
pathways/biological processes in which these genes partici-
pate in each tissue, view evidence underlying each relation-
ship prediction, and directly compare networks for multiple
tissues in a multi-tissue network view.

SYSTEM DESCRIPTION

FNTM analyses can provide insight on a variety of bio-
logical questions, depending on the user’s specific interests,
as indicated by the genes and tissues that they input into
the system. For example, if users have a particular gene
or gene set in a specific tissue of interest, they can investi-
gate the functional relationships among these genes within
the tissue, determine biological functions and pathways en-
riched in that functional context, and identify novel func-
tional partners that can serve as candidates for further in-
vestigation. They may also be interested in comparing the
functional neighborhood of this gene set across different tis-
sues. In a situation where the user has a gene set of interest
and believes them to be tissue-specific, but does not know a
priori the relevant tissues, FNTM can also predict relevant
tissues and suggest them to the user.

A FNTM prediction starts with a set of genes (or a sin-
gle gene) and one or more tissues of interest specified by
the user (Figure 1A). For each of the queried tissues, the
server predicts the likelihood of functional relationships
among these genes and to all other genes in the mouse
genome by integrating 977 genome-scale expression data
sets encompassing 13,634 experimental conditions (14), sev-
eral sources of protein interaction data (10,25-28), tissue-
specific gene expression data (29), and knowledge of shared
protein function by co-annotation to GO (30) biological
process terms, using the method previously described in (9)
(Figure 1B, see Supplemental Table S1). The results are pre-
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Figure 2. (A) The user has selected the tissue ‘mammary gland’ and entered the genes Brcal and Brca2. The resulting displayed network shows predicted
functional relationships between the genes most functionally related to the query genes. The edges between genes are colored by the confidence of the
predicted relationship, and the user can adjust the maximum number of genes and the minimum relationship confidence displayed with the sliders. (B)
The top data sets contributing evidence of a functional relationship are shown when hovering the mouse over the corresponding edge in the network.
A functional relationship between Brcal and Exol is supported by several types of functional genomic data, including a variety of expression data sets.
(C) The query gene set and its most functionally related genes are analyzed for enrichment in Gene Ontology biological process terms. Terms exceeding
an FDR-corrected P-value of 0.05 are displayed. Adjusting the network visualization sliders also updates the gene set enrichment results to reflect the

displayed genes.

sented to the user as a gene network for each queried tis-
sue, with tissue-specific posterior probabilities of functional
relationships represented as edges between the genes of in-
terest (Figure 1C). FNTM can predict tissue-specific func-
tional relationships for 200 tissues, covering all major mam-
malian organ systems.

Once FNTM has predicted the functional networks for
the user-specified tissues and gene set, the user can inter-
act with the network visualization by adjusting the coordi-
nated layout of the networks or applying filters to the num-
ber of genes and a threshold for functional relationship con-
fidence. The resulting network visualization can be easily ex-
ported as a text file or as a publication-quality figure. Users
can further explore the network by retrieving the contribu-
tion of various data types (e.g., expression, physical interac-
tions, etc.) and examining the top individual data sets that

support any displayed functional relationship. FNTM also
calculates gene set enrichment across GO biological pro-
cess terms for the genes in the network neighborhood (Fig-
ure 1D). By comparing the functional relationships and GO
term enrichments between tissue networks (including the
tissue-naive whole mouse network) for the same gene set
(Figure 1E), biologists can find additional novel genes that
are functionally related to the query genes in a specific tis-
sue and assess how predicted gene functions change across
tissues.

The method behind FNTM has been extensively eval-
uated by us previously (9,31). FNTM applies this tissue-
specific integration approach and for the first time pro-
vides extensive tissue-specific visualization options and
multi-tissue network comparison capabilities to the mouse
biomedical community. In addition to the systematic evalu-
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Figure 3. (A) The user has queried the gene Ptgs2 (Cox2) for functional relationships in blood vessels and the brain. The resulting displayed networks show
that Prgs2 has different predicted functional relationships between these two tissues. The user can adjust the maximum number of genes and the minimum
relationship confidence independently for each network, and the position of the gene nodes for genes displayed in both networks is kept coordinated to
ease comparison between the networks. (B) The tables of enrichment in Gene Ontology terms, most functionally related genes and predicted functional
relationships can also be viewed side-by-side. In this case, the top functionally related genes to Ptgs2 in blood vessels are enriched for involvement in
angiogenesis, while in the brain, the top functionally related genes are enriched for inflammatory response.
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ations of the approach presented in (9), we also validated the
FNTM tissue-specific functional networks on an additional
independent standard that assesses them in the challeng-
ing task of predicting tissue-specific gene-phenotype associ-
ations. Specifically, we held out mouse phenotype gene sets
from our integration (making the integration completely
independent of any phenotype information) and ranked
genes based on their predicted association with each tissue-
specific mouse phenotype. In our standard, we matched
575 phenotypes to 24 tissues, with a median of 60 posi-
tive and 6103 negative genes for each phenotype. FNTM
demonstrated that the tissue-specific networks are informa-
tive for identifying tissue-specific gene-phenotype associa-
tions based on functional genomic data alone (mean AUC
0.613, mean precision at 5% recall 6.34-fold over back-
ground).

TISSUE-SPECIFIC FUNCTION AND NETWORK PRE-
DICTION CASE STUDY

The simplest analysis a user can perform with FNTM is to
query a gene set in a specific tissue. In Figure 2A, the user
has searched for mammary gland-specific functional rela-
tionships for the genes Brcal and Brca2, two genes known
to be associated with an elevated risk for breast cancer in
humans through disruption of their role in DNA repair.
The resulting network of functional relationship predictions
(Figure 2B) shows that, in the mammary gland, these genes
are functionally related to a number of other cancer-related
genes such as the oncogene Cdca5 (32) and tumor suppres-
sors Fenl (33,34) and Exol (35-37). In the related genes
table, FNTM provides an alternative searchable view for
highly connected neighbors, also identifying genes that are
known to be expressed in mammary gland (EzA2 and Blm,
in addition to the query genes). The gene set enrichment ta-
ble (Figure 2C) indicates that Brcal, Brca2 and their most
functionally related genes are significantly enriched in sev-
eral biological processes related to DNA replication and re-
pair.

MULTI-TISSUE NETWORK COMPARISON CASE
STUDY

A user might also be interested in comparing the functional
relationships predicted among several different tissues. As
shown in Figure 3, the user has queried the gene Prgs2
(Cox2) in the tissues ‘blood vessel’ and ‘brain.” The result-
ing displayed networks (Figure 3A) automatically coordi-
nate the positions of genes shared across multiple networks
and retain all the functions of the single-tissue query. The
user can adjust the number of displayed genes and mini-
mum strength of functional relationships independently for
each network, and the tables of gene set enrichment results,
related gene lists, and functional relationships can be com-
pared side-by-side (Figure 3B). The 20 top functionally re-
lated genes to Cox2 in the blood vessel network are most
highly enriched for angiogenesis, while for the brain net-
work, the most highly enriched GO term is inflammatory
response. Indeed, induction of Cox2 is known to promote
tumor angiogenesis (38), while it is also found to be over-
expressed in the brain immediately following seizures (39),

where it plays a well established role in the inflammatory
response (40,41). A research physician interested in the role
of Cox2 in epilepsy could, for example, compare these net-
works and identify brain-specific candidate genes to knock
out and study in combination with Cox2 inhibitor treat-
ment.

SUMMARY

FNTM provides biologists with a simple interface to ex-
plore the functional landscape of the genes and tissues rel-
evant to their experimental questions. FNTM integrates a
wide variety experimental data and curated knowledge to
predict tissue-specific function for over 200 tissues. By pro-
viding tissue-specific predictions of functional relationships
in a multi-tissue browser, FNTM allows users to compare
the predicted functional relationships to their genes of inter-
est across different tissues to better understand the molecu-
lar basis of tissue-specific phenotypes and to discover novel
targets of clinical intervention.

SUPPLEMENTARY DATA
Supplementary Data are available at NAR Online.

FUNDING

National Science Foundation (NSF) CAREER [DBI-
0546275]; National Institutes of Health [RO1 GM071966,
R0O1 HG005998 and T32 HG003284]; National Institute of
General Medical Sciences (NIGMS) Center of Excellence
[P50 GM071508]; Funding for open access charge: National
Institutes of Health.

Conflict of interest statement. None declared.

REFERENCES

1. Liotta,L.A. and Kohn,E.C. (2001) The microenvironment of the
tumour-host interface. Nature, 411, 375-379.

2. Cohen,C.D., Klingenhoff,A., Boucherot,A., Nitsche,A., Henger,A.,
Brunner,B., Schmid,H., Merkle,M., Saleem,M.A., Koller,K.-P. et al.
(2006) Comparative promoter analysis allows de novo identification
of specialized cell junction-associated proteins. Proc. Natl. Acad. Sci.
US.A., 103, 5682-5687.

3. Schmid,H., Henger,A., Cohen,C.D., Frach,K., Grone,H.-J.,
Schléndorff,D. and Kretzler,M. (2003) Gene expression profiles of
podocyte-associated molecules as diagnostic markers in acquired
proteinuric diseases. J. Am. Soc. Nephrol., 14, 2958-2966.

4. Hinkes,B., Wiggins,R.C., Gbadegesin,R., Vlangos,C.N., Seelow,D.,
Nirnberg,G., Garg,P., Verma,R., Chaib,H., Hoskins,B.E. et al.
(2006) Positional cloning uncovers mutations in PLCEI responsible
for a nephrotic syndrome variant that may be reversible. Nat. Genet.,
38, 1397-1405.

5. Boute,N., Gribouval,O., Roselli,S., Benessy,F., Lee,H.,
Fuchshuber,A., Dahan,K., Gubler,M.C., Niaudet,P. and Antignac,C.
(2000) NPHS2, encoding the glomerular protein podocin, is mutated
in autosomal recessive steroid-resistant nephrotic syndrome. Nat.
Genet., 24, 349-354.

6. Kestild,M., Lenkkeri,U., Médnnikko,M., Lamerdin,J., McCready,P.,
Putaala,H., Ruotsalainen,V., Morita,T., Nissinen,M., Herva,R. et al.
(1998) Positionally cloned gene for a novel glomerular
protein—nephrin-is mutated in congenital nephrotic syndrome. Mol.
Cell, 1, 575-582.

7. SaltieLA.R. and Kahn,C.R. (2001) Insulin signalling and the
regulation of glucose and lipid metabolism. Narure, 414, 799-806.

8. Quinlan,M.P. and Settleman,J. (2009) Isoform-specific ras functions
in development and cancer. Future Oncol. Lond. Engl., S, 105-116.

9T0Z ‘2T Jequeoaq uo AfiqiT afa|j0D uospireq e /610 feunoplojxo feu//:dny woJj papeojumod


http://nar.oxfordjournals.org/lookup/suppl/doi:10.1093/nar/gkv443/-/DC1
http://nar.oxfordjournals.org/

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

23.

24.

25.

. Guan,Y., Gorenshteyn,D., Burmeister,M., Wong,A.K.,

Schimenti,J.C., Handel, M. A, Bult,C.J., Hibbs,M.A. and
Troyanskaya,O.G. (2012) Tissue-specific functional networks for
prioritizing phenotype and disease genes. PLoS Comput. Biol., 8,
€1002694.

Eppig,J.T., Blake,J.A., Bult,C.J., Kadin,J.A., Richardson,J.E. and
Mouse Genome Database Group. (2015) The Mouse Genome
Database (MGD): facilitating mouse as a model for human biology
and disease. Nucleic Acids Res., 43, D726-D736.

Croft,D., Mundo,A.F., Haw,R., Milacic,M., Weiser,J., Wu,G.,
Caudy,M., Garapati,P, Gillespie,M., Kamdar,M.R. et al. (2014) The
Reactome pathway knowledgebase. Nucleic Acids Res., 42,
D472-D477.

Stark,C., Breitkreutz,B.-J., Chatr-Aryamontri,A., Boucher,L.,
Oughtred,R., Livstone,M.S., Nixon,J., Van Auken,K., Wang,X.,

Shi,X. et al. (2011) The BioGRID Interaction Database: 2011 update.

Nucleic Acids Res., 39, D698-D704.

Kerrien,S., Aranda,B., Breuza,L., Bridge,A., Broackes-Carter,F.,
Chen,C., Duesbury,M., Dumousseau,M., Feuermann,M., Hinz,U.
et al. (2012) The IntAct molecular interaction database in 2012.
Nucleic Acids Res., 40, D841-D846.

Barrett, T., Wilhite,S.E., Ledoux,P., Evangelista,C., Kim,L.F.,
Tomashevsky,M., Marshall,LK.A., Phillippy,K.H., Sherman,P.M.,
Holko,M. et al. (2013) NCBI GEO: archive for functional genomics
data sets—update. Nucleic Acids Res., 41, D991-D995.

Jiang,C.A., Leong,T.-Y. and Poh,K.-L. (2005) PGMC: a framework
for probabilistic graphic model combination. A MIA Annu. Symp.
Proc., 2005, 370-374.

Myers,C.L., Chiriac,C. and Troyanskaya,O.G. (2009) Discovering
biological networks from diverse functional genomic data. Methods
Mol. Biol., 563, 157-175.

Chen,M. and Hofestdadt,R. (2004) Web-based information retrieval
system for the prediction of metabolic pathways. IEEE Trans.
Nanobioscience, 3, 192-199.

Jansen,R., Yu,H., Greenbaum,D., Kluger,Y., Krogan,N.J., Chung,S.,
Emili,A., Snyder,M., Greenblatt,J.F. and Gerstein,M. (2003) A
Bayesian networks approach for predicting protein-protein
interactions from genomic data. Science, 302, 449-453.

Lee,I., Date,S.V.,, Adai,A.T. and Marcotte,E.M. (2004) A
probabilistic functional network of yeast genes. Science, 306,
1555-1558.

Myers,C.L. and Troyanskaya,O.G. (2007) Context-sensitive data
integration and prediction of biological networks. Bioinforma. Oxf.
Engl., 23, 2322-2330.

Wong,A K., Park,C.Y., Greene,C.S., Bongo,L.A., Guan,Y. and
Troyanskaya,O.G. (2012) IMP: a multi-species functional genomics
portal for integration, visualization and prediction of protein
functions and networks. Nucleic Acids Res., 40, W484-W490.
Zuberi, K., Franz,M., Rodriguez,H., Montojo,J., Lopes,C.T.,
Bader,G.D. and Morris,Q. (2013) GeneMANIA prediction server
2013 update. Nucleic Acids Res., 41, W115-W122.

Schmitt, T., Ogris,C. and Sonnhammer,E.L.L. (2014) FunCoup 3.0:
database of genome-wide functional coupling networks. Nucleic
Acids Res., 42, D380-D388.

Franceschini,A., Szklarczyk,D., Frankild,S., Kuhn,M.,
Simonovic,M., Roth,A., Lin,J., Minguez,P., Bork,P., von Mering,C.
et al. (2013) STRING v9.1: protein-protein interaction networks,
with increased coverage and integration. Nucleic Acids Res., 41,
D808-D815.

Pagel,P,, Kovac,S., Oesterheld,M., Brauner,B.,
Dunger-Kaltenbach.I., Frishman,G., Montrone,C., Mark,P.,
Stiimpflen, V., Mewes,H.-W. et al. (2005) The MIPS mammalian
protein-protein interaction database. Bioinforma. Oxf. Engl., 21,
832-834.

Nucleic Acids Research, 2015, Vol. 43, Web Server issue WI187

26.

217.

28.

29.

30

31

32.

33.

34.

35.

36.

37.

38.

39.

40.

41.

Mathelier,A., Zhao,X., Zhang,A.W., Parcy,F., Worsley-Hunt,R.,
Arenillas,D.J., Buchman,S., Chen,C., Chou,A., Ienasescu,H. et al.
(2014) JASPAR 2014: an extensively expanded and updated
open-access database of transcription factor binding profiles. Nucleic
Acids Res., 42, D142-D147.

Subramanian,A., Tamayo,P., Mootha,V.K., Mukherjee,S.,
Ebert,B.L., Gillette,M.A., Paulovich,A., Pomeroy,S.L., Golub,T.R.,
Lander,E.S. et al. (2005) Gene set enrichment analysis: a
knowledge-based approach for interpreting genome-wide expression
profiles. Proc. Natl. Acad. Sci. U.S. A., 102, 15545-15550.

Licata,L., Briganti,L., Peluso,D., Perfetto,L., lannuccelli,M.,
Galeota,E., Sacco,F., Palma,A., Nardozza,A.P., Santonico,E. et al.
(2012) MINT, the molecular interaction database: 2012 update.
Nucleic Acids Res., 40, D857-D861.

Smith,C.M., Finger,J.H., Hayamizu, T.F., McCright,L.J., Xu,J.,
Berghout,J., Campbell,J., Corbani,L.E., Forthofer,K.L., Frost,P.J.
et al. (2014) The mouse Gene Expression Database (GXD): 2014
update. Nucleic Acids Res., 42, D818-D824.

. Ashburner,M., Ball,C.A., Blake,J.A., Botstein,D., Butler,H.,

Cherry,J.M., Davis,A.P., Dolinski, K., Dwight,S.S., Eppig,J.T. ez al.
(2000) Gene ontology: tool for the unification of biology. Gene Ontol.
Consortium. Nat. Genet., 25, 25-29.

Greene,C.S., Krishnan,A., Wong,A.K., Ricciotti,E., Zelaya,R.A.,
Himmelstein,D.S., Zhang,R., Hartmann,B.M., Zaslavsky,E.,
Sealfon,S.C. et al. (2015) Understanding multicellular function and
disease with human tissue-specific networks. Nat. Genet.,
doi:10.1038/ng.3259.

Nguyen,M.-H., Koinuma,J., Ueda,K., Ito,T., Tsuchiya,E.,
Nakamura,Y. and Daigo,Y. (2010) Phosphorylation and activation of
cell division cycle associated 5 by mitogen-activated protein kinase
play a crucial role in human lung carcinogenesis. Cancer Res., 70,
5337-5347.

Schultz-Norton,J.R., Walt,K.A., Ziegler,Y.S., McLeod,1.X.,
Yates,J.R., Raetzman,L.T. and Nardulli,A.M. (2007) The
deoxyribonucleic acid repair protein flap endonuclease-1 modulates
estrogen-responsive gene expression. Mol. Endocrinol. Baltim. Md,
21, 1569-1580.

Singh,P., Yang,M., Dai,H., Yu,D., Huang,Q., Tan,W.,
Kernstine,K.H., Lin,D. and Shen,B. (2008) Overexpression and
hypomethylation of flap endonuclease 1 gene in breast and other
cancers. Mol. Cancer Res., 6, 1710-1717.

Sokolenko,A.P., Preobrazhenskaya,E.V., Aleksakhina,S.N.,
Iyevleva,A.G., Mitiushkina,N.V., Zaitseva,O.A., Yatsuk,O.S.,
Tiurin,V.1., Strelkova, T.N., Togo,A.V. et al. (2015) Candidate gene
analysis of BRCA1/2 mutation-negative high-risk Russian breast
cancer patients. Cancer Lett., 359, 259-261.

Kretschmer,C., Sterner-Kock,A., Siedentopf,F., Schoenegg, W.,
Schlag,P.M. and Kemmner,W. (2011) Identification of early
molecular markers for breast cancer. Mol. Cancer, 10, 15.
Wang,H.-C., Chiu,C.-F,, Tsai,R.-Y., Kuo,Y.-S., Chen,H.-S.,
Wang,R.-F., Tsai,C.-W., Chang,C.-H., Lin,C.-C. and Bau,D.-T.
(2009) Association of genetic polymorphisms of EXO1 gene with risk
of breast cancer in Taiwan. Anticancer Res., 29, 3897-3901.

Gately,S. and Li,W.W. (2004) Multiple roles of COX-2 in tumor
angiogenesis: a target for antiangiogenic therapy. Semin. Oncol., 31,
2-11.

Rojas,A., Jiang,J., Ganesh,T., Yang,M.-S., Lelutiu,N., Gueorguieva,P.
and Dingledine,R. (2014) Cyclooxygenase-2 in epilepsy. Epilepsia, S5,
17-25.

Seibert,K. and Masferrer,J.L. (1994) Role of inducible
cyclooxygenase (COX-2) in inflammation. Receptor, 4, 17-23.
Grosser,T., Fries,S. and FitzGerald,G.A. (2006) Biological basis for
the cardiovascular consequences of COX-2 inhibition: therapeutic
challenges and opportunities. J. Clin. Invest., 116, 4-15.

9T0Z ‘2T Jequeoaq uo AfiqiT afa|j0D uospireq e /610 feunoplojxo feu//:dny woJj papeojumod


http://nar.oxfordjournals.org/

