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Source: Caridade2013, doi: 10.3389/fimmu.2013.00378

Thus, given that developmental or functional anomalies of nTreg cells are
causative of autoimmune and other immunological diseases, it remains a key
issue to decipher at the molecular level [...] . immunol Rev. 2014 May;259(1):102-205. doi:

10.1111/imr.12174
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Application of Gene View
o0

Gene set extraction using text mining

GeneView is an online text mining tool integrating approx. 22M abstracts and full
texts. http://bc3.informatik.hu-berlin.de/, Thomas et al. 2012 [doi:10.1093/nar/gks563]
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@) o fulttext available In vitro generated Th17 cells support the expansion and phenotypic stal
S View at PubMed: 24080164 CDA4(+)Foxp3(+) regulatory T cells in vivo.

Qiong Zhou; Ya Hu; O M Zack Howard; Joost J Oppenheim; Xin Chen

Annotations: Cyfokine 2014
Hint: Click on @ highiighted entity in Abstract
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CD4(+) T cells stimulate immune responses through distinct patterns of cytokine produced by Thi, Th2 or Th17 cels.
B Genes ow or inhibit immune responses through Foxpa-expressing regulatory T cels (Tregs). Paradoxicall, effector T cells were

recently shown to activate Tregs, however, it remains unclear which Th subset is responsible for this effect. In this study,
e found ihat 7 cels expressed the highestlevelsof 1 among i i generaled T subsets, and most potenty
promoted expansion and stabilized FoxpS expression by Tregs when co-iransfered into Rag1 () mice. Both 111 and
I3 nraciieart b Th17 colle ~nfribillar tn thic affact Tha ctimiiatons affact of Th17 calls an Trene was larmehs

Mus musculus (Mouse) B

@ Named entity recognition (NER) of genes for each document
@ Extraction of context specific documents matching reg. expression

© Calculation of a p-value for each gene, that depicts its
over-representation in extracted documents using x?

© Filter genes (p < 0.05)


http://bc3.informatik.hu-berlin.de/

Application of Gene View
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Selected genes

o Extracted 399 genes

@ 194 of selected genes have
Immunome Knowledge
Base!(IKB) entries

@ 64 transcription factors (TFs),
including master TFs like
Foxp3, Tbx21, Rorv, Ifng,
Runx, Gata3, Stat3,Cxcr3, Tnf

@ 41 cytokines/chemokines
including IL-6, IL-10, IL-12,
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Created with: PANTER, Mi 2012, doi: 10.1093/nar/gks1118

Meta expression matrix of 364 extracted genes and 174 experiments

]'Ortutay and Vihinen 2009,BMC Immunology 2009 [doi:10.1186/1471-2172-10-3]
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Network reconstruction
o

Network reconstruction algorithms

Algorithm Method Performance Reference
ARACNE Relevance Network and DPI 40% precision on artificial data Margolin2006
CLR MI 24+ Context Likelihood of Relatedness 36% precision on e.coli data Faith2007
MRNET MI 24 Maximum Relevance Minimum Redundancy F-measure 0.1 to 0.45 on artificial data | Peng2005
Genie3 Decomposition into regression problems for each gene | < 6% precision on e.coli data Huynh-Thu2010
Coexpression | Spearman correlation

Consensus Combination of algorithms

o Consensus: aggregated edge score of integrated algorithms +

additional score « each time an edge is repeatedly inferred
edges algos

> > norm(ranks(e))+a,0<a<1

e a
o Edge weights translated to relative rank-based score for comparison
of inferred networks

2

MI - Mutual Information
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Evaluation

Evaluation

@ Evaluation using public databases
e MSigDB: a binding site of a node

in the sequence of an adjacent one MS:gD /E
e StringDB: two nodes share an
interaction i/

o KEGG / Reactome: two nodes StringDB Reactome
share a common pathway
@ Database information are integrated into a single list of edges,
here used as “gold standard” (GS)

@ Networks

o Text mining gene set: 364 genes and 20945 edges in GS
o Set of randomly selected genes: 364 genes and 1507 edges in GS
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Results - on different gene sets

Comparison of algorithms on top 270 edges

. Accuracy #TP edges
L COnSGnSUS T text mining random | text mining random
f(CLR, Genie3, Coexpression) | ARACNE 02520 00075 | 109 4
CLR 0,2414 0,0405 105 21
o Coexpression 0,2706 0,0169 115 9
° 0
> 10/_0 of the e.dges are Genie3 02245  0,0445 99 23
exclusively predicted by MRNET 02385 0,022 104 12
. Consensus (a=0) 0,2558 0,0385 110 20
a single method (except Consensus (a=1) | 0,2736  0,0385 116 20
Consensus)
@ Consensus: known edges
are high ranked, but Comparison of algorithms on all inferred edges
false p05|t|Ve rate Precision Network size
increases at lower ranks text mining random | text mining random
. ARACNE 04 0,028 280 6088
@ Recall for all algorithms CLR 0,376 0,024 740 42380
30/ Coexpression 0,422 0,032 275 14944
< o Genie3 0,363 0,023 1035 66066
MRNET 0,365 0,024 706 42049
Consensus 0,363 0,023 1035 66066
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Discussion & Conclusion

Conclusion

Conclusion

@ Text mining can be used to identify Treg-specific gene sets for
further analysis

@ Consensus approach aggregates good results of integrated
algorithms for top ranked edges.

Open tasks
@ Include more GRN reconstruction algorithms
@ Integrate further prior knowledge

@ Evaluate high ranked “unknown” edges
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