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Accurate Cell Network Computing requires 
executable models of cell interactions to

• Cells
• ECM
• Environmental factors (biomolecular, 

xeno/nanatechnologies)

MIND THE  GAP

Presenter
Presentation Notes
to achieve reusability, it is critical that NLP systems that structure textual information also map the information to a representation that provides codes linking the information in text to established ontologies 
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Grand Challenges in Science
What don’t we know?”
July 1st,  2005, Science Journal

Question 1.

What Is the universe made of? 
(…)
Question 4.

To what extent are genetic variation and personal health 
linked?
(…)
Question 17.

How will big pictures emerge from the sea of biological 
data?
(…)

Presenter
Presentation Notes
Motivation



More than one Cell Ontology?

Cell ontogenic classification
Functional groups

E.g. angiogenesis cells
Disease affected groups 
(Pathophysiology, morphology)

E.g. neovascularisation cells
Topological Location
Etc.

Presenter
Presentation Notes
- There may be a need for more than one ontology for cells; i.e., cell ontogenic classifications, vs functional groups, vs disease affected / responsive, vs location (remember before Linnaeus, other organism classifications already existed )�- Cell classification is both normative (describing tissues), and aberrant (various non-tree disease structures, since some neoplasms can be attained from different starting tissues)�- Cross-species comparisons will not always be straightforward, since many tissues only arise after some point in evolution, so equivalent types may be functionally close, but ontogenically different�- Need for compositional models (cell assembly 'instances') as well as classification schemes�- How about inter cellular phenomena: lumen spaces, interstitial, cell communication, gap junctions�- Consider how best to represent:   1. Different cellular states, e.g., activities, cell communications, gene/prot expression, infectious attacks   2. clonal mutations compared to neighboring cells   3. synaptic basis of memory   4. physical integrity and physical relations (pressures and gradients)   5. Various to different functions of same cytoskeletal components (tubulin, actin, myosin) in different contexts: roles of molecules depend on type and role of surrounding cell�- Useful to consider some different cellular examples for testing utility of CO:  1. burst cells to enucleated red cells  2. neurons and glia: roles, neuronal connections, electrical processing states, synaptic formation and maintenance  3. lymphocytic clones  4. cardiac muscle syncitia (multiple nuclei)  5. osteocytes and skeletal matrix  6. Scare formation and wound healing  7. vascular angiogenesis  �Important to effectively address medical related cell issues:- growth and tumorigenesis (control)- tissue pattern formation (e.g., gastrulation): normal and aberrant- correspondence between histological classifications and possible cellular type and internal states- cancer imaging- neural functional imaging- cell to tissue to system effects (liver processing of substances arriving from the portal vein to rest of vascular system )- inflammatory states and responses - response to disease, especially infection�



Cell Function Classification may 
require a Directed Acyclic Graph 
Structure

Normative
Description of tissues

Phylogenetic
Muscle cells “function” derived from 
distinct tissues in vertebrates and 
invertebrates

Aberrant
E.g. same neoplasms achieved from 
distinct initial cell types…



Consider Compositional 
Models of Cells

Cell assembly instances
Different cellular states, e.g., activities, cell 
communications, gene/prot expression, 
infectious attacks
Clonal mutations compared to neighboring cells
Synaptic basis of memory
Physical integrity and physical relations 
(pressures and gradients)
Various to different functions of same 
cytoskeletal components (tubulin, actin, myosin) 
in different contexts: roles of molecules depend 
on type and role of surrounding cell



Healthcare and Cellular 
Networks

Growth / tissue pattern formation 
e.g. tumorigenesis
e.g., gastrulation: normal and aberrant

correspondence between histological/morphological  
classifications and possible cellular type
cell to tissue to system effects 

liver processing of substances arriving from the portal vein 
to rest of vascular system 

inflammatory states and responses
E.g. infection

Imaging
neuroscience
cancer

Nantotechnology in medicine



National Center for Biomedical Computing: 
Initiatives in MAGNet
(Multiscale Analysis of Cellular and Genomic Networks)

geWorkbench, caBIG-caGRID-accessible
open-source software platform for bioloigists. 
genomic data integration, bringing together analysis and 
visualization tools for gene expression, sequences, pathways, and 
other biomedical data

https://cabig.nci.nih.gov/tools/geWorkbench

Communication of cellular‐molecular 
knowledge and data (previous work)

PhenoGO  (http://www.phenogo.org)
A Resource for the Multiscale Integration 
of Clinical and Biological Data

https://cabig.nci.nih.gov/tools/geWorkbench
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Previous work (1/3)

Statistical co-occurrences and rule mining in GO
(Single ontology- Review) Khatri P, Draghici S: Ontological analysis of gene  
expression data: current tools, limitations, and open problems. Bioinformatics 
2005, 21: 3587-3595. 
(Rule mining) Kumar A et al.  Dependence relationships between Gene 
Ontology terms based on TIGR gene product annotations. (CompuTerm 
2004), 31-38 
(text mining) Bada M, Hunter L. Enrichment of OBO 
ontologies.J Biomed Inform. 2007 Jun;40(3):300-15. Epub 
2006 Jul 26.  
(unadjusted GO-GO): Bodenreider O, Aubry M, Burgun A.  Non-lexical 
approaches to identifying associative relations in the gene ontology.Pac 
Symp Biocomput. 2005;:91-102.
(Multi-ontologies Adjusted Co-occurrences, Biological modules: 
Phenotype-GO-PFAM-KEGG) Liu Y, Li J, Sam L, Goh CS, Gerstein M*, 
Lussier YA*. From phenotypes to genotypes: A meta-genomic approach to 
uncover the molecular mechanisms of prokaryotic traits. PLoS Computational 
Biology, 2006 2(11): 1419-1435 

Presenter
Presentation Notes
Blake. We combine concepts from two orthogonal vocabularies to generate a larger, more specific vocabulary The 2 statistic has a chi-square distribution, specified by its degrees of freedom.There is one degree of freedom in the case of two-way contingency tables forbinary variables. A large value of the 2 statistic indicates a deviation from theexpected frequencies. In this case, i.e., when the corresponding P-value is lowerthan the usual .05 threshold, the hypothesis of statistical independence is rejectedand the association is considered statistically significant. One limitation of thechi-square test is that all expected frequencies are required to be 5 or more. Inpractice, this condition cannot be met if the frequency of the terms is small.An alternative to the Pearson’s chi-square test is the likelihood ratio test(also called G-test or G-square test). The G2 statistic compares the maximum ofthe likelihood function under two circumstances: 1) under the hypothesis ofindependence and 2) under the general, observed conditions. Like the 2 statistic,the G2 statistic has a chi-square distribution (also with one degree of freedomin our setting). Interestingly, the G2 statistic does not have the minimum expectedfrequency requirements imposed by the 2. However, for the G2 statisticto be computed, all observed frequencies must be greater than 0.In practice, for each pair of terms, we first attempt to compute a G2 statistic.A 2 statistic is used instead when the requirements are not met for G2. Finally,the association is ignored if it fails to meet both G2 and 2 requirements. Becauseof the low frequency of co-occurrence of the terms in this case, identifying theirassociation is of little interest anyway.While both 2 and G2 indicate the existence of an association between twovariables, neither one describes the strength of the association. Several similaritycoefficients have been developed for this purpose 9, which could be used toselect the pairs of terms exhibiting a strong association. In this study, however,we simply included all pairs of terms for which the test indicated a statisticallysignificant association, regardless of the strength of the association.(no control for multiple comparisons, no search for regional minimum)
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Previous work (2/3)
Text-based Integration

Computational terminology
• Lexico-semantic 

• Cimino J, Barnett O. Automated translation between medical terminologies using 
semantic definitions. MD Comput. 1990 Mar-Apr;7(2):104-9. 

• (GO-UMLS) Cantor MN, Sarkar IN, Gelman R, Hartel F, Bodenreider O, Lussier YA. An 
evaluation of hybrid methods for matching biomedical terminologies: mapping the gene 
ontology to the UMLS. Stud Health Technol Inform. 2003;95:62-7.

• Lexical: Aronson AR.  Effective mapping of biomedical text to the UMLS 
Metathesaurus: the MetaMap program. Proc AMIA Symp. 2001;:17-21

• Compositional – lexical - semantic
• “Minimal Representable Units Method”. Zeng Q, Cimino JJ. Mapping medical 

vocabularies to the Unified Medical Language System. Proc AMIA Annu Fall Symp. 
1996;:105-9. 

• (GO-GO). Ogren, P.V., Cohen, K.B., Acquaah-Mensah, G.K., Eberlein, J. & Hunter, L. 
The compositional structure of Gene Ontology terms. Pac Symp Biocomput, 214-25 
(2004) 

• (MP-SNOMED) Lussier YA, Li J. Terminological mapping for high throughput 
comparative biology of phenotypes. Pac Symp Biocomput. 2004;:202-13.

• (Term-SNOMED). Shah N, Rubin D, Supekar K, Musen M. AMIA Annu Symp Proc  
2006; 709-13. Ontology-based Annotation and Query of Tissue Microarray Data.

• Combinatorial (GO terms): Hill DP, Blake JA, Richardson JE, Ringwald M.  
Extension and integration of the gene ontology (GO): combining GO vocabularies with 
external vocabularies. Genome Res. 2002 Dec;12(12):1982-91

Presenter
Presentation Notes
Blake. We combine concepts from two orthogonal vocabularies to generate a larger, more specific vocabulary The 2 statistic has a chi-square distribution, specified by its degrees of freedom.There is one degree of freedom in the case of two-way contingency tables forbinary variables. A large value of the 2 statistic indicates a deviation from theexpected frequencies. In this case, i.e., when the corresponding P-value is lowerthan the usual .05 threshold, the hypothesis of statistical independence is rejectedand the association is considered statistically significant. One limitation of thechi-square test is that all expected frequencies are required to be 5 or more. Inpractice, this condition cannot be met if the frequency of the terms is small.An alternative to the Pearson’s chi-square test is the likelihood ratio test(also called G-test or G-square test). The G2 statistic compares the maximum ofthe likelihood function under two circumstances: 1) under the hypothesis ofindependence and 2) under the general, observed conditions. Like the 2 statistic,the G2 statistic has a chi-square distribution (also with one degree of freedomin our setting). Interestingly, the G2 statistic does not have the minimum expectedfrequency requirements imposed by the 2. However, for the G2 statisticto be computed, all observed frequencies must be greater than 0.In practice, for each pair of terms, we first attempt to compute a G2 statistic.A 2 statistic is used instead when the requirements are not met for G2. Finally,the association is ignored if it fails to meet both G2 and 2 requirements. Becauseof the low frequency of co-occurrence of the terms in this case, identifying theirassociation is of little interest anyway.While both 2 and G2 indicate the existence of an association between twovariables, neither one describes the strength of the association. Several similaritycoefficients have been developed for this purpose 9, which could be used toselect the pairs of terms exhibiting a strong association. In this study, however,we simply included all pairs of terms for which the test indicated a statisticallysignificant association, regardless of the strength of the association.(no control for multiple comparisons, no search for regional minimum)
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Previous work (3/3)

Literature mining
• Indexing 

• Jensen LJ, Saric J, Bork P. Literature mining for the 
biologist: from information retrieval to biological 
discovery. Nat Rev Genet. 2006 Feb;7(2):119-29. 
Review.  

• Hybrid: natural language processing and lexico-
semantic (GO, CT, MP, MA, UMLS)

• PhenoGO: assigning phenotypic context to gene 
ontology annotations with natural language 
processing.  Lussier Y, Borlawsky T, Rappaport D, 
Liu Y, Friedman C. Pac Symp Biocomput. 
2006;:64-75.

Presenter
Presentation Notes
Blake. We combine concepts from two orthogonal vocabularies to generate a larger, more specific vocabulary The 2 statistic has a chi-square distribution, specified by its degrees of freedom.There is one degree of freedom in the case of two-way contingency tables forbinary variables. A large value of the 2 statistic indicates a deviation from theexpected frequencies. In this case, i.e., when the corresponding P-value is lowerthan the usual .05 threshold, the hypothesis of statistical independence is rejectedand the association is considered statistically significant. One limitation of thechi-square test is that all expected frequencies are required to be 5 or more. Inpractice, this condition cannot be met if the frequency of the terms is small.An alternative to the Pearson’s chi-square test is the likelihood ratio test(also called G-test or G-square test). The G2 statistic compares the maximum ofthe likelihood function under two circumstances: 1) under the hypothesis ofindependence and 2) under the general, observed conditions. Like the 2 statistic,the G2 statistic has a chi-square distribution (also with one degree of freedomin our setting). Interestingly, the G2 statistic does not have the minimum expectedfrequency requirements imposed by the 2. However, for the G2 statisticto be computed, all observed frequencies must be greater than 0.In practice, for each pair of terms, we first attempt to compute a G2 statistic.A 2 statistic is used instead when the requirements are not met for G2. Finally,the association is ignored if it fails to meet both G2 and 2 requirements. Becauseof the low frequency of co-occurrence of the terms in this case, identifying theirassociation is of little interest anyway.While both 2 and G2 indicate the existence of an association between twovariables, neither one describes the strength of the association. Several similaritycoefficients have been developed for this purpose 9, which could be used toselect the pairs of terms exhibiting a strong association. In this study, however,we simply included all pairs of terms for which the test indicated a statisticallysignificant association, regardless of the strength of the association.(no control for multiple comparisons, no search for regional minimum)



A Problem of Specificity in the GO Model:
The Foxn1nu/Foxn1nu mouse

MGI: Foxn1nu /Foxn1nu

OMIM (NCBI): In 2 sisters with T-cell 
immunodeficiency, congenital alopecia

PMID: 16232301 
Nude (Foxn1(nu)/Foxn1(nu)) 
mice develop largely normal hair 
follicles and produce hair shafts. 
Since hair shafts fail to penetrate 
the epidermis, macroscopic 
nudity results …
MH  - Hair Follicle
MH  - Mice, Nude/anatomy & 
histology/genetics/physiology

GO 24 annotations for FOXN1
“ T-lymphocyte function”
“impaired embryonic morphogenesis” 
“keratinocyte differentiation”

Current GO model implies a 
unicellular organization



Overview

Introduction/Previous Work
Updates
Web Interface
Evaluation

Comprehensive
Disease annotation specific
Cell annotation specific

Applications
Diseases
cell

Presenter
Presentation Notes
Today I’m going to first introduce you to the PhenoGO database and our previous work on it, and then tell you about our updates to the database. Then we’ll look at the web interface and how you can get access to the data. After that I’ll tell you about the three evaluation studies we did to check the quality of the data. Finally I’ll tell you about our own application of the data to relate phenotypically similar diseases through shared protein interaction networks.



Introduction/Previous Work

The PhenoGO database – adding context to Gene 
Ontology Annotations
Open standards

Standardized ontologies and coding systems
• Genes: MGI, SwissProt, UniGene, etc…
• Phenotypes/contexts: Mammalian Phenotype Ontology, 

UMLS, Cell Type Ontology, MeSH, etc…

2006
260,049 gene-GO-cell&anatomy context annotations
Specifically focused on the mouse

Lussier Y, Borlawsky T, Rappaport D, Liu Y, Friedman C. PhenoGO: assigning 
phenotypic context to gene ontology annotations with natural language 
processing. Pac Symp Biocomput. 2006;:64-75.

Presenter
Presentation Notes
The PhenoGO database contains phenotypic context for existing Gene Ontology annotations.  We built our database using open standards, which is to say that these gene-GO-context relationships are all represented using standardized coding schemes. Genes are represented using a number of accession systems including MGI, SwissProt, and UniGene. Similarly, the contextual annotations are represented in structured schemes including the Mammalian Phenotype Ontology, the UMLS, the Cell type ontology, and the medical subject headings. Our first release of the database in 2006 was mouse specific, and contains about 260,000 distinct phenotypic annotations. 



The PhenoGO Encoding Pipeline

Lussier Y, Borlawsky T, Rappaport D, Liu Y, Friedman C. PhenoGO: assigning phenotypic context to gene 
ontology annotations with natural language processing. Pac Symp Biocomput. 2006;:64-75.

Text

Existing Annotations

Presenter
Presentation Notes
This is a diagram of the PhenoGO knowledge encoding pipeline. There are two parallel pathways though which knowledge can become encoded in the PhenoGO pipeline, both of which draw from Pubmed. The top pathway leverages the BioMedLEE natural language processing system to 



Database Expansion

Addition of ten 
additional species
Addition of 
diseases and 
disease-associated 
clinical phenotypes

Database now 
includes:

Schizosaccharomyces 
pombe
Saccharomyces cerevisiae
Caenorhabditis elegans
Drosophila melanogaster
Drosophila sp.
Danio rerio
Gallus gallus
Homo sapiens
Bos taurus
Mus musculus
Rattus norvegicus

www.phenogo.org. Pac Symp Biocomput. 2006;:64-75.

Presenter
Presentation Notes
Using that same pipeline, we’ve substantially increased the amount of knowledge in the database – we now have a total of eleven species in the database (as shown on the right). Notably, we’ve also added the disease and clinical phenotype category which I’ll talk more about in the next slides.

http://www.phenogo.org/


Database Contents

658,041 distinct 
PMID-gene-GO-
context annotations

Taxon Name # Annotations

4896 Schizosaccharomyces 
pombe 344

4932 Saccharomyces 
cerevisiae 4,192

6239 Caenorhabditis elegans 12,212

7227 Drosophila 
melanogaster 91,782

7242 Drosophila sp. 238

7955 Danio rerio 3,142

9031 Gallus gallus 358

9606 Homo sapiens 102,262

9913 Bos taurus 804

10090 Mus musculus 427,275

10116 Rattus norvegicus 15,432

Total 658,041
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www.phenogo.org. Pac Symp Biocomput. 2006;:64-75.

Presenter
Presentation Notes
This slide shows what we’ve got in the database and where it is. We now have more than 650,000 distinct annotations associated with the eleven species that are now in the database. 

http://www.phenogo.org/


Diseases and Disorders

78,947 total 
annotations 
associated with 
diseases and 
disorders

69,899 Human and 
mouse annotations
3,209 distinct 
disease and 
disorders of 6,084 
distinct contexts
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human mouse
www.phenogo.org. Pac Symp Biocomput. 2006;:64-75.

Presenter
Presentation Notes
Mice and humans are typically the two systems of the most interest when it comes to diseases and disorders. Together they make up almost 70 thousand of the about 79 thousand annotations associated with diseases and disorders. Looking at the entire set of annotations, we have 3209 distinct coded diseases and disease-associated phenotypes, out of the total 6084 distinct contexts – so diseases make up about about 50% of the contexts in the database.

http://www.phenogo.org/


Web Query: Basic

Runs a query analogous to an SQL OR 
for the search terms

Presenter
Presentation Notes
Checkboxes for a combination of gene phenotype GO and full text name, can entrer name or code



Web Query: Advanced

Runs a query analogous to an SQL 
AND for the search terms

Presenter
Presentation Notes
Gene-go-phenotype



Hierarchical Query

Query for more 
specific descendent 
terms
Uses a number of 
ancestor-
descendent tables 
to build a SQL 
query

GO:0001558: 
regulation of cell 

growthGO:0030308: 
negative regulation of 

cell growth
GO:0030307: positive 

regulation of cell 
growth

GO:0051510: 
regulation of 

unidimensional cell 
growth

GO:0001559: 
regulation of cell 

growth by detection of 
nuclear:cytoplasmic 

ratio

GO:0001560: 
regulation of cell 

growth by 
extracellular stimulus

www.phenogo.org. Pac Symp Biocomput. 2006;:64-75.

http://www.phenogo.org/


Result Formats

HTML-formatted 
table

Tab-delimited text



Evaluations
Comprehensive Evaluation
Cell Ontology-specific Evaluation
Disease Annotations-specific Evaluation



Evaluation Methodology

Precision:
A set of randomly extracted entries 
was extracted and each was 
evaluated for correctness manually

Recall
Randomly extracted sentences were 
presented to evaluators and each was 
checked to exist in the database if it 
made sense

www.phenogo.org. Pac Symp Biocomput. 2006;:64-75.

Presenter
Presentation Notes
Recall check if information is relevant/pertinent

http://www.phenogo.org/


Comprehensive Evaluation
2 Experienced 
Evaluators with 
biological 
backgrounds
n = 300 phenotypic 
annotations 
evaluated 
independently
Precision: 85% (95% 
CI: 82%-89%)
Recall: 76% (95% CI: 
69-83%)
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Presenter
Presentation Notes
The first evaluation we did was comprehensive across the semantic types represented in the database. Our two heroic evaluators, both of whom had previous biological training, looked at a total of three hundred annotations to evaluate precision for the set. 



Cell Ontology-Specific Evaluation

2 Experienced 
Evaluators with 
biological 
backgrounds
n = 50 cell ontology-
specifc annotations
Precision: 88% (95% 
CI: 82%-94%)
Recall: 79% (95% CI: 
69%-89%)
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Presenter
Presentation Notes
We did an evaluation of the Cell Ontology specific annotations because this expansion of the database 



Disease-Specific Evaluation

2 Experienced 
Evaluators with 
biological 
background
n = 50 disease and 
disease-associated 
clinical phenotypes 
evaluated 
independently
Precision : 80% 
(95% CI:69%-90%)
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Presenter
Presentation Notes
We had already completed the comprehensive and cell-ontology annotations when we did another update to the database, which added a substantial number of disease annotations, and we thought it would be [a good idea] to measure the precision of this specific subset of data.



Applications
Gene-Phenotype 
annotations play a 
central role in the study 
of the networks 
associated with human 
disease
Approaches

Manual annotation
• Krauthammer M, et 

al., PNAS (2004)
• Goh, et al., PNAS

(2007)
NLP

• Lage, et al., Nature 
Biotech. (2007)

Source: Barabási AL., N Engl J Med. 2007 Jul 26;357(4):404-7
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Methodology Lussier PSB 12:76-87(2007)

Reactome: Protein-Protein Interaction network
PhenoGO: Phenotype-genotype association

Accrual Standardization Integration            Discovery           

Presenter
Presentation Notes
Essentially, we took the two respources and integrated them to find common shared proteins. From that set of shared proteins, we applied a statistical method, using the hypergeometric distribution, to find shared networks between diseases. 
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What do we have data on?
(Lussier. Pac Symp Biocomp 2007)

ReactomePhenoGO

7016
Human
Disease
proteins

1140
proteins

176
proteins

126,147 
protein –
protein 
entries

101,711 
disease –

protein 
entries

~7,000 
entries

Presenter
Presentation Notes
176 is just the shared
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D
isease BD

is
ea

se
 A

Highly connected hubs create biases 
when counting nodes or edges 
between disease proteins

Nodes:
= disease A proteins
= disease B proteins
= Network proteins

Edges = prot-prot interac.
6/8 shared interactions 
partners are due to only 2 
endpoints

Examples of Hubs:
RPS10 (118 partners)
ERCC2 (125 partners)

Intermediary Network Proteins

(Lussier. Pac Symp Biocomp 2007)

Presenter
Presentation Notes
The protein interaction network scale-free architecture causes statistical problems when using the node-based approach due to the high connectivity of hubs. The presence of hubs in either of the two ERCC2 has 125 complex/interaction partnersRPS10 (40S ribosomal protein S10) 118 partners
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Measure of Shared 
Disease Proteins Networks:
Counting combinations of disease pairs is scalable

For diseases A and B, 
count unique 
connected disease-
protein pairs 
regardless of:

• the number of 
pathway(s) per pair

• The number of 
intermediary proteins 
in the network

D
is

ea
se

 A

D
isease B

p1

p2

p3

p1

p2

p5

p6

(Lussier. Pac Symp Biocomp 2007)

Presenter
Presentation Notes
Permutation based : p1-p2 and p2-p1We use a combination rather than a permutation based statistic



Discovery of Shared Phenotype-
Associated Protein Interaction 
Subnetworks 

Integration of:
The Reactome protein-
protein interaction 
network
Human-specific 
PhenoGO gene-
disease associations

Resulting in 11,703 
disease-disease 
comparisons

UMLS ID Disease 1 UMLS ID Disease 2 Corrected 
pvalue

C0009207 Cockayne 
Syndrome C0043346 Xeroderma 

Pigmentosum 8.5e-18

C0043346 Xeroderma 
Pigmentosum C0085390 Li-Fraumeni 

Syndrome 4.9e-06

C0007001
Carbohydrate 
Metabolism, Inborn 
Errors

C0002514
Amino Acid 
Metabolism, 
Inborn Errors

6.2e-05

C0009404 Colorectal 
Neoplasms C0950123 Genetic Diseases, 

Inborn 5.0e-05

C0085390 Li-Fraumeni 
Syndrome C0009207 Cockayne 

Syndrome 1.9e-04

Sam L, Liu Y, Li J, Friedman C, Lussier YA. Discovery of protein interaction networks shared by diseases. 
Pac Symp Biocomput. 2007;:76-87.

Presenter
Presentation Notes
Most recently, our own application of the data in PhenoGO was focused on looking at the common overlap of clinical phenotypes and disease though the human protein-protein interaction network. We integrated the Reactome protein interaction knowledgebase with the gene-disease annotations in PhenoGO. This resulted in 11,703 disease-disease comparisons. Our top 5 results are shown on the right along with their multiple-testing corrected p-values.
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Example: Cockayne and XP

Pac Symp Biocomput. 2007;:76-87.

Presenter
Presentation Notes
This is a representation of our top hit, a relationship between Cockayne syndrome and xereoderma pigmentosum, which serves as a proof of concept. The nodes in the top third represent proteins shared between the two diseases, while the other two thirds represent the individual proteins annotated to only one of the pair. The green lines represent interactions between the proteins. 
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Top Results
UMLS ID Disease 1 UMLS ID Disease 2 P-PI

(#) pvalue

C0009207 Cockayne Syndrome C0043346 Xeroderma Pigmentosum 38 7.3e-22

C0043346 Xeroderma Pigmentosum C0085390 Li-Fraumeni Syndrome 24 6.7e-11

C0007001 Carbohydrate Metabolism, 
Inborn Errors C0002514 Amino Acid Metabolism, 

Inborn Errors 9 8.3e-10

C0009404 Colorectal Neoplasms C0950123 Genetic Diseases, Inborn 16 6.7e-10

C0085390 Li-Fraumeni Syndrome C0009207 Cockayne Syndrome 16 2.7e-09

C0009404 Colorectal Neoplasms C0015625 Fanconi's Anemia 8 1.5e-05

C0009404 Colorectal Neoplasms C0085413 Polycystic Kidney, Autosomal 
Dominant 8 1.5e-05

C0024141 Lupus Erythematosus, Systemic C0004364 Autoimmune Diseases 4 9.3e-05

C0024314 Lymphoproliferative Disorders C0004364 Autoimmune Diseases 6 1.3e-04

C0024314 Lymphoproliferative Disorders C0024141 Lupus Erythematosus, 
Systemic 6 1.3e-04

Pac Symp Biocomput. 2007;:76-87.

Presenter
Presentation Notes
This is a list showing more of our results and the 95% cutoff, which is actually variable because it depends on the type of multiple-testing correction done. Colorectal neoplasms and fanconi still not biologically validated, gives molecular hypothesis to link, 2 Science papers about fanconi and breast cancer. 
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Proof of concept

Fanconi Anemia and Breast Cancaer
Susceptibility. Nature Genetics 
39(2);2007.
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Results after multiple-testing 
adjustment

Dunn-Sidak correction

5 significant results
Bonferroni-type 
method
Less severe, but still 
very conservative
Study r = 11,703 
comparisons

Permutation Resampling
162 significant results
Uncorrected p < .092 
for 5% error rate
How much does the p-
value depend on which 
gene-phenotype 
associations exist?
Build background 
sample from 
randomized gene-
phenotype data
1000 iterations

rpp )1(1' −−=
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Assign gene/GO using 
Cell Ontology’s structure

CL:0000542
lymphocyte

CL:0000084 
T cell

CL:0000236
B cell

MGI:98384

Existing relation in PhenoGO: MGI:98384—CL:0000084
Inferred relation: MGI:98384—CL:0000542
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CL: Lymphocytes GO: Lymphocyte
activation

CL: T Cell

CL: B Cell
GO: T Cell activ.

GO: B Cell activ

Cell Ontology Gene Ontology

Evaluate relationships between GO and CO
identify shared genes between each pair of node, 
and calculate probability of the distribution
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Lymphocytes 
(CL:0000542)

Lymphocyte activation
(GO: 0046649)

228 genes

106 genes (0 directly from 
PhenoGO,106 inherited 

descendents)

461 genes (187 directly 
from PhenoGO,274 

inherited descendents)

89 genes
P=2.5E-55

T-cell 
(CL:0000084)

330 genes 68 genes
60 genes
P=7.0E-46

T cell activation
(GO: 0042110)

B-cell
(CL:0000236)

35 genes
P=1.8E-26 47 genes

B cell activation
(GO: 0042113)

Genetic Scalar Analysis of Phenotypes 
(geneSAP - unpublished) (mouse)
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Clustering of mouse CO-GO

unpublished.
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Lymphocyte cluster in mouse

Presenter
Presentation Notes
"CL:0000206" "chemoreceptor cell" "GO:0016021" "integral to membrane" +4.45491447896816E-031 "CL:0000066" "epithelial cell" "GO:0045216" "intercellular junction assembly and maintenance" +8.2096874 6447658E-003 
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Lymphocyte cluster in mouse

Presenter
Presentation Notes
"CL:0000206" "chemoreceptor cell" "GO:0016021" "integral to membrane" +4.45491447896816E-031 "CL:0000066" "epithelial cell" "GO:0045216" "intercellular junction assembly and maintenance" +8.2096874 6447658E-003 
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geneSAP Results 
Paradigm (subsumed microparadigms)

Mouse
1,030 (7,998)
GO-CL; p<.05
CO: 136 (48)
GO: 553 (480)
Precision > 75%

Drosophila
400 (2,158)
GO-CL; p<.05 
CO: 41 (25)
GO: 285 (307)
Precision > 85%

Presenter
Presentation Notes
�distinct CO-GO pairs in all phenogo fly overlap with regional minimum FLY_Y_Y.txt is 150. �distinct CO-GO pairs in all phenogo mouse overlap with regional minimum MOUSE_Y_Y is  376 ��distinct CO-GO pairs in all phenogo fly overlap with statistically significant 05a_CO_GO_mapping_FLY_0.05.txt  is 896. �distinct CO-GO pairs in all phenogo mouse overlap with statistically significant 05a_CO_GO_mapping_MOUSE_0.05.txt is  2750 



Discussion

Proposed some solutions
Needs for ontologies and more

Relate clinical and biological narratives to structured 
model with OBO Ontologies
Undefined relationships in OBO

• Controlled relationships between OBO ontologies
• ontology of relationships (S Lewis 2007)

Usefulness of higher order information models
• Ternary gene-GO-CL, gene-GO-MP…
• Quaternary?
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