From genes, proteins, metabolites, tissue analytics and literature
towards a coherent knowledgebase: Semantics at work

Erich A. GombocZzV, Robert A. StanleyV, Toshiro Nishimura 1, Chuck Rockey!)

110 Informatics2550 Ninth Street, Suite 11Berkeley, CA 94710).S.A[Correspondencezgombocz@ienformatics.con

Summary
To gain understanding of complex pharmacodynamic responses to a treatment in respect to its bene
and adverse effects within the organism has been extremely difficult. Experimental observations alo
even when obtained from different experimental techniggesannot be meaningfully related to each
other, let alone to systems biological functions.

In this work, we use a data integration approach which aims to remedy such obstacles. This is M = == = e

through coherent merging of findings from gene expression profiling, proteomics, metabolite analysis

tissues analytics into a network representation ihish data have been classified and categorized in
regards to their relationships to each other. The common ontology knowledgebase then is furt
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databases, UniProt, IntAct, BioGrid, KEGG, HMDB) and mined literature to assist in mapping-of

pathway relationships to experimental observations. To make such a technigue generally applica

requires recognition and reconciliation of different existidxonomies, incompatible semantic data

models and standards and to consolidate vocabularies for data classes, terms and their relationShifll | e s " a1
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of the nev, merged ontology tree whenever needétie resulting ontological, graphical visualization can
then be used to describe, link, browse and search potential biomarkers according to their correl
responses to perturbation, within a systems biology enwirent.

pathological changes. Strength and broadapplicability of semantics to link pharmacodynamic
correlationsfunctionally within the biochemicaletwork are discussedsing examples of mWOMICS

toxicity responses in different tissues and across several known chemotoxicants. The ability to de|-

knowledge about biological processes and their intertwined interactions and its applicability easesn
of different experimental models are demonstrated.

Challengs

¢ Metabolic and gene expressioccthanges mayesult from same toxic insult despite representing
very different biological processes.

e There is no direct relationship betweehgrmacodynamicarrelationsand functions in biological
systems networks.

e General data coherencesourcedata categorized in different taxonomies; normaliizat issues,
term inconsistencies and property disparitiasross large, complex experimental data sets

¢ In many cases, data relationships are not a priori contained in the data sets

¢ Complexity andack of intuitive, sciencdriven toolsfor network analysisnakes such approaches
non-appealing to researchers.

e Multiple, incompatible semantic standards make miglg towards a common ontology extremely
difficult; this also impacts applicability of query and reasoning.

e Scalability and performance issues confine most network approaches to relatively small datase

Experimental Modes

Hepatotoxicity study

¢ Panel ofseveralhepatotoxicants, single oral dose (placebo, low, mid, high) in groups of 4 rats,
6, 24 and 48 hrs.

e Metabolomic analysis of liver, serum andngi(1603 metabolites).

e Microarray analysis of liver and whole blood (31096 transcript prpbes

Alcohol study

e High dosed.i.d. for four days, with and without 24h withdrawal
¢ Metabolic analgis of plasma, liver and brain

e Microarray analysis of liver and brain

Process

¢ Identify metabolites and genes with significant perturbation-fL€ and GERnalysis).

e Select robust correlations between independent analytical results

e Map results into a semantic framework to visualize, investigate and analyze data relationships.

e Associate significant elements of those networks with reference data sources

e Use thesauri to consolidate data class and relationship synorgimisgombine experimental data
with literature

e Map pathway enzymes from public sources to experimental data aatgeninto a common
ontology networkacross taxonomies and standards

e Apply criteria such as weighing andonnection depth to reduce network complexity for
visualization.

e Perform graphica) textualand SPARQL querigs specifymulti-parametric conditions (such as
time/dose dependenciespnd re-plot the results assub-networksto qudify potential biomarker
panels.

e Output the knowledgebase to RDF, N3 or triplstore backendfor inference, reasoning and
iterative improvements of the underlying model.

Applicability
e Decode underlying mechanisms of complex biological functions thruisgfalization exploation
andnetwork analysis oéxperimental observations in context
e Optimize therapeutic effect and minimize toxicity in disease treatimen
e Generateknowledge about biological processitem different expeimental modelsto validate
the best animal model for complex diseases.

Results
e Merging of multimodal datasets into a common ontology knowledgebase association with
canonical reference sources provides insights in complex processes on the organism level
e The method of semantinitegration can be applied across different experimental models.
e The presented network viewaran comfortably handle one million assertions in mem@ty2GB
of RAM), and is able to directly query the knowledgebase.
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Figl: Semantic data mergingQuery gene expressiofteft), merging with metabolic changes into a common

ontologyin{ SY G A Sy i Yy 2 éCohRahetsbélicdhandeB atidssicants areeasilyrevealed(right).
Genetic and metabolic changes typically occur at lower doses and earlier times than those that procf¥
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{gr cellular processes and pathwaieft). Entréz Gene is mapped to experimental gene expression profiling (right).
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Fig.3 Biological mechanissrevealed across experimental modelsnmplexity reduction through graphical queries.

Conclusions
Using a semantic, common ontology framework to explore toxic perturbations in large metabolic anc
genomic datasets across several toxicants and different tissues, we were able to:
e Correlate metabolite®nd genesacross differentreatments toascertaincommonality of effects
for a class of drugs.
e Review effectacross tisses tofind commonmetabolicmarkers in the most accessilissue for
diagnostics
e Validate changes in biomangeassociated with known common mechanisms of tox{cikydative
stress Glutathionmetabolism], liverfunction [Bile acid and Urea cycl&letoacidosis
e Detect biological similaritiesven in cases of different experimental models.
e Discover newpharmacodynamically and biolmglly linked components and investigate their
functional relevancy.
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