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IJARC Monographs —the encyclopedia of carcinogenic agents
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Cancer hazard identification process
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Need to develop new computational approaches orioritios by the Advisory group
to utilize literature and chemical databases for the 2019

cancer hazard identification process.

Which chemical agents should be nominated and evaluated ? > *Chemical prioritization



How to prioritize chemical
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1) Chemical text mining
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Provided an overview of available relevant literature data

as well as highlighted the research gaps. PMID:33984576

www.cancer.idsl.me
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2) Chemoinformatics clustering of chemicals
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Chemical similarity map of ~1000 pesticides

Provided a logical grouping of chemically similar agents
to be evaluated in a single IMO meeting.
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Chemical structure clustering of prioritized agents by
the advisory group (2019) for IARC Monographs

PMIDs: 33984576, 31005580, 27164621, 32593317
www.cancer.idsl.me



3) Database fusion
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Provided a useful list of candidate exposome chemicals and their

coverage in high priority regulatory and toxicology databases.
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Exposome and the cancer hazard identification
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Multi-omics analyses

H H EA Human Health Exposure
Analysis Resource

https://hnhearprogram.org/
Exposome research have a great potential to fill gaps in the evidence-base for cancer hazard
identification. HHEAR public data will be a first of its kind to support such investigations.



Conclusions

1. IARC Monographs uses a systematic and complex process to identify
cancer hazards.

2. The process requires engagement among public, scientific experts,
advisory board and IMO scientists.

3. The process can be benefitted by a data science approach of chemical
text mining, chemoinformatics and database fusion to prioritize agents.

4. A computational approach has been developed to facilitate agent
prioritization (cancer.idsl.me).

5. EXposome research has a great potential to fill research gaps in key
characteristics of an agent to be classified as a carcinogen.
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