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1. How Does a Normal Cell Become a Cancer Cell? 3. Sets of Carcinogens and Noncarcinogens 6. Iterative Imputation

9. KCC Scores for Carcinogens

We compiled collections of carcinogen classifications from U.S. and international organizations including:
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run on the National Institutes of Health’s Biowulf high-performance
computing server, with each run allocated 32 CPUs, 100MB of
memory, and 100 hours of computation.

(Smith et al., 2016).

KCC1: Electrophile or Can Be https://hpc.nih.gov/

_ . Modern iterative imputers allow us to integrate more data mapped on each KCC to build the most robust
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e imputation model and carcinogenic profile. We are using BioBricks.ai to bring more data into the modeling.
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4. Tox21 Program Assays

D A Bioinformatics Data Registry
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There is no mapping between HMC and KCC, and a carcinogen can have several KCC and exhibit several HMC.
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Conclusion and Future Directions

2. Carcinogenicity Modeling Challenges

In this project, we developed:

* Aset of carcinogens based on available regulatory datasets.

* A competitive carcinogenicity model that can take into consideration all 10 KCC at once, based on iterative
imputation modeling.

The skewed data presents a
significant challenge for conventional
QSAR modeling.

In general, the ExtraTreeRegressor performed the best. Increasing the amount of data to impute up to 92% by
assay did not drastically decrease the performance.

Developing a predictive model for carcinogenicity is challenging because the model should:

Not be limited to a unique prediction (carcinogenicity overall) but be able to predict several KCC at once. Next, we are working on:
+ Account for interaction among mechanisms/targets. «  Further validation of the results, such as using literature evidence.
+ Have the ability to combine diverse data type (in vitro assays, molecular descriptors, etc.) to cover most of the 8 KCC SCOTGS - Evaluating confidence of the imputation modeling.

mechanisms involved in the KCC.
+ Perform effectively with sparse data sets.

*  Improving the KCC scoring in order to take into consideration more data mapped on a specific KCC.
«  Completing the assay mapping on the KCC using new sources of data with biobricks.ai.

Summary scores (KC,,,.) for each KCC were computed using ToxPi by first finding the normalized proportion of
5' Assay Mapped tO the KCC assays in which a chemical was active for a given KCC, and then scaling the value based on the lowest activity

concentration among those positive responses.

Current models available for carcinogenicity, which are based on quantitative structure—activity relationships
(QSARSs), are limited to a specific type of carcinogen, e.g., liver carcinogens (Li et al., 2021), or are focused on
one KCC, such as genotoxicity (Toma et al., 2020).

We mapped Tox21 assay data to KCCs using assay gene targets and expert opinion. The mappings are available
within NICEATM's Integrated Chemical Environment.

(number of positive responses)
"~ (maximum number of postive responses for that KCC)

s;: normalized proportion of active assays for each chemical
specific to an individual KCC.
cdf: percentile of the minimum positive response value for
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* Our approach involved imputing data from high-throughput
ToxCast/Tox21 assays to create a carcinogenicity profile for
each chemical based on a scoring system by KCC.

» This modeling allows us to incorporate a large amount of

data that cannot be handled in a classic QSAR modeling.
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of the assays mapped on KCC. Each KCC has a score between
Oto1.
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