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ToxAIcology
- AI is the future of toxicology -



Human hazard Sometimes

Human risk Even less

Complex endpoints Expensive

For many chemicals Nope

For biologicals Nope

For mixtures Hardly

For individuals Nope

Fast & cheap Dream…

Toxicologist’s
Christmas 
Wish List

By animal tests:



AI is making Big Sense of Big Data

Volume
Variety
(multi-modal)

Velocity
https://www.e-marketing.fr/Thematique/data-1091/big-data-2223/Breves/Tout-faut-
savoir-big-data-363012.htm



AI Data: +60% per year 
= 90% in last three years

Computer: +40% per year 
(Moore’s law)

AI: +700% per year since 2010

Together increase
>1 billion-fold
over last 60 years



1. There is a better way 
to play chess

2. The structure of all proteins
can be predicted from 
gene sequence

3. A computer is better than (most) lawyers

4. A computer exceeds computational capacity of a human brain

5. AI can design drugs

6. AI wins art contests

2022 DeepMind: AlphaZero

2022 DeepMind: AlphaFold

2023 OpenAI: GPT-4

2022 Frontier Computer exceeds 1 exaflop

2022 – 18 AI-first drugs in clinical trials

2022 Midjourney



A.I. use cases



Data extraction from 
literature, reports & 
databases

Multi-modal



https://lifearchitect.ai/gpt-4/

Variables 
trained on

14 March 2023 Launch of GPT-4







https://www.sequoiacap.com/article/generative-ai-a-creative-new-world/

Nature 20 Apr 2023



Test case: GPT-4 written response (included as supplement)
“summarize, praise, criticize” – very solid result
Trend “to the middle”, the most probable!

Forces us to focus on ideas, inspiration, experience, opinion…
“Food for thought”   



Big Data
• High-content (~omics 

& imaging)
• High-throughput 

(Robotized testing, 
e.g., Tox21 & ToxCast)

• Sensors
• Literature, Internet
• Legacy studies

Big Computer
AI & Machine Learning

• Natural Language Processing 
(Large Language Models)

• Blockchain
• Foundational models
• Federated Learning

Big Sense
• Data retrieval
• Evidence integration 

(systematic reviews, 
risk assessments)

• Predictive toxicology
• Digital pathology
• Reporting

ToxAIcology



• Combining read-across 
with machine-learning

• Very large database
• Nine OECD test predicted
• 87% accuracy for 190,000 

chemicals with known 
classifications

• 81% reproducibility of 
respective animal testsBoosted accuracy by ~10%

Tom Luechtefeld

Uses chemical similarity 
(network effect)
Uses transfer learning 
(74 labels)



2018: Nine most used animal tests
AI predicted 190,000 chemicals 87% correctly
Animal reproducibility 81%

2020: Human Skin Sensitization
AI predicted 506 chemicals 80% correctly
Animal 74% correct

2022: Nine most used animal 
tests predicted by AI
AI predicted 4700+ food 
chemicals 83% correctly in 1h
= 38,000 animal studies at 
$250+ million 

2023: Systemic toxicities
AI predicted 75% cancer risk 
of 950 chemicals and 82% 
reproductive tox of 1152 
chemicals correctly



The dark side of A.I.

• Data and energy need
• You always get a result, whether the information is in the data 

or not
• Challenges: Causality, Validation, 

Bias in data = bias in results 

Humans
in the 
loop



History of Machine Learning / A.I.

• Unsupervised or self-
supervised learning

• Large (deep) neural networks
• Not intended for any particular 

end-goal
• Intended to serve as 

"foundation”, then fine-tune 
• Trained on multimodal data



Doubling every
seven years

Watershed moment
2007 NRC report

Arch Toxicol 2019

2.0



Co-Chairs

Ana Navas-Acien, Weihsueh A. Chiu & 
Thomas Hartung

ALTEX 2023

Call for a Human 
Exposome Project

1. Exposure-driven
2. Technology-enabled
3. Evidence-integrated



EU ONTOX project ($20 
million, 2021-2026) to 
address liver, kidney and 
developing brain



https://www.youtube.com/channel/U
CoUbMAvxBSZpOlqKjOkxNzQ/videos

Machine learning

Semi-automated systematic review:
• Auto-extract /annotate papers
• Auto-analyze clustering of papers
• Learn from manual inclusion / exclusion
• Automated inclusion / exclusion suggestions
• Natural Entity Recognition & Causal 

Relationship Extraction
• Feed into ontologies and AI
• chatGPT -> bioGPT -> toxGPT (?)



https://www.youtube.com
/c/SysRev?app=desktopLiterature

Databases

http://chemchart.com
Internet

DATA

https://www.biopharmatrend.com/post/
103-introducing-sysrev-the-intelligent-
platform-for-document-review-and-
automated-data-extraction/



MAKING 
CHEMISTRY 

SEARCHABLE



45% of time of data analysts 
is spent loading and cleaning data

BioBricks do this 
with one-line command



Establishment of a big data platform and data 
gap filling for integration of collected data

• Biobricks toolset for hosting, querying, and 

distributing big data for predictive tox

• ~50 BioBricks constructed to date

• ChemHarmony: 

integrates chembl, pubchem, ctdbase etc.:          

200 million triplets of substance/property/result

• Building querying functionality

• Public release of toxicology BioBricks upcoming

25ChemHarmony



What is it good for?

•Chemical discovery

•Chemical clustering

•Explainable predictions

•Domain of Applicability

•QSAR

•Testing prioritization

•Database Search

Can we make a better similarity metric?

Structural similarity
(e.g., Morgan fingerprints)

Biological similarity



Preprocessing ChemHarmony
• All INCHI mapped to smiles with rdkit
• RDKIT sanitize used and error/warning instances removed
• Properties with > 10% class imbalance removed
• Top 152 properties by unique compounds selected
• ~1.2 million activities remain
• RDKIT used to build 2048 rad 2 morgan fingerprints
• Preprocessing stage shared across branches
• 80/10/10 Train, Test and Holdout sets stratified by property

Across all assays cosine similarity for 
Morgan fingerprints achieves 60-70% 
AUC. KNN=5

Structural similarity



Set-up and application of machine learning/deep learning 
approaches to predict probability of chemical hazard and potency

Figure 5.2A. Similarity 

heatmap for chembert

embeddings on 1k chembl

compounds

Dark red = highly similar, 
White = not similar

Figure 5.2B. Heatmap for 

inhibition assay supervised 

embedding

Dark red = highly similar, 
White = not similar

We can do 1 trillion 
comparisons per 
hour on a “normal” 
computer!

structural biological

You can form 19,999,999,900,000,000 pairs from 200 million items…
= 19,999h per property = need for supercomputer



DATA

Quantification:

Biology/physiological maps:
AOP network:

Chemical/

clinical data: 

example of 

plug-in table

PMDEP App https://youtu.be/YG0gjm&GD5K

RASAR
+ QSAR

Probability of hazard
From perturbation of physiology

From chemical structure and properties

https://youtu.be/YG0gjm&GD5K


toxic

non-toxic

reality
= uncertainty

The problem



ALTEX 2022

2nd Workshop 4-6 July 2023
Ranco, Italy



Big Data
• High-throughput 

exposure + 
thresholds of 
toxicological concern

• Perturbation of 
biology

• Read-across-based 
structure activity 
relationships Big Computer

AI & Machine Learning

Big Sense
• Probabilistic risk 

assessment
• Information economy
• Targeted testing (MPS)

ToxAIcology



OI
Brain

Organoid

AI

Input

Output

Discovery Grant

Combining MPS, 
sensors and AI

Organoid Intelligence (OI)
• Physiology of learning
• Brain Machine Interfaces
• Tox & Drug Development
• Biological Computing

=



Forming a community
• Dissemination (kid and lay 

versions, 600+ press hits)
• Workshop report
• US White House Bold 

Biotechnology Goals 3’23
• NSF “Engineering OI”
• DORI = Dementia OI 

Research Initiative



• Integrating Scientific 
Knowledge

• Accelerating Drug 
Development

• Optimizing Prevention
• Democratizing Healthcare 

Access
The Smart Path Forward
• Open access, machine 

readable
• Identify bias in data
• Explainable AI
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