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‘frontiers
In Artificial Intelligence

& frontiers

We build the leading
journals of the future
Frontiers in Artificial Intelligence
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Research Topics
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Hartung
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KEYSTONE # symposia | S

YEARS
Accelerating Life Science Discovery 19795090

Al in Healthcare

Planned 5-7 December 2023 (virtual)
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Technological progress everywhere
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LD, test  28dstudy  Eye & skin test ReproTox

...except regulatory toxicology!



180 million chemicals synthesized

350 thousand registered in 19 countries
>10 thousand substances in 1 biological
Metabolites and breakdown products?

Some chemicals in 50,000+ products

~3 thousand well tested substances

“Playing safe...”

“Fun” facts

10,000+ articles BPA => ???
5,000+ articles glyphosate => ???
~45% of drug side effects
predicted by rodents

20-80% false positive results



Animal test Cancer
18-24 months

—» 29 trichloroethylene
TR|CHLOROETHYLENE s carcinogen risk

haries

CASNo:79-016  [H
= assessments

$1 million I DANGER!
E <ZJSES’SKIN IRRITATION ﬂ
&

- MAY CAUSE AN ALLERGIC SKIN REACTION
4 - 6 O O a n I I I l aI S CAUSES SERIOUS EYE IRRITATION ‘l . ”
MAY CAUSE RESPIRATORY IRRITATION
Fré 4
MAY CAUSE DROWSINESS OR DIZZINESS Iw x c a rc I n O e n
SUSPECTED OF CAUSING GENETIC DEFECTS W‘

MAY CAUSE CANCER m 19x llequivocalﬂ
CASEWAY INDUSTRIAL PRODUCTS, INC- g{ﬁ 6x “ NoN-Carc i n Oge n ”

Phone: 1-989-391-9992 « Fax 1-989-391-9994 W

53% positive

~57% reproducible

WWW.CASEWAYPRODUCTS.COM
EMERGENCY (24HR.) INFOTRAC 1-800-535-5053 #106140/

(rat to rat, rat to mouse) S

Rudén C. Regul. Toxicol Pharmacol 2001; 34: 3-16.

e average reference coverage 18%

e
Al retrieves
o o - average citation coverage of most relevant studies  80%
| nfo rm at I O n * interpretation d?fferences of most relevant studie.s in 27%

 study/data quality: assessment not documented in  65%



The different way of evidence
retrieval and integration ?




WIKIPEDIA

Deus €x maChlna The Free Encyclopedia S

Article Talk

From Wikipedia, the free encyclopedia

For other uses, see Deus ex machina (disambiguation).

dei ex machina; English "god from the machine")!?®l is a plot device whereby a seemingly unsolvable problem
in a story is suddenly or abruptly resolved by an unexpected and unlikely occurrence.*I®! Its function is
generally to resolve an otherwise irresolvable plot situation, to surprise the audience, to bring the tale to a
happy ending or act as a comedic device. /!

https://duiliogf.medium.com/how-to-
correctly-use-a-deus-ex-machina-and-not-
die-trying-85dd73166784

dAlus ex machina
for toxicology



Data: +60% per year
=90% in last three years
Computer: +40% per year
(Moore’s law)
Al: +700% per year since 2010

COMPUTING POWER

Together increase
>1 billion-fold A
over last 60 years \
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AI in 2. 5% of all
publications in 2021
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15 March 2023
Launch of GPT-4
Instantly open

GPT-4 performed at the 90th percentile on a
simulated bar exam, the 93rd percentile on an
SAT reading exam, and the 89th percentile on the
SAT Math exam, OpenAl claimed.

175,000,000,000 100,000,000,000,000

2 tinykiwi

Variables trained on



Al has surpassed humans at a number of tasks and the rate at
which humans are being surpassed at new tasks is increasing

State-of-the-art Al performance on benchmarks, relative to human performance
@ Handwriting recognition @ Speech recognition Image recognition @ Reading comprehension

@ Language understanding @ Common sense completion Grade school math @ Code generation

o
o

Human perfomance = 100%

60

40

1998 2000 2002 2004 2006 2008 2010 2012 2014 2016 2018 2020 2022

For each benchmark, the maximally performing baseline reported in the benchmark paper is taken as the “starting point”,
which is set at 0%. Human performance number is set at 100%. Handwriting recognition = MNIST, Language
understanding = GLUE, Image recognition = ImageNet, Reading comprehension = SQuAD 1.1, Reading comprehension =
SQuAD 2.0, Speech recognition = Switchboard, Grade school math = GSK8k, Common sense completion = HellaSwag,
Code generation = HumanEval.

Chart: Will Henshall for TIME - Source: ContextualAl TIME



LEARNING
* Predictive -
Analytics . &7
& e Deep . _,w:"‘::/, y
Learning ‘ ‘.,Q;"_-”‘f" SPEECH i
ROBOTICS ® .| eTexttoSpeech
. ® " e o | *SpeechtoText =

Artificial i
Intelligence
e'!’rags'*g e Image
Recognition
e Machine
Vision

PLANNING &
OPTIMIZATION

LANGUAGE
PROCESSING
» Classification

e Translation
e Data Extraction

A.l. Use cases



.'*- ' * 1. Thereis a better way
,59 F< f’,: R to play chess

| N 2022 DeepMind: AlphaZero

2. The structure of all proteins
can be predicted from
gene sequence
2022 DeepMind: AlphaFold

WHYI SO M ETI M ES 3. A computer is better than (most) lawyers
: |'VE BEL'EVED 2023 OpenAl: GPT-4
AS MANY AS . 4, got:zozrr::puter exceeds computational capacity of a human brain
: rontier Computer exceeds 1 exaflop
SIX I M POSSl B LE 5. Al can design drugs
TH ' N G S B E FO R E A 2022 — 18 Al-first drugs in clinical trials
B R EAKFAST. 6. Al wins art contests

2022 Midjourney

Through the Looking-Glass




Volume
Variety

(multi-modal)

Velocity

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

Al is making Big Sense of Big Data




Publications Per Year

8.8 million researchers
world-wide

5,000,000

4,000,000

3,000,000
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1,000,000

Scientific Publications Per Year
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Science & Health 9%

Includes: Medical Resources, Science,
Health Care Services, Nutrition & Dieting

Natural language TOP SITES
processing

1. journals.plos.org
2.frontiersin.org

3. link.springer.com
4.ncbi.nim.nih.gov

5. nature.com

Multi-modal

databases



LANGUAGE MODEL SIZES TO MAR/2023
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14 March 2023 Launch of GPT-4



GPT-4 CONTEXT WINDOW (MAX IN/OUT LENGTH)

GPT-4 (8k/32Kk)

24,000 words
48 pages

ch 2023. hitos://lifearchitect.ai/got-4/

) ‘ A
) y ¢
4 > e
Not to scale. Using rounded figures of 1 token = 0.75 words (e.g. 32,000 tokens = 24,000 words), 500 words = 1 page. Paper icons created by Anggara - Flaticon. Alan D. Thompson. Mar
° ° °
& LifeArchitect.ai/gpt-4

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




BioGPT and human annotator have comparable
performance in biomedical research test

1000 Selected performances on PubMedQA, which tests biomedical language processing

Accuracy

100 BioGPT-Large (Luo et al. 2023) 81.0%

Human annotator (Jin et al. 2019) 78.0% |
Megatron-LM (8.3B)

BioLinkBERT (Yasunaga et al. 2022) |72.2% |

Model Size (in billions of parameters)

10
PubMedBERT (Gu et al. 2021) 55.8% |
0.0% 20.0% 40.0% 60.0% 80.0% 100.0%
1
Chart: GlobalData * Source: PubMedQA
SCiBERT s chemBERT
BERT-Large (340M)
0.1 !
! S by el e wrvarrd o S peviia boe Shreycal abord ey : | RS mmremgipn pri noi o 10 f Frca i
ELMo (94M) ;
Pre-tralming Flne-tuning
0.01

2018 2019 2020 2021 2022



PRE-2020 2020 2022 20237 20257 20307
TEXT Basic copy writing Longer form
First drafts Second drafts

Longer form

CODE Multi-line generation !
Better accuracy
Art Mock-ups (product

IMAGES Loaos desian. architecture.
' Apersonal take on science and society Nature 20 Apr 2023

World view

By Arthur Spirling

Opengenerative Almodels
areaway forward for science

Almost there . Ready for prime time

Researchers should stop using proprietary l ‘ be the same, or even whether the technology will still be
large language models and develop supported? GPT-3, released last November by OpenAlin
transparent ones to ensure reproducibility. | Withopen- | Sanfrancisco, California, hasalready been supplanted by

Sk Bk o GPT~4, and_ pre_smpably supporting the older LLMwill soon




;.‘ frontiers | Policy Labs Home Commentaries Conversations Evidence snapshots Podcasts Mission statement ¥

“Can you take Al out of the wild
and should you?”

Thomas Hartung

Johns Hopkins University

Field Chief Editor Frontiers in Artificial Intelligence

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”



We have the tools nternet
Big Data & A.l. =

\/

Robotized
Testing

\%?

~ High
COntent
Imaging

~0mics
Technoloogies

PDA



9 most common toxicity tests
190,000 chemical’s hazard
cross-validation:

87% correct

https://sfmagazine.com/technotes/february-2019-wipo-u-s-and-
china-lead-the-world-in-ai-innovation/

Science weme
ACCEPT;: MANUISCR'pT f l lb d bl SCiEHCE; 12 FE‘b 2016
Machine learning of toxicological big data enables ]
read-across structure activity relationships i! CrJ’Stafbh:lH_lffif chemwtdﬂt sq]fet[y N
(RASAR) outperforming animal test reproducibility v comparing new chemicals to known compounds, toxicologists seek early hazard wamings

O

Thomas Luechtefeld, Dan Marsh, Craig Rowlands, Thomas Hartung &

© 00 ©

Toxicological Sciences, kfy152, https://doi.org/10.1093/toxsci/kfy152 E a
Published: 11 July 2018 "

Legal tussie delays launch of huge toxici -

ys b gbecee Sottware beats animal tests at predicting toxicity
database : -
of chemicals

New digital chemical screening tool
could help eliminate animal testing

Vasrisa Zaaringer

HatT Faks ol rmary 13308 (T Pl o Taty g | s Ty o ctiaind mibelmirs

Moot atuat
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e The power of
transfer learning

R .
Vitig g tLIRE

————————

When looking for eye irritants,
look also for neighbors’ information on skin

irritation, chemical reactivity etc.
TRANSFER

LEARNING j:

~




An mal

Replacement

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

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

2022: Nine most used animal
tests predicted by Al

Al predicted 4700+ food
chemicals 83% correctly in 1h
= 38,000 animal studies at
$250+ million

2023: Systemic toxicities

Al predicted 75% cancer risk
of 950 chemicals and 82%
reproductive tox of 1152
chemicals correctly



Read-Across-based Structure-Activity Relationship Predictions for
Reproductive Toxicity and Carcinogenicity with Deep Learning and
Domain of Applicability Definition

Thomas Luechtefeld, Craig Rowlands and Thomas Hartung

Frontiers in Al, Research Topic “Leveraging Atrtificial Intelligence and Open Science for

Toxicological Risk Assessment”

.......

Poster Board Number

@, #3704
2023

O Tue CompTox Il

Read-Across-Based Structure-Activity Relationship Predictions for Reproductive Toxicity and

Source Descriptive Name Sensitivity % Specificity% | BAC%  ACC % Coverage %
| ECHA | Reproductive Toxicity 82 | 82 | 82 82 81 |
| | 1152
ECHA | Carcinogenicity 75 80 7 78 | 76
950 |
OPERA Androgen Receptor Binding 100 98 99 " 98 99
8606
OPERA Androgen Receptor Agonist 98 98 98 98 95
8492
OPERA Androgen Receptor Antagonist 97 97 97 97 99

8771

Carcinogenicity with Deep Learning and Domain of Applicability Definition. C. Rowlands. UL Solutions,
Northbrook, IL.

Astonishingly good
prediction of
complex systemic
hazards

Excellent prediction
of Tox21c assays



Chemical

Researchin . .
Toxicology Metabolism Did
pubs.acs.org/crt =
The Good, The Bad, and The Perplexing: Structural Alerts and Read- N Ot I m p rove
Across for Predicting Skin Sensitization Using Human Data
Emily Golden, Daniel C. Ukaegbu, Peter Ranslow, Robert H. Brown, Thomas Hartung, M Od EI ACC u ra cy

and Alexandra Maertens™

100

90

e The metabolism feature for N
OECD QSAR Toolbox offered 70
no improvement in accuracy i
for this data set

e Suggests there are specific .
areas of chemical space where 10
metabolism is more useful Accuracy Balanced Accuracy
than others AW With eabolisn =AW Wihout Metbolis

50

Percentage

40

30




(* frontiers

Under revision

The vast majority of
flame retardants
(95%) and their
metabolites (99%)
are not present in
spectral databases.

When exposures are more than the sum
of their parts: using in silico tools to
predict flame retardant metabolites for
more informative exposomics-based
approaches

Breanne Kincaid', Przemyslaw Piechotal, Emiily Golden', Mikhail Maertens', Thomas
Hartung 2, Alexandra Maertens’

In silico tools such as metabolite prediction software, QSAR- ready structural conversion
workflows, and molecular standards databases can aid in identifying novel compounds in
untargeted mass spectral investigations, permitting the assessment of a more expansive
pool of compounds for human health hazard.



History of Machine Learning / A.l.

0—0—0—0—

(BB 2

“I Contribute
" & Exchange”

Distributed Agents, Swarm
Deep Reinforcement Learning

{3
" & Learn” L &] Learn
to Learn”

Deep Reinforcement
Learning

@ %] Repeat”

* Unsupervised or self-
Machine Learning supervised learning
Deep. Foundation Models * Large (deep) neural networks
Learning | | ) ]
* Not intended for any particular
Emergence of... “how” Features functionalities end-goal
Homogenization of...  learning algorithms architectures  models * Intended to serve as

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




Watershed moment
2007 NRC report

Toxicity testing in the 21st century: progress in the past decade

and future perspectives Arch Toxicol 2019

D. Krewski'%4. M. E. Andersen3 - M. G. Tyshenko?* . K. Krishnan?® - T. Hartung®'3 . K. Boekelheide’ -
J.F.Wambaugh?®- D. Jones® - M. Whelan'® - R. Thomas® - C. Yauk'' - T. Barton-Maclaren'' - I. Cote'?

TOXICITY TESTING IN THE 21ST T0! STING IN THE 21ST
CENTURY: A VISION AND STRATEGY ISION AND STRATEGY

Doubling every
seven years



SE 1. E re-driven
Call for a Human S¢dE Xposure-drive
oo _ % : 2. Technology-enabled
Exposome Project [ 3. Evidence-integrated

Future Directions Workshop:
Advancing the Next Scientific Revolution in Toxicology

April 28-29, 2022
Arlington, VA

Food for Thought ... ALTEX 2023
A Call for a Human Exposome Project |

Thomas Hartung!.?

B I WIIIUVIW § 1WAl G L I



# OME
COLLAS . :ATIVE.

1

“Progress is impossible without change, and those
A LT E X 2 O 2 0 ) 3 7 ) 3 - 2 3 who cannot change their minds cannof change anything. ™
George Bernard Shaw [1856-1950)

“If vou change the way yvou look
al things, the things you look at change.”
Wayne Dyer (1940-2015)

Food for Thought ...
32

The Exposome - a New Approach
for Risk Assessment

Fenna Sillé!, Spyros Karakitsios?, Andre Kleensang!, Kirsten Koehler!, Alexandra Maertens!, E L
Gary W. Miller3, Carsten Prasse!, Lesliam Quiros-Alcala!, Gurumurthy Ramachandran!, Stephen M. Rappaport?,
Ana M. Rule!, Denis Sarigiannis23, Lena Smirnoval and Thomas Hartung!.6

Exposome
& Al

= El
(Exposome
Intelligence)



liver, kidney and
developing brain



TOXTRACK

Collect Articlos Difirse Raviow Tasks n"'“'ﬁﬁ;’:’_}ﬂ:};ih"“ Expert Rusulis
Pw.b-l.!'.:n:l e
Farpeord Sasard . 1 E
"&j L TR B
T LR TR ]
| ma § ma |
| |
Q - AMMOTATION #1 E% a
Lw H IIJI . EEEESS—S—S—S—_—_—_—_BB_—S—8
- \ — FosElora

g .= == %@ Q.
Machine learning l
Semi-automated systematic review:
*  Auto-extract /annotate papers
Auto-analyze clustering of papers
* Learn from manual inclusion / exclusion
e  Automated inclusion / exclusion suggestions
 Natural Entity Recognition & Causal
Relationship Extraction
* Feed into ontologies and Al

e  chatGPT -> bioGPT -> toxGPT (?)

janowiczn

joshuachang1237

david.samra
Label Predictions

jmborden

aminbenyounes

alexandre.borrel

Prediction Histograms sarahhope.incoln
danmarsh
sperlingjason
elanchelian

manageyourlab

https //ww .youtube. com/channeI/U
CoUbMAvVXBSZpOIlgKjOkxNzQ/videos



Internet

Collect Articles Define Review Tasks Automatically Distribute Export Results
Review Tasks

Pubmcd o
Keyword Search e

QUESTION M1
n n Questions/Answors
@ l
ANNOTATION #1
Uplond PDFs _—
Annotations

518 &

https://www.youtube.co n\ B
/c/SysRev?app=desktop "o reee

Graphic showing the document review workflow on Sysrev.com

biobricks-ai/
bricktools

=

Full Data

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

DATA

i Chemchart

http://chemchart.com




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

number of activities by source

- Biobricks toolset for hosting, querying, and
distributing big data for predictive tox

chembl

. ~50 BioBricks constructed to date

ctdbase

- ChemHarmony:
integrates chembl, pubchem, ctdbase etc.:
200 million triplets of substance/property/result ==

- Building querying functionality reach

- Public release of toxicology BioBricks upcoming e

500000 1000000 1500000 2000000 2500000

ChemHarmony



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

7
o v

IFW"' IMTPL FTT-MT. ’{Wﬁ fﬁﬁm,
4 i 1 =
KEa i | g :

We can do 1 trillion
comparisons per
computer! Figure 5.24, Simitarity Figure 5.28. Heatmap for

I”

heatmap for chembert inhibition assay supervised
embeddings on 1k chembl embedding
compounds Dark red = highly similar,
Dark red = highly similar, White = not similar

White = not similar



DATA P M D E P Ap p https://youtu.be/YG0gjm&GD5K
QGML Martp P;zlgougayge “ @t ab

CellDesigner™

i From perturbation of physiology

Probability of hazard

From chemical structure and properties


https://youtu.be/YG0gjm&GD5K

The problem

non-toxic




“Probability is the very quide of life.”

ALTEX 2022 Cicero (106 — 43 B.C.)

Food for Thought ...
Probabilistic Risk Assessment — the Keystone for

the Future of Toxicology

Alexandra Maertens’, Emily Golden’, Thomas H. Luechtefeld’?, Sebastian Hoffmann'>,
Katya Tsaioun’ and Thomas Hartung’*

&% Capstone

¢ RISK MANAGEMENT N transatlantic

- ot [athi"k ool Tar ( AAT
0 (. toxicology

EXPOSURE 2nd Workshop 4-6 July 2023
Ranco, Italy
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Probabilistic Risk
Probability (individual or

cumulative population)
of exposure

Maximum

2
8
> 3
fud =
= 8
R
g :
(&) a
: | O :
0015 ~ > £
£ 1028 Lo
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— E SN Probability
2.5r3 o i »
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Paul Anastas and John Warner,
the Fathers of Green Chemistry

,'?}Control

Catalyst
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Feedstocks

Principles of Green Chemistry.

Nick Anastas, EPA, (2012): “Green Toxicology”




Concept from Pharma:

Frontloading toxicology “fail early, fail cheap”

FAIL FAST.

SUCCEED
FASTER.

What Pharma and Biotech Companies
Stand to Gain from Early Drug
Development Failures.




Food for Thought ... ALTEX 2014, 31:243-249.
Green Toxicology

Alexandra Maertens?, Nicholas Anastas, Pamela J. Spencer®, Martin Stephens?,
Alan Goldberg' and Thomas Hartung '

Yohns Hopkins University, Bloomberg School of Public Health, CAAT, Baltimore, MD, USA; ECMT—EUI'DP@, University
of Konstanz. Germany; BEPPL Region 1, Boston, MA, USA; 4Thf: Dow Chemical Company, Midland, MI, USA

GREENTOXICOLOGY

Giving screening Green Toxicology
thegreenlight

Exposure-driven testing
Thresholds of Tox. Concern
Tox-21c and 3Rs

By working with toxicologists while they're designing
new compounds, chemists can avoid problems Re g IJ I a tO ry

further down the chain, as Emma Davies reports

Toxicology
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Green toxicology

— the toxicology aspects of green chemistry

Alex Maertens

Another use of
alternatives methods

TOXICOLOGICAL SCIENCES, 161(2), 2018, 285-289

doi: 10.1093/toxsci/kfx243
Advance Access Publication Date: December 18, 2017
Editorial

Green Chemistry Series

Green Toxicology
Making Chemicals Benign by Design ly About and Avoid Toxic

Alexandra Maertens ngttl
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The difficulty lies not in the new ideas,
but in escaping from the old ones.
John Maynard Keynes Slides available:

(1883 - 1946)
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