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Highlights: We have developed a
Bayesian network model which ...

v/ integrates fish embryo toxicity data with
other information on physical, chemical
and toxicological properties of substances

v represents a quantitative
weight-of-evidence approach

v/ predicts the correct fish acute toxicity
intervals for most of test substances

v is publicly available for demonstration
and testing in a web interface
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What is a Bayesian network?
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BNs can use Artificial Intelligence for learning
model structure and parameter values
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Machine learning (ML) methods require large data sets
Toxicity and exposure data are often limited

”Unlike most ML methods, BNs allow for direct expert
knowledge input, to control the direction and existence
of edges between nodes”

”BNs fill animportant gapin the ML world, bridging the
divide between simple models without probability
information, and computationally heavy and data-hungry
methods”

https://www.norwegiancreations.com/2018/09/artificiakintelligence-bayes-network/

After https://medium.com/eliiza-ai/bayesian-networks-combining-machine-
learning-and-expert-knowledge-into-explainable-ai-efaf6f8e 69b Jannicke Moe May 2021



A BN model for predicting acute fish toxicity
from fish emoryo toxicity & other information
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Evaluation of a Bayesian Network for Strengthening the Weight
of Evidence to Predict Acute Fish Toxicity from Fish Embryo
Toxicity Data ]

Adam Lillicrap,*+ 5 Jannicke Moe, T Raouwl Wolf, # Kristin A Connors, ! fane M Rawlings,; Wayne G Landis, #
Anders Madsen, | and Scott £ Belanger
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N\\_below 10 mglL_~

* Aim: replace the use of juvenile fish (OECD 203) with fish embryos (OECD 236) in toxicity testing
* Request: «strengthen the weight of evidence for fish embryo data»
* (Morebackground information: presentation 1.01.07)
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The SWIFT project (2020-2023)
LRI

Long-Range
Research Initiative

Strengthening Weight of evidence for FET data
to replace acute Fish Toxicity (SWiFT)

o : ~ The European Chemica
v;‘.ce“clnduatr\; Counci

Researcher Team:
Adam Lillicrap (PI, WP2), Kristin Connors (WP1), Jannicke Moe (WP3), Anders Madsen (WP4),
Raoul Wolf, Thomas Braunbeck, Kristin Schirmer, Michelle Embry, Scott Belanger, Stefan Scholz

Advisory Team:

Noemie Croze, Christopher FaRbender, Sylvia Gimeno, Marlies Halder, Sarah Hughes, Joop de
Knecht, Mark Lampi, Wayne Landis, Teresa Norberg-King, Martin Paparella, Audrey Pearson,
Eleonora Simonini, Marta Sobanska, Susanne Walter-Rohde
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Main properties of the BN model,
run for one chemical substance

0) Enter info on physical & chemical properties of the substance
=>» define chemical category
=>» get prior probability of toxicity for each Line of Evidence (LoE)

Molecular weight
(LH)
HYDROFHOBICITY o
(LB} category

CONSENSUS MOA
(N/S/U) \
— \
1) Enter toxicity values Toxicity to algae Toxicity to daphnids Toxicity to fish embryo Fish gill cytotoxicity Oi’:;;;’f;:::“ 4) Model evaluation:
(= evidence) for one or (EC50, mollL. log10) (EC50, mollL., log10) (LC50, mallL., log10) (EC50, moliL., log10) 1O, el g Comparing predicted
\\ \

more Lines of Evidence and observed toxicity

Ratio EC50
daphnids/algae y

to juvenile fish

= @

3) Integration and predition:
Weighting of each LoE

2) combine with priors
=>» posterior probability
of toxicity for each LoE

Predicted toxicity
to animals
C50, moliL, log1Q

Jannicke Moe May 2021



How can our BN be used in a WoE approach?

EFSA JOURNAL

Scientific Opinion & OpenAccess @ @ @

Guidance on the use of the weight of evidence approach in

scientific assessments

EFSA Scientific Committee, Anthony Hardy, Diane Benford, Thorhallur Halldorsson, Michael John jeger
Helle Katrine Knutsen, Simon More, Hanspeter Naegeli, Hubert Noteborn ... See all authors ~

published:03 August 2017 | https://doi.org/10.2903/j.efsa.2017.4971 | Citations: 47

Our BN-WoE should be

* consistent with WoE
approaches recommended
for regulatory frameworks
(ECHA, EFSA, US EPA)

* quantitative

* intuitive

* flexible

Three basic steps
for weight of evidence assessment

AVAILABLE INFORMATION

Includes preliminary consideration of relevance and reliability

1) Assemble
the evidence

2) Weigh
the evidence

3) Integrate
the evidence

S SN U A S

LINES OF EVIDENCE
Identify, filter and organise the evidence
based on consideration of relevance and reliability

\ \ \ \
v v v v

Assess the relevance and reliability of the evidence

Assess consi tencﬁicro the evidence

WEIGHT OF EVIDENCE CONCLUSION

Jannicke Moe

May 2021

Main steps of the BN model:

0) Prior probabilities of
toxicity for each LoE

1) Enter evidence:
toxcity values etc.
for each LoE

2) Weighing: by CPTs
for quantifying uncertainty
within each LoE

3) Integration: by a CPT
setting weights to each LoE;
accounting for consistency
across LoEs



0) Prior probability of toxicity:
existing toxicity data grouped
by chemical category

Molecular weight
(LH)

HYDROPHOBICITY
(LIMIH)

CONSENSUS MOA
(N/SIU)

Chemical
category

Toxicity to fish embryo
(LC50, molL, log10)

* Training data set: 237 substances
(Moe et al. 2020)

Definition of chemical categories:

* Molecular weight (Low/High)

* Hydrophobicity (Low/Medium/High)

* Mode of action (Narcotic/Specific/Unspecified)

Category «LLU»: Category «LMS»:

Wide probability Narrow probability Current method: cpunt of‘observat!ons
e e * Indevelopment: hierarchical Bayesian
distribution distribution . ) ) \£
. . a . estimation (Presentation 1.01.07) woms in poaness
= high uncertainty = low uncertainty
Toxidty to fish embrye {LC50, mol/L, log10) ‘ *
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1) Assemble the evidence

Molecular weight
UH}

ROPHOBICI
(LiMH)
CONSENSUS MOA
(NS}

Taxicity to algae
(ECS0, moliL. lag10)

Ratio EC50

daphnidsialgae ¢

Predicted toxicity

Jannicke Moe May 2021

Enter evidence for one substance:

Molecular weight (g/mol)
Hydrophobicity (L/M/H)
Mode of action (N/S/U)
Algae (EC50, mg/L)
Daphnids (EC50, mg/L)
Embryo (LC50, mg/L)

Gill cytotoxicity (EC50, mg/L)
(Neurotoxicity EC50)

Built-in data processing:

conversion from mg/L to mol/L
log10 transformation

10



2) Weigh the evidence

Example:
Embryo toxicity

i Chemical

category
Toxicity to fish embryo
(LC50, mol/L, log10)

MBRYO VALUE 1
(LC50, M, log10
T 4

7

i) Prior
probability

Chernical categor
24,49 LN &
0.21 LIS
2449 LLU |
0.50 LMN
6.97E-53 LMS —
0.80 LMU —
24,49 LHN - ™

| 48.22 -5--5 |
IRRTIR
12,16 -4 -3
12,31 -3-0
1.0E-2 0-inf

EMBRYO WALUE 1 (LCSO, [
-4.89 Mean
5.16 Variance | ™=

/\_/\:
g

w0 W= w s

EMBRYO WALUE 2 (LCS0, [

-4.89 Mean
5.16 Yariance | =
-

g

w0 ¥z W%

ii) Info on
chemical category

Towicity to fish embryo |
W=-3.3, ge=2.41
1.0E-2 -inf - -9
1.70 -9 - -

w
)
=
dobne
Shsl &

EMBRYO WALUE 1 (LS50, [
-3.30 Mean ~

3,26 Varisnce | =

1

I\

w0 ¥z vl

EMERYO WALUE 2 (LSO, e

-3.30 Mean
3.26 Variance | =
—1

iii) Evidence: measured jv) More evidence
embryo toxicity =>» updated probability

=> updated probability = ypdated probability = etc.

Chemical categar

L
Foooooo
boooooo
=1=1=1=]
i
SWECW
|n|

s ¥ More
consistent

prior & Q
evidence

narrower
posterior
‘ probability

Toxicity to fish embryo [3]
pu=-2.13, @2=1.7
1.52E-4 -inf --9

higher weight
=)| for this line of
evidence

More p distribution

consistent
evidence
= values

Evidence is entered

0  ¥|ap W H

EMBRYQ WALUE 2 (LCS0, [5]
-2.13 Mean ~

1.64 Variance | "=

-
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3) Integrate & weight the lines of evidence

Toxmlty to fish embryo
(LCSO mol/L, log10)

Predicted toxicity
to animals
C50, mol/L, log10

p=399.79, 02=181988.09

0.52
0.32
2.50
16.27

0-0.01
001-01

01-1
1-10

Fish gill cytotoxicity
(EC50, mol/L, log10)

32.14

10 - 100

22.55
25.72

100 - 100(

1000 -

inf

QSAR-predicted
toxicity to fish
LC50, mol/L, log10

p=355, 02=175621.97

«Correct |
prediction»

113 0-0.01

0.69 0.01-0.1

197 0.1-1
2025 1-10

33.68 10 - 100

o

19.42 100 - 1000
22.85 1000 - inf

Jannicke Moe

How to optimise the weighting of the LoEs?

Optimisation of weights by machine learning?
* Problem:requires >10"® test cases

We have max. 237 test substances

* depending on the criteria for data selection
Solution: define a limited set of scenarios with
alternative weights

* Evaluate model performance for alternatives
Match the predicted vs. observed interval of
LCs, for juvenile fish

* Comparethe most probable interval
* How high precisionis needed?

May 2021 12



Precision vs. accuracy of the BN model predictions

HIGH ACCURACY, HIGH ACCURACY, LOW ACCURACY,
HIGH PRECISION LOW PRECISION HIGH PRECISION
Ideal situation Realistic situation: Common situation:

aim of our BN model point estimate

ignoring uncertainty

«It’s better to be roughly right
than precisely wrong»

Jannicke Moe May 2021
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Scenarios for model evaluation

Data selection criterion no. 1 (151 substances)

Evaluation criterion no.
LC50 < 1 mgiL

Evaluation criterion no_ 2
LC50 < 10 mg/L

Evaluation criterion no_ 3
LC50in 1 of 3 states

Evaluation criterion no_ 4
LC50in 1 of 7 states
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55.%, 80% 80 % 80 % 80 %
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o 40% B - -
w
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-1 0 1 . . s
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2 E
o] E
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@ 0% - g E 20% 5 40%
£ T T T w S0 e - - - 8 E 2%
3 - 0 1 2 Y . \ 0% - - - Data selection criterion no. 4 (23 substances)
o e E
P oo et = A 0 1 . . . .
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2 o 60% 5 g 8% o 2 100% LC50 < 1 mglL LC50 < 10 mg/L LG50 in 1 of 3 states LG50 in 1 of 7 states
= > 40 @ 3 g 60% 5 i 80w L g 100% 100 % | 100 % 100%
w 4 5 2 Toapy T o 60% - £ 8 e0% 80% 80% - 80%
55 2% w = 22 =
Woge o L S E 2% o 5w T 2,60% 60 % - 60% — 60% o
J ! ! F A T - - - g E 20% o 5 0% 0% o 0% o 0% o
- 0 ! 5 | ' } 4 Wogs - - - 5 5 20% - 20% - 20% 20% o
=100% o o B 2 0% = T T 0% = T T T 0% e 0% S T
= g 5 c -1 o 1
£8 80% § oo e'0% g A ] A [} 1 2 A [} 1 2 6 4 2 0123456
@ 7 60% - 50 80% G e 100%
= 2 g o T o 60% g £ 0% 2 100% 100 % | 100% 100%
ER LR I Len 2§ eny £ 8% a0 % o 80% —| 80% |
W oo - 5 E 20% - 0w§4n%— gueu%* 60% 80% | 0% -
' ! ! W g Q5 E % ZLanq 0% 0% o 0% 4
- 0 ! i . T8 T owd - : - 5 E 20% 20% 20% 20%
0% - é 1 o 4 3 0% = T T 0% = T T T 0% = T L B e S R s
’_B = c -1 o -1 0 1 -2 -1 0 1 2 £ -4 -2 0123458
£8 a0% o 2 100% 5l
s T, 60% a gyﬁg 30% X 2 100% 100 % - 100% o 100% o
554“5— @ o 60% £ 53 8% 80% 80% - 80%
5 E 0% ZLawnq 2 gg %y 0% | 60% 60%
w g - S E 20% °© 5 40% 40% 40% 40%
T T T 3 w s
. N 4 Wogw - = - - 8 35 £ 20%- 20% - 20% 20% o
) -1 o 1 £ o ow T T 0% = T T T e T LA B B B B B e
@ -1 o -1 0 1 -2 -1 0 1 2 £ -4 -2 0123458
2100% o
%E 80% - g UD\PWD%* 100 % 100 % 100 %
E:GU'&— %E 80 % 80 % 80% 80% -
jt“lﬂ'ﬁ’ gcﬁﬂ%’ 80 % 80% 80% |
S E 2% o 540 A 40% 40% - 40%
wop% T T T EEZU%’ 20% ) 20% 20%
Bl [] 1 0% = T T 0% = T T T nu,‘,"—'i T T T nu,‘,“““r“““‘
. . . -1 o -1 0 1 2 -1 0 1 2 £ -4 -2 0123458
* 4 criteria for test data selection 100% 1% 0% | 0%
£ 8 &% 80% 80 % 80% -
g:éﬂ'ﬁ— 60 % - 80% — 80%
H 1 H 2 40% 0% 40% | 40% |
w
* 5 alternative weighting of LoEs
0% = T T 0% = T T T 0% = T T 0% =TT T T
-1 o -1 o 1 -2 -1 o 1 2 £ -4 -2 0123458

* 4 criteria for precision of model predictions

Jannicke Moe

May 2021

Predicted vs. observed state (difference)

14



Example:

Summary:

197 substances

1 substance

The model’s success rate depends on
the required precision of predicted toxicity

p=355, 02=175621.97

113 0-0.01

0.69 0.01-0.1

197 01-1
2025 1-10
33.68 10 - 100
19.42 100 - 1000

22.85 1000 - inf

[l Predicted < observed toxicty
[ Predicted = observed toxicty
B Predicted > observed toxicty

p=399.79, 02=181988.09 p=399.79, 02=181988.09 P=399.79, 02=181988.09 |
0.52 0-0.01 0.52 0-0.01 0.52 0-0.01 |
0.32 0.01-0.1 0.32 0.01-0.1 0.32_0.01- 0.1
I 2,50 0.1-1 1 250 0.1-1 ] 250 0.1-1 |
[ ] 1627 1-10 | | 1627 1-10 ] 16.27_1- 10 [ |
|| 32.14 10 - 100 [ 32.14 10 - 100 [ ] 32.14 10 - 100 )
| 22.55 100 - 1000 [ ] 22.55 100 - 1000 _] 22 55 100 .- 1000 |
| 25.72 1000 - inf | 25.72 1000 - inf [ ] 25.72 1000 - inf |
100 % 100 % 100 %
20 % 20 % a0 %
50 % 60 % 60 %
40 % 40 % 40 %
20 % 20 % 20 %
-0% T T T 0% T T T T T 0% T T T T T T T T T T T T T
1 ] 1 2 1 ] 1 2 -5 -4 -2 012 3 458
. Higher required resolution of predicted toxicity =» lower success rate
[ ]

To be decided by stakeholders

Jannicke Moe

May 2021
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The model’s success rate depends on
the weighting of lines of evidence

100 %
80 % |
60 % |
40% |
2% J_L
- 0% T T T T T
2 1 0 1 2
100 % [l Predicted < observed toxicty
80 % -
60 % [ Predicted = observed toxicty
40 %
20 % B Predicted > observed toxicty
- 0% = T T T T T
-2 -1 0 1 2
100 %
Weight | Fish Algae & | QSAR e * Intermediate weight to
i b daphnid fish n
sceanario | embryo aphnids is ;gx_ Embryo (25_50%)
% % 0% - 0% T T T T T H
L 0% 500% 500 T T . => highest accuracy
2 25 % 37.5% 37.5% 100 % — . .
80% - * Higher weight to Embryo
3 50 % 25.0 % 25.0 A 60 % . .
0% - =» more underestimation
4 75 % 12.5 % 12.5 % 20% : .
S0% L N — of acute fish toxicity
5 100% 0% 0% 2 4 012
100 %
80 % |
60 % |
40% |
20% |
S 0% -




Limited amount of test data (observed acute toxicity to juvenile fish)
=>» limited possibility of machine learning for this BN
=» explore alternative approaches for training and testing

The BN currently has a success rate of ca. 70-80 % of test substances,
for predictions aggregated to 3 intervals ( 0-1, 1-10, 10-inf mg/L)

» Balanced weighting of lines of evidence =2 higher success
* Lower resolution accepted for predicted toxicity = higher success

The BN-WOoE approach is promising for supporting the use of
fish embryo toxicity data instead of fish acute toxicity data.



Further exploration of model evaluation

* Forthcominglarger test data set =2 explore machine learning methods?

* Compare the whole distributionsof predicted vs. observed toxicity
Incorporate additional lines of evidence

* Gill cytotoxicity; neurotoxicity; metabolic activity (presentation 1.01.07)
Better account for uncertainty and variability in data

* Hierarchical Bayesianregression (presentation 1.01.07)
Further development of demonstration model with web interface

* See Q&A field for updated information

* Feedbackappreciated!



Thanks for your attention!

Contact:
Imo@niva.no

More information on the SWiFT project:
https://www.niva.no/swift
http://swift.hugin.com/

or visit the NIVA online stand at SETAC Europe 2021

Jannicke Moe May 2021 19
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