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Developmental and reproductive toxicity (DART)

e Reproductive

 Effects on fertility (male/female), childbirth, lactation
* Developmental
* Related to the fetus
* Mortality, structural alterations, growth, functional deficits
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Developmental and reproductive toxicity (DART)
Limited quality data
Expensive to measure
Long duration to get results
Ethical issues

Regulatory requirements




Data sources

* Data was compiled from a total of 12 different sources
* includes both in vitro and in vivo data

* Includes data from publicly available sources as well as

commercial software eg. DEREK

* Includes drug-like chemicals as well as industrial chemicals

(ToxCast)

. ' '-,‘ * Database includes data covering the endpoints:

~

Teratogenicity

*  hERG channel inhibition

* Steroidogenesis oestrogen

*  Prenatal developmental toxicity

* Sperm reduction, gonadal dysgenesis, abnormal ovulation,

and infertility growth retardation




How the data is
processed

* Toxicity value recorded for each compound
by source

* Entries with missing or unclear data was
removed

¢ Salts and metals were removed

* Database was checked for duplicates
entries based on InChl Key, SMILES, CAS
columns

* Enantiomers were merged

* Entries for the same compound were
merged

* Overall toxicity value determined to be
positive (1) if any of the tested sources
recorded a positive
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Database statistics

e 3255 compounds (no
salts/metals)

* 1672 positives
* 1583 negatives

* Largest known database for

DART that has been
compiled




Automated
machine
learning
(AutoML)




Automated machine learning (AutoML)

e Automating the machine learning process
* Optimise model hyperparameters automatically

» Automated feature selection/processing also possible



Automated machine learning (AutoML)

* More efficient than manually specifying and adjusting hyperparameters

* Increasing popularity in recent years



Automated machine learning (AutoML)

e AutoGluon package used

* Includes common machine learning models eg. Random forest, ANN
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Model metrics

* Proportion of true positives

Sensitivity (SE) = TP+—FN

* Proportion of true negatives

Specificity (SP) = W




Model metrics

e Correct classification by model

TN +TP
TN+ FP+TP+FN

Accuracy (Q) =

 Matthews correlation coefficient

(MCC)

(TP X TN) — (FP X FN)

MCC = e
J(TP+ FP)(TP + FN)(TN + FP)(TN + FN) B




Preparing the
data for input

e Per run for a total of 5 runs

Database (ca. 3250 compounds)
l Random split
Remaining data (80%)

l Random split

5-folds (64% training, 16%
validation)




CatBoost_BAG_L1 77949 87.8+1.8 83.1+2.2 0.662 +0.044

Benchmarking

CatBoost_BAG_L2 78.9+5.0 90.7+3.8 85.1+3.2 0.704 % 0.067
ExtraTreestntr BAG L1 79.5 + 4.6 89.7+3.7 84.9+3.2 0.698 + 0.067
ExtraTreesntr BAG L2 79.0 + 4.9 90.8 +3.5 85.3+2.8 0.707 £ 0.059 re S u | t S
ExtraTreesGini BAG L1 79.9 + 4.8 90.0 + 3.4 85.2+3.4 0.704 % 0.070
ExtraTreesein_8A6_L2  79.7 % 4.7 89.8+3.7 85.1+3.3 0.702 £ 0.067 : : |
lghtGBMLarge_BAG_L1  80.8 + 3.6 84.9+3.6 83.0£2.9 0.659 + 0.059 Dataset from Jiang et al.
lehtGoMLarge_BAG_L2  78.1 + 4.2 88.6+ 4.9 836+34  0.673%0.072 2019, Feng et al. 2021
LightGBMXT_BAG_LL 81.5+3.2 84.4+3.5 83.1+2.8 0.66 + 0.058 R ductive toxicit
LightGBMXT_BAG_L2 78.9+4.6 90.9+2.9 85.3+2.7 0.707 £ 0.055 eproductive toxicity
LightGBM_BAG_L1 81.5+3.2 84.4+3.5 83.1+2.8 0.66 + 0.058 24 mOdGIS Wlth ava riety
LightGBM_BAG_L2 79.3£5.2 90.0 £ 4.1 84.9+3.2 0.70 + 0.068 .
of algorithms
NeuralNetFastAl BAG L1 83.7 # 5.1 79.4+2.8 81.4+23 0.63 + 0.046
NeuralNetFastAl BAG 12 83.9 + 5.5 80.7£3.2 82.2+3.1 0.646 + 0.062 Consistent results with
NeuralNetTorch_BAG_L1 81.3+4.7 86.5+4.6 84.0+2.3 0.681 £ 0.046 IOW Sta N d 3 rd d eVIatIO ns
NeuralNetTorch 8AG 12 81.3 + 3.8 89.5+3.1 85.6+3.0 0.711 % 0.062
RandomForesténtr BAG L1 79.5 + 4.8 89.4+3.5 84.7+3.2 0.694 + 0.066
RandomForesténtr BAG 12 78.8 £ 4.6 89.8+3.6 84.6 3.0 0.693 + 0.062
RandomForestGin_BAG_11  79.6 + 4.5 89.5+4.1 84.8 3.4 0.696 + 0.071
RandomForestGin 8AG_12  79.6 + 5.0 89.6+3.8 84.9+3.3 0.698 + 0.068
WeightedEnsemble_L2 80.7+5.5 89.2+3.3 85.2+3.4 0.704 % 0.069
WeightedEnsemble_L3 79.1t 4.4 91.4+3.6 85.6 3.0 0.714 % 0.063
XGBoost_BAG_L1 79.3+5.3 87.0+2.8 83.4+3.5 0.666 + 0.071

XGBoost_BAG_L2 79.2+3.9 90.0+4.1 84.9+2.9 0.698 +0.062



Jiang et al.

2019

Feng et al.

2021

WeightedEnsemble_L3

77.3

79.1+4.4

Benchmarking
results

e Models benchmarked

against literature results

* Better accuracy than all

results so far on this
dataset used for
benchmarking

88.1 83.6

90.7 84.4

91.4+3.6 85.6%+3.0 0.714 +0.063
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CatBoost_BAG_L1 68.9+2.6 73.5+1.1 71.0+1.0 0.423 £0.019

CatBoost_BAG_L2 69.1+5.0 748 +4.2 71.7+13 0.44 +0.025
ExraTreestntr BAGLL 73,0 % 1.5 706+ 1.9 71.8+0.6 0.436 + 0.012 ( i | O b a | m O d e | S
ExtraTreesEntr_BAG_L2 71.8+2.9 73.6+2.9 72.6+0.7 0.453 + 0.014
ExtraTreesGini_BAG_L1 73.8+2.4 69.3+2.9 71.6+1.0 0.431 +0.020
ExtraTreesGini_BAG_L2 71.8+3.0 73.0+3.2 724+1.1 0.449 + 0.024 :

Full database with 3255
LightGBMLarge_BAG_L1 719429 725+1.7 722412 0.444 + 0.023
lghtoBMLsrge BAG 2 69.2 % 4.4 73.0+38 71.0+1.5 0.423 +0.028 compounds
LightGBMXT_BAG_L1 70.0 2.9 727413 712412 0.426 + 0.023 : :
24 models with a variety
LightGBMXT_BAG_L2 70.3+2.8 723+2.6 71.2+0.6 0.426 + 0.013
LightGBM_BAG_L1 70.0 2.9 727413 712412 0.426 + 0.023 of a Igorlth mSs
LightGBM_BAG_L2 70.2+35 729432 71.5+0.9 0.432 +0.017 : .
Consistent results with
NewralNetfastAl_BAG_L1 69,2 + 2.9 71.9+3.1 70.5+1.2 0.411 + 0.024
NeuralNetfastAl_BAG 12 69.9 + 2.1 727428 71.2+05 0.426 +0.013 low standard deviations
NeuralNetTorch BAG_L1 69,3 + 2.2 71.5+4.0 703+1.1 0.408 + 0.023 .
Reasonable results given
NewralNetTorch BAG 12 71.4 + 4.0 71.7+3.1 71.5+1.2 0.431+0.024

RandomForesténtr_BAG_L1  72.9 + 2.6 70.4+2.8 716+15 0.433 +0.030 comp | exity of DART and

Randomforestentr BAG_L2  70.6 + 2.7 73.8+3.6 72.1+0.9 0.444 £ 0.018 lack of qua | Ity data

RandomForestGini BAG_L1 74,4 + 2.5 69.7 + 2.4 721+1.4 0.442 +0.029

RandomForestGini BAG_L2  70.9 + 3.0 73.6+3.2 72.1+0.7 0.445 + 0.015
WeightedEnsemble_L2 720+2.1 71.6+2.8 71.8+0.6 0.436 + 0.014
WeightedEnsemble_L3 70.2 + 4.0 73.7+2.6 71.8+13 0.439 + 0.026

XGBoost_BAG_L1 68.0 +3.1 74.5+2.3 71.1+0.8 0.426 + 0.014

XGBoost_BAG_L2 69.7+3.7 73.6+£3.6 71.5+0.7 0.434 +£0.015



in vivo

in vitro

RandompForestGi

ni_BAG_L1

RandomForestGi
ni_BAG_L2

In vivo/in vitro
results

826+1.1

30.5+6.0

* Models built for in vivo

and in vitro datasets
extracted from database

 Models built with in vivo

data are much better

80.1+2.9 81.5+1.6 0.625 + 0.032

89.2+2.0 64.2 +3.8 0.246 £ 0.070
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In vivo/in vitro results

datasat = in vivo dataset = in vitro

* Principal component analysis (PCA) plots of in vivo/in vitro data

* Two different regions in feature space indicating chemicals are
structurally different



Additional results

Comparison/Visualisation of
other datasets extracted from
database

* ML models and feature plots

* Developmental toxicity vs.
reproductive toxicity

e By data source
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Work in progress

Structural alerts (SAs)

Associate structural fragment with
mechanism of action for toxicity

Constructed with Wedlake et al. 2020
KNIME workflow

Comparison with SAs from DART scheme
profile (Wu et al. 2013) in OECD QSAR
Toolbox, DEREK SAs and other sources of
SAs in the literature to see how many of
these alerts are novel.

SAs can be used for screening purposes or
as part of next-generation risk assessments
(NGRAs)
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Conclusion

* We report the largest
known database (ca.
3255 chemicals) for the
general prediction of
DART.

* We have used AutoML
to quickly produce a
best-performing model
with 73% accuracy for
predicting general DART.

* These results can be
used for screening
purposes or as part of
next-generation risk
assessments (NGRASs)
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