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Predicting the Fetotoxicity of Drugs Using Machine Learning
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Pregnant women may need to take medications to treat preexisting diseases or diseases that develop
during pregnancy. However, some drugs may be fetotoxic and lead to, for example, teratogenicity
and growth retardation. Predicting the fetotoxicity of drugs is thus important for the health of the
mother and fetus. The fetotoxicity of many drugs has not been established because various challenges
hinder the ability of researchers to determine their fetotoxicity. The need exists for in silico-based
fetotoxicity assessment models, as they can modernize the testing paradigm, improve predictability,
and reduce the use of animals and the costs of fetotoxicity testing. In this study, we collected data
on the fetotoxicity of drugs and constructed fetotoxicity prediction models based on various machine
learning algorithms. We optimized the models for more precise predictions by tuning the hyperparame-
ters. We then performed quantitative performance evaluations. The results indicated that the constructed
machine learning-based models had high performance (AUROC >0.85, AUPR >0.9) in fetotoxicity
prediction. We also analyzed the feature importance of our model's predictions, which could be lever-
aged to identify the specific features of drugs that are strongly associated with fetotoxicity. The pro-
posed model can be used to prescreen drugs and drug candidates at a lower cost and in less time.
It provides a predictive score for fetotoxicity risk, which may be beneficial in the design of studies

on fetotoxicity in human pregnancy.
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Raw-dat Data Preprocessing Dataset

Remove duplication
(Labeled according to TGA standard when
the class labels conflicted)

I Remove unclear structural format
KIDs ; [———
1,073 samples Remove viruses and vaccines E
Non-f i
i Remove toxins I : 947 samples

TGA
1573 samples

Fetotoxicity

285 samples

DrugBank

16 samples

Remove using multiple drugs l

|
|

Remove ‘category C' in TGA l

Fig. 1. Summary of dataset construction. We performed pre-
processing on the collected datasets, including TGA,
KIDS, and DrugBank. We removed duplicate data, un-
clear structures, viruses, vaccines, toxins, multiple
drugs. In addition, "category C" in the TGA dataset
was removed. The drugs were then labeled as 'fetotox-
icity' or 'non-fetotoxicity' based on their toxicity to the
human fetus.
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Table 1. Confusion matrix for binary classification

Predicted
Positive Negative
Positive True Positive False Negative
(TP) (FN)
Actual — -
. False Positive True Negative
Negative

(FP) (TN)

Table 2. Performance metrics and its calculation formula

Performance metrics Formula
A TP+ TN
ceuracy TP+ TN +FP +FN
Precisi TP
recision TP TP
TP
Recall (—TPR) W
FP
FPR TN+FP
2 X Precision X Recall
Fl-Score recision X Recal

Precision + Recall

e PEE T AL HRE R CE HFgE
(accuracy), 73 Z(precision), A|d E(recall), F1-score, AUROC
(area under the receiver operating characteristic curve),
AUPR (area under the precision-recall curve)= 35 H7}
A E 2 &85 TH(Table 2).
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cross validation®. 2 713t & H 19 H5&

NHFE A e s t(Table 3).

Hole v

g o5 85 Tt 2t

ol 54 oA S& A 5709 71ASE 716 2l o
3+ ROC curve?} PR curveE I1¥ & 7} mdo] BH A%

S B W3} th(Fig. 2). Random Forest, Gradient Boosting
Machine =@ ©] Z}2} AUROC, AUPR A| 3004 7} =&
A Btk 758 ZE 299 AUROCE 0.85 )4,
+ 2d9] AUPRE 09 o]/FelH, o]= &3] #2913
g9l AUROC ¥ AUPR®] 0.58 7R+ Zlol
kel 19 77h #E HAER fFES B EEYS
A = Q) o] F 7 BL FlscoreE 7HA+= 7 2dl 9]
AAMES 7|Eo 2 st AFH H5 H7ME FRT
A3} Random Forest 7|¥F mdlo] AU S Extra Trees 7|4k
mdo] A% AHX, Flscore AFAN 52 Ao

A tH(Table 4).

[e5

Table 3. Bayesian optimization configuration and optimal values for each machine learning model

Model Hyperparameter name Range Optimal value
Logistic regression C [0.001, 100] 0.34
n_estimators [10, 250] 105
min_samples_split [2, 25] 2
Random forest max_features [0.1, 0.999] 0.15
max_depth [30, 100] 68
min_samples leaf [1, 10] 1
n_estimators [10, 250] 130
min_samples_split [10, 50] 11
Extra tree max_features [0.1, 0.999] 0.1
max_depth [20, 100] 82.47
min_samples_leaf [1, 20] 1
learning rate [0.001, 0.1] 0.001
n_estimators [200, 500] 248
Gradient boosting machine min?sz)r(ri(jlee psiplit [[12” 1205(;] 932
min_samples_leaf [1, 25] 1
subsample [0, 1] 0.58
eta [0.001, 0.1] 0.02
n_estimators [300, 700] 347
min_child weight [1, 2] 1
XGBoost gamma [0, 2] 0.31
max_depth [5, 15] 13
subsample [0.5, 1] 0.65
colsample bytree [0.5, 1] 0.52
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Fig. 2. ROC curve and PR curve for all models. (A) ROC curve graphed for the false positive rate and true positive rate according
to all thresholds of each model. The closer the curve of the graph is to the top left corner, the better the classification
performance. (B) PR curve graphed for precision and recall according to all thresholds of each model. The closer the

curve of the graph is to the top right corner, the better the classification performance.

Table 4. Quantitative performance evaluation results for each fetal toxicity prediction model

Model Accuracy AUROC AUPR Precision Recall F1 score  Threshold
Logistic regression 0.816 0.866 0.901 0.909 0.702 0.792 0.1288
Random forest classifier 0.921 0.980 0.979 0.929 0.912 0.920 0.1619
Extra trees classifier 0.939 0.978 0.978 0.917 0.965 0.940 0.1000
Gradient boosting classifier 0.921 0.979 0.981 0.900 0.947 0.923 0.4168
XGBoost 0.895 0.947 0.955 0.925 0.860 0.891 0.1271
of 4 YIS o2 BRE T Ut ol o] HA Hol& ol A& g oH, Hol A4S 4 A A
o] ZX EFE Aok T5H EEE HolHE &HlE ) AFo] EAstE Aom WA ATHT). A&
A B7FE g o, o] A 9 &4 (false positive) 2 7} o2 3 BA AP FYHA Gko, g ATl A
B4 Fastel dolHo UAl £R/ AEAUEA & wloje] U@ SWF FA4go] niw A LTHs], 344
AT+ Atk ety fele 2 o) kel WAL W sHEElE JIM 2YAE A8 o] A A, 7]
‘Blob =4 gl ol AN ‘Bjo} 24 UAF 02 ER[I oF 3 A o AN AFS 2L YeE=E ¢ *J
E(false positive)ol] th3F A3}E B2 39 TH(Table 5). ZE Z AMEE HAASHA Za A7) AF FES Hof 54
oA Yo BHY kB ‘gadobenate’ S 7HE QSO EFH| Yot k=) U3l ke Fashof
2] H(gadolinium) 7]¥F MRI ZFA & ALt 7tEdH ol Al 0] UehE & Ues £ ATFolA 75
A zFA B B FAHL G5 Yol AV mdo] FYHoT BRI AL HAsyn

Table 5. List of drugs classified as 'fetotoxic' by machine learning models

Rank LOngt.lc Random forest Extra trees Gradient t?oostlng XGBoost
regression machine

1 Remdesivir Pyrimethamine Pyrimethamine Pyrimethamine Gadobenate
2 Gadobenate Levocabastine Levocabastine Gadobenate Fingolimod
3 Varenicline Gadobenate Gadobenate Levocabastine Cyclophosphamide
4 Fingolimod Cobimetinib fumarate Dutasteride Fingolimod Cobimetinib fumarate
5 Cyclophosphamide Cobimetinib fumarate
6 Lithium salts

These drugs have been classified as 'mon-fetotoxic' in the dataset, but can be potential candidates for fetotoxicity.
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Table 6. Feature importance score for each machine learning model

Random forest

Extra trees

Gradient boosting

Logistic regression classifier classifier machine XGBoost

Rank Feature Score Feature Score Feature Score Feature Score Feature Score

1 1855 0.6750 80 0.0663 80 0.0719 1380 0.1288 1380 0.0103

2 1484 0.6604 1380 0.0507 1380 0.0479 80 0.1010 1873 0.0080

3 739 0.6452 1873 0.0449 1873 0.0392 1873 0.0492 80 0.0072

4 555 0.5769 1750 0.0274 1750 0.0343 QED 0.0345 1329 0.0050

5 75 0.5735 QED 0.0241 1 0.0229 715 0.0198 578 0.0046

6 533 0.5664 1 0.0230 807 0.0196 1 0.0171 1771 0.0042

7 1583 0.5649 650 0.0177 650 0.0190 1484 0.0135 1679 0.0040

8 MW 0.5369 807 0.0142 695 0.0158 114 0.0118 1395 0.0038

9 796 0.5323 715 0.0119 1199 0.0112 1154 0.0091 909 0.0035

10 1917 0.5158 695 0.0110 926 0.0110 1750 0.0076 1061 0.0033
Zt ZEo| EM FRL ZAREE FEAMNE FES EAS FESIA A Ho}
TE 7+ 7|A8kE 719 BdllolA AlLHE A9 1071¢] 54 7t S dEdtdes As 808 F Aok FEG
54 F85E st TH(Table 6). 2 EA A £ & BHE k& A, & AA ol dANA Hol =4
A FREE VHAE B4 F M B2 RESFE Hole S A& F Jonz U oF W ¢E FH EH
AL 807, ‘13807, ‘1873 B4 o2 Ejo} =43 HAHA gt glol 54 AFEE AL F JE& Aotk AlLkd
o] &2 9E 39 A FRE BAZILh ol FF AT Hol 54 =T oFE /Y DA A Hol 54 «F
oA Ho} 547 AddE A ‘3}%’4 T2E g4 9 A Tt =& ¢E TH EFE A9sle] 4ok AR FE
L& Faste] ol 547 #AA QFE«I L e A3l 7FsdE Y T A, FE Hol 54 AlFAA
E AT JAoltt. &2 EA FLEE /HAE 83 4 =95 FAste] B84 FE9 Heol 54 2o

st gelstr EAe MW’ el ‘QED’ |t ‘MW'E oFE 7bsed Aol

of gt ZHAA 5 G4 =2 FAZE HAE & SHAIRE, 71AEE 7W 54 dF 22 AF dolH
2] 5}8} 3] % ©|T}H28]. ‘QED’& At Ee|5Etd EA4 o] S/} EAStE AFolE olF FFE  doH o
o] BXE AFgsld YEt e F=E([6], A4tste Hl = 2o g B AE AT F Aok Al =
&85+ EU8e3 54 F TPSA (topological polar sur- g GA 7 ASkE ZHle R F3EtE oS mdo|ung
face area), logP, 4 A% -9 = ®Hink T34} AAA ol gt B oA Af{FFA E3lth ol & FES] 9
o] 3lT}H20, 26]. 'SH FE AFAAE B AT AAG B TLE 5
< &3 354 7}"5—’5& Q1 FA] 5 (eXplainable Artificial
o & Intelhgence XAD) 2dg T3+ "ot 543 AdA o]l
2 oE B4 39 7FRE AEsta AAE Aol

ool ZAT Bhol THE 43
St in silico 2] g o] tF5H
B ol7e ok o] glof =4 A
S g3 7]7415})\ 718k Ejo
3 9_‘1] 2 495 =S
S

BT o2 Fal AkSHE A1ASE 16 Hlo} 54 o
= welo] obE 9 okg u A O3 o} B4 o=
o #EFL FHSAT. T, wE welo] ‘Bo} B4
g 02 dZgort AA BRE Hok B4 98
oFEol U BH 2AE £ A7 AP FBL we
Hlot 54 190z ola) Yarel Age WA e
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