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Abstract: The time-consuming and high costs of reproductive toxicity test of endocrine disruptor chemicals

(EDCs) lead to a relatively lack of reproductive toxicity data for aquatic species, which restrict the ecological risk
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assessment and management of EDCs. The prediction of toxicity data is one of the important methods to solve the
above problems, and it is also one of the hotspots and difficulties in the field of ecotoxicology. Based on the review
of related research using machine learning to predict chemicals’ toxicity effects on aquatic organisms, a support
vector machine (SVM) and a linear neural network (LNN) coupled with quantitative structure-activity relationship
(QSAR) were used respectively, to build binary classification models to predict reproduction toxicity for Pimephales
promelas, and the models were validated and evaluated using the reproduction toxicity dataset. The results of re-
view showed that SVM was the most widely used model to predict the toxicity effects of compounds on aquatic or-
ganisms, followed by linear regression and neural network. Acute toxicity has been studied more than chronic tox-
icity in application of the machine learning. There was no clear theoretical guidance for the selection of molecular
descriptors subset in the field of QSAR. Generally, the combination of experiences and algorithms was applied to
filtrate molecular descriptors. The descriptors related to octanol-water partition coefficient were considered to be of
high importance. The experimental results are as follows: four descriptors that related to atomic mass, polarizability,
ionization potential and bond order were obtained as input variables. The prediction accuracies of SVM for the
training set and the test set are 0.91 and 0.88 respectively, and the area under the curve (AUC) of the training set
and the test set obtained from the receiver operating characteristic (ROC) curve are 0.93 and 0.88 respectively. The
accuracies of LNN for the training set and the test set are both 0.82, and the AUC are 0.87 and 0.88, respectively,
indicating that LNN and SVM have good generalization and prediction ability. The results of SVM are better than
that of LNN, which means that SVM is more suitable for small dataset. The results can provide an important sup-
plement for the ecotoxicological studies of EDCs and enrich the toxicity data, as well as provide a scientific refer-
ence for the ecological risk management of EDCs.

Keywords: endocrine disruptor chemicals; Pimephales promelas; chronic toxicity; machine learning; QSAR
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I SR AR F SIS AR BB A — 2 B L, Iy Fe S0 g
s s st B A 1 T R LA S i iR
AT LA 2Rk 2 S I A AR FHEA T 0 2 55

FE R SE Z (quantitative structure-activity rela-
tionship, QSAR)EE AU 9k )™ [ FH T Ll 2 PR R
QSAR 2 — A1k G4 i) B ol 37 1 5 3 24k
G YR BT BUAS A {F B AT E B OCHR 1 T
AT LR Ak & 9 s R A AR B, e A HE
Ak T A R 9% 0 0l 5 A R T vk L
areE ARG AT o AL AR 22 X 7R AR SR 2 T 1S
B 7 ORI 2 I e P AR A — A
DU A A i 5 s R o 2 R ) 00 R — ek, JT
AT AR AR AL BT BIL 2 2 2] Ty vk e] AR
B b Kb P LR A (R, R T 5 2R B 2B AT A |
g 1 A A ARG B aE N, HE B R AR
AT DAk /b # A2 PR AE Y TR EDCs B 5
PR R E B — P, 2P R 4 AN T
EDCs AP S0 85 PERN . B9 3 45 1 i (vitelloge-



150 tx #F

PLINN O P17 5

nin, VTG) P #3544 (gonado-somatic index, GSI) . 2
TR iR T A IS [ e EE R R 4 2 AR A
e T PEAS EDCs %8 B 24 s 9 AE s i )
XL A8 AT A ) ORI, — e R H TG 2%
N R JE (no observed effect concentration, NOEC)x,
F A AT WLE AN Mk P (lowest observed effect concen-
tration, LOEC)#§ #5 %/~ | X i i i T EDCs #E

HEATRER R R ISR 1 B, X R B
SCHRAE R 20 A7 - S ATHIFTE 9 228 H Y STk 1
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1 ##57 % (Materials and methods)
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Table 1

S 25 SCIHR TP A AR 104 5 PR BN O T kY e S
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FFHZRERNERE ST A 2 T K 4 W5 1R Sk B X A
Key words for searching papers that applied machine learning to predict the toxicity effects

of endocrine disruptor chemicals on aquatic organisms

TRk

Pt
Key words

Websites

BT S SCAi ir])

Key words related to modeling

ol S iR
Other key words

Pl > (ML)

Machine learning (ML)

43I T (EDCs)

FE R MIRE R (QSAR) Endocrine disruptor chemicals (EDCs)
Quantitative structure-activity relationship (QSAR)
L TR
Neural network KA TR
Y EAL(SVM) Aquatic toxicity
Web of Science, CNKI Support vector machine (SVM)

1 $° S

k-nearest neighbor RS YL

R Contaminants of emerging concern
Decision tree

YE s

Genetic algorithm qezy
BEHLARAK Pesticides

Random forest
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Table 2  Assessment standard of binary

classification models

PERESE bR HEAX
Performance indicators Formula
R TN g FH A A 5 (TP)
True positive (TP)
TER TR A B4 1 B (TN)
True negative (TN)
FERTICIN A B 14 A 40 (FP)
False positive (FP)
RTINS 5P 1) ik (FN)
False negative (FN)
Uk (SE) TP
Sensitivity (SE) TP+FN
Fi5E(SP) N
Specificity (SP) TN+FP
IEH % (Acc) TP+TN
Accuracy (Acc) TP+TN+FP+FN
AEGHT A FHPE R LA TP
Proportion that correctly predicted as positive TP+FN
FER TN Ay B 1) ) FP
FP+TN

Proportion that incorrectly predicted as positive
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of chemicals on aquatic organisms in recent years
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Frequency Regression Classification "Assist
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Decision tree
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Linear regression

Ffi L AR AR
Random forest
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Genetic algorithm
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Fig. 2 Algorithms used to predict the toxicity of chemicals on aquatic organisms and their frequency and purpose of application
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< Aldehydes Brachydanio 1 4
42}y Pesticides rerio
B ST
Vertebrate Personal care X
products (PCPs) LI
F LS ey Oncorhy_nchus 5 1
Microorganic pollutants mykiss
S 2
Others g 2 L 2
ES AL
TN ES
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Aromatics i 0 f LTS
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?Dﬁtﬂ?:t% Industrial chemicals pap
nvertebrate WIRBTHA) I =3
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42} Pesticides 7~9
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Fig.3 Aquatic creatures and toxicity endpoints applied in papers
Note: ICy, stands for 50% inhibitory concentration; IGCs, stands for 50% impairment growth concentration; LCs, stands for lethal concentration 50% ;

ECy, stands for concentration for 50% of maximal effect; NOEC stands for no observed effect concentration.
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Fig. 5 Relationship between molecular descriptors and toxicity

Note: Abscissa represents different chemicals, and ordinate represents the toxicity of chemicals after standardization.
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Table 3 Chemical information and predicted results of models
REVERLN
75 EA i CAS 5 Toxicity effect
No. Chemical name CAS No. SR E A RV |
True value Model [ Model 1I

1 54 AR Sertraline hydrochloride 79559-97-0 1 1 1
2 2 = JiHli Trenbolone 10161-33-8 1 1 1
3 HRMERE Ethinyl estradiol 57-63-6 1 1 1

PUVR 251 Tralomethrin 66841-25-6 1 1 1
5 R %A AR Bupropion hydrochloride 31677-93-7 1 1 1
6 HUK G Fenvalerate 51630-58-1 1 1 1
7 W % Estradiol 50-28-2 1 1 1
8 SRALGME Cyfluthrin 68359-37-5 1 1 1
9 Ik 3 * Pyridaben* 96489-71-3 1 1 1
10 TR i Azinphos-methyl 86-50-0 1 1 1
11 FIIHE Flumetralin 62924-70-3 1 1 1
12 4-TF-FIK W 4-nonylphenol 104-40-5 1 0 1
13 MW Diazinon 333-41-5 1 1 1
14 FAk% Cadmium chloride 10108-64-2 1 1 1
15 ALY FEERK 2 1 Thiram 137-26-8 1 1 0
16 ERWRSCHIM:E* Venlafaxine hydrochloride* 99300-78-4 1 1 1
17 [ HU 4518 Pyrethrins 8003-34-7 1 1 1
18 FBERE Fluazinam 79622-59-6 1 1 1
19 PP L S s Tsazophos-methyl 42509-83-1 1 1 1
20 12 T * - Spiromesifen® 283594-90-1 1 1 1
21 HZE% IR Propranolol 525-66-6 1 1 0
22 ERFRHPETT Fluoxetine hydrochloride 56296-78-7 1 1 1
23 ML R i * - Pyraclostrobin® 175013-18-0 1 1 1
24 =S AR Dicofol 115-32-2 1 1 1
25 2PNl Spironolactone 52-01-7 1 1 1
26 FUE* Fipronil* 120068-37-3 1 1 1
27 T Anthracene 120-12-7 1 1 1
28 WEWEER Buprofezin 69327-76-0 1 1 1
29 RIS TR * Fenamidone* 161326-34-7 1 1 1
30 (2-1R-2-fil§Hk 45 ) #E (2-bromo-2-nitrovinyl) benzene 7166-19-0 1 1 1
31 NEEEEE* Pyraflufen-ethyl* 129630-19-9 1 1 1
32 filif 44 Sodium selenate 13410-01-0 1 1 1
33 22 Methyltestosterone 58-18-4 1 1 1

N-[2-[4-(2-HU R IEHEE)-1-IR R 5E] 2 2E]-N-2
34 NI SR R 162760-96-5 1 1 1
N-[2-[4-(2-methoxyphenyl)-1-piperazinyl]ethyl]
-N-2-pyridinyl-cyclohexanecarboxamide *

35 227 487 557 FNRBH 35065-27-1 1 1 1

22’ AA’ 55 -hexachlorobiphenyl
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REVERLN
JFe HFR CAS = Toxicity effect
No. Chemical name CAS No. SR E A RV |
True value Model [ Model 1I
36 227 3AATS NRBE 35065-28-2 1 1 1
22’ 344’5 -hexachlorobiphenyl
37 22’55 -PUGEIRA 2,2° 5,5 -tetrachlorobiphenyl 35693-99-3 1 1 1
38 22’455 -HAWIE 2,2° 45,5 -pentachlorobiphenyl 37680-73-2 1 1 1
39 # A Diuron 330-54-1 1 1 0
40 tb & fe* Bicalutamide* 90357-06-5 1 1 1
41 TR AN Copper sulfate 7758-98-7 1 1 1
42 HiFEKHA Dexamethasone 50-02-2 1 1 1
43 B AEhL g Atrazine 1912-24-9 1 1 1
44 ML JE* Fenbuconazole™ 114369-43-6 1 1 1
45 AU L AR 3547-04-4 1 1 1
1,1’ -ethylidenebis[4-chlorobenzene]
46 4 th* Emamectin benzoate* 155569-91-8 1 1 1
47 HE# . Stanolone 521-18-6 1 1 1
48 AL Copper chloride 7447-39-4 1 0 0
49 B H R T TE Benzyl butyl phthalate 85-68-7 1 1 1
50 1,3,5-=f§37E 1,3,5-trinitrobenzene 99-35-4 1 0 0
51 fil§ A48 Nickel nitrate 13138-45-9 1 1 1
52 IR A Vinclozolin 50471-44-8 0 0 0
53 21 -4 SRS 2 R 53 15 2 4-D-2-ethylhexyl 1928-43-4 0 0 0
54 AIEMEERE Fenarimol 60168-88-9 0 1 1
55 HUEEE* Tebufenozide* 112410-23-8 0 1 1
56 2.4,6- =4 7K 2 4 6-trinitrotoluene 118-96-7 0 0 1
57 HHRIENE* Cyhalofop-butyl* 122008-85-9 0 1 1
58 XU A Bisphenol A 80-05-7 0 0 0
s 227 A4 DU IE IR R R 13125525 0 0 1
22’ 44’ -tetrahydroxybenzophenone
60 il B Ketoconazole 65277-42-1 0 0 1
61 Z 4k Ammonium chloride 12125-02-9 0 0 0
62 SR Clofibric acid 882-09-7 0 0 0
63 LA 68424-85-1 0 0 1
Benzyldimethyltetradecylammonium chloride
64 JENL N * Fluopicolide® 239110-15-7 0 0 1
65 B-4 15§ Beta-Sitosterol 83-46-5 0 1 1
66 5N #LfEE Metolachlor 51218-45-2 0 0 0
67 ¥+ Prometryn 7287-19-6 0 1 1
68 .24 Hexogen 121-82-4 0 0 0
69 FIBERIRRE 42615-29-2 0 0 0
Sodium (1-methylundecyl) benzenesulfonate
70 FHAEP 55 Gemfibrozil 25812-30-0 0 0 0
71 A9 A RR ST Potassium perfluorooctane sulfonate 2795-39-3 0 0 0
72 PO G L mE* Tetraconazole® 112281-77-3 0 0 0
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REPERON
FFe HFR CAS & Toxicity effect
No. Chemical name CAS No. SR E A RV |
True value Model [ Model 1I
73 $h I8 Prometon 1610-18-0 0 0 0
74 TiFERAN Potassium thiocyanate 333-20-0 0 0 0
75 P 5 % /K Atenolol 29122-68-7 0 0 0
76 ZH HBERR (Aminomethyl)phosphonic acid 1066-51-9 0 0 0
77 PUiEIfE* Trinexapac-ethyl* 95266-40-3 0 0 0
78 I HPR* - Acetamiprid* 135410-20-7 0 0 0
79 S Ak Sodium chloride 7647-14-5 0 0 0
30 L EBR Perfluorooctanoic acid 335-67-1 0 0 0
81 St4/RK i Isophorone 78-59-1 0 0 0
82 HilR4M Sodium sulfate 7757-82-6 0 0 0
83 L E = LR Triclopyr triethylamine salt 57213-69-1 0 0 0

T ARRIMIAEM A Y BA T  SVM BEAL TS LNN, R,

Note: * denotes compounds of test set; model I represents SVM, and model Il represents LNN; the same below.

YIZR A T 4L i PEAG e 4 iR, o,
SVM TE I 25 45 FN K 48 | % 30 00 o 5t 3 43 0l A
0.91 F10.88 ZeAy, ¥R 3 T 3471 /K-, 15d B Fit i)
A 71 R AT 37 s AR A Ay T &85 SR v, ks 2
PESIRF AW B E R /) SE 5 SP 45 K
1.00 5 067 ,AHHLYIZRE T 0.93 5 0.88 KA
iy , 3 AT e IR A A D S U (E
SE i n] LA/ b S bR 340 Wik A i T e 5
YA 55 I 1 100 o A 23 2 R AN K, 5 B A 7R 92
BLRAELMA, SVM 5 LNN 4 gt #5 #1 15 2] 1
ROC ik sl ant& 6 FE 7 fios, He SvM il
ZAE H5INRLE R AUC 435120 0.93 F10.88, L K T
TER 0.5, PRI & — i ) o 25 e

LNN 7E I 2148 4 1 i 950 000 o 1 SR 1 oy
082 Zify, A BT I A M4, SE 410 0.88 5

1. 00, SP 4331k 0.73 5 0.50 ; TZ A7 {14 i I 45 5 [+
FEA RS SE 5 SP 4045, vl g it — 25 Ui B i )
R S EE AR A OGN AR 5 I AR Y AUC
3510 0.87 5 0.88, A2 RE BT
2.2.3 BRI

(1) SVM It LNN F25E . il 8 s, PrFe i 2
B A, SVM. AT DL i Il 2545 31 48 12 B
fiff 5 X F LNN, Z IR B W3 hin, 25 R AE %
W AR Ak, AR 9 BT, DI HE T 7 B 2R (Acc)
T A T U A 8 (val_ace) AN S (H I 4R
195 PR (val_loss)Z 5 Il 2R 45 11 5% PR N (loss ) &2 BR
FH a3, 1a BRG] F 5 2o 005 & 8 | 3X AT g
S8R BN . SVM 1Y I 45 5 ok f T
LNN, —EFE FUil SVM %8 LNN H3&E A T/
.

F4 EEEBTNERERE
Table 4 Statistical results of developed models

iR o2 e
Dataset Chemical number B ™ FP N SE SP Ace
B T Model 1
1%k %E Training set 66 37 23 3 3 093 0.88 091
DRAE Test set 17 11 4 2 0 1.00 0.67 0.88
AT Model I
1%k % Training set 66 35 19 7 5 0388 073 0.82
TRAE Test set 17 11 3 3 0 1.00 0.50 0.82
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Fig. 6 Receiver operating characteristic (ROC) curve for training set and test set based on SVM

Note: AUC stands for area under curve.
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BN IEAT, SVM 1] LIS 28 2 fe L, 11 LNN

ANBE; T35 AEAHTR] YN R BN, NN 000 o 1
A2 1 A ) 9 A2 A S LA, 25 AR 2 7
AR AT REATH, ik 10 fR

(3) SVM Kyl ZRFERS AHEL T LNN B : SVM
PFRIA S fe LR A U ZRI TR] 2 <1 s, % LNN 4
YIZR 1 000 FE T2 20 s 7247 (HARFERS 5 3471
SRR TR B LA DAY BB 2 0 G, AR (B
XA SR 2R

3 132 ( Discussion)

AT ML 27 2T R 7 VA0 7K A B 1 T 0 1 45
N B 58 E AT T REHE 5 B4, IR SVM 5
LNN %54 QSAR, fiff F &8 /0w H A b 58 R H 19
EDCs %58 5P 1) NOEC 1E R4 i, 78 B 3k J 1
R AR AR T SR A = AR A A AR s SVM
FEIZ AT i el A 8 0 e 5 % S PR B AR 2
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