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Figure 1 (Color online) Three representative computational toxicology techniques for studying environmental contaminant-biomolecule interaction
processes. a) Machine learning (ML)-based modelling distinguish traditional ML algorithms (supervised and unsupervised algorithms) from deep
learning (DL) algorithms and reinforcement learning (RF) algorithms; b) there is no one-to-one correspondence between methods and scenarios and

architectures
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1.2 5 FEh) iR,

H5oFXgNESE A ARNE, oFshili
(MD) AT IBHUECs- A K FHIZEMES Gt s, LK
A Y(ligand-receptor complex) ) sh A28 i 72, it
A A AR AR FEBLA (R B 20 . Rk, MDA
PURER T —FhiR A IS ECs- A Ko T2 A W4
RN A R TR T H, BAMDEMIRE/S v REH
R BIR-Z IR LS G s 2, NECSHRULEEHLH]
w8, (EASRAFAEWIAN T AR, (1) s . 25T
B AR B ETRAR A 5 5 B e K 8)
A HE AR, PEREE VLG B2 IR LT B 2B
T AR AT 174 2 L T v A B R T . A SR R A
2R B AL RN AR R 5 38 B H TMDELLLE 2 Y
KPRz —. (2) TR, EaHT ST
W, MDEF X3 — G (EEIRECs 5 AW R 7311
BeAR-Z AR L, A R A TR ST . 7E AOPHIEAESY
T, ECsA&I8 2 520 A 4 K43 458 0 38 B T5 PR 1T =
UMK BEERON. SR, MDICHESE T30 B4
TR ECs Ay 75 F AL

1.3 BLARY 2Bt

BT, HLAR: A (MLYSE AR IR T AL AR~ K i
IR FE 7 ] (DL)FATEECs-AE W) K o0 F B AR ST
PAFT — I 2 272, WLk > g (181 1) 2R A
TSk E B AL 2 Gn chemico) 1AM, PRI A= 1%
PEXCE, TEMLISE R IEA 1A i fE 4 A - T MG &
(quantitative structure-activity relationship, QSAR)f7Y,
FFHIHIQS ARMEAY T 42 v 2 [ 73 HE s ECs Y K 1L
AR, HE— PR A Y 55 Q-9
RArTFHIVE IR AT 1, DRk, WLase o) i —
5 73T SE A A R AR TR R EOR. AR, Bl
i o ) AT AR A — A S ) R —— AT R R A
FEP0B PP L M R LA TR LT ) 1 S
Tk, WA 22 Tn A B i fe /) —3fe (w14,
B TCTE A H A U R A= W R, B R AR
TR R A Wi AR S BOE o Se ik a9 AR 2 M S K
IR E——MLEE, W T QSAREEAY. R4kt
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A Ve R R rh 2 YL O, 2R R AT,
MNTBEYIR T Rt 24— BRI BEAE A TR 4 (4 T 45
R HHI, TEECs-AWIR T HARNTEh, WFFEA S
KN HVFZ,  AnZET W B REA LR ML B2 (B X B
BUARAREE 1 ) FIARE 58 HL I 28 3 A HEE 03002 (B X R
MM LETR), RURHMILAR > PEINAS Y fr) AR ik
B R, AT R A AR R B T PL RS ) A
ECs-A: YR I HAFBESE.

N R GRS BT T B T I TR R
b RE A U Y T, AARECs-AE YRSy T AR A
VR BIRROE R WP S AR A . 28 0he 132
AR IR RR- 2 IR 5 & . ARk . 1AL
R R LR A ) 2 B 5407 T A 355 R R
(&12).

2 VBRSO oy TR
AR AR5 S5 AL 1 7

2.1 PAei-S2 ks

BCAAR-Z AR G5 G FRAE s G- A=) K5y A B
VEFI B RS — 2 — B B e A 0P,
BT, FFXTHECAAR-SZARES G 30T BAEALHIR S 3 2R
TR, xRS GRS 456 B R
JIREALECS-AEW Koy FRIFASSS Al fE, JEmh
ECs-/EW K73 F RO R AL THI P LR (B
2). #lhn, 20224, Liang N R F RS T 0
P28 H R TR (parabens) 5 R IR B &K &2 (& (thyroid
hormone receptor o/B, TRo/P)HIEE Gt #. Mfi ] A& BT
A fyparabens#B LA IE 1945 G B ATRa/BIIZE G H
4%, HZ5G R MIIER7E-6.36~6.01 kcal/mol, iiFH]
parabens-TRa/BFF7E I U4 &G PE. 20224F, Li%F
H T XHERTSE T A HUBEBR TS (organophosphate
esters, OPEs)-5 % H IR A7 4 2% 32 /& (membrane TR, mTR)
MTRPILE At 8, KIHAROPESMZE AL 55%
Btk —2; FHRIRSS G M OPEsHE TR PERU HE
J¥, HABIUEE R SRS S0 2 R s 5 2 TE A OG
FZ(R*=0.94). 20224F, Zhang N2> Faeeds
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Figure 2 (Color online) Strengths and weaknesses of typical computational toxicology techniques in environmental contaminant-biomolecule

interaction studies
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TR A IE T T XHE T Z AR LS S,
MDiE S HUECs-AE ) KA T 456 W sh S H (dy-
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A WTER ) 4R A% 3h (fluctuation) 5 F4) % 254k (con-
formational shifts){& EL(&12)**. i, 20134F, WangZs
N0iE 5 2 IR (polybrominated  diphenyl ethers,
PBDESs) IR =4 — 2 3L Ak £ IR K ik (hydroxy-
lated PBDEs, HO-PBDEs)FlH & Ak 22 1R B8 ik
(methoxylated PBDEs, MeO-PBDEs)Xf TRa/BFEAE 17
e, @B IHO-/MeO-PBDEs 5 TR a/B Y 5
BEA I AZIRSE + =5 ol (helix 12, HI2)H5)
BEEMSR, 4558 % IE Y AT TR R
PRIMER (T3) 35 45 5 R TRa/BAE SN, 155 TRo/PIY
MG, STHI2E B (6, DA™ A s e 1fi (AF-
2), SR TIRIEE. $28, 20164E, Chen®E A5
IR F AL % PR, HO-PBDESs/ ™ 4= [l AF-21% PR R AR

HET TRsHAFEAE R, S50l A SO0 i R R P 43
WHRIEE. 20184F, Lu A2 o il MDA & B
Py S K Hi[R] R Wyl i 5 e A LR His435(H 11) Al
Phe459(HI2)fEH, #EME-RTRBAHI2E E A, 74T
PLTE e, MDBELC ZEMF 5T 358 N 70 i T34 (endo-
crine-disrupting chemicals, EDCs)5#%3Z {4 (nuclear re-
ceptors, NRs)Z[H][ 3l 11455 HLEI 7 &5 T E K
Ve

2.2 R

BLES 2 3] # 3 S /E ML/D L& v (0 B il b g
QSARFREAY,  FFIHT QS ARFAY (1) AT i BEMEXTECs-A: 4
KA FHHEAE R ES S LR TR ST (E2). R, 5
FUA R B T R I o TR R 2, VR Bt
PIBLAS 2 > A EAT < BEAR B, U REXTECS S
TR T BRAGMRE. B0, 20194F, ChengHiINg"”
FI 26T M B 25 A SFh W B FIML/DLA 7 (G2
P BEBLARAR . AT 25 R 24 701 0 ol ] o 2 o) 2%,
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fluoroalkyl substances, PFASs)iFfTQSAREAR. SR 5, it
TRk e B B TR R & IR 25 A A= )15 4 PFASs
M A RBELEE K/ N T 12, 20214F, Lids N ORI Z 4
P TSR R IR MR AR TR AR 8 42 I ECs 1 iR 23
FERSRIR. 20214F, Wangs NI TR E 27 > HE S0 40
) W7 2 3Z {4 (estrogen receptors, ERs)fb-&WII3DEE
AT E A, FEAIQS ARSIty 1k — 4 & W H faf 43
AT BE A A W7 A MR T 0GP0 s 4544
Wy Hill, A KEIFHML/DLA AN ECs-4:Y)
RIS TR 45 ST T AR RE sk, 1F
T SCHTIR, AL BB O ] ST 2 ML/DLA v
AT A2 0 A IR AR R R T i AR
ECs-"EW Ko+ ARG A .

2.3 HERCR

IR FHE AR RRCE HRYOE TZ ks
Y- WK F HAERIEGE P R e, R e )
RCRACNE BAK. /- FXHE i FRERT A . RORE, %4
ARFEECs-A WK H HAE Y 8 s LS sk
R, 4N, 20204, Tan%E A" Kr4000 2 F b &4
T 5 0F 2 21 ML 2K 3Z K (androgen  receptor, AR)FIERa
g EO4s, RGN SAEEE IS EA A
LA, 20214F, Tan N HE— & 1780002
L&Y 5 AN 124G INRs ) 22 SR =, ATl
T UEEDCsHY LS G0 5. [F, BT FXHER
AR il T Re”, fEfH T & m X (reverse dock-
ing) 24 (J&3). [ R — LT 0 X HE 0 i 1)
TR A, &l DIFEECSTR AR F A R4 T, T
VTR A A TS, BRI, S xR R T —
Tl 5 0 0 <A 42 o e ) v R Lk T BT,
i, 20144F, KolsekE AT % T —3K Wil 14FFNRs
I FEDCsHI M 51 fitl % {4 Endocrine  Disruptome. En-
docrine Disruptomeit it B IA-SZ AR A 455 5 A
KN B ECs J2 75 & 7E 9 14 FINR s/ FEDCs .
20154F, VedaniZg N VR FIZMEM ST & T — sk #inl
1bE W15 10FNRs )45 A 25 A1 S0 44 Virtual Tox -
Lab™. 20174F, Wang% A58 J&41 %) HRTC A faikZs
FAJ A 3OFINR s#4) T 35 431 X 2 U ED Cs Tl il 455 75
SR RT3 T 416 2 0 kR L0 A R FH Y
@[70]’

HTFAERTRE o, K A MDA L H RE A X LR i
ECs(/NMUVBHESE) TR TAE. 40, 20164, Zhang
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2244, 20164F, BhhataraiZ: A" F AL &9 S ERs/ARKY
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EDCsf B RIITTE. 20214F, de Lomanas A i 5E1k 4
T 5 HUR IR R AR 8 SR> T4, 4T
BE— RS A T ML E RO, SCP T ECs®
BT REE AT TP — o T A T HUR AR
FEGLIVZER B k.
24 VHHE

ECs-EW K+ HAEMR AR, SEXFH A
KA F B HIZE A L, ECsE5H &S, L5835
Wik B PRI, B TR MR G RIPE 4 R F s
S T ) 3 3 EORG B 45 B BE U BR 6 1 4 X
FEECs-A W KA F I EAERZET ). 20144F, DafiiKir-
eev! Ny T HE RSO T T LA -2 R S 4 S BT
fhite )1, TR T —FhET =455 8 A -B AR B AR
TR RIS SPLIF.  SPLIFAY ] LASE BEVPAN Be A 2
BES TS EAEH, M T A6 X 42
AR T B Z W I BAPEEDCS . [FAs, BIFSE AL
WIFE TR 2B as G Re T ik, X LIR 242
FHEs Ao Wi EE I H . flhn, ZEtE(flexible
docking)/2}: Zz M 4 #2(semi-flexible docking)’”. [
etk 3li(free energy perturbation)”™. £ BFM % (ther-
modynamic integration)!”” FIJ 3} TC5h 112 (funnel meta-
dynamics)*"*. (EAFIE RO, AT XS TT I A B 3
FEAT AT 43 RECE , (EURARTE TR, MR T3
AR G

2 UMD H BB IBC AR -SZ AR 1 Sh S 25 Al A2 1
S LI, BRGS0 (AR ELAE AN AL R 45
AR, WASEEAMZ AR kiR R, BNEsSVER
Tk gk 7 e AR 2 T AR AE 2 A g Y.



Pk

Molecular docking

Ligand 1 Ligand 2 Ligand 3 Ligand n

‘\.Dockmg-‘_
\‘1\‘:‘2-""
Receptor
.......... .
L1-R L2-R L3-R Ln-R

Scoring and ranking

Bl 3 (ROZR R () T4 5 S e 0 X 31

[ Reverse docking J
R1 R2 R3 Rn
¢ z 3 a a - 3

T pbkking

Scoring and ranking

Figure 3 (Color online) Difference between molecular docking and reverse docking
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7. T4, HuZg \CR HISMD % IR 7 80 % 321K (ecdy-
sone receptor, EcR)fFTE4FIAN A A REIR FEAT, HE T4
I 5ECREESMIEMII KN, AN, ECsHERZ R
AEUE . BUPERY N AT RN, X AR A AN S
FRA-ZAM A4 T 2MRasn g™ ™. 54
HWMDFELIAA LY, SEAEHE RGO RAERIR,  InppRoRAE
(umbrella sampling)”™” JEZ) /12 (meta-dynamics)” ' Fil
A 4> F- 8 J12# (replica  exchange molecular dy-
namics)”, T LR GIBCAR-SZ 1458 A A i 22 Rk
. I, 20204F, ChenZ A 3% Fimeta-dynamics &
T BPAZRTS Y X ERs 50 Bz I 3R 32 R IR A 3L
M. PR, B ECSEHEEHL S AT R AW INTR, MD
BB AR TR B AL TE AW T

2.5 YR

B2 > A 1Y) SRR 348 7E T T LA FHAOPHE
WHESRASTAE e (1 A4 40 23 AR s e ) (Y B R 2R 7 1
. K, SEXEOAR-SZ AR TE S 4E G i FE(MIE)
FEEMTE 3 F RN R A, HLas 2% > ] DI
T AOPHHEHELE A>T+ AR BIAMAI) B A~ L W) S 7
AR ST R R A A N, O PR
FEXFERSHIARIAOPs, H ML 253 At 1 56T
i AU EDCs iz U0 A5 45 (ToxCast AR pathwayfbt
P ToxCast ER pathwayiZ>%) CoMPARA#:
P CERAPPIEIP®). 20214F, CiallellaZs: A”F 11

TREE M2 2 T & T 3Tl B AU ERs /- S EDCs
i R R BRI, 20214F, BorbaZs AT By ik
FAAOP, ] IR ol 25 I 45 45 4 AN 2% U1 333 4
TRz RSSO 400 A AR 7R Pred-skin.

2.6 ZEATFIH 2 AR RS,

H TECs-AEW Ko F HAEM R E ek, 276 F
HZ R R T 2 715 P s pLs #R 9T 5 ik
WIERYC S, Flan, REESE 51X 5 MDA
PURT AR 2B AR 1 JR FRAE. &5, JE X
TAE W i A M DL AT DL it B 2 59 AL 6 AE
B, 20154F, Hirano2E A "I X% & 20
ZIEEHAL A W) (dioxin-like compounds, DLCs)XF5453%
{&(aryl hydrocarbon receptor, AhR)AY%E A REREHAL Y
SR BRI TG R, #F—20, MDA B T DLCs
5 AhREE A 1) 5 4 B TR (11e324 F1Ser380). 20184,
ChengFINg!" %5 443 T %ot 45 5 28 MDD Bk 11 57
PFASsXT N5 K BUFRUR IR ZS A B A Z5 A6 T,
RIAKBEPFASSITISA A TE R A= ) RARE. e, 7E
MDEL A 73 F X 25 A TAETR AL AT L4k
FEMDEIA S HLTIE B, AT DA3R e T AR RE Y38
i, (15 HEEA %62 T ECSH & 8 e e 0 . i an,
20224F, Montes-Grajales% A" M50ZFBPAZS LI
R4 A ) v e X 4 3 328 5 AR AL Ye P A S /Y
RS, DIRGTBPAZS TS Ye it NS fat e i i e 52
Mi; i — 2 2 BEMDBHIIR T S 45 A SR F AL &
Y- FRSEAY), Tt TR i T s e
K59, BT, 2 FXHE5MDERILE A Jrke

4185



M % h & 20245128 H67% £35H

TEABIE RN T i, BrATG Y,
=R VEECSHITIR T RRIGHITE. 1eAh, Hlass
> EEAE AL W] DL U R 3 X6 B {1 T R E )
{14, 20194F, NogueiraFliIKoch' 45 & 43 7% 45 5 i Fh
ML AR TE T 2 [ S5 A B 1.

25 G 3R BT A M . IR AR KECS
AWK FRMIAEAYLE. Flan, 20204F, Li%
AP ST T X B W K BUPFA Ss
ER o2 [ A9 908 15 X 40 55 X B i 67 SO AETESS &
YEM; P32 3MDEL & BRPFAS-ERa I 45 &
Ttk RIS RE A, )G, ST QSAREME
— 2 Rk Iy AR R DL R o AT 2 fih ) e T AR P g T
PFASSYTERaIZE A RE. 20214F, Zhangs A7 Ja
TXHE S 4 MDA SE T DLCsX 52 AhR T Y45
HVEH, JFFHMDERIHF T 41575 444 5 AhR 142
FEMR 501 124 1€ (molecular mechanics energy, Eyp);
HE— A EE AU ZE S FIMLS A T LRI SR sh i)
SCERAERRRY, BT R[] S R DLCs (4 AR UER

3 g
PHETEHEHAR 1% Dok I T 25T
R, KT, R T BRIEr X250 TF % 5 Ak,
TR B AR BE ALY T BB TS e R,
AL AR ST 975 S -2 290K 43 AR AR P L 4
GERVEREEH S Yo 0 e S0 A R . AR AR 1y

5% 3k

PR FEAAEM TR (1) SR A
R I, I b IR T (graphics processing
unit, GPU)BIHES R ARSI T3 A B+ g ).
(2) HEVRITT YR BRI AWK IR A4,
M JRIBR 1o FARSHUAE PR B 2 B2 U . PR, 3R
TR R B9 B = AR S50 2 oy B OC . W)
T i (homology modeling) 238 iz ) FH ELAT 5 & [ 5
75 0 25 A REAROR 7 [R IR R A BRI R, BT LA
PRAMTE L BSR4 T = g R g e O
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Through manufacturing operations, product consumption, and drug administration, humans and wildlife are continuously
exposed to environmental contaminants (ECs) throughout their lives. Faced with the potentially harmful effects of ECs on
humans, regulatory agencies around the world require the integration of epidemiological, in vivo toxicological, and in vitro
mechanistic data to provide the necessary information for hazard classification, labeling, and risk management of
chemicals. However, animal studies have time-consuming and high-cost defects and ethical problems. High-throughput in
vitro assays are also unable to provide systematic toxicological information for chemical hazard classification for over
100000 chemicals in commerce.

Recently, computing resources and artificial intelligence have innovatively improved the accuracy and speed of machine
learning (ML) algorithms, and the structural biology and deep learning (DL) algorithms (e.g., AlphaFold2 and
AF2Complex) have incrementally resolved a large number of biomolecular crystal structures. Thus, the use of
computational toxicology techniques in environmental toxicology has increased significantly. It is estimated that
computational toxicology techniques can perform virtual screening of millions of compounds in a limited amount of time
for the contaminant-biomolecule interaction process. Thus, computational toxicology techniques can reduce the initial
experimental cost of identifying environmental emerging contaminants, increase information on the toxicity mechanisms
of ECs, and improve the efficiency of hazard identification of ECs by regulatory authorities.

This study systematically reviews computational toxicology techniques commonly used to analyze ECs-biomolecule
interactions, including molecular docking, molecular dynamics (MD) simulation, and machine learning-based modelling.
Molecular docking is a well-established molecular simulation method that explores the interactions between biomolecules
and small molecules to predict their binding modes and binding affinities. MD can simulate the flexible binding process of
contaminant-biomolecule and the dynamic conformational shift process of contaminant-biomolecule complexes, providing
more comprehensive information on the interaction mechanism. Machine learning-based modelling is a novel
computational toxicology technique that is completely different from molecular simulation. It mainly uses publicly
available structural information and in chemico, in vitro, and in vivo bioactivity data to construct (quantitative) structure-
activity relationships (Q)SARs based on ML algorithms, and uses (Q)SAR models to rapidly improve the efficiency of
virtual screening of ECs targeted at biomolecules, and further deepen the analysis of contaminant-biomolecule interaction
mechanisms in complex biological contexts. In this paper, the main applications of these techniques in the field of
environmental toxicology in recent years are systematically reviewed, including the mechanistic studies of contaminant-
biomolecule interactions and high-throughput virtual screening. The advantages and limitations of these techniques in
terms of ligand-receptor interaction, explainability, training efficiency, computational depth, and biological processes are
discussed. Results showed that MD simulations, which can deeply explore contaminant-biomolecule interactions, are
unable to achieve the high-throughput virtual screening of ECs. Machine learning-based modelling, which can reflect the
complex biological processes and achieve high accuracy prediction, unable to effectively interpret the prediction results
due to the ‘black box’ defects. Molecular docking, which has the potential to be a high throughput virtual screening
method, is limited by local sampling and approximate scoring function deficiencies. These problems limit the ability of
molecular docking to analyze more comprehensive mechanisms of ECs-biomolecule interactions. Therefore, only the
combination of multiple computational toxicology techniques to develop an integrated workflow for mechanistic analysis
and virtual screening can compensate for their respective shortcomings and obtain optimal results. However, how to
increase the computational throughput screening while maintaining the mechanism analysis remains a key issue to be
addressed in the future.

computational toxicology, molecular docking, molecular dynamics simulation, machine learning, virtual screening,
mechanisms analysis
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