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Abstract; Chemical-induced secondary autonomic dysfunction (AD) has become a concern for human health due
to its adverse effects on autonomic nervous system. Conventional methods for screening AD-induced chemicals
through in vivo tests are time-consuming and expensive. Machine learning (ML) methods are efficient and reliable
to develop models for screening AD-induced chemicals. Hence, based on literature and database mining, this study
constructed a data set with a volume of 466 positive and 427 negative data samples, covering four clinical adverse

symptoms related to AD, including orthostatic hypotension, incontinence, urinary incontinence, and anal inconti-
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nence. Recursive feature elimination with cross-validation method was applied for the selection of one hundred and
twenty ToxPrints for ML modelling. Five ML algorithms, including decision tree, support vector machine, k-nearest
neighbor, random forest, and gradient boosting decision tree were used to build the model for screening AD chemi-
cals. The results indicated that random forest model showed the best classification performance, with a training set
accuracy of 0.738 and a validation set accuracy of 0.737. The random forest model proposed was also assessed
through Y-scrambling, demonstrating that the outcome obtained is not given by chance. If a chemical has a similar-
ity score higher than 0.75, its expected prediction accuracy can be increased to 0.752, which indicates that the
chemical can be classified more accurately. In addition, 16 structural alerts responsible for AD were identified by
coupling the SHAP (SHapley Additive exPlanations) method and substructure frequency analysis. These structural
alerts include 9 types of bonds [CN_amine sec-NH_generic, CN_amine_aliphatic_generic, X[any ! C] halide in-
organic, C(=0)N_carboxamide generic, X[any] halide, CN_amine_ter-N_aliphatic, CN_amine_alicyclic_generic,
CN_amine_sec-NH_alkyl, C(=O)N_carboxamide (NR2)], 3 types of chains [alkaneLinear propyl C3, aromaticAl-
kane Ph-Cl_cyclic, alkaneLinear ethyl C2(H gt 1)], 3 types of rings [hetero [S] Z 1-Z, hetero [5 6] Z gener-
ic, hetero [S] N_pyrrole generic] and 1 type of group (aminoAcid aminoAcid generic). Frequency values of the
above substructures were all greater than 1, which indicated that these structural fragments were much more fre-
quently in positive chemicals than in negative chemicals. Frequency analysis outcomes further confirmed that the
presence of the 16 chemical fragments would alert to induce AD. The developed ML model of this study could be
a beneficial tool for effective screening of AD chemicals. Furthermore, structural alerts provided in this study could
provide a valuable reference for the screening and evaluation of neurotoxic chemicals.

Keywords: autonomic dysfunction; machine learning; screening model; structural alerts; neurotoxicity
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(SHapley Additive exPlanations)J7 % F1F-45 44 i Bt
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1 ##l57 % (Materials and methods)
1.1 Bede

M ADReCS (¥ /% (http://bioinf.xmu.edu.cn/AD-
ReCS/)AN RS 2 IR G AR v (9 i 28 R e DT e 3R L
JEWCE MBS & AD (B B4k 27 &, 186 o B PR
I IREE PRGESFINTITREE 4 Fl AD # W3 A&
FEEH ) ARTFFONG Zhang SFPODFSE PG AE B 2 BE )
YERAT K AD(IPE) B9 fk 27 i, If 383 5 ADReCS
B R R VERCAfIA Tz Gk TP s AR s S B A
JEVER AD BfbsE i, BBRTHL G Y A ILE )R
G R FEKIR G, IR 4k 2 i 2
893 4, i i PubChem #(4J J& fil OpenBabel % 14
(.11 FRA)IREUK 24 5 2D 4544, L sdf #5 2UAR A7
IR FRAE T
1.2 SRR e

i H§ ChemoTyper 3 14:(1.0 Jit A, https://chemo-
typer.org/), i i “ ToxPrint_v2.0 _1212.xml” SC4, 1T
BASE] 729 F ToxPrint 5P — 37F il $5 U (https:/Tox-
Print.org/), £ 4 J& - (atom) , 4 (bond) , 5% (chain) , ¥
(ring) F1 3 M (group) 7L K 2P | % JE F| ToxPrint &
PEFEBUR LT AR SE S5 1 P O R @ sam kit (8
TEEMEHLIEAR B, PR L Tz g o ST B , Tox-
Print BEPEFR SO HRAETOHL X AL (S B, AWK
& HCl HBr $h2618 1 i1~ sh W AR, B 18 T
HXF AD BysEmn . AR, B KR 2258 0 i EE
PEFREC, WD TUAR AL s UG B8 B B P 802 1]
K ZRE(D> 0.9 BIFRE, AbFE 2 IR ZR MR AIE ; B
J5 T BEALAR AR AT 328 A FRIE T BR Vs 1585 5 AD &
FEAR G B BEPEFR B0 AF N R TR ARG 2
1.3 @Rl = Ak

VBT EAT B AL 43, Forh 80% Sy il
££,20% e o YIRS T TN it AE
TIAEB R R PERE . SR 5 FhbLgR2: 2 B TF At
Y LR PSR (decision tree, DT) /3282 & £ ) £
Hl(support vector classification, SVC)53r 2™ k ¥ 4P
(k-nearest neighbor, ANN)432F" Bfi fIl 7 A (random
forest, RF)732EP" fof B $i2 TH bk 5 44 (gradient boosting

decision tree, GBDT) 325" . DT .SVC Fll ANN ZH
—HLAS2 > Bk RF R GBDT 2 3 T He 5 A 1) 48
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RFIERIZE ] FP R FE 1R 4025 R BHE A28 51) FN I
FERAN A B A 2 15 K 1 % (precision, P)J& il
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H1 T MACCS $5 ZCAREIR ) 167 Fh— i 45 14 46
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2  Z55 (Results)
2.1 BAREE S5 PRI ERE
ARG EST T ALF 5 AD B8R4 | 128005 4
155 466 Ff PHME RS, 427 BB SdE . Bl 5
o5 AD BYHE UWLIT KT, A4 B R R R 2R IR
IARFIATI e 2% . R ChemoTyper #F114415 %
T 729 F ToxPrint FEMEHE 20, (135 7 Rl 1 414 Ff
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TRE T 385 NMRLUAFIE, 80 K R Al ¢ R At
UELPREA T 326 MR SRR, 3T REMLAR AR Y 38 1
FRAETH R EE TR Vet T 120 FhER 148 SUVE MR A 4
AL 61 Fli 25 ik 29 FhERAN S Fl Ik 141 45
¥, WE T TR CYRRIERCE >120 4> B Rl A B
PEFE OB (9 38 0, 4 28 S8R fE O G 1 2
Tt RPN TR TR EEMEHE R 09T 20 F
BETEFE AL,
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Number of features selected

1 E-TRENLARMREY 2 U3 4 I BRFHEIE 12

Fig. 1

Feature selection plot of the recursive feature elimination incorporated with random forest
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o RS EPERBANDE 3 Fran BRI 7,2 A3k T
()4 R (RF . GBDT) [ 3 i 28 Mt 86— (DT
KNN SVC)HA B4 A v A B aE J1 . 256
JEVIZRAE R TESE (9 6 FhIEH0H5 b5 , BEHL AR b 51

(R M e fe A, VI R4 R SR 3K 0.738 , B TIE 46
W%3E 0.737, XBENLARMBL R IEAT Y BEALPE R 56
(100 W), VIZREE P IESEAER R LM 0.5, F BT R AL
FRMBIIY R ARAE G
2.3 N EREAE

AAHFEHET MACCS F5 8L AHLRE , R AR Bl AL
AR AU N, IR, HEAACR UG, an3k 4 R | Bl

R 1 HEHBET 20 FEFEIEL

Table 1 Top 20 ToxPrints obtained by feature screening
Eil350 AEMEFRLL REMEHESORE X
Ranking ToxPrints Definition of ToxPrints
1 bond: CN_amine_sec-NH_generic . CN_Jt_fh-NH_idE i
2 bond: CN_amine_aliphatic_generic B CN_Jie BRIk s
3 bond: X[any ! C] halide inorganic # . X[any ! C]_xifk¥ Al
4 bond: C(=0O)N_carboxamide_generic . C(=O)N_Btiz_im i
5 bond: X[any]_halide . X[any] K 1EH
6 chain: alkaneBranch_neopentyl C5 B e SCRE Bk _CS
7 bond: CN_amine_ter-N_aliphatic B CN_Jie_ — % _JRIWi%
8 bond: CN_amine_alicyclic_generic B CN_JH_JR¥r ik _i# M
9 bond: CN_amine_sec-NH_alkyl it CN_J¥e_f-NH_Joe 5
10 chain: alkaneLinear propyl C3 B etEbole THHE:_C3
11 bond: C(=O)N_carboxamide (NR2) HE . C(=O)N_BEH_(NR2)
12 group: aminoAcid_aminoAcid_generic P AR R
13 ring: hetero_[5] Z 1-Z .2k [51 72 1-Z
14 ring: hetero [5_6] Z_generic A [56] 7 EA
15 bond: S(=O)N_sulfonamide B . S(=0)N_fie
16 chain: aromaticAlkane_Ph-Cl1_cyclic B . 5 /M _Ph-C1_¥h
17 chain: alkaneCyclic_hexyl C6 B MbEke_C 6
18 ring: hetero_[5]_N_pyrrole_generic H A [S]N_MErg EA
19 chain: alkaneLinear ethyl C2(H gt 1) BEARPERGIR 23 C2(H gt 1)
20 bond: C=0_carbonyl generic HE.C=0_piHE mH

T - 45 B AR SO SCHE A6l - RN 2 SC ik b PT 45 1) (https:// Tox Print.org/)

Note: Definition of ToxPrints can be found in the user manual and recommended literature (https://ToxPrint.org/).

x2 SHYRFEIRBENBSEY
Table 2 Hyperparameters for five machine learning models

LRI Model S Hyperparameters
DT PSR B RUR B2 (max_depth) = 5, MF75 35 e/ MEA K (min_samples_leaf) = 15,
43 T B/ IMEAS S (min_samples_split) = 5
kNN AR IT 5 %(n_neighbors) = 1
SvC ML ZH(C) = 100, 1 F % (gamma) = 001
RF PR AY%H (n_estimators) = 260, FEALFHF-(random_state) = 86, B i IR B (max_depth) = 19
GBDT B AR ¥ (random_state) = 290, LM 4L H (n_estimators) = 68

TE: DT IREM 32 NNy kIE4B85328 (SVC N SCRF RIS RF N BIHLARM SIS  GBDT b S T RS 325

Note: DT represents decision tree, SVC represents support vector classification, KNN represents k-nearest neighbor, RF represents random forest, and GB-

DT represents gradient boosting decision tree.
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AR B 3G 1 (0.55 ~ 0.95), 151 43 28 v %
HEN0.740 ~0.941), FIr 4 75 1) 56 11 45 £k 27 o 50
D73 ~17), SRR F(E R B 0.65 B, Sk 4R
1 81.56% [ Ak 2 div 5 Iy TR P, A58 00 o Ay 3%
50747 , FIRIERBIE A 0.75 B, B UE4E F 60.89%
B4R 2 A7 T I 38PN, I R TR T o i SR
ik 0752,
2.4 EBIRTFEFIRS

AR T FEHLARARAE L 53 7R 1) SHAP
{8, XFRI 20 A2 [ F LD RER S50 i BEE AT
EEHE R, 25 R UL 2 (), AT 20 EEPEFRE ALK
SHAP {H = IR(ZL A EE () 5 A ERAREERCR,
ZiRUE 2(b), £ 20 ST, 16 S TFE5H

ST S Y KA b T SHAP (>0 Y —] i £, i Ak
T SHAP fEH<0 By—Ml, KBTS T
CERHRAEAE , 250 AD A 4G 9 FlESE MY . CON_ K
fh-NH_38 FH \CN_%_fg Wi % _i# FH  X[any ! C]_K
¥ _THL.C(=O)N_BERE 38 1 X[any] <649,
CN_Ji_ =% _JgWilG CN_j_BR¥F% 38 H .CN_Ji_
fifi-NH_Je 5 . C(=O)N_thE _(NR2),3 FhaE 45ty . 4k
PEkeE NI C3 05 &Mk Ph-C1_3F &Mkl &
£ C2(H_gt 1),3 PR 2% 5] Z 1-Z 2% _[5_6]_
Z B Z: [S]ON_NERE @A, LK1 R A A5
AR F AR B, AR R 45
BOWURTEENT LRSS H) R BaE AT R 5, R
HBRI>1(3K 5),

®3 SEREIMTNMERE

Table 3  Prediction performance of classification models

ZiE T I NPT
Ay EIEITES AR R R F1 534 FROEMZ T mi Matthews
Model Data Set Accuracy Sensitivity Specificity F1-score Area under correlation
curve of ROC coefficient
1%k % Training set 0.677 0.669 0.684 0.666 0711 0353
T I5F4E Validation set 0.659 0.692 0.625 0.643 0.659 0318
Y254 Training set 0.689 0.688 0.690 0677 0.689 0378
N ISF4E Validation set 0.676 0.637 0.716 0.685 0677 0354
sve YIIZ54E Training set 0.707 0.715 0.699 0.693 0.758 0414
IHIE4E Validation set 0.704 0.659 0.750 0.714 0.705 0411
RF Y% Training set 0.738 0.752 0.723 0.723 0.796 0475
HESR Validation set 0.737 0.725 0.750 0.737 0.738 0475
GBDT YIIZR4E Training set 0.726 0.741 0.708 0.709 0.766 0449
ISHIE4E Validation set 0.693 0.648 0.739 0.703 0.693 0388

TE DT W RHEM 4326 NN N kITB4r2E SVC S RF I HEL4r 28 (RF NBEHLAR bR/ 2E \GBDT N B AR TH R HEM 7326 \ROC 321K T AR

ik

Note: DT represents decision tree, SVC represents support vector classification, kNN represents k-nearest neighbor, RF represents random forest, GBDT

represents gradient boosting decision tree, and ROC is receiver operating characteristic.

R4 BEVARMEE RN RS

Table 4 Application domain of the random forest model

AR B SHINIATES o2 it B g b %
Similarity threshold Prediction accuracy Number of chemicals Percentage of chemicals/%
>095 0941 17 9.50
>0.85 0.828 64 35.75
>0.75 0.752 109 60.89
>0.65 0.747 146 81.56
>0.55 0.740 173 96.65
A VLR
0.737 179 100.00

No applicability domains
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B ON_Ji Mh-NH_ji /] bond: CN_amine sec-NH_generic (2 e e— FiHigh
. CN_Z_Fgiyir i bond: CN_amine_aliphatic_generic [

B: Xfany_IC]_jK{E#_JobL  bond: X[any !C] halide inorganic | EG—__—"NE—
. C(=O)N_MEiE i bond: C(=O)N_carboxamide_generic [N
4. X[any] AW bond: X[any]_halide I
B el ScRE BLEE Cs chain: alkaneBranch_neopentyl_C5 |
M. CN e =& _BRIiE bond: CN_amine_ter-N_aliphatic ] .
. ON_fe SIS bond: CN_amine_alicyclic_generic | =
. CN_ffie_fP-NH_bedk bond: CN_amine_sec-NH_alkyl I E s
B RYERER NTE C3 chain: alkaneLinear_propyl_C3 e —— i 5
. C(=O)N il (NR2) bond: C(=0)N_carboxamide_(NR2) NN =5
FE . HIElR AR EH group: aminoAcid aminoAcid generic  —— F
W 42 [51.Z1-Z ring: hetero_[5] Z_1-Z  —
K. &[5 6] 7 i ring: hetero [5 6] Z generic ———
HE. SCON Bl bond: S(=0)N_sulfonamide I——
BE: F5% M Ph-C1 chain: aromaticAlkane_Ph-C1_cyclic I —
B bR Ot C6 chain: alkaneCyclic_hexyl_C6 --
PR 2% [5]N_HEEE 58 H] ring: hetero [5] N _pyrrole generic . o
B £RPlbeld 2HE C2(H gt 1) chain: alkaneLinear_ethyl C2(H_gt 1) - Class 0 /Ii{fﬁi%fﬁﬁd
. C=0_ ik M bond: C=0O_carbonyl_generic m= Class 1 f77EZAHY Low
0.00 0.01 0.02 0.03 0.04 -0.1 0.0 0.1 02
454 % SHAPH SHAP{i
ORI BRI J3E (19~ X 520 ) ORI LR 4 (1495220 )
Mean ([SHAP value|)(average SHAP value
impact on model output magnitude) (impact on model output)
B2 YIZREERT 20 MFER FHLEXT SHAP & (a) £ SHAP & (b)
Fig. 2 Mean absolute SHAP values (a) and individual SHAP values (b) for TOP 20 features of the training set
x5 SHEIEEMHHFRERE
Table 5 ToxPrints importance ranking and its frequency
o RFEMDT
e BWEMCESEE ‘ »
N I FRPEAL a2 JrBURAR PubChem CID REFNES T 254
He7 HEPEFR L . Number of
) . Number of positive . Frequency PubChem CID for Structure for
Ranking ToxPrints negative
chemicals . of the fragment representative representative chemical
chemicals
chemical
p
C HW/“\
\N KNJ
1 82 2 150 65015 ~ )
| 2
C -
e
/"
N
2 183 100 123 2726
C
(1Y
NN N
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Note: Atoms and bonds in ToxPrints that are flagged as “aromatic” are marked by the grey; the wild card characters “?” for any character and “* ” for

an undefined sequence of characters; when the frequency of a fragment is greater than 1, PubChem CIDs and structures for those representative chemicals

that indicate toxicity are listed; when the frequency of a fragment is less than 1, PubChem CIDs and structures for those representative chemicals that in-

dicate non-toxicity are listed; color annotations in structures for representative chemicals represent corresponding toxicity fingerprints.
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