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Quantitative Structure-Toxicity Relationship (QSTR) Modeling
Using Machine Learning for Acute Toxicity of Respiration and
Ergosterol Biosynthesis Inhibitor Fungicides
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Homs, Syria.

Abstract

The global reliance on respiratory and ergosterol biosynthesis inhibitor
fungicides in agriculture necessitates a thorough understanding of their
potential acute toxicity to non-target organisms, including humans. This
research focused on building Quantitative Structure-Toxicity Relationship
(QSTR) models to predict the acute toxicity of 30 compounds within these
critical fungicide groups. We utilized a combined approach of Genetic
Algorithm (GA) with both Multiple Linear Regression (MLR) and Support
Vector Machine (SVM) techniques for model development. Our findings
indicated that the SVM-based model offered superior predictive
performance, achieving an R? = 0.75, compared to the MLR models' R? =
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0.69. To ensure robustness, the models underwent extensive validation,
including cross-validation, Y-randomization, and external validation. The
SVM model consistently demonstrated stronger predictive accuracy and
reliability, evidenced by its R%v and R%es values of 0.63 and 0.72,
respectively, which surpassed the MLR model's corresponding values of
0.53 and 0.64. These QSTR models represent a significant stride in
evaluating the acute toxicity of these compounds, underscoring the
importance of their further refinement with novel algorithms and more
comprehensive datasets.

Keywords: Machine Learning, Multiple Linear Regression, Support
Vector Machine, Acute Toxicity.
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aaxiall jlasdy) zisely alddl Y-Randomization s dobls—dall ;Lss) -3-4
MLR
s "Y=-randomization" . Jlas) el & camiall JlasiV) 3 ses Ailie el
Chsiall e WlsZe pLDsp fUll il o ajsisale) 48 5 "4 dall lodl
7350 100 Leie il cipe 100 dolead) oda <))& . i o]l 2500 L)Y Al )
e Slsde

s3¢) (R%v) abaliiall apaailly (R?) ypasil) el o o wgin of eiliall el
a7 dsall lelaus N AL AV all e raialy ISy 8 IS Al A0 sdinl) 7 Sl
Gras 38 S5 Le 55 0.5 (e LSl culS LN Gigunall (CRP?) Jalae 20 o LS
oo len IS il 038 maa gy L Adaiall sady ol 43l of e Jay JLaY) 23l

|(3) sl

2aadall jlaaiy) #asan galdll Y-Randomization jlis) =it .3 Jgaa

LS Adal dagdl) o gia JLEa) Jlaa

Y-Randomization

0.32 R
0.117 R2
-0.28 R%a
0.68 cRp?

46



4 gaad) AW g A ) 30 a sladl Adadas e daaly ddaa
255 (a3 2025 oo 16 21l 47 alaal)

Machine learning—) ¥} adei cilajlod aladi—uly 43300 5l 7z Med —4-4
(QSTR models

& Gl 5yl Al iy 8gally g el Sl Faae (G Al A (il
CDAAS D) cly gl oda Hladi ) 5 el Laa) Al DA e lggle Jyaasl)
-(Support vector machine—SVM) e lall cilgaiall AV A )sal (Inputs)

s bOX constraint s5iway (Linear kernel function) 4as alla Lol &
@l Greatll ye daey,lall e GlalaaS 0.1731 5l Epsilon sy 8.449
-(Bayesian Optimization)
MSE rain) Uadll ape Jasssia £ JUIS 3l 23 ailly Aalal) Adliany) ciladadl) culs
sl e 0.63 50.75 Jdoles R%y 5 Rigrain) 22l Joalrs g ¢ 0.058 s
LSyl Lansy 5l 3 SVM e 560 QSTR zagail (368 ) ads Laa ¢ (4 Jsaall)
MLR 350y 455080 dusg y2all

Ll ailll ae Sliae JS Gy 33155 Axdsiad) 2l o (4 53 ) il e Taadls
O sanall A A alall L o WS L Laa) e sane ) Gyl A gena 6 )5
B z3saill 58 ) dile 0 Aail) lad e S IS Apliie 5 Gane daai 5] el

SVYM e )lsa g
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SVM G:‘J-‘-u Al g Ad8al) 4l i) hbda
r 4.5
® ol de sanse
° » [
- ® iVl de geas
° ® a
°® ° 3‘
L 35 -
. <
. %
° “. '. L] ® -3 3
© 4 B
@ R
2.5
@
r T T T T -2
45 -4 35 3 25 2
pLD50 (&idia)

SVM 73l dyptll 5 diall avdll coill hhia .3 (84

3 SVM gisai b clisa g 558

e i ® °
0 FPugal8la.ous ._.._.._._...._._......._.._..._._.._.

Cliial)
°
°
()

SVM 354l (Residuals) clausal bl g4l .4 J8&

External validation Lii¥) s gasa aladiuly z3ladll (e (38a3) -5-4

el 8 a8l Baaa GlS e day 5l o Al el 508 ap Ay
(SVM) e lall cilgaiall A1 z3sai 5 (MLR)a2xial) adl) jlaadll Adgai g Load)
padieall auill il Cojelaly L LS pe Aused (yo Aliiase Ao gene aladiuly )l LAY

e 535 5l 48y Gun G SVM g hgail Iaals Bgii MSEjegr 5 R%est ()line (e
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ety A3lia ¢ Jgll e yladdl 0.018 50.72 cialy Lad zsaill Jins Cum L aentll
2Ly Aliall el (Uisacs (4 dsanll) adll saxiall jlasiVl #3500 0.023 50.64
Cim ¢ MLRz 353 e 338 28 SVM z3sas of ajlally Jdslal) Gaadll jples o
il 48l g At )38 oy Lo (R? maail) Jalaad e ladg MSE 1 Ja dad (36s

g dsaill

) e Aaill oz 3lall glasy) ulad 33jlie .4 Jgia

z galll uaay) laal)

R21train MSEtrain chv thest MS Etest

MLR| 0.69 0.07 | 0.53| 0.64| 0.023
SVM 0.75| 0.058| 0.63| 0.72| 0.018

alasinly A g paall il pall Ly Liall a5 3agall adl) (5 Jsan) U Jsaall zaasys

1Al dpalyyll = bl

z3ill e (PLDsp) A paall il pall dpand Lo Ll 5 Zgiall 2l .5 Jgaa

-

4aalil

45l pLDs pLDso LDso Lial) ol
MLR [ SVM | 2agan | (as/aly

- - 308 Azaconazole
2.69779 | -2.6628 | 2.4886

- - 5010 Boscalid
3.94626 | -3.8743 | 3.6998

- - 2588 Carboxin
3.28899 | -3.3502 | 3.4130
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- - 5005 Cyclobutrifluram
3.01915 | -2.9136 | 3.6994
- - 448 Diflumetorim
2.88526 | -2.8633 | 2.6513
- - 474 Diniconazole
2.77536 | -2.8033 | 2.6758
- 3160 Epoxiconazole
-3.7381 | -3.6849 | 3.4997
- 1343 Etaconazole
-2.8535 | -2.8138 | 3.1281
- - 2028 Fenamidone
3.02324 | -3.0608 | 3.3071
- 12900 Fenfuram
-3.918 | -3.9370 | 4.1106
- - 674 Flusilazole
2.99027 | -2.9935 | 2.8287
- - 2189 Hexaconazole
2.99323 | -3.0463 | 3.3402
- - 227 Imazalil
2.69798 | -2.6825 | 2.3560
- 180 Inpyrfluxam
-2.3647 | -2.3848 | 2.2553
- - 888 Ipconazole
2.91621 | -2.9730 | 2.9484
- - 2000 Isoflucypram
3.46199 | -3.5312 | 3.3010
- - 1250 Nuarimol
3.12505 | -3.1234 | 3.0969
- - 1632 Oxycarboxin
3.06189 | -3.0633 | 3.2127
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- - 2000 Penflufen
3.02793 | -3.1275 | 3.3010
- 1023 Prochloraz
-3.0965 | -3.0514 | 3.0099
- 5015 Pydiflumetofen
-3.5411 | -3.5733 | 3.7003
- - 5000 Silthiofam
3.68526 | -3.8246 | 3.6990
- - 1031 Tetraconazole
3.06682 | -3.0260 | 3.0133
- 6500 Thifluzamide
-3.7339 | -3.6381 | 3.8129
- - 386 Tolfenpyrad
3.22692 | -2.8644 | 2.5866
- - 1453 Difenoconazole
3.24627 | -3.0947 | 3.1623
- - 4100 Fluazinam
3.68524 | -3.5987 | 3.6128
- - 1000 Pyraoxystrobin
2.94192 | -2.8997 | 3.0000
- 1700 Tebuconazole
-2.9492 | -3.0278 | 3.2304
- - 721 Triadimenol
2.71673 | -2.6736 | 2.8579

Glas llafiag (el llafie 258 ) a6 Al el Lay s Y dpphadl) o) aaan
o Aaslie CV Hsels ) LS el o) KAl alasan) saf a5 . [26 <25] kil

Amidia Baa ey lSye GLESE ) ) S, s o finlll las Las e ladia s
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Al gally Aiad) Aa ) aaty L[27] <l yladll saladdl Jalgall e Al oda e Hlaladll
Sl bl (alss)y dlailly 3udi saam Ayl Cilae ka3 Leula Slale Aliadl)
sl 8 Alle 3el€ Cjelal QSTR zilat i 5 cuall oda s} s L Alully Ly
Ofiald) alel Gphall age Las (Ailasll LSl (ho sl 1gy Adagipall 55—l BV

a8 Bl ST e skl

28 GLSHall Apa il saa A5 8y (MLR) saxiall Jadll jlaas¥) zhgar ekl
LAY e genal 0.64 5 il degend (R?) 0.69 sl Jalas &ly Cum il
(Y-Randomization) 4lsiall jlis) jelad PN (e Uilias) dypull 438 4isa ASE o
JSs (SVM) el clgariall A1 ) lsd alaai s Lindll 23 gaill (58 cclld pay
e sanal 0.72 )38 3aa5 Jalas daas Cus ¢ oa)lal) LY cypxill dls e PA Ll
oLy

(28] QSTR  &ilayf & SVM (e V) alaill el dle b cillyo ac <yl
saiilly 9] apanaa b LI dauly 3100 (SVR) e |l clgaiall A1 dpe) )i axig
LS yal) Liansy 5l L Dacio 2100 SVM zisai selal ciulpall oda a5 .[29] dpeilly
Jsn glaa) 3ss pae e il o oaxiall Jlaai¥) zdsai elal Hslatia gyl
VAl 3 il 5y . [21] QSAR Jlas b zdlaill skl 3aa e dgllie dye )l
& ¢ (SYM)daclall culgaiall AT due) st Lagus Vs ¢ V) alaill cilia yload 42101 Zany)

Jgyhadll lanall 4alall QSTR culadd

claling) -5
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28 GlSall dpe il a4 508 (MLR) aasiall adl) jlasi¥l zdsas jell .1

o)lal) LSl e pana e o)lid) die gl 73 saill Cagyai Ay A 6 s cdshyall

e U gale 565 (SVM) daelall cilgaiall 411 4 plsa alasinly Lasidl z3gaill 36 .2

sl 38y Cus e el ladd) jlasiV) zdgai ¢l

LS yall Balall dpeully 5l e 5)all 3 Al aa) G cpadsalll NS il L3

g padl
Gluagdl) -6

Aphadl) claall alall Apandly 5ll Allad 3151 Ll s3a b 5yphall 3lail) Cinlagi L1
Jspiiadl gpall G Clafiag (udil) cillafia ) Al

Gl ylsd CaliSiuly (LS al) (e gosl degane o adiad saaa 450 zilai o by L2
A8y 5 dypunl 5yl el Alad) Al 8 deadindl) el cula ) ddla) T Al

el el
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