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Development of a machine learning-based ionization efficiency
prediction model for per- and polyfluoroalkyl substances and
its application in semi-quantitative analysis
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ZHANG Qinghe”
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Metrology and Analytical Science, National Institute of Metrology, China, Beijing 100029, China)

Abstract: Per- and polyfluoroalkyl substances (PFASs) represent a category of emerging con-
taminants of global concern in fields such as environmental science and food safety, due to their
persistence, bioaccumulative properties and potential toxicity. Although screening methods for PFASs
using high resolution mass spectrometry (HRMS) have been developed rapidly, the diversity of
PFASs and the absence of standards pose significant challenges for quantitative analysis. In this

study, 50 PFASs were analyzed by HPLC-HRMS. The ionization efficiency (IE) was calculated as
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the slope of the calibration curve. A quantitative structure-activity relationship (QSAR) model was
developed employing machine learning to predict the ionization efficiencies of PFASs using PaDEL
molecular descriptors. The model enables semi-quantitative estimation of PFASs concentrations in
the absence of reference standards by incorporating predicted IE values. Eighteen critical descriptors
were selected from a total of 1444 PaDEL descriptors through the application of recursive feature
elimination (RFE). These selected descriptors encompassed topological descriptors, geometrical
descriptors, autocorrelation descriptors, electrostatic and polarity descriptors. These individual
descriptors including VE1_Dzv, GATS6i, JGI10, GATS1p and MATS4m were of great importance.
Three algorithms including elastic net linear regression, random forest (RF), and XGBoost were
evaluated for model performance. In the elastic net linear regression model, the root mean square
error (RMSE) for the training dataset was 0.049 0, and the coefficient of determination (R?) was
0.993 0; for the test dataset, the RMSE was 0.163 0, with an R? of 0.756 1. In the RF model, the
RMSE for the training dataset was 0.163 1, and the R> was 0.921 9; for the test dataset, the RMSE
was 0.131 6, with an R*> of 0.840 9. In the XGBoost model, the RMSE for the training dataset was
0.052 1, and the R?> was 0.992 0; for the test dataset, the RMSE was 0.118 4, with an R? of 0.871 3.
Nonlinear algorithms of random forest and XGBoost demonstrated superior predictive performance
compared to the elastic net linear regression, with XGBoost exhibiting best performance. Random
forest, a bagging-based approach, trains individual decision trees independently and aggregates
predictions through averaging. In contrast, XGBoost employs gradient boosting methodology, it-
eratively optimizing the model by sequentially training new trees in order to address residuals from
previous iterations. The independent training mechanism of random forest inherently lacks the it-
erative optimization framework that is characteristic of gradient boosting. Specifically, XGBoost
systematically enhances predictive accuracy by generating new trees that target residual errors from
preceding models, thereby progressively refining predictive performance. This fundamental difference
in optimization strategy enables XGBoost to more effectively correct prediction errors compared to
the ability of random forest. Based on the results of a comprehensive evaluation of the three models,
the XGBoost algorithm was ultimately selected for its demonstrated performance advantages. The
prediction errors of ionization efficiency (IE) for the 50 PFASs were within 1.67-fold, with a median
value of 1.04-fold and RMSE of 1.06. The established XGBoost model was further applied for the
semi-quantitative concentration prediction of 50 PFASs across concentration gradients, where the
prediction errors ranged from 0.12 to 4.90-fold, with a median value of 0.96-fold and RMSE of 0.94.
The accuracy of the prediction improved as the concentrations increased. Furthermore, the model
was applied to predict concentrations of PFASs in fish tissue. After sample extraction and cleanup
using solid-phase extraction, the samples were analyzed using HPLC-HRMS. The concentrations of
PFASs were semi-quantified using the predicted IEs, yielding prediction errors ranging from 0.79-
fold to 1.81-fold. These findings highlight the robustness of the IE prediction model for PFASs.
Notably, the performance of the developed model was better than or comparable to the performance

of previous studies. In conclusion, this study introduces a machine learning-based QSAR model for
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the prediction of ionization efficiency. This approach illustrates the ability to estimate the con-

centrations of PFASs in the absence of standards, thereby presenting considerable potential for the

risk assessment of compounds lacking standards in suspect and non-targeted screening.

Keywords: per- and polyfluoroalkyl substances (PFASs) ; quantitative structure-activity rela-

tionship (QSAR); machine learning; semi-quantitative predictive model
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FLUE B 5 78 2 I REL AR I
1.2.2 &4

% H Acquity UPLC BEH C18 f4 i #: (100
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Table 1 Information of the 50 per- and polyfluoroalkyl substances (PFASs)
Compound Abbreviation Molecular M, Spras EXP.1ogIE
formula
Perfluorobutanoic acid PFBA C,HF.0, 214.04 1154942 0.5126
Perfluoropentanoic acid PFPeA C.HF,0, 264.05 1574622 0.5560
Perfluorohexanoic acid PFHxA CHF, 0, 314.05 1570712 0.4796
Perfluoroheptanoic acid PFHpA C,HF 0, 364.06 1910129 0.5004
Perfluorooctanoic acid PFOA C,HF 0, 414.07 2282327 0.5218
Perfluorononanoic acid PFNA C,HF 0, 464.08 1527177 0.2978
Perfluorodecanoic acid PFDA C,,HF ,0, 514.08 1643246 0.2852
Perfluoroundecanoic acid PFUnDA C, HF, 0, 564.09 1404931 0.1768
Perfluorododecanoic acid PFDoDA C,HF,,0, 614.10 1159583 0.0566
Perfluorotridecanoic acid PFTrDA C,,HF,,0, 664.10 1012491 -0.0363
Perfluorotetradecanoic acid PFTeDA C, HF,,0, 714.11 793649 -0.1736
Perfluorohexadecanoic acid PFHxDA C,[HF,,0, 814.13 1096572 -0.0902
Perfluorooctadecanoic acid PFOcDA CHF,,0, 914.10 1149002 -0.1202
Perfluoropropanesulfonate PFPrS C,F,NaO,S 272.08 11867290 1.4202
Perfluorobutanesulfonate PFBS C,F,KO,S 338.19 4856766 0.9377
Perfluoropentanesulfonate PFPeS C,F,,SO,Na 372.09 5094298 0.9169
Perfluorohexanesulfonate PFHxS C.F;h0,S 422.10 5916332 0.9271
Perfluoroheptanesulfonate PFHpS C.H FhO,S 450.12 3224561 0.6356
Perfluorooctanesulfonate PFOS C,F;NaO,S 522.11 3628964 0.6225
Perfluorononanesulfonate PFNS C,F ,NaO,S 572.12 3092414 0.5133
Perfluorodecanesulfonate PFDS C,,F, NaO,S 622.13 3011099 0.4654
Perfluorododecanesulfonate PFDoS C,,F,;NaO,S 722.14 2936978 0.3898
1H,1H,2H ,2H-Perfluorohexanesulfonate 4:2FTS CH,F,0,8 328.15 1710828 0.4976
1H,1H,2H ,2H-Perfluorooctanesulfonate 6:2FTS C,H,F ;0,8 428.17 1216809 0.2341
1H,1H,2H ,2H-Perfluorodecanesulfonate 8:2FTS C, H,F 0,8 528.18 955746 0.0381
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Table 1 (Continued)
Compound Abbreviation Molecular M, Spras EXP.loglE
formula

1H,1H ,2H ,2H-Perfluorododecanesulfonate 10:2FTS C,H,F, 0,8 628.20 771748 -0.1301
Perfluorobutanesulfonamide FBSA C,H,FyNO,S 299.12 7780847 1.1957
Perfluorohexanesulfonamide FHxSA C,H,F ;NO,S 399.13 7125577 1.0322
Perfluorooctanesulfonamide FOSA C,H,F .NO,S 499.15 4692375 0.7537
Perfluorodecanesulfonamide FDSA C,,H,F, NO,S 599.16 2006669 0.3054
N-Methylperfluorobutanesulfonamide N-MeFBSA CH,F)NO,S 313.14 2373360 0.6601
N-Methylperfluorooctanesulfonamide N-MeFOSA C,H,F ,NO,S 513.17 4125792 0.6858
N-Ethylperfluorooctanesulfonamide N-EtFOSA C,H¢F,,NO,S 527.20 4389897 0.7010
Perfluorooctanesulfonamidoacetic acid FOSAA C, H,F ,NO,S 557.18 4360824 0.6741
N-Methylperfluorooctanesulfonamidoacetic acid N-MeFOSAA C, H,F,,NO,S 571.21 1183535 0.0969
N-Ethylperfluorooctanesulfonamidoacetic acid N-EtFOSAA C,HF ,NO,S 585.24 1378411 0.1526
2-Perfluorohexyl ethanoic acid FHEA G H,F .0, 378.09 47959 -1.1162
2-Perfluorooctyl ethanoic acid FOEA C, H,F,,0, 478.10 97802 -0.9087
2-Perfluorodecyl ethanoic acid FDEA C,H,F, 0, 578.12 85756 -1.0483
2H-Perfluorooctenoic acid FHUEA CH,F,0, 358.08 593572 0

2H-Perfluorodecenoic acid FOUEA C,,H,F 0, 458.10 929333 0.0877
2H-Perfluorododecenoic acid FDUEA C,H,F,0, 558.11 760903 -0.0849
Perfluoro-4-oxapentanoic acid PF40PeA C,HF,0, 230.04 2770477 0.8613
Perfluoro-5-oxahexanoic acid PF50HxA C.HF,0, 280.04 3818766 0.9152
Perfluoro-2-methyl-3-oxahexanoic acid HFPO-DA CHF, 0, 330.05 150303 -0.5611
Perfluoro-3, 6-dioxaheptanoic acid PF3,6,0HpA C,HF,0, 296.04 622356 0.1032
Dodecafluoro-3H-4,8-dioxanonanoate NaDONA C,HF ,0,Na 400.05 7485739 1.0526
6:2 Chlorinated polyfluorinated ether sulfonate 6:2CIPFAES C,CIF KO,S 570.67 5863862 0.7923
Perfluoro-4-ethylcyclohexanesulfonate PFECHS C,F ;SOK 500.22 8249681 0.9978
Perfluoro-2-ethoxyethanesulfonate PFEESA C,F,SO K 354.19 11596492 1.2956

My, : the molecular weight; Spp,q:

experimentally.
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fiis,

S M
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the slope of the calibration curve; EXP.logIE: the relative ionization efficiency determined
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22 HBEYNRMMNERET

W 50 Fh Ak & W B B 43 A 1 2 A RN E B

a Train RMSE: 0.049 [
Train R* 0.993 Q. ®

2
Test RMSE: 0.163 .;/

2« b
Test R 0.7561 o z

Predicted value
\\KQ

g Train RMSE: 0.1631
Train R% 0.9219
Test RMSE: 0.1316
Test R%: 0.8409

o $<.

YIGERA 42 FfbE W, 1T M dE B R, 5 F 4
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LU T P T 2 vk Il A Bk L B P AR AR & XG-
Boost =JF £k P [a] 15 58036 9 B0 R o Al I 2R AR ok
TE FRB(RY) M J7 i1 25 (RMSE ) o 3R AE A5 Y (1 411
AL I 42 R Al RMSE 26 fiF A 28 (1) T )
fie 1. YL 3hfELE R Fil Rstudio 523K,

S I 248 S — Bl 2 Tk M R, 45 T 0 ]
VAFNAES R[] U5 AP0 A5, 365 FH T Ak 3 v B G () R A1 B
FEAEECR K TAREARBCR G TE . TS5 3 an &l 1a B
7, FEUIZR4E B ) RMSE 4 0.049 0,R* 4 0.993 0, I
ik % RMSE 4 0.163 0,R* }y 0.756 1;1Z 5 HEL T
B A LS, AT RE S HL B RO PR IR AR i
[ IFAAFE B LR

b — 2 % I BE HL A% M A XGBoost B fh £ It
2R M I 9 B3 AT A R A ST B AL AR ARG Tk A
it B L2 A PSRN B R 1Y 53 AT DLEE TR R Y
FAEZH G, DA RE 0% A R H A2 i 22 [a] (Y AR Ze itk ¢
F oo AR A Bl A% e 18103 5 vk BE BL AR AR
AT LR AR B A B 22 56 &R R S 3E T
To e e W B A 8 dis 450 o Al Bl AL AR AR AE
Y4 ) RMSE 4 0.163 1,R*>4 0.921 9,13z
) RMSE 4 0.131 6, R* >4 0.840 9, 4n &l 1b frw .
XGBoost & — Pl J T4 B 52 T 09 S 8 S B, E g
T AT A AR 22 A RSB ) T Ok it R B[R] N Ak
A D) A 0 B R R S . ] XGBoost 7E I %k
£ 9 RMSE 4 0.052 1, R* 24 0.992 0, il i I Y
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