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Abstract

Per- and polyfluoroalkyl substances (PFASs) have emerged as a significant challenge in contempo-
rary environmental remediation due to their exceptional chemical stability and pronounced bioac-
cumulation potential. Adsorption is widely regarded as one of the most promising approaches for
PFAS removal, owing to its high efficiency and low energy consumption. Biochar, as a low-cost and
renewable adsorbent material, demonstrates broad application potential in the field of PFASs re-
moval. However, traditional biochar research and development models face bottlenecks including
high experimental costs, complex parameter correlations, and difficulties in quantifying non-linear
mechanisms. Machine learning methods, with their capacity to process high-dimensional data and
capture complex non-linear relationships, can rapidly establish a mapping between material prop-
erties and adsorption performance from existing experimental data. This enables performance pre-
diction and mechanistic analysis without extensive trial-and-error experiments, offering a new ap-
proach to overcome the limitations of traditional research and development models. In this study,
machine learning was employed to enable accurate prediction of PFASs adsorption performance on
biochar. A dataset comprising 258 experimental groups was screened and integrated from the lit-
erature. Ten key physicochemical features, including pyrolysis temperature, (N + 0)/C ratio, H/C
ratio, and specific surface area, were selected as input variables. Four algorithms, namely Linear
Regression (LR), K-Nearest Neighbors (KNN), Support Vector Regression (SVR), and Random Forest
(RF), were implemented and evaluated for their predictive performance. Feature importance anal-
ysis revealed that the (N + 0)/C and H/C ratios were the predominant factors governing the maxi-
mum adsorption capacity. This finding suggests that polar functional groups may facilitate specific
interactions with PFASs via hydrogen bonding and electrostatic forces, whereas an elevated H/C
ratio implies a potential enhancement of adsorption through hydrophobic interactions. In contrast,
specific surface area and pore volume exhibited relatively lower importance, preliminarily indicat-
ing that chemical affinity may play a more critical role than physical pore filling in this adsorption
system. These proposed mechanisms require further validation through experimental approaches
or theoretical calculations such as density functional theory (DFT). Overall, this study not only ena-
bles efficient prediction of adsorption performance but also provides a scientific foundation for the
rational design of biochar tailored for PFAS remediation.
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AH N % TS I A W (per-and-polyfluorinated alkyl substances, PFASs) & — 2 B K 45 AN [R] i 7K e 3
HENISE /KB BE B A N & f S 1], Febi s A e PEA 5, [RITAT PFASs FAT 358 I TR Bl
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PURME SR i, A AE Y AR [2]-[6]. [ PFASs A RAUFIIERK . Bk LR — i)
RIMGENE, KL, PFASs fEAGETE IR IZMNH, Wyidl, KA. REPIK. ke, KKK
[7]-[9]. PFASs FEfigME SR, HHAAEEETBEMAEYERMSE, UM ikn Bk EE S —E
BAE, AN A ZMEFIEM10] [11]. HETEER PFASs BIEEIVEAEWRM . Hib. &5
Jo— S AN ERA S T (W A3 B . LR 7 B A 45 B TR AU SR [12]-[15]0 TEARZ I BB,
WS B R FE 25 Bl e iy REAFEAIR . BRAETIE DL SO B 7R R S50 5, $ 92 LBk & T PFASs &L
Bl A IEARZ — o VRN N — PR BCAFA BT B AE IR BRI, 78 A Sk S P IR B A A 3 1
RIL[16] EVIRIFRE L, AEFEAE Broai 55 S0 25 A I ORFR BERZM0 1 A0 ) i B AL 2 1
Ji, AT S BOL R R = AR R 22 5[ 17] [18]. BRI, Wnfl SR FIFLAEM) PFASs WHHAARLZ —AER
IBRAR o A5 G A AR (U O3 PR 2 L TR I 2 55 R B AT R E S, XML FBER & MRS
NI, T B R IR . PFASs IR B RE 52 A= Wk FLIR G549 . R E Rl V5 G0k B2 & pH {H
G MR RVRIFm, SR AT M DAL BRI Se S ) 1) AR G 1 DG T . MRS T A% e 52 58 43 B LA
71, BLFNLES S S TRk 31T PFASs WA RH L, & — DMAEEIIT . HLES 5 ) AT DUR] A i) 5k
o, ARG TR SR B L PR RO 22 A AR B B R R, AR ORI A g T e R, AT BRI SRR
FAS o BEAL, AL R o) A LA A PR v A B0 0 52 24 SRIBE 20 W D7 TR DTS 0, AN R 22 AN HE Sl
FEAEPERETIAG , B RER R BRGS0 DTk . M TTTHES) A= 0ok BRI 70 B8 45 A G 1) 0 e s 2 ) T
Hds () 58 1 e v BB A

TEAEPIR I R 5 N S, HLds 2] DRI 24 ERIES . BT H RGBSR THLEEF )
FEA) R B B <5 IS R 0o BT G 2 BRI T T, Lu S5XF HG 17 7S R RS Sof A 47 7 Wi PR 40
RIvERE, JFgn 7RI S AF[19]: Zhao 55 I F & B BR LAY 58 L(Light GBM) 5 R FE#I1 £ N 2% (DNN)
ALY POPRI CA* EBRFATTIAEEAL, FFERAIRI T ANF B Re D0 R € 48 B+ MR B DT ER([20]. 7ETR
BRATLER A AROU R 8 b, Xian S8R FHMLES 2% 2 DR B AR VR R T B AR R IR AL 2, #6878 T N-6, n-m
M C-O/C-N %55 A HI7E R MH L AR o RORZ ORI (21 RSk, HLES 52 ST IR E 40 e 2= SRR B 4, dn
Raouf 254155 KOH ¥ b AE W 3k Xt CO, R B TN M Af 6 ik 0.9327 [22]. TEMiI % L ZAR4k J51H, Chang
S ST TR PR AAA H 355 1 R IR PR AR A PR VR T 5 A P IR AR A [ 23] L S — B4t 1 B T ik i
1458 592 (XGBoost) 5 K T B AL(PSO) IR A HERL, Jl T B A AR W ok i) £ 5B AR Y, s D i i HA 7
500°C~700°C T #MRIIFA A R R PEREAE MR [24], NHR T i mERR AR R IR 4L T Bk Ae . RAEHLAs 2
SIAE H & 8 ANE A LTS R s OIS U8R, (HEEXT PFASs 3X 85 4 457 A 15 Gt i #0247
BRHREN o

gE R, AW I K F 2644 191 9 (Linear Regression, LR). K-#T4B(K-Nearest Neighbors, KNN). 3¢
17 & [7] H(Support Vector Regression, SVR) [ L #% #k(Random Forest, RF) VUM AL 24 > J7ik, @0 T4
WX PFASs W B BE A TS RY,  F X RN AL R HEAT 7 RGPl . [EIRHE7R 1T YRR 05 7
FURR AR B RE (A% MU, ARSI TR PRASs 1 = M BE I BRI i 1 B 7 1

2. MRASE
2.1. BIBWES ST

AHIE TR BB B AR T Web of science AHp [ 1M S5 808 e, il R D8RRI S EY)
IR PEASs IR SC, 1838 ST B S R T St , 7248 vh s i R v, 58— R e Bl ok ok,
TN GE T2 oo TUSCER 2 s AT AR I S, 36Tt 258 A8 . Bl G A A R 282,
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WHEE., 117 IR 15, KERME, BEE. W EES [ 2% FBR(Perfluorooctanoic acid,
PFOA). 4% kififi &2 (Perfluorooctane sulphonate, PFOS). 4:% ] 2 (Perfluorobutanoic acid, PFBA). 4%
CLlZ (Perfluorohexanoic acid, PFHxA) LA J 4= % T Kl 2 (Perfluorobutane sulfonate, PFBS)% % I PFASs. Ji
CEHEHRWCER I AR A e A P R (P IR IR S (T B 5(C) A BE /R H(H/C) SR P BE R EB(O/C)~ AL
FEEXT BRI BE /K EL((N + 0)/C)s K43 (Ash), HLRTHFA(SSA) BALIAFA(V) “FHEFL1%(Pore Size)H! pH {E
5510 PHRFEVE NAWIIRRAAEAE o e ORI B 5 (Qu) B RS TN H 5

Table 1. Statistical characteristics of biochar properties

1. EYIREHER RS T &
FE  BME H-MUSAHQ) ¥ CF9E BEANSMEQ) RAE WUAALEEEQs-Q1)

T/°C 100 500 600  637.45 800 1100 300
pH 2.51 6.81 7.99 8.12 9.53 12.18 2.73
C (%) 11.85 40.80 7747 66.56 86.74 96.00 45.94
Ash 0.03 1.58 5.41 15.69 35.10 61.12 33.52
H/C 0.004 0.020 0.103  0.020 0.270 1.499 0.250
0/C 0.016 0.076 0.137 0230 0.304 3.669 0.228
(N+0)C 001 0.08 0.13 0.21 0.19 3.73 0.11
SSA (m%¥g) 2.3 29.7 1558 3387 404.1 2056.0 374.4
V (em¥g)  0.005 0.040 0.119  2.670 0.270 126.150 0.230
Poresize ¢ 2.4 3.42 6.75 9.50 35.20 7.26
(nm)
Qm(mglg) O 0.90 1007 69.85 38.60 1050.00 35.70
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Figure 1. Box plot analysis of PFASs adsorption by biochar
B 1. £ 3T PFASs IRMERAFHEARE

1 NER IR AT PEASs WS P Bt (KRR AR AR U, 38 1 gl 17 11 AR AR B P B ek
RAMER A E. SE1E T AR AT A, PR TGRSR XA, B e, AR
F R AR RE . AN F 2 L O DU S e 1 B SR R DL, TR T B RA Rtk T AN S
AR, RSP EALEE, M IRMISE R 0 FREZEN 1| 040 . 133155 -G hRE i) IS 2041 B
K, VAR RBAS TR bR 2 8] AT BEAE el e HL A2 20 A1 e Bt s(D R«

Z, == (1)

X, XoNRGEEEE: p NITAEREARINIE; o NPT AR EE .
2.2. {RBGERE, RULSEEEERS

N T AP A FIL &S 2% 5] SRR B A YR W PFASs 20RE LRI, ZRG 5 BRI IR 2%k
FRRENE UL AL BRAR LA G R BT, A BL R AT SR, %8 7 LR KNN. SVR M RF X U fif
B, R LA Qu TN H AR TR . LR A AT DU B0 B S v 2 15 A7 78 2 25 IR B, 5 LR
REAAE I A L HS 5 U RS LA (RO B, U0 O S e 3 B s kv R 3R il [z, 45 LR AR
RURIUA:, 0 A 2 3ot e d Al S P MR BT R0 e 2 AR PR LA, AT ik % SVR A RF 25
FRLVERALR Ot T 5RA JI ER AR . KINN BRI T Se i BEAT 22 5, AN T %0 Bodfs 7o A i)™ R (BRA
BE 538 1L i L AR ILAEAS s K5 ORI AP 3R W RAT 9, S8 TR S B AR AR 50 R R 2% HAfE LS AL
HITETE . SVR B BE SRS S0 NAFAE WS 21 vei 2525 8], A RCAE PR A W) W I 5 VB B R0 - T A Al ek 5%
7, BABURZACEE /1. RF RN T W G I 5%, RE LB Z RFM ISR, &
5 R P R 4R AL, PPAN AN AR AR ) B, A T R 2 e I R DI SR P 6 A A R v
.
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8 Scikit-learn & "I train_test_split BREL, K& R 0 I 2R S (80%) AR (20%) . UIZREEFH T
BRI S B2 EORI, TRENE RN 2R S 5 @B ISIAEA, U T R Al S A Rz AL
PERE. K MRS 2R (GridSearchCV) 7 VAT B HE S B AL, o %07 V258 T (1 S 30 %, - PR AfiA
AR RIS G EREERERES, 5INT 5 #ra8 K UENLEH AT ki il & .

2.3, IRBTRRE S

BEF DU R S R B KR PR B TR, I A AR 5 I 2R 4R B R ERMEA DR R (R T2 4 xt
RZE(MAE) M TR ZZ(RMSE) A P F8 45 » 7356 Mk BE S R AR OIS Y o [ ) » SR PRI 3 24k 20
RICEH AR DL AR T 45 R B AR Ttk IR 45 & B FME(SHAP) - Hr 5 B 7 i, 3t —20 A
PEA 2 I R R R AE AR AR 2R i s () ELAA 2 . R2. MAE R RMSE [ 1HE A 243 B (2)~(4):

z;(j’i _yi)z

R? =i 7 @
Zi:l(yi—yi)2
RN
RMSE=,[-371 (5~ ») 3)
l < (a
MAE =37 |5, - “)

A, P RTIME;  y NEIE TS 3 REEE ESEE AP ME; o AREARAN L
2.4. FFEHEXME ST
A TR P 7 B R B A 5% R BURVPAL AR B X (FHIEE) S Y (B A48 8 (8] (1) B S BR A . 1 —Fh
Gk, Wi R B AR SR @I o B i HE T A Sk B R Ay AR A SR [ AR sh g 345250 .
T R R % E R Fan &St EAMURNE R BIRMIES M, B R4 Rl 248
BRI R ARSI AR, BE7 7 R A SRR 1L R(5)
o = Z:’:I(x[ _f)z;(% _)_/)
(-3 X (-7
A, My RoR XA Y &SRR, X My RS )5 BRI ME .
3. BRSH
3.1. FFEEXME ST
K 2 NAEYIR SASFIEI R R M R B BTN, EVRFFEA ST SR, BRI AL
R AR EMNERKR. H5E, O/C 5N+ 0)/C £I HMIEMIEMH ST =0.82), XEWEASEZR
SE YR R A DR R . SHFR, &85 Ash £ EZRIOASEr=—0.76), L& ES 0/C
(r=—0.73) (N + O)/C (r = —0.69) B4 F Bl tH Besm ity Gkt oo bE, [l 7 A=W 46 B Ak o 2 v ] s B 1 in 5
B EUE BE R i SR A R
3.2. =B EEVEM
B 3 AP Fh BRI Qun B PR 52 T IUASE T80 ok 300 33X B2 AR S 36 5 K () T 25 SR, AN TR AR 27 [) A7 4E

BRI ZERMS. K 3(a)y LR BRFNRCE, LR B R 2, Hill%4%E R? N 0.41. RMSE N
96.51, MAE A 61.29; li4E R A 0.04. RMSE & 122.78, MAE A 69.93. iXFHAYI®RIEIIER S
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PFASs Wit 2 B A7 AR B AR MR R, ARG AR TG VR AT RO X Fh B 2% (A B LA . b2
T, AEMEARAY(KNN, SVR, RE)FTNRE LA 1 H# 348 B 3(b)H KNN B8 BIRFE I ZR A AT AR |
5 RF BRI, RIHEEEOBAER2 5N 0.69. 0.54), {EIHARGEME AT EH . 5 3(c) SVR
BRI Z54E REASEIRTE, EIRER R2 RA 046, TR, LI E=FIEE RS IEAE T % ) & .
ML 3(d) AT BAE Y RF #5830 B S AR IR, FEIZREE R2 4 0.95.RMSE 4 26.27, MAE - 14.25;
R4 R2 N 0.86. RMSE A 36.71, MAE 4 24.95, 4 FRTik, 3T ks m4E s 5T (1) RF R 4% £ 1 4k
F w4 YR R M B P A, BB S S v b SRR AR RFAE S PFASs W25 2 A eR B &R L TR,
KW I B2 R FH RF A BSR4 T RRAE 2 B 40 A SR
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Figure 2. Spearman correlation coefficients between biochar characteristics
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Figure 3. Comparison between predicted and experimental values for the four machine learning algorithms
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3.3. FHEEEME S

N T E BV RF B % B S5O e KR B B Qu HOSTBRAR S, % RF BB HEATRPAE B ZEAE 7 A7
4 #7R TR BUTE AT Qu TOUIN I e SRS R (1) o A 1 10 o 45 SRR A, SR TG AR A AE AR 2 v B 5 v P ok
FRE . (N +O)/C (TTBRE 0.1957) R N i L ERHIE, TTERFHEIE 20%.. UL HED, PR Ak
PEE RE AT BETEIR AL RS « H/C (BTRREE 0.1596) KRG, S i th A4 ki) 75 A6 A0 FR B2 A
TRV FE 0 U B FR 8 7 B TR . (EAR R RS, R TEAE SN SSA R Mokt (H7EABIRY
AR SRS, RYPRORTE IR E R R, 28 BAR R (U B L 51 ) B DTk T R i T 7 S )
PIERALIIE AN . FOR IS TR FRALE B0 HE 7 75 38— 2P il I SRR 30 TE SR TH RN DIIESE . e e
IDTHR pH (0.1099)F1 O/C (0.0933)FR I H H&FF BEVE, AR 17 2 [H I Bl 1A AR A1 5 o WO o ~F 48 (10 0 4
VER] . BBREE(T, 0.0428) ) B B B B0 BUK . X RURE L E/EA— RS SR, Rl sk
() A ZE BEALE R 1A B Qu, AR ELEEMI P B R, T#H 5 H/C. 0/C. (N+0)/C RS H L
J SSA. Pore Size EVIIREE M EEAA O . TEBENLARMAL R A, 4 15 BEAH OC RFAE RIS AEAE I, B 25y
B L LR AR B A, SR — AR R R AR AG DRI PR AR o R T SRR A R SR

(N+0)/C 1 ;57
H/C - 0.1596
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Figure 4. Feature importance of the RF model
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3.4. $5{E SHAP ESH
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Figure 5. Effects of various features on the predictive model for maximum adsorption capacity
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Figure 6. Partial dependence plots of (N + O)/C and H/C on Qm
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Figure 7. Partial dependence plots of Ash and pH on Qm
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