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FEET 0 MBI Z I A OGBS
1.3 =8ROG5S
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X—RIR, SIATANBARE T P B AR A 2 I N R E
ERFRWIZGSERUS, RAT SHAP X—IEFIZREHIMRR L, X HA Sm S R e Las27 ]
BRI T T ffRe . SHAP J7 ka0 BARAE Tl T REIER) Shapley {ER S ACFFIEXS IR FOMI 25 S s
FREE, NI HABRIPLLARAAEZE S 1Z X175 YRt ReR i 2 T OCHER . X — 5 AL T XSS faiiy
AR AT, T H oA ERE . SR SRS B4R T4 ) 3CkF . Shapley HAYTHEA X 1= (9)
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K. ¢, WFHIE i 19 Shapley B, ¢80k, (CFRIZEHEXTTIMMERZ S CGREMBRESE ) 5 F VS ITA RS
TERVRRIESR s S8 FIT4E;  foow (xso) WER S TR i MEFERFMEFEER) ML BTN £ () AL
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EEEE.
1.5 E#ERTHR

B AL PR 5 R RE 2 Python ZefRiE 5 52k, FdEAb PR Pandas AT numby FESERL, 2 EIH
matplotlib FESEZEE, ML #RAIILTF Scikit-learn FESZHL,

[fsum (Xsum) = fs (xs)] 9
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KHT RFE X2 RHE i i A0 RS B AR R DTk e/ NI AR A SEBURR R e, et T 8 ANRRIEAE
SAERIEIA, BRI . RO IR . KBS IR . RN . BRI . RO
AN R pH. SRI5, R PCC RETPHEFIER AFFE- B RAS R MR, DI R
FURRES . QE 1 R, T R IEE 2 8] PCC (B 11 T-0.50~0.60, 187K T HHIFas Al f Rtk vk
FRIE . (BRI R R A IR A A P EJ2-0.9,  EEEPFUATER A SLbrac s, BHFA AL F 2 H
AR R R KAy, RET KM ET S BJRAE 60 °C HET 12 h 54 7E 80 °C HET 6 h, FrLAE B =S
AR . TR I S TR AT s RIS 2 31k 0.96 1-0.95, 7E RFE Haf IR
FE AT ) STk AN, T ASBRAE R B A R B AR, GRS I —4FE . /KA
HEORH BT IR AR -1, JRRONTE ZIFS A 415 FE iAo ss 1 B AR, 24 B A
B, ZIFS 5 g, T 2R A T Al s S FERREKET, ZIF8 S, B 2%
RA T EEIERZZIEEN 0] DL i P8R FP s K ) H B AT RIEE ZIFS RSRIAR A RSTFIEAR . i AFAE = 22
VEPENBERUS I . BRIGUSINE: . KA . PRSI | JBRETRE  fEBOE: . s EkRinE
pH. HRE-HARA 2 Al PCC A HTE-0.50~0.50, Uil FARAs & 510 P 1 ) 471 25 ARk S BRHL
i, 1Z XGRS ML R B 45 . X — KB R R G ids P R BB T 6
SRR, JELRn B R ML AR

k —0.00 NU¥S8 —0.47 —0.43 —0.20

PSRN —0.95 —0.53 —0.16 -0.31 4).00 —0.06
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Fig. 1 Pearson correlation coefficient matrix of the dataset

2.2 REFUNETHE
B, MIREEE AR RO R AR B A SR (e R R EE LS B AR, St ansk 1 /0
%2 PR BT R AR R ZRE ERTIIRT L, RER A TRRDE S A AU AT, W 2 B



%X B ST 2R T BRI T AR B HOT i Y e i RE A T30 5

* 1 LMHRERBSHEE

Table 1 Hyperparameter selection of linear models

e Eil] DT Lasso Ridge KNN
max_depth': 3
'max_features': 'sqrt' knn__n_neighbors" 10
HSHL 'min_samples_leaf": 10 ‘alpha': 0.001 ‘alpha'=80 'knn__p': 1
'min_samples_split': 2 'knn__weights": 'uniform'

'random_state': 42

*2 IREMRANEBS IR E

Table 2 Hyperparameter selection of non-linear models

R PR RF AdaBoost GBDT XGBoost
n_estimators": 7 learning_rate': 0.05
'max_depth" 8 base_estimator max_depth": 1 'max_depth": 7 colsample_bytree" 0.8
'min_samples_split': 8 'learning_rate': 0.2 'max_features': 'sqrt' 'learning_rate': 0.01
HSEL 'min_samples_leaf": 1 'loss": 'linear’ 'min_samples_leaf": 3 'max_depth': 5
'max_features': 6 'n_estimators': 20 'min_samples_split': 8 'n_estimators': 300
'bootstrap': True 'random_state': 42 'n_estimators': 10 'subsample': 0.6
'random_state': 42 'random_state': 42
XGBoost ] XGBoost A XGBoost) /" //// /]
Ridge A Ridge A Ridgel /]
RF 77 77) RE 777777 RF g
3 MR ) g MR ] 3z MWRELZ77777
B Lasso ] B Lasso ] B Lassol S
= K 7 = KN ] * KW 77777]
GBDT g GBDT % GBDTY /7]
DT A DT i DTV )
AdaGoost,”//// /) AdaGoost) ./ /. /A AdaGoost %
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2 &i%EH) MSE. MAE 71 R
Fig.2 MSE. MAE and R’ of various ML models
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Fig. 3 Comparison of experimental values and ML model predicted values
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Fig. 4 Residual of experimental values and ML model predicted values
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() Fe-N, Fiefi. HHTFRALAING m b TR iR, 30 o e Bl e TR . Stk rh vy 7
TERERIIN, AR TR, A

55 SHAP {5 W] 50 TEARSCHE . R R e R 7
TG RN IR ZR T i ] e, R RERS - g

PES SRR A, AR S g

pH 5 SHAP (HERE I GAHICHE, (HEHEmEH B

SN, BHR 1Z AT Mo B 43 e o e
T, YRR 2, WTREAA Rk AR
EF IR MR, TSRS ok Bk R
. SEGRMTE VRSB ), eIk R HERC R bt

NN

o, FRMEIAERE T IR RE S TR, pH
PUORBRTE S FAEAE 200 HY, AT 480 : - — - ”
AR, R AR R, AR S Mean/(SHAP{E[<10-)
MEIAT™. RE B SHAP (HAYXER ALY El6 RF SREHEEERHAS
A RHIER SHAP ﬁ#ﬁ (K 6) , dt—P5nk Fig. 6 Feature importance ranking of the RF model
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Iron monoatomic catalyst design and its performance prediction for emerging
contaminants degradation based on multi-algorithm machine learning
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Abstract To efficiently evaluate the degradation performance of Iron-single-atom ZIF8 (I1Z) towards emerging
contaminants, this work employs machine learning (ML) to establish a predictive model for the degradation
capability of IZ. Firstly, a correlation analysis was conducted on the degradation performance dataset of 1Z
comprising 46 samples to determine 8 input features for ML models. The dataset was utilized to train, optimize,
and evaluate 9 ML models, including AdaBoost, Decision Tree (DT), K-Nearest Neighbors (KNN), Lasso
Regression, Multiple Linear Regression (MLR), Random Forest (RF), Ridge Regression, eXtreme Gradient
Boosting (XGBoost), and Gradient Boosting Decision Tree (GBDT). The feature importance of the black-box
model with the highest prediction accuracy was calculated using the SHapley Additive exPlanations (SHAP)
method, and the relationship between the features and degradation performance was explored. The results
indicated that the RF model achieved a coefficient of determination (R?) exceeding 0.75, with the residuals of its
predictions primarily distributed between -0.005 and 0.005. The RF model assigned the highest importance to Fe
addition and H,O addition, as these factors significantly influenced the degradation performance. Furthermore,
within certain ranges, increasing Fe addition, H,O addition, methanol addition, Zn addition, calcination
temperature, peroxide addition and pH enhanced the degradation performance of 1Z. Based on the RF model,
this work predicted the optimal combination of design process parameters for 1Z, providing insights into the
application of ML for predicting and optimizing the degradation performance of IZ towards emerging pollutants.
Keywords  machine learning; iron single atom; zeolitic imidazolate framework-8 (ZIF8); emerging
contaminants; material prediction; degradation performance
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