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Abstract

Missing values in radionuclide diffusion datasets can undermine the predictive
accuracy and robustness of machine learning (ML) models. A regression-based
missing data imputation method using light gradient boosting machine (LGBM)
algorithm was employed to impute over 60% of the missing data, establishing
a radionuclide diffusion dataset containing 16 input features and 813 instances.
The effective diffusion coefficient (De) was predicted using ten ML models. The
predictive accuracy of ensemble meta-models, namely LGBM-extreme gradient
boosting (XGB) and LGBM-categorical boosting (CatB), surpassed the other
ML models, with R2 values of 0.94. The models were applied in predicting
the De values of EUEDTA- and HCrO4- in saturated compacted bentonites at
compaction ranged from 1200 kg/m3 to 1800 kg/m3, which was measured using
a through-diffusion method. The generalization ability of LGBM-XGB model
surpassed that of LGB-CatB in predicting the De of HCrO4-. Shapley additive
explanations identified the total porosity as the most significant influencing fac-
tor. In addition, the partial dependence plot analysis technique showed clearer
results for univariate correlation analysis. This study provides a regression im-
putation technique to refine radionuclide diffusion datasets, offering a deeper
insight into analyzing the diffusion mechanism of radionuclide and supporting
the safety assessment of the geological disposal of high-level radioactive waste.
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Physical Parameters

Physical parameters related to the diffusion process can enhance our understand-
ing of diffusion mechanisms. In this study, five physical parameters—including
total porosity, ion molar conductivity, ionic radius, and montmorillonite stack-
ing number—were incorporated into the datasets to improve predictive perfor-
mance and provide deeper insights into the diffusion mechanism. Specifically,
the total porosity (tot) is related to the grain density of bentonite ( d) and
compacted dry density ( s), and is defined as:

tot =1 —

The relationship between the rock capacity factor («) and porosity () is ex-
pressed by:

a= +Kd - d,

The anionic exclusion effect has been recognized by numerous diffusion models
[1, 2, 3]. This phenomenon assumes that radionuclide anions cannot enter the
interlayer pores of compacted bentonite due to electrostatic repulsion from the
negatively charged montmorillonite layers. Consequently, the rock capacity fac-
tor for radionuclide anions should be less than the total porosity. However, the
calculation of the rock capacity factor in JAEA-DDB neglects the anionic ex-
clusion effect, leading to overestimation for radionuclide anions. In this study,
the anionic exclusion effect was properly considered: = tot in Eq. (S1) was
employed for radionuclides with Kd > 0, whereas = 1-0.39 - d was used for
those with Kd = 0.

The ion molar conductivity (A) is expressed by the following equation [5]:
Dw -F2 -|z|R - T

where F is the Faraday constant (96500 C/mol), z is the ion charge, T is the
Kelvin temperature (K), and R is the molar gas constant (8.314 J/mol - k).
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Micro-parameters such as the ionic radius and montmorillonite stacking number
were integrated into the datasets to establish a connection between mesoscopic
and microscopic features. The ionic radius (r) is calculated using the classic
Stokes-Einstein relation [6]:

k -T6 7w+ -Dw

where k is the Boltzmann constant (1.380649 x 10?3 Pa-m?/K), and is the
viscosity of the medium.

The montmorillonite stacking number is approximately given as [7]:
MW - Aext *na nb—2 +a +cx *na *NA—2 b -cx -nb +NA

where NA is Avogadro’s number (6.022 x 10%* molecules/mol). The chemical
molecular weight (MW) of a typical montmorillonite is 735 g/mol. The unit-cell
dimension of a montmorillonite layer is a x b x cx = 0.523 x 0.905 x 0.96 nm3.
The length and width of a montmorillonite layer, na and nb, were approximately

[TABLE:S]
Table S1 The statistical information of Dataset I (316 instances).

Parameters Min Max Mean Std Skw
Tonic strength (I, 0.00 5.50 0.45 1.04 2.77
mol/L)

Compacted dry 400 2000 1470.47 447.75 -0.47
density ( d, kg/m?)

Montmorillonite 0.00 1.00 0.67 0.33 -0.77
content (m, —)

Distribution 0.00 1.00 0.12 0.28 2.18
coefficient (Kd,

m® /kg)

Tonic charge (z, —) -2.00 3.00 0.16 1.69 -0.21
Temperature (T, 5.00 25.00 20.71 5.18 -1.53
OC)

Specific surface area  0.00 800.00 347.53 247.78 0.06
(Aext, m?/g)

Grain density ( s, 2650 2800 2754.43 53.69 -0.69
kg/m?)

Molecular weight 18.00 735.00 377.95 358.53 -0.53
(MW, g/mol)

Species diffusion -9.30 -8.34 -8.79 0.18 -0.82
coefficient in water

(LogDw, )

Total porosity ( tot, 0.25 0.85 0.47 0.16 0.06

-)
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Parameters Min Max Mean Std Skw
Rock capacity 0.00 0.85 0.35 0.31 0.53
factor (a, —)

Tonic radius (Logr, -10.24 -9.34 -9.84 0.18 -0.21
-)

Ton molar 0.00 14.98 7.48 5.27 -0.06
conductivity (A,

m? + S/mol)

Montmorillonite 1.00 10.00 5.50 2.87 0.00
stacking number

(nc, 7)

pH (-) 6.00 12.00 7.93 1.53 0.69

Std = Standard Deviation; Skw = Skewness

[TABLE:S2]

Table S2 The statistical information of Dataset III (813 instances).

Parameters Min Max Mean Std Skw
Tonic strength (I, 0.00 5.50 0.47 1.04 2.77
mol/L)

Compacted dry 400 2000 1470.47 447.75 -0.47
density ( d, kg/m?)

Montmorillonite 0.00 1.00 0.67 0.33 -0.77
content (m, —)

Distribution 0.00 1.00 0.12 0.28 2.18
coefficient (Kd,

m® /kg)

Tonic charge (z, -) -2.00 3.00 0.16 1.69 -0.21
Temperature (T, 5.00 25.00 20.71 5.18 -1.53
OC)

Specific surface area  0.00 800.00 347.53 247.78 0.06
(Aext, m?/g)

Grain density ( s, 2650 2800 2754.43 53.69 -0.69
kg/m?)

Molecular weight 18.00 735.00 377.95 358.53 -0.53
(MW, g/mol)

Species diffusion -9.30 -8.24 -8.79 0.18 -0.82
coefficient in water

(LogDw, —)

Total porosity ( tot, 0.25 0.85 0.47 0.16 0.06

-)
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Parameters Min Max Mean Std Skw
Rock capacity 0.00 0.85 0.35 0.31 0.53
factor (a, —)

Tonic radius (Logr, -10.31 -9.33 -9.84 0.18 -0.21
-)

Ton molar 0.00 14.98 7.48 5.27 -0.06
conductivity (A,

m? + S/mol)

Montmorillonite 1.00 10.00 5.50 2.87 0.00
stacking number

(nc, 7)

pH (-) 6.00 12.00 7.93 1.53 0.69
Effective diffusion -12.57 -8.54 -10.05 0.53 0.21

coefficient (LogDe,
-)

Std = Standard Deviation; Skw = Skewness

[TABLE:S3)

Table S3 Hyperparameters, tuning range of the machine learning models, and
the optimized hyperparameters for Dataset 1.

Algorithms Parameter name Range Dataset I
LGBM-CatB Max_{depth} 1-100 15
Learning_ {rate} 0.01-0.1 0.05
Min_{{{data}}{{in}}}H{leaf} 1-100 20
Feature_ {fraction} 0.1-1.0 0.8
Bagging_ {freq} 1-100 5
Bagging_ {seed} 1-100 50
Bagging {fraction} 0.01-1.0 0.8
Lambda_ {11} 0.0-.0 0.0
Lambda_ {12} 0.0-.L0 0.0
LGBM-XGB Max_ {depth} 1-100 10
Learning_ {rate} 0.01-0.5 0.1
Min_ {{{data}}{{in}}}H{leaf} 1-100 20
Feature_{fraction} 0.1-1.0 0.8
Bagging_ {freq} 1-100 5
Bagging_ {seed} 1-100 50
Bagging_ {fraction} 0.01-1.0 0.8
Lambda_ {11} 0.0-1.0 0.0
Lambda_ {12} 0.0-L0 0.0
CatB Depth 1-100 6
Learning {rate} 0.01-0.5 0.1

chinarxiv.org/items/chinaxiv-202412.00064

Machine Translation


https://chinarxiv.org/items/chinaxiv-202412.00064

ChinaRxiv [$X]

Algorithms Parameter name Range Dataset 1
Iterations 1-100 50
Subsample 0.01-1.0 0.8
L2 {{{leaf}} {{reg}}} 0.0-1.0 0.0
Random_ {seed} 1-100 50
XGB Max_ {depth} 1-100 6
N_ {estimators} 1-100 50
Gamma 0.0-1.0 0.0
Lambda 0.0-1.0 0.0
Subsample 0.01-1.0 0.8
Reg {alpha} 0.0-1.0 0.0
Min_ {{{child}} {{weight}}} 1-100 1
RF N_ {estimators} 1-100 50
Max_ {depth} 1-100 6
Min_ {{{samples}}_{{split}}} 1-100 2
Min_ {{{samples}} {{leaf}}} 1-100 1
Min_ {{{weight}}{{fraction}}}{leaf} 0.0-0.5 0.0
Random_ {state} 1-100 50
[TABLE:S4]

Table S4 The optimized hyperparameters used in machine learning models for
Dataset II and Dataset III.

Algorithms Parameter name Dataset II ~ Dataset 111

LGBM-CatB Max_{depth} 15 15
Learning {rate} 0.05 0.05
Num_ {leaves} 31 31
Min_ {{{data}}{{in}} }Hleaf} 20 20
Feature_ {fraction} 0.8 0.8
Bagging {freq} 5 5
Bagging_ {seed} 50 50
Bagging_ {fraction} 0.8 0.8
Lambda_ {11} 0.0 0.0
Lambda_ {12} 0.0 0.0

LGBM-XGB Max_{depth} 10 10
Learning {rate} 0.1 0.1
Num_ {leaves} 31 31
Min_ {{{data}}{{in}} }H{leaf} 20 20
Feature_ {fraction} 0.8 0.8
Bagging {freq} 5 5
Bagging {seed} 50 50
Bagging_ {fraction} 0.8 0.8
Lambda_ {11} 0.0 0.0
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Algorithms Parameter name Dataset II  Dataset III
Lambda_ {12} 0.0 0.0
LGBM Max_ {depth} 15 15
Learning {rate} 0.05 0.05
Num_ {leaves} 31 31
Min_ {{{data}}{{in}}}Hleaf} 20 20
Feature {fraction} 0.8 0.8
Bagging_ {freq} 5 5
Bagging_ {seed} 50 50
Bagging {fraction} 0.8 0.8
Lambda_ {11} 0.0 0.0
Lambda_ {12} 0.0 0.0
CatB Depth 6 6
Learning_ {rate} 0.1 0.1
Iterations 50 50
Subsample 0.8 0.8
L2 {{{leaf}} {{reg}}} 0.0 0.0
Random_ {seed} 50 50
XGB Max_ {depth} 6 6
N_ {estimators} 50 50
Gamma 0.0 0.0
Lambda 0.0 0.0
Subsample 0.8 0.8
Reg {alpha} 0.0 0.0
Min_ {{{child}}_{{weight}}} 1 1
Colsample_ {bytree} 0.8 0.8
ANN Epochs 100 100
Learning_ {rate} 0.001 0.001
Hidden layers 2 2
Number of neurons 64 64
Activation {function} PReLU PReLU
Dropout 0.2 0.2
DNN N-epoch 100 100
Learning_ {rate} 0.001 0.001
Hidden layers 3 3
Kernel {{{Regularizer}}_{{L2}}} 0.01 0.01
Number of neurons 128 128
Activation_ {function} PReLU PReLU
RF N_ {estimators} 50 50
Max_ {depth} 6 6
Min_ {{{samples}}_{{split}}} 2 2
Min_ {{{samples}}_ {{leaf}}} 1 1
Min_ {{{weight}} {{fraction}}}{leaf} 0.0 0.0
Random_ {state} 50 50
SVM Cache_ {size} 200 200
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Algorithms Parameter name Dataset II  Dataset III
Gamma 0.1 0.1
Kernel RBF RBF
Epsilon 0.1 0.1
[TABLE:S5]
Table S5 Mean values of performance metrics utilizing five-fold cross-
validation.
Algorithms Datasets MSEcv (Training) MSEcv (Validation)
LGBM-CatB Dataset IT (n=316)  0.021 0.045
LGBM-XGB Dataset IT (n=316)  0.023 0.048
LGBM-RF Dataset IT (n=316)  0.025 0.052
LGBM-CatB Dataset III (n=813) 0.018 0.038
LGBM-XGB Dataset IIT (n=813) 0.020 0.041
LGBM-RF Dataset IIT (n=813) 0.022 0.044
[TABLE:S6]
Table S6 Detailed statistics of the additional instances from four reported
literatures.
m z pH tot « A nc
1 d (- Kd (- (- T Aext s MW Dw (- (- r (m?: (- De
Speciaol (k/m§) /kg) ) (°C)(m*/glkg/mff/molin®/g) ) (A) S/mol) (m?/Reference
CeEDM$M@.75O - 7.5 25 562 2780 404 5.48%x4D7q421.92F:dB)HH01.17$R107{-
3}$ 1 3}$ 11}$ 11}$
CeEDTR$I6I0 .750 - 7.5 25 562 2780 404 5.483%4D7q421.925dB)"FH501.098R 107 {-
318 1 318 11}$ 11}$
CeEIAXBO0{-0.750 - 7.5 25 562 2780 404 5.483x4D7q421.925:dB)"EH508.85 1D {-
413 1 3}$ 11}$ 12}$
CeEIBIAXBO0{-0.750 - 7.5 25 562 2780 404 5.4834D7q421.92F:dB)"HH02.58X{1D"{-
4}1% 1 3}$ 11}$ 11}$
HSe(5,5%>2000{-0.500 - 7.5 25 760 2780 128 7.773&287¢-281.51FdB)"EH505.1842D"{-
4}1% 1 318 10}$ 11}$
HSeOL 1$:>2000{-0.500 - 75 25 760 2780 128 7.77$x287¢-281.51F:dB)HH01.45 2D "{-
4}1% 1 3}% 10}$ 11}$
HSe(3,85:2000{-0.500 - 7.5 25 760 2780 128 7.77$%287¢-281.51FdB)"H-509.5842D"{-
4}1% 1 3}% 10}$ 12}$
HSe(,8%:>2000{-0.500 - 75 25 760 2780 128 7.77$x2087¢-281.51F:dB)"E506.48 2D {-
4}1% 1 318 10}$ 12}%
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m

I d (- Kd

(
k

Z

(= T Aext s

pH tot « A nc
MW Dw (- (- r (m?:- (- De

Specianol (kg/mf) (m?/ ) (°C)(m?/gfkg/mfB/molin®/9) ) (A) S/mol)  (m?/Reference
HCr@$x 102040 0.500 - 7525 760 2780 117 7.77$6287¢-282.03F:4B0"H-H506.185[3]L0"{-
9}% 1 3}$ 10}$ 11}$
HCrQ,13%2000°{3.500 - 7.5 25 760 2780 117 7.77$%287¢-282.03F:dB0"H-H504.2% (3D {-
9}% 1 318 10}$ 11}$
HCrQ,13$2000™{3.500 - 7.5 25 760 2780 117 7.77$287¢-282.03F4B0 {5085 x 1{B]{-
9}% 1 3}$ 10}$ 11}$
HCrQ,13%$20007{3.500 - 7.5 25 760 2780 117 7.77$%287¢-282.03%:4B)"H506.4$43p"{-
9}% 1 318 10}$ 11}$
HCrQ,13$20007{3.500 - 75 25 760 2780 117 7.77$x287¢:282.03F:4B0"HH504.4${3D"{-
9}% 1 3}% 10}$ 11}$
HCrQ,13$2000™{3.500 - 75 25 760 2780 117 7.77$287¢:282.03F:4B0"HH502.85{3D"{-
9}% 1 3}$ 10}$ 11}$
CoEB¥AI6{0 0.750 - 7.5 25 562 2780 409 4.59$%407¢-421.495dB)"FH501.855M]107{-
10}$ 2 318 10}$ 11}$
CoEBFAI6{0 0.750 - 7.5 25 562 2780 409 4.59$107¢-421.49F:dB)"H-H501.435M]107{-
10}$ 2 319 10}$ 11}$
CoEB¥AI60 0.750 - 7.5 25 562 2780 409 4.59$107¢421.49F:dB)"EH506.88 44D {-
10}$ 2 3}$ 10}$ 12}$
CoEBFAI6{0 0.750 - 7.5 25 562 2780 409 4.59$%407¢-421.495dB)"E-H506.4$44p"{-
10}$ 2 318 10}$ 12}%
CoEB¥AI60 0.750 - 7.5 25 562 2780 409 4.59$107¢421.495dB)"EH505.68 42D {-
10}$ 2 3}% 10}$ 12}$
HSe(®,5$:2000{-0.500 - 7.5 25 760 2780 128 7.77$k287¢-281.51FdB)F-H504.4% (8D {-
4}1% 1 3}% 10}$ 11}$
HSe(3,26$2000"3.500 - 75 25 760 2780 128 7.77$x287¢-281.51F:dB)"HH038x 1(B][{-
4}1% 1 3}% 10}$ 11}$
HSe(3,2$:2000{-0.500 - 7.5 25 760 2780 128 7.77$287¢:281.51F:dB)"EH028x 1(B]{-
4}1% 1 3}% 10}$ 11}$
HSe(3,2$:2000{-0.500 - 7.5 25 760 2780 128 7.773&287¢-281.51FdB)"F-505.6843D"{-
4}1% 1 318 10}$ 11}$
HSe(3,4$:>2000{-0.500 - 75 25 760 2780 128 7.77$2087¢-281.51F:dB)"EH506.683D"{-
419 1 313 10}$ 11}$
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