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Abstract

The safety assessment of high-level radioactive waste repositories requires a
high predictive accuracy for radionuclide diffusion and a comprehensive un-
derstanding of the diffusion mechanism. In this study, a through-diffusion
method and six machine-learning methods were employed to investigate the
diffusion of ReO4-, HCrO4-, and I-in saturated compacted bentonite under
different salinities and compacted dry densities. The machine-learning models
were trained using two datasets. One dataset contained six input features and
293 instances obtained from the diffusion database system of the Japan Atomic
Energy Agency (JAEA-DDB) and 15 publications. The other dataset, compris-
ing 15,000 pseudo-instances, was produced using a multi-porosity model and
contained eight input features. The results indicate that the former dataset
yielded a higher predictive accuracy than the latter. Light gradient-boosting ex-
hibited a higher prediction accuracy (R2= 0.92) and lower error (MSE = 0.01)
than the other machine-learning algorithms. In addition, Shapley Additive FEx-
planations,Feature Importance, and Partial Dependence Plot analysis results
indicate that the rock capacity factor and compacted dry density had the two
most significant effects on predicting the effective diffusion coefficient, thereby
offering valuable insights.
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Abstract

The safety assessment of high-level radioactive waste repositories demands high
predictive accuracy for radionuclide diffusion and a comprehensive understand-
ing of the underlying diffusion mechanisms. This study employed a through-
diffusion method and six machine-learning approaches to investigate the diffu-
sion of ReO,~, HCrO,—, and I~ in saturated compacted bentonite under varying
salinities and compacted dry densities. Machine-learning models were trained
using two distinct datasets. The first contained six input features and 293
instances compiled from the Japan Atomic Energy Agency diffusion database
system (JAEA-DDB) and 15 publications. The second dataset comprised 15,000
pseudo-instances generated using a multi-porosity model with eight input fea-
tures. Results indicate that the former dataset yielded superior predictive accu-
racy. Light gradient-boosting demonstrated higher prediction accuracy (R? =
0.92) and lower error (MSE = 0.01) compared to other machine-learning algo-
rithms. Furthermore, Shapley Additive Explanations, Feature Importance, and
Partial Dependence Plot analyses revealed that the rock capacity factor and
compacted dry density exerted the two most significant effects on predicting
the effective diffusion coefficient, offering valuable mechanistic insights.

Keywords: Machine learning; Effective diffusion coefficient; Through-diffusion
experiment; Multi-porosity model; Global analysis

Introduction

China is planning to construct a deep geological repository for high-level ra-
dioactive waste in the Beishan area of Gansu Province [?]. Gaomiaozi (GMZ)
bentonite from Inner Mongolia has been selected as an engineering barrier ma-
terial due to its high adsorption capacity, low permeability, favorable thermal
conductivity, and abundant reserves [?]. This porous clay mineral possesses a
layered structure consisting of tetrahedral-octahedral-tetrahedral sheets. Diffu-
sion represents the primary transport mechanism for radionuclides through the
bentonite barrier [?]. Anionic radionuclides with long half-lives, such as 2T,
36C17, ™Se042, and P9 TcO, ~, are widely recognized as significant contributors
to potential long-term dose due to their high diffusivity, which arises from the
anionic exclusion effect at the negatively charged bentonite surface [?, ?]. Con-
sequently, evaluating the release of anionic radionuclides from bentonite barriers
is crucial for repository safety assessment.

Among diffusion parameters, the effective diffusion coefficient constitutes a criti-
cal parameter in safety assessments. It is influenced by numerous factors, includ-
ing porosity, the species diffusion coefficient in water, radionuclide concentration
gradient, and tortuosity [?]. Extensive experimental studies have investigated
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specific influencing factors such as compacted dry density, ionic strength, ben-
tonite type, and temperature [?]. The relationships between these factors and
radionuclide diffusion have been established empirically. For instance, the effec-
tive diffusion coefficient increases with decreasing compacted dry density [?] and
increasing ionic strength [?, ?]. Bentonites with high montmorillonite content
exhibit superior radionuclide retardation due to their lower effective diffusion co-
efficients [?, 7, ?, ?]. Furthermore, the temperature dependence of the effective
diffusion coefficient has been described using the Arrhenius equation [?, ?].

Several numerical models, including the multi-porosity model [?, ?], integrated
sorption and diffusion models [?], and pore-scale models [?, ?], have been em-
ployed to predict effective diffusion coefficients and analyze the impact of in-
fluencing factors. These models have generated theoretical results that align
with experimental observations. However, few studies have reported quantita-
tive metrics such as the coefficient of determination (R?) or mean square error
(MSE) to assess predictive accuracy comprehensively.

Machine-learning methods excel at regression analysis and interpreting non-
linear relationships in multi-factor scenarios, making them valuable tools for en-
gineering applications [?, ?]. Numerous studies have utilized machine-learning
approaches, including artificial neural networks (ANNs) and gradient-boosting
models, to estimate chloride diffusion coefficients in cement [?]. Predictive ac-
curacy can be enhanced by incorporating physical information into the models
[?]. These studies have employed techniques such as Individual Conditional
Expectation (ICE), Shapley Additive Explanations (SHAP), and Partial De-
pendence Plots (PDPs) to analyze the relative importance of influencing factors
on chloride diffusion [?]. Regression analyses have predicted chloride diffusion
coefficients using input features ranging from 4 to 23 and experimental instances
ranging from 72 to 843 [?, ?]. Recently, Light Gradient-Boosting (Light GBM)
and ANN algorithms were developed to predict the effective diffusion coefficient
of Re(VII) using pseudo-instances generated from a multi-porosity model, with
the ANN achieving R? = 0.97 and Light GBM achieving R? = 0.92 [?]. However,
few studies have employed machine-learning models to explain the correlations
between influencing factors and radionuclide effective diffusion coefficients.

This study applies machine-learning models to investigate the diffusion of sev-
eral simulated radionuclide anions—ReO, ~ as an analogue for *°TcO,~, HCrO,~
as an analogue for certain redox-sensitive monovalent radionuclide anions, and
I~ as an analogue for '2°I"—in compacted bentonite. The predictive accuracy
for the effective diffusion coefficient was evaluated using two training datasets:
one compiled from the JAEA-DDB and 15 publications, and another containing
pseudo-instances generated using the multi-porosity model. The primary objec-
tives are: (i) to enhance the diffusion database by measuring effective diffusion
coefficients for ReO,~, HCrO,~, and I" in compacted bentonite; (ii) to iden-
tify high-performance machine-learning algorithms among six models includ-
ing Light GBM, Extreme Gradient-Boosting (XGBoost), Categorical Gradient-
Boosting (Catboost), ANN, Random Forest (RF), and Support Vector Machine
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(SVM); and (iii) to assess whether machine-learning models achieve sufficient un-
derstanding of diffusion mechanisms through quantitative analysis of influencing
factors. The main novelty lies in developing a high-accuracy machine-learning
model for radionuclide diffusion prediction and interpreting correlations between
influencing factors and effective diffusion coefficients.

Materials and Methods
Materials

Stock solutions of ReO,~, HCrO,~, and I were prepared by dissolving weighed
amounts of KReO,, K,Cr,0,, and Nal in 200 mL of NaCl solution. The initial
concentrations were 1.12 x 1072 mol/L for ReO,~, (0.26-2.14) x 1073 mol/L for
HCrO,~, and 0.04 x 1072 mol/L for I". Concentrations were measured using
an Optima 7000DV inductively coupled plasma optical emission spectrometer
(ICP-OES, PerkinElmer, USA). All reagents were of analytical grade.

Diffusion Method

A through-diffusion method, which measures diffusion parameters of ions
through a defined thickness of porous material, was employed to investigate an-
ion diffusion (ReO,, HCrO,, and I") in compacted bentonite. Experiments
were conducted using 0.10-0.50 mol/L NaCl solutions, with compacted dry
densities ranging from 1300 to 1700 kg/m?, pH maintained at 5.6 + 0.1, and
temperature at 15 + 3 °C.

Bentonite powder was compacted into blocks ($2.1 x 1.2 cm) and sandwiched
between two stainless-steel filters ($2.54 x 0.1 cm). The assembly was inserted
into a cylindrical cell. After saturating the bentonite blocks with 0.10-0.50
mol/L NaCl solution for one month, the reservoir connected to one side of the
diffusion cell (x = 0) was replaced with 200 mL of the prepared stock solution
containing ReO,~, HCrO,~, and I". The opposite side (x = L) was connected
to a target reservoir filled with 10 mL of NaCl solution, which was periodically
replaced to maintain a low anion concentration gradient (<5% of the concen-
tration at x = 0). Detailed equipment and procedural descriptions are available
in the literature [?].

Self-programmed Fitting for Diffusion Parameters software calculated the rock
capacity factor and effective diffusion coefficient by analyzing accumulated mass
as a function of time. Parameter reliability was evaluated by examining consis-
tency between calculated and experimental flux results.

Multi-Porosity Model

GMZ and Anji bentonite powders were obtained from Gaomiaozi, Inner Mon-
golia, and Anji, Zhejiang Province, respectively. GMZ bentonite has a grain
density of 2660 kg/m?, particle size (dy,) of 7.1 pm, cation exchange capacity of
77.3 meq/100 g, and external surface area of 25.6 m?/g. Its mineral composition
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is 74.5% montmorillonite, 12 wt% quartz, 7 wt% cristobalite, 4 wt% feldspar, 1
wt% calcite, and 1 wt% kaolinite [?]. Anji bentonite has a particle size (dg,) of
11.6 pm, cation exchange capacity of 76 meq/100 g, and external surface area
of 60.3 m?/g, with a mineral composition of 46 wt% montmorillonite, 33 wt%
quartz, 10 wt% orthoclase, 8 wt% microcline, and 3 wt% calcite [?].

A multi-porosity model was established for montmorillonite microstructure, as
montmorillonite is the predominant mineral in bentonite. The model considers
only through-pores in compacted bentonite, where total porosity ( ) is subdi-
vided into three components: diffuse double-layer porosity ( _{ddl}), interlayer
porosity (_{il}), and free-layer porosity ( _{free}) [?, ?]. When compacted
bentonite is saturated with aqueous solution, diffuse double-layer pores form
transition zones from particle surfaces to free pore water, containing an anion
deficit, water molecules, and cation excess. Interlayer pores contain cations
and water molecules, with excess cations compensating for charge deficits in
the tetrahedral-octahedral-tetrahedral layers, while water molecules arrange in
layers [?]. Free-layer pores comprise spaces containing charge-balanced anions,
cations, and water molecules.

Due to the anionic exclusion effect, anionic radionuclides cannot readily enter
bentonite interlayer pores. Therefore, the model assumes free-layer pores as the
predominant diffusion pathways, with accessible porosity defined as:

_{acc} _{free} = _{tot} - _{ddl} - _{il}

The diffuse double-layer porosity _ {ddl}, which depends on ionic strength,
external surface area, montmorillonite mass ratio, and compacted dry density,
is estimated as:

{ddl} =3.09 x 1071° A {ext} +m - d

Interlayer porosity depends on compacted dry density, water layer fraction, and
montmorillonite mass ratio. Interlayer water relates to compaction degree: one
water layer ranges between 12.2-12.7 A at 1600-2000 kg/m3, two water layers
between 15.2-15.7 A at 1300-1600 kg/m3, and three water layers between 18.4-
19 A below 1300 kg/m? [?]. The interlayer porosity _ {il} is approximated as

[7]:
o At _d <1300 kg/m3: _{il} =m 1300 - w,
e At _d>1300 kg/m3: _{il} =m + _d :(x;W; + XoWy + X3W3)

where interlayer water amounts w_i are: 0.119 kg H,O/kg clay for one water
layer at 1600 < _d < 2000 kg/m?; 0.238 kg H,O/kg clay for two water layers
at 1300 < _d < 1600 kg/m?; and 0.357 kg H,O/kg clay for three water layers
at d < 1300 kg/m®.

The layer fraction x_ i is approximately calculated as follows, where subscript i
denotes one, two, or three water layers [?, ?]:

e At1300< d<1600kg/m?: x; =0, %y = (_d- _d,3WLS—2WL)/(py, 2W L—1W L—
Py SWL—=2WL),z_{3}$=1-x,
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« At1600 < _d <2000 kg/m?: x; = (_d- _d2WLS—1WL)/(py, IWL—
Py 2WL—=1IWL),z_{2}$=1-%x;,%x3 =0

The effective diffusion coefficient is estimated by combining the accessible poros-
ity with Archie’ s equation:

D e=D_w + _{acc}” =D_w - (_{tot} - _{ddl} - _{il})"

where D_w denotes the species diffusion coefficient in water (1.46 x 10~ m?/s
for ReO,, 1.13 x 1072 m?/s for HCrO,~, and 2.0 x 107° m?/s for I" [?]), and
n(-) represents the cementation factor.

Database Description and Analysis

The training dataset was obtained from two sources. The first comprised ex-
perimental instances from JAEA-DDB (223 instances, 1989-2005) [?] and 15
publications (99 instances, 2006-2024), listed in Table S1 (Supporting Informa-
tion). The second database contained 15,000 pseudo-instances generated using
the multi-porosity model [?]. Table 1 summarizes the statistical information for
both datasets. For the JAEA-DDB and literature dataset, only anion diffusion
instances in bentonite were selected.

Data preprocessing employed Mahalanobis distance (MD) to remove outliers.
MD is a multivariate distance measure accounting for data mean and covariance.
The cutoff point d_ i is defined as:

di= (X i-X)-C! (X i-X)]

where C, X_ i, and X represent the sample covariance matrix, object vector, and
arithmetic mean vector, respectively. A cutoff point of five identified 29 outliers,
yielding final datasets of 197 JAEA-DDB instances and 96 publication instances
for machine-learning models.

Input features for the JAEA-DDB/publications dataset were: rock capacity
factor, compacted dry density, montmorillonite mass ratio, species diffusion
coefficient in water, ionic strength, and temperature. The multi-porosity model
dataset included: external surface area, montmorillonite mass ratio, ionic
strength, accessible porosity, compacted dry density, cementation factor, fitting
parameter, and species diffusion coefficient in water. The rock capacity factor
indicates bentonite’ s ability to impede radionuclide diffusion into granite rock,
equaling accessible porosity when below total porosity. External surface area,
accessible porosity, and cementation factor characterize bentonite properties,
while the species diffusion coefficient represents radionuclide properties. Tem-
perature, ionic strength, and compacted dry density are experimental condition
parameters. The effective diffusion coefficient served as the sole output feature.

The test dataset comprised eight instances from through-diffusion experiments
measuring ReO,~, HCrO,~, and I~ diffusion. Since both effective and species
diffusion coefficients ranged from 10712 to 107 m? /s, logarithmic conversion was
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applied to maintain consistency with other features spanning 0-2000, improving
model performance [?].

Performance Evaluation of Machine-Learning Models

Predictive accuracy was evaluated using R? and MSE, calculated as:

R%Z =1 - [X(log D_{exp}e,i - log D_{pred}e,i)?] / [E(log D_{exp}e,i - log
D_ {exp}e,ave)?]

MSE = (1/N) X(log D_{exp}e,i - log D_ {pred}e,i)?

where N is the number of instances, log D_ {exp}e,i and log D_ {pred}e,i rep-
resent experimental and predicted values, respectively, and log D_ {exp}e,ave
denotes the experimental average. Higher R? and lower MSE indicate better
predictive accuracy.

Five-fold cross-validation (CV) mitigated overfitting, where the dataset was
randomly divided into five equal subsamples, with four used for training and
one for testing in each iteration.

Results and Discussion
Database Distribution and Characteristics

Figures 1A-1F show the dependence of the effective diffusion coefficient on each
input feature for the JAEA-DDB/publications dataset (multi-porosity model
dependencies are reported elsewhere [?]). Histograms and kernel density curves
display input feature and effective diffusion coefficient distributions. Curve
shapes reflect data point concentration; higher concentrations produce greater
peak amplitudes.

The rock capacity factor can be obtained directly from through-diffusion exper-
iments or calculated as:

a= + d-K d

where (-), _d (kg/m3), and K_d (m?/kg) represent porosity, compacted dry
density, and distribution coefficient, respectively. Total porosity of compacted
bentonite equals that of neutral molecules like HTO [?, ?, ?], while accessible
porosity approximates that of anionic radionuclides such as 39Cl~ and 1251~ [7],
based on the ionic exclusion effect hindering anion access to negatively charged
surfaces [?, ?]. The rock capacity factor ranged from 0.01 to 19.08 (Table 1),
with most data concentrated below two: 13.3% exceeded two, 23.2% ranged from
one to two, and 63.5% were less than one. Only nine data points exceeded ten
(Fig. 1A). Oscarson et al. [?] reported ?°TcO,~ and 251~ rock capacity factors
>5 in 4.9% of cases, possibly due to overestimated distribution coefficients from
sorption experiments with powdered bentonite.
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The effective diffusion coefficient increased with decreasing compacted dry den-
sity (Fig. 1B), consistent with previous experimental results [?]. It also in-
creased with species diffusion coefficient in water and temperature (Figs. 1C
and 1D), following Archie’ s law (D_e =D_w - ™) [?, ?] and the Arrhenius
equation (D_e = A -e¢"(-E_a/RT)) [?]. Figures 1E and 1F show smeared
distributions for concentrated data within limited ranges, indicating no strict
one-to-one dependency on montmorillonite mass ratio or ionic strength.

Measurement of Diffusion Parameters Using the Through-Diffusion
Method

The through-diffusion method determined diffusion parameters for ReO,~,
HCrO, , and I" in compacted bentonite. Figure 2 [Figure 2: see original
paper| presents breakthrough curves under various salinity and compaction
conditions. Salinity effects in GMZ bentonite are shown in Figs. 2A-2E, while
dry density effects in Anji bentonite appear in Figs. 2F-2H. Red dots and lines
represent flux results; blue dots and lines show accumulated mass. Solid dots
indicate experimental data; lines represent calculated temporal relationships
for accumulated mass or flux; shaded areas denote upper and lower uncertainty
limits considering rock capacity factor and effective diffusion coefficient un-
certainties from sample weight, bentonite block and filter volumes, diffusion
cell dead volume, and ICP-OES measurements. Ionic strength I (mol/L) was
calculated as I = 0.5 ¥ C_i z_i%, where C_1i is species concentration and z_i
is charge number.

Table 2 lists diffusion parameters for ReO,~, HCrO,~, and I in compacted ben-
tonite. Both rock capacity factor and effective diffusion coefficient increase with
ionic strength and decrease with compacted dry density, consistent with previ-
ous studies [?, 7, ?]. ReO, exhibited higher effective diffusion coefficients than
previous GMZ bentonite studies [?], attributable to lower compacted dry densi-
ties investigated here. Higher effective diffusion coefficients for HCrO,~ and I~
compared to literature values [?, ?] resulted from higher ionic strength, lower
montmorillonite mass ratio in HCrO,~ experiments, and higher ionic strength
and dry density in I~ experiments. These results comply with anion diffusion
laws and fall within the training dataset range, validating the test dataset for
evaluation. Notably, measured rock capacity factors for ReO,~, HCrO,~, and
I~ are less than total porosity, indicating no adsorption and equivalence to
accessible porosity.

Prediction by Machine-Learning Algorithms

Six machine-learning algorithms—Light GBM, XGBoost, Catboost, ANN, RF,
and SVM—predicted effective diffusion coefficients using two training datasets.
The first contained eight input features and 15,000 pseudo-instances from the
multi-porosity model. The second included six input features and 293 instances
from JAEA-DDB and publications (Table 1). Datasets were split 4:1 for training
and validation. The test dataset comprised experimental results from Table 2.
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Light GBM, XGBoost, Catboost, and RF are ensemble-learning algorithms;
ANN and SVM are traditional learning algorithms. Table 3 lists mean perfor-
mance metrics from five-fold CV. LightGBM achieved the highest predictive
performance with R?{CV} = 0.87 and MSE{CV} = 0.01.

Hyperparameters, which control model learning and cannot be learned from
data, were tuned using grid search (GS). Reasonable hyperparameter ranges
were manually predefined, and the model iterated through all combinations.
Cross-validation guided selection for training datasets, yielding optimal param-
eter combinations. Table 4 summarizes tuned hyperparameters.

Figure 3 [Figure 3: see original paper| compares experimental and predicted
effective diffusion coefficients. Dots represent experimental data; red lines show
linear fits; shaded areas indicate 95% confidence intervals. For the multi-porosity
model dataset, predictive accuracy ranked: SVM > XGBoost > RF > Light-
GBM > CatBoost > ANN (Figs. 3A-3F). SVM achieved MSE = 0.01 and
R? = 0.83. For the JAEA-DDB /publications dataset, accuracy ranked: Light-
GBM > CatBoost > XGBoost > SVM > RF > ANN (Figs. 3G-3L). All
gradient-boosting algorithms achieved R? > 0.88, with Light GBM and XGBoost
reaching MSE = 0.01 and R? = 0.91. The JAEA-DDB/publications dataset
outperformed the multi-porosity model dataset, likely due to the complexity
of predicting multiple species (ReO,~, HCrO,~, I") under varying salinity and
compaction conditions, which challenges models trained on multi-porosity model
data. Boosting models combining weak learners via weight-based aggregation
showed stronger predictive capabilities, consistent with previous studies [?, ?].
Light GBM achieved highest accuracy among boosting models through gradient-
based one-side sampling and exclusive feature bundling techniques [?, ?].

Shapley Additive Explanation and Feature Importance Analyses

SHAP and Feature Importance (FI) are widely used feature attribution methods
that identify input feature significance driving predictions [?]. Though employ-
ing distinct techniques, both rank feature importance by influence on predicted
output [?]. Applied to the highest-performing Light GBM model with the JAEA-
DDB/publications dataset, both analyses identified rock capacity factor and
compacted dry density as the two most important features (Fig. 4 [Figure 4:
see original paper]). For remaining features, FI ranked: T > log D_w > 1 >
m, while SHAP ranked: log D_w T > m > I. The montmorillonite mass ratio
ranking difference stems from underlying methodological principles.

Tonic strength is closely associated with the electrical double layer at bentonite
interfaces [?]. Despite limited effect on effective diffusion coefficient prediction
(Fig. 4), its influence has been extensively investigated experimentally [?, 7, ?].
The effective diffusion coefficient increases with salinity until ionic strength ex-
ceeds 0.5 mol/L, explained by minimum electrical double-layer thickness, neg-
ligible diffuse double-layer pores, and maximum free-layer pore width [?, 7, ?].
Debate continues regarding the electrical double-layer effect on radionuclide dif-
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fusion [?, ?], potentially due to the small porosity proportion in diffuse double-
layer pores [?]. Feature importance depends on input features, instances, and
algorithms, warranting further research to clarify ionic strength significance.

Partial Dependence Plot Analysis

Partial Dependence Plot (PDP) analysis quantifies relationships between in-
put and output features, assessing positive and negative effects on the effective
diffusion coefficient (Fig. 5 [Figure 5: see original paper]). Features strongly
impacting the output exhibit significant PDP curve changes, while low-impact
features produce flat curves.

Rock capacity factor, species diffusion coefficient in water, ionic strength, and
temperature positively impacted the effective diffusion coefficient, whereas com-
pacted dry density and montmorillonite mass ratio negatively impacted it. The
effective diffusion coefficient increases with species diffusion coefficient, temper-
ature, and ionic strength, consistent with Archie’ s law [?, ?], the Arrhenius
equation [?], and experimental results [?, ?]. Conversely, it decreases with high
compacted dry density and montmorillonite mass ratio, also consistent with
previous studies [?, ?].

The rock capacity factor exhibited the strongest influence. Increasing from 0.01
to 19.08 raised the PDP value from -11.16 to -9.90, representing an ~11.3%
increase (Fig. 5A). For anionic radionuclides, rock capacity factors should re-
main below total porosity when considering anionic exclusion [?, ?], suggest-
ing some anomalous instances in JAEA-DDB should theoretically be removed,
though they were retained for database integrity. PDP value increases ranked:
a (11.3%) > T (8.8%) > log D_w (6.5%) > 1 (1.3%).

Compacted dry density showed negative impact: increasing from 400 to 1700
kg/m? decreased the PDP value from -9.85 to -10.74 (~9.0% decrease) (Fig.
5B), consistent with literature [?]. Montmorillonite mass ratio also negatively
impacted: increasing from 0.33 to 1.0 decreased the PDP value from -10.02 to
-10.31 (~2.8% decrease) (Fig. 5E). Bentonites with low montmorillonite content,
such as illite/smectite mixed-layer (m = 0.33) and Kunigel V1 (m = 0.46-0.49),
exhibit higher effective diffusion coefficients [?, ?, ?, ?, ?], confirming that higher
montmorillonite content improves radionuclide blocking capacity [?]. Figures 5D
and 5F show predicted effective diffusion coefficients increase with ionic strength
and temperature, with significant effects observed from 0.01-0.6 mol/L and 22-
60 °C, respectively, consistent with previous findings [?, ?]. Thus, PDP analysis
provides interpretability of diffusion laws and mechanisms.

Conclusion

Effective diffusion coeflicients of ReO,~, HCrO,~, and I~ in compacted Gao-
miaozi and Anji bentonites were investigated under various ionic strength and
dry density conditions using through-diffusion experiments and six machine-
learning models. Key findings are:

chinarxiv.org/items/chinaxiv-202404.00125 Machine Translation


https://chinarxiv.org/items/chinaxiv-202404.00125

ChinaRxiv [$X]

(i) Training and validation datasets from experimental instances outper-
formed pseudo-instance datasets.

(ii) Light Gradient-Boosting achieved higher predictive accuracy than
other algorithms, with MSE = 0.01 and R? = 0.92 for the JAEA-
DDB/publications dataset.

(iii) SHAP, Feature Importance, and PDP analyses identified rock capacity
factor and compacted dry density as the two most important features,
with positive and negative influences, respectively.

This study introduces a novel high-accuracy machine-learning model for radionu-
clide diffusion prediction and explores diffusion mechanisms by ranking influenc-
ing factors and analyzing their dependencies. Machine-learning algorithms offer
powerful tools and a new paradigm for studying radioactive anion diffusion in
bentonite barriers. Future research should evaluate model improvement by in-
corporating additional bentonite characteristic parameters, complex chemical
species, and broader geochemical conditions relevant to high-level radioactive
waste repositories.

Data Availability
The data used in this study are available online (https://10.5281/zenodo.10837576).
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