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Abstract. When the artificial ground freezing technique is applied near existing underground structures, adfreezing behavior,
characterized by ice bonding between the frozen soil and the existing structures, becomes a critical factor in assessing the
stability of these structures. In this study, punch shear test data were employed to evaluate adfreezing behaviors at the frozen
soil-structure interface under zero confinement conditions, representing critical states. Since machine learning (ML) algorithms
have offered a powerful data-driven predictive modeling in geotechnical engineering, this study discussed the application of ML
approaches to broaden the feasibility of the punch shear test for assessing the adfreezing behavior. Four ML algorithms, i.e.,
support vector regression (SVR), feedforward neural network (FNN), random forest (RF), and extreme gradient boosting
(XGB), were adopted to develop predictive models based on the punch shear test results. To ensure optimal model performance,
Bayesian optimization and five-fold cross-validation methods were employed to effectively train the ML models and identify the
best hyperparameter combinations for each model. The predictive performance of these models was compared using three
regression metrics: root-mean- square error (RMSE), mean absolute error (MAE), and determination coefficient (R?). The
models were ranked based on their performance as follows: XGB > RF > FNN > SVR. Among them, the XGB model
demonstrated the highest accuracy, with an RMSE of 0.0037, an MAE of 0.0015, and an R? of 0.9999. The reliability and
interpretability of the XGB model were further enhanced through post-hoc analysis estimating the prediction interval and SHAP

values.

Keywords:
test

adfreezing; artificial ground freezing; interfacial behavior; machine learning; post-hoc analysis; punch shear

1. Introduction

Adfreezing behavior refers to the interaction between
frozen soil and structures, characterized by ice bonding on
the structure's surface. Artificial ground freezing (AGF) is a
widely utilized technique in construction projects, serving
as an auxiliary method to achieve waterproofing and
enhance ground strength (Andersland 2003, Schmall et al.
2006, Son et al. 2021, Tan et al. 2021, Zhou et al. 2022).
AGF has gained recognition as a reliable and sustainable
technique due to its wunique advantages, including
applicability to almost all types of geological strata, the
uniformity of the frozen soil body, strong cementation with
structures, and minimal environmental impact. Among the
many design considerations for AGF, adfreezing behavior
stands out as a critical factor that can significantly influence
structural stability. This aspect becomes particularly
important in restoration projects that employ AGF, as
outlined in references (Quanbin et al. 2018, Wang et al.
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2018, Alzoubi et al. 2020, Wang et al. 2020, Tan et al.
2023), where the frozen soil body provides support to
existing underground structures and withstands earth
pressure. Therefore, it is essential to adequately evaluate
adfreezing behavior to ensure the sustainable application of
AGF.

To assess the adfreezing behavior, a direct shear test,
involving the application of normal stress, is conventionally
conducted (Wen et al. 2016, Sun et al. 2021, Pan et al.
2022, Zhang et al. 2022, Fuping et al. 2023). The
adfreezing characteristics are influenced by various factors,
including soil properties, initial water content, structure
roughness, freezing temperature, shear rate, and normal
stress (Jin ef al. 2020, Tang et al. 2020, Wang et al. 2020).
Based on prior information obtained from direct shear tests,
several predictive models have been developed to simulate
the adfreezing stress—displacement relationship for arbitrary
conditions without experiments. For example, He et al.
(2021) proposed an analytical model based on the disturbed
state concept. Xiong et al. (2021) constructed a simple
nonlinear model using a combination of power and
exponential functions. Chen et al. (2022) reproduced this
relationship using a backpropagation neural network (NN)
and bidirectional long short-term memory (LSTM) model.
However, it is important to note that the direct shear test
cannot directly assess the adfreezing behavior under zero
normal stress conditions. In such cases, it indirectly
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Fig. 1 Configuration of the punch shear test

estimates the unconfined adfreezing behavior by
incorporating additional assumptions, such as the Mohr-
Coulomb criterion (Ladanyi 1995).

In a previous study (Park ef al. 2022), the punch shear
test was validated as a reliable technique for assessing the
adfreezing behavior of frozen soil-structure interfaces
under unconfined conditions in the critical state.
Comparable to the direct shear test, the punch shear test
requires the development of a predictive model to improve
the feasibility of the test. However, due to a limited number
of experimental cases and ongoing research into the punch
shear test, there is insufficient prior information available
regarding the adfreezing behavior through this test.
Consequently, the application of conventional predictive
modeling approaches, such as empirical or analytical
methods, is not feasible. As a result, a data-driven approach
emerges as the most suitable methodology for the punch
shear test.

Machine learning (ML), a robust data-driven
methodology, serves as an exceptional and dependable
alternative to existing indirect approaches in geotechnical
engineering (Bello et al. 2015, Fang et al. 2018, Lawal and
Idris 2020, Pham et al 2022). When equipped with
sufficient and high-quality data, ML-based methods can
handle complex and nonlinear systems, establishing models
without the need for assumptions or prior information
(Pham et al. 2021, Baghbani et al. 2022, Kim et al. 2022).
Furthermore, ML-based approaches often unveil useful
hidden relationships between features, thereby enhancing an
understanding of these characteristics beyond existing
knowledge.

In the realm of ML models, there often exists a trade-off
relationship between accuracy and interpretability, where
more intricate models generally achieve higher levels of
accuracy. Even when input features from a database are
meticulously selected and preprocessed, considering prior
information, it can be challenging to explain how the output
values are derived from these inputs. This lack of clarity
can impede the reliability and interpretability of ML
models. In response to this challenge, post-hoc techniques
have been developed to explain the predictions made by
complex models, thereby enhancing the dependability of
ML models (Barredo et al. 2020, Linardatos et al. 2021).

These post-hoc techniques serve to improve the
interpretability of black-box models, providing insights into
the relationships between input features and predictions,
while also assessing the confidence level of these models.

This study aims to address the challenge of predicting
adfreezing behaviors under critical conditions using data-
driven ML models. Moreover, the post-hoc techniques,
including prediction interval estimation and SHAP value
analysis, were employed to enhance the understanding of
model predictions, thereby improving the reliability and
transparency of the ML model.

2. Experimental data
2.1 Punch shear tests

The database used in this study was obtained through a
series of the punch shear tests (Park et al. 2022), utilizing a
setup that included a punch head, frozen soil-ring structure,
and ring support (as illustrated in Fig. 1). The rings were
made of concrete and stainless steel, and three soil
specimens (soil 1, soil 2, and soil 3) were filled into the
rings to create the soil-ring assemblage. The concrete
consisted of ordinary Portland cement and water, mixed at a
ratio of 100 kg to 14 liters. Table 1 provides an overview of
the physical properties of these soil specimens. The initial
water content for soil 1 and soil 2 was set to be 10, 13, 16,
and 19%, while for soil 3, it was 54, 59, 64, and 67%.
Following the completion of specimen preparation, the soil-
ring assemblages were frozen at temperatures of -5, —10, —
15, and —20°C for more than 24 h.

During testing, the load (L) applied to the punch head
was transferred to the frozen soil-ring interface, causing
shear stress on it. The relationship between the
displacement of the punch head and the adfreezing stress
(0qar) calculated by Eq. (1) was determined to exhibit

adfreezing behavior.

L
%ads = 7DH M

where D is the inner diameter of the ring structure (the same
as the diameter of the frozen soil specimen), and H is the
height of the ring structure.
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Table 1 Physical properties of soil specimens
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Specific gravity Mass median Sand fraction Silt fraction Clay fraction Classification
(Gs) diameter (Dso, mm) (Fsand) (Fsitt) (Feiay) (USCS)

Soil 1 2.65 1.0219 100 0 0 SP
Soil 2 2.66 0.2181 98 0 0 SP
Soil 3 2.72 0.0086 19 51 21 CH

54 59 64 69 3 g

3 — : e Steel + Soil 1

_” [+ Corerete oz & |« sSteol + 50il 2
g | ¢ Lonerete+ Sol t S a Steel + Soil 3
s A Concrete + Soil 3 &
~— 5 2 N
£2 A =2
>
3 = 2
= ® @
o . 2
= N 1 - . *
8 ¢ ° A @ e
= ¢ e A s £
< ¢ < ®

A A

0 T T 0 T T
10 13 16 19 -5 -10 -15 -20

Initial water content (%)
(a) Adfreezing strength at -15°C

Temperature (°C)
(b) Adfreezing strength at a constant initial water content

Fig. 2 Experimental results for different ring assemblages

The adfreezing strength was determined as the
maximum adfreezing stress observed at the point of slip
failure along the soil-ring interface and summarized in Fig.
2. In the case of the concrete ring assemblage, as depicted
in Fig. 2(a), the adfreezing behaviors were assessed at a
“freezing temperature of —15°C, with variations in the initial
water content. On the other hand, under the steel ring
condition, as shown in Fig. 2(b), the adfreezing behaviors
were evaluated with a constant initial water content
(specifically, 16% for soil 1 and soil 2, and 64% for soil 3)
while varying the freezing temperature. It was observed that
as the initial water content increased at a constant freezing
temperature, ice cementation also increased due to an
increase in ice content, subsequently leading to increasing
the adfreezing strength. Moreover, the adfreezing strength
exhibited an upward trend with decreasing temperature,
attributed to lower temperatures reducing the unfrozen
water content and enhancing the ice strength. For the
coarse-grained soils (soil 1 and soil 2), as mass median
diameter (Dsp) decreased, the normalized roughness
increased, thereby increasing interfacial resistance. Finally,
the concrete ring assemblage exhibited a higher adfreezing
strength than the steel ring assemblage because the concrete
ring had a rougher surface than the steel ring, leading to
greater friction.

2.2 Data analysis
The experimental data consisted of 24 cases,

encompassing approximately 42,000 data points that
included various parameters such as displacement,
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Fig. 3 Unfrozen water content with temperature
calculated by the semi-empirical method

adfreezing stress, mass median diameter (Dso), freezing
temperature, initial water content, unfrozen water content,
and ring material (concrete or steel). The calculation of
unfrozen water content followed the method proposed by
Aukenthaler (2016), which empirically estimated the water
content using an exponential function based on the variables
of temperature and soil texture, including the fractions of
sand (Fsang), Silt (Fsit), and clay (Fcay). Notably, higher
temperatures and increased fine content were associated
with higher levels of unfrozen water content, as shown in
Fig. 3. Table 2 summarizes the statistical characteristics of
the database, excluding the structural material, which is
considered a categorical variable.
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Table 2 Statistical descriptions for the database

Feature Unit Mean Std. Min Q1 Median Q3 Max
Displacement mm 1.99 1.93 0.00 0.47 1.18 3.13 7.65
Adfreezing stress MPa 0.52 0.45 0.00 0.19 0.45 0.63 2.52
Dso mm 0.27 0.37 0.01 0.01 0.22 0.22 1.02
Temperature °C —14.88 2.36 —20.00 —15.00 —15.00 —15.00 —=5.00
Initial water % 3714 2380  10.00 16.00 19.00 6400  67.00
content
Unfrozen water % 2.12 1.96 0.20 0.27 0.41 4.09 6.90
content
4000
structure The objective functions for SVR with e-insensitive are
B concrete formulated in Egs. (2) and (3), where w represents the
3000 W steel weight vector, C is the regularization parameter, n is the
number of training datasets, £ is the slack wvariable
" indicating the penalty for the out-of-margin samples, K
% 2000 denotes the kernel function, y stands for the actual value,
@) and ¢ is the width of the margins. In addition, SVR, which
“ '! is based on a linear model, solves nonlinear problems by
0 mapping the input space into a higher dimension using a
1000 ‘ kernel function. In this study, the radial basis function
| ‘. (RBF) described in Eq. (4) was employed as the kernel
[ H‘ V ”H' .- function, where y denotes the kernel parameter, and
0 S P — lx — x;||> represents the squared Euclidean distance

Adfreezing stress (MPa)

Fig. 4 Histogram according to the ring material

It's worth noting that the distribution of data points
according to the ring material (concrete or steel) was
imbalanced. As shown in Fig. 4, the distribution of
adfreezing stress across the dataset revealed that data from
the concrete ring accounted for 80.94% of the total, while
data from the steel ring made up the remaining 19.06%. In
addition, the adfreezing stress distribution for the steel ring
exhibited a narrower range compared to that of the concrete
ring, consistent with the experimental results.

3. Development of predictive models
3.1 Machine learning algorithms

This study evaluated the predictive performance of four
ML algorithms: two individual models and two ensemble
models consisting of multiple decision trees (DTs). The
individual models included support vector regressor (SVR)
and feedforward neural network (FNN) having one hidden
layer, while the ensemble models consisted of random
forest (RF) and extreme gradient boosting (XGB).

3.1.1 Support vector regressor (SVR)

SVR, which is used to address regression problems,
employs a support vector machine algorithm. SVR with e-
insensitive defines an e-tube with a radius of € from the
SVR model and quantifies the difference between the actual
value and the e-tube as the error; errors smaller than &
between the predicted and actual values are disregarded.

between the two feature vectors.

Minimize: %llwll2 + C Y4 1&l @)
Subject to: (W TKrgr(x,x*) + b) —y;| < e+ &1 (3)
Krpr(x,x;) = exp(—y|lx — xi”Z) “4)

3.1.2 Feedforward neural network (FNN)

An FNN comprises one input layer, one or more hidden
layers, and one output layer, with each layer consisting of
multiple interconnected nodes. In this study, a single
hidden-layer structure was adopted. While the input and
output layers matched the number of nodes, it was
necessary to determine the optimal number of nodes in the
hidden layers. The nodes within the hidden layers utilize a
nonlinear activation function for the weighted sum of their
inputs, along with a bias term as expressed in Eq. (5), where
H represents the output value from one node, f,.; is the
activation function, n;, is the number of input features, w is
the weight vector, x is the input value, and b is the bias. The
weight and bias values of the network were tuned using a
backpropagation algorithm, incorporating a learning rate
based on the output layer errors. The objective function of
FNN is presented in Eq. (6), where the mean-squared error
function is combined with the L2 regularization term to
mitigate overfitting. In this equation, o denotes the
regularization parameter.

H= fact(Z?iq wW;X; + b) (5)

e 1 ~
Minimize: QL0 - +ak0)) (6
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3.1.3 Random forest (RF)

RF employs an ensemble learning technique that utilizes
multiple DTs through the bagging method. An ensemble of
DTs, known as the RF, is generated and trained using
bootstrapped samples from the training data and random
feature subsets. When the RF calculates the output value,
each tree independently generates a prediction, and the final
prediction is determined by aggregating the individual tree
predictions in parallel, as expressed in Eq. (7). In this study,
the loss function for model training was the mean-squared
error (MSE), and the hyperparameters of the RF were
associated with the control of the DTs.

y= %2?21 DT;(x;) (7

where N is the number of trees, DT; is the ith decision tree,
and x; is the ith bootstrapped input.

3.1.4 Extreme gradient boosting (XGB)

XGB is another ensemble learning technique that
utilizes multiple DTs. However, it differs from RF in that it
uses a boosting method instead of bagging. The boosting
technique is a sequential learning method that calculates the
residual of the predecessor (i.e., the difference between the
predicted and actual values), multiplies the residual value
by the learning rate, and incorporates this weighted residual
when learning the next predictor. The gradient boosting
model (GBM) is a DT-based model that employs the
boosting technique. XGB involves an additional
regularization term in the GBM to address the issue of
overfitting. The objective function of XGB combines the
loss function, X7, I(y;, ;) , with the regularization
function, Q(f) , as represented by Eq. (8). The
regularization function is defined by Eq. (9), where T is the
number of leaves, w is the vector of scores on the leaves of
a tree, and y and A are the penalty parameters. In this study,
the loss function used for model training was the mean-
squared error (MSE).

Minimize: L3 + o) )

Q(f) = yT +357_, ©

3.2 Model implementation

Fig. 5 illustrates a flowchart outlining the model
development procedure. The four ML models predicted the
adfreezing stress using the six additional features in the
database.

3.2.1 Data preprocessing

The ring material, which is a categorical variable, was
binarized using the one-hot encoding method and converted
into a numerical variable format suitable for ML algorithms.
In order to mitigate the influence of varying scales among
input features, the input dataset was standardized using Eq.
(10). Addressing data imbalance associated with the ring
material, the entire database was partitioned into a 70%
training dataset and a 30% test dataset using a stratified
random sampling technique with respect to the ring

Experimental database
v
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One-hot encoding / Standardization / Stratified random sampling

— >
Train dataset Test dataset
(70%) (30%)
- &

SVM FNN RF

XGB

Hyper parameter tuning

with Bayesian optimization
I
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Training | |Validation Training
Training Training Training
Training Training Training
Training Training \alidation

v

Optimal model* determination

SVM* | FNN* || RF* || XGB*

v

Performance comparison

Fig. 5 Flowchart of model development procedure

Table 3 Stratified random sampling results

Unit: % rin?gosl:;rxzzre ring Sstffl:(l:ture
Entire database 80.9379 19.0624
Training dataset 80.9386 19.0614

Test dataset 80.9354 19.0646

material. Consequently, the training and test datasets were
established to maintain the same ratio of the concrete and
steel rings as that in the original database, as shown in Table
3.

X-X
S

Z= (10)

where Z is the scaled input dataset, X is the raw input
dataset, X is the mean of the input dataset, and s is the
standard deviation of the input dataset.

3.2.2 Model development

The optimal hyperparameters for the four ML models
were determined through a Bayesian search along with the
five-fold cross-validation method. Previous studies have
demonstrated the effectiveness of grid and randomized
searches in tuning hyperparameters in various machine-
learning models (Li et al. 2022, Odebiri et al. 2022, Tang
and Na 2021, Tarek et al. 2023). These approaches have
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Table 4 Hyperparameters of the ML models

Model Hyperparameters Search space; Type; Distribution Optimal value
y [1075,10%]; Real; Log-uniform 0.41182
SVR c [1073,10*]; Real; Log-uniform 0.00879
€ [105,10%]; Real; Log-uniform 0.00117
Hidden layer sizes [1, 500]; Integer; Uniform 401
ENN Activation function [identity, logistic, tanh, ReLU]; Categorical RelLU
a [1073,1]; Real; Log-uniform 0.00182
Learning rate [1075,1072]; Real; Log-uniform 1.86078x10-5
Number of DTs [1, 500]; Integer; Uniform 420
Maximum depth of DT [1, 30]; Integer; Uniform 23
RE Mlnlmu_m number_ of samples [2, 30]; Integer: Uniform 21
required to split a node
Minimum T‘“mt.’er of samples [1, 30]; Integer; Uniform 7
required in a leaf
Number of DTs [1, 500]; Integer; Uniform 396
Maximum depth of DT [1, 30]; Integer; Uniform 12
XGB Maximum number of leaves [1, 30]; Integer; Uniform 30
Learning rate [107%,1]; Real; Log-uniform 0.05365
L1 regularization parameter [1072,10]; Real; Uniform 0.01
L2 regularization parameter [1072,10]; Real; Uniform 10.0

been widely adopted to tune model hyperparameters for
improving model performance. However, dealing with an
increased number of hyperparameters and larger search
spaces, tuning the hyperparameters can become
computationally intensive. To address this issue, this study
utilized  Bayesian  reasoning to  optimize the
hyperparameters, thereby reducing computational costs.

Bayesian search is an iterative strategy that combines a
probabilistic surrogate model and an acquisition function to
optimize the performance of an ML model. The surrogate
model, which is typically constructed using Gaussian
processes, provides a probabilistic representation of the
objective function with the given hyperparameters.
Subsequently, the acquisition function guides the search
process by selecting the most promising set of
hyperparameters for assessment, based on the surrogate
model’s estimates. As new evaluations are performed, the
surrogate model continuously updates, thus enhancing its
accuracy. Through this iterative process, Bayesian
optimization can determine the optimal combination of
hyperparameters, resulting in the best-performing ML
model. Comprehensive details on Bayesian optimization
can be found in Snoek ef al. (2012) and Frazier (2018).

Five-fold cross-validation was applied to enhance the
reliability of results (Stone 1974). In the training process,
the training dataset was randomly partitioned into five
subsets to implement the five-fold cross-validation. In each
fold, four of these subsets were used for training, and the
remaining subset was reserved for model validation. The set
of hyperparameters that yielded the highest accuracy in the
five-fold cross-validation was determined to be the optimal
hyperparameter combination.

Table 4 lists the hyperparameters of each ML model, the
respective search spaces for these hyperparameters, and the
optimal values determined by a combination of Bayesian
optimization and five-fold cross-validation.

3.2.3 Performance evaluation

The predictive performance of the ML models was
assessed using three regression metrics, namely root mean
square error (RMSE), mean absolute error (MAE), and
coefficient of determination (R?), represented by Egs. (11)-
(13), respectively. RMSE and MAE quantify the degree of
similarity between predicted and observed adfreezing stress,
with smaller values indicating greater accuracy. Meanwhile,
R> assesses the linearity between predicted and
experimental data, with values ranging from 0 to 1. An R?
value approaching 1 signifies a strong correlation,
indicating superior predictive performance of the ML
models.

RMSE = J% YL (et — y;ws)2 (11)

1
MAE = 3L |yf™ = y™| (12)

L

S (" e-5?)’

R?=1- N (. Pre_oobs)?
Zi:l(yi -57°%)

(13)

where N is the number of datasets, y’™*? is the predicted
value, y?PS is the observed value, and 2% is the mean of

the observed values.

4. Results and comparisons

This section compares the overall predictive
performance of the optimal models, generated by each
algorithm using a test dataset. Two post-hoc analyses, one
focusing on prediction uncertainty and the other on
prediction interpretation, were performed specifically on the
model that exhibited the best performance. Finally, a
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Table 5 Comparison of the model performance by regression metrics
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Regression metrics Criteria Material SVR FNN RF XGB
Concrete 0.3122 0.0863 0.0031 0.0019
RMSE RMSE — 0 Steel 0.2182 0.0772 0.0145 0.0079
Total 0.2965 0.0847 0.0069 0.0037
Concrete 0.1508 0.0697 0.0013 0.0012
MAE MAE — 0 Steel 0.1627 0.0606 0.0044 0.0024
Total 0.1531 0.0680 0.0019 0.0015
Concrete 0.6897 0.9688 1.0000 1.0000
R? R?—1 Steel 0.6035 0.9377 0.9978 0.9993
Total 0.5911 0.9667 0.9998 0.9999
3 3
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Fig. 6 Correlations between observed and predicted adfreezing strengths

parametric study was conducted to analyze the prediction
outcomes of the model under untrained conditions.

4.1 Performance comparison

Fig. 6 shows the observed adfreezing stress plotted
against the predicted adfreezing stress for each model
employing the optimal set of hyperparameters using the test
dataset, categorized by ring materials (concrete and steel).

In the case of individual models (SVR and FNN), the
continuous evolution of adfreezing stress was overall
underestimated compared to the actual values. This
underestimation might be attributed to the relatively
simplistic model structures, which struggled to capture the
nonlinearity of the adfreezing behavior. In FNN, accuracy
can be improved by enhancing model complexity, such as
adopting multiple hidden layers. However, ensemble
models (RF and XGB), with their higher complexity,
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accurately predicted adfreezing stress, and non-continuous
and scattered outliers were primarily observed in case of the
steel ring.

The model performance was quantitatively evaluated
using the three regression metrics, as listed in Table 5. The
ensemble models outperformed the individual models, with
XGB exhibiting the best performance. As the machine
learning model allows more sophisticated hyperparameter
tuning with an increase in the training data volume, the
developed models generally showed improved performance
in case of the concrete ring, which represented
approximately 81% of the data, compared to the steel ring
(approximately 19% of the data). It's noteworthy that the
non-continuous outliers in Fig. 6 were mainly observed in
the case of the steel ring. However, the RMSE values for
SVR and FNN, as well as the MAE value for FNN, were
higher (indicating poor performance) for the concrete ring
compared to the steel ring. These results can be attributed to
the overall adfreezing stress underestimation due to model
complexity.

4.2 Prediction uncertainty

Uncertainty in the prediction of ML models pertains to
the inherent limitations associated with ML approaches in
predicting outcomes, stemming from factors such as
incomplete data, model complexity, and inherent
randomness within the underlying processes. Therefore,
assessing prediction uncertainty becomes essential to
evaluate the reliability and robustness of ML models.

The conformal prediction method primarily serves to
quantify uncertainty in a single-output model (Shafer and
Vovk 2008, Barber et al. 2021). In the conformal prediction
method, a model u(x): R - R, trained with independent
and identically distributed training data (X;,Y;) € RY X R
(i=1,...,n), predicts u(X,,1) based on a given new input
vector X,,,; and provides a prediction interval around
U(X,41) that is likely to contain the actual value of ¥, 4.
This prediction interval, denoted as C, .(X,41), carries a
probability P, as defined in Eq. (14), at a given error
probability €. The confidence level can be expressed as 1 —
€, and following the law of large numbers, a 95%
confidence level is typically deemed valid.

P(Ypi1 € Cpe(Xns)} = 1—€ (14)

In this study, MAPIE—an open-source Python library
(Taquet et al.,, 2022)—was employed to determine the
prediction interval and provide its upper and lower bounds
using a test dataset. The analysis was conducted by varying
the confidence levels to 50%, 70%, 90%, and 95%. For
each confidence level, the distances between the predictions
and the bounds were calculated, and the amount of actual
data included in the prediction interval (between the lower
and upper bounds) was counted.

Fig. 7 shows the average difference between the
predictions and the bounds, as well as the proportion of
actual data situated within the prediction interval according
to the confidence level. As the confidence level increased,
the average distance to the bounds also increased.
Consequently, the proportion of actual data encompassed
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Fig. 7 Analysis results of the conformal prediction
method with XGB

within the prediction interval also increased. At a 95%
confidence level, despite the average distances to the
bounds remaining within 0.006, a remarkable 98.42% of the
actual data was included in the prediction interval,
signifying the reliability of the developed XGB model.

Fig. 8 displays the predicted results at a 95% confidence
level for the steel ring case (note that the prediction
intervals for the concrete ring case were exceptionally
narrow). In Fig. 8, the symbols denote the actual data
points, the solid lines represent the XGB predictions, and
the shades indicate the prediction intervals. While the XGB
model generally predicted the adfreezing behavior with
narrow prediction intervals, relatively broader prediction
intervals were evident toward the end, where slip failure
occurred after reaching the maximum adfreezing stress. The
model's uncertainty increased in this region due to the
limited data available after the test ceased upon slip failure,
leading to the expansion of the prediction interval. No doubt
that the prediction interval would have narrowed if there
had been sufficient data available after slip failure.

4.3 Feature influence analysis

To analyze the effect of experimental factors on
adfreezing behavior prediction, this study adopted the
SHapley Additive exPlanations (SHAP) approach
(Lundberg and Lee 2017), which is based on the concept of
Shapley values (Shapley 1953) from cooperative game
theory. SHAP provides importance scores for each feature
and calculates the impact of each predictor on the
prediction. The fundamental idea behind SHAP is to use a
linear explanation model for predicting the original trained
model with an additive feature attribution method. By
denoting the original trained model as f(x), the linear
explanation model g(z") can be described by Eq. (15).

9(z) = po + XL, iz’ (15)

where z' is a simplified local input, ¢, is the baseline of the
model, M is the number of input features, and ¢; is the
SHAP value corresponding to the i-th feature.
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Fig. 8 Adfreezing stress—displacement curves with a steel ring structure

In this study, the TreeSHAP algorithm was employed to
reduce computational costs, which is a variant of SHAP
proposed by Lundberg et al. (2018) specially designed for
tree-based ML models. The SHAP values for the i-th
feature are computed as follows
Is(M]—|S|-1)! [

[M|!

f(8) = E[f (x)]xs] (a7

where N is the set of all input features, S is a subset of the
features, and E[f(x)|x,] is the expected value of the
original model with the features in set S.

In Fig. 9, the left chart displays the average of the
absolute SHAP values for global feature importance, while
the right side presents the SHAP values according to the
feature values to estimate the effect of each predictor on the
output. The analysis indicates that the top three features
(unfrozen water content, displacement, and initial water
content) have a significant effect on the output, compared to
the bottom four features (concrete, Dso, temperature, and
steel), as shown in Fig. 9. The feature of the steel ring did
not affect the output.

i = Xsem(i S Ui - )] (16)

In contrast, the right side of Fig. 9 illustrates that, for the
unfrozen-water content and concrete, the SHAP values
decreased with higher feature values, indicating a negative
correlation with adfreezing stress prediction. Conversely,
for Dso, the SHAP values increased with higher feature
values, suggesting a positive correlation. For the
displacement and initial water content, high feature values
were located in the middle of each SHAP value distribution.
The temperature did not exhibit a clear correlation with the
predicted output. Although the experimental results showed
that each feature affected adfreezing behavior (referring to
Section 2.1), the SHAP analysis results may not fully align
with the actual mechanism driving the influence of several
factors. This discrepancy arises because the SHAP results
for each feature are calculated solely based on the given
data values.

4.4 Generalization performance

A parametric study was conducted under unseen
hypothetical conditions to assess the generalization
performance of the XGB model. Fig. 10 shows the
adfreezing strengths obtained from the predicted adfreezing
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Fig. 9 TreeSHAP analysis results

stress—displacement curves under various conditions,
alongside the experimental results (from Fig. 2). In the case
of the steel ring, the adfreezing strengths were predicted for
different freezing temperatures at a constant initial water
content (i.e., 16% for soil 1 and soil 2 and 64% for soil 3).
In the case of the concrete ring, the adfreezing strengths
were predicted for varying initial water contents at a
constant freezing temperature of —15°C.

The steel ring showed that the XGB model provided
reasonable predictions for the adfreezing strengths between
within the temperature range of —5 and —15°C, as illustrated
in Fig. 10(a), suggesting its potential for interpolation.
However, at temperatures below —15°C, the XGB model
failed to deliver satisfactory interpolation performance due
to the exponential changes in the unfrozen water content,
which had the most significant impact on the model's
predictions. These changes were related to the semi-
empirical method used to calculate unfrozen water content
in this study. As shown in Fig. 3, the unfrozen water content
exhibited significant variations corresponding to
temperature changes within the higher temperature range,
which the XGB model effectively captured. However, in the
low temperature range, the unfrozen water content varied
slightly with temperature changes, resulting in reduced
model performance. It's worth noting that extrapolation
beyond the temperature range covered by the trained data
(i.e., temperatures above —5°C and below —25°C) was also
unfeasible.

The generalization performance of the XGB model was
less effective for the concrete ring when compared to the
steel ring. As illustrated in Fig. 10(b), when utilizing the
unseen initial water content as the input parameter, the
XGB model struggled to generate acceptable interpolated
and extrapolated values. This suggests that while the initial
water content was the feature with the third-highest
influence on the prediction, its influence was insufficient to
enable effective interpolation or extrapolation.

If the XGB model was trained using more experimental
datasets conducted under various conditions, the influence
of the input features on the adfreezing stress prediction
would differ. This could potentially enhance the model's
ability to perform both interpolation and extrapolation.
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Fig. 10 Experimented and predicted adfreezing strengths

5. Discussion

While the XGB model developed in this study exhibited
excellent performance, it’s important to acknowledge that
machine learning approaches—data-driven methods that
rely solely on training data without incorporating prior
scientific knowledge—come with inherent limitations.
These limitations include the potential for producing
incorrect or misleading predictions if the training data is
biased, sparse, or outdated. This study assessed how the
performance of the XGB model was affected by the
imbalance in data quantity between the concrete ring and
the steel ring. Notably, prediction uncertainty significantly
increased in regions with sparse data, particularly near the
slip failure. The SHAP analysis results may not be
consistent with prior information until the XGB model is
further trained with experimental data obtained under a
wider array of conditions, ideally leading to larger and more
comprehensive databases. Furthermore, while the XGB
model was capable of providing reasonable predictions
within the range of the trained data (permitting limited
interpolation), it produced less reliable values outside this
established range.

Although a post-hoc analysis provides valuable insights
into prediction results, it can only offer a retrospective view
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and cannot guarantee that a model will generalize well with
new data. In this study, the prediction interval played a
crucial role in enhancing prediction robustness by providing
a reliable prediction range. The SHAP analysis helped
understand why the XGB model made specific predictions
and quantified the influence of various factors. However,
when prediction uncertainty becomes exceedingly high for
certain reasons, the prediction interval may not provide
useful information. In addition, it’s essential to
acknowledge that SHAP values are calculated based on the
provided dataset and may not fully account for prior
information.

Recent research has explored a new paradigm that
combines machine learning (ML) approaches with prior
scientific knowledge, aiming to overcome the inherent
limitations of typical ML methods (Raissi et al. 2019, Rai
and Sahu 2020, Zhang et al. 2022). These hybrid ML
models, enriched with prior information, exhibit enhanced
robustness to changes in data distribution and offer more
interpretable results. Moreover, the use of prior knowledge
can alleviate the need for extensive training datasets,
making ML approaches applicable to smaller and
imbalanced datasets. Therefore, there is a growing need for
further research to actively implement hybrid ML
approaches, improving both model performance and
interpretability.

6. Conclusions

This study investigated the use of machine learning
(ML) models to enhance the applicability of the punch
shear test in evaluating adfreezing behavior at frozen soil-
structure interfaces under zero confinement conditions.
Using a dataset of 24 experimental cases, predictive models
were developed and validated with various ML algorithms,
followed by post-hoc analyses to improve their reliability
and interpretability. The key findings and conclusions of
this study are summarized as follows:

e Optimal hyperparameter sets were effectively determined
through Bayesian optimization and five-fold cross-
validation approach. Model performance was assessed
using three regression metrics: RMSE, MAE, and R2. The
models' prediction performance ranked in the following
order: XGB > RF > FNN > SVR. Notably, the XGB model
outperformed the others, achieving an RMSE of 0.0037,
MAE of 0.0015, and R? of 0.9999.

e The predictive performance of the ML model was
affected by both the complexity of the model structure and
the quantity of training data. Ensemble models (RF and
XGB), known for their high structural complexity,
demonstrated superior prediction performance to individual
models (SVR and FNN), which shows a trade-off
relationship between prediction accuracy and model
complexity. Additionally, the ensemble models displayed
greater prediction accuracy when applied to the concrete
ring, which had a larger dataset, as opposed to the steel ring
case.

e The reliability and interpretability of the XGB model
were enhanced by quantifying prediction uncertainty and

assessing the influence of input features through post-hoc
techniques such as prediction intervals and SHAP value
analysis. However, these post-hoc techniques provide a
retrospective perspective on prediction results and do not
guarantee strong generalization performance when applied
to new data.

e It is necessary to discuss the inherent limitations of the
ML models and a potential solution such as hybrid ML
models. The hybrid model combines prior information with
the ML approach, offering a means to address the
shortcomings of data-driven modeling.
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