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ABSTRACT

California Bearing Ratio (CBR) is used to assess bearing capacity, deformation characteristics of roadbed soil,
and base layer material in pavement structure. In general, CBR is often determined by laboratory or in-situ tests.
However, it is time- and cost-consuming to conduct this experiment because this test requires cumbersome equipment
such as a compressor. In this study, two Artificial Intelligence models are developed, including a simple model
(Decision Tree Regression, DT) and a hybrid model (AdaBoost - Decision Tree, AB-DT). Using 214 data samples
from Van Don - Mong Cai expressway, Vietnam, 10 input variables of the model were considered namely particle
composition (content of gravel (X;), coarse sand (X,), fine sand (X3), silt clay (X,), organic (Xs)), Atterberg limits
(Liquid limit (Xg), Plastic limit (X;), Plastic index (Xg)), and compaction curve (optimum water content (Xo) and
maximum dry density (Xp)). The developed models were evaluated by using a variety of statistical indicators,
including coefficient of determination (R?), Root mean square error (RMSE), and Mean absolute error (MAE). The
results show that AB-DT model has higher accuracy than the DT model. Moreover, the SHAP value analysis shows
that the variable X, influences the CBR value the most. Thus, it implies that applying the AB-DT model to

effectively predict the CBR of the roadbed soil saves time and money for experiments.

Keywords: California Bearing Ratio, AdaBoost, Decision Tree, Artificial Intelligence, Quang Ninh.

1. Introduction the strength and elastic modulus of the
foundation, thereby designing the pavement
thickness. The CBR test was carried out on a
specimen compacted at the optimum moisture
content corresponding to the specified
compaction method (Ariema et al., 1990;
Schaefer et al., 2008). Experiments can be
carried out on natural soil in non-immersion
and immersion conditions. A soil's CBR value
is influenced by several factors, such as

Evaluating soil mechanical parameters is
necessary in highway construction (Atkins,
1997). The bearing capacity of the road
foundation is usually assessed according to
the CBR. It is the ratio (in percent) between
the compressive pressure (caused by the
compressor) on the test specimen and the
compression pressure on the standard

specimen corresponding to the exact specified . . . .
particle size, plastic index, water content, void

pene.t rat19n depth (Brown, 1996). The C]_BR ratio, and specific gravity (Hight et al., 1982;
test is widely used in the world to determine Ampadu, 2007; Mishra et al, 2010)

Determining CBR in the laboratory or situ is a
*Corresponding author, Email: huongntt@utt.edu.vn time—consurning process that frequently yields
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misleading readings due to sample distortion,
testing irresponsibility, and inaccuracy
equipment. Moreover, the process requires
time, cost, and effort (Alam et al.,, 2020;
Khasawneh et al.,, 2022). Therefore, a
convenient, fast, and reliable CBR prediction
is necessary.

Over the last decade, many scholars have
used statistical methods and proposed simple
and multiple regressions to estimate CBR
values. (Rehman et al., 2017; Gonzalez Farias
et al., 2018; Katte et al., 2019; Haupt et al.,
2021). Black (1962) predicted CBR from the
Plastic and Liquid Index. Johnson and Bhatia
(1969) proposed a regression for CBR
estimating relied on particle size distribution
and plasticity data. Agarwal and Ghanekar
(1970) suggested an equation related to CBR
and the Atterberg Limit. The CBR estimation
gained from statistical approaches has limited
generalizability and can only be potentially
applicable to local datasets. This is partially
because of the small size of the original
dataset used for predictive models, the
data specificity, the nonlinearity relationship,
and the complexity associated with
identifying soil characteristics, data
dispersion, and particle soil composition.
(Black, 1962; 1962).

Machine learning (ML) development for
solving real-world problems is receiving
global attention in many fields. (Pham et al.,
2016; Bui et al., 2022; Hadzima-Nyarko et al.,
2022). They have recently been able to deal
comprehensively with high nonlinearity and
complex problems. (Thanh et al., 2020; Pham
et al., 2021; Thai et al., 2022). This is also an
effective solution for predicting CBR, as
concluded by researchers.
(Venkatasubramanian et al., 2011; Quan et al.,
2021; Raja et al., 2022). However, the results
of the above studies also show the prediction
accuracy paradox. The R? value strongly

several
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depends on the dataset size; it was reported
that the larger dataset gives a smaller R* value
and vice versa. The larger dataset is more
representative and, therefore, expected to be
more reliable. It was reported that the hybrid
model is often used to improve the prediction
accuracy of a small dataset (Kamrul Alam et
al., 2024; Ho et al., 2022). Because, in the
hybrid model, the optimization algorithm is
used to adjust of the based model. Thus,
hybrid models were proposed to address these
shortcomings in the case of the small dataset.
ELM-ANSI (Bardhan et al., 2021), ANN-
LMBP (Onyelowe et al., 2023), BP-CG (Raja
et al.,, 2021) in estimating CBR wvalue, it
achieved relatively high accuracy (R® higher
than 0.8). However, in these studies, the
influence of input parameters on CBR has not
been evaluated. Therefore, developing and
applying new, more powerful ML algorithms
for enhancing the accuracy of CBR prediction
is essential.

The study develop
computational models (regression decision

aims to single
trees) and a hybrid model based on a boosting
algorithm (AdaBoost - Decision Tree) to
predict CBR. These effective and popular
models are successfully applied to many
practical problems. (Rétsch et al., 2001; Tso et
al., 2007; Chengsheng et al., 2017; Pekel,
2020; Rakhra et al., 2021). This study used a
dataset of 214 samples based on 10 input
variables related to particle composition,
Atterberg limits, and compaction curves. The
model accuracy was evaluated by a variety of
performance indicators such as Root Mean
Square Error (RMSE), Mean Absolute Error
(MAE), and correlation coefficient (R?).
Moreover, the input influence on output
parameters is evaluated based on the Shapley
Additive explanation (SHAP) value.
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2. Data and Method
2.1. Data used

A database was built by using soil testing
results obtained at the Van Don - Mong Cai
freeway in Quang Ninh province, Vietnam.
The route has 4 lanes with a 120 km/h design
speed. The route is more than 80 km long,
going through many areas with different
complex geology, soil type, and status.

The database's reliability greatly influences
the predictability of the developed ML model.
Trustable data mightinclude significant
statistical ~ representative  samples  and
ensure the data distribution complies with the
basic principles of static (Maulud et al., 2020).
214 soil specimens taken at the study site
were prepared for testing during construction.
Particle size, liquid limit, organic content,
compaction curve, and CBR
conducted.

A previous study surveyed the effect of the
ratio between training/testing datasets on the
performance of the prediction of the machine
learning method. It was indicated that a ratio
of 70/30 gave a better prediction accuracy.
(Nguyen et al., 2021). Therefore, the
database in this study is split into two groups
based on uniform distribution, including the
training and testing set. The first 70 % trains
the DT and AB-DT models, while the second
30 % evaluates predictive accuracy (Nguyen
etal., 2021).

2.1.1. CBR (outputs)

tests were

CBR relates the bearing capacity of a
laboratory or field compacted soil material to
the standard crushed stone. CBR test was first
introduced and guided by the ASTM and the
AASHTO to assess the loading capacity of the
roadbed and base or subbase of pavement
structure (Atkins, 1997). Specimen humidity
and testing load can be varied according to the

requirements of each project and standard
specification. In this study, CBR tests were
performed according to the guidelines of
ASTM D1883. The CBR test was performed
with a sample saturated with water after 4
immersion days. The compressive loads to
produce penetrations of 1 inch and 2 inches
are measured. The CBR is then determined by
dividing the actual experiment result by the
reference based on standard crushed-stone
results. Different minimum CBR requirements
depend on the road grade (Ariema et al., 1990;
Atkins, 1997).

2.1.2. Affecting factors (inputs)

Various parameters influence soil CBR,
such as size of particles, soil structure,
plastic index, water content, and specific
gravity (Ampadu, 2007; Katte et al., 2019;
Quan et al., 2021). Samples were fabricated at
in situ humidity and dry density, respectively.
While the in-situ specific gravity of soils can
be predicted relatively accurately, estimating
the in-situ water content could be difficult.
When water content rises and saturation
increases, CBR is significantly reduced on
optimal moisture (Abdulnabi et al., 2020).
The particle content and distribution make the
skeleton of the soil structure (Rehman et al.,
2017; Alam et al., 2020; Onyelowe et al.,
2023). Therefore, it is closely related to the
soil's properties, condition and bearing
capacity. In this study, 10 input variables
include particle composition (content of
gravel (X;), coarse sand (X3), fine sand (X3),
silt clay (X4), organic (Xs)), Atterberg limit
(Liquid limit (X¢), Plastic limit (X5), Plastic
index (Xs)), and compaction curve (optimum
water content (Xy), maximum dry density
(X10)) was used. These parameters are detailed
by statistical analysis in Table 1. In addition,
the frequency distribution graph of each input
and output is shown in Fig. 1.
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Figure 1. Input statistical analysis in this study
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Table 1. Analysis parameters in this study

Parameter Ab | count mean std min 25% 50% 75% max
Gravel content X4 214 28.32 13.29 0.10 18.28 27.50 37.85 60.82
Coarse sand content X5 214 18.17 8.82 1.90 10.65 16.75 24.28 39.60
Fine sand content X5 214 9.04 6.47 2.50 4.60 7.25 11.00 41.50
Silt-clay content X4 214 44.81 10.45 17.87 | 37.75 44.55 49.20 88.70
Organic content X5 214 1.51 0.37 0.12 1.25 1.51 1.77 2.94
Liquid limit X 214 39.52 6.17 2.08 36.64 39.99 | 43.51 48.45
Plastic limit X5 214 20.32 3.07 1.17 19.29 | 20.84 21.89 28.49
Plastic index X3 214 19.20 4.08 0.91 16.83 18.44 | 22.32 27.48
Optimum water content X9 214 14.01 2.62 9.30 12.19 14.28 15.40 21.50
Maximum dry density X10 214 1.88 0.12 1.67 1.82 1.87 1.96 2.14
CBR Y 214 11.80 8.18 3.09 6.47 7.95 15.25 41.26

Table 2 describes the correlation between
those inputs (from X; to Xj) and output (Y).
The Pearson correlation coefficient was
calculated and noted in each pair of parameters.
It can be seen that Y does not have a solid direct
correlation with other input parameters.

a specific influence on the output. As a result,
why are all the variables linearly independent of
the output? It can be concluded that the
variables taken in this study are all independent
and are used to build a correlation with Y

Besides, there are ten input variables, each with  (dependent variable).
Table 2. Input correlation analysis in this study
Parameter X1 X2 X3 X4 X5 X6 X7 X8 X9 X10 Y
X1 1.00 -0.29 | -0.54 | -0.67 | -0.14 0.15 -0.05 0.27 -0.27 0.51 0.17
X2 -0.29 1.00 -0.18 | -0.36 | -0.14 | -0.07 0.14 -0.21 | -0.25 0.18 0.03
X3 -0.54 | -0.18 1.00 0.22 0.11 0.12 0.21 0.03 0.16 -0.29 | -0.24
X4 -0.67 | -0.36 0.22 1.00 0.23 -0.23 | -0.19 | -0.21 0.43 -0.59 | -0.06
X5 -0.14 | -0.14 0.11 0.23 1.00 0.07 0.03 0.08 0.11 -0.19 | -0.26
X6 0.15 -0.07 0.12 -0.23 0.07 1.00 0.82 0.90 0.39 -0.23 | -0.37
X7 -0.05 0.14 0.21 -0.19 0.03 0.82 1.00 0.48 0.37 -0.19 | -0.19
X8 0.27 -0.21 0.03 -0.21 0.08 0.90 0.48 1.00 0.31 -0.20 | -0.42
X9 -0.27 | -0.25 0.16 0.43 0.11 0.39 0.37 0.31 1.00 -0.77 | -0.16
X10 0.51 0.18 -0.29 | -0.59 | -0.19 | -0.23 | -0.19 | -0.20 | -0.77 1.00 0.25
Y 0.17 0.03 -0.24 | -0.06 | -0.26 | -0.37 | -0.19 | -0.42 | -0.16 0.25 1.00

2.2. Methods used

2.2.1. Decision Tree (DT)

DT is an essential and standard ML
algorithm for predictive modeling. A DT is a
supervised learning algorithm classifies
problems (Myles et al., 2004). The algorithm
can be wused for both categorical and
continuous variables. DT is divided into two
types: regression tree and classification tree
(Quinlan, 1996). In this study, a regression
decision tree model is used.

A DT relies on a sequence of rules to
predict the class of an object (Czajkowski et

al., 2016). Each internal node of the DT
denotes an attribute. Connecting the node to
its children indicates an individual value for

that attribute. Each node in the leaf
symbolizes the categorical attribute's
predicted value. By calculating the

information gain (IG), the DT learns to predict
the value of categorical attributes by relying
on the training data set to select the root node
to split the tree. This process is repeated
recursively until no further tree splitting can
be performed (Xu et al., 2005).

The training data for a DT is a set formed

data: (x, y) = (X1, X2, ..., X, y) where: y is
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called a categorical attribute (also known as a
target or dependent variable), and x, X, ..., X;
is an independent attribute (Myles et al,

2004).
2.2.2. AdaBoost - Decision Tree (AB-DT)

AdaBoost, a boosting algorithm, trains
new models based on re-weighting existing
data points to help new models focus more on
data samples being mis-learned, thereby
reducing the loss of the model (Schapire,
2013a). First, initialize the initial weight to be
equal (equal to 1/ N) for each data point. At
the i" iteration, a new model w; (weak learner)
training is added, and the loss (error) value is
calculated. Thereby, the confidence score c¢; of
the newly trained model is determined. Then,
the primary model W' =W + ¢;*w; is updated.
Finally, the data points (Incorrectly guessed
data points increase the weights, correctly
guessed data points decrease the weights) are
re-weighted. The loop is done by adding the
next model, i+1 (Domingo et al., 2000).

AdaBoost - Decision Tree is a hybrid
model with the idea that instead of trying to
build a single model (DT model or AdaBoost
model), they are combined correctly into an
even better model (Solomatine et al., 2004).

2.2.3. SHAP

SHAP is an abbreviation of Shapley's
additive explanation, a method of calculating
the effect of an attribute (a feature) on the
meaning of a target object (Futagami et al.,
2021). The concept is that each feature is
considered an individual player, and the
dataset is considered a team. Every participant
contributes differently to the overall success
of the team. This solution distributes profits
and costs equitably to many players in game
theory (Mokhtari et al., 2019). In the ML
model, the SHAP value is the mean of the
expected marginal contribution of each input
variable to the output variable after
considering all possible combinations (Mishra
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et al, 2010). As a result, SHAP uses
combinatorial calculations to determine the
effect of each attribute on the target
object before retraining the model on all
possible feature combinations. The mean
initial value of a feature's impact on a target
object may be employedto assess its
significance (Wang et al., 2022).

2.2.4. Validation indicators

Some statistical indicators, including R?
RMSE, and MAE, were employed in the
study to verify the results obtained by the
generated ML model. R* is the square of the
correlation coefficient (R) between the
anticipated and actual outcomes, ranging
between 0 and 1. A high value of R* suggests
that the anticipated and actual values are well
correlated (Granger et al., 1974). The RMSE
is a standard error indicator squared of the
mean difference between the
developed model's anticipated and actual
output, whereas the MAE calculates the mean
error between them. In contrast to R?, lower
RMSE and MAE values indicate higher
accuracy ML  algorithm  performance
(Willmott et al.,, 2005). To wverify the
prediction models, all of the criteria must be
met. The formulas to determine these criteria
were given in previous publications (Peng et
al., 2002; Hair et al., 2012; Barrett, 2007)

3. Result and discussion

The performance of both models (DT and
AB-DT) is also assessed by statistical
indicators such as R?>, RMSE, and MAE. A
comparison of the statistical analysis results
for the training and test process is presented in
Table 3. The R values of AB-DT are higher
than those of the DT model for both training
and testing parts. Besides, the values of
RMSE and MAE of the AB-DT model are
smaller than those of the DT for both training
and testing parts. These results indicate that
the hybrid model (AB-DT) performs better
than the single model (DT). This result is
similar to some studies worldwide (Abnoosian
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et al, 2023). The AdaBoost algorithm
combined with DT has dramatically improved
the performance of the DT model in some
other problems, as indicated in the previous
studies (Schapire, 2013b; Hastie et al., 2009).
Thus, applying the AB-DT to predict the CBR
of the roadbed soil is practical and feasible.

Table 3. Comparison of the models' performance
results

No I Model ; I Training I Testing
R

1 T 0.851 0.810

2 |AB-DT 0.967 0.934
MAE

1 DT 2.175 2.346

2 |AB-DT 1.250 1.423
RMSE

1 DT 3.161 3.411

2 |AB-DT 1.561 1.739

In the training process, hyperparameters
are selected before parameter determination
and they are instrumental in finding optimal
parameter combinations through Grid Search
as shown in Table 4.

Table 4. Hyper-parameters of DT and AB-DT
using Grid Search

No Hyper-parameters Models
yperp DT  |AB-DT
1 max_depth 4 4
2 learning_rate 0.2 0.2
3 n_estimators 400 400

Typical AB-DT model results are chosen
using the criterion (R?), which is slightly
stricter regarding the model's predictive
ability. Figure 2a and 2b show the regression
analysis for the training and testing dataset,
respectively. Each figure's blue and red
diagonals represent the regression lines
corresponding to the training and testing
datasets. The linear regression lines seem near
the data points, confirming the strong
correlation between the estimated and actual
CBR ratio. The predictors are calculated and
expressed for each case: R* = 0.967 for
training data and R* = 0.934 for testing data.

The results of R” in this study are similar to
those obtained in the previous study (Trong et
al., 2021).

The RMSE plot of the AB-DT model was
plotted in Figure 2a and 2b (for training and
testing sets, respectively). The errors for the
training and test data sets are generally minor.
Furthermore, the percentage of observation
error in a scope can be done effectively using
the cumulative distribution (in red). For
instance, for the training data set, the sample
rate has an error in the range of [-2; 2] is
about 80%. Additionally, for the testing data
set, an 80% error between the experimental
predicted values in range of [-2; 2] is
estimated. The small error percentages in both
datasets (RMSE = 1.904 and RMSE = 1.250,
respectively) show that the AB-DT model is
an excellent choice for rapidly estimating the
CBR of soil. Besides, it can be observed that
there are two best-fit lines between predicted
and actual values for both training and testing
parts.

Moreover, the SHAP value method
automatically reflects the expected feature
contributions. In addition, the impacts of each
attribute (input parameter) acting on the
prediction are separated into 2 portions: the
valuable effect of the attribute itself and its
common combined effect and other attributes.
Figure 3 depicts the rankings of the attribute
influence and the overall impact, as well as
the individual attribute impact to the total
impact ratio. The provided SHAP value is
illustrated by a dot per attribute row for each
sample. The SHAP value of each attribute
determines the x dot's arrangement, and the
dots match up across each attribute row to
show the frequency. Color serves as a way to
display the attribute's original value. The
overview bar chart shows overall attribute
importance since the mean absolute SHAP
value for all attributes across all models
reflects it. The results show that the variables
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X0 (Maximum dry density) have the most
influence, and (Xs) Organic content has the
most negligible influence on CBR. This is
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also consistent with the results found in some
previous studies (Patel et al., 2010; Bharath et
al., 2021; Lakshmi et al., 2021).
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Figure 2. RMSE, R? values with (a) training, (b) testing data

4. Conclusions

This study used two ML models, including
a simple model (DT) and a hybrid model (AB-
DT), to predict the CBR value of roadbed soil.
A collected dataset, including 214 CBR test
results of roadbed soil of the Van Don - Mong
Cai expressway project with 10 input
variables, has been used to build models. The
results show that the hybrid model (AB-DT)
has outstanding reliability compared to the
single model (DT) based on the statistical
probability assessments. Furthermore, the
results of the proposed AB-DT model can
effectively and accurately predict CBR values.
In addition, it is also possible to quantify the
influence of each parameter on CBR through
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SHAP value. Maximum dry density is the
most essential attribute affecting soil's CBR
value. The findings of this study can fill the
knowledge gap regarding the prediction of
CBR value using the machine learning
approach. Furthermore, the result of this study
is beneficial for practical application,
particularly for engineers in pavement
structure design and roadbed quality control.
Besides, this study contains some
limitations, which should be investigated in
future studies. First, this study only used two
models: a single model (DT) and a hybrid
model (AB-DT). Further studies using
different modern and advanced models

(including single and hybrid models) should
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be done to verify the results obtained in this  confirm the findings of this study. Finally, to
study. Second, the number of databases in reduce the overfitting problem, cross-
this study is limited, so it is necessary to validation using K-fold should be conducted
carry out this study with a larger database to  in future research.
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Figure 3. Importance of variables by SHAP: (a) Impact on model output,
(b) Average impact on model output magnitude
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