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ABSTRACT

Predicting ground settlement during the improvement of soft ground and the construction of a structure is an crucial factor.
Numerous studies have been conducted, and many prediction equations have been proposed to estimate settlement.
Settlement can be calculated using the compression index of clay. In this study, data on water content, void ratio, liquid
limit, plastic limit, and compression index from the Busan New Port area were collected to construct a dataset. Correlation
analysis was conducted among the collected data. Machine learning algorithms, including Random Forest, Neural Network,
Linear Regression, Ada Boost, and Gradient Boosting, were applied using the Orange mining program to propose compression
index prediction models. The models' results were evaluated by comparing RMSE and MAPE values, which indicate error
rates, and R? values, which signify the models' significance. As a result, water content showed the highest correlation, while
the plastic limit showed a somewhat lower correlation than other characteristics. Among the compared models, the AdaBoost
model demonstrated the best performance. As a result of comparing each model, the AdaBoost model had the lowest error
rate and a large coefficient of determination.
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Table 1. Regional data range and mean value
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Fig. 1. Results of regression analysis of water content and
compression index
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Fig. 3. Result of regression analysis of liquid limit and
compression index
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Fig. 2. Results of regression analysis of void ratio and
compression index
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Fig. 4. Result of regression analysis of plastic limit and
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Table 2. Physical properties and compression index regression results

Category Correlation Coefficient R2

Water Cotent 0.9049 0.8189

Void Ratio 0.8951 0.8012

Liquid Limit 0.4844

Plastic Limit 0.4542 02063
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Table 3. Machine learning application results by model

Physical properties Model RMSE MAPE Re
RF 0.034 0.051 0.962
NN 0.065 0.099 0.857
Water Content LR 0.073 011 0819
AdaBoost 0.018 0.016 0.9
GBS 0.023 0.035 0.982
RF 0.04 0.059 0.947
NN 0.069 0.105 0838
Void Ratio LR 0.077 0115 0.801
AdaBoost 0.018 0.017 0.989
GBS 0.025 0.039 098
RF 0.051 0.06 0912
NN 018 0131 0543
Liquid Limit LR 0124 0131 0.484
AdaBoost 0.025 0.025 0979
GBS 0.024 0.036 0.981
RF 0.074 0.09 0814
NN 0.151 0172 0.228
Plastic Limit LR 0153 0176 0.206
AdaBoost 0.025 0.022 0.98
GBS 0.035 0.054 0.959
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