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Abbreviations

DCM	� Deep Cement Mixed.

Cuc	� Undrained shear strength of the column.

Cus	� Undrained shear strength of the soil.

qu	� Ultimate bearing capacity.

L	� Length of the column.

D	� Diameter of the column.

A.I	� Area improvement ratio.

1  Introduction

Deep Cement Mixing (DCM) columns are highly e൵ective in 
improving the bearing capacity of embankments founded on soft 

soils. By creating a grid of strong, cemented columns within the 

weak ground, DCM columns signi¿cantly increase the overall 
shear strength of the foundation [1–6]. This reinforced soil mass 

provides a signi¿cantly more robust platform capable of support-
ing the substantial vertical stresses imposed by the embankment 

load, e൵ectively preventing bearing capacity failure beneath the 
structure [7–9]. DCM columns can be installed in various pat-

terns to optimise ground improvement for speci¿c embankment 
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Abstract

This study introduces a machine learning (ML) approach to predict the required undrained shear strength of Deep Cement Mixed 

(DCM) (Cuc) columns used in pavement foundations. It presents a data-driven design method as an alternative to traditional 

techniques for estimating DCM column strength, marking a shift in geotechnical design practices. For this, two experimental 

datasets from laboratory investigations of soft soil improvement were combined to create a training database. To overcome 

limited experimental data, SMOTE-like interpolation methods were used to expand the database while maintaining geotechnical 

accuracy. Using the Pycaret library, a thorough analysis of di൵erent regression algorithms identi¿ed four top models: Gradient 

Boosting Regression (gbr), AdaBoost (ada), Random Forest (rf), and Extra Trees (et), with gbr showing the best performance 

(R² = 0.965, MSE = 6.21 kPa). A sensitivity analysis of the models showed that ultimate bearing capacity (qu) was consistently 

the most inÀuential parameter (41–53%), followed by the undrained shear strength of the surrounding soil (Cus) at 18–31%. This 
suggests that enhancing soil strength before installing DCM may be more e൵ective than simply increasing the area improve-

ment ratio or column size. The model was packaged into a deployable pipeline to allow practical use by engineers, bridging the 

gap between advanced computational modelling and real-world geotechnical design of DCM-enhanced pavement foundations.

Keywords  Deep cement mixed columns · Gradient boosting regression · Machine learning · Pavement foundation 

design · Undrained shear strength
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loading conditions. Single columns may be employed strategi-

cally under localised high-stress areas, while group patterns are 

more common for widespread improvement beneath embank-

ments. These group arrangements can include linear walls to 

resist lateral spreading, grid patterns (such as square or triangular 

layouts) to provide uniform bearing support and distribute verti-

cal loads e൵ectively, or block patterns that create a large, solid 
mass for maximum sti൵ness and bearing capacity enhancement 
under the entire embankment footprint. The choice of pattern 

directly inÀuences the load transfer mechanism and the overall 
shear resistance provided by the improved ground [10, 11].

DCM columns can be designed to function in two primary 

conditions based on their interaction with the underlying soil 

layers: end-bearing and Àoating. End-bearing columns extend 
through the soft soil to rest on a ¿rm, underlying stratum, directly 
transferring embankment loads to this competent layer. In con-

trast, Àoating columns terminate within the soft soil deposit 
itself, deriving their capacity from the shear resistance mobilised 

along their shafts and the improved strength of the composite 

soil-column mass. Particularly in scenarios involving deep soft 

soil deposits beneath embankments, where reaching a ¿rm 
layer is impractical or uneconomical, DCM columns are often 

designed as Àoating elements [12]. This Àoating con¿guration 
proves particularly useful for supporting road infrastructure and 

embankments over soft ground, leading to its widespread adop-

tion in numerous geotechnical projects worldwide [13, 14].

Besides the DCM columns, stone columns represent another 

widely adopted ground improvement technique with comparable 

applications in geotechnical engineering. Both methods create 

a composite foundation system in which vertical loads are par-

tially transferred through columnar elements, enhancing bearing 

capacity and reducing settlement in weak soils [15]. However, 

while stone columns utilise compacted granular aggregate, DCM 

columns incorporate cement binders mixed with in-situ soil to 

develop semi-rigid elements with signi¿cantly higher cohesive 
strength [16]. This fundamental material di൵erence inÀuences 
their performance characteristics. DCM columns typically dem-

onstrate superior e൵ectiveness in reducing ¿nal settlements. In 
contrast, stone columns enhance consolidation rates because 

of their high permeability, leading to greater settlements during 

construction while minimising settlements after construction. 

The environmental impact also di൵ers substantially between 
these techniques, with stone columns generally having a smaller 

carbon footprint compared to the cement-intensive DCM pro-

cess. Nevertheless, DCM technology bene¿ts from extensive 
implementation knowledge and documented success across 

numerous geotechnical applications [17]. The selection between 

these methods ultimately depends on project-speci¿c priorities, 
including settlement tolerance, construction timeline constraints, 

environmental considerations, and soil conditions, with factors 

such as permeability and preconsolidation pressure (reÀected 
in OCR values) being particularly inÀuential on performance 

outcomes. Both techniques continue to serve complementary 

roles in geotechnical practice, o൵ering engineers Àexible options 
for addressing challenging ground conditions [17].

For embankments supported by Àoating DCM columns, the 
resulting increase in bearing capacity is signi¿cantly inÀuenced 
by several interacting parameters. The inherent shear strength of 

the surrounding soft soil dictates its ability to support the col-

umns and contribute to the overall system stability. A critical 

design parameter is the area improvement ratio (often denoted 

as a or Ar), representing the proportion of the plan area occupied 

by the columns relative to the total treated area; a higher ratio 

generally yields a greater capacity enhancement. Additionally, 

the load-bearing capacity of individual columns, as well as their 

role in enhancing the composite ground strength against bearing 

failure, is directly inÀuenced by the shear strength properties of 
the column material, which are de¿ned by its cohesion, friction 
angle, or undrained shear strength [18, 19].

Conventional binders employed in DCM techniques typically 

consist of Ordinary Portland Cement (OPC) Type B blast fur-

nace slag cement. Nevertheless, specialised cementitious binders 

are sometimes used, primarily due to their economic viability, 

operational Àexibility, and inherent robustness. For instance, 
achieving delayed stabilisation or enhanced long-term strength 

often involves strategically modifying binder compositions 

through the controlled addition or proportioning of supplemen-

tary materials, such as lime [20, 21], Ày ash [22, 23], and gypsum 

[24], alongside the primary cementitious binder. Such binders 

are characterised by comparatively modest initial strength devel-

opment, followed by signi¿cant strength enhancement over pro-

tracted timeframes [18]. Moreover, the amount of cement plays 

a crucial role in the development of strength in the treated soil 

composite. Typically, a higher cement content leads to improved 

column strength; however, this e൵ect is limited beyond a speci¿c 
threshold. Empirical observations suggest that beyond a cement 

content of approximately 25%, further additions yield only mini-
mal increases in strength development [19, 25].

It is essential to recognise that the geotechnical character-

istics of the native soil signi¿cantly inÀuence the e൵ective-

ness of the stabilisation process. For instance, the response 

of peat, often encountered in soft ground conditions, dif-

fers considerably from that of clayey soils, although DCM 

techniques are adapted for both types of soil. Due to its 

characteristic, highly organic and hollow structure, peat sta-

bilisation often requires the incorporation of ¿ller materials 
in addition to cement [26]. Distinct from the requirements 

for clayey soils, e൵ective stabilisation of peat typically 
involves initial cement contents between 100 and 200 kg/

m³. Nevertheless, the precise optimal dosages of cement and 

water are dictated by site-speci¿c factors, namely the inher-
ent characteristics and composition of the in-situ peat [27].

Conventional analytical and empirical methods for estimat-

ing DCM column strength often rely on simplifying assumptions 
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and limited experimental data, which can restrict their accuracy 

and adaptability to diverse ¿eld conditions. There remains a criti-
cal need for more Àexible, data-driven predictive tools that can 
integrate complex, non-linear interactions among geotechnical 

variables. Numerical modelling, such as FEM [28–32] and ML 

[33, 34], o൵ers such capabilities by leveraging patterns in experi-
mental data to improve prediction accuracy, reduce reliance on 

oversimpli¿ed models, and enable rapid design iterations for 
practical engineering applications. The successful application 

of various ML models across diverse geotechnical engineer-

ing domains, such as soil property characterisation, foundation 

settlement prediction, and slope stability analysis, has been well-

documented in recent literature [35–43]. Encouragingly, ML 

methods have also demonstrated considerable promise in mod-

elling the behaviour and predicting the performance of column-

like geotechnical elements [44, 45].

Previous research has extensively explored the application 

of various ML methodologies to estimate the ultimate bearing 

capacity of foundations improved with column-like elements, 

such as stone columns and DCM columns, arranged in diverse 

patterns. These studies typically incorporated key geotechnical 

parameters as input features, including the area improvement 

ratio, the shear strength properties of the surrounding soft soil, 

and the mechanical characteristics of the columns themselves, 

with the ultimate bearing capacity serving as the primary 

predictive target. However, addressing a distinct yet critical 

aspect relevant to practical geotechnical design, this investiga-

tion diverges from prior approaches. The central objective of 

this study is to develop and evaluate ML models capable of 

estimating the required strength characteristics of DCM col-

umns needed to achieve a speci¿ed target ultimate bearing 
capacity for an embankment foundation. Consequently, in this 

novel framework, the desired qu is treated as an input param-

eter alongside other relevant geotechnical properties. At the 

same time, the necessary DCM column strength becomes the 

target output variable for the ML models. The methodologies 

employed, including the collation and merging of datasets, the 

selection and implementation of ML algorithms, and the appli-

cation of data augmentation techniques where appropriate, are 

discussed in detail in the subsequent sections.

2  Experimental Datasets

The foundation dataset for the current ML investigation was 

meticulously compiled from two distinct experimental studies: 
the work by Rashid [46], designated herein as Dataset-1, and 

research conducted by Dehghanbanadaki et al. [47], referred 

to as Dataset-2. Both source datasets were derived from 1-g 

physical model experiments that investigated the behaviour of 

soft ground enhanced with DCM columns. Speci¿cally, Data-

set-1 pertains to experiments conducted on clayey soils, whereas 

Dataset-2 involves tests performed on peaty ground. It is per-

tinent to note that the principal objective within both original 

publications was the determination of the qu of the treated foun-

dation systems. Illustrative examples of the observed failure 

mechanisms for Àoating DCM columns, as documented in these 
studies, are depicted in Figs. 1(a) and (e). As the comprehensive 

details concerning sample preparation procedures and the analy-

sis of failure modes are thoroughly discussed in earlier published 

papers (i.e [46, 47]).,, the scope of the present study is con¿ned 
to the development and evaluation of predictive ML models.

To construct the predictive models, input parameters were 

selected based on the common variables available in the orig-

inal experimental datasets from our previous publications. 

The chosen inputs include the column’s length-to-diameter 

ratio (L/D), the area improvement ratio (A.I., expressed as 

a percentage), the undrained shear strength of the untreated 

soil (Cus, in kPa), and the ultimate bearing capacity of the 

improved soil (qu, in kPa). The target variable is the undrained 

shear strength of the DCM column core material (Cuc, in kPa), 

which is explicitly chosen to support design applications.

This selection aligns with practical geotechnical engi-

neering workÀows for projects such as pavement founda-

tions over soft ground, where engineers typically have prior 

knowledge of site-speci¿c properties like the untreated 
soil’s shear strength (Cus). In this study, qu is used as an 

input parameter, reÀecting common practice where designs 
are based on the required ¿nal bearing capacity. This value 
is determined according to project-speci¿c pavement design 
codes and expected applied loads, which can di൵er across 
projects, thus enabling preliminary modelling and iterative 

design without the need for full-scale ¿eld testing. By incor-
porating logical design parameters for column geometry 

(L/D) and layout (A.I.) based on project requirements and 

engineering experience, the models are designed to estimate 

the necessary Cuc to achieve the desired overall performance 

of the improved ground, which is inherently tied to qu.

2.1  Dataset Expansion Via SMOTE-like Interpolation

To address the limitation caused by the small initial dataset size 

(26 data points), which can lead to under¿tting and poor gener-
alisation in ML models, a data augmentation technique inspired 

by SMOTE-like interpolation was employed [48]. The funda-

mental concept is drawn from the Synthetic Minority Over-

sampling Technique (SMOTE), originally developed to address 

class imbalance in classi¿cation tasks. However, in this work, 
it is adapted for augmenting a regression dataset [48]. The core 

idea is to generate new, synthetic data points that are plausible 

and consistent with the characteristics of the existing data, rather 

than simply duplicating samples or adding random noise.

The methodology functions within the multi-dimensional 

feature space de¿ned by the input variables. For each data 
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Fig. 1  a and b Dataset-1; c and d Dataset-2; and e layout of the DCM columns
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library. PyCaret, an open-source and low-code Python 

library, streamlines essential tasks such as data preprocess-

ing, model selection, hyperparameter optimisation, and per-

formance assessment. Its user-friendly interface facilitates 

rapid experimentation and comparison of multiple ML algo-

rithms, making it well-suited for applied engineering prob-

lems [50]. The dataset, comprising 250 samples with L/D, 

A.I (%), Cus (kPa), and qu (kPa) were used as input features, 

and Cuc (kPa) was used as the target variable. These features 

were divided into two distinct subsets: a training set and a 
test set. 70% of the dataset was allocated to the training set, 
which was used to train and optimise the ML models by 

capturing the relationships between the input features and 

the target variable. The remaining 30% served as the test 
set, reserved solely for assessing the models’ predictive per-

formance on unseen data. This separation ensures an unbi-

ased assessment of how well the trained models generalise 

beyond the data they were exposed to during training, which 

is crucial for validating their practical applicability.

Subsequently, a comprehensive suite of nineteen distinct 

regression algorithms, facilitated by the Pycaret library, was 

trained using the designated training data. The initial perfor-

mance of these diverse models was compared based on stan-

dard regression evaluation metrics, primarily focusing on 

the coe൶cient of determination (R²) assessed through cross-
validation within the training set. Based on this comparative 

analysis, the most promising candidate models were selected 

for further optimisation. Hyperparameter tuning was then 

performed on these selected models, utilising automated 

search techniques integrated within Pycaret to identify the 

optimal parameter con¿gurations that maximised the cho-

sen performance metric (e.g., R²) during cross-validation. 

Finally, the single best-performing, fully tuned model was 

identi¿ed based on its cross-validated training performance 
and subsequently evaluated on the held-out test set to pro-

vide an unbiased assessment of its generalisation capability 

for predicting the target column shear strength (Cuc). The 

developed code is presented below:

point, one or more of its ‘nearest neighbors’ (determined by 

Euclidean distance in the normalised feature space) are iden-

ti¿ed from the existing dataset. A new synthetic data point is 
then generated by interpolating along the line segment connect-

ing the original data point and a randomly selected neighbour. 

This method calculates the di൵erence vector between a point 
and its neighbor, scales it by a random value between 0 and 1, 

and adds the outcome to the original point’s feature vector. By 

doing so, it generates new samples located between existing 

points, enhancing the data distribution density and producing a 

larger, more reliable dataset for training ML models [49].

After applying the SMOTE-inspired interpolation method, 

a sensitivity analysis was conducted to identify the optimal 

size of the augmented dataset. To achieve this, several ML 

models were trained and assessed using datasets of progres-

sively increasing sizes, incorporating both the original and 

synthetically generated data points. The results of this sensi-

tivity analysis indicated that a total dataset size of 250 sam-

ples was optimal. It was observed that when the dataset was 

expanded beyond this number, the improvements noted in 

key performance indices of the models were not statistically 

signi¿cant, suggesting diminishing returns with further data 
increase. Therefore, a ¿nal dataset size of 250 samples was 
adopted for subsequent model development and evaluation. 

A comparison of important statistical parameters between the 

original and augmented datasets is presented in Figs. 2(a-e).

(a)	 L/D.; (b) A.I; (%); (c) Cus (%); (d) qu (kPa); and (e) Cuc.

L: Length of the column; D: Diameter of the column; A.I.: 
Area improvement ratio; Cus: Undrained shear strength of 
the soil; qu: Ultimate bearing capacity; and Cuc: Undrained 
shear strength of the column.

2.2  Implementation and Tuning of Regression 
Models Via Pycaret

Once the dataset was prepared and augmented, a struc-

tured ML workÀow was implemented using the PyCaret 

Algorithm
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Fig. 2  Comparison of essential 

statistical parameters between the 

original and the augmented datasets. 

a −1, a−2, b−1, b−2, c−1, c−2, d−1, 
d−2, e−1, e−2
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Fig. 2  (continued)
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Fig. 2  (continued)

 

1 3



Prediction of Deep Cement Column Strength for Pavement Improvement Using Machine Learning Models

Fig. 2  (continued)
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Fig. 2  (continued)
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(RMSE), presented in Fig. 4(a). Lower RMSE values sig-

nify less error between the predicted and actual values 

within the training set. The GBR model exhibited the lowest 

training RMSE (0.928 kPa), aligning with its top R² perfor-

mance. The AdaBoost (RMSE = 0.756 kPa), Random Forest 

(RMSE = 0.732 kPa), and Extra Trees (RMSE = 0.589 kPa) 

models also displayed relatively low training errors. In con-

trast, models such as Huber Regressor (RMSE = 0.555 kPa), 

Linear Regression (RMSE = 0.549  kPa), Least Angle 

Regression (RMSE = 0.545  kPa), and Bayesian Ridge 

(RMSE = 0.482  kPa) showed comparatively higher train-

ing errors, consistent with their lower R² values observed 

in Fig. 3.

Complementing these RMSE results, the Mean Absolute 

Error (MAE) values presented in Fig.  4(b) further illus-

trate the models’ training accuracy. GBR achieved the low-

est MAE (2.125 kPa), followed by AdaBoost (2.986 kPa), 

Random Forest (3.931 kPa), and Extra Trees (4.965 kPa), 

indicating better predictive precision. Models such as Deci-

sion Tree (11.756  kPa), Huber Regressor (15.323  kPa), 

Linear Regression (21.369  kPa), Least Angle Regression 

(26.545 kPa), and Bayesian Ridge (33.998 kPa) exhibited 

substantially higher MAE values, in agreement with their 

elevated RMSE and lower R² metrics.

Considering both the high R² value on the test set (indi-

cating good generalisation) and the low RMSE on the train-

ing set (indicating good ¿t), the gbr model emerged as the 
most e൵ective single model identi¿ed through the initial 
Pycaret comparison for predicting the target variable based 

on the provided input features. The Ada and RF models also 

demonstrated reasonably strong performance, particularly 

in terms of test R².

Based on these comparative ¿ndings, the GBR stands out 
as the most suitable model for this geotechnical application 

due to its exceptional predictive performance. This ML model 

employs an ensemble approach, constructing a sequence of 

3  Results and Discussion

3.1  Machine Learning Model Performance 
Comparison

Following the implementation process described in the pre-

vious section, nineteen distinct ML regression models were 

trained and evaluated using the prepared dataset within the 

Pycaret framework. The performance of these models was 

compared based on standard regression metrics, and the 

results for the top ten performing models are summarised 

graphically.

Figure  3 presents a comparison of the coe൶cient of 
determination (R²) values achieved by the top ten models on 

both the training and unseen testing datasets. As observed, 

the R² values obtained during training were consistently 

higher than those achieved during testing, a typical outcome 

in model development. The Gradient Boosting Regressor 

(GBR) model demonstrated the best predictive performance 

on the test set, achieving an R² value of 0.9310, indicating 

a strong alignment between its predictions and the actual 

target values. This performance was notably superior to that 

of the following best models, the AdaBoost Regressor (Ada) 

and Random Forest Regressor (RF), which achieved test 

R² values of 0.7640 and 0.7390, respectively. A noticeable 

decline in test performance was observed for subsequent 

models, including Extra Trees (ET, R² = 0.5950), XGBoost 

(R² = 0.5840), and Decision Tree (DT, R² = 0.5660). While 

models like gbr (Train R² = 0.9800), RF (Train R² = 0.8938), 

and ET (Train R² = 0.7193) showed high ¿tting capabili-
ties on the training data, the gap between their training and 

testing R² scores suggests varying degrees of generalisation 

performance, with gbr showing the least drop-o൵ among the 
very top performers.

Further insight into the models’ ¿tting accuracy on the 
training data is provided by the Root Mean Squared Error 

Fig. 3  Coe൶cient of determination 
(R²) values for the top ten perform-

ing models
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3.2  Tuning and Final Performance of the Gbr Model

The initial comparative analysis presented in the results sec-

tion identi¿ed the gbr as the most e൵ective model among 
those evaluated, demonstrating superior predictive capabil-

ity for estimating the column strength (Cuc) with the highest 

R² value (0.9310) on the unseen test data. Consequently, the 

gbr model was selected as the primary candidate for fur-

ther enhancement through hyperparameter optimisation. 

This re¿nement step is critical in ML model development, 
as careful tuning of hyperparameters signi¿cantly inÀu-

ences a model’s ¿nal predictive accuracy and its ability to 
generalise e൵ectively to new, unseen data, while mitigating 
risks of over¿tting or under¿tting [55]. Automated hyper-

parameter tuning procedures, such as those provided by the 

Pycaret library used in this study, o൵er e൶ciency compared 
to manual optimisation techniques [50].

The gbr algorithm itself is an ensemble method rooted 

in boosting principles. It constructs a strong predictive 

model by sequentially adding weak learner models, typi-

cally decision trees. Each new tree added to the ensemble 

is speci¿cally trained to correct the residual errors made by 

weak prediction models, typically decision trees, where each 

successive model aims to address the errors of the previous 

ones. This iterative error-correction process enables the algo-

rithm to e൵ectively capture complex nonlinear relationships 
between input features and target variables, which is espe-

cially bene¿cial in geotechnical applications where material 
behaviour often demonstrates signi¿cant nonlinearity [50].

The model’s exceptional performance can be attributed 

to several inherent advantages: its robustness against over-
¿tting through regularisation parameters, ability to handle 
heterogeneous data without extensive preprocessing, natu-

ral capacity to model feature interactions without explicit 

speci¿cation, and built-in feature importance assessment 
capabilities. These characteristics make gbr particularly 

well-suited for geotechnical problems where the underlying 

physical mechanisms involve multiple interacting variables 

with varying degrees of inÀuence [51–53]. Furthermore, 

the algorithm’s adaptability through hyperparameter tuning 

allows it to balance model complexity against generalisa-

tion performance, as evidenced by the minimal gap between 

its training and testing R² values compared to other high-

performing models in this study [54].

Fig. 4  a Root Mean Squared Error 

(RMSE) of the ML models; and 

b Mean Absolute Error (MAE) of 

the ML models
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over 96.5% of the variability observed in the experimen-

tal Cuc data. Furthermore, the MSE was found to be 6.2104 

(kPa), indicating a very low average squared di൵erence 
between the experimental measurements and the model’s 

predictions. These results underscore the success of the 

hyperparameter tuning process and validate the tuned gbr 

model as a highly accurate tool for estimating deep cement 

column core strength based on the input parameters used in 

this study.

3.3  Sensitivity Analysis

A sensitivity analysis was carried out using PyCaret’s built-

in functionality to assess the relative impact of each input 

parameter on the undrained shear strength of DCM col-

umns. This analysis systematically varies each input param-

eter while keeping others constant, measuring the resulting 

changes in the predicted output. Known as feature impor-

tance evaluation, this method quanti¿es the contribution of 
each parameter to the model’s predictions. By permuting 

the values of each feature and observing the corresponding 

decline in model performance, the approach identi¿es the 
features with the most signi¿cant inÀuence on predictive 
accuracy.

The four top-performing models of gbr, ada, rf, and et 

were utilised for this sensitivity analysis to ensure robust-

ness of the ¿ndings. By incorporating multiple models in 
the sensitivity analysis, the consistency of parameter impor-

tance rankings could be assessed across di൵erent algorith-

mic approaches, providing greater con¿dence in the results. 
Each model was evaluated to determine the relative impor-

tance of the four input parameters (qu, Cus, A.I, and L/D) in 

predicting the Cuc of the DCM columns. As shown in Fig. 6, 

all four models consistently identi¿ed qu as the most inÀu-

ential parameter, with relative importance scores ranging 

the preceding combination of trees. This sequential process 

allows the model to incrementally improve its predictions 

by focusing on the instances that were previously di൶cult to 
predict accurately. gbr incorporates mechanisms to handle 

both numerical and categorical features and often includes 

methods for managing missing data. A key parameter is the 

learning rate, which scales the contribution of each individ-

ual tree; smaller learning rates generally require more trees 

(estimators) but can lead to better generalisation by prevent-

ing overly rapid convergence [50].

Utilising Pycaret’s automated tuning functions, an opti-

mised set of hyperparameters was determined for the GBR 

model to maximise its performance on the Cuc estimation 

task. Notably, the optimised model employed a learning 

rate of 0.05, indicating a relatively conservative learn-

ing step size. The complexity of individual trees was con-

trolled by setting max_depth to 6. The ensemble consisted 

of 310 sequential trees (n_estimators). Regularisation and 

tree construction were further guided by parameters such as 

min_samples_split (4), min_samples_leaf (4), max_features 

(‘sqrt’ - considering the square root of the total features at 

each split), and subsample (0.3 - using 30% of the data for 
¿tting each tree), which help prevent over¿tting. The ran-

dom_state was set to 2451 to ensure reproducibility of the 

tuning results.

The e൵ectiveness of the ¿nal, tuned gbr model is dem-

onstrated in Fig. 5. This ¿gure presents a scatter plot com-

paring the experimentally determined Cuc values (horizontal 

axis) against the Cuc values estimated by the optimised gbr 

model across the entire dataset. A strong positive linear rela-

tionship is clearly visible, with the data points tightly clus-

tered around the ideal prediction line. The high ¿delity of 
the model is quantitatively con¿rmed by the performance 
metrics displayed on the plot, where an R² of 0.9652 was 

achieved, indicating that the tuned GBR model explains 

Fig. 5  Performance indices of the 

tuned_gbr model
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that the intrinsic strength properties of the soil matrix play 

a more substantial role in determining the required DCM 

column strength than the geometric arrangement or relative 

area of the columns.

3.4  Model Deployment for Practical Engineering 
Use

To facilitate the direct application of the ¿ndings by prac-

titioners, a deployment strategy was developed for the 

optimised ML model. This involved packaging the ¿nal 
tuned_gbr model, inclusive of any necessary data pre-

processing steps learned during training (such as feature 

scaling or transformations handled internally by Pycaret), 

into a reusable pipeline. The objective was to create a user-

friendly mechanism enabling geotechnical engineers to 

rapidly and accurately estimate the required column core 

strength (Cuc) for new design scenarios without needing to 

rebuild or retrain the model.

The machine learning pipeline created in this study using 

the PyCaret framework was designed for direct integration 

into professional geotechnical workÀows. In its current 
form, the tool can be implemented in Python by import-

ing the trained model, inputting site-speci¿c geotechnical 
parameters, and executing a simple prediction command to 

obtain the required undrained shear strength (Cuc) of DCM 

columns. This automated process abstracts away the com-

plexities of model execution and data handling, allowing 

the focus to remain on the engineering interpretation and 

application of the prediction for tasks such as mix design 

optimisation. The practical deployment of this model can 

be achieved using the functionalities available within the 

from 41% (et model) to 53% (rf model). This ¿nding aligns 
with fundamental geotechnical principles, as qu serves as 

the primary performance criterion directly inÀuencing the 
strength requirements of the improved ground system. The 

prominence of qu in the sensitivity analysis highlights that 

the design strength of DCM columns is predominantly gov-

erned by bearing capacity demands, emphasising the load-

driven nature of DCM design.

The sensitivity analysis in this study indicated that the 

undrained shear strength of the surrounding soil is a critical 

factor inÀuencing the required shear strength of DCM col-
umns, with importance values ranging from 18% to 31%. In 
practical terms, enhancing Cus before DCM installation can 

reduce the structural demand on the columns and improve 

overall ground performance. In ¿eld conditions, Cus can 

be improved through several ground improvement tech-

niques, including preloading with or without vertical drains 

to accelerate consolidation, surcharging, in-situ cement 

or lime stabilisation, and controlled compaction methods 

where applicable. The choice of technique depends on soil 

type, groundwater conditions, project timeline, and envi-

ronmental constraints. By strategically improving the native 

soil’s strength before column installation, engineers can 

optimise design parameters, potentially reduce the number 

or size of columns needed, and achieve cost and material 

savings while maintaining or improving pavement founda-

tion performance.

Interestingly, the area improvement ratio demonstrated 

moderate importance (15–17%) across all models, while the 
length-to-diameter ratio (L/D) showed greater variability in 

importance (8–17%) between di൵erent models. The consis-

tently higher importance of Cus compared to A.I suggests 

Fig. 6  The sensitivity analysis 

results of the ML models
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range, which may lead to over¿tting if the generated patterns 
do not fully represent the variability of in-situ conditions. To 

mitigate this risk, the augmented dataset in this study was 

constructed with tight geotechnical constraints to ensure 

physical plausibility, and model evaluation was performed 

using strati¿ed cross-validation to minimise bias. Nonethe-

less, the model’s predictive accuracy should be interpreted 

with the understanding that ¿eld conditions deviating signif-
icantly from the original experimental domain may require 

additional data collection for optimal performance.

Although this study brieÀy introduced the concepts 
of Àoating DCM columns, the depth improvement ratio 
(D.I.)—de¿ned as the ratio between the DCM column 
length and the thickness of the soft soil layer [56] was not 

explicitly included as an input parameter in the ML mod-

elling framework. This ratio is recognised in geotechnical 

research and practice as a signi¿cant factor inÀuencing load 
transfer mechanisms, consolidation behaviour, and the over-

all performance of Àoating columns, particularly in thick, 
soft clay deposits. The omission in this study is primarily 

related to the limited scope and resolution of the available 

dataset, which lacked consistent and su൶cient D.I.-related 
measurements for robust model training. Future work, par-

ticularly with access to larger or ¿eld-scale datasets, should 
incorporate D.I. as a predictive parameter to enable more 

accurate modelling of the transition between Àoating and 
end-bearing column behaviour. This enhancement could 

improve the model’s capacity to adapt to a broader range of 

soil pro¿les and ground improvement con¿gurations.
Additionally, implementing a systematic ¿eld validation 

program that compares model predictions with the actual per-

formance of DCM installations would o൵er vital feedback for 
ongoing model improvement and enhance practitioner con-

¿dence. Lastly, expanding the models to optimise multiple 
design parameters at once, balancing performance goals with 

economic factors, would transform these tools into compre-

hensive decision-support systems, enabling more e൶cient 
and reliable geotechnical design and construction.

4  Conclusions

This study aimed to develop a data-driven method for 

estimating the required undrained shear strength of DCM 

columns in pavement foundation systems. By combining 

two experimental datasets and employing machine learn-

ing techniques to address the limitations of traditional ana-

lytical methods, we have shown the potential of machine 

learning-based design approaches in geotechnical engineer-

ing. The research addressed the challenge of limited experi-

mental data by employing strategic data augmentation while 

preserving the essential physical relationships necessary 

Pycaret library. The entire trained pipeline, which includes 

both the data transformation steps and the tuned_gbr model 

itself, can be saved as a single object. This saved pipeline can 

then be loaded into any Python environment where Pycaret 

is installed to make predictions on new datasets. The basic 

sequence involves saving the ¿nalised experiment/pipeline, 
loading it when needed, and then using the predict_model 

function, as shown in the following code.s.

loaded_experiment_pipeline = load_experiment(‘Cuc_

Prediction_Experiment’, data = new_data_df) (1).

3.5  Limitations of the Study and Future 
Recommendations

The present study, while demonstrating the e൵ectiveness of 
ML methods in predicting DCM column strength, has sev-

eral limitations. The main restriction is the dependence on 

a relatively small experimental dataset, which, despite aug-

mentation techniques increasing the sample size from 26 to 

250, may not fully represent the complex ¿eld conditions 
faced in real-world applications. As a result, the models’ 

predictive ability is limited by the parameter ranges exam-

ined in the experimental programme, restricting reliable pre-

diction beyond those limits. Furthermore, laboratory testing 

primarily focused on speci¿c soil types under simpli¿ed 
axial loading conditions, which may not accurately reÀect 
the diverse soil properties and complex loading scenarios—

such as cyclic, dynamic, and eccentric loading—that occur 

in the ¿eld. The current modelling approach also does not 
explicitly include construction variables such as mixing e൶-

ciency and installation techniques, or the time-dependent 

behaviour of DCM columns, both of which can signi¿cantly 
inÀuence actual ¿eld performance. Future research should 
aim to expand the experimental database by incorporating 

¿eld data from real DCM projects across varied soil condi-
tions and loading scenarios. This will improve the robust-

ness and real-world applicability of predictive models by 

accounting for variability and complexities. Additionally, it 

is recommended to expand the input feature set to include 

more geotechnical and construction-related parameters, 

such as cement dosage, curing time, and site-speci¿c soil 
properties. Integrating data from ¿eld logs, sensor measure-

ments, and real-time monitoring will enable more compre-

hensive modelling of DCM column behaviour and enhance 

predictive accuracy.

While the application of SMOTE-like interpolation and 

other augmentation techniques addresses the limitation of 

small experimental datasets, the use of synthetic data may 

inÀuence the model’s generalisation capability. Since the 
synthetic samples are generated based on the statistical rela-

tionships present in the original dataset, they do not intro-

duce entirely new physical scenarios beyond the observed 
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for geotechnical validity. A comprehensive evaluation of 

regression algorithms and sensitivity analysis led to several 

important conclusions:

	● The study highlights the importance of combining data 

augmentation methods with ML algorithms to address 

data scarcity issues in geotechnical research, creating a 

framework that can be applied to other ground improve-

ment projects.

	● The Gradient Boosting Regression (gbr) algorithm 

proved to be the best modelling technique among the 

four top-performing models (gbr, ada, rf, and et), 

achieving excellent predictive accuracy with an R² of 

0.965 and MSE of 6.21 kPa, con¿rming its suitability 
for DCM column strength estimation.

	● Sensitivity analysis consistently identi¿ed the qu as the 

most inÀuential parameter (41–53%) across all models, 
followed by the undrained shear strength of the sur-

rounding soil (Cus) at 18–31%. Meanwhile, geometric 
factors such as area improvement ratio and length-to-

diameter ratio showed comparatively lower importance.

	● The ¿ndings challenge traditional design methods by 
suggesting that enhancing the soil’s strength before 

DCM installation could be more e൵ective than simply 
enlarging column sizes or increasing the area improve-

ment ratio, potentially resulting in more e൶cient and 
cost-e൵ective designs.

	● The successful creation of a deployable model pipeline en-

ables practising engineers to implement it directly, e൵ec-

tively bridging the gap between advanced computational 

techniques and practical geotechnical design applications.

	● Future validation of this model using independent labo-

ratory or ¿eld-scale datasets is recommended to con¿rm 
its robustness and applicability across various geotech-

nical conditions, including real-world soil variability.

Collectively, these conclusions advance the state-of-prac-

tice for designing DCM-reinforced pavement foundations, 

introducing a robust data-driven paradigm that stands as a 

viable alternative to established analytical methods while 

preserving direct relevance to real-world geotechnical engi-

neering challenges.
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