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Abstract— Geotechnical properties of lateritic soils are critical for road construction, influencing subgrade stability and pavement performance. This study investigates these properties along the Umuahia–Ikot Ekpene Road, with a focus on predictive modeling and variable importance. Four locations were sampled at depths of 150 mm, 300 mm, and 450 mm. Key properties, including moisture content, particle size distribution, Atterberg limits, compaction characteristics, and California Bearing Ratio (CBR), were analyzed. Moisture content ranged from 10.8% to 13.0%, with Locations A (12.2%) and C (12.8%) exhibiting the highest values. All soils were classified as well-graded, with gravel content varying from 12.5% to 16.0%. Atterberg limits indicated medium plasticity, with plasticity index values between 12% and 14%. Maximum dry density (MDD) ranged from 1795 to 1850 kg/m³, optimum moisture content (OMC) from 10.8% to 12.1%, and degree of compaction from 95% to 99%. Unsoaked CBR values were 24-31%, and soaked CBR values were 17-23%. Lasso Regression outperformed other models (linear regression, ridge regression, decision tree regressor, gradient boosting regressor, support vector regressor, and random forest regressor) in predicting CBR, achieving R² values of 0.86 (unsoaked) and 0.98 (soaked). Feature importance analysis highlighted the key soil properties driving CBR variations, while sensitivity analysis reveals that MDD (kg/m³) has a significantly greater impact on the predicted soaked CBR values compared to moisture content. The results suggest that these lateritic soils possess moderate strength, making them potentially suitable for subgrade materials. However, stabilization is likely required for sub-base or base layers in road construction.
Keywords— Artificial Intelligence, Machine Learning, Umuahia-Ikotepnene Road, Compaction, and California Bearing Ratio.
I. Introduction
The Umuahia-Ikot Ekpene road is a critical transportation link in southeastern Nigeria, connecting the Abia and Akwa Ibom states. This road plays a vital role in facilitating economic activities, social integration, and regional development. However, challenges such as soil erosion, poor drainage, and suboptimal soil properties have historically impacted the road's performance. A comprehensive geotechnical evaluation of the lateritic soils used in this road's construction can provide potential improvements and stabilization techniques. The 49 km Umuahia-Ikwuano-Ikot Ekpene Road was awarded to Hartland Construction Company Limited in 2019, with a budget of N13.2 billion and an expected completion time of four years (Okachie, 2023). Prior to this award, the federal road linking Abia and Akwa Ibom States had deteriorated significantly, becoming hazardous and causing significant distress, trauma, and economic losses for those using it. Administrative and financial delays have slowed the reconstruction process (Okachie, 2023), but recently the Abia State government initiated palliative measures to provide relief for commuters, reduce accidents, and alleviate the hardships experienced by motorists (Eziyi, 2023). In October 2021, students from Michael Okpara University of Agriculture, Umudike, staged a peaceful protest at the Government House to highlight the deplorable condition of the road, which had resulted in the death of one of their colleagues (News Agency of Nigeria, 2021). 
Road failures can result from various factors. A notable study in Southwest Nigeria identified low California bearing ratio (CBR), low maximum dry density (MDD), and specific subsoil classes (A-26, A-7, and A-2-7, which are clayey soils) as key contributors to road failures in that region. These soil classes were found not to be suitable for road construction (Emmanuel and Uche, 2021). This investigation, which is supported by other similar research, shows that less adequate geotechnical properties of lateritic soils can lead to road failures if used in road construction; this indicates that these soils are not suitable for subgrade materials in road construction work and other engineering works (Ademilla, 2017).
There have been several studies on the suitability of the geotechnical properties of lateritic soils for road construction. For instance, Oluyinka and Olubunmi (2018) conducted a study in Abeokuta, Southwest Nigeria. Their study revealed that the lateritic soils in that area have specific gravity values in the ranges of 2.57 to 2.89 and California Bearing Ratio (CBR) values in the ranges of 12.52% to 55.84%. This shows that they can be used as sub-base and base materials (Oluyinka and Olubunmi, 2018). Similarly, the lateritic soils from the Niger Delta region of Nigeria are well-graded with little quantity of fines (60-65%). They are suitable for use in embankments and soil liners because of their low compressibility (Adeyemi et al., 2014). Several authors have explored various stabilization techniques in order to enhance the engineering properties of lateritic soils. One of the studies established that the addition of 6% periwinkle shell ash to lateritic soil can significantly improve the soil’s strength and suitability for use as sub-base materials (Segun and Olufikayo, 2016). Another study established that higher molar concentrations of NaOH improved the soil's unconfined compressive strength (UCS) and CBR values (AbdulKarim et al., 2020). Despite the potential of lateritic soils for road construction, there are challenges such as high water absorption, high fines content, and low strength characteristics, which can lead to road failures. For instance, an investigation by Ademila (2017) on the lateritic soils of failed highway sections in Southwestern Nigeria pointed out that soil from failed sections has high water absorption capacities and low CBR values. Thus, it is not suitable for subgrade materials. Therefore, detailed sampling and proper assessment of lateritic soils are essential for ensuring the stability and longevity of road structures.
The recent advances in artificial intelligence (AI) and statistical methods have made it easier to predict the geotechnical behavior of lateritic soil. AI models, such as artificial neural networks (ANN), have shown strong capabilities in modeling complex nonlinear relationships between soil index properties and engineering parameters. It has outperformed conventional regression and empirical models in terms of accuracy and reliability. (Adamolekun et al., 2024a; Adamolekun et al., 2024b; De Souza et al., 2020; Iyeke et al., 2016; Sharma et al., 2021; Baghbani et al., 2022; Liu et al., 2024).
AI-driven models have been successfully applied to predict CBR, hydraulic conductivity, compaction parameters, and shear strength using easily obtainable soil properties such as specific gravity, Atterberg limits, particle size distribution, and plasticity indices (Nagaraju et al., 2023; Adamolekun et al., 2024a; Adamolekun et al., 2024b; Souza et al., 2022; De Souza et al., 2020; Iyeke et al., 2016). AI integration with statistical evaluation enhances the robustness of these predictions. It gives room for the development of user-friendly tools and also applications that can be readily adopted by engineers in the field. (Adamolekun et al., 2024a; Adamolekun et al., 2024b; De Souza et al., 2020). Considering the challenges associated with traditional testing methods and the critical role of lateritic soils in road infrastructure, AI and statistical approaches can offer a promising pathway for improving the efficiency and sustainability of geotechnical evaluations, like the case studies on the Umuahia-Ikot Ekpene road.
The main objective of this study is to determine the geotechnical properties of lateritic soil samples obtained from four locations along the Umuahia-Ikot Ekpene Road. The specific objectives are to obtain the moisture content, particle size distribution, Atterberg limits, compaction characteristics, and California Bearing Ratio (CBR) and to develop and evaluate machine learning regression models to predict the CBR values based on these geotechnical properties. This includes exploratory data analysis, feature engineering, and the application of various regression algorithms to establish a predictive framework for assessing the suitability of these lateritic soils for road construction.

A. Research motivation
 Lateritic soils are widely used in road construction across Nigeria due to their availability and cost-effectiveness. The Umuahia–Ikot Ekpene Road is a key regional link road that relies heavily on such soils for its structural integrity. However, the geotechnical properties of these materials significantly influence pavement performance, especially under varying loads and environmental conditions.
Traditional laboratory testing, though essential, is often time-consuming and resource-intensive. This study is motivated by the need for faster, more efficient methods to assess soil suitability, specifically by applying machine learning to predict the California Bearing Ratio (CBR), a critical indicator of soil strength.
By integrating exploratory data analysis and data-driven modeling, this research aims to develop accurate CBR prediction models based on easily measurable soil properties. This approach offers the potential to reduce costs, improve construction timelines, and enhance pavement durability, while contributing to the broader adoption of artificial intelligence in geotechnical engineering.
II. [bookmark: _Toc471203279][bookmark: _Toc471204854]Materials and method
Fig. 1 illustrates the step-by-step methodology adopted in this study, from initial data acquisition through to machine learning model evaluation. It encapsulates both the laboratory procedures and the subsequent data analysis workflow.
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Figure 1: Methology Flowchart




A. Material collection
The primary material used in this study comprises representative lateritic soil samples obtained from strategic locations along the Umuahia–Ikot Ekpene Road. Samples were collected from four distinct points:
· In front of Wellspring Preparatory School
· In front of the Forestry Research Institute
· At Ahieke Junction
· In front of the National Root Crops Research Institute
At each location, samples were extracted at depths of 0.5 m, 1.0 m, and 1.5 m to capture variability in subsurface conditions. The collected samples were oven-dried, and oversized particles were manually disaggregated using a wooden mallet to facilitate testing.
Proper labeling was ensured by marking each sample with masking tape and permanent ink, indicating both the collection location and depth.
All laboratory analyses were conducted in the Civil Engineering Laboratory at Michael Okpara University of Agriculture. The following standard geotechnical tests were carried out;
· Natural Moisture Content Determination
· Particle Size Distribution (Sieve Analysis)
· Atterberg Limits Test (Liquid Limit, Plastic Limit, and Plasticity Index)
· Standard Proctor Compaction Test
· California Bearing Ratio (CBR) Test
To ensure reliability and reproducibility of results in subsequent analysis and modeling, the procedures followed established protocols.

B.   Preparation of the Sample
The lateritic soil samples collected from four different locations along the Umuahia-Ikot Ekpene road were prepared for testing by air-drying, crushing, and sieving to remove any debris or large particles. The samples were then oven-dried to remove any remaining moisture, cooled to room temperature, labeled with their corresponding location, and stored in airtight containers or plastic bags until they are ready for testing.

C. Laboratory testing procedures
This document section provides a detailed overview of laboratory tests conducted on natural lateritic soil, including moisture content, particle size distribution, Atterberg limits, and compaction tests. The moisture content test, adhering to BS EN 1097-5 standards, determines water-to-dry-weight ratios using calibrated equipment and precise temperature controls. The particle size distribution test, based on ASTM C136, evaluates soil gradation through sieving techniques. Atterberg limits, assessed per ASTM D4318-17, measure plasticity indices via liquid and plastic limit procedures. Compaction tests, following ASTM D698-00ae1, explore the soil's optimum moisture content and maximum dry density using both moist and dry preparation methods. Each test emphasizes strict procedural adherence, including equipment calibration, sample preparation, and standardized calculations to ensure accurate results.

D. Machine learning and exploratory data analysis methodology
This study employed a rigorous methodology, which encompasses exploratory data analysis, targeted feature engineering, and robust predictive modeling, to investigate the relationships between soil properties and the California Bearing Ratio (CBR). The initial phase involved a comprehensive exploratory data analysis (EDA) of the provided dataset, which includes descriptive statistical analysis to understand the central tendency. Also dispersion of each variable and visual inspections of data distributions using histograms and box plots to identify potential anomalies and underlying patterns. Furthermore, correlation analysis, which was visualized through a heatmap, was conducted to assess the linear relationships between the various soil property parameters. This initial EDA phase served to familiarize the researchers with the dataset's characteristics by identifying potential data quality issues such as missing values. This ensured it gained preliminary insights into the relationships between the independent and dependent variables.
A feature engineering phase was undertaken to potentially enhance the predictive power of subsequent models by adopting the EDA. This involved the creation of new theoretically relevant features derived from the existing soil property measurements. Ratio-based features such as the Sand Ratio (Coarse Sand % + Fine Sand % / Gravel %) and Silt-Clay Ratio (Silt % / Clay %) were engineered to capture the relative proportions of different soil fractions. Also, a difference feature like Liquid-Plastic Difference (Liquid Limit % - Plastic Limit %) and a product feature like Moisture-Density Product (Moisture Content % * MDD) were generated to explore potential combined effects. An interaction term between depth and moisture content was included to account for potential non-additive influences. The rationale behind this feature engineering was to create variables that might exhibit stronger correlations with the CBR values and also represent the complex interplay of soil characteristics.
The major aspect of the methodology involves the development and evaluation of several supervised machine learning regression models to predict both the unsoaked and soaked CBR values. The dataset was first preprocessed by imputing any missing values by using the mean of the respective columns. It was then split into training (80%) and testing (20%) sets to ensure unbiased evaluation. Numerical features were standardized using the StandardScaler. This ensures that the impact of varying scales across different soil properties is mitigated. A diverse set of regression algorithms includes linear regression, ridge regression, lasso regression, decision tree regressor, random forest regressor, gradient boosting regressor, and support vector regression (SVR). These regression algorithms were trained on the preprocessed training data. Model performance was rigorously assessed on the held-out test set using Mean Squared Error (MSE) and R-squared (R2) as primary evaluation metrics. To further ensure the generalizability of the findings, a 5-fold cross-validation technique was applied to estimate the models' performance on unseen data. For tree-based models the feature importance scores were extracted and visualized to identify the most influential soil properties in predicting CBR. Finally, scatter plots of predicted versus actual CBR values were generated for each model to visually assess their predictive accuracy and identify potential biases. An optional sensitivity analysis was also conducted on a selected model to evaluate the impact of variations in specific soil property features on the predicted CBR values. This provides further insights into the model's behavior and the relative importance of input parameters.
III. Results and discussion
Table 1 shows the locations where the four samples were accessed and the depths at which they were collected.




Table 1: Locations and Samples
	Locations
	No. of Samples Collected
	Samples ID
	Depth of Collection (mm)

	In front of Wellspring Preparatory School
	Sample 1
	A1
	150

	
	Sample 2
	A2
	300

	
	Sample 3
	A3
	450

	In front of Forestry Research Institute
	Sample 1
	B1
	150

	
	Sample 2
	B2
	300

	
	Sample 3
	B3
	450

	Ahieke Junction
	Sample 1
	C1
	150

	
	Sample 2
	C2
	300

	
	Sample 3
	C3
	450

	In front of National Root Crops Research Institute
	Sample 1
	D1
	150

	
	Sample 2
	D2
	300

	
	Sample 3
	D3
	450




A. Moisture content test result for the laterite samples A-D
Table 2 and Fig. 2 reveal that Location A, with an average moisture content of 12.2%, and Location C, at 12.8%, exhibit higher moisture levels. This suggests they may provide better compaction characteristics due to their ability to retain more moisture, making adjustments during compaction easier. In contrast, Location D has the lowest average moisture content at 10.9%, indicating a potential need for additional moisture during compaction. Location B, with an average of 11.5%, falls in a moderate range and may be more balanced in its compaction needs. The relatively uniform moisture content across different depths (150 mm, 300 mm, and 450 mm) within each location suggests stable soil characteristics, which is advantageous for consistent performance during construction. The average moisture is visually expressed in Fig. 2.


Table 2: Moisture content result of different samples
	Group
	Sample ID
	Dry Weight (g)
	Wet Weight (g)
	Moisture Content (%)

	A
	A1
	150
	168
	12.5

	
	A2
	152
	170
	11.8

	
	A3
	148
	166
	12.2

	
	Average ± SD
	—
	—
	12.2 ± 0.36

	B
	B1
	145
	161
	11.3

	
	B2
	147
	164
	11.7

	
	B3
	146
	163
	11.5

	
	Average ± SD
	—
	—
	11.5 ± 0.20

	C
	C1
	140
	158
	13.0

	
	C2
	142
	160
	12.6

	
	C3
	141
	159
	12.8

	
	Average ± SD
	—
	—
	12.8 ± 0.20

	D
	D1
	149
	165
	10.8

	
	D2
	150
	166
	10.9

	
	D3
	148
	164
	11.0

	
	Average ± SD
	—
	—
	10.9 ± 0.1




[image: ] Figure. 2 Moisture Content (%) across locations

B. Particle size distribution analysis of soil samples
Table 3 presents particle size distribution data indicating that all four soil groups (A-D) are consistently well-graded according to the USCS, featuring varied proportions of gravel, sand (coarse and fine), silt, and clay. The uniformity coefficients (Cu: 6.3-9.2) and coefficients of curvature (Cc: 1.6-2.1) have confirmed this classification. Notable variations include Group C's higher gravel (~15.8%) and clay (~16.1%) content. It potentially improves compaction and reduces permeability, while Group B shows a slightly finer particle distribution. Group D is similar to Groups A and B but has a slightly higher clay content (~15.9%). These findings align with Zhao et al. (2017), who highlighted the significance of well-graded soils for enhanced engineering properties and the impact of particle gradation on soil behavior.


Table 3: Particle size distribution data and classification of soil samples (Groups A-D)
	Group
	Sample ID
	Gravel (%)
	Coarse Sand (%)
	Fine Sand (%)
	Silt (%)
	Clay (%)
	Classification
	Cu
	Cc

	A
	A1
	15.2
	30.1
	25.3
	14.5
	14.9
	Well-graded
	8.5
	1.8

	
	A2
	14.8
	29.5
	26.0
	14.8
	14.9
	Well-graded
	8.7
	1.9

	
	A3
	15.5
	30.0
	24.5
	14.7
	15.3
	Well-graded
	8.6
	1.7

	B
	B1
	12.5
	32.0
	28.2
	13.1
	14.2
	Well-graded
	6.3
	2.0

	
	B2
	13.0
	31.5
	27.8
	13.3
	14.4
	Well -graded
	6.5
	1.8

	
	B3
	12.8
	32.2
	28.0
	13.0
	14.0
	Well -graded
	6.4
	2.1

	C
	C1
	16.0
	28.5
	24.0
	15.0
	16.5
	Well-graded
	9.2
	1.6

	
	C2
	15.7
	28.8
	24.2
	15.3
	16.0
	Well-graded
	9.0
	1.7

	
	C3
	15.8
	29.0
	24.5
	14.8
	15.9
	Well-graded
	9.1
	1.8

	D
	D1
	13.5
	30.0
	27.0
	13.5
	16.0
	Well -graded
	7.1
	2.0

	
	D2
	14.0
	29.5
	26.8
	13.8
	15.9
	Well -graded
	7.2
	1.9

	
	D3
	13.8
	29.8
	27.2
	13.4
	15.8
	Well -graded
	7.0
	2.1





C. Atterberg limits test result
The Atterberg limits of the lateritic soil samples from the four locations shown in Table 4 indicate medium plasticity across all samples (Fig. 3), which suggests moderate susceptibility to changes in moisture content. Location C has consistently higher values for the liquid limit and plasticity index, which implies a slightly greater tendency for volume change when subjected to moisture variations. These properties are essential for evaluating the soil's suitability for subgrade and subbase construction, as they impact the soil's stability, workability, and overall performance in road construction.






Table 4 Atterberg limits and plasticity classification of soil samples A1–D3
	Group
	Sample ID
	Liquid Limit (%)
	Plastic Limit (%)
	Plasticity Index (%)
	Shrinkage Limit (%)
	Plasticity Classification

	A
	A1
	35
	22
	13
	12
	Medium Plasticity

	
	A2
	36
	23
	13
	11
	Medium Plasticity

	
	A3
	35
	21
	14
	12
	Medium Plasticity

	B
	B1
	33
	21
	12
	10
	Medium Plasticity

	
	B2
	32
	20
	12
	11
	Medium Plasticity

	
	B3
	34
	22
	12
	10
	Medium Plasticity

	C
	C1
	38
	24
	14
	13
	Medium Plasticity

	
	C2
	39
	25
	14
	13
	Medium Plasticity

	
	C3
	37
	23
	14
	12
	Medium Plasticity

	D
	D1
	34
	20
	14
	11
	Medium Plasticity

	
	D2
	35
	21
	14
	12
	Medium Plasticity

	
	D3
	33
	20
	13
	10
	Medium Plasticity



[image: ]
Figure. 3 Casangrande plasticity chart

D. Compaction test results of soil samples
The compaction characteristics of lateritic soils along the Umuahia–Ikot Ekpene Road, with a Maximum Dry Density (MDD) range of 1795–1850 kg/m³, an Optimum Moisture Content (OMC) of 10.8–12.1%, and a Degree of Compaction of 95–99%, indicate good compaction and suitability for subgrade or subbase applications, as presented in Table 5 and Fig. 4. These findings are supported by Adamolekun et al. (2024b), who reported MDD (1747–2056 kg/m³) and OMC (10.94–20.51%) ranges, and Bolarinwa et al. (2017), with MDD (1780–2050 kg/m³) and OMC (14.3–20.7%), affirming acceptable compaction parameters for road subgrades.
Akpoyibo et al. (2023) also found MDD values (<2000 kg/m³) consistent with the current study, suggesting suitability for subgrade, though potentially marginal for subbase. In contrast, Ogbuagu & Okeke (2019) reported higher MDD (1930–2190 kg/m³) but very low CBR values (0.89%–1.43%), highlighting that high compaction does not always guarantee high load-bearing strength and underscoring the need for comprehensive geotechnical testing. Fig. 3 helps to further understand the relations between the variables contained in Table 5.










Table 5: Summary of laboratory compaction test results for samples A1–D3
	Group
	Sample ID
	OMC (%)
	MDD (kg/m³)
	Compaction Energy (kJ/m³)
	Degree of Compaction (%)

	A
	A1
	11.5
	1830
	595
	98

	
	A2
	12.0
	1825
	600
	97

	
	A3
	11.2
	1840
	610
	99

	B
	B1
	12.0
	1800
	590
	96

	
	B2
	11.8
	1810
	605
	97

	
	B3
	12.1
	1795
	585
	95

	C
	C1
	10.8
	1850
	620
	99

	
	C2
	11.0
	1845
	615
	98

	
	C3
	11.2
	1835
	605
	97

	D
	D1
	11.2
	1825
	600
	97

	
	D2
	11.5
	1815
	595
	96

	
	D3
	11.0
	1830
	610
	98



[image: ]
Figure. 4 Compaction test results showing samples having closer characteristics

	
E. California bearing ratio results of the soil samples
The current study on Umuahia–Ikot Ekpene road soils, as detailed in Table 6, reveals unsoaked CBR values ranging from 24% to 31% and soaked CBR values from 17% to 23%. These results indicate that the soils possess moderate strength, suggesting their potential suitability as subgrade materials in road construction. However, the observed CBR values imply that these soils would likely be inadequate for use in subbase or base layers without undergoing stabilization treatments to enhance their strength characteristics. A comprehensive comparison of these findings with existing research focusing on CBR values of natural or untreated lateritic soils relevant to road construction is provided in Table 7, offering a broader context for interpreting the strength properties of the studied














Table 6: California bearing ratio (cbr) test results for unsoaked and soaked conditions
	Group
	Sample
	CBR Unsoaked (%)
	Load@2.5mm (Unsoaked)
	Load@5mm (Unsoaked)
	CBR Soaked (%)
	Load@2.5mm (Soaked)
	Load@5mm (Soaked)

	A
	A1
	28.0
	3.71
	3.99
	20.0
	2.65
	3.99

	A
	A2
	27.0
	3.57
	3.79
	19.0
	2.52
	3.79

	A
	A3
	29.0
	3.84
	4.19
	21.0
	2.78
	4.19

	B
	B1
	25.0
	3.31
	3.99
	18.0
	2.38
	3.59

	B
	B2
	24.0
	3.18
	3.59
	17.0
	2.25
	3.39

	B
	B3
	26.0
	3.44
	3.79
	18.0
	2.38
	3.59

	C
	C1
	30.0
	3.97
	4.39
	22.0
	2.91
	4.39

	C
	C2
	29.0
	3.84
	4.19
	21.0
	2.78
	4.19

	C
	C3
	31.0
	4.10
	4.59
	23.0
	3.05
	4.59

	D
	D1
	26.0
	3.44
	3.79
	19.0
	2.52
	3.79

	D
	D2
	25.0
	3.31
	3.59
	18.0
	2.38
	3.59

	D
	D3
	27.0
	3.57
	3.79
	20.0
	2.65
	3.99



Table 7 Comparing the CBR results with previous findings
	Previous Study
	Unsoaked CBR (%)
	Soaked CBR (%)
	Relation to current study
	Interpretation

	Adamolekun et al. (2024b)
	14.7–45.6
	10–31
	Aligned with current range
	Supports subgrade use

	Oghenero et al. (2014)
	10.1–26.1
	N/A
	Aligned with current range
	Reinforces subgrade suitability

	Akpoyibo et al. (2023)
	16–39
	N/A
	Overlaps lower end of the current range
	Suggests better performance in the current case

	Oluyinka & Olubunmi (2018)
	12.52–55.84
	N/A
	Overlaps the current study’s unsoaked values
	Supports subgrade, borderline subbase




F. Summary of geotechnical properties at various depths across test locations (A1–D3)
Table 8 presents a comprehensive summary of geotechnical parameters measured at depths of 150 mm, 300 mm, and 450 mm across twelve test locations labeled A1 to D3. These parameters include moisture content, particle size distribution, Atterberg limits, compaction characteristics, and California Bearing Ratio (CBR) values. Hence, the table will serve as experimental data for exploratory data analysis, machine learning, and other necessary visualizations.


Table 8 Experimental data
	Parameter
	A1
	A2
	A3
	B1
	B2
	B3
	C1
	C2
	C3
	D1
	D2
	D3

	Depth (mm)
	150
	300
	450
	150
	300
	450
	150
	300
	450
	150
	300
	450

	Moisture Content (%)
	12.5
	11.8
	12.2
	11.3
	11.7
	11.5
	13.0
	12.6
	12.8
	10.8
	10.9
	11.0

	Gravel (%)
	15.2
	14.8
	15.5
	12.5
	13.0
	12.8
	16.0
	15.7
	15.8
	13.5
	14.0
	13.8

	Coarse Sand (%)
	30.1
	29.5
	30.0
	32.0
	31.5
	32.2
	28.5
	28.8
	29.0
	30.0
	29.5
	29.8

	Fine Sand (%)
	25.3
	26.0
	24.5
	28.2
	27.8
	28.0
	24.0
	24.2
	24.5
	27.0
	26.8
	27.2

	Silt (%)
	14.5
	14.8
	14.7
	13.1
	13.3
	13.0
	15.0
	15.3
	14.8
	13.5
	13.8
	13.4

	Clay (%)
	14.9
	14.9
	15.3
	14.2
	14.4
	14.0
	16.5
	16.0
	15.9
	16.0
	15.9
	15.8

	Liquid Limit (%)
	35
	36
	35
	33
	32
	34
	38
	39
	37
	34
	35
	33

	Plastic Limit (%)
	22
	23
	21
	21
	20
	22
	24
	25
	23
	20
	21
	20

	Plasticity Index (%)
	13
	13
	14
	12
	12
	12
	14
	14
	14
	14
	14
	13

	Shrinkage Limit (%)
	12
	11
	12
	10
	11
	10
	13
	13
	12
	11
	12
	10

	OMC (%)
	11.5
	12.0
	11.2
	12.0
	11.8
	12.1
	10.8
	11.0
	11.2
	11.2
	11.5
	11.0

	MDD (kg/m³)
	1830
	1825
	1840
	1800
	1810
	1795
	1850
	1845
	1835
	1825
	1815
	1830

	CBR (Unsoaked, %)
	28
	27
	29
	25
	24
	26
	30
	29
	31
	26
	25
	27

	CBR (Soaked, %)
	20
	19
	21
	18
	17
	18
	22
	21
	23
	19
	18
	20




G. Exploratory data analysis  
Table 9 summarizes statistical data (count, mean, SD, min, quartiles, max) for soil properties like depth, moisture, particle size, Atterberg limits, OMC, MDD, and CBR, while Fig. 5 shows the distribution of each property via histograms and overlaid curves. Fig. 6 is a correlation heatmap that visualizes the relationships between these different soil properties, with color intensity indicating the strength and direction (positive or negative) of the correlations, revealing key interdependencies such as the positive correlation between gravel content and CBR and the negative correlation between gravel and fine sand content.





Table 9 Statistical summary of the parameters
	Parameter
	Count
	Mean
	Std. Deviation
	Min
	25th Percentile
	Median (50%)
	75th Percentile
	Max

	Depth (mm)
	12.0
	300.0
	127.92
	150.0
	150.0
	300.0
	450.0
	450.0

	Moisture Content (%)
	12.0
	11.842
	0.769
	10.8
	11.225
	11.75
	12.525
	13.0

	Gravel (%)
	12.0
	14.383
	1.268
	12.5
	13.375
	14.4
	15.55
	16.0

	Coarse Sand (%)
	12.0
	30.075
	1.216
	28.5
	29.375
	29.9
	30.45
	32.2

	Fine Sand (%)
	12.0
	26.125
	1.573
	24.0
	24.5
	26.4
	27.35
	28.2

	Silt (%)
	12.0
	14.1
	0.828
	13.0
	13.375
	14.15
	14.8
	15.3

	Clay (%)
	12.0
	15.317
	0.821
	14.0
	14.775
	15.55
	15.925
	16.5

	Liquid Limit (%)
	12.0
	35.083
	2.109
	32.0
	33.75
	35.0
	36.25
	39.0

	Plastic Limit (%)
	12.0
	21.833
	1.642
	20.0
	20.75
	21.5
	23.0
	25.0

	Plasticity Index (%)
	12.0
	13.25
	0.866
	12.0
	12.75
	13.5
	14.0
	14.0

	Shrinkage Limit (%)
	12.0
	11.417
	1.084
	10.0
	10.75
	11.5
	12.0
	13.0

	OMC (%)
	12.0
	11.442
	0.444
	10.8
	11.15
	11.35
	11.85
	12.1

	MDD (kg/m³)
	12.0
	1825.0
	17.189
	1795.0
	1813.75
	1827.5
	1836.25
	1850.0

	CBR (Unsoaked, %)
	12.0
	27.25
	2.179
	24.0
	25.75
	27.0
	29.0
	31.0

	CBR (Soaked, %)
	12.0
	19.667
	1.826
	17.0
	18.0
	19.5
	21.0
	23.0
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Figure. 5 Distribution of numerical features

[image: ]
Figure. 6 Correlation heatmap showing the coefficient between different parameters


H. Performance metrics of various regression models
Table 10 provides a comparative analysis of various regression models applied to predict California Bearing Ratio (CBR) under both unsoaked and soaked conditions, using mean squared error (MSE), R-squared (R²), and cross-validation MSE as evaluation metrics. Among the models assessed, Lasso Regression consistently outperforms others in both scenarios, exhibiting the lowest error metrics and highest R² values of 0.21 and 0.86 for unsoaked and an impressive 0.01 and 0.98 for soaked conditions—indicating excellent predictive accuracy and generalization. Linear regression shows moderate success in the unsoaked case (R² = 0.70) but performs poorly under soaked conditions (R² = -6.24), suggesting it fails to capture the variability in more complex data. Tree-based and ensemble models such as Decision Tree, Random Forest, and Gradient Boosting generally yield negative R² values, especially for soaked CBR, pointing to overfitting or structural mismatches with the data. Notably, cross-validation results support these findings, aligning well with model-specific MSEs. Overall, Lasso Regression proves to be the most reliable and robust model for CBR prediction, likely due to its inherent regularization and feature selection capabilities. Figs. 7 and 8 present parity plots that compare the performance of the models for both soaked and unsoaked CBR by plotting the predicted values against the actual CBR value.


Table 10 Model performance metrics for predicting unsoaked and soaked CBR
	Model
	Condition
	Mean Squared Error (MSE)
	R-squared (R²)
	Cross-Validation MSE

	Linear Regression
	Unsoaked
	0.47
	0.70
	1.26

	Ridge Regression
	Unsoaked
	0.97
	0.38
	0.78

	Lasso Regression
	Unsoaked
	0.21
	0.86
	0.36

	Decision Tree Regressor
	Unsoaked
	7.00
	-3.50
	5.97

	Random Forest Regressor
	Unsoaked
	2.32
	-0.49
	1.50

	Gradient Boosting Regressor
	Unsoaked
	1.19
	0.24
	2.43

	Support Vector Regressor (SVR)
	Unsoaked
	2.08
	-0.34
	6.49

	Linear Regression
	Soaked
	4.83
	-6.24
	2.18

	Ridge Regression
	Soaked
	1.11
	-0.66
	0.70

	Lasso Regression
	Soaked
	0.01
	0.98
	0.52

	Decision Tree Regressor
	Soaked
	2.00
	-2.00
	4.30

	Random Forest Regressor
	Soaked
	1.24
	-0.87
	1.27

	Gradient Boosting Regressor
	Soaked
	1.42
	-1.13
	1.18

	Support Vector Regressor (SVR)
	Soaked
	1.12
	-0.69
	4.11
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Figure 7 Model comparison for CBR unsoaked
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Figure. 8 Model comparison for CBR soaked


I. Feature Engineering
Table 11 and Figs. 9 to 14 reveal distinct patterns across regression models applied in predicting the CBR for both soaked and unsoaked. For unsoaked CBR, the decision tree regressor highlights shrinkage limit as the dominant factor, with minimal contributions from other variables. In contrast, the random forest and gradient boosting regressors assign importance to a broader range of features, including plasticity index, MDD (kg/m³), gravel, liquid–plastic limit difference, and moisture–density product, suggesting more complex interactions influence the unsoaked CBR behavior. For soaked CBR, the decision tree model relies exclusively on OMC (% and gravel, whereas random forest and gradient boosting models again show more balanced feature contributions. Notably, OMC (%, clay, MDD (kg/m³), and plasticity index consistently emerge as key predictors across ensemble models, highlighting their influence on soaked strength, which is highly sensitive to moisture and fine content. Overall, ensemble models provide a more comprehensive view of feature relevance by highlighting the multidimensional nature of soil behavior under varying moisture conditions and offering valuable data for geotechnical modeling and parameter selection.
Table 11 1feature importance analysis for predicting California Bearing Ratio (CBR)
	Feature
	DT (Unsoaked)
	RF (Unsoaked)
	GB (Unsoaked)
	DT (Soaked)
	RF (Soaked)
	GB (Soaked)

	Depth (mm)
	0.0000
	0.0088
	0.0000
	0.0000
	0.0034
	0.0013

	Moisture Content (%)
	0.0509
	0.0646
	0.0489
	0.0000
	0.0509
	0.0157

	Gravel (%)
	0.0000
	0.0643
	0.1624
	0.1632
	0.0729
	0.0373

	Coarse Sand (%)
	0.0000
	0.0277
	0.0013
	0.0000
	0.0393
	0.0024

	Fine Sand (%)
	0.0000
	0.0721
	0.0126
	0.0000
	0.0593
	0.0030

	Silt (%)
	0.0000
	0.0300
	0.0037
	0.0000
	0.0209
	0.0032

	Clay (%)
	0.0000
	0.0661
	0.0021
	0.0000
	0.1246
	0.2338

	Liquid Limit (%)
	0.0000
	0.0625
	0.0005
	0.0000
	0.0263
	0.0021

	Plastic Limit (%)
	0.0000
	0.0185
	0.0012
	0.0000
	0.0176
	0.0114

	Plasticity Index (%)
	0.0000
	0.1103
	0.0804
	0.0000
	0.1177
	0.0051

	Shrinkage Limit (%)
	0.7840
	0.0406
	0.1658
	0.0000
	0.0145
	0.0073

	OMC (%)
	0.0377
	0.0208
	0.0077
	0.7963
	0.0838
	0.3616

	MDD (kg/m³)
	0.0000
	0.0870
	0.0174
	0.0000
	0.1349
	0.1947

	CBR (Soaked, %)
	0.0000
	0.0798
	0.0263
	—
	—
	—

	CBR (Unsoaked, %)
	—
	—
	—
	0.0000
	0.0669
	0.0496

	Sand_Ratio
	0.0000
	0.0507
	0.0037
	0.0000
	0.0328
	0.0104

	Silt_Clay_Ratio
	0.0000
	0.0199
	0.0057
	0.0000
	0.0135
	0.0006

	Liquid_Plastic_Diff
	0.0000
	0.0774
	0.1847
	0.0000
	0.0577
	0.0037

	Moisture_Density_Product
	0.0000
	0.0708
	0.1475
	0.0405
	0.0366
	0.0568

	Depth_Moisture_Interaction
	0.1274
	0.0280
	0.1281
	0.0000
	0.0264
	0.0003
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Figure. 9 Decision tree regressor- feature importances (CBR (unsoaked,%))
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Figure. 10 Random forest regressor- feature importances (CBR (unsoaked,%))
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[image: ] Figure. 11 Gradient boosting regressor- feature importances (CBR (unsoaked,%))
Figure. 12 Decision tree regressor- feature importances (CBR (soaked,%))

[image: ]Figure. 13 Random forest regressor- feature importances (CBR (soaked,%))
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Figure. 14 Gradient boosting regressor- feature importances (CBR (soaked,%))


J. Sensitivity analysis of CBR (Soaked, %) predictions
To evaluate the robustness of the predictive model and the relative influence of key input parameters on soaked CBR predictions, a sensitivity analysis was conducted by varying moisture content (%) by ±10% and maximum dry density (MDD in kg/m³) by ±5%. Table 12 reveals that MDD (kg/m³) has a significantly greater impact on the predicted soaked CBR values compared to moisture content (%). Specifically, small variations in MDD lead to a more pronounced change in model outputs, indicating its strong influence on soil strength behavior under soaked conditions. Conversely, the minimal response to changes in moisture content suggests that, within the tested range, the model perceives this variable as less critical in influencing soaked CBR. These findings align with the feature importance rankings observed in ensemble models, where MDD consistently ranks among the top predictors. From a geotechnical perspective, this highlights the importance of achieving optimal compaction and density control during field operations to ensure reliable CBR performance under soaked conditions. Figs. 15 and 16 show how predicted CBR values change when moisture content and MDD are altered by ±10% and ±5% respectively.


Table 12 Sensitivity analysis results for CBR (Soaked, %)
	Parameter Varied
	Variation Applied
	Avg. % Change in Prediction (Increase)
	Avg. % Change in Prediction (Decrease)

	Moisture Content (%)
	±10%
	+0.25%
	-0.05%

	Maximum Dry Density (kg/m³)
	±5%
	+1.96%
	-1.03%
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Figure. 15 Sensitivity to moisture content (%) variation on test set predictions
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Figure . 16 Sensitivity to MDD (Kg/m3 ) variation on test set predictions


IV. Conclusions
The key findings are as follows:
1. Moisture Content: Average moisture content varied from 10.9% (Location D) to 12.8% (Location C), with Locations A and C exhibiting higher levels conducive to better compaction. 
2. Particle Size Distribution: All samples were consistently well-graded, with gravel content ranging from 12.5% to 16.0% and Group C showed the highest average gravel (~15.8%) and clay (~16.1%) content. 
3. Atterberg Limits: All samples displayed medium plasticity, with Plasticity Index values between 12% and 14%. Location C's higher liquid limit and plasticity index suggest greater moisture-induced volume change susceptibility. 
4. Compaction Characteristics: The soils demonstrated good compaction, with MDD values of 1795-1850 kg/m³, OMC of 10.8-12.1%, and a degree of compaction between 95% and 99%. 
5. California Bearing Ratio (CBR): Unsoaked CBR values were 24-31% and soaked values were 17-23%, indicating moderate strength suitable for subgrade applications, likely requiring stabilization for subbase/base layers.
6. Predictive Modeling: Lasso Regression proved to be the most effective model for CBR prediction, demonstrating high R-squared values of 0.86 for unsoaked CBR and an impressive 0.98 for soaked CBR, along with the lowest Mean Squared Error.
7. Feature Importance and Sensitivity: For soaked CBR, Optimum Moisture Content (OMC) and clay content were identified as key predictors by ensemble models. Sensitivity analysis revealed that Maximum Dry Density (MDD) had a significantly greater impact on predicted soaked CBR values (average change of ±1.96% for ±5% MDD variation) compared to moisture content (average change of ±0.25% for ±10% moisture variation).
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