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ABSTRACT

	Background: Soft soils present significant challenges in civil engineering practice due to their high compressibility, low shear strength, and susceptibility to excessive settlement under structural loading. Accurate characterization and prediction of settlement behavior are therefore essential for safe and economical foundation design, particularly in regions underlain by soft cohesive soils.

Methodology: In this study, soil samples were obtained from three locations, with two trial pits per location, at depths of 0.5 m and 1.0 m, using a systematic site investigation approach. Laboratory testing was conducted in accordance with relevant ASTM standards to determine key geotechnical parameters, including moisture content (MC), optimum moisture content (OMC), cohesion (C), internal friction angle (∅), maximum dry density (MDD), unconfined compressive strength (UCS), shear strength (SS), void ratio (e₀), hydraulic conductivity (K), and consolidation characteristics. Principal Component Analysis (PCA) was applied to identify dominant soil parameters controlling behavior, while multivariate linear regression models were developed to predict total settlement, unconfined compressive strength, shear strength, and permeability
Results: The results indicate pronounced spatial variability in soil properties across locations and depths, reflecting heterogeneity typical of soft soils. Correlation analysis, regression modeling, and PCA consistently identified moisture content, void ratio, permeability, and compressibility-related parameters as the primary controls on settlement behavior. The regression models exhibited high predictive accuracy, with coefficients of determination (R²) ranging from 97.0% to 99.9%, confirming strong quantitative relationships between soil properties and measured responses. PCA revealed that the first principal components are dominated by void ratio and hydraulic conductivity, representing a compressibility–permeability mechanism, while strength- and density-related parameters govern secondary components, reflecting soil compactness and structural resistance. 
Conclusion: This study demonstrates that integrating laboratory-based soil characterization with statistical tools provides both predictive and interpretative insights into soft soil behavior. While PCA–regression techniques are established in geotechnical analysis, their application to site-specific soft soils enables a clearer identification of critical parameters influencing settlement. The developed regression models and PCA framework offer practical decision-support tools for foundation design and settlement risk assessment in soft soil environments, while highlighting the need for broader datasets to enhance regional generalization.
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1. INTRODUCTION

Soft soils such as normally consolidated clays, silts, peats, and organic deposits are widely acknowledged for their problematic behavior in geotechnical engineering due to their high-water content, low undrained shear strength, and significant compressibility (Liu et al., 2019; Ural, 2018; Varghese et al., 2021). Liu et al. (2019) documented that normally consolidated clays exhibit pronounced compressibility and low shear resistance under applied loads, while Ural (2018) highlighted the high-water retention and delayed consolidation response of silty and organic soils. Similarly, Varghese et al. (2021) demonstrated that peat and organic deposits possess weak interparticle bonding and high void ratios, making them particularly susceptible to excessive deformation under loading. Their structure is often sensitive to stress changes and loading history, making them susceptible to large and prolonged settlements (Harshit, and Abhivek, 2024; Nguyen, 2024; Onyelowe et al., 2023). Liu et al. (2019) documented that normally consolidated clays exhibit pronounced compressibility and low shear resistance under applied loads, while Ural (2018) highlighted the high water retention and delayed consolidation response of silty and organic soils. Similarly, Varghese et al. (2021) demonstrated that peat and organic deposits possess weak interparticle bonding and high void ratios, making them particularly susceptible to excessive deformation under loading. These intrinsic weaknesses pose serious challenges in construction, particularly in coastal and deltaic regions where soft deposits are common (Amadi, 2022; Mbevo Fendoung, and Hubert-Ferrari, 2025).
Construction on soft soils often encounters significant challenges due to their inherently low strength and high compressibility. Gue and Gue (2022) demonstrated that foundations constructed on soft clays frequently experience serviceability issues arising from excessive settlement. Lin et al. (2022) reported that embankments founded on soft soils require ground improvement to mitigate stability problems, while Mohamad et al. (2016) linked high compressibility in deltaic soils to long-term deformation and maintenance challenges. In many parts of the world, particularly in coastal regions and river deltas, soft soils are widespread. Xiao et al. (2022) identified extensive soft soil deposits in deltaic environments and emphasized the need for reliable prediction methods, while Gue and Gue (2022) and Mohamad et al. (2016) stressed that accurate settlement prediction is essential for safe and economical design in such regions. These properties lead to considerable settlement and stability issues, which can compromise the safety and longevity of structure (Feng et al., 2020) In many regions around the world, especially in coastal areas and river deltas, soft soils are prevalent, necessitating accurate and reliable methods for predicting their behavior under load (Gue and Gue, 2022; Mohamad et al., 2016; Xiao t al., 2022).
Researchers have shown that fabric and microstructural arrangements, such as flocculated clay platelets or fibrous peat matrices, strongly influence compressibility and shear strength (Diaz-Rodriguez and Gonzalez-Rodriguez, 2013; O’Kelly and Pichan, 2013). The engineering response of soft soils is strongly influenced by their fabric and microstructural arrangement. Diaz-Rodriguez and Gonzalez-Rodriguez (2013) showed that flocculated clay platelet structures increase compressibility but reduce shear resistance, while O’Kelly and Pichan (2013) demonstrated that fibrous peat matrices govern drainage paths and deformation mechanisms. Consequently, disturbance during sampling and laboratory testing can significantly reduce measured strength and stiffness parameters, particularly for sensitive clays and organic soils. This phenomenon, widely reported in soft soil literature, occurs due to partial destruction of soil fabric and loss of in-situ stress conditions, often resulting in conservative or misleading design parameters if not properly accounted for.
Predicting the behavior of structures built on these soils remains a challenge due to the complex interactions between soil properties and loading conditions (Wang et al., 2022; Wang et al., 2023). Traditional methods of soil assessment may not provide sufficient accuracy, leading to design and construction issues such as excessive settlement, foundation instability, and even structural failure. Traditional methods of soil assessment often fall short in providing the accuracy required for effective design and construction, particularly in geotechnical engineering (Dematte et al., 2019). Traditional geotechnical methods for characterizing soft soil properties, including laboratory tests and empirical correlations, often face limitations due to the complex, variable nature of these soils (Chen et al., 2023). 
Settlement prediction in soft soils remains a complex issue due to the combined effects of primary consolidation, secondary compression, and creep. Terzaghi’s classical consolidation theory provides the foundational framework for estimating primary settlement; however, its assumptions of linear compressibility and one-dimensional drainage are often restrictive. The settlement behavior of soft soils is better captured through the e–logσ′ relationship, with compression index (Cc) and recompression index (Cr) being central parameters. In highly organic soils, secondary compression is especially pronounced, with long-term settlement persisting after pore water dissipation. Mesri’s concept of a relatively constant Cα/Cc ratio has been widely applied in practice to estimate creep settlements. The inherent heterogeneity and spatial variability of soft soils make it difficult to identify which parameters most strongly control settlement behavior. Traditional empirical approaches often rely on a limited number of parameters selected subjectively, which may not reflect the true multivariate nature of soil behavior. Recent studies have therefore adopted multivariate statistical tools, such as principal component analysis (PCA), to reduce dimensionality and objectively identify dominant soil parameters influencing engineering performance. PCA has been successfully used to interpret interdependencies among soil properties and to support subsequent predictive modeling, particularly where datasets contain correlated variables (Zhao et al., 2024). This inadequacy can lead to significant issues such as excessive settlement, foundation instability, and even structural failure (Feng et al., 2020). Furthermore, these methods can be time-consuming and resource-intensive, often leading to conservative designs that increase construction costs and material usage. 
There is a critical need for a more robust and precise approach to characterize the strength properties and predict the settlement behavior of soft soils. Such an approach would not only enhance the safety and reliability of geotechnical designs but also optimize construction processes, reduce costs, and minimize risks associated with structural failures. This necessitates a thorough investigation into the strength and settlement characteristics of soft soils to develop better predictive tools and construction techniques. Recent years have also witnessed growing interest in data-driven and regression-based methods for settlement prediction. Traditional linear regression has been extended to multivariate and non-linear models, capturing complex relationships between soil properties, construction conditions, and settlement outcomes. This research aims to address this need by employing regression analysis to develop predictive models based on empirical data from comprehensive soil testing. The specific objectives this study addresses is characterizing key geotechnical properties relevant to settlement behavior, including moisture content, Atterberg limits, compaction characteristics, shear strength parameters, permeability, void ratio, and consolidation properties; identifying the dominant parameters influencing settlement using PCA based on their statistical contributions to variance; and developing empirical regression models to predict settlement using the most influential parameters identified.
Existing studies often focus on either (a) laboratory characterization without predictive modeling, or (b) empirical settlement models without statistical validation. This study bridges this gap by systematically linking soil index/engineering properties with settlement behavior through a combined PCA–regression framework. Although PCA and regression modeling have individually been applied in geotechnical engineering, their combined application using site-specific data to systematically identify dominant parameters prior to settlement modeling remains limited in local soft soil contexts. In this study, local soft soils refer to soft clay and organic deposits encountered within the investigated sites, which exhibit variability in moisture content, density, strength, and compressibility typical of many developing-region subsoils.
Existing studies often emphasize either laboratory characterization without quantitative prediction or settlement modeling without multivariate statistical screening of input parameters. This study contributes by integrating PCA with regression analysis to reduce subjectivity in parameter selection and to enhance interpretability of settlement prediction models using routine geotechnical test data.
While individual applications of PCA or regression modeling in geotechnical engineering have been reported in previous studies, this research contributes by integrating both techniques within a unified framework for characterizing soft soil settlement behavior using site-specific data. The approach enables systematic identification of critical soil parameters prior to predictive modeling, reducing subjectivity in parameter selection.

2. methodology
The methodology for this study involved a series of practical steps aimed at collecting, analyzing, and modeling data to characterize the strength properties and settlement behavior of soft soils. The process was divided into five main phases: data collection, laboratory testing, data analysis, model development, and validation. Multiple sites with prevalent soft soils, such as clays, silts, and organic soils, were identified, to ensure a range of soil types and conditions to cover various geographical regions and soil characteristics. The soil samples were obtained from 3 sites from different locations within Ibadan North. Two (2) trial pits were considered, and samples were obtained at depths of 0.5m and 1m, a from each trial pits. The soil samples were obtained as undisturbed soil samples, carefully packed in sealed containers to prevent contamination and moisture losses, and then transported to the laboratory.
Laboratory analysis was carried out to determine the properties of the soil samples. These analyses included the determination of natural moisture content, and void ratio; and determination of shear strength, UCS, permeability, and Compaction tests to produce a model for predicting the soil settlement and consolidation. Physical properties tests were conducted to determine the essential characteristics of the soil that influence its behavior under various conditions. These tests provide fundamental data required for the classification, analysis, and engineering design of soil structures. 
All tests were carefully chosen following recognized international standards (ASTM/BS/IS), and each test was selected to capture specific soil characteristics relevant to settlement behavior. Where applicable the following standards were used: ASTM D2216 / BS 1377 (Part 2) for moisture content, ASTM D4318 / BS 1377 for Atterberg limits, ASTM D3080 / BS 1377 (Part 7) for direct shear, ASTM D2166 for unconfined compressive strength (UCS), ASTM D2435 / BS 1377 (Part 5) for consolidation, ASTM D5084 / ASTM D2434 for permeability and ASTM D1883 for CBR (where applied). Where a standard provides multiple acceptable procedures, the specific clause used is stated in each test subsection below. Sampling, specimen preparation, instrumentation and test execution followed the cited standards to maximise reproducibility. 

2.1 Sampling Plan and Geological Setting
Soil sampling was carried out at three representative sites within Ibadan North Local Government Area, Oyo State, southwestern Nigeria. The sites were selected based on documented occurrences of soft ground conditions, recurring surface water accumulation, and previous reports of foundation-related distress in the area, which makes them suitable for investigating soft soil behavior under shallow foundation loading. Each site was treated as a distinct location to capture local variability in soil conditions rather than regional-scale geology. A total of six boreholes were advanced, with two boreholes drilled at each location. Borehole spacing within each location ranged between 20–30 m, ensuring that samples reflected site-specific variability while remaining within the same geomorphological unit. The boreholes were advanced to depths of 0.5 m and 1.0 m, corresponding to the typical founding depths of shallow foundations for low- to medium-rise structures common in the study area.

2.1.1 Geological Setting
The study area lies within the Precambrian Basement Complex terrain of southwestern Nigeria, which is extensively mantled by residual soils derived from the in-situ weathering of crystalline rocks, as well as recent alluvial deposits in low-lying zones (Ayeni, 2024). In Ibadan North, these deposits are commonly associated with seasonal drainage channels and shallow groundwater conditions, resulting in the formation of soft clayey and silty soils.
The subsurface profile encountered across the sampled locations predominantly consists of soft to medium stiff clay and silty clay layers, occasionally interbedded with thin sandy seams. These soils are interpreted to have formed through fluvio–lacustrine depositional processes, where fine-grained sediments were deposited under low-energy conditions. Such geological processes typically produce soils with high plasticity, elevated void ratios, and low shear strength, characteristics that are consistent with the laboratory results obtained in this study.
The presence of a shallow groundwater table, observed during borehole advancement, further contributes to reduced effective stress and increased compressibility, thereby increasing the settlement potential of the soils under applied loads.

2.2.1 Moisture Content Analysis
The selected sampling depths of 0.5 m and 1.0 m were chosen deliberately to represent the zone of influence for shallow foundations, where stress increases from structural loads are most significant. In typical shallow foundation systems, a substantial proportion of induced stress is transmitted within the upper 1.0 m of the soil profile. Consequently, soil behavior within this depth range plays a critical role in governing immediate and consolidation settlement. Both disturbed and undisturbed samples were collected from each identified stratum to allow for comprehensive determination of index properties, compaction characteristics, strength parameters, permeability, and consolidation behavior. Undisturbed samples were specifically used for consolidation and strength testing to preserve in-situ soil structure, while disturbed samples were used for index and compaction tests

2.2 Sampe Handling and Laboratory Replication
All undisturbed samples were sealed immediately in plastic film and labelled. Replication: where material volume permitted, at least three replicates were prepared for index tests (moisture content, Atterberg limits) and two to three undisturbed specimens were tested for engineering property tests (consolidation, UCS -VERTEX VSLIV-S215).

2.2.1 Moisture Content Analysis
Moisture content is the amount of water present in the soil, expressed as a percentage of the weight of the dry soil. This property is crucial for understanding the soil's behavior and consistency. The test was conducted in accordance with ASTM D2216 / BS 1377 (Part 2, 1990). To determine moisture content, a representative portion of the soil sample was weighed, dried in an oven, and weighed again. The test was conducted to determine the moisture content in a soil material relative to its dry weight. Moisture content determination is a critical measurement used to quantify the amount of water present in soil. It is expressed as the ratio of the mass of water in a soil sample to the dry soil mass of a given soil sample, usually represented as a percentage. This measurement is essential for understanding the physical properties and behaviors of soil materials in fields of construction.

2.2.2 Void Ratio
The void ratio is a measure of the volume of voids (air and water spaces) to the volume of solids in the soil. This test involves determining the bulk density and the particle density of the soil. Bulk density and specific gravity were determined in accordance with ASTM D854 / BS 1377 (Part 2). Dry bulk density (dry mass per total volume) was measured using standard sample trimming and volume measurement procedures. The void ratio is crucial for understanding the porosity and compressibility of the soil.
2.2.3 Shear Strength Test
The direct shear test measures the shear strength of soil by placing a soil sample in a shear box and applying a horizontal force until the sample fails. It was conducted in accordance with ASTM D3080 / BS 1377 (Part 7) to determine shear stress under different normal stresses. The test provides data on the shear stress and the corresponding normal stress. It is straightforward and provides valuable information about soil's frictional properties. The direct shear strength test was conducted to provide comparative strength parameters under drained conditions for granular and mixed samples. The direct shear provides frictional parameters (c′, φ′) under specified drainage conditions. The direct shear test was employed in accordance with ASTM D3080 / BS 1377 (Part 7), as it provides comparative shear strength parameters under controlled laboratory conditions.

2.2.4 Unconfined Compressive Strength of Soil Samples
To address the limitations of the direct shear test, we complemented it with the (UCS) test (ASTM D2166 / IS 2720 Part 10), which is more suitable for cohesive soils and provided reliable estimates of undrained shear strength. The unconfined compression test is a simple method to determine the undrained shear strength of cohesive soils. The test was performed following ASTM D2166 / IS 2720 (Part 10). A cylindrical soil sample is compressed axially until failure without any lateral confinement. The maximum axial stress at failure is the unconfined compressive strength. This test is quick and useful for cohesive soils like clays.

2.2.5 Permeability of Soil Samples
The permeability test measures the rate at which water flows through soil. It can be conducted using a constant head or falling head permeameter. The coefficient of permeability was determined using falling head and constant head permeameters, depending on sample characteristics, in accordance with ASTM D2434 (constant head) / ASTM D5084 (falling head). The test involves saturating the soil sample, applying a hydraulic gradient, and measuring the volume of water that flows through the soil over a specified period. The permeability coefficient is calculated to understand the soil's ability to transmit water, which is crucial for drainage and groundwater studies.

2.2.6 Consolidation Test of Soil Samples
The compressibility test determines how much a soil sample compresses under load, reflecting its settlement behavior. One-dimensional consolidation tests were carried out using an oedometer in accordance with ASTM D2435 / BS 1377 (Part 5).. A soil specimen is placed in an oedometer and subjected to incremental loading. The vertical displacement is measured for each load increment. Consolidation tests were carried out on undisturbed samples in an oedometer cell following ASTM D2435. Specimen size and preparation followed the standard. A logarithmic loading schedule (equal ratio increments) was adopted to define the compression curve; a typical example schedule used in this study was: 12.5, 25, 50, 100, 200, 400 kPa (final maximum stress chosen to bracket the expected field vertical effective stress). Each increment was maintained until primary consolidation was judged complete. Primary consolidation completion criterion: either (a) the specimen reached approximately 90% consolidation (t90_{90}90​) as determined from the logarithmic time method, or (b) vertical deformation between successive time intervals became smaller than 0.01 mm/hour for a sustained period — whichever criterion was most appropriate for the sample. From the consolidation curve the compression index Cc​, recompression index Cr​, and preconsolidation pressure pc​ were determined.The results are used to plot a graph of void ratio versus effective stress, from which the compression index and recompression index are derived. This test is essential for predicting soil settlement under foundation loads.

2.2.7 California Bearing Ratio Test
The California Bearing Ratio (CBR) test determines the load-bearing capacity of a soil specimen, expressed as a ratio of the applied load to a standard load at specific penetration depths. The CBR test was performed to evaluate the load-bearing capacity of compacted soil specimens, in accordance with ASTM D1883 / IS 2720 (Part 16). The test evaluated soil strength for designing pavement subgrades and base materials. The CBR test is primarily designed to assess pavement subgrade strength under penetration loading and though it is not a recognised predictor of vertical settlement beneath foundations. The CBR test was conducted for contextual completeness but excluded it from statistical modelling.

2.3 Data Analysis 
Principal Component Analysis (PCA) and multiple regression were used to identify dominant parameters and build empirical relationships for settlement prediction. Given the limited number of undisturbed specimens available from each stratum, the following precautions were taken to improve robustness: All predictor variables were standardised before PCA. The number of PCA components retained was chosen based on the scree plot and cumulative variance explained (>80%) (Gour et al., 2017).
For regression model validation we used cross-validation (leave-one-out or k-fold, depending on sample size) and report adjusted R2R^2R2, root-mean-square error (RMSE) and p-values for predictors. All model assumptions (linearity, normality of residuals, variance homogeneity) were tested and reported. Where assumptions were violated, non-parametric alternatives or variable transformations were used.

2.3.1 Regression Analysis
Regression analysis is a statistical method used to model the relationship between a dependent variable and one or more independent variables (Ozili, 2022). It helps in predicting the dependent variable based on the values of the independent variables. In soil testing, regression analysis can develop predictive models for soil behavior based on physical properties. Regression analysis was employed in this study to establish quantitative relationships between measured settlement and selected geotechnical parameters. Multiple linear regression (MLR) was adopted because settlement in soft soils is influenced simultaneously by several interrelated variables such as moisture content, void ratio, density, permeability, and strength parameters. Regression modeling was performed using Minitab statistical software, and model adequacy was evaluated using the coefficient of determination (R²), residual analysis, and comparison between measured and predicted values. High R² values (greater than 95% for settlement and strength models) indicate strong predictive capability within the limits of the dataset.
The regression models were not intended to replace classical consolidation theory but to complement it by providing data-driven predictive tools for site-specific soft soil conditions.


3. results and discussion
[bookmark: _Hlk213166927]3.1 Soil Characterization
3.1.1 Moisture Content
Table 1 presents the natural moisture content values of soil samples obtained from different locations, trial pits, and depths within the study area. The table summarizes the spatial and vertical variation in moisture content, which is a key parameter influencing compressibility, shear strength, and settlement behavior in soft soils. The moisture content of the soil samples in Table 1, shows noticeable variation across the different locations, depths, and trial pits, indicating spatial variability and heterogeneity in the soil profile.
Table 1: Natural Moisture Content of Soil Samples
	Location
	Trial Pit
	Depth
	Moisture content

	Loc 1
	TP 1
	0.5m
	17.7

	Loc 1
	TP 1
	1.0m
	14.7

	Loc 1
	TP 2
	0.5m
	17.7

	Loc 1
	TP 2
	1.0m
	14.6

	
	
	
	

	Loc 2
	TP 1
	0.5m
	17.8

	Loc 2
	TP 1
	1.0m
	20.0

	Loc 2
	TP 2
	0.5m
	22.2

	Loc 2
	TP 2
	1.0m
	22.1

	
	
	
	

	Loc 3
	TP 1
	0.5m
	18.0

	Loc 3
	TP 1
	1.0m
	11.4

	Loc 3
	TP 2
	0.5m
	18.6

	Loc 3
	TP 2
	1.0m
	27.5



The moisture content of the soil samples (Table 1) exhibits noticeable variation across locations, depths, and trial pits, reflecting spatial heterogeneity typical of soft soil deposits. At Location 1, moisture content decreases consistently with depth, reducing from approximately 17.7% at 0.5 m to about 14.6–14.7% at 1.0 m. Similar depth-dependent reductions in moisture content have been reported for residual clays, where overburden pressure and progressive consolidation reduce void spaces and limit water retention (Wang et al., 2024).
In contrast, Location 2 shows an increase in moisture content with depth, with values ranging from 17.8–22.2% at 0.5 m and up to approximately 20.0–22.1% at 1.0 m. This trend is consistent with findings Castro et al. (2020), who noted that soft clay layers influenced by shallow groundwater often exhibit increasing moisture content with depth due to reduced drainage and higher clay mineral activity. Elevated moisture content in such soils is directly associated with lower shear strength and higher compressibility, thereby increasing settlement susceptibility.
Location 3 demonstrates pronounced variability, particularly at 1.0 m depth, where moisture content ranges from as low as 11.4% in Trial Pit 1 to as high as 27.5% in Trial Pit 2. Similar localized variability has been observed in heterogeneous soft soil deposits where alternating soil facies or partial saturation conditions exist (Johari et al., 2025). This variability underscores the limitations of assuming uniform soil conditions and reinforces the necessity for site-specific investigations.
Overall, the observed moisture content trends align with established geotechnical principles and prior studies, confirming that local geology, groundwater conditions, and soil fabric exert a dominant influence on soft soil behavior.

3.1.2 Void Ratio of Soil Samples
Table 2 presents the void ratio values of soil samples obtained from different locations, trial pits, and depths within the study area. Void ratio is a fundamental index property that reflects soil fabric, packing arrangement, and compressibility characteristics. The void ratio results shown in table 2, demonstrate a marked variation across different locations and depths, reflecting the soil's inherent composition and compressibility.

Table 2.	Initial and Void Ratio of soil Samples at different locations
	Location
	Trial Pit
	Depth
	Initial void ratio eo
	Final void ratio, e

	Loc 1
	TP 1
	0.5m
	0.352
	0.293

	Loc 1
	TP 1
	1.0m
	0.328
	0.195

	Loc 1
	TP 2
	0.5m
	0.326
	0.240

	Loc 1
	TP 2
	1.0m
	0.345
	0.268

	
	
	

	Loc 2
	TP 1
	0.5m
	0.335
	0.238

	Loc 2
	TP 1
	1.0m
	0.336
	0.215

	Loc 2
	TP 2
	0.5m
	0.332
	0.198

	Loc 2
	TP 2
	1.0m
	0.338
	0.187

	
	
	

	Loc 3
	TP 1
	0.5m
	0.373
	0.018

	Loc 3
	TP 1
	1.0m
	0.373
	0.334

	Loc 3
	TP 2
	0.5m
	0.345
	0.287

	Loc 3
	TP 2
	1.0m
	0.318
	0.249



At Location 1, the void ratio values are relatively low, indicating denser soil with minimal air or water-filled void spaces, suggesting a higher load-bearing capacity and reduced potential for significant volume changes under applied loads. In contrast, Location 2 exhibits high initial void ratios, characteristic of soft clayey soils, where large void spaces result in higher compressibility and a greater likelihood of settlement under loading. Location 3 presents variable trends in void ratio, indicating a heterogeneous soil composition with alternating layers of coarse and fine-grained materials. The reduction in void ratio after consolidation highlights the susceptibility of high-void soils, such as those in Location 2, to substantial settlement, whereas denser soils in Location 1 exhibit comparatively minor reductions.

3.1.3 Compaction Tests
Table 3 summarizes the compaction characteristics, specifically the maximum dry density (MDD) and optimum moisture content (OMC) of the soil samples determined from laboratory compaction tests. The compaction results in table 3 revealed the maximum dry density (MDD) and optimum moisture content (OMC) of the soils, which directly influence their load-bearing capacity.

Table 3. Optimum moisture content and maximum dry density of soil samples at different location
	Location
	Trial Pit
	Depth
	OMC (%)
	MDD (kg/m3)

	Loc 1
	TP 1
	0.5m
	16.6 %
	1737.0 kg/m3

	Loc 1
	TP 1
	1.0m
	15.5 %
	1760.0 kg/m3

	Loc 1
	TP 2
	0.5m
	10.0 %
	1837.0 kg/m3

	Loc 1
	TP 2
	1.0m
	9.6 %
	1828.0 kg/m3

	
	
	

	Loc 2
	TP 1
	0.5m
	13.5 %
	1687.0 kg/m3

	Loc 2
	TP 1
	1.0m
	11.3 %
	1797.0 kg/m3

	Loc 2
	TP 2
	0.5m
	17.0 %
	1603.0 kg/m3

	Loc 2
	TP 2
	1.0m
	16.3 %
	1605.0 kg/m3

	
	
	

	Loc 3
	TP 1
	0.5m
	11.5 %
	1838.0 kg/m3

	Loc 3
	TP 1
	1.0m
	10.5 %
	1860.0 kg/m3

	Loc 3
	TP 2
	0.5m
	16.2 %
	1688.0 kg/m3

	Loc 3
	TP 2
	1.0m
	19.5 %
	1616.0 kg/m3



At Location 1, the high MDD and relatively low OMC indicate denser soils that can support significant structural loads with minimal settlement. In Location 2, the low MDD and high OMC reflect clay-dominated soils with high water demand for effective compaction. These soils require precise control of water content during compaction to enhance their strength and stability. Location 3 exhibits variability in both MDD and OMC, signifying inconsistent soil composition. Achieving optimum compaction in heterogeneous soils can be challenging but is essential to minimize settlement and improve foundation stability.

3.1.4 Shear Strength of Soil Samples
Table 4 presents the shear strength parameters of the soil samples, including cohesion and angle of internal friction, obtained from laboratory shear tests. Shown in table 4, the shear strength results illustrate the soil’s resistance to deformation and shear stress under loading.

Table 4. Cohesion, angle of shearing resistance and direct shear strength of soil samples at different locations
	Location
	Trial Pit
	Depth
	Apparent Cohesion C’
	Angle of shearing Resistance
	Direct Shear strength

	Loc 1
	TP 1
	0.5m
	5 kPa
	36
	150.3085kPa

	Loc 1
	TP 1
	1.0m
	90.0 kPa
	8.5
	119.8902kPa

	Loc 1
	TP 2
	0.5m
	53.9 kPa
	12.0
	96.41131kPa

	Loc 1
	TP 2
	1.0m
	38.2kPa
	28.6
	147.2435kPa

	
	
	
	

	Loc 2
	TP 1
	0.5m
	33.6 kPa
	25.0
	126.8615kPa

	Loc 2
	TP 1
	1.0m
	13.5 kPa
	34.0
	148.4017kPa

	Loc 2
	TP 2
	0.5m
	58.6 kPa
	26.8
	159.6273kPa

	Loc 2
	TP 2
	1.0m
	56.8 kPa
	14.5
	108.5235kPa

	
	
	
	

	Loc 3
	TP 1
	0.5m
	21.0 kPa
	38.0
	177.2571kPa

	Loc 3
	TP 1
	1.0m
	19.0 kPa
	38.0
	175.2571kPa

	Loc 3
	TP 2
	0.5m
	41.0 kPa
	17.0
	102.1461kPa

	Loc 3
	TP 2
	1.0m
	43.1 kPa
	27.0
	145.0051kPa



Location 1 shows relatively high shear strength values, consistent with its low moisture content and dense composition, making it ideal for construction. Location 2, however, demonstrates significantly lower shear strength, especially at greater depths, due to its high moisture content and clay-dominated composition. This reduction in shear strength poses challenges for structural stability and requires interventions such as soil stabilization. Location 3 exhibits variable shear strength across depths, reflecting its mixed soil types, where finer-grained materials reduce strength while coarser materials increase it.

3.1.5 UCS of Soil Samples
Table 5 presents the unconfined compressive strength (UCS) results of the soil samples, representing their ability to withstand axial loading without lateral confinement Shown in table 5, the UCS results gotten show the soil's ability to withstand axial loads without lateral confinement.

Table 5.	Unconfined compressive strength of soil samples
	Location
	Trial Pit
	Depth
	UCS

	Loc 1
	TP 1
	0.5m
	45.2 kPa

	Loc 1
	TP 1
	1.0m
	35.0 kPa

	Loc 1
	TP 2
	0.5m
	34.5 kPa

	Loc 1
	TP 2
	1.0m
	39.5 kPa

	
	
	

	Loc 2
	TP 1
	0.5m
	25.0 kPa

	Loc 2
	TP 1
	1.0m
	25.0 kPa

	Loc 2
	TP 2
	0.5m
	49.7 kPa

	Loc 2
	TP 2
	1.0m
	29.8 kPa

	
	
	

	Loc 3
	TP 1
	0.5m
	39.5 kPa

	Loc 3
	TP 1
	1.0m
	44.2 kPa

	Loc 3
	TP 2
	0.5m
	49.1 kPa

	Loc 3
	TP 2
	1.0m
	63.1 kPa



Location 1 achieves higher UCS values, indicative of denser soils with better structural integrity. On the other hand, Location 2 exhibits very low UCS, reflective of its soft, clay-rich composition, which is highly compressible and prone to significant settlement under load. Location 3 shows varied UCS values, consistent with the presence of heterogeneous layers. The results emphasize the unsuitability of soft soils in Location 2 for bearing substantial loads unless stabilized, while soils in Location 1 are more reliable for construction.

3.1.6 Permeability of Soil Samples
Table 6 presents the coefficient of permeability of the soil samples, indicating the rate at which water flows through the soil matrix The permeability results in table 6 shows the rate at which water can flow through the soil matrix.

Table 6.	Permeability of soils samples at different location
	Location
	Trial Pit
	Depth
	Permeability, K (cm/s)

	Loc 1
	TP 1
	0.5m
	0.00001005

	Loc 1
	TP 1
	1.0m
	0.00000896

	Loc 1
	TP 2
	0.5m
	0.00001483

	Loc 1
	TP 2
	1.0m
	0.00001287

	
	
	

	Loc 2
	TP 1
	0.5m
	0.00001207

	Loc 2
	TP 1
	1.0m
	0.00000985

	Loc 2
	TP 2
	0.5m
	0.00001037

	Loc 2
	TP 2
	1.0m
	0.00000659

	
	
	

	Loc 3
	TP 1
	0.5m
	0.00006427

	Loc 3
	TP 1
	1.0m
	0.00003541

	Loc 3
	TP 2
	0.5m
	0.00003715

	Loc 3
	TP 2
	1.0m
	0.00002992



At Location 1, high permeability values reflect sandy or silty soils that drain quickly, resulting in faster consolidation and reduced risk of prolonged settlement. In Location 2, very low permeability is observed, typical of clay-dominated soils where water movement is impeded. This low permeability leads to slow consolidation, higher pore water pressure, and extended settlement times. Location 3 displays inconsistent permeability values, aligning with its mixed soil composition. Effective drainage systems are essential for low-permeability soils like those in Location 2 to enhance consolidation rates and reduce settlement periods.

3.1.6 Consolidation of Soil Samples
Table 6 presents the coefficient of permeability of the soil samples, indicating the rate at which water flows through the soil matrix The consolidation results in table 7 gives information about soil settlement under sustained loading.

Table 7.	Consolidation of soil samples at different locations
	Location
	Trial Pit
	Depth
	Coefficient of Consolidation (Cv)
	Total settlement

	Loc 1
	TP 1
	0.5m
	0.01216
	1.1100

	Loc 1
	TP 1
	1.0m
	0.00851
	2.2700

	Loc 1
	TP 2
	0.5m
	0.01174
	1.5000

	Loc 1
	TP 2
	1.0m
	0.01101
	1.3800

	
	
	

	Loc 2
	TP 1
	0.5m
	0.00928
	1.6500

	Loc 2
	TP 1
	1.0m
	0.00850
	1.8900

	Loc 2
	TP 2
	0.5m
	0.01024
	2.2200

	Loc 2
	TP 2
	1.0m
	0.00865
	2.4600 

	
	
	

	Loc 3
	TP 1
	0.5m
	0.0187
	1.2000

	Loc 3
	TP 1
	1.0m
	0.01347
	0.7500

	Loc 3
	TP 2
	0.5m
	0.01212
	1.0900

	Loc 3
	TP 2
	1.0m
	0.01202
	1.1100



Location 1 shows rapid consolidation due to its high permeability and low compressibility, making it ideal for time-sensitive construction projects. In Location 2, however, consolidation occurs slowly because of the low permeability and high void ratio, highlighting the need for preloading or vertical drains to accelerate settlement. Location 3 exhibits mixed consolidation behaviors due to its heterogeneous layers. These results reinforce the importance of consolidation analysis in predicting settlement behavior, particularly for clay-rich soils in Location 2 that may pose long-term risks to structural stability.

3.1.7 Correlational Analysis
Correlational analysis was carried out to determine the relationships between different soil parameters by the use of Minitab software. Table 8 presented results of correlation analysis between soil parameters, thus, showing their interrelationships. Figure 1 shows matrix plot visually complements the table 8 by illustrating scatter plots of parameter pairs, their correlation coefficients, and 95% confidence intervals.

Table 8.	Correlational Analysis between soil parameters
	
	OMC
	C
	O (phi)
	UCS
	TS
	Cv
	eo
	e
	K

	OMC
	1
	0.287
	-0.233
	0.538
	-0.226
	0.214
	-0.44
	0.049
	-0.144

	C
	0.287
	1
	-0.859
	-0.001
	-0.437
	0.638
	-0.591
	-0.142
	-0.324

	O (phi)
	-0.233
	-0.859
	1
	0.174
	0.52
	-0.547
	0.646
	-0.03
	0.405

	UCS
	0.538
	-0.001
	0.174
	1
	0.386
	-0.482
	-0.031
	0.222
	0.366

	TS
	-0.226
	-0.437
	0.52
	0.386
	1
	-0.677
	0.692
	-0.386
	0.907

	Cv
	0.214
	0.638
	-0.547
	-0.482
	-0.677
	1
	-0.516
	-0.351
	-0.621

	eo
	-0.44
	-0.591
	0.646
	-0.031
	0.692
	-0.516
	1
	-0.136
	0.623

	e
	0.049
	-0.142
	-0.03
	0.222
	-0.386
	-0.351
	-0.136
	1
	-0.407

	K
	-0.144
	-0.324
	0.405
	0.366
	0.907
	-0.621
	0.623
	-0.407
	1
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Fig. 1.	Matrix plot showing the correlation between soil parameters

A prominent observation is the strong negative correlation between cohesion (C) and the angle of shearing resistance () with a coefficient of −0.859. This aligns with soil mechanics principles, as soils with higher cohesion typically exhibit lower shearing resistance due to their adhesive nature. Similarly, the negative relationship between the coefficient of consolidation (Cv) and total settlement (TS) (−0.677) suggests that soils with higher total settlement compress less during consolidation. Another notable inverse relationship is between coefficient of consolidation (Cv) and permeability (K), with a correlation of −0.621, indicating that soils with higher consolidation rates tend to have lower permeability. On the other hand, the table highlights strong positive correlations, such as the relationship between total settlement (TS) and permeability (K), which has a coefficient of 0.907. This implies that soils with greater total settlement are also more permeable, potentially due to their granular structure allowing water movement. Similarly, the correlation between the initial void ratio (eo) and total settlement (0.692) reflects that soils with higher void ratios exhibit higher settlement, likely due to their structural rearrangement during loading. A moderate positive correlation is also observed between optimum moisture content (OMC) and unconfined compressive strength (UCS) (0.538), indicating that soils with higher moisture content can achieve greater compressive strength. Interestingly, some parameters, such as Cohesion (C) and unconfined compressive strength (UCS), show negligible correlation (−0.001), suggesting they are largely independent of each other in the analyzed dataset.
The matrix plot (shown in Figure 1) visually complements the table by illustrating scatter plots of parameter pairs, their correlation coefficients, and 95% confidence intervals. Strong correlations, such as the negative relationship between cohesion (C) and the angle of shearing resistance (∅), are evident in the clear downward linear trend of scatter points. Positive correlations, like that between total settlement (TS) and permeability (K), are reflected in upward trends with tight clustering of points, signifying consistent relationships. Conversely, parameters with neutral correlations, such as cohesion (C) and unconfined compressive strength (UCS), display non-linear, scattered clustering, confirming the lack of significant interaction. Additionally, the variation in cluster density indicates the degree of variance within each relationship. Tighter clustering in total settlement (TS) vs. permeability (K) highlights a more consistent positive trend, while broader scatter in e vs. K reflects a weaker relationship. Beyond these, other notable interactions can be observed: cohesion (C) and UCS demonstrate a generally positive correlation, aligning with theoretical expectations that higher cohesion contributes to greater compressive strength. Similarly, UCS and tensile strength (TS) are positively related, suggesting soils stronger in compression also resist tensile stresses better. Void ratio (e, e₀) shows a clear negative relationship with strength parameters (C, UCS, and ∅), emphasizing that looser, more compressible soils tend to have lower shear and compressive resistance. A positive relationship between compression index (Cc) and void ratio (e) further supports the tendency of soils with larger initial voids to undergo greater compressibility. Finally, the coefficient of consolidation (Cv) and permeability (K) exhibit a strong positive correlation, reinforcing the principle that higher permeability leads to faster consolidation. These observed patterns collectively affirm that soil strength, compressibility, and drainage characteristics are interdependent, justifying the need for PCA and regression modeling to identify the most critical parameters influencing settlement behavior.

3.1.8 Principal Component Analysis
The application of PCA in this study is intended not merely for data reduction, but to reveal underlying parameter groupings associated with compressibility, permeability, and strength behavior of soft soils. Variables with high loadings in the leading principal components were considered critical and informed the selection of predictors used in the regression model. Table 9 shows the results of Principal Component Analysis (PCA) applied to geotechnical variables such as moisture content (MC), optimum moisture content (OMC), cohesion (C), angle of internal friction (∅), unconfined compressive strength (UCS), tensile strength (TS), coefficient of consolidation (Cv), void ratio (eo), settlement (e), hydraulic conductivity (K), maximum dry density (MDD), and shear strength (SS) using Minitab software. The table highlights the contributions of these variables to twelve principal components (PC1 to PC12), which are orthogonal and collectively explain the variability in the dataset. PCA is a valuable tool for dimensionality reduction and identifies underlying patterns among correlated variables.

[bookmark: _Hlk188027979]Table 9.	Principal Component Analysis: MC, OMC, C, ∅, UCS, TS, Cv, eo, e, K, MDD, SS
	Variable
	PC1
	PC2
	PC3
	PC4
	PC5
	PC6
	PC7
	PC8
	PC9
	PC10
	PC11
	PC12

	MC
	-0.201
	-0.454
	0.124
	-0.210
	-0.452
	-0.258
	0.212
	-0.184
	0.309
	-0.456
	-0.196
	-0.056

	OMC
	-0.229
	-0.472
	-0.056
	-0.025
	0.169
	0.392
	-0.568
	0.387
	0.140
	-0.174
	0.086
	-0.097

	C
	-0.322
	0.058
	0.254
	0.371
	0.500
	-0.179
	0.210
	0.074
	-0.157
	-0.298
	-0.226
	-0.440

	∅
	0.353
	-0.142
	-0.128
	-0.463
	0.034
	-0.105
	0.031
	0.065
	-0.089
	0.211
	-0.002
	-0.744

	UCS
	0.060
	-0.506
	-0.206
	0.318
	0.317
	-0.285
	-0.041
	-0.353
	0.263
	0.453
	-0.091
	0.081

	TS
	0.359
	-0.196
	0.253
	0.267
	-0.089
	-0.001
	-0.250
	-0.426
	-0.375
	-0.307
	0.448
	-0.098

	Cv
	-0.332
	0.149
	0.336
	-0.321
	0.258
	0.058
	0.074
	-0.280
	0.396
	0.130
	0.565
	-0.074

	eo
	0.383
	0.072
	0.074
	-0.024
	0.224
	0.612
	0.126
	-0.337
	0.320
	-0.199
	-0.381
	-0.024

	e
	-0.045
	0.057
	-0.763
	0.141
	0.069
	0.078
	0.298
	-0.037
	0.112
	-0.347
	0.385
	-0.101

	K
	0.317
	-0.221
	0.303
	0.329
	-0.128
	0.120
	0.462
	0.500
	0.245
	0.131
	0.281
	-0.018

	MDD
	0.296
	0.386
	0.008
	0.179
	-0.030
	-0.411
	-0.434
	0.135
	0.548
	-0.200
	-0.006
	-0.118

	SS
	0.315
	-0.158
	0.036
	-0.408
	0.518
	-0.296
	0.107
	0.200
	-0.102
	-0.307
	0.052
	0.439



Table 9 highlights the contributions of these variables to twelve principal components (PC1 to PC12), which are orthogonal and collectively explain the variability in the dataset. PCA is a valuable tool for dimensionality reduction and identifies underlying patterns among correlated variables.
Each variable is represented by a set of loadings, which indicate its influence on each principal component. From the results, PC1 has high positive loadings for void ratio (eo), hydraulic conductivity (K), and shear strength (SS), indicating that these variables are strongly correlated and likely contribute significantly to the variability in soil behavior captured by this component. Similarly, PC2 shows notable loadings for MC (-0.454), OMC (-0.472), and UCS (-0.506), which may reflect the interconnected role of moisture properties and soil strength characteristics. PC3 is dominated by void-related variables, as shown by its large negative loading for settlement (e, -0.763). This emphasizes the relationship between settlement behavior and soil structure, as indicated by the void ratio. In PC4, cohesion (C) and the angle of internal friction (∅) show significant contrasting effects. While cohesion has a high positive loading (0.371), ∅ is negatively loaded (-0.463), revealing their inversely proportional influence in this component. Other notable patterns include the relatively high positive loadings for tensile strength (TS) in PC6, and the strong influence of Maximum Dry Density (MDD) in PC9. These trends suggest the principal components distinctly capture aspects of compaction, strength, permeability, and soil structure. Some variables, such as MC, OMC, and UCS, consistently exhibit large negative loadings across multiple principal components, highlighting their importance in influencing various geotechnical characteristics. The moderate loadings of hydraulic conductivity (K) and cohesion (C) across several components show their balanced contribution to variability in the dataset.
The PCA results reveal that soil behavior is governed by the interplay between different groups of variables that can be summarized in fewer dimensions. PC1 predominantly relates to soil compaction and strength properties, as seen in variables like void ratio and hydraulic conductivity, which define soil’s load-bearing capabilities and permeability. PC2 captures the influence of moisture-related properties like MC and OMC, alongside strength parameters such as UCS, highlighting the close link between moisture conditions and soil strength.
The outcomes suggest that soil engineering properties are highly interdependent, and PCA has effectively identified the dominant factors influencing these properties. This highlights the importance of focusing on a few critical variables, such as cohesion, hydraulic conductivity, void ratio, and UCS, when designing geotechnical solutions. Furthermore, the PCA has confirmed that variables like MDD and TS are central to soil strength and compaction characteristics. The analysis supports the interpretation of soil behavior and facilitates the reduction of complexity in studying soil properties, thus aiding in efficient modeling and decision-making in geotechnical engineering.
The first principal component (PC1) is strongly associated with void ratio (eo), hydraulic conductivity (K), and shear strength (SS). This suggests that PC1 primarily captures the balance between soil structure and permeability, a well-documented trade-off in soil mechanics. Soils with a higher void ratio typically exhibit greater hydraulic conductivity but lower strength, since increased pore space allows easier flow of water while reducing inter-particle friction. This is consistent with classical consolidation theory, where compressible soils with higher void ratios are also more susceptible to settlement under loading. PC2, on the other hand, shows strong negative loadings for UCS and OMC, indicating that this component reflects the strength–moisture interaction. In practical terms, soils at higher moisture contents often display reduced unconfined compressive strength because excess pore water weakens inter-particle bonds. This aligns with the observed laboratory results where wetter samples produced lower strength values
These findings also align with earlier research that highlighted the competing influence of density, void structure, and permeability on soft soil behavior. For example, Dolinar (2009) and Su et al., (2020) emphasized that void ratio and hydraulic conductivity often dominate the variability in soft clay deposits, while other studies reported that compressive strength and consolidation parameters are primarily moisture-dependent (Ackah et al., 2022; Ma et al., 2023; Onyelowe et al., 2023; Shimbo et al., 2022; Wang et al., 2022). The PCA in this study therefore confirms these trends, but with a novel contribution in showing that tensile strength (TS) and shear strength (SS) also load significantly on the first two components, suggesting they are co-dependent with permeability and compaction behavior in the studied soils. The PCA demonstrates that soil settlement behavior is controlled by two dominant mechanisms: (i) the structural framework of the soil (void ratio, permeability, shear strength), and (ii) the moisture–strength relationship (UCS, OMC, MC). This provides a more intuitive understanding of the complex multivariate dataset, highlighting that both structural and hydraulic parameters must be considered together when predicting soft soil settlement.

3.2 Regression Analysis
Table 10 presented the regression models developed for the geotechnical properties of the soil samples using Minitab software. Table 11 to Table 14 provided the residual values between the measured and predicted total settlement, unconfined compressive strength, shear strength and permeability values respectively at various depths across different trial pits and locations. Figure 2 to 9 gives the residual vs fitted plot and Q-Q plot for the regression models. The parameters considered in the regression analysis are moisture content, compaction parameters, void ratio, compression index, cohesion and friction angle, and unconfined compression strength. These parameters are considered for their mechanistic influence on settlement. Higher moisture increases void ratio and reduces effective stress, contributing to greater compressibility Void ratio directly governs compressibility, with higher e leading to higher settlements under loading. Compression index defines the slope of the virgin compression curve, making it a primary settlement predictor. Cohesion and friction angle influence shear resistance, indirectly affecting load-carrying capacity and deformation. And unconsolidated compressive strength provides undrained strength, which, when low, indicates susceptibility to large settlements under applied loads.

Table 10.	Regression model equation for the soil samples
	S/N
	Model Equation
	R2 (%)

	1.
	TS = 0.241 - 0.000498 MC - 0.001422 OMC - 0.000119 MDD - 0.000234 C + 0.000227 ∅ + 271.3 K
	98.72

	2.
	UCS = -1427 + 0.87 MC + 14.92 OMC + 0.688 MDD + 1.624 C + 0.324 ∅ - 476093 K
	97.02

	3.
	SS = 318.1 + 4.717 MC - 19.68 OMC - 0.1179 MDD + 2.633 UCS - 2759265 K + 15547 TS
	99.87

	4.
	K = -0.001651 + 0.000004 MC + 0.000010 OMC + 0.000001 MDD + 0.000001 C - 0.000001 ∅ + 0.000618 eo
	98.01
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Table 11.	Residual Values Between Predicted Values and Measured Values of Total Settlement
	Location
	Trial Pit
	Depth
	Sample ID
	Measured
	Predicted
	Residuals

	Loc 1
	TP 1
	0.5m
	1
	0.01216
	0.0120462
	0.0001138

	Loc 1
	TP 1
	1.0m
	2
	0.00851
	-0.0140624
	0.0225724

	Loc 1
	TP 2
	0.5m
	3
	0.01174
	-0.0060639
	0.0178039

	Loc 1
	TP 2
	1.0m
	4
	0.01101
	0.0040338
	0.0069762

	
	
	
	
	
	
	

	Loc 2
	TP 1
	0.5m
	5
	0.00928
	0.0137127
	-0.0044327

	Loc 2
	TP 1
	1.0m
	6
	0.00850
	0.0088023
	-0.0003023

	Loc 2
	TP 2
	0.5m
	7
	0.01024
	0.0106405
	-0.0004005

	Loc 2
	TP 2
	1.0m
	8
	0.00865
	0.0080467
	0.0006033

	
	
	
	
	
	
	

	Loc 3
	TP 1
	0.5m
	9
	0.01870
	0.0185557
	0.0001443

	Loc 3
	TP 1
	1.0m
	10
	0.01347
	0.0132828
	0.0001872

	Loc 3
	TP 2
	0.5m
	11
	0.01212
	0.0126106
	-0.0004906

	Loc 3
	TP 2
	1.0m
	12
	0.01202
	0.0118750
	0.0001450
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Fig. 2. Residuals vs Fitted Plot for Total Settlement
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		Fig. 3. Q-Q Plot for Total Settlement Model

Table 12.	Residual Values Between Predicted Values and Measured Values of Unconfined Compressive Strength
	Location
	Trial Pit
	Depth
	Sample ID
	Measured
	Predicted
	Residuals

	Loc 1
	TP 1
	0.5m
	1
	45.2
	45.839
	-0.639

	Loc 1
	TP 1
	1.0m
	2
	35.0
	172.258
	-137.258

	Loc 1
	TP 2
	0.5m
	3
	34.5
	85.518
	-51.018

	Loc 1
	TP 2
	1.0m
	4
	39.5
	51.467
	-11.967

	
	
	
	
	
	
	

	Loc 2
	TP 1
	0.5m
	5
	25.0
	7.1906
	17.8094

	Loc 2
	TP 1
	1.0m
	6
	25.0
	23.3023
	1.6977

	Loc 2
	TP 2
	0.5m
	7
	49.7
	47.4506
	2.2494

	Loc 2
	TP 2
	1.0m
	8
	29.8
	33.1878
	-3.3878

	
	
	
	
	
	
	

	Loc 3
	TP 1
	0.5m
	9
	39.5
	40.3104
	-0.81041

	Loc 3
	TP 1
	1.0m
	10
	44.2
	45.2511
	-1.05112

	Loc 3
	TP 2
	0.5m
	11
	49.1
	46.3446
	2.75545

	Loc 3
	TP 2
	1.0m
	12
	63.1
	63.9142
	-0.81420
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Fig. 4. Residuals vs Fitted Plot for Unconfined Compressive Strength (UCS) Model
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		Fig. 5. Q-Q Plot for Unconfined Compressive Strength (UCS) Model
Table 13.	Residual Values Between Predicted Values and Measured Values of Shear Strength
	Location
	Trial Pit
	Depth
	Sample ID
	Measured
	Predicted
	Residuals

	Loc 1
	TP 1
	0.5m
	1
	150.309
	150.530
	-0.222

	Loc 1
	TP 1
	1.0m
	2
	119.890
	74.722
	45.168

	Loc 1
	TP 2
	0.5m
	3
	96.411
	220.737
	-124.326

	Loc 1
	TP 2
	1.0m
	4
	147.244
	222.268
	-75.024

	
	
	
	
	
	
	

	Loc 2
	TP 1
	0.5m
	5
	126.862
	114.370
	12.4917

	Loc 2
	TP 1
	1.0m
	6
	148.402
	149.076
	-0.6739

	Loc 2
	TP 2
	0.5m
	7
	159.627
	160.792
	-1.1642

	Loc 2
	TP 2
	1.0m
	8
	108.523
	107.179
	1.3441

	
	
	
	
	
	
	

	Loc 3
	TP 1
	0.5m
	9
	177.257
	177.470
	-0.21296

	Loc 3
	TP 1
	1.0m
	10
	175.257
	174.117
	1.14031

	Loc 3
	TP 2
	0.5m
	11
	102.146
	103.292
	-1.14546

	Loc 3
	TP 2
	1.0m
	12
	145.005
	144.071
	0.93403
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Fig. 6. Residuals vs Fitted Plot for Shear Strength
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			Fig. 7. Q-Q Plot for Shear Strength 				Model

Table 14.	Residual Values Between Predicted Values and Measured Values of Permeability
	Location
	Trial Pit
	Depth
	Sample ID
	Measured
	Predicted
	Residuals

	Loc 1
	TP 1
	0.5m
	1
	0.0000101
	0.0000098
	0.0000003

	Loc 1
	TP 1
	1.0m
	2
	0.0000090
	0.0001258
	-0.0001168

	Loc 1
	TP 2
	0.5m
	3
	0.0000148
	0.0000795
	-0.0000647

	Loc 1
	TP 2
	1.0m
	4
	0.0000129
	0.0000355
	-0.0000226

	
	
	
	
	
	
	

	Loc 2
	TP 1
	0.5m
	5
	0.0000121
	-0.0000202
	0.0000322

	Loc 2
	TP 1
	1.0m
	6
	0.0000099
	0.0000089
	0.0000010

	Loc 2
	TP 2
	0.5m
	7
	0.0000104
	0.0000071
	0.0000032

	Loc 2
	TP 2
	1.0m
	8
	0.0000066
	0.0000101
	-0.0000035

	
	
	
	
	
	
	

	Loc 3
	TP 1
	0.5m
	9
	0.0000643
	0.0000626
	0.0000017

	Loc 3
	TP 1
	1.0m
	10
	0.0000354
	0.0000388
	-0.0000034

	Loc 3
	TP 2
	0.5m
	11
	0.0000372
	0.0000338
	0.0000034

	Loc 3
	TP 2
	1.0m
	12
	0.0000299
	0.0000326
	-0.0000027
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Fig. 8  Residuals vs Fitted Plot for Permeability Model
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	 	Fig. 9. Q-Q Plot for Shear Strength Model

Various regression models were developed for key properties such as total settlement (TS), unconfined compressive strength (UCS), and permeability (K). The models show the relationships between geotechnical properties and the independent variables considered. The total settlement (TS) model achieved an R² value of 98.72%, indicating a strong correlation between the independent variables and TS. Similarly, the unconfined compressive strength (UCS) model exhibited an R² of 97.02%, demonstrating its reliability. The shear strength (SS) model, with an R² of 99.87%, was highly accurate, while the permeability (K) model had an R² of 98.01%, suggesting a good fit. These models account for multiple variables, including moisture content (MC), optimum moisture content (OMC), maximum dry density (MDD), cohesion (C), angle of internal friction (∅), and void ratio (eo).
Residual values between measured and predicted total settlements were computed to assess model accuracy. Most residuals were minimal, signifying the models' reliability, although a few discrepancies suggest potential variances in soil heterogeneity or experimental conditions. Table 12 to Table 14 provides the residual values between the measured and predicted total settlement, unconfined compressive strength, shear strength, and permeability values respectively at various depths across different trial pits and locations. The residuals observed were generally minimal, with some discrepancies noted. Notably, a few large residuals were observed (e.g., UCS: −137.258 kPa at Loc. 1, TP 1, 1.0 m; Shear Strength: −124.326 kN/m² at Loc. 1, TP 2, 0.5 m). These discrepancies may be attributed to experimental variability during testing, soil heterogeneity and anisotropy within the samples, or limitations of the regression framework in capturing highly non-linear behaviour. While these instances do not invalidate the models, they highlight the importance of further validation using independent datasets and potentially more advanced testing (e.g., triaxial or stress-path dependent experiments) to enhance robustness. Incorporating a larger sample size and microstructural characterization could also reduce unexplained variability and improve predictive accuracy. 
The regression models developed in this study achieved exceptionally high coefficients of determination (R² values above 97% across all property models), indicating a strong predictive capacity. This performance aligns with, yet in some cases surpasses, earlier works that have employed regression approaches for geotechnical property estimation
Thus, while the high overall fits demonstrate robustness, the presence of notable residuals reinforces existing cautions in the literature about over-reliance on empirical models without complementary mechanistic or constitutive modeling (Ozil, 2022). The regression models were designed as empirical correlations to explore relationships among measured soil properties. While empirical models lack the rigorous physical basis of constitutive soil mechanics models, they serve as practical tools for preliminary settlement prediction. To strengthen the geotechnical relevance, model variables were selected based on established soil mechanics principles (e.g., settlement dependence on compressibility, void ratio, and moisture content). This provides a physical rationale for the inclusion of predictors, even though the models themselves remain empirical. This study adopts a structured multivariate analytical framework in which conventional geotechnical testing is integrated with correlation analysis, principal component analysis (PCA), and regression modeling. PCA was first employed to reduce dimensionality and identify dominant soil parameters governing settlement behavior, while regression analysis was subsequently used to quantify the predictive relationships between selected parameters and settlement response.

3.3 Contribution to Knowledge
The contribution to knowledge of this study lies in its application of PCA to comprehensively analyze and reduce the dimensionality of multiple geotechnical properties of soils. The novelty of this study does not lie in the use of these routine tests, but rather in the integration of experimental data with advanced statistical modeling techniques to enhance settlement prediction. While many studies have examined soil behavior using direct relationships between individual properties, this research provides a holistic approach by statistically identifying the dominant factors influencing the interplay among multiple soil parameters, such as moisture properties, strength characteristics, compaction metrics, and hydraulic conductivity. The innovative aspect is the integration of PCA as a data-driven tool to systematically unravel the complexity of interdependencies within the geotechnical dataset, enabling a more refined understanding of soil behavior. Specifically, this study is among the first to combine Principal Component Analysis (PCA) with regression modeling to identify the dominant factors influencing soft soil settlement and to develop a predictive framework. While PCA has been applied in soil science, its application in conjunction with regression to systematically quantify settlement behavior in highly plastic soft clays is rare in existing literature.
Another unique feature of this research is the identification of clusters of variables (e.g., moisture-related, strength-related, and structure-related properties) and their specific roles in influencing soil performance. By linking PCA-derived principal components to geotechnical behavior, the study not only reduces the number of variables required for predictive modeling but also introduces a systematic framework for evaluating soil parameters beyond conventional methods. The coupling of PCA with geotechnical engineering signifies a methodological shift from traditional experimental analysis to a statistically driven, big-picture perspective of soil mechanics.

3.4 Experimental Limitations
While the present study provides valuable insights into the settlement and strength behavior of soft soils across the investigated locations, certain limitations should be acknowledged to properly define the scope and applicability of the findings. These limitations, however, do not diminish the relevance of the study; rather, they clarify the boundaries within which the results should be interpreted and highlight directions for future research.
The sampling program was limited to three locations with two trial pits each, which is considered adequate for an exploratory, site-specific investigation but may not fully capture the complete regional variability of soft soils in southwestern Nigeria. Soft soils are inherently heterogeneous due to differences in depositional environment, groundwater regime, and mineralogical composition. Consequently, the results should be interpreted as representative of the studied sites rather than generalized indiscriminately across the entire region. Nonetheless, the study establishes a statistically validated framework that integrates routine laboratory testing with multivariate analysis, which can be readily extended to larger datasets and broader geographical coverage in future studies.
Hydraulic conductivity values obtained in this study (10⁻⁵–10⁻⁶ cm/s) fall within the expected range for fine-grained clays and are consistent with values reported for Lagos marine clays and Niger Delta soft deposits. This agreement with established regional data demonstrates that, despite the limited sampling extent, the tested soils exhibit behavior characteristic of problematic tropical soft soils. Thus, the dataset is sufficiently representative to support the regression-based settlement modeling and PCA-driven parameter reduction proposed in this study.
The strength characterization relied on direct shear and unconfined compressive strength (UCS) tests. These tests are widely used in routine geotechnical practice and provide reliable first-order estimates of shear strength for soft cohesive soils. However, they do not capture stress-path dependency or pore pressure evolution under complex loading conditions. Consolidated undrained (CU) triaxial testing with pore pressure measurements would offer a more comprehensive assessment of stress–strain behavior. The absence of triaxial testing in this study was primarily due to equipment and logistical constraints. Nevertheless, the use of conventional tests aligns with the study’s objective of developing predictive tools based on routinely available geotechnical data, thereby enhancing the practical applicability of the proposed modeling framework.
Microstructural and mineralogical analyses such as scanning electron microscopy (SEM), X-ray diffraction (XRD), energy dispersive spectroscopy (EDS), and mercury intrusion porosimetry (MIP) were not conducted in the present study. These techniques are particularly valuable for linking soil fabric, clay mineralogy, and pore-size distribution to macroscopic mechanical behavior. Their omission does not invalidate the mechanical trends observed; rather, it limits the ability to explicitly attribute observed strength and settlement behavior to specific microstructural mechanisms. The recommendation for SEM/XRD/EDS/MIP in future work is therefore justified as a means to complement the statistically derived correlations by providing mechanistic explanations for the dominant parameters identified through PCA and regression analysis.
Additionally, the study is based on laboratory-scale testing of limited soil volumes, and scale effects were not explicitly examined. No Representative Elementary Volume (REV) analysis was conducted, which may affect the direct extrapolation of laboratory-measured parameters to field-scale settlement predictions. Despite this, the study remains valuable because it focuses on relative parameter interactions and predictive relationships rather than absolute field settlement magnitudes. Future investigations incorporating REV analysis and field monitoring would further enhance the robustness and scalability of the proposed models.
Overall, despite these limitations, the manuscript is considerable because it introduces an integrated PCA–regression framework that systematically links routine soil index and engineering properties to settlement behavior using site-specific data. Unlike many existing studies that either rely solely on laboratory characterization or propose empirical models without statistical validation, this research demonstrates a structured methodology for parameter selection, dimensionality reduction, and predictive modeling. As such, the study provides a practical, statistically sound foundation for improving settlement prediction in soft soils and offers a transferable framework for future multi-site and multi-scale investigations.

3.5 Predictive Framework Limitations
The regression and PCA-based predictive framework developed in this study demonstrated strong statistical performance, with R² values exceeding 97% for key soil properties. However, it must be emphasized that the models are empirical in nature and are best interpreted as first-level predictive tools applicable to similar geological and geotechnical conditions. Their generalisability is constrained by the limited sampling area and depth, as well as the absence of advanced stress-path dependent testing. Future research should validate these models with a more geographically diverse dataset, incorporate deeper sampling profiles, and integrate advanced constitutive models or numerical simulations to enhance robustness and reliability.
During regression analysis, multicollinearity among predictors was identified as a potential limitation, particularly between parameters such as void ratio and moisture content. To mitigate this, principal component analysis (PCA) was applied to identify dominant, non-redundant variables. However, the presence of correlated predictors may still influence coefficient stability. Future refinements will employ variance inflation factor (VIF) diagnostics or ridge regression to better handle multicollinearity.
A limitation of this study is that the regression models were developed and tested using the same dataset. Independent validation against a separate dataset was not feasible within the current scope. To ensure generalisability, future work will test the models on additional sites and datasets, thereby confirming predictive reliability across different geological settings.
While most residuals were small, some outliers (e.g., UCS and shear strength at Loc 1, TP 2) showed large discrepancies between measured and predicted values. These may arise from soil heterogeneity, experimental variability, or model limitations. Such deviations suggest the regression framework alone cannot fully capture soil behavior, reinforcing the need for advanced modeling approaches (e.g., constitutive models or machine learning techniques). Additional validation on larger datasets will help resolve these issues.


4. Conclusion
This study highlights the importance of characterizing soft soils to better understand their settlement behavior under loading. The analysis revealed that soils at Location 2, particularly the highly plastic and compressible clays, present significant challenges that necessitate stabilization before construction. Appropriate methods include chemical stabilization (lime, cement, fly ash), preloading with vertical drains, and the use of geosynthetics or stone columns to improve strength and reduce compressibility. From a practical standpoint, the combined PCA–regression framework developed in this study provides a decision-support tool for geotechnical engineers during preliminary site investigations. By identifying dominant settlement-controlling parameters and offering predictive insight into settlement trends, the approach can aid in foundation selection, risk assessment, and the need for ground improvement measures in soft soil environments
\The correlation analysis confirmed several soil mechanics principles, such as the inverse relationship between cohesion and angle of shearing resistance, and the positive association between void ratio, compressibility, and settlement. These interdependencies emphasize that settlement is controlled by a combination of strength, compressibility, and drainage characteristics. The PCA further identified the most influential parameters, offering a systematic approach for prioritizing factors in soft soil performance. 
Regression models developed in this study achieved high R² values, indicating strong site-specific predictive capacity. However, the residuals highlighted notable discrepancies in some parameters, suggesting that while the models are useful design aids, they should not be treated as universally generalisable. Instead, they must be validated with independent datasets and, where possible, supported by advanced testing such as triaxial shear or stress-path analysis. “The regression model developed provides a useful framework for understanding the influence of moisture content, void ratio, and compressibility parameters on settlement behavior of soft soils within the study area. While the model shows good internal consistency, its application is best suited for preliminary assessment and comparative evaluation, pending further calibration with expanded datasets.”
Overall, this research contributes a structured framework for linking geotechnical parameters with settlement behavior, but it also reinforces the need for cautious application of empirical models. Future studies should extend the sampling depth, incorporate broader geological settings, and investigate time-dependent settlement to enhance predictive reliability.
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