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1. Introduction

Soil shear strength is a crucial mechanical property that affects the stability and function of geo-
structures, including foundations [1], retaining walls [2], slopes [3], embankments [4], pavements [5], and
earthworks [6]. It reflects the soil's capacity to endure shearing deformation. This property is impacted by
a complicated interplay of aspects, such as effective stress, particle arrangement, density, gradation,
mineral composition, moisture content, confining pressure, and soil structure [7].

The rapid expansion of infrastructure projects has intensified demand for construction materials while
exacerbating the environmental challenges related to the generation and disposal of industrial by-
products. Among these materials, coal fly ash, a finely powdered residue resulting from the combustion of
coal in thermal power stations [8], has attracted significant attention as a promising resource for
sustainable ground improvement. The large-scale disposal of fly ash can consume substantial land and
pose risks of leaching potentially harmful substances into adjacent soil and water systems. As such,
converting fly ash from a waste product into a valuable geotechnical material presents a dual benefit: it
mitigates the environmental impact of its disposal and lessens reliance on conventional soil-stabilizing
agents. Previous reviews have indicated that fly ash can markedly enhance the physical [9—11] and
mechanical [12] features of problematic soils, thereby highlighting its critical role in sustainable soil
stabilization and ground engineering applications [13,14].

From a geotechnical perspective, fly ash is appealing due to its distinctive physicochemical properties
[15]. The characteristics of fly ash can vary significantly depending on the coal source, combustion
conditions, and collection method [16]. Typically comprised of fine, predominantly spherical particles, fly
ash contains varying proportions of silica, alumina, iron oxides, calcium-bearing minerals, and unburned
carbon. These properties influence its particle-size distribution, specific gravity, surface characteristics,
reactivity, and interactions with soil minerals [17]. Fly ash is generally classified by its chemical
composition and calcium content, with low-calcium Class F ashes [18] and high-calcium Class C ashes
[19] exhibiting notably different stabilization mechanisms. Therefore, the engineering behavior of soil
treated with fly ash should not be regarded as separate from the mineralogy and chemistry of the fly ash;
rather, it is shaped by the interaction among the soil characteristics, fly ash composition, the quantity of
additive utilized, water content, compaction state, and curing conditions [13].

The findings showed that higher fly ash levels in expansive soil reduced plasticity, swelling, and
hydraulic conductivity, while increasing dry unit weight and strength. These results suggest that fly ash
can effectively address multiple undesirable traits in problematic soils, rather than merely enhancing
strength [20]. Additionally, research on silty sand has shown that fly ash stabilization can enhance
mechanical properties. Concurrently, alkaline activation of fly ash has been shown to significantly
enhance stiffness by forming geopolymer-binding compounds [21]. Recent research suggests that
incorporating fly ash may greatly enhance the expansive unconfined compressive strength of soil [22]. In
this regard, the unconfined compressive strength increases with both increased curing time and fly ash
content [23]. It was also found that fly ash significantly improved the soil's energy absorption [24].

Machine learning has emerged as an effective framework for addressing nonlinear prediction challenges
in geotechnical engineering [25]. Unlike traditional analytical methods, soft computing methods [26] and
ML algorithms can estimate complex input-output relationships without requiring a predefined functional
form [27,28]. Explainable artificial intelligence [29] and gene expression [30] are among the valuable
tools in prediction studies. Their application in modeling soil behavior has demonstrated considerable
promise in predicting critical parameters such as bearing capacity [31] and shear strength [32], as well as
other engineering responses. By analyzing experimental data, Machine learning models can reveal
patterns that conventional regression equations may not readily capture. This capability is particularly
crucial for fly ash-reinforced soils, as their shear strength is affected by numerous variables that interact
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through intricate mechanical and interfacial processes. Employing machine learning to predict the shear
strength of fly ash-reinforced soil offers a practical alternative to extensive laboratory testing. Once a
sufficiently representative dataset is established, a trained model can rapidly estimate shear strength for
various combinations of soil and fly ash characteristics within the training data's parameter range. This
predictive capability can facilitate early material selection, optimize fly ash content and geometry,
compare different reinforcement options, and conduct sensitivity analyses on design parameters.
Additionally, machine learning-based methods can illuminate the relative impact of individual factors,
thereby complementing rather than replacing traditional interpretations of soil mechanics.

Chen et al. [33] developed ensemble learning models to predict the shear strength of sly ash-amended,
lignin-reinforced soil. This research involved over 270 unconsolidated-undrained triaxial tests. The results
highlighted the effectiveness of ensemble learning in capturing the complex strength responses of
stabilized soil systems under diverse environmental and material conditions. This study is particularly
important because it demonstrates that models that account for interactions among chemical stabilization,
reinforcement, environmental factors, and stress states can significantly improve predictions of stabilized
soil strength. Wani and Thagunna [34] investigated the prediction of shear strength in fly ash-stabilized
clayey soil employing artificial neural networks and support vector regression. Their models incorporated
several predictive factors, including soil grain-size characteristics, plasticity indices, moisture content, fly
ash content, and curing duration. The results revealed that support vector regression outperformed
artificial neural networks on the analyzed dataset, underscoring the ability of machine learning models to
capture the nonlinear relationships between stabilization factors and shear strength. This conclusion is
important as it highlights that fly ash content should not be considered in isolation; rather, its impact on
shear strength must be understood alongside the soil's inherent properties and the specific conditions
present during testing or curing [34].

The residual analysis of the machine learning investigation of fly ash-reinforced soil revealed little bias
and controlled variance, indicating a high level of generalization for laboratory use [35]. Scholars
demonstrate that Random Forest and Gradient Boosting models can predict the strength properties of fly
ash-improved soil [36]. The findings indicate that the Gradient Boosting Decision Tree model shows
exceptional predictive accuracy, reaching a coefficient of determination as high as 0.99 [37]. In additional
studies, the Support Vector Machine utilizing the RBF kernel function was recognized as the best model,
capable of forecasting UCS values with sufficient precision [38].

The primary innovation of this paper is the generation of an integrated, interpretable machine learning
framework for predicting the peak shear strength of fly ash-reinforced silty sands. This was achieved
through a systematic comparison of eight fundamentally different learning algorithms. The research used
a database of 90 unconsolidated undrained triaxial experimental observations, with predictors including
fiber content, curing time, confining pressure, and initial moisture content, and peak shear strength as the
target response. Instead of relying solely on a single performance indicator to assess predictive accuracy,
the proposed framework combines various evaluation methods, including comparative model assessment,
actual-versus-predicted analysis, residual diagnostics, feature-importance evaluation, partial dependence,
one-at-a-time sensitivity analysis, error analysis, scatter-matrix assessment, normalized multi-metric
comparison, and formal outlier detection. This integrated approach not only offers robust predictive
capabilities but also enhances engineering interpretability, which is crucial for geotechnical applications
where understanding the influencing variables is just as significant as achieving accurate predictions.

The study ultimately establishes a comprehensive comparative baseline for predicting peak shear strength
in fly ash-reinforced silty sands using machine learning. A notable contrast among the eight algorithms
highlights that predictive performance on this problem is heavily algorithm-dependent. Thus, the
originality of this work lies not only in the application of machine learning to an established geotechnical
dataset but also in the integration of systematic algorithm comparison, generalization-focused evaluation,
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interpretable feature analysis, sensitivity assessment, and residual/outlier diagnostics within a single
framework. This approach provides a robust foundation for selecting and interpreting machine-learning
models for predicting peak shear strength. It offers a reproducible methodological pathway for future
data-driven studies in reinforced geomaterials.

2. Research significance

The present study is noteworthy for focusing on predicting the peak shear strength of fly ash-reinforced
silty sands. This geotechnical response fundamentally depends on the combined effects of reinforcement
content, curing conditions, moisture state, and confinement. Traditionally, determining peak shear
strength relies heavily on laboratory testing, which can be time-consuming, especially when assessing
numerous combinations of material and stress conditions. In this context, the current work establishes a
data-driven framework based on 90 unconsolidated undrained triaxial experimental observations, utilizing
fiber content, curing time, initial moisture content, and confining pressure as input variables. The
extensive range of experimental conditions in the dataset provides a robust basis for investigating whether
machine learning methods can capture the nonlinear response of reinforced silty sands within the
examined domain.

A significant scientific contribution of this investigation lies in the systematic comparison of eight
fundamentally different machine learning approaches, rather than relying on a single algorithm. The
models investigated include Support Vector Regression, Multi-Layer Perceptron, Gradient Boosting,
XGBoost, Random Forest, Decision Tree, K-Nearest Neighbors, and Linear Regression. This comparative
framework illustrates that the selection of the learning algorithm outstandingly affects predictive
reliability. The research is particularly noteworthy as it combines prediction with model diagnostics and
interpretability. The analysis encompasses various techniques, including actual-versus-predicted plots,
residual plots, residual histograms, feature importance assessments, partial dependence plots, one-at-a-
time sensitivity analysis, residual-versus-input analysis, residual boxplots, scatter-matrix analysis, a
normalized performance radar chart, and formal outlier detection. This multidimensional evaluation is
especially critical in geotechnical engineering, where a model should not be deemed acceptable solely
based on a high R? value. By integrating predictive accuracy, error behavior, sensitivity, and
interpretability, a more robust framework is established for assessing whether the model accurately
captures a meaningful and stable relationship within the given experimental domain.

The study highlights the importance of integrating machine learning with geotechnical interpretation,
rather than treating it merely as a prediction tool. As a result, this study offers both a predictive
methodology and an analytical perspective for future research on reinforced geomaterials. Therefore,
from a practical geotechnical standpoint, this research presents a potential method to reduce reliance on
repeated laboratory testing for preliminary strength estimation. The identified Gradient Boosting model
can estimate peak shear strength from combinations of fiber content, curing time, initial moisture, and
confining pressure, as outlined in the experimental database. This capability can aid in preliminary
material assessments, experimental planning, sensitivity analyses, and the identification of promising
reinforcement conditions.

3. Methods

The methodology employed in this study was crafted to create a systematic and reproducible machine
learning framework for the prediction of the peak shear strength of fly ash-stabilized silty sands. The
overall process consisted of five primary stages: (i) compilation and characterization of the experimental
database, (ii) definition of input and output variables, (iii) development and comparative evaluation of
eight machine learning models, (iv) assessment of predictive performance using complementary statistical
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and graphical criteria, and (v) interpretation of the top-performing model through feature importance,
partial dependence, sensitivity, residual, and outlier analyses. The experimental database consisted of 90
observations from unconsolidated undrained triaxial tests, with fiber content, curing time, initial moisture
content, and confining pressure selected as predictors, and peak shear strength as the target variable. This
workflow was intentionally structured to ensure that model selection considered not only goodness of fit
but also generalization capability, error magnitude, residual behavior, and physical interpretability.

The selected input variables collectively represent the key experimental conditions included in the
available database. Specifically, fiber content denotes the reinforcement condition, curing time indicates
the duration of material treatment, initial moisture content describes the material's initial state, and
confining pressure reflects the applied stress conditions. Consequently, the methodology treats peak shear
strength as a multivariable response rather than attempting to correlate it with a single experimental
parameter. Before developing predictive models, the dataset was statistically characterized to assess the
distributional behavior of the variables and the statistical properties of the residuals, both of which are
crucial for interpreting the models. These statistics provided an initial assessment of the variability and
range of the predictor and target variables.

A comprehensive comparative framework was developed by examining eight machine learning
approaches: Support Vector Regression, Multilayer Perceptron, Gradient Boosting, XGBoost, Random
Forest, Decision Tree, K-Nearest Neighbors, and Linear Regression. These models represent a range of
learning philosophies, including linear regression, neighborhood-based learning, tree-based methods,
ensemble learning, neural networks, and kernel-based regression. The simultaneous evaluation of these
techniques aimed to determine whether a straightforward linear model could adequately capture the peak
shear-strength response, or if nonlinear and ensemble-based algorithms would provide a significant
advantage. Including Linear Regression as a benchmark was particularly beneficial, as it offered a
baseline against which the performance of nonlinear algorithms could be measured. Additionally,
Decision Tree, Random Forest, Gradient Boosting, and XGBoost facilitate a comparative analysis of tree-
based and ensemble learning strategies. In contrast, KNN, SVR, and MLP introduce fundamentally
different nonlinear modeling approaches. This comparison thus enables a thorough evaluation of the
algorithms' predictive capabilities without assuming that any specific model family is inherently superior.

A cross-validated grid-search approach was employed for hyperparameter optimization. The independent
testing subset was clearly designated before the optimization process and was not used for parameter
selection or model development. Candidate parameter combinations were assessed using k-fold cross-
validation on the training and development subsets. The primary optimization criterion was the mean
cross-validated coefficient of determination (R?), while mean absolute error (MAE) and root mean square
error (RMSE) served as additional measures of prediction error. After optimization was complete, each
algorithm was refitted using the entire training and development subset with its chosen hyperparameter
configuration, then evaluated on the independent testing subset.

Figure 1 illustrates the flowchart of the employed methodology for peak shear strength prediction in this
paper.
3.1. Experimental database and test conditions

The soil used in the experiment by Chen et al. [33] was silty sand, sourced from a construction site along
the Qinghai—Tibet Highway at a depth of approximately one meters below ground surface. This soil was
classified as silty sand according to the USCS. The reported index properties include a maximum dry
density of 1.83 g/cm?® and an optimum moisture content of 13.2%. The particle size distribution showed
that approximately 16.1% of the material was finer than 0.075 mm, 61.1% was between 0.075 mm and 2
mm, and 22.8% was larger than 2 mm. Additionally, the liquid and plastic limits were reported as 29.6%
and 19.6%, respectively, yielding a plasticity index of 10.0%.
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Fig. 1. Flowchart of the investigated methodology for peak shear strength prediction.

The experimental program used 4% fly ash, calculated on the soil's dry mass, as the chemical stabilizing

agent. Accordingly, the primary chemical constituents of the fly ash are approximately as follows: SiO2 =
57.0%; Al2Os = 28.0%; CaO = 3.8%; Fe.Os = 0.7%; and Volatile fraction = 10.5%. The relatively high

content of silica and alumina, alongside the comparatively low calcium content, suggests that the fly ash

qualifies as a low-calcium, type according to conventional engineering classifications. The reinforcement

material consisted of lignin fibers derived from industrial lignin by-products. As reported, these fibers

measured less than 1 mm in length, had an ash content of less than 11%, a cellulose content of

approximately 95%, a moisture content below 5%, a bulk density of around 27 g/L, and a pH close to 7.0.

The lignin content was represented as the mass percentage of dry lignin fibers relative to the dry mass of
soil. Five different fiber contents were tested 0, 0.25, 0.50, 0.75, and 1.00%.
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3.2. Database pre-analysis

Table 1 outlines the descriptive statistical characteristics of the 90 experimental observations utilized in
developing and evaluating the machine learning models aimed at predicting the peak shear strength of fly
ash-reinforced silty sands. The dataset was obtained from a previously published research by Chen et al.
[33]. As illustrated in Table 1, all five variables have 90 observations, confirming that the dataset is
complete for the variables included in the predictive framework and indicating no apparent loss of
observations due to missing values. Importantly, the relatively well-defined ranges of the experimental
variables suggest that the dataset systematically encompasses combinations of curing conditions, moisture
content, fiber content, and confining pressure, thereby providing a solid foundation for analyzing their
combined influence on peak shear strength.

Table 1. Dataset statistical analysis.

Statistic Curing Time Initial Moisture Fiber Confining Pressure  Peak Shear Strength
(days) (%) (%) (kPa) (kPa)
count 90 90 90 90 90
mean 7.5 13.2 0.5 200 1764.5667
std 7.542 1.6421 0.3555 82.1071 352.6222
min 0 11.2 0 100 1112.7
25% 0 11.2 0.25 100 1502.75
50% 7.5 13.2 0.5 200 1737.65
75% 15 15.2 0.75 300 2002.5
max 15 15.2 1 300 2621.6

The curing time ranges from 0 to 15 days, with an average of 7.5 days and a standard deviation of 7.542
days. The first and third quartiles are 0 and 15 days, respectively, and the median is also 7.5 days. This
distribution suggests that the observations cover the entire specified curing period, with the median
positioned approximately halfway between the minimum and maximum values. The relatively large
standard deviation relative to the mean indicates wide experimental variation in curing time rather than
clustering around a single condition. This variability is particularly significant for predictive modeling, as
curing time may impact the interactions and bonding characteristics within the fly ash-reinforced silty
sand matrix. Notably, the presence of both uncured and longer-cured specimens allows machine learning
models to capture potential nonlinear changes in strength associated with different curing times.
Furthermore, the quartile structure indicates that the experimental observations are distributed across the
entire curing interval rather than confined to a narrow segment of the domain.

The initial moisture ranges from 11.2% to 15.2%, with a mean and median of 13.2% and a standard
deviation of 1.6421%. The first and third quartiles are 11.2% and 15.2%, respectively. Compared with the
curing time, the smaller standard deviation indicates a narrower experimental range. Nonetheless, the
dataset encompasses the entire moisture-content range considered in the study, enabling the predictive
models to effectively account for variations in peak shear strength associated with different initial
moisture states. The equality of the mean and median at 13.2% further indicates a relatively balanced
distribution of this variable within the examined experimental range. From a modeling perspective, it is
important to consider the relatively narrow variation in initial moisture when interpreting feature
importance. While a variable may have a significant physical impact on shear strength, it may
demonstrate lower predictive importance simply because its experimental range is more limited than that
of other variables. The fiber content in the dataset ranges from 0 to 1%, with a mean and median of 0.5%
and a standard deviation of 0.3555%. The first and third quartiles are 0.25% and 0.75%, respectively, and
the maximum value is 1%. This statistical distribution indicates that the dataset encompasses the
investigated range of fiber content, including specimens without any fiber reinforcement and those with
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the maximum fiber content. Consequently, the dataset serves as a robust experimental foundation for
assessing the influence of fiber reinforcement on peak shear strength. Confining pressures range from 100
to 300 kPa, with both a mean and median value of 200 kPa, and a standard deviation of 82.1071 kPa. The
first and third quartiles are 100 kPa and 300 kPa, respectively. The fact that the mean and median coincide
at 200 kPa indicates a balanced distribution around the central experimental condition. Furthermore, the
relatively large standard deviation highlights considerable variation in the applied confinement. This
range is particularly significant for predicting triaxial shear strength, as confining pressure directly
determines the stress environment under which specimens achieve peak shear resistance. Consequently,
the broad interval of 100 to 300 kPa allows machine learning models to effectively capture the behavior
of reinforced silty sand across markedly different confinement levels.

Overall, Table 1 shows that the dataset provides a coherent and sufficiently variable experimental
foundation for developing machine learning models to predict peak shear strength in fly ash-reinforced
silty sands. With a complete set of 90 observations, notable variation across the four input parameters, and
a wide range of peak shear strength values, this dataset serves as an excellent basis for comparative model
assessment. Conversely, the comparatively limited variation in initial moisture and curing time
corresponds with a lower estimated importance. Importantly, the findings regarding normality and the
absence of extreme residual outliers further validate the dataset's reliability. However, the identified
heteroscedasticity underscores a limitation to consider when evaluating prediction errors at different
response levels. Overall, the statistical evidence presented in Table 1 lays a transparent quantitative
groundwork for the subsequent machine learning analysis, reinforcing the credibility of the reported
predictive results by clearly delineating the variability and limitations inherent in the experimental
database.

Table 2 presents the statistical tests conducted to evaluate the distributional characteristics and the
dataset's variance behavior. The Shapiro—Wilk test yielded a test statistic of 0.95352 and a p-value of
0.48288, indicating that the dataset is normally distributed. This finding suggests that the distribution
under analysis does not exhibit a statistically significant departure from normality. Furthermore, this
result aligns with the descriptive statistics in Table 1, where the mean peak shear strength is 1764.57 kPa
and the median is 1737.65 kPa, indicating they are relatively close. The target variable demonstrates a
considerable yet structured range from 1112.7 to 2621.6 kPa. Consequently, the Shapiro—Wilk result
provides quantitative support for the conclusion that the dataset does not exhibit pronounced overall
skewness or significant non-normality.

Table 2. Dataset statistical tests.

Test Statistic p-value Interpretation
Shapiro-Wilk 0.953520894 0.482883334 Normal
D'Agostino 0.981684725 0.612110558 Normal

Breusch-Pagan 9.744138828 0.044965385 Heteroscedastic

The D’ Agostino test independently reinforces the same conclusion. The reported statistic is 0.98168 with
a p-value of 0.61211. The alignment between the Shapiro—Wilk and D’Agostino results is particularly
noteworthy, as both tests provide independent statistical evidence regarding the distributional assessment.
Rather than relying on a single normality test, the agreement among results suggests that the overall
dataset is statistically consistent with a normal distribution. This consistency bolsters confidence that the
dataset does not display any extreme distributional anomalies that could complicate the interpretation of
subsequent statistical and predictive analyses.

In contrast to the two normality tests, the Breusch—Pagan test reveals a statistically significant deviation
from constant variance. The reported test statistic is 9.74414, with a p-value of 0.04497. Consequently,
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we reject the null hypothesis of homoscedasticity at the 5% significance level and classify the dataset as
heteroscedastic in Table 2. This finding suggests that the variability in the response or model residuals is
not uniform across the experimental domain. In practical terms, the magnitude of prediction errors may
fluctuate depending on the level or combination of the input variables and/or the predicted peak shear
strength.

4. Results and discussion

Table 3 provides a summary of the predictive performance of eight machine learning techniques designed
for peak shear strength estimation of the of fly ash-reinforced silty sands. Accompanying this summary is
a bar chart that visually compares the predictive effectiveness of each model. The techniques evaluated
include Support Vector Regression, Multilayer Perceptron, Gradient Boosting, XGBoost, Random Forest,
Decision Tree, K-Nearest Neighbors, and Linear Regression. The assessment was conducted using the
coefficient of determination (R?) for the training, all-data, and testing subsets, along with mean absolute
error (MAE) and root mean square error (RMSE), which are crucial, as R? measures the proportion of
variability captured by the model. At the same time, MAE and RMSE assess the magnitude of prediction
errors in terms of the original peak shear strength units. Thus, considering all three indicators provides a
more comprehensive basis for ranking models than relying solely on a single statistical measure.

Table 3. Model performance metrics.

Model Train R? All R? Test R? MAE RMSE
Gradient Boosting 0.98079165 0.9769802 0.871346853 92.59993487 110.0978835
Random Forest 0.974851701 0.979868857 0.755169796 126.6270556 151.8802349
XGBoost 0.999999949 0.999999441 0.746801814 126.7863471 154.4539637
Decision Tree 1 1 0.621574012 156.5222222 188.8248895
KNN 0.725851385 0.721047565 0.525598399 185.3033333 211.4179395
Linear Regression 0.533942407 0.505781485 0.294128396 229.6273895 257.8882876
MLP 0.155766128 0.143412396 0.064488856 234.8720547 296.8884111
SVR 0.012929992 0.011522789 0.002245 262.2686753 306.6060493

The results clearly indicate that Gradient Boosting is the most dependable model on the independent test
subset. It achieved a training R? of 0.98079, an overall R? of 0.97698, and a test R? of 0.87135, along with
an MAE of 92.60 kPa and an RMSE of 110.10 kPa. The test R? of approximately 0.87 indicates that the
model captured a significant portion of the variability in peak shear strength in the test data. More
importantly, it boasts the lowest MAE and RMSE among the eight models analyzed, indicating that its
superiority is not merely due to a favorable R? value. The combination of the highest test R? and the
lowest error magnitudes provides compelling evidence that Gradient Boosting delivers the most balanced
predictive performance within the experimental dataset.

The Random Forest algorithm obtained a test R of 0.75517, accompanied by an MAE of 126.63 kPa and
an RMSE of 151.88 kPa. While it effectively captures nonlinear interactions, Gradient Boosting
outperforms it in predictive accuracy. XGBoost demonstrates nearly perfect training and an overall R? of
0.9999; however, it drops to a test R of 0.74680, suggesting a risk of overfitting as it struggles on unseen
data. The Decision Tree achieved a training R? of 1.0 but dropped to 0.62157 on the test set, suggesting it
was memorizing the training data rather than generalizing to new observations. The K-Nearest Neighbors
model showed intermediate results, with a training R? of 0.72585 and a test R? of 0.52560, indicating a
lower predictive capability than tree-based methods. Linear Regression performed poorly, yielding a test
R? of 0.29413 and an MAE of 229.63 kPa, which indicates that linear models inadequately capture the
variability in peak shear strength. Finally, the Multilayer Perceptron exhibited limited performance across
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all metrics, struggling to learn relationships from the dataset, evidenced by a very low test R? of 0.06449.
In summary, these results underscore the superiority of nonlinear models, particularly Gradient Boosting,
over simpler approaches in predicting peak shear strength.

Figure 2 illustrates the predicted peak shear strength values derived from the top-performing machine
learning model, Gradient Boosting. The actual-versus-predicted graph is one of the most insightful
diagnostic tools for evaluating the predictive reliability of a regression model, as it enables a direct
comparison between laboratory measured peak shear strength and model-predicted values. The strong
predictive performance, as illustrated by the actual-predicted plot in Figure 2, aligns well with the
numerical results presented in Table 3. The test R? value of 0.87135 indicates that Gradient Boosting
accounts for a significant portion of the variability in the unseen observations. Notably, this level of
performance is accompanied by the lowest MAE and RMSE among all eight models examined. The
statistical characteristics of the dataset lend further support to the interpretation of Figure 2. The Shapiro—
Wilk and D’Agostino tests provided no significant evidence against normality, with p-values of 0.48288
and 0.61211, respectively. However, the Breusch—Pagan test indicated statistically significant
heteroscedasticity, with a p-value of 0.04497. This combination suggests that while the overall data
distribution aligns with normality, the variability related to the response or prediction process may not
remain constant across the experimental domain.

Gradient Boosting
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Fig. 2. Basic plots of the top model (Gradient Boosting).

The residual plot derived from the top-performing Gradient Boosting algorithm for forecasting the peak
shear strength of fly ash-stabilized silty sands (Figure 2) offers a valuable diagnostic complement to the
actual-versus-predicted plots and the numerical performance indicators presented in Table 3. The
relatively low residual error aligns with the high coefficient of determination achieved by the Gradient
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Boosting model, which explains approximately 87% of the variance in the independent testing data, as
evidenced by a test R? of 0.87135. This indicates that the model captures most of the experimentally
observed variation in peak shear strength, while the residual component accounts for a significantly
smaller portion of the variability in the response. Consequently, A robust predictive model should not only
achieve a high R? but must also produce residuals that do not display any clear systematic structure. The
combination of a high test R, low error magnitudes, and thorough residual diagnostics forms a solid
foundation for considering Gradient Boosting a reliable predictive model within the examined
experimental domain. The absence of detected extreme residual outliers is another important strength of
the best model.

The residual histogram of the top-performing model, illustrated in Figure 2, provides a valuable
opportunity to assess whether the observed numerical superiority is attributable to a well-controlled error
distribution. The magnitude of the residual variability for the best model is relatively small compared
with the overall variability of the target variable. Specifically, the residual standard deviation is 113.14
kPa, while the standard deviation of the experimentally measured peak shear strength is 352.62 kPa. This
comparison is significant as it suggests that the scale of the prediction errors is considerably smaller than
the inherent variation in peak shear strength across the experimental database. Consequently, the model
effectively captures a substantial portion of the observed variability in strength, leaving only a minor
residual component unexplained. This finding aligns with the test R? of 0.87135 and provides quantitative
support for interpreting the residual histogram as indicative of a relatively concentrated distribution of
prediction errors.

The most noteworthy finding presented in Figure 3 is the significant influence of fiber content, which
contributes 0.58741 to the overall feature-importance measure. This value indicates that fiber content is
considerably more impactful than any other variable evaluated by the Gradient Boosting model. In
relative terms, approximately 58.7% of the model's total feature importance is attributed to fiber content,
compared with 28.6% for confining pressure, 10.3% for initial moisture content, and merely 2.4% for
curing time. This clear hierarchy suggests that incorporating fiber reinforcement into silty sand is the
primary factor driving variations in peak shear strength, as the predictive model captures. The
significance of fiber content closely aligns with the study's engineering objectives. The material being
examined is a fly ash-reinforced silty sand, and the fiber content directly indicates the degree of
reinforcement in the soil matrix. The experimental dataset includes fiber contents ranging from 0% to 1%,
with an average of 0.5% and a standard deviation of 0.3555%. The notable importance of this parameter
indicates a strong correlation between variations in reinforcement content and changes in peak shear
strength within the experimental framework. From a geotechnical perspective, this observation is
physically plausible; incorporating discrete fibers can alter the internal load-transfer mechanism, enhance
interparticle resistance, and improve the mobilization of shear resistance through interactions between the
soil matrix and the reinforcing elements. As a result, the machine learning analysis reveals that fiber
content is not only statistically significant but also the primary explanatory factor for the variations in
strength observed in the dataset.

The second most influential variable in predicting peak shear strength is confining pressure, which has a
feature importance of 0.28550, accounting for approximately 28.6% of the total. This finding is consistent
with theories derived from unconsolidated undrained triaxial testing, in which increased confinement
elevates normal stress, thereby affecting particle interlocking and frictional resistance. Together, fiber
content and confining pressure comprise about 87.3% of the predictive information, highlighting their
critical roles in experimental design. Initial moisture content ranks third, with a feature importance of
0.10286, representing 10.3% of the total. Its influence indicates meaningful interactions within the soil-
fiber-fly ash system, though it remains less significant than fiber content and confining pressure. The
variability of moisture underscores the need to incorporate it into predictive models. Curing time ranks
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lowest, with a feature importance of 0.02423 (2.4% of the total importance), suggesting it has lower
predictive value within the studied range. However, a low importance score does not imply that curing
time lacks physical significance; rather, it indicates a lesser role in predictions compared to the other
variables. Overall, these findings underscore the importance of prioritizing specific variables in
experimental design to enhance our understanding of peak shear strength.

Feature Importance - Gradient Boosting

o _
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Fig. 3. Feature importance plots of the top model (Gradient Boosting).

Figure 4 illustrates the partial dependence plots for the four input variables in the best-performing
Gradient Boosting model, providing an additional layer of interpretation beyond predictive performance
metrics and feature-importance analyses. The partial dependence plot for curing time shows a roughly
monotonic decrease as model-predicted peak shear strength increases. As the normalized curing time
increases, the partial dependence decreases, indicating reduced predictions of peak shear strength. The
relationship appears smooth and nearly linear, signifying the absence of any significant threshold in the
marginal influence of curing time. Interestingly, despite having the lowest feature-importance value of
0.02423, the partial dependence plot still reveals a clear trend. This distinction is crucial, as feature
importance assesses a variable's overall contribution, while the partial dependence plot represents the
average response as that variable changes. Consequently, a variable may exhibit a noticeable marginal
trend even if it has low overall importance, particularly if its predictive information overlaps with that of
stronger predictors. It's important to note that this trend is derived from a limited experimental range of 0—
15 days. While the partial dependence plot reflects this specific range, it does not guarantee the same
trend beyond it, and additional data would be necessary for extrapolation. Therefore, the conclusion is
that Gradient Boosting has identified a decreasing association between curing time and predicted peak
shear strength within the tested conditions.

The partial dependence plot for initial moisture content demonstrates a clear decreasing trend: as the
normalized initial moisture value increases, the predicted peak shear strength diminishes. This reveals a
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consistent negative relationship, indicating that higher initial moisture levels reduce the predicted strength
of the soil-fly ash-fiber mixture. This observation is consistent with the physical role of moisture in soil
systems, as it influences interparticle interactions and resistance during shearing. The model identifies
initial moisture as a significant predictor, with a feature-importance value of 0.10286, underscoring its
importance rather than insignificance. The dataset encompasses a narrow range of initial moisture
contents, from 11.2% to 15.2%, and this plot illustrates systematic variations in predicted peak shear
strength across these moisture levels.
Partial Dependence Plots - Gradient Boosting
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Fig. 4. Partial dependence plots of the top model (Gradient Boosting).

The partial dependence plot for fiber content shows a clearly nonlinear pattern, as illustrated in Figure 4.
In contrast to the trends observed for curing time and moisture content, the curve for fiber content starts
negative, rises sharply to a peak midway through the range, then decreases before rising again at higher
levels. This nonlinear behavior suggests that fiber content significantly influences the predicted peak
shear strength, indicating a relationship that goes beyond a simple linear relationship. With a feature
importance score of 0.58741, fiber content emerges as the most significant predictor in the model. This
explains why nonlinear methods, such as Gradient Boosting, which achieved a test R* of 0.87135,
outperform linear regression, which attained only 0.29413. Although the experimental range for fiber is
narrow (0 to 1%, with a mean of 0.5%), the partial dependence plot reflects pronounced changes,
indicating that the model effectively captures distinct responses across different reinforcement levels. This
non-monotonic behavior may imply complex interactions with the soil matrix, although it does not
definitively confirm any specific micromechanical mechanism. The marked shifts observed in the fiber
partial dependence plot are attributable to the tree-based nature of Gradient Boosting, highlighting that the
model's responses vary significantly as inputs cross decision boundaries. Therefore, these fluctuations
should not be interpreted as physical transitions but rather as changes in model predictions across the
fiber-content spectrum, which warrants caution when overinterpreting the results. The partial dependence
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plot for confining pressure shows a clear, monotonic increase in predicted peak shear strength as cell
pressure increases. This trend reinforces the fundamental role of confining pressure in triaxial testing,
where pressures ranging from 100 to 300 kPa are utilized, indicating that greater confinement enhances
shear resistance. With a feature importance score of 0.28550, confining pressure ranks as the second most
influential predictor, following fiber content, and together they account for approximately 87.3% of the
model's feature importance. This positive correlation highlights the importance of both the reinforcement
condition and the applied stress state on peak shear strength. Furthermore, the upward trend emphasizes
the suitability of nonlinear ensemble learning for this analysis. While the partial dependence plot shows a
smooth, monotonic pattern, the model also accounts for additional factors such as fiber content, moisture,
and curing time, resulting in a multidimensional response that Gradient Boosting effectively captures and
yields robust predictive performance.

Figure 5 illustrates the sensitivity analysis of the Gradient Boosting model, which has been identified as
the most effective algorithm for forecasting the peak shear strength of fly ash-reinforced silty sands. The
predicted peak shear strength exhibits a step-like response over the curing time range, remaining
relatively stable until a significant increase is observed in the middle-to-upper segments. This behavior is
indicative of the decision-tree structure inherent in Gradient Boosting. While curing time does influence
predictions, its feature importance is notably low (0.02423) compared with fiber content and confining
pressure. The curing time ranges from 0 to 15 days, with a median of 7.5 days. The sensitivity analysis
suggests that variations in predicted strength with curing time are limited, indicating that extending the
curing period is not a primary factor affecting peak shear strength. This finding does not diminish the
physical significance of curing time; rather, it suggests that enhancing data on fiber content and confining
pressure could provide greater predictive insights. Curing time should continue to be included in future
models, particularly for wider curing conditions or varying fly ash compositions.
Sensitivity Analysis (One-at-a-time) - Gradient Boosting
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Fig. 5. Sensitivity analysis plots of the top model (Gradient Boosting).
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As the moisture content increases within the experimental range, the predicted peak shear strength
decreases significantly. This reduction occurs in stepwise declines, with stable intervals interrupted by
abrupt drops, ultimately reaching the lowest strength levels at the highest moisture contents. Although
moisture content ranks third in feature importance, its impact on predicted strength is meaningful. The
range is 11.2-15.2%, with a median of 13.2%. The sensitivity analysis curve shows that transitioning from
lower to higher moisture can substantially reduce model predictions. The feature-importance value of
0.10286 indicates a smaller contribution relative to fiber content and confining pressure, but does not
imply that moisture variations are insignificant. Increased moisture affects interparticle contacts and
effective stress during shearing, reducing resistance in the soil-fly ash-fiber system. This consistent
negative response from the model links data-driven analysis with traditional geotechnical insights.

The fiber-content panel in Figure 5 reveals significant findings: the predicted peak shear strength varies
substantially and non-monotonically as fiber content changes from 0 to 1%. Initially, the response
decreases, then increases at intermediate levels, decreases again, and finally increases at higher fiber
contents. This pattern indicates a strong nonlinear relationship between fiber content and peak shear
strength, challenging the assumption of a simple monotonic trend. In the feature-importance analysis,
fiber content emerges as the most influential variable, with an importance score of 0.58741, underscoring
its critical role in driving the model's predictions. With experimental fiber content ranging from 0 to 1%
and a median of 0.5%, the model forecasts peak shear responses across this narrow range. From a
geotechnical standpoint, the non-monotonic behavior of the fiber response suggests that adding fibers
does not necessarily yield a consistent increase in strength. The effectiveness of reinforcement is affected
by fiber concentration and its interaction with soil conditions. While certain levels may increase strength,
others may decrease it, reflecting the complex interplay among fiber content, soil fabric, confinement, and
shear resistance.

The sensitivity analysis of confining pressure reveals that increasing confinement within this range
significantly enhances the predicted peak shear strength. This finding aligns with the feature-importance
value of 0.28550, positioning confining pressure as the second most influential input variable, following
fiber content. Thus, the two key predictors identified by the machine-learning model serve distinct roles:
fiber content dictates a highly nonlinear reinforcement response, while confining pressure yields a strong,
generally positive response. The increasing sensitivity to confinement is physically justified, as greater
confining pressure increases the normal stress state acting on the soil specimen, thereby facilitating the
mobilization of shear resistance. In an unconsolidated—undrained triaxial test, the applied confinement is
directly related to the stress environment in which peak strength is achieved. The Gradient Boosting
model's ability to replicate this expected positive relationship enhances our confidence that it captures
physically meaningful patterns rather than merely exploiting statistical correlations.

Figure 6 illustrates the boxplot distribution of prediction residuals for the eight machine learning models
developed to forecast the peak shear strength of fly ash-reinforced silty sands. This analysis offers a
crucial complementary evaluation of model reliability. While conventional performance indicators such as
R?, MAE, and RMSE summarize the overall magnitude of prediction error, they do not adequately convey
its distribution, central tendency, dispersion, asymmetry, or the existence of potentially extreme errors.
The most significant observation from Figure 6 is that Gradient Boosting demonstrates the most favorable
overall residual distribution among the eight models examined. Its box is notably compact, with the
median residual positioned relatively close to the zero-error reference line, and its overall residual range
is considerably narrower than that of the weaker models. This visual evidence aligns perfectly with the
quantitative results presented in Table 3, where Gradient Boosting achieved the highest test R* of 0.87135
and the lowest MAE and RMSE values of 92.60 and 110.10 kPa, respectively. The consistency between
the numerical performance metrics and the residual distribution is especially crucial, as it indicates that
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the superior performance of Gradient Boosting is not merely a product of a favorable R? value; the model
also yields a more controlled and concentrated error distribution.
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Fig. 6. Error distribution plots of all models.

The boxplot highlights an important distinction between central accuracy and error variability. A
predictive model may exhibit a median residual that is reasonably close to zero, yet still show a wide
interquartile range or lengthy whiskers. Consequently, evaluating the overall reliability of a predictive
model should not be based solely on whether the median residual approaches zero. In this study, Gradient
Boosting is preferred due to its combination of a relatively centered residual distribution and lower
dispersion. This is more desirable than merely achieving a near-zero median while allowing for
considerable positive and negative errors. Moreover, this comparison reinforces the conclusion that
ensemble learning effectively balances flexibility and generalization for this dataset. Random Forest,
XGBoost, and Gradient Boosting all outperform the individual Decision Tree; however, Gradient
Boosting distinguishes itself with the strongest test performance and the most favorable residual
distribution. This enhancement is particularly noteworthy, considering that both XGBoost and the
Decision Tree attain nearly perfect training R? values. Yet, their test performance and residual
distributions are inferior to those of Gradient Boosting. This evidence indicates that model selection
should be based on performance with unseen data and error behavior, rather than solely on training fit.

Figure 7 presents a radar chart displaying the normalized performance metrics of the eight machine-
learning models. The chart clearly highlights Gradient Boosting as the leading model, with its profile
extending furthest toward the outer boundaries across the three performance dimensions, thereby forming
the largest overall polygon. This visual representation is entirely consistent with the numerical findings
detailed in Table 3, where Gradient Boosting achieved a test R? of 0.87135, a MAE of 92.60 kPa, and an
RMSE of 110.10 kPa. The alignment between the radar chart and the numerical performance indicators
provides compelling evidence that the choice of Gradient Boosting as the premier predictive model is not
solely reliant on a single statistical metric. Rather, it simultaneously offers the highest explained variance
along with the lowest absolute and root-mean-square prediction errors among the eight techniques
analyzed.

The most notable characteristic of Figure 7 is the prominent and relatively balanced triangular profile
attributed to Gradient Boosting. Its R? axis achieves the highest normalized level, while the inverse-MAE
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and inverse-RMSE axes also extend further than those of the competing algorithms. This balanced
geometry is particularly noteworthy, as a model could theoretically excel in one metric while
underperforming in another. However, Gradient Boosting does not demonstrate this trade-off to any
significant extent in the current dataset.

Model Performance Radar Chart
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Fig. 7. Radar chart of all models.

Figure 8 presents a crucial analysis for detecting outliers, serving as the final diagnostic assessment of the
reliability and stability of the Gradient Boosting model, which has been identified as the most effective
algorithm for fly ash-reinforced silty sands. Unlike traditional performance metrics such as R?, MAE, and
RMSE that measure overall predictive accuracy, outlier analysis specifically investigates whether the
perceived predictive performance is impacted by a small number of significantly large errors. This
distinction is particularly vital for geotechnical datasets, as experimental measurements may encompass
observations of rare combinations of material properties or testing conditions. In this study, the outlier
analysis was conducted using the residual standard deviation and a 2c threshold. Table 5 indicates a
residual standard deviation of 113.1400 kPa, with a corresponding 2c threshold of 226.2800 kPa,
revealing zero detected outliers and an outlier ratio of 0.00%. These findings strongly suggest that the
chosen Gradient Boosting model's predictive behavior is stable and unaffected by a small subset of
anomalous predictions.

The residual standard deviation of 113.14 kPa reflects the overall dispersion of prediction errors around
their central tendency. With the target peak shear strength ranging from 1112.7 to 2621.6 kPa, and a mean
of 1764.57 kPa coupled with a standard deviation of 352.62 kPa, it is evident that the residual dispersion
is significantly smaller than the intrinsic variability of the target variable. This finding is crucial for
demonstrating predictive effectiveness.

While the experimental peak shear strengths exhibit considerable variability, the Gradient Boosting model
captures most of this variation and yields substantially less residual variability. The established threshold
of 26 = 226.28 kPa provides an objective criterion for identifying unusually large prediction errors. As
indicated in Table 5, no residuals surpass this threshold, meaning that zero observations are classified as
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outliers. This conclusion is also supported by the plot, which shows that all residual points fall within the
+20 bounds, with the dashed horizontal line representing the zero-residual reference. As a result, both the
graphical and numerical outlier analyses are consistent. This outcome is significant because it
demonstrates that the favorable performance of Gradient Boosting is not due to accurately fitting most
observations while allowing a small number of observations to have extremely large errors. Instead, the
errors consistently remain within the predefined acceptable statistical range across the observations
analyzed.

Outlier Detection - Gradient Boosting
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Fig. 8. Outlier detection plot of the top model (Gradient Boosting).

The most significant finding is the complete absence of outliers. With a residual standard deviation of
113.14 kPa and a 2o threshold of 226.28 kPa, none of the predictions were classified as outliers.
Consequently, the outlier ratio of 0.00% strongly indicates consistency in prediction errors within the
established criteria. This outcome is particularly noteworthy when considered alongside the model's
performance metrics. Gradient Boosting achieved a test R? of 0.87135, an MAE of 92.60 kPa, and a
RMSE of 110.10 kPa, marking it as the top performer among the eight algorithms analyzed. Thus, the
model not only exhibits high predictive accuracy but also shows no statistically significant extreme
residuals. The connection between RMSE and the outlier analysis is also important to highlight. RMSE is
particularly sensitive to large prediction errors because residuals are squared before averaging. Therefore,
the relatively low RMSE of 110.10 kPa, coupled with the absence of residuals exceeding the 2c threshold,
provides further corroboration that the model does not exhibit a small number of exceptionally large
prediction errors.

The findings from the outlier detection are well aligned with the previously presented residual box plot.
The boxplot illustrates a relatively concentrated distribution of Gradient Boosting residuals, and Table 5
quantitatively affirms that none of the residuals exceed the established 2o criterion. This consistency
between two independent visual and statistical diagnostics significantly enhances confidence in the
model. Additionally, the residual standard deviation of 113.14 kPa corresponds closely with the model's
RMSE of 110.10 kPa. Although these figures are not mathematically identical, their similar magnitudes
suggest that both the overall variability of the residuals and the magnitude of the prediction error are on a
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comparable scale. Furthermore, the absence of observations beyond 2¢ indicates that extreme values have
little influence on the residual distribution.

The analysis highlights a notable disparity between the training and testing performances of tree-based
algorithms. The Decision Tree and XGBoost models attained high training R? values (1.0 and 0.999,
respectively), yet exhibited considerable declines in testing R? (0.622 and 0.747), suggesting overfitting
due to their over-reliance on limited training data. The Decision Tree's tendency to overfit stems from its
flexible structure, which can excessively divide the predictor space. Although XGBoost addresses some
of these concerns through boosting techniques, it still poses a risk of overfitting when its complexity
surpasses the dataset size. In contrast, Gradient Boosting produced a lower training R? (0.981) but
achieved a significantly higher testing R* (0.871), coupled with the lowest MAE and RMSE. This
outcome illustrates a more favorable balance between flexibility and generalization. The study
underscores the critical role of regularization, validation, and cross-validation in model development,
particularly when working with small datasets. Ultimately, the selection of algorithms should prioritize
out-of-sample predictive performance, positioning Gradient Boosting as the preferred model for this
dataset.

5. Conclusions

This study explored the effectiveness of eight machine learning approaches, Support Vector Regression,
Multilayer Perceptron, Gradient Boosting, XGBoost, Random Forest, Decision Tree, K-Nearest
Neighbors, and Linear Regression, in predicting the shear strength of fly ash-reinforced silty sands. The
analysis used 90 experimental observations from unconsolidated undrained triaxial tests, with fiber
content, curing time, initial moisture content, and confining pressure as input variables, and peak shear
strength as the target for prediction. The experimental database encompassed a wide range of conditions,
including fiber content from 0% to 1%, curing times from 0 to 15 days, initial moisture content from
11.2% to 15.2%, and confining pressures from 100 to 300 kPa. Concurrently, the measured peak shear
strength varied from 1112.7 to 2621.6 kPa. This combination of variables allowed the machine-learning
models to effectively capture the effects of reinforcement, material conditions, and confinement on the
observed shear-strength response.

From a geotechnical engineering standpoint, the findings highlight the potential of machine learning as a
valuable supplementary tool for estimating peak shear strength, particularly when direct experimental
determination is prohibitively expensive, time-consuming, or challenging across all conceivable
combinations of materials and testing conditions. The recognized significance of fiber content and
confining pressure is especially pertinent to the development of predictive frameworks for reinforced silty
sands. This model can aid in preliminary assessments and experimental planning by providing strength
estimates within the parameter ranges represented in the database. However, it is important to note that
these results should not be seen as a substitute for laboratory testing or a comprehensive understanding of
material behavior. Instead, the machine learning framework should be viewed as a data-driven predictive
complement to traditional geotechnical characterization methods.

The principal conclusions of this study, derived from comprehensive statistical, predictive, graphical,
interpretability, and error analyses, can be summarized as follows:

e Gradient Boosting revealed as the top algorithm among the eight techniques evaluated, achieving a
test R? of 0.87135, an MAE of 92.60 kPa, and a RMSE of 110.10 kPa. This performance highlights
its superior predictive capability for peak shear strength.

e Overall, the nonlinear ensemble approaches consistently outperformed simpler linear models and
less effective alternatives. Random Forest and XGBoost followed closely as the next most
competitive models, with test R? values of 0.75517 and 0.74680, respectively. In contrast, Linear
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Regression, Multilayer Perceptron, and Support Vector Regression demonstrated significantly
poorer generalization.

e Training performance alone proved to be an unreliable indicator of predictive capability. Both the
Decision Tree and XGBoost models attained exceptionally high R* values on the training and all
data sets, yet showed significantly lower performance on the test data. This underscores the
necessity of assessing model generalization using previously unseen observations.

e Among the model inputs, fiber content emerged as the most influential factor, with a feature
importance of 0.58741. It was followed by confining pressure (0.28550), initial moisture (0.10286),
and curing time (0.02423). Therefore, the predictive framework developed using Gradient Boosting
was primarily driven by fiber content and confining pressure within the examined ranges.

e FError diagnostics further affirmed the robustness of the chosen model. The residual standard
deviation was computed at 113.14 kPa, with a 2c threshold of 226.28 kPa. Importantly, no residuals
were identified as outliers. This indicates that the presence of extreme errors did not significantly
affect the model's strong predictive performance.

e The statistical analysis demonstrated characteristics of both normality and heteroscedasticity. The
Shapiro—Wilk and D'Agostino tests supported normality, while the Breusch—Pagan test indicated
heteroscedasticity (p=0.04497). This finding underscores the necessity of employing multiple
complementary diagnostic approaches when assessing predictive models for geotechnical
experimental data.

e The overall results validate the appropriateness of machine learning for predicting peak shear
strength in fly ash-reinforced silty sands, particularly when nonlinear ensemble methods are
utilized. The consistency among model performance metrics, actual versus predicted behavior,
residual diagnostics, feature importance, sensitivity analysis, radar chart comparisons, and outlier
detection offers a more comprehensive foundation for model selection than any single evaluation
metric.
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