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Machine learning has become foundational in data science for optimizing
predictive and classification models across diverse domains. Ensemble
methods—including Random Forest, gradient boosting algorithms
(LightGBM, CatBoost), and stacking meta-models—demonstrate superior
performance by capturing complex nonlinear relationships and managing
high-dimensional feature spaces. However, comparative benchmarking
across ensemble architectures remains limited, particularly regarding feature
importance analysis and cross-domain methodology transferability. This
study comprehensively evaluates four ensemble learning approaches—
Random Forest, LightGBM, CatBoost, and a stacking meta-model with logistic
regression meta-learner—on the Iris dataset (N=150), emphasizing
classification performance and feature interpretability. Data preprocessing
employed standardization and stratified 80/20 train-test splits, with 5-fold
cross-validation ensuring generalization. Performance assessment utilized
accuracy, precision, recall, Fl-score, and ROC-AUC metrics. Results
demonstrated Random Forest and LightGBM achieving 90.0% accuracy, while
CatBoost and the stacking meta-model attained 93.3% accuracy. Feature
importance analyses confirmed petal length (46.0%) and petal width (26.5%)
as dominant discriminative features. Cross-domain comparison with
infrastructure condition assessment revealed analogous ensemble
superiority, validating methodology transferability across scientific domains.
Future research should extend ensemble methodologies to high-dimensional
datasets, integrating Neural Architecture frameworks for enhanced
interpretability.

1. Introduction

Machine learning has developed into a cornerstone in the field of data science, offering powerful
tools for optimizing and controlling advanced predictive and classification models [1][2]. Among the
most powerful ensemble methods in modern machine learning are Random Forest, Gradient
Boosting algorithms (LightGBM, CatBoost), and stacking meta-models, which demonstrate superior
performance due to their ability to capture complex nonlinear relationships and handle high-
dimensional feature spaces [3]. The Iris dataset, a classic benchmark dataset in the field of machine
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learning, provides an ideal opportunity to evaluate and compare these advanced models'
performance in multi-class classification tasks. This study aims to comprehensively compare the
predictive power of ensemble learning models including Random Forest, LightGBM, CatBoost, and a
stacking meta-model with logistic regression meta-learner on the Iris dataset, with particular focus
on feature importance, model interpretability, and classification performance metrics. Additionally,
modern ensemble machine learning [4] offers accurate and cost-effective solutions for classification
tasks.

The Iris dataset, first introduced by Ronald Fisher in 1936, includes 150 iris flower samples
distributed equally across three species (Setosa, Versicolor, and Virginica), each characterized by four
morphological attributes: sepal length, sepal width, petal length, and petal width [5], [6]. The dataset
is commonly used for multi-class classification tasks, where the objective is to predict the species of
iris based on these four features [7]. While the dataset can also be adapted for regression tasks [8]
predicting individual features [9], this study focuses exclusively on the classification problem.

Ensemble learning methods represent a paradigm shift from traditional single-model approaches.
Random Forest, introduced by Breiman (2001), combines multiple decision trees through bagging to
reduce variance and improve generalization [10]. Gradient Boosting algorithms such as LightGBM
and CatBoost build sequential ensembles where each subsequent model corrects the errors of
previous models, offering state-of-the-art performance on structured data [11]. Stacking ensembles
further extend this concept by training a meta-learner (logistic regression) on the predictions of base
models [12], effectively learning optimal model combination strategies. These advanced ensemble
methods significantly outperform traditional linear models in capturing complex decision boundaries
and feature interactions, making them particularly suitable for botanical classification tasks [13] like
species identification in the Iris dataset.

The primary objective of this study is to conduct a comprehensive evaluation of four ensemble
learning approaches—Random Forest, LightGBM, CatBoost, and a stacking meta-model—on the Iris
classification task, with emphasis on feature importance analysis [14]. Feature importance quantifies
each feature's contribution to predictions, evaluated using multiple metrics including accuracy,
precision, recall, F1-score, and ROC-AUC curves [15]. Understanding feature importance is crucial for
model interpretability and can help identify the most discriminative morphological characteristics for
iris species classification.

The novelty and contributions of this research lie in: (1) comprehensive benchmarking of four state-
of-the-art ensemble methods on the Iris dataset with rigorous cross-validation (5-fold stratified); (2)
multi-faceted feature importance analysis combining inherent model importance, permutation
importance, and visualization through PCA decision boundaries; (3) implementation of a
sophisticated stacking architecture with logistic regression meta-learner achieving competitive
performance; (4) extensive visualization suite including 13 figures covering correlation analysis,
distribution analysis, confusion matrices, ROC curves, and partial dependence plots. This study builds
upon previous research [16] exploring machine learning for predictive modeling in infrastructure
condition assessment, where ensemble methods demonstrated superior performance compared to
traditional statistical approaches.

The study is structured as follows: Section 1 provides the overall evaluation and motivation; Section
2 reviews related work in ensemble learning; Section 3 details the methodology, including ensemble
model architectures, stacking strategies, data preprocessing, and comprehensive evaluation metrics;
Section 4 presents experimental results, including performance comparison across models, confusion
matrices, ROC curves, feature importance rankings, and PCA-based decision boundary visualization;
Section 5 discusses the implications of findings with focus on model selection trade-offs; Section 6
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concludes with key findings and recommendations for future research, including potential
applications to larger botanical datasets and integration with deep learning architectures.

2. Related Works

Machine learning has emerged as the dominant paradigm for achieving performance [17] across
diverse [18] classification and regression tasks, consistently outperforming traditional statistical
methods and single-model approaches [19]. This literature review examines ensemble methods'
applications in classification, infrastructure management [20] [21], and related domains to
contextualize our Iris dataset analysis. Machine learning (ML) has emerged as a transformative [17]
tool for predictive applications [18] across diverse domains [22], offering enhanced accuracy and
efficiency [23] compared to traditional statistical approaches [19].

Random Forest and Gradient Boosting algorithms have demonstrated exceptional performance in
multi-class classification problems. Breiman (2001) introduced Random Forest as a bagging ensemble
method that constructs multiple decision trees on bootstrapped samples, achieving variance
reduction through averaging [13]. Subsequently, Chen and Guestrin (2016) developed XGBoost,
establishing gradient boosting as the gold standard for structured data classification [24]. Ke et al.
(2017) further advanced the field with LightGBM, introducing histogram-based algorithms for faster
training and better accuracy on large-scale datasets [25]. Prokhorenkova et al. (2018) proposed
CatBoost, which handles categorical features natively and addresses prediction shift through ordered
boosting [26]. These gradient boosting variants consistently achieve higher accuracy on benchmark
classification datasets, outperforming traditional logistic regression.

In this literature review, the application of ML in construction [21] and infrastructure management
[20] has gained traction due to its ability to process complex [27], multidimensional datasets [28]. In
water distribution network management, Giraldo-Gonzalez and Rodriguez (2020) conducted a
comprehensive comparison of statistical methods against ML models, including Gradient-Boosted
Trees (GBT), Artificial Neural Networks (ANNs), and Support Vector Machines (SVMs). Their findings
revealed that GBT significantly outperformed other approaches with R? values ranging from 0.695 to
0.927, whereas ANNs demonstrated unexpectedly low predictive capability for pipe failure rates in
this specific application. This performance variability highlights the context-dependent nature of ML
model selection [29].

The comparative analysis of ML techniques extends to construction materials and environmental
applications. Pakzad et al. (2023) explored predictive models for steel fiber-reinforced concrete,
determining that Convolutional Neural Networks (CNNs) achieved superior performance with R? =
0.928 and MAE = 3.833, while K-Nearest Neighbors (KNN) exhibited lower accuracy with R? = 0.881
and higher error margins [30]. In the environmental engineering sector, Wong et al. (2020) evaluated
ANN, Adaptive Neuro-Fuzzy Inference System (ANFIS), and Multiple Linear Regression for Cu (Il) ion
adsorption using biochar, with ANFIS achieving 90.24% accuracy [31]. These diverse findings
collectively emphasize the importance of task-specific model selection, appropriate data architecture
[32], and feature engineering [33] in ML applications [34] across industries [35].

Thapa et al. (2020) further demonstrated ML robustness in network security contexts, achieving
99% accuracy using CNNs with ensemble methods [36]. Yang and Su (2008) applied SVMs to sewer
pipe defect detection, outperforming Bayesian classifiers (60% vs. 57.4%) [37], while Shams et al.
(2023) reported ANNs outperforming Multiple Linear Regression in air quality prediction (R? = 0.93
vs. 0.882) [38]. These comparative studies provide valuable insights for the evaluation of machine
learning [39], logistic regression [40], and ANN models on the lIris dataset [41], with direct
implications for construction assessment applications [16], where model selection impacts predictive
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accuracy and reliability. Future research should integrate advanced machine learning models like
Neural Architecture Search (NAS) and multimodal approaches to optimize feature selection and
expand applications across domains. These findings underscore the importance of feature
importance analysis and methodological advancements in machine learning.

3. Methodology

The methodology section outlines the steps taken to implement and evaluate the machine learning
models on the dataset [42]. The process includes data preprocessing, model implementation,
training, and evaluation. The goal is to provide a comprehensive understanding of how the models
were developed and how their performance was assessed [43]. The dataset, obtained from the UCI
Machine Learning Repository [44], consists of 150 iris flower samples, each characterized by four
morphological attributes: sepal length, sepal width, petal length, and petal width. Species
classification (Setosa, Versicolor, Virginica) serves as the target variable for this multi-class
classification task. Data preprocessing employed an 80:20 stratified train-test split, allocating 120
samples for training and 30 for testing. The split was implemented using the train_test_split function
from the sklearn.model_selection module with random_state=42 to ensure reproducibility across
experimental runs. Feature standardization was performed using StandardScaler from the
sklearn.preprocessing module [45], transforming all features to zero mean and unit variance. This
normalization prevents features with larger numerical ranges from dominating model training
processes in tree-based ensemble algorithms, ensuring balanced feature contribution to
classification decisions.

Predict Method

The predict method, as shown in formula (1), was implemented to use the learned model to provide
predictions. [46]. The method accepts the input data and returns the predicted values based on the
learned weights and bias [47].

y =XW + b e Rt (1)
Score Method
The score method was implemented to evaluate the model’s achievement using the mean squared
error (MSE) metric. The method accepts the input data and target values, makes predictions, and
computes the MSE between the predicted and actual values as shown in formula (2).

n
1
MSEz—Z . —9)2 2
nmll(yl ) (2)
L=

Fig. 1 illustrates the comparative ensemble learning workflow for Iris species classification. The
process initiates with Iris dataset acquisition, followed by a stratified 80/20 train-test split. Three
base learners—Random Forest, LightGBM, and CatBoost—are trained in parallel, with predictions fed
into a stacking meta-model leveraging logistic regression meta-learner architecture. Regularization
and early stopping mechanisms prevent overfitting during iterative training cycles. Model evaluation
employs comprehensive metrics (accuracy, precision, recall, F1-score, ROC-AUC) with results
comparison across individual models and stacking ensemble, culminating in final performance
visualization and feature importance analysis.
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Comparative Analysis of ML Models on Iris Dataset
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Fig. 1. Flowchart illustrating the comparative methodology for evaluating

Table 1, represents the first five rows of the Iris dataset out of 150, showing
measurements for sepal length and width, petal length and width, along with the species
classification [44].

Table 1

Iris Dataset Sample

ndex L Lometh _Lomgth _widin 5P
0 3.5 5.1 1.4 0.2 Setosa
1 3 4.9 1.4 0.2 Setosa
2 3.2 4.7 1.3 0.2 Setosa
3 31 4.6 1.5 0.2 Setosa
4 3.6 5 1.4 0.2 Setosa

746



Computer and Decision Making — An International Journal
Volume 2, (2025) 742-765

Fig. 2, is a 3D scatter plot that visualizes Iris species distribution using sepal length, sepal width,
and petal length. Distinct clusters for setosa (red circles), versicolor (green triangles), and virginica
(blue squares) demonstrate clear morphological separation, highlighting these features’
effectiveness in differentiating species within the Iris dataset.

Iris Flower Dataset Visualization

Three-Dimensional Distribution of Iris Species by Morphalogical Features

Species
® Iris Setosa

4 Iris Versicolor
m Iris Virginica

2
5
3
2
E
=
2

s Iis Dataset (1936)

sﬁkﬂf 35
Wi,
Ft,,., Y

Fig. 2. 3D scatter plot visualizes [48]

Fig. 3, compares the distributions of the Iris dataset has four features: petal length and width, sepal
length and width. Box plots highlight feature variability, medians, and outliers, providing insights into
data structure. Such visualizations are crucial for understanding feature importance and guiding
model development in regression and classification tasks.

Comparison of Feature Distributions Across
Categories

M scpal length [ sepal width [l petal length [l petal width

N

w

1

0

Fig. 3. Feature Distribution Visualization Using Box Plots
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The scatterplot in Fig. 4, matrix visualizes pairwise relationships between Iris dataset features
(sepal/petal length and width) across species. It highlights feature separability, aiding in classification
tasks, and complements box plots for distribution analysis [49]. Diagonal plots show the distribution
of each feature by species, while off-diagonal scatterplots reveal correlations between feature pairs.
Clear species separation is observed, particularly in petal dimensions, highlighting their discriminative
power for classification. This visualization underscores the utility of petal length and width in

distinguishing among the three Iris species.
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Fig. 4. Iris dataset scatterplot

Species
setosa
versicolor

+ virginica

Table 2 shows the statistical analysis of the Iris dataset reveals that petal length, and width are the

most significant predictors for both regression and classification tasks.

Table 2
Summary Statistics of the Iris Dataset Features
Feature Min Q1 Median Q3 Max
Sepal Length 43 51 5.8 6.4 7.9
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Sepal Width 2 2.8 3 33 44
Petal Length 1 1.6 4.3 5.1 6.9
Petal Width 01 03 1.3 1.8 2.5

Petal measurements exhibit predictive power, achieving low mean squared error (MSE) in
regression, and high classification precision, particularly for Setosa and Virginica species. Conversely,
sepal length contributes less predictively.

The correlation heatmap in Fig. 5 reveals positive relationships among morphological features, with
petal length and petal width exhibiting the highest correlation (r=0.963), indicating these dimensions
co-vary systematically across species. Sepal length demonstrates substantial correlations with both
petal measurements (r=0.872 and r=0.818), suggesting coordinated floral development. Conversely,
sepal width shows weak negative correlations with petal features (r=-0.428 and r=-0.366), reflecting
independent evolutionary pressures on sepal morphology. The near-orthogonal relationship
between sepal width and length (r=-0.118) confirms these features capture distinct botanical
characteristics, collectively providing complementary discriminative power for species classification
across the four-dimensional feature space representing iris floral architecture.

[ Feature Correlation Matrix
(Iris Dataset)

Sepal Length

Sepal Width

Features
Correlation Coefficient

Petal Length

Petal Width

Features

Fig. 5. Feature Correlation Matrix

The boxplot in Fig. 6 analysis quantifies inter-species variability across four morphological
dimensions, revealing marked distributional differences. Setosa displays the most compact
distributions with minimal outliers, particularly in petal measurements (length: 1.0-1.9 cm; width:
0.1-0.6 cm), establishing distinct non-overlapping ranges. Versicolor occupies intermediate positions
with moderate variability (petal length: 3.0-5.1 cm; petal width: 1.0-1.8 cm), while Virginica exhibits
the largest dimensions and greatest intra-class variance (petal length: 4.5-6.9 cm). Sepal width shows
substantial overlap across species, with Setosa demonstrating higher median values, explaining its
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reduced discriminative power. The presence of outliers in sepal measurements suggests natural
morphological variation, whereas petal features maintain consistent species-specific ranges critical
for classification accuracy.

Feature Distribution by Species
(Iris Dataset Exploration)
Sepal Length Sepal Width Petal Length Petal Width
s

Sepal Length
T
L]
Sepal Width
|
Petal Length
HH
Petal Width
}—D_‘
|_

Versscosar veginica Setosa versicolor ol Urgineca = Verssceior
Species Species Species Species

Fig. 6. Feature Distribution by Species

Model generalization was assessed using 5-fold stratified cross-validation, partitioning the training

set while preserving 33.33% class proportions per fold. Performance evaluation employed multi-class
TP+TN

extensions of binary metrics: Accuracy measures overall correctness: Acc = ———————; Precision
o TPATN+FPAFN'
guantifies positive predictive value [50]: Prec = ; Recall captures sensitivity: Rec = ; F1-
TP+FP TP+FN

Prec-Rec

Score harmonizes precision-recall trade-offs: F; = 2 - . Weighted averaging across three

Prec+Rec
classes accounts for balanced dataset characteristics. ROC-AUC curves employed one-vs-rest strategy

for multi-class extension. Feature importance was extracted via intrinsic model metrics (Gini
importance for Random Forest, gain for gradient boosting) and validated through permutation
importance on meta-model predictions.

4. Results

This section presents experimental results from comprehensive machine learning models applied
to the Iris dataset, demonstrating ensemble learning effectiveness for multi-class botanical
classification. The evaluation encompasses four models—Random Forest, LightGBM, CatBoost, and
a stacking meta-model—trained using stratified 80/20 train-test splits with standardized features.
Performance assessment employs accuracy, precision, recall, F1-score metrics, complemented by
confusion matrices, ROC curves, and feature importance analyses. Experimental findings reveal
consistently high classification accuracy across all models (90.0-93.3%), with petal dimensions
emerging as primary discriminative features. In parallel, the cross-domain infrastructure study [16]
applied analogous methodologies to urban water pipe condition assessment (N=11,544), achieving
meta-model accuracy of 96.67% through stacking ensemble architectures. Both investigations
validate ensemble learning superiority over single-algorithm approaches, while revealing domain-
specific feature importance patterns—botanical morphology for Iris classification versus temporal
degradation factors for infrastructure assessment. Comparative analysis demonstrates methodology
transferability across scientific domains while preserving interpretability and operational utility.

Comparative performance evaluation in Fig. 7 reveals Random Forest and LightGBM achieving
90.0% accuracy with precision (90.2%) and F1-scores (89.9%), while CatBoost and Meta-Model attain
superior 93.3% accuracy across all metrics. The Meta-Model's consistency (precision, recall, and
F1=93.3%) demonstrates balanced classification without bias toward dominant classes. Marginal
performance improvements validate stacking ensemble effectiveness, where meta-learner
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integration captures complex feature interactions. Results establish ensemble architectures'
superiority for botanical classification requiring multi-dimensional morphological discrimination.

BN Random Forest

Circular Performance Visualization -
N LightGBM

(360° Model Comparison) N CatBoost
. Meta-Model

100%

96.25%

Fig. 7. Multi-Model Performance Metric Comparison

While in Cross-Domain infrastructure meta-model [16] in Fig. 8 achieves higher absolute accuracy
(96.67%) versus lIris (93.33%), attributed to a larger training corpus (N=11,544 vs 150) and distinct
feature complexity. Infrastructure benefits from a dominant temporal predictor (age: 38.5%
importance) versus lIris's balanced multi-feature contribution. However, relative improvements
mirror across domains—infrastructure meta-model surpasses base learners (Random Forest 96.10%,
CatBoost 96.58%), paralleling Iris ensemble gains (Random Forest 90.0%, CatBoost 93.3%). Both
demonstrate consistent meta-learning advantage through algorithmic diversity integration.
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Model Comparison (Main Metrics)
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Random Forest LightGBM CatBoost Meta-Model
Fig. 8. Model Comparison in Cross-Domain Infrastructure [16]
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Ridge plot visualizes probability density distributions in Fig. 9, revealing cross-validation
performance stability across metrics. Meta-Model (red) exhibits narrow, high-peaked distributions,
demonstrating superior consistency and reduced variance compared to base learners. Random
Forest and LightGBM show broader, overlapping distributions centered at 0.9, indicating moderate
performance variability. CatBoost demonstrates intermediate characteristics. Vertical peak
concentration validates meta-ensemble robustness through reduced prediction uncertainty, while
horizontal separation quantifies performance gaps justifying stacking architecture for enhanced
reliability beyond accuracy gains alone.
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Ridge Plot: Model Performance Distribution
(Density Curves)
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Fig. 9. Classification Performance Across Four Models

Accuracy

Recall ﬁa\

F1-Score

ROC curves evaluate binary discrimination capability using a one-vs-rest strategy, with AUC
qguantifying overall performance. All models achieve Setosa AUC=1 (perfect separation), while
Versicolor and Virginica demonstrate AUC 0.970-0.990, indicating excellent discrimination despite
morphological similarity. Meta-Model maintains consistent AUC>0.985 across classes, validating
balanced multi-class capability. ROC analysis confirms that ensemble architecture enhances
sensitivity-specificity trade-offs simultaneously, critical for applications where false positive and false
negative costs impact taxonomic classification reliability. Infrastructure ROC curves demonstrate [16]
consistently higher AUC values (micro-average 0.997) versus Iris (0.985-0.990), reflecting larger
dataset advantages and clearer age-driven deterioration boundaries. Infrastructure Condition 1 and
5 achieve near-perfect AUC (>0.998) analogous to Iris Setosa separation, while intermediate
conditions (2-4) maintain AUC>0.95, paralleling Iris Versicolor-Virginica discrimination. Both domains
validate meta-model ROC superiority through complementary base learner integration,
demonstrating universal ensemble discrimination enhancement.
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ROC Curves - Multi-class Classification (One-vs-Rest)

(Iris Dataset)
Random Forest LightGBM

True Positive Rate

] s 7] a8
False Positive Rate False Pesitive Rate

CatBoost Meta-Model

True Positive Rate
N
N\
True Positive Rate
N

() 1w %%

04 s (] a8
False Positive Rate False Positive Rate

Fig. 10. Multi-Class ROC-AUC Performance Evaluation

Feature importance quantifies predictive contribution across models in Fig. 11, revealing consistent
petal length-petal width dominance (combined ~90% importance). Random Forest exhibits balanced
distribution through ensemble diversity, while LightGBM emphasizes petal length via gradient
optimization, focusing on discriminative features. CatBoost elevates petal width importance through
specialized categorical handling. Sepal features contribute minimally (<15% combined), confirming a
subordinate taxonomic role. Algorithmic variations validate complementary learning mechanisms,
justifying meta-model integration for comprehensive feature interaction capture. While in the
Infrastructure feature importance [16] reveals age dominance (38.5%) as a singular primary
predictor, contrasting Iris's balanced multi-feature contribution (petal length 46%, petal width 27%).
Infrastructure secondary features (length 22.6%, material 15.6%) show hierarchical distribution
versus Iris's near-equivalent petal dimensions. Algorithmic variations mirror domains—LightGBM
enhances age sensitivity (infrastructure) and petal length (Iris) through gradient optimization, while
CatBoost elevates categorical features (material/species). Both demonstrate domain-appropriate
feature hierarchies guiding model interpretation.
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7] Feature Importance Analysis: All Models

(Iris Dataset Classification)
Random Forest LightGBM

Petal Width 0.441  Petal Length 8.000

Petal Length 0.432 Petal Width 26.000

Sepal Length 0114 Sepal Length

Sepal widtn (M 0.014 Sepal Widin

°
°
°

02 03 04 100 150 200 250
Feature Importance Feature Importance

CatBoost Meta-Model (Avg)

°
&

Petal Width 1601 Petal Width 0.4

Petal Length po.947 Petal Length 0.432

Sepal Widtn 0.959 Sepal Length 0114

Sepal Length [7.493 Sepal Width 0.014

0 10 20 0 40 50 o1 02 03 04
Feature Importance Feature Importance

o
o

Fig. 11. Cross-Model Feature Importance Analysis

Averaged feature importance in Fig. 12 establishes ranking independent of algorithmic biases: petal
length (46.0%), petal width (26.5%), sepal length (14.5%), sepal width (13.0%). Normalization
(sum=1.0) enables direct comparative interpretation. Petal dimensions combined 72.5% contribution
validates botanical literature emphasizing reproductive organ morphology for Iris taxonomy. Sepal
features' subordinate role (27.5% combined) suggests supplementary discriminative capacity.
Ensemble averaging mitigates individual model artifacts, providing a consensus feature hierarchy
guiding operational botanical classification protocols. Similarly, infrastructure analysis [16] shows,
ensemble averaging reveals age (38.5%), length (22.6%), material (15.6%), and diameter (13.2%),
establishing clearer hierarchical dominance versus lIris's balanced distribution. Infrastructure's
dominant temporal predictor (38.5%) contrasts lIris's primary feature (46.0%), reflecting
deterioration's time-dependent nature versus botany's multi-dimensional morphology.
Environmental factors (thaw/soil/slope: 10% combined infrastructure) mirror sepal contributions
(27.5% Iris) as supplementary predictors. Both demonstrate domain-specific feature hierarchies
enabling targeted data collection optimization.
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Average Feature Importance Across All Models (Sum = 1.0)
(Iris Dataset)

0.460

0.265

0.145
0.130

Average Normalized Importance

00

Petal Lengin Petal Wit Sepal Lengtn ‘Sepal Width

Features

Fig. 12. Normalized Feature Contribution Distribution

Meta-Model confusion matrix in Fig. 13 demonstrates optimal classification with minimal off-
diagonal scatter: Setosa (10/10 correct), Versicolor (9/10), Virginica (9/10). Total accuracy of 93.33%
validates ensemble superiority through strategic base learner integration. Diagonal concentration
confirms discriminative capability across species boundaries, with isolated misclassifications (1
Versicolor-»Virginica, 1 Virginica->Versicolor) reflecting known morphological overlap. Matrix
symmetry indicates balanced error distribution without systematic bias, essential for taxonomic
applications requiring equivalent precision across all botanical classes. While the infrastructure meta-
model matrix [16] shows 1,989 Condition correct classifications from a larger test set (N=2,309 vs Iris
N=30), achieving 96.67% accuracy versus lris 93.33%. The infrastructure five-class problem exhibits
greater complexity yet higher accuracy through dataset scale advantages (training: 9,235 vs 120).
Infrastructure Condition 5 accuracy (94.9%, 75/79 correct) mirrors Iris Virginica challenge (90%,
9/10). Both matrices validate ensemble robustness, with infrastructure benefiting from temporal
degradation clarity versus botanical morphological ambiguity.

[ Confusion Matrix: Meta-Model (Best Performance)
(Iris Dataset Classification)

Setosa

Versicolor

True Label
Number of Samples

Virginica

Setosa Versicolor Virginica
Predicted Label

Fig. 13. Stacking Ensemble Classification Accuracy Matrix
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PCA projection visualizes decision boundaries in a reduced two-dimensional space in Fig. 14,
explaining maximum variance while maintaining class separability. Meta-Learner demonstrates
refined classification regions with clear Setosa isolation (distinct cluster) and effective Versicolor-
Virginica discrimination despite partial overlap reflecting morphological similarity. Contour density
reveals probabilistic classification confidence gradients, with smooth transitions indicating stable
decision boundaries. PCA validation confirms models capture genuine botanical structure rather than
training artifacts, supporting real-world taxonomic applicability beyond the original feature space.

.1 PCA Decision Boundaries for All Models
(Iris Dataset - 2D PCA Space)

Random Forest (PCA Space) LightGBM (PCA Spacs)

Secand Principal Component
Secand Principal Componant

el o
First Principal Component
Meta-Learner (PCA Spacs)

g o
First Principal Component
CatBoost (PCA Space)

Second Principal Component
Second Principal Component

)

=] a =] o
First Principal Component First Principal Component

Fig. 14. Principal Component Analysis Decision Regions

While in Cross-Domain infrastructure PCA [16] in Fig. 15 reveals analogous patterns where Condition
1 (excellent) forms a distinct cluster separated from deteriorated states (Conditions 4-5), mirroring
Setosa isolation. Infrastructure intermediate conditions (2-3) show greater overlap versus Iris
Versicolor-Virginica, reflecting a gradual deterioration continuum. Meta-Feature PCA (infrastructure)
demonstrates more compact clustering attributed to the dominant age predictor versus Iris's multi-
dimensional morphology. Both visualizations validate classification feasibility in reduced dimensions,
confirming that feature sets capture essential discriminative information.
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PCA Decision Boundaries for All Models
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Fig. 15. PCA Decision Boundaries All Models
in Cross-Domain Infrastructure [16]

Partial dependence plots in Fig. 16 reveal meta-model sensitivity to base learner predictions.
Random Forest influence increases above a 0.6 probability threshold, demonstrating confidence-
weighted integration. LightGBM shows the steepest response in the 0.4-0.8 range with maximum
sensitivity at 0.6, indicating primary discriminative contribution. CatBoost maintains consistent
influence across the full spectrum, suggesting stable supplementary pattern recognition. Vertical
markers indicate data concentration regions validating statistical reliability. PDP analysis confirms
meta-learner learns optimal weighting strategies rather than uniform averaging, enhancing
ensemble intelligence. While in Cross-Domain, the infrastructure PDP [16] reveals analogous meta-
learner dependence patterns where base learner probabilities differentially influence final
predictions. Infrastructure demonstrates similar LightGBM prominence, reflecting gradient
boosting's effectiveness across domains. However, the infrastructure's five-class problem [16]
produces more complex dependence surfaces than Iris's three-class visualization. Both analyses
validate meta-learning sophistication—ensemble doesn't simply average predictions but learns
context-dependent weighting strategies. Universal pattern confirms meta-models extract
algorithmic complementarity, justifying architectural complexity across scientific domains.
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Fig. 16. Meta-Feature Contribution Analysis

Experimental evaluations demonstrated ensemble learning superiority across all performance
metrics, with the meta-model achieving 93.33% accuracy through strategic base learner integration.
Petal morphology emerged as the dominant discriminative feature, while cross-validation analysis
validated prediction stability, establishing methodological foundations for subsequent interpretative
discussion.

5. Discussion

Ensemble performance aligns with theoretical frameworks where Random Forest reduces variance
through bagging methodology reduces variance through bootstrapped sampling [10], while gradient
boosting algorithms (LightGBM, CatBoost) iteratively minimize prediction errors through sequential
model refinement [24] [26]. Meta-model superiority validates stacking ensemble principles [12],
where algorithmic diversity enables complementary pattern recognition beyond individual learner
capabilities. Feature importance hierarchies corroborate botanical literature emphasizing
reproductive morphology's taxonomic significance [6] [5], extending classical statistical foundations
into contemporary machine learning frameworks.

Cross-domain  methodology transferability demonstrates ensemble learning's universal
applicability, paralleling infrastructure condition assessment findings [16], where meta-models
achieved 96.67% accuracy through analogous stacking architectures. Performance differentials
reflect dataset scale effects—infrastructure's 77-fold larger corpus facilitates superior generalization
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versus botanical classification's constrained sample size. Gradient boosting consistency across
domains (LightGBM prominence) validates algorithmic robustness irrespective of application
context, supporting ensemble method adoption for diverse classification problems requiring
interpretability, accuracy, and operational reliability [51] [19].

6. Conclusion

This investigation established ensemble learning methodologies as frameworks for multi-class
botanical classification by comprehensively benchmarking Random Forest, LightGBM, CatBoost, and
stacking meta-models on the lIris dataset. Morphological feature hierarchies were quantitatively
validated through multi-faceted importance analyses, confirming petal dimensions as primary
discriminative characteristics. Meta-model architectures synthesized algorithmic diversity to achieve
balanced classification performance, demonstrating transferable principles applicable across
scientific domains, as evidenced through infrastructure assessment [16] parallels. These findings
contribute methodological foundations for scalable, data-driven classification systems requiring
domain-specific feature interaction modeling.

7. Recommendation

Future research should extend ensemble methodologies to larger botanical datasets exhibiting
class imbalance and high-dimensional feature spaces, where advanced techniques [52] demonstrate
measurable advantages. Neural Architecture Search (NAS) [53] could automate hyperparameter
optimization [54] for domain-specific architectures [55], while deep ensemble methods [56] [57] may
enhance uncertainty quantification for borderline classifications [58] [59]. Integration of explainable
Al frameworks [60] would provide stakeholder-accessible interpretations beyond feature importance
rankings [61]. Cross-domain transfer learning applications [62] could validate [63] the methodology's
generalizability [64] across taxonomic hierarchies, agricultural phenotyping, and biodiversity
monitoring systems that require real-time classification with limited training data.
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