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Abstract 

High-dimensional data classification represents a significant area of investigation within machine 

learning because modern computational applications frequently involve datasets containing large 

numbers of explanatory variables. Such datasets may exhibit complex interactions, redundant attributes, 

correlated features, and limited observations relative to the dimensionality of the feature space. These 

characteristics can influence classification accuracy, computational efficiency, and the generalization 

capabilities of predictive algorithms. Ensemble learning provides a methodological approach to 

addressing selected classification difficulties by combining multiple predictive models through 

structured aggregation procedures. The present paper develops a hypothetical comparative framework 

for examining the classification characteristics of five ensemble learning algorithms: Bagging, Random 

Forest, Extremely Randomized Trees, AdaBoost, and Gradient Boosting. The proposed methodology 

considers a fictional binary classification dataset containing 3,000 observations and 2,400 numerical 

attributes. Feature selection, model training, hyperparameter optimization, and independent evaluation 

are incorporated into the proposed research design. Particular attention is given to predictive 

performance under increasing feature dimensionality and the methodological implications of irrelevant 

or redundant variables.  

Two illustrative analytical tables demonstrate how classification outcomes and feature-

dimensionality effects could be reported. The first presents hypothetical classification results using 

accuracy and F1-score, while the second describes illustrative performance differences across selected 

feature subsets. These numerical values are manually constructed and do not represent executed 

simulations or experimentally verified findings. The methodological discussion examines the 

relationship among ensemble diversity, feature selection, model complexity, computational efficiency, 

and predictive reliability. The study identifies evaluation bias, excessive dimensionality, and class 

imbalance as important considerations when comparing learning algorithms. Overall, the proposed 

framework provides a structured foundation for future empirical investigations involving ensemble-

based classification of high-dimensional datasets. Its conclusions concern methodological design rather 

than demonstrated algorithmic superiority. 
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1. Introduction 

The increasing availability of digital information has encouraged the development of computational 

methods capable of analyzing datasets containing numerous explanatory variables. High-dimensional 

data arise in scientific research, financial analytics, biomedical computing, image recognition, and other 

information-intensive applications. Such datasets may contain hundreds or thousands of features 

describing individual observations. Although these features can provide detailed representations of the 

underlying phenomena, their presence also introduces difficulties for predictive modeling. Redundant 

attributes, limited sample sizes, complex variable relationships, and irrelevant information can reduce 

classifier reliability and increase computational requirements. 

High-dimensional classification involves assigning observations to predefined categories using 

information distributed across extensive feature spaces. The complexity of this task increases when the 

number of variables becomes large relative to the available training observations. Under such conditions, 

conventional predictive algorithms may identify relationships that are specific to the training sample 

rather than representative of new data. Highly correlated variables and noisy measurements can further 

complicate classification boundaries. Consequently, successful model development requires careful 

consideration of feature selection, generalization error, training stability, and evaluation design. 

Ensemble learning has emerged as an important methodological approach for improving 

predictive classification through the combination of multiple models. Instead of relying exclusively on 

one classifier, ensemble procedures construct collections of predictive components and combine their 

outputs using voting, averaging, or sequential optimization. Bagging, Random Forest, Extremely 

Randomized Trees, AdaBoost, and Gradient Boosting represent different strategies for developing such 

systems. Their learning mechanisms vary according to sampling procedures, feature randomization, 

classifier dependency, and optimization objectives. These differences make comparative evaluation 

relevant when considering high-dimensional datasets. 

Feature dimensionality also influences the relationship between computational complexity and 

predictive performance. Increasing the number of explanatory attributes may introduce useful 

information, but it can also expand the search space and increase sensitivity to irrelevant variables. 

Feature selection procedures attempt to identify informative subsets while preserving meaningful 

relationships between observations and classification outcomes. However, the effectiveness of 

dimensionality reduction may differ among ensemble algorithms because their learning procedures 

respond differently to correlated, noisy, or weakly informative features. Understanding these interactions 

is necessary for selecting suitable classification strategies. 

The present paper proposes a hypothetical comparative investigation of ensemble learning 

algorithms for high-dimensional binary classification. Five ensemble approaches are examined within a 

common methodological framework involving feature preparation, model development, and independent 

evaluation. A fictional dataset with 3,000 observations and 2,400 explanatory attributes provides the 

basis for illustrating the intended analytical procedure. Two constructed numerical tables demonstrate 

possible methods of comparing classification performance and feature-dimensionality effects.  

 

2. Objectives of the Study 

The principal objective of this study is to examine the methodological suitability of ensemble learning 

algorithms for classifying high-dimensional datasets. The proposed investigation focuses on 

classification performance, feature dimensionality, and computational reliability. Three specific 

http://www.ijmlaidse.com/


 

International Journal of Machine Learning, AI &  

Data Science Evolution 
 

Volume 1, Issue 3 – July-August 2025   ●   E-ISSN: 3067-5073 P-ISSN: 3067-6932 

 

IJMLAIDSE Website: www.ijmlaidse.com Email: editor@ijmlaidse.com 3 

 

objectives guide the comparison of Bagging, Random Forest, Extremely Randomized Trees, AdaBoost, 

and Gradient Boosting. 

 

2.1 Assessment of Ensemble Classification Performance 

The first objective is to examine how different ensemble learning algorithms may perform when applied 

to high-dimensional classification problems. Bagging, Random Forest, Extremely Randomized Trees, 

AdaBoost, and Gradient Boosting are selected to represent alternative ensemble construction strategies. 

The proposed comparison considers their potential differences in classification accuracy, precision, 

recall, and F1-score. Particular attention is given to understanding how the aggregation of multiple 

predictive components may influence classification reliability when observations contain numerous 

explanatory attributes and complex relationships among variables. 

The investigation further aims to establish a fair analytical procedure for comparing ensemble 

classifiers. Each algorithm would receive equivalent training information and an appropriate opportunity 

for hyperparameter optimization. Predictive performance would be assessed using an independent 

evaluation partition, thereby limiting the influence of model-selection decisions on reported outcomes. 

This objective emphasizes the importance of distinguishing genuine differences in classification 

capability from variations caused by inconsistent preprocessing, unequal computational resources, or 

inappropriate evaluation procedures during comparative machine learning research. 

 

2.2 Examination of Feature Dimensionality Effects 

The second objective is to investigate how changes in the number of available features may influence 

ensemble classification performance. High-dimensional datasets frequently contain attributes that 

provide limited additional predictive information or repeat relationships represented by other variables. 

The proposed study considers three feature configurations involving selected subsets and the complete 

feature space. These configurations provide a conceptual basis for examining whether reducing 

dimensionality may improve predictive reliability while decreasing unnecessary computational 

complexity. 

The investigation also considers differences in the sensitivity of ensemble algorithms to 

irrelevant and correlated attributes. Randomized tree-based models may respond differently to extensive 

feature spaces than sequential boosting approaches. Consequently, identical feature subsets may not 

provide equivalent benefits across classifiers. This objective emphasizes the relationship between feature 

representation, model diversity, and predictive generalization. Any conclusions concerning 

dimensionality effects would require controlled experiments in which feature selection procedures are 

applied consistently and evaluated without accessing independent test information. 

 

2.3 Identification of Computational and Evaluation Constraints 

The third objective focuses on identifying methodological difficulties that may influence the comparison 

of ensemble learning algorithms. These difficulties include excessive feature dimensionality, training 

instability, computational overhead, class imbalance, and inappropriate parameter selection. The 

proposed framework considers how such conditions may affect classification outcomes and the 

interpretation of performance measures. Particular attention is given to distinguishing the consequences 

of algorithmic design from those associated with dataset characteristics and the availability of 

representative training observations. 
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A further objective involves examining procedures that support reproducible and statistically defensible 

comparisons. Repeated model development, independent testing, and transparent documentation of 

computational settings are considered necessary components of reliable evaluation. The study also 

recognizes that small differences in classification metrics may not represent meaningful improvements. 

Consequently, this objective emphasizes uncertainty estimation, appropriate statistical testing, and 

careful interpretation of reported performance differences rather than selecting algorithms exclusively 

according to the highest observed numerical score. 

 

3. Review of Literature 

3.1 Development of Ensemble Classification Methods 

Dietterich (2000) examined ensemble methods and described how combinations of classifiers may 

improve predictive performance through complementary learning behavior. Breiman (2001) developed 

Random Forests by combining randomized decision trees and examining their generalization properties. 

Bühlmann and Yu (2002) investigated Bagging from a statistical perspective and considered its 

influence on prediction stability. These contributions established important foundations for 

understanding how the aggregation of multiple models can influence classification reliability, 

particularly when individual predictors exhibit sensitivity to training data variations. 

Friedman (2001) developed Gradient Boosting as an approach involving sequential predictive 

optimization, while Friedman (2002) examined stochastic modifications to the boosting procedure. 

Kuncheva (2004) presented a systematic treatment of classifier combination strategies and ensemble 

design. Polikar (2006) discussed ensemble-based systems within decision-making applications, 

emphasizing the integration of multiple predictive components. Collectively, these contributions 

demonstrate that ensemble methods employ different mechanisms for improving predictions and require 

evaluation according to the characteristics of the classification problem. 

 

3.2 Randomized Ensembles and High-Dimensional Features 

Geurts et al. (2006) introduced Extremely Randomized Trees as an approach employing substantial 

randomization during tree construction. Banfield et al. (2007) compared alternative decision-tree 

ensemble techniques and examined differences in their classification behavior. Rokach (2010) reviewed 

ensemble-based classifiers and discussed their methodological characteristics. These contributions 

establish a foundation for comparing tree-based ensembles that differ in their sampling, feature 

selection, and decision aggregation procedures. Their relevance is particularly apparent when 

classification involves extensive feature spaces and potentially complex variable interactions. 

Guyon and Elisseeff (2003) examined feature selection methods and their relevance to predictive 

accuracy, computational efficiency, and interpretability. Saeys et al. (2007) reviewed feature selection 

techniques in high-dimensional biological datasets, while Fan and Lv (2008) investigated dimensionality 

reduction for ultrahigh-dimensional feature spaces. Strobl et al. (2007) examined potential bias in 

Random Forest variable importance measures.  

 

3.3 Comparative Evaluation and Generalization Reliability 

Bengio and Grandvalet (2004) examined uncertainty associated with cross-validation estimates and 

demonstrated important limitations in variance estimation. Demšar (2006) investigated statistical 

procedures for comparing classifiers across multiple datasets. Varma and Simon (2006) examined bias 
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arising when cross-validation is used for model selection and performance estimation. These 

contributions emphasize the importance of distinguishing model development from independent 

evaluation. Their methodological implications are particularly relevant when numerous algorithms and 

hyperparameter configurations are compared using a limited number of observations. 

Hastie et al. (2009) provided a comprehensive statistical treatment of predictive learning and 

generalization. Cawley and Talbot (2010) investigated overfitting associated with model selection 

procedures, while Bergstra and Bengio (2012) examined randomized hyperparameter optimization. Zhou 

(2012) presented theoretical and practical foundations of ensemble learning, and Chen and Guestrin 

(2016) investigated scalable tree boosting. These contributions support rigorous comparative design, 

transparent parameter optimization, and careful assessment of whether observed performance 

differences remain reliable beyond the original training data. 

 

4. Research Methodology 

4.1 Research Design and Ensemble Selection 

The present paper proposes a hypothetical comparative quantitative research design for evaluating 

ensemble learning algorithms under high-dimensional classification conditions. Five methods are 

selected: Bagging, Random Forest, Extremely Randomized Trees, AdaBoost, and Gradient Boosting. 

These approaches represent different combinations of resampling, randomization, aggregation, and 

sequential optimization. The proposed classification problem contains two outcome categories and 

numerous explanatory attributes. This methodological framework has not been implemented through 

computational experiments and is intended exclusively to demonstrate a structured research procedure. 

The intended experimental design would involve controlled model development using equivalent 

training observations and predefined evaluation criteria. Each classifier would receive appropriate 

hyperparameter optimization within the same computational budget. Tree-based base learners would be 

configured according to the methodological requirements of the corresponding ensemble. The 

comparison would examine predictive performance under the complete feature space and selected lower-

dimensional representations. Independent testing would be conducted after model configurations had 

been finalized, thereby reducing unnecessary bias in comparative evaluation. 

 

4.2 Hypothetical Dataset and Dimensionality Reduction 

For illustrative purposes, the proposed study assumes a fictional numerical dataset containing 3,000 

observations and 2,400 explanatory variables. The target outcome consists of two classes, with 80% of 

observations assigned to the majority category and 20% to the minority category. The features are 

assumed to include informative, correlated, and irrelevant attributes. These characteristics are 

constructed solely to illustrate a high-dimensional classification problem. No actual observations were 

collected, computationally simulated, or analyzed during manuscript preparation. 

The proposed preprocessing procedure would involve missing-value assessment, identification of 

duplicated attributes, appropriate feature scaling where necessary, and training-only variable ranking. 

Three feature configurations would be considered: 200 selected attributes, 800 selected attributes, and 

the complete set of 2,400 attributes. Feature selection would occur within the model development 

process, without using independent test outcomes. This structure would allow investigators to examine 

how reducing dimensionality influences different ensemble algorithms while limiting information 

leakage and preserving comparability. 
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4.3 Model Training and Performance Evaluation 

The hypothetical dataset would be divided into training, validation, and independent testing partitions 

containing 70%, 15%, and 15% of observations, respectively. Stratified partitioning would preserve the 

intended class proportions. Model selection would rely on training and validation information, with 

appropriate internal cross-validation where required. Hyperparameters would include ensemble size, tree 

depth, learning rate, and feature sampling settings. These choices would be adjusted according to the 

selected algorithm while maintaining consistent evaluation conditions. 

The proposed evaluation would report classification accuracy, precision, recall, and F1-score, 

supplemented by computational time and model stability in an actual implementation. Particular 

attention would be given to the minority category because aggregate accuracy can conceal unequal 

classification performance. Repeated experiments and confidence intervals would be necessary before 

interpreting small differences as meaningful. The present manuscript uses manually constructed 

numerical examples to demonstrate reporting procedures. No training, testing, or statistical significance 

analysis was performed. 

 

5. Analysis 

5.1 Illustrative Comparison of Ensemble Classification Outcomes 

The comparative evaluation of ensemble learning methods requires consistent classification measures 

and clearly defined reference outcomes. Table 1 presents hypothetical classification results for five 

ensemble algorithms evaluated against the same fictional test partition. The test set contains 450 

observations, including 90 minority-class cases and 360 majority-class cases. True-positive and false-

positive counts are provided to demonstrate how classification accuracy and F1-score could be 

calculated. All values are constructed examples rather than observations generated through actual model 

execution. 

The illustrative results demonstrate how different ensemble approaches might produce variations 

in minority-class recognition and overall classification accuracy. Gradient Boosting is assigned the 

highest F1-score within this fictional comparison, while Random Forest and Extremely Randomized 

Trees receive equivalent illustrative accuracy. These differences should not be interpreted as evidence of 

genuine predictive superiority. An implemented study would require repeated training, independent 

evaluation, confidence intervals, and appropriate statistical comparisons before determining whether any 

performance differences are reproducible or practically important. 

 

Table 1: Hypothetical Comparative Classification Performance of Ensemble Algorithms 

Ensemble Algorithm True Positives False Positives Accuracy (%) F1-Score 

Bagging 66 24 89.3 0.733 

Random Forest 72 18 92.0 0.800 

Extremely Randomized Trees 70 16 92.0 0.795 

AdaBoost 65 27 88.4 0.714 

Gradient Boosting 74 20 92.0 0.804 
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Source: Hypothetical results manually constructed for academic illustration. The assumed test set 

contains 90 positive and 360 negative cases. Accuracy and F1-score are derived from the hypothetical 

classification counts and rounded. No classifiers were actually trained or tested. 

The table illustrates why models with identical accuracy may exhibit different F1-scores. In this 

example, Random Forest, Extremely Randomized Trees, and Gradient Boosting all have approximately 

92% accuracy, but their positive predictions and false-positive counts differ. 

 

5.2 Illustrative Influence of Feature Dimensionality 

Feature dimensionality may influence classification performance because increasing the number of 

attributes can introduce redundant information, correlated variables, and unnecessary computational 

complexity. Table 2 presents hypothetical F1-scores across three feature configurations. The constructed 

values illustrate a possible situation in which selected feature subsets provide more favorable 

performance than the complete 2,400-variable representation. These differences are not experimental 

findings. They merely demonstrate how feature-dimensionality effects could be organized within a 

comparative ensemble learning investigation. 

The proposed analysis emphasizes that feature reduction should be evaluated in relation to 

individual learning algorithms rather than assumed universally beneficial. Randomization mechanisms, 

classifier diversity, and optimization procedures may influence how models respond to high-dimensional 

information. An actual study would require independently fitted feature selectors and repeated model 

evaluation for every dimensionality condition. Computational time, memory consumption, and 

predictive stability would also need assessment. The hypothetical values therefore provide a reporting 

example without establishing the effectiveness of any specific feature selection strategy. 

 

Table 2: Hypothetical F1-Score Comparison Across Feature Dimensions 

Ensemble Algorithm 200 Features 800 Features 2,400 Features 

Bagging 0.820 0.770 0.733 

Random Forest 0.834 0.820 0.800 

Extremely Randomized Trees 0.839 0.822 0.795 

AdaBoost 0.801 0.758 0.714 

Gradient Boosting 0.843 0.821 0.804 

 

Source: Fictional comparative values developed for methodological illustration. Feature subsets of 200 

and 800 variables are assumed to be selected using training-only procedures. The 2,400-feature column 

corresponds to the hypothetical full-feature comparison in Table 1. No dimensionality reduction 

experiments were conducted. 

The illustrative pattern suggests a possible research hypothesis concerning the relationship 

between irrelevant attributes and classification performance. However, confirming this relationship 

would require actual experiments involving documented feature selection methods and representative 

high-dimensional datasets. 

 

http://www.ijmlaidse.com/


 

International Journal of Machine Learning, AI &  

Data Science Evolution 
 

Volume 1, Issue 3 – July-August 2025   ●   E-ISSN: 3067-5073 P-ISSN: 3067-6932 

 

IJMLAIDSE Website: www.ijmlaidse.com Email: editor@ijmlaidse.com 8 

 

6. Discussion 

6.1 Ensemble Diversity and Predictive Classification 

Ensemble learning combines multiple predictive components to produce a collective classification 

outcome. Its effectiveness depends partly on the relationships among individual learners and the errors 

they produce. When component models exhibit complementary predictive behavior, their combination 

may reduce dependence on a single unstable classifier. The proposed framework examines this principle 

through Bagging, Random Forest, Extremely Randomized Trees, AdaBoost, and Gradient Boosting. 

Each algorithm introduces diversity through different construction or optimization mechanisms that may 

influence classification reliability. 

The methodological comparison also recognizes that additional ensemble components do not 

automatically improve predictive performance. Highly correlated learners may provide limited 

complementary information, while excessive complexity can increase computational requirements. 

Consequently, ensemble diversity should be evaluated alongside the quality of individual predictions 

and the characteristics of the dataset. The hypothetical results illustrate possible performance differences 

but cannot establish their causes. A genuine experimental study would need to examine how learner 

diversity contributes to classification outcomes under controlled conditions. 

 

6.2 Feature Selection and High-Dimensional Learning 

Feature selection represents an important consideration when the number of explanatory variables 

becomes large relative to available observations. Irrelevant or highly correlated attributes may increase 

computational demands and complicate the identification of reliable predictive relationships. The 

proposed framework evaluates this issue through three hypothetical feature configurations. By 

considering the same ensemble algorithms across different dimensionalities, the intended comparison 

provides a methodological basis for examining whether selected variable subsets produce more stable 

classification performance. 

However, reducing dimensionality can also remove useful information when feature selection 

procedures fail to identify complex interactions. A variable that appears weak when examined 

independently may contribute predictive information through its relationship with other features. 

Consequently, simple ranking methods may not always identify the most useful feature combinations. 

The proposed investigation therefore emphasizes appropriate feature selection design and independent 

testing. Any observed improvement must be interpreted cautiously because selection procedures can 

introduce additional model complexity and evaluation bias. 

 

6.3 Comparative Performance and Statistical Interpretation 

Comparing ensemble algorithms requires careful interpretation of performance differences because 

classification metrics are influenced by dataset composition, model configuration, and random variation. 

The hypothetical results assign slightly different F1-scores to Random Forest, Extremely Randomized 

Trees, and Gradient Boosting. Such differences are insufficient to establish methodological superiority 

without repeated experiments.  

A reliable evaluation would require uncertainty estimates and statistical procedures appropriate 

to the number of models, datasets, and experimental repetitions involved in the comparison. Demšar 

(2006) discussed methods for comparing classifiers across multiple datasets, while Cawley and Talbot 

(2010) examined performance bias associated with model selection. These contributions emphasize that 
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statistical evaluation must account for the design of the experiment. The proposed framework therefore 

recommends repeated assessment and appropriate control of hyperparameter optimization. The 

interpretation of predictive performance should consider the magnitude and uncertainty of differences 

rather than focusing exclusively on rankings derived from isolated numerical estimates. 

 

7. Challenges 

7.1 Excessive Feature Dimensionality and Redundancy 

High-dimensional datasets frequently contain explanatory variables that are redundant, weakly 

informative, or strongly correlated with other attributes. These characteristics can complicate classifier 

development by increasing the number of possible relationships that a learning algorithm must examine. 

Tree-based ensembles may respond to such complexity through feature randomization, but their 

effectiveness remains dependent on the distribution of relevant information. Excessive dimensionality 

may also increase computational requirements and make the interpretation of predictive relationships 

more difficult. 

A further difficulty arises when the number of available features approaches or exceeds the 

number of training observations. Under these conditions, classifiers may identify relationships that do 

not generalize beyond the development dataset. Feature selection provides one potential response, but 

inappropriate selection can remove informative variables or introduce bias. Consequently, 

dimensionality reduction procedures require independent evaluation. The proposed framework 

emphasizes preserving useful predictive information while reducing unnecessary complexity through 

carefully controlled variable selection and model validation. 

 

7.2 Computational Cost and Hyperparameter Optimization 

Ensemble algorithms may require substantial computational resources because they construct and 

combine multiple predictive components. Training time depends on factors such as ensemble size, tree 

depth, learning rate, feature count, and the number of available observations. High-dimensional data can 

increase the cost of evaluating potential splitting variables and configuring model parameters. 

Consequently, comparisons based exclusively on classification accuracy may overlook important 

differences in computational efficiency and practical implementation requirements. 

Hyperparameter optimization introduces additional computational demands because several 

configurations may need evaluation before a suitable model is selected. Randomized search and other 

optimization procedures can help organize this process, but they still require appropriate computational 

budgets and validation strategies. Excessive parameter exploration may also increase the risk of 

overfitting to development data. The proposed methodology therefore recommends predefined search 

spaces, consistent resource allocation, and independent evaluation before concluding that a particular 

ensemble configuration provides superior performance. 

 

7.3 Evaluation Bias and Classification Stability 

Evaluation bias can arise when feature selection, preprocessing, or model optimization procedures use 

information that should remain reserved for independent testing. Such information leakage may produce 

overly favorable classification results and undermine the credibility of comparative conclusions. High-

dimensional datasets are particularly vulnerable because extensive variable spaces create numerous 

opportunities for identifying accidental relationships. Reliable research therefore requires clearly 
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separated data partitions and careful control of all preprocessing decisions throughout model 

development. 

Classification stability presents another challenge because ensemble algorithms may produce 

different predictions when training samples, random seeds, or parameter configurations change. Small 

differences in observed performance may reflect experimental variation rather than genuine algorithmic 

advantages. Consequently, single-run comparisons provide limited evidence concerning generalization. 

The proposed framework recommends repeated testing, transparent reporting, and appropriate 

uncertainty estimation. These procedures would help determine whether performance differences remain 

consistent across independent datasets and alternative experimental conditions. 

 

8. Conclusion 

Ensemble learning provides a relevant methodological approach to classification problems involving 

extensive feature spaces and complex relationships among explanatory variables. The present paper 

developed a hypothetical comparative framework for examining Bagging, Random Forest, Extremely 

Randomized Trees, AdaBoost, and Gradient Boosting. Its principal emphasis was the organization of 

consistent evaluation procedures and the consideration of feature dimensionality. The proposed research 

design demonstrates how ensemble algorithms could be compared without assuming that computational 

complexity necessarily produces better classification performance. 

The illustrative results demonstrate possible methods for reporting classification accuracy, F1-

score, and differences across feature configurations. However, the numerical values were constructed 

exclusively for academic demonstration and do not represent executed experiments or statistically 

supported findings. Meaningful comparisons would require authentic or computationally generated 

datasets, reproducible model training, independent testing, and suitable uncertainty analysis. The 

proposed framework therefore serves as a methodological example rather than evidence establishing the 

superiority of a particular ensemble learning algorithm. 

Overall, the study identifies feature redundancy, learner diversity, computational cost, parameter 

optimization, and evaluation bias as important considerations in high-dimensional classification. Future 

empirical research should investigate these factors through controlled comparisons across datasets with 

different dimensionality and sample characteristics. Ensemble methods may provide useful predictive 

capabilities when their configurations and evaluation procedures are appropriately designed. 

Nevertheless, reliable conclusions concerning  
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