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ABSTRACT

In real-time applications like predictive maintenance in industry, patient health
monitoring, and video surveillance, a large volume of data is being generated, and new
features are becoming available over time. Existing feature selection methods assume
that all features are available at the same instance of time and that the complete feature
space should be known in advance to perform feature selection. Therefore, they are not
suitable for environments where new features arrive dynamically. To overcome this
problem, the paper presents a feature stream selection framework that incrementally
processes incoming features and identifies a subset of relevant features that has higher
predictive power for classification. This is a hybrid framework that combines the strength
of statistical feature selection using Alpha-Investing with model-based feature

XGBoost. importance ranking using XGBoost to select a relevant and non-redundant feature set.

The proposed framework was evaluated using eight benchmark datasets, and
classification accuracy was evaluated using three different classifiers. The experimental
results show that the proposed hybrid framework increases classification accuracy by up
to 5—7% while selecting fewer features than existing feature selection methods. These
results indicate that the proposed hybrid approach of integrating Alpha-Investing with
XGBoost selects more relevant and non-redundant features, thereby improving the
predictive accuracy of the classifier. Thus, the framework can be used in applications
where features arrive dynamically, and feature stream selection needs to be performed
using the features available up to the current time, such as healthcare monitoring and
predictive maintenance.

Contribution/Originality: The study contributes to feature stream selection by providing a hybrid framework
that integrates Alpha Investing with XGBoost-based feature importance analysis. The framework identifies a

compact and informative feature subset, resulting in improved classification accuracy.

1. INTRODUCTION

Feature selection is one of the most important preprocessing tasks in machine learning that identifies the most
relevant features from high-dimensional data by removing irrelevant, redundant, and non-informative features.
Selecting an appropriate subset of features reduces computational cost, decreases model training time, and improves
the predictive performance of classification and regression models [1-87. Traditional methods assume that the entire
feature space is available before feature selection begins. However, for many applications, such as monitoring patients,
industry, predictive maintenance, recommendation systems, and video surveillance, features are generated

sequentially over time.
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Feature selection techniques can be applied to both static and streaming data, as shown in Figure 1. In static
datasets, the entire feature space is available in advance, and filter, wrapper, and embedded methods are widely used
to identify relevant features. In streaming environments, data are broadly categorized into data streams and feature
streams [4]. In data streams, the number of features remains fixed while new instances continuously arrive. In feature
streams, the number of instances remains fixed, and the features arrive continuously. Each incoming feature is
evaluated to determine whether to retain or discard it.

Depending on the availability of class labels and the nature of feature arrival, feature selection methods can be
classified into supervised and unsupervised approaches. Supervised methods use class information to evaluate the
features, and unsupervised methods work by identifying the representative features based on feature similarity. Some
approaches evaluate individual features as they arrive, while others consider group structures within the incoming
feature stream.

The motivation for this study arises from the challenges of selecting relevant features in dynamic feature-stream
environments, where features become available sequentially over time rather than all features at once. Although
several online feature-selection methods have been proposed to process incoming features incrementally, the selected
feature subsets do not always provide the best predictive performance. Many existing approaches rely primarily on
online statistical evaluation during feature selection, or there is a need to set a relevancy threshold. Thus, there exists
an opportunity to further refine the selected feature subset through an additional evaluation mechanism.

The main research problem addressed in this study is to select the most relevant and nonredundant feature set
in dynamic feature streams, which will improve classification accuracy. To solve this problem, this paper proposes a
hybrid feature stream selection framework that integrates Alpha Investing, a statistical filter for features, with
XGBoost-based feature importance analysis. Initially, Alpha Investing evaluates each incoming feature and decides
whether to retain or discard it. Then, XGBoost ranks all the selected features according to their predictive
importance. The proposed hybrid framework is evaluated on eight benchmark datasets and compared against existing
online feature selection methods using classification accuracy and the number of selected features as performance

measures.
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Figure 1. Classification of feature selection methods.
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The rest of the paper is organized as follows. Section 2 reviews the existing work in feature stream selection

along with the research gap. Section 8 discusses the identified research issues and challenges. The proposed
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methodology is presented in Section 4. Section 5 discusses the experimental results and observations. Finally, Section

6 concludes the paper.

2. LITERATURE REVIEW

Feature stream selection is a critical challenge in data stream mining, especially in scenarios where features arrive
dynamically over time rather than being available all at once. To effectively manage this continuous arrival of features,
existing approaches generally rely on three core scoring mechanisms: statistical tests (such as p-values, t-tests, and
chi-square tests) that use hypothesis testing to filter out noise ['1, 27; information theory-based metrics (like entropy,
mutual information, and conditional independence) that quantify uncertainty reduction and excel at capturing
complex, non-linear relationships without assuming a rigid model structure [47; and model-based weights (such as
linear regression coeflicients, decision tree metrics, or SHAP values) that leverage a model's internal mechanisms to
rank features with high interpretability [5]. Beyond their scoring mechanisms, these methodologies are
fundamentally divided into supervised and unsupervised approaches, depending on their reliance on class labels.
Supervised algorithms leverage class labels to assess discriminatory power, yielding high accuracy but often incurring
steep computational costs and requiring predefined thresholds or heuristic functions [67]. Prominent examples include
Grafting, which uses gradient descent for incremental selection [77]; Alpha Investing, which manages the false
discovery rate using p-values and a dynamic wealth parameter [87; OSFS and Fast-OSFS, which employ conditional
independence tests to eliminate redundancy [47; SAOLA and OFS-DD, which scale to large datasets using mutual
information [9, 107; and OFS-A3M, which analyzes local data structures through neighborhood distances [4, 117].
Conversely, when labels are sparse, delayed, or entirely unavailable in real-time streams, unsupervised methods step
in. These techniques rely strictly on internal data characteristics, utilizing strategies like UFSSF, which pairs Pearson
correlation with k-means clustering to isolate representative features [127], or OUFSDFC, which groups features
dynamically using density-based clustering [187. While the iterative nature of these clustering and correlation
calculations can increase processing time, unsupervised methods offer the crucial flexibility and adaptability required

for real-world, unlabeled streaming environments.

Table 1. Comparative analysis of the strengths, weaknesses, and research gaps of existing feature stream selection methods.

Sr. Technique / Method
No. (Reference)

Strengths Weaknesses Research Gap

1 Grafting [7] First online supervised Requires prior Unsuitable for infinite
feature selection method; | knowledge of the global feature streams where
incrementally updates feature space and careful | the complete feature
the model without regularization parameter | space is unknown.
complete retraining. tuning.

2 Alpha-Investing [87] Computationally efficient | Considers only feature Requires redundancy-

online statistical feature
selection with false
discovery rate control.

relevance and ignores
feature redundancy.

aware online feature
selection.

3 OSFS (Conditional Selects strongly relevant | Conditional More scalable
Independence Test) [47] | and non-redundant independence testing is redundancy elimination
features with good computationally techniques are
prediction accuracy. expensive for high- required.
dimensional data.

4 Fast-OSF'S [47] Improves execution Computational Scalability remains
speed over OSFS complexity still increases | challenging for large-
through efficient with the number of scale feature streams.
redundancy checking. selected features.

5 SAOLA (Mutual Efficient redundancy Depends on a predefined | Adaptive threshold

Information) [97] removal and suitable for | relevance threshold and selection is needed to
high-dimensional may retain unnecessary improve robustness.
datasets. features.

6 OFS-AsM Utilizes neighborhood Performance deteriorates | Improved redundancy

© 2026 Conscientia Beam. All Rights Reserved.
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Sr. Technique / Method Strengths Weaknesses Research Gap

No. (Reference)

(Neighbourhood Rough | relationships to improve | when highly redundant handling is required for
Set) [4] feature evaluation. features are present. correlated feature
streams.

7 OFS-Density [11] Better redundancy Higher execution time Faster online
reduction than earlier than SAOLA and OFS- implementation is
rough-set methods. AsM. required.

8 OFS-DD (Normalized Dynamically classifies Mutual information Requires

Mutual Information) arriving features and calculations remain computationally
[10] improves prediction computationally efficient adaptive
accuracy. intensive. feature evaluation.

9 UFSSF (Correlation Does not require class Clustering operations More scalable
and Clustering) [12] labels and reduces introduce computational | unsupervised feature

storage using overhead and parameter | selection is needed.
representative features. sensitivity.

10 OUFSDFC (Dynamic Adapts to evolving Density-based clustering | Efficient unsupervised
Density-based feature streams without | is computationally methods with lower
Clustering) [137] supervision. expensive for large computational

feature streams. complexity are
required.

Table 2. Comparison of feature stream selection methods based on scoring mechanisms.

Scoring Mechanism

Representative Methods
(Reference)

Major Limitation

Regularization-based

Grafting [7]

Requires prior knowledge of the global feature space
and careful parameter tuning.

Statistical Test-based

Alpha-Investing [8]

Evaluates feature relevance but does not adequately
address feature redundancy.

Conditional
Independence-based

OSFS [4] Fast-OSFS [4]

Computationally expensive due to repeated conditional
independence tests, affecting scalability.

Information-Theoretic

SAOLA [97] OFS-DD
[10]

Depends on mutual information computations and
relevance thresholds, resulting in increased
computational cost.

Neighbourhood Rough
Set-based

OFS-AsM [47] OFS-
Density [11]

Performance is affected by highly redundant data and
increased execution time.

Correlation and
Clustering-based

UFSSF [12]

Clustering operations introduce computational
overhead and parameter sensitivity.

Density-based
Clustering

OUFSDFC [15]

Computationally intensive and less scalable for large
feature streams.

In summary, the literature presents a diverse range of feature stream selection strategies, each offering distinct

advantages and trade-offs. Table 1 provides a comparative analysis of the strengths, weaknesses, and research gaps

of representative feature stream selection methods, while Table 2 summarizes the major categories of feature stream

selection methods based on their underlying scoring mechanisms, representative algorithms, and associated

limitations. The comparison indicates that regularization- and statistical test-based methods are computationally

efficient but provide limited redundancy handling, whereas conditional independence, information-theoretic, and

neighborhood rough set-based methods improve feature relevance evaluation at the expense of increased

computational complexity. In contrast, clustering-based unsupervised approaches eliminate the dependence on class

labels but incur additional computational overhead. Recent survey studies [ 14, 157 further emphasize the importance

of scalability, adaptability, and robustness in handling dynamically arriving features [16, 17]. These findings indicate

that there is still a need for a feature stream selection framework capable of selecting a compact and informative

feature subset while eftectively balancing feature relevance and redundancy in dynamic, high-dimensional feature

stream environments.

© 2026 Conscientia Beam. All Rights Reserved.
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2.1. Research Gap

Even though many feature stream selection methods exist, there remains a research gap; some existing methods,
such as Grafting [77, select relevant features but do not remove redundant features, whereas information-theoretic
and rough-set-based approaches handle redundancy, but a predefined relevance threshold is needed, which is difficult
to obtain [97]. Most existing feature stream selection methods use one of the scoring methods mentioned in Table 2
for feature selection [4, 14, 157. Recently, the hybrid approach for feature stream selection has gained attention due
to its increased predictive performance [187]. Therefore, a hybrid framework is proposed that uses the strengths of
statistical relevance testing and model-based feature-importance ranking. This combination would help identify the

most relevant and non-redundant features, which would improve the predictive power of the classifier.

3. ISSUES AND CHALLENGES IN FEATURE STREAM SELECTION

Based on the identified research gaps, the most important challenge exists when the entire feature space is not
known in advance, and features arrive dynamically. A hybrid framework would be needed that combines the strengths
of more than one scoring mechanism to select the best features. The proposed hybrid feature stream selection

framework is presented in the next section.

4. PROPOSED METHODOLOGY
A hybrid framework combining Alpha Investing and XGBoost for feature selection (AXGFS) is proposed (Figure
2).

AXGFS Feature Top Ranked

One individual
Importance,

feature at a time

e Classifier
Alpha Features 3 XGBoost —_— - Selected | i

Investing

Initialize
Prediction

Compute
Residuals
Fit Decision
Tree

Building
Calculation

Statistical Test

Measurement

Weight
Prediction
Repeat Until
Convergence

Figure 2. Architecture of the proposed AXGFS feature stream selection framework.

XGBoost

Feature

Alpha Investing

Shortlist the

Features

Alpha Investing [87 was chosen because it is more suitable for the selection of dynamic features, as well as
controlling the false discovery rate. It is capable of evaluating features incrementally, one by one, as they arrive. It
selects statistically significant features. It helps filter irrelevant features and select statistically significant features.

XGBoost, or Extreme Gradient Boosting [197, is an optimized gradient-boosting algorithm used for regression
and classification. It is chosen because of its strong predictive power. It also has a metric to determine how each
feature contributes to the prediction.

In this paper, a hybrid framework combining these two approaches is studied. It utilizes the strengths of both
statistical testing and model-based feature-importance scoring.

The feature stream selection process is as follows:
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Relevancy Checking: After the arrival of each feature, its relevance to the class label is evaluated using alpha
investing [87]. The features that satisfy the description of steps 1 to 15 in the algorithm are retained, and others are
discarded. This serves as initial-level filtering to remove the irrelevant features.

Feature Importance Ranking: After the relevance-checking phase, the selected feature streams are used to build
an XGBoost model. The selected features are then ranked according to the model's gain-based feature-importance
measure.

Candidate Feature Selection: After all the features have been ranked, the number of features is further reduced.
Different feature subsets are generated by retaining the top 25%, 40%, 50%, and 75% based on the feature importance
score. The effectiveness of the proposed framework in Figure 2 is evaluated in terms of the predictive accuracy

achieved by the KNN, SVM, and CART classifiers using the selected features.

Table 3. Mathematical notations used in the AXGFS framework.

Symbol Description

X Dataset

Y Target labels

n Number of samples

X Incoming feature
]

[ Feature subset selected by Alpha Investing
initia

G Final selected feature subset
refine

W, Alpha wealth at iteration i

]

o Significance level
]

a, Reward parameter

P, p-value

I. XGBoost importance score
]

T Percentile threshold

K Number of boosting rounds

M Number of selected features

Algorithm 1: Pseudocode of the proposed AXGFS Feature Stream Selection Framework
Input:

Dataset X = {(x1,¥1),-.,(Xn,yn)}
Initial wealth Wo

Reward parameter aa
Number of boosting rounds K.
Output:

Refined feature subset S;cfined
1: Initialize W; & W,

: Initialize Sinitial ¢ @

: Initialize 1 ¢ 1

[T o)

o

: while unprocessed features remain do

&

1 X; € get_new_feature(X)
s Wi/ oM

: pi € get_p_value(X;, Sinitial)
:1f p; < a; then

: Sinitial € Sinitial U {Xi}

© w I O
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10: Wisy & Wi+ oa — a

11: else

12: Wi, & Wi — o

13: end if

4141+ 1

15: end while

16: Train XGBoost using Sinitia and Y with K boosting rounds.
17: Compute feature importance scores Ii for each feature

18: Set percentile threshold T

19: Initialize Srefined ¢ @

20: for each feature X; € Sinitia1 do

21:1f [; = T then

22: Srefined € Srefined U {Xi}

23: end if

24 end for

The mathematical notation used in the AXGFS framework is summarized in Table 3, and the step-by-step

procedure of the feature stream selection framework is presented in Algorithm 1.

4.1. Complexity Derivation
Let:
e [ = Total number of incoming features.
® S = Number of training samples.
® R = Number of features retained after Alpha-Investing (R < F).
® B = Number of boosting rounds in XGBoost.
The overall runtime of AXGFS is derived by examining each stage independently.
Stage 1: Alpha-Investing Feature Selection
Each incoming feature is processed sequentially. For every feature, the algorithm performs feature arrival,
significance-level computation (), regression-based statistical testing, and wealth updating. The statistical-testing
step involves fitting the regression model using the available samples and selected features. Therefore, considering R
as the maximum number of retained features, the approximate cost of this stage is O(SxR?) per incoming feature.
Therefore, across I' incoming features: T_stagel = O(FxSxR?)
Stage 2: XGBoost Training
Following the screening stage, XGBoost is trained on the retained feature subset of size R. The computational
cost of XGBoost training is:
T_stage2 = O(B x S x log(S) x R)
where B = Number of boosting rounds; S = number of training samples; R = number of retained features.
Stage 3: Feature Refinement
The refinement stage performs a single scan over all R retained features. For each feature:
1. Retrieve importance score
2. Compare against threshold T
Each comparison runs in O(1) time. Therefore:
T_stages = R x O(1) = O(R)
Overall Complexity
Combining all three stages:

T_AXGFS = T_stagel + T_stage2 + T_stage3
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Substituting the derived terms:

TAXGFS=0(FSR?)+0O(BSlog(S)R)+O(R)

Accordingly, the computational complexity of the proposed AXGFS framework is primarily governed by both
the Alpha Investing screening stage and the XGBoost training stage.

5. EXPERIMENTAL RESULTS AND ANALYSIS

This section discusses the experimental procedure and results.

5.1. Dataset Description
The eight different datasets, along with their sources and descriptions, used for the study are described in Table
4. These datasets are widely used by many researchers [107] to carry out experiments for feature stream selection,

enabling comparison with existing methods. The link to the dataset is available in the data availability section.

Table 4. Benchmark dataset.

Sr. | Dataset Name | Instances | Features | No.of | Description Source
No Classes
1 SRBCT 63 2308 4 Small-round- KDDo08 Benchmark Dataset
blue-cell tumor | Repository (Binghamton
(SRBCT) University)
2 LYMPHOMA 62 4026 3 Cancer KDDo08 Benchmark Dataset
Repository (Binghamton
University)
3 PROSTATE 102 6033 2 Cancer KDDo08 Benchmark Dataset
Repository (Binghamton
University)
4 LEUKEMIA 72 7129 2 Blood cancer KDDo08 Benchmark Dataset
Repository (Binghamton
University)
5 ARCENE 200 10,000 2 Cancer UCI Machine Learning
Repository
6 MADELON 2600 500 2 Artificial UCI Machine Learning
Dataset Repository
7 GINA 3468 970 2 Global OpenML Repository
Initiative for
Asthma
8 GISETTE 7000 5000 2 Handwritten UCI Machine Learning
Text Repository
Recognition

5.1.1. Data Preprocessing: The missing values
The dataset is initially preprocessed for missing values. Missing values, if found, are handled using mean
imputation, and no additional normalization is performed. The features present in the dataset are then shuffled

randomly.

5.2. Experimental Setup

The experiments were conducted using Python 3.10 on Google Colab. Figure 3 describes the detailed
experimental procedure. For Alpha-Investing, the parameters were set to a = 0.05 and @A = 0.5, as suggested in
Zhou, et al. [87]. The XGBoost classifier was configured with a learning rate of 0.1, a maximum tree depth of 8, and
300 estimators. To analyze the robustness of the proposed framework, a threshold sensitivity analysis was performed
by varying the percentile cut-off values of XGBoost feature importance scores at 25%, 40%, 50%, and 75%.

Each experiment was repeated ten times with different random feature-arrival orderings, and the mean
classification accuracy with standard deviation was reported to demonstrate statistical reliability. Since streaming
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feature selection is inherently order-dependent, different feature-arrival sequences may produce different feature
subsets, making repeated experiments essential for reliable performance evaluation.

To evaluate the selected feature subsets, three classifiers were employed: K-Nearest Neighbor (KNN, k = 5) [207,
Support Vector Machine (SVM with a linear kernel) [217, and Classification and Regression Tree (CART with the
Gini impurity criterion) [227]. For KNN, five-fold stratified cross-validation was used. For SVM and CART, the
datasets were divided into training and testing sets using an 80:20 split. For datasets containing more than 2,000
instances (MADELON, GINA, and GISETTE), LinearSVC was adopted as a computationally efficient

implementation of linear SVM.

Step1 Step 2 Step 3 Step 4 Step 5

Benchmark Feature Stream " Threshold Selection |
Dataset Simulation Ly Proposed AXGFS Ly

Input Source Random Order .\7 25/40/50/75

Classifier
Evaluation

KNN/SVM/CART )

Threshold Variant evaluated per dataset

25% 40% 50% 75%
Low Threshold Mid Low Median High Threshold
\ \. J \ J J
Each threshold tested against all three classifiers
KNN SVM CART
K-Nearest Neighbour Support Vector Decision Tree
\ J

Figure 3. Experimental Procedure for the feature stream selection.

5.8. Classification Accuracy Comparison
5.8.1. KNN Classtfier
Table 5 summarizes the classification accuracy obtained using the KNN classifier for different feature selection

methods across eight benchmark datasets, according to the parameters in Sec. 5.2.

Table 5. Accuracy Comparison of Feature Selection Methods Using KNN (Values for alpha-Investing, Fast-OSFS, and SAOLA are reproduced
from Zhou, et al. [107).

Dataset Alpha- Fast- | SAOLA| Proposed AXGFS with different thresholds (Mean accuracy
Investing| OSFS + standard deviation over 10 independent runs)

25% 40% 50% 75%
SRBCT 0.3406 0.8483 0.865 0.77 £ 0.09 0.80 £ 0.08 0.82 + 0.09 0.84 £ 0.07
LYMPHOMA 0.625 0.9417 0.9167 0.95 + 0.05 0.96 + 0.04 0.97 £ 0.03 0.99 £ 0.02
PROSTATE 0.57 0.895 0.865 0.86 £ 0.06 0.89 £ 0.04 0.89 £ 0.02 0.91 £ 0.02
LEUKEMIA 0.7286 0.9357 0.9286 0.88 £ 0.07 0.91 £ 0.06 0.91 £ 0.05 0.92 £ 0.04
ARCENE 0.6625 0.6875 0.6588 0.68 + 0.05 0.70 £ 0.05 0.71 £ 0.07 0.75 £ 0.08
MADELON 0.647 0.5626 0.5595 0.54 + 0.02 0.57 £ 0.08 0.59 + 0.08 0.65 + 0.07
GINA 0.9227 0.8707 0.8067 0.88 + 0.01 0.91 £ 0.01 0.92 + 0.01 0.94 £ 0.01
GISETTE 0.8397 0.8665 0.8391 0.97 £ 0.00 0.97 £ 0.00 0.97 £ 0.00 0.97 £ 0.00
AVG Accuracy 0.67 0.83 0.80 0.82 0.84 0.85 0.87

AXGFS achieved better performance on most benchmark datasets. However, on SRBCT, SAOLA produced
slightly higher accuracy, likely due to the dataset's limited sample size. These observations indicate that while AXGFS

is generally robust, its performance may vary on a very small dataset.
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5.3.2. SVM Classifier
Table 6 presents the accuracy comparison using the SVM classifier across different methods. AXGFS achieves

the highest accuracy on 6 out of 8 datasets.

Table 6. Accuracy Comparison of Feature Selection Methods Using SVM (Values for alpha-Investing, FFast-OSI'S, and SAOLA are reported
in Zhou, et al. [107).

Dataset Alpha- Fast- SAOLA | Proposed AXGFS with different thresholds (Mean
Investing OSFS accuracy * standard deviation over 10 independent runs)
25% 40% 50% 75%
SRBCT 0.2608 0.888 0.9098 0.75 + 0.15 0.81 £0.12 | 0.83 £0.12 0.85 £ 0.10
LYMPHOMA 0.6833 0.9083 0.9333 0.92 + 0.06 0.92 + 0.07 | 0.95 + 0.06 0.97 £ 0.04
PROSTATE 0.59 0.885 0.83 0.82 + 0.09 0.87 £ 0.03 | 0.88 £ 0.03 0.88 = 0.02
LEUKEMIA 0.7679 0.9429 0.9321 0.87 £ 0.13 0.93 £ 0.08 | 0.95 £ 0.09 0.97 £ 0.06
ARCENE 0.687 0.6775 0.6413 0.66 £ 0.04 0.69 £ 0.06 | 0.71 £ 0.04 0.80 £ 0.05
MADELON 0.6128 0.6117 0.6009 0.57 £ 0.01 0.57 £ 0.01 0.58 £ 0.01 0.58 £ 0.01
GINA 0.87 0.8441 0.8069 0.85 £ 0.01 0.86 £ 0.01 0.87 £ 0.01 0.87 £ 0.00
GISETTE 0.9277 0.8204 0.841 0.97 + 0.00 0.97 £ 0.00 | 0.97 * 0.00 0.97 £ 0.00
AVG 0.67 0.82 0.81 0.80 0.83 0.84 0.86

The average classification accuracy shows that the proposed hybrid framework improves the performance of the
SVM classifier when compared to other approaches. It is evident from the table that selecting the top 75% of the
features from XGBOOST feature importance gives overall better performance. It is seen that even though AXGFS
performs well in most of the datasets, SAOLA still achieves higher accuracy in the SRBCT dataset. This may be due
to its small sample size. It is also observed that the low standard deviation across 10 runs indicates that AXGFS

provides stable and consistent results despite variation in the feature arrival order.

5.8.8. CART Classifier

Table 7 presents the accuracy comparison using the CART classifier.

Table 7. Accuracy Comparison of Feature Selection Methods Using CART(Values for Alpha-Investing, Fast-OSEFS, and SAOLA are reported in
Zhou, et al. [107).

Dataset Alpha- Fast- SAOLA | Proposed AXGFS with different thresholds (Mean
Investing OSFS accuracy * standard deviation over 10 independent
runs)
25% 40% 50% 75%
SRBCT 0.293 0.8531 0.8147 0.75 £ 0.16 0.78 £ 0.16 0.78 £ 0.19 0.76 £ 0.20
LYMPHOMA 0.6 0.8083 0.925 0.76 £ 0.14 0.78 £ 0.18 0.82 £0.12 0.81 £0.13
PROSTATE 0.59 0.89 0.855 0.79 £ 0.11 0.82 £ 0.06 0.80 + 0.05 0.83 + 0.06
LEUKEMIA 0.7286 0.9107 0.8786 0.87 £0.11 0.91 £ 0.07 0.89 £ 0.09 0.89 *+ 0.08
ARCENE 0.6363 0.6575 0.6125 0.70 £ 0.07 0.69 £ 0.05 0.73 £ 0.10 0.75 £ 0.10
MADELON 0.6276 0.5464 0.5343 0.54 £ 0.04 0.54 £ 0.03 0.56 £ 0.03 0.61 £0.08
GINA 0.867 0.8394 0.7858 0.86 £ 0.02 0.86 £ 0.01 0.87 £ 0.01 0.88 + 0.00
GISETTE 0.934 0.9029 0.8862 0.95 £ 0.01 0.95 £ 0.01 0.95 £ 0.01 0.95 £ 0.01
AVG Acc. 0.66 0.80 0.79 0.78 0.79 0.80 0.81

AXGFS achieves the highest accuracy on 4 out of 8 datasets. However, its performance on datasets SRBCT,
LYMPHOMA, PROSTRATE, and MADELON is lower when compared to the existing approaches. This may be due
to the greedy splitting strategy of the CART classifier, which may be sensitive to variations in the selected feature
subset. Consequently, feature subsets that perform well with KNN and SVM may not always yield the best
classification performance with CART. Nevertheless, AXGFS achieves the highest average classification accuracy

(0.81), demonstrating its overall effectiveness.
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5.8.4. Cross-Classifier Analysis

Figure 4 illustrates the average accuracy across KNN, SVM, and CART classifiers across four feature selection
methods. As shown in Table 8, the proposed AXGFS achieves higher average classification accuracy across the three
classifiers than the existing approaches. The hybrid framework demonstrates the effectiveness of the two-stage feature

selection approach, which combines Alpha-Investing streaming selection with XGBoost importance ranking.

Table 8. Accuracy comparison of cross-classifiers.

Method/Classifier Average Accuracy across Classifiers
KNN SVM CART
Alpha-Investing 0.67 0.67 0.66
Fast-OSFS 0.83 0.82 0.80
SAOLA 0.80 0.81 0.79
Proposed AXGFS with best threshold 0.87 0.86 0.82
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Figure 4. Average Accuracy comparison across classifiers.

5.4. Feature Selection Analysis

The threshold-wise number of features selected by the proposed AXGFS is compared with existing approaches,
as presented in Table 9. As shown in Figure 5, most datasets achieve higher classification accuracy at the 75%
threshold while still maintaining a significantly lower number of selected features compared to SAOLA and Alpha-

Investing.

Table 9. Average No. of features selected using different feature selection methods (Values for Alpha-Investing, Fast-OSFS, and SAOLA are
reported in Zhou, et al. [107).

Dataset Alpha- Fast-OSFS | SAOLA Proposed AXGFS with Different Threshold
Investing 25% 140% 50% 75%
SRBCT 1 4 17 2 4 5 7
LYMPHOMA 1 5 22 4 7 9 14
PROSTATE 2 3 11 2 3 4 6
LEUKEMIA 3 5 21 2 3 4 6
ARCENE 6 6 17 2 3 4 7
MADELON 6 5 7 1 2 2 3
GINA 98 22 10 21 34 48 64
GISETTE 365 13 17 101.0 161.0 202.0 299.0
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For instance, on the PROSTATE dataset, AXGFS selects only 6 features compared to SAOLA's 11, while on the
LEUKEMIA dataset, it selects only 6 features versus SAOLA's 21, demonstrating its effectiveness in dimensionality

reduction. These results, shown in Figure 6, indicate that AXGFS not only improves classification accuracy but also

selects a compact feature subset, making it suitable for high-dimensional data sets.
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Figure 6. Dataset-wise comparison of the number of selected features.

To perform the statistical comparison of different feature stream selection methods, the Friedman non-parametric

test was performed, keeping the significance level of @ = 0.05 [23, 247. In this study, four different algorithms are
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compared, i.e., AXGFS, Fast-OSFS, SAOLA, and Alpha Investing (K = 4). These algorithms were evaluated on eight
benchmark datasets (N = 8) using three different classifiers (KNN, SVM, and CART). The algorithms are ranked for
each dataset according to classification accuracy. Rank 1 is assigned to the highest accuracy and rank 4 to the lowest
accuracy. In cases of identical accuracies, average ranks are assigned. The Friedman test statistic is computed using

the average rank of the algorithm across the eight datasets. The resulting average rank is shown in Table 10.

Table 10. Average ranks of competing methods (Lower rank = better performance. Bold indicates the best result).

Method KNN SVM CART Overall Avg.
AXGFS 1.5 1.81 1.88 1.78
Fast-OSFS 2.18 2.5 2.18 2.25
SAOLA 3.18 2.88 3 3
Alpha-Investing 3.25 2.81 3 3.02

The Friedman test results are shown in Table 11.

Table 11. Friedman test.

Classifier N k df xX°F p-value Decision
KNN 8 4 3 10.05 0.018 Reject Ho
SVM 8 4 3 8.456 0.827 IFail to reject Ho
CART 8 4 3 4.95 0.175 IFail to reject Ho

The Friedman test was performed, and Table 11 summarizes the results for the KNN, SVM, and CART
classifiers; it is observed that, for the KNN classifier, the Friedman test produced a test statistic of (x*F = 10.05) with
(df = 8) and a corresponding p-value of 0.018. It shows that statistically significant differences exist among the four
feature-selection methods. The corresponding effect size, measured using Kendall's coefficient of concordance, was
W = 0.419. However, for SVM and CART, it indicates that the observed differences in the rankings of the competing
methods are not statistically significant at the 95% confidence level. Therefore, the Nemenyi [257] post-hoc test was
subsequently performed only for KNN to identify pairwise differences between the algorithms [257].

The Critical Difference (CD) for the Nemenyi post-hoc test was computed using the following equation.

CD = qa x V[k(k + 1) /(6N)] (1)

Where qa = 2.569 for a significance level of a = 0.05, k = 4 is the number of algorithms used for comparison, and
N = 8 is the number of benchmark datasets. Substituting these values into the equation yields a Critical Difference of
1.6583.

The difference in average ranks between AXGI'S and Alpha-Investing (1.75) exceeded the Critical Difference
(1.6583), indicating a statistically significant difference. The remaining pairwise comparisons did not exceed the
Critical Difference, indicating no statistically significant differences among those methods. Figure 7 illustrates these
relationships using the Critical Difference diagram, where algorithms connected by a horizontal bar are not

significantly different.

Critical Difference diagram — KNN classifier

) CD = 1.66 \
I 1 Alpha-Investing
Fast-OSFS (3.25)
AXGFS (2.13) SAOLA
(1.50) (3.13)
I l t t i
1 2 3 4

Bold blue bars link methods with no significant difference
Figure 7. Critical Difference Diagram for the KNN classifier.
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AXGFS achieved the best average rank among the competing methods. However, the Nemenyi post-hoc analysis
indicates that its improvement is statistically significant only when compared with Alpha-Investing, whereas the
differences between AXGFS and both Fast-OSES and SAOLA were not statistically significant for the KNN classifier.
These results suggest that, although AXGFS achieved the best overall average rank, Fast-OSFS and SAOLA

remained competitive on specific benchmark datasets, as discussed in section 5.4.

5.6. Limitation

Although the hybrid framework gives encouraging results, it has computational overhead due to the integration
of alpha investing and XGBoost. Furthermore, the experiments were conducted on benchmark datasets with
simulated feature streams. Therefore, validation on real-world dynamic feature stream applications is an important

direction for future work.

6. CONCLUSION

This study introduced AXGFS, a hybrid feature-selection framework designed for high-dimensional datasets and
feature-stream environments. By integrating the statistical significance analysis of Alpha-Investing with the
predictive capability of XGBoost, the proposed method effectively selects features that are both relevant and highly
informative. Comprehensive experimental comparisons with established methods, including Alpha-Investing, Fast-
OSFS, and SAOLA, demonstrate that AXGFS achieves improved classification accuracy while maintaining effective
control over the number of selected features. The results further show that AXGFS provides a favorable balance
between dimensionality reduction and predictive performance, making it suitable for dynamic environments where
accuracy and interpretability are critical.

This study has certain limitations. First, it has higher computational time than some traditional filter-based
approaches, particularly on large datasets. The framework assumes sequential arrival of features, but in real-world
applications, such as health care and predictive maintenance, the features may arrive at a high rate, and the current
framework has not been evaluated under such conditions.

Future work will focus on reducing execution time through parallel processing and extending the framework for

real-time streaming feature selection applications, including scenarios where features arrive in groups.
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