/w Journal of Mahani Mathematical Research
Shahid Bahonar

University of Kerman

Print ISSN: 2251-7952 Online ISSN: 2645-4505

UNSUPERVISED FEATURE SELECTION VIA LOW-RANK
GRAPH EMBEDDING

F. BEIRANVAND =~ %

Article type: Research Article
(Received: 02 October 2025, Received in revised form 19 February 2026)
(Accepted: 20 April 2026, Published Online: 20 April 2026)

ABSTRACT. In unsupervised feature selection, the absence of class labels
makes it necessary to rely on statistical measures like variance to assess
feature importance. However, the presence of noise, outliers, and feature
redundancy can significantly reduce the accuracy of this process, nega-
tively affecting the performance of machine learning models. To address
these issues, this paper proposes the UFSLRAGE algorithm, which begins
by applying the LRAGE feature extraction method to minimize recon-
struction error, adaptively updating the similarity between samples to
remove noise and outliers while generating orthogonal and uncorrelated
features. This paper then constructs a weighted bipartite graph that
represents both original and extracted features, with cosine similarity de-
termining the edge weights. The LAPJV algorithm is used to identify a
maximum matching in this graph, where the vertices corresponding to the
original features are selected as the most informative ones. This paper
evaluates UFSLRAGE on five widely-used image datasets: Jaffe, Yale,
ORL, COIL-20, and pixraw10P, using metrics such as accuracy, normal-
ized mutual information (NMI), precision, recall, and F-measure. Exper-
imental results demonstrate that UFSLRAGE consistently outperforms
other state-of-the-art unsupervised feature selection methods, achieving
an average NMI of 0.9358 and an average accuracy of 0.9333 on the
pixraw10P face image dataset with 10,000 features.

Keywords: Bipartite graph matching, Adaptive graph embedding, LAPJV
algorithm, Cosine similarity, Noise and outliers
2020 MSC: 68T20.

1. Introduction

In recent years, the rapid growth of high-dimensional data in applications
such as pattern recognition, image processing, and text analysis has created
significant challenges for data analysis and learning systems. High-dimensional
datasets often contain a large number of redundant, irrelevant, or noisy fea-
tures, as well as outliers, which can severely degrade learning performance if
not properly handled. These issues increase computational complexity and
storage requirements, reduce model interpretability, and negatively affect gen-
eralization performance [1]. As a result, effective dimensionality reduction has

O
B4 beiranvand.fi@fe.lu.ac.ir, ORCID: 0000-0002-1908-8386
https://doi.org/10.22103/jmmr.2026.26040.1881 © the Author(s)

Publisher: Shahid Bahonar University of Kerman
How to cite: F. Beiranvand, Unsupervised feature selection via low-rank graph embedding,
J. Mahani Math. Res. 2027; 16(1): 75-107.

75


https://orcid.org/0000-0002-1908-8386
mailto:beiranvand.fi@fe.lu.ac.ir
https://doi.org/10.22103/jmmr.2026.26040.1881

76 F. Beiranvand

become a crucial preprocessing step in modern machine learning pipelines. Di-
mensionality reduction techniques are generally categorized into feature extrac-
tion and feature selection. Feature extraction methods aim to transform the
original high-dimensional data into a lower-dimensional space by learning new
representations, for example through subspace learning or neural-based mod-
els, which can effectively reconstruct underlying data structures and handle
noise [2]. However, the transformed features often lose their physical meaning,
which limits interpretability. In contrast, feature selection directly identifies
a subset of informative features from the original feature space, preserving se-
mantic interpretability while reducing redundancy and computational cost. For
this reason, feature selection remains a fundamental topic in machine learning
research, particularly in high-dimensional settings [3].

Feature selection methods are commonly divided into three categories: filter,
wrapper, and embedded approaches. Filter methods evaluate features based
on intrinsic statistical properties of the data, independently of any learning
algorithm. Wrapper methods incorporate a learning model to assess feature
subsets, typically achieving higher accuracy at the expense of increased com-
putational cost. Embedded methods integrate feature selection directly into
the training process of the learning model [4]. From another perspective, fea-
ture selection approaches can be classified as supervised, semi-supervised, or
unsupervised, depending on the availability of class labels. Among these, un-
supervised feature selection (UFS) is particularly challenging and important,
as it must identify informative features solely based on the intrinsic structure
of unlabeled data [5].

In unsupervised feature selection, the absence of labels forces the algorithm
to rely on statistical or geometric criteria such as distances, variances, or simi-
larity measures to assess feature importance. However, these criteria are often
highly sensitive to noise and outliers, which can distort similarity relation-
ships and lead to suboptimal feature subsets. Moreover, many existing UFS
methods either fail to adequately model the underlying data structure or suffer
from redundancy among the selected features. This highlights a key gap in
current UFS research: how to robustly learn informative and non-redundant
feature representations while maintaining a principled and interpretable selec-
tion mechanism in the absence of labels. However, many existing unsupervised
feature selection methods either fail to capture the intrinsic structure of high-
dimensional data or select redundant and less informative features, particularly
in the presence of noise and outliers. This highlights the need for a method
that can robustly learn informative and non-redundant feature representations
while maintaining interpretability in the absence of labels.

To address this gap, the proposed UFSLRAGE integrates Low-Rank Adap-
tive Graph Embedding (LRAGE) with weighted bipartite graph matching. The
core motivation for this integration is twofold. First, LRAGE performs adaptive
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probabilistic neighborhood graph embedding and subspace learning by mini-
mizing reconstruction error, dynamically updating sample similarities to en-
hance robustness against noise and outliers. Second, bipartite graph matching
selects a compact, non-redundant subset of original features that best corre-
spond to the informative orthogonal representations learned in the transformed
space, thereby preserving interpretability. It is important to emphasize that
the proposed UFSLRAGE framework is, in essence, a filter-based unsuper-
vised feature selection method. Specifically, it consists of an initial data-driven
representation learning stage based on LRAGE, which learns an orthogonal
projection matrix in an unsupervised manner, followed by a purely filter-style
feature selection step implemented through weighted bipartite graph matching.
This design allows UFSLRAGE to benefit from powerful unsupervised repre-
sentation learning while retaining the simplicity, efficiency, and interpretability
of filter-based feature selection.

The key novelty of UFSLRAGE lies in its combination of three comple-
mentary components: (i) adaptive similarity update through LRAGE, which
dynamically captures intrinsic data structures and mitigates noise and outliers;
(ii) orthogonal feature transformation that generates uncorrelated and robust
feature representations; and (iii) bipartite graph matching for selecting a com-
pact, non-redundant, and interpretable subset of features. Importantly, UF-
SLRAGE operates independently of statistical labels or external supervision,
making it robust and reliable in fully unsupervised settings. This integrated
design distinguishes UFSLRAGE from existing unsupervised feature selection
methods.

The main contributions of this study can be summarized as follows:
LRAGE algorithm is employed to learn an orthogonal and low-rank feature rep-
resentation that adaptively captures intrinsic data structure while suppressing
noise and outliers, without performing additional dimensionality reduction. A
cosine-similarity-based relationship is defined between original features and the
learned orthogonal features, enabling a principled comparison between the two
feature spaces of equal dimensionality. Feature selection is formulated as a
weighted bipartite graph matching problem and utilize the LAPJV algorithm
to identify the optimal correspondence between original and transformed fea-
tures, resulting in a compact and informative subset of selected features.

The remainder of this paper is organized as follows: Section 2 reviews re-
lated work on feature selection methods. Section 3 presents the proposed UF-
SLRAGE framework in detail. Experimental results and analysis are provided
in Section 4, and conclusions along with future research directions are discussed
in Section 5.

2. Related work

In the field of feature selection, extensive research has been conducted. This
section reviews notable studies in unsupervised feature selection (UFS).
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Graph-based and adaptive graph methods have gained attention for preserv-
ing data structure. A unified framework combining an explicit selection ma-
trix with a structured adaptive graph has been proposed [1]. Low-rank graph
embedding with sparsity regularization has been integrated with latent repre-
sentations [5]. Adaptive graph manifold learning has also been explored [12].
While these approaches improve structural preservation, they often rely on
pre-defined or iteratively learned graphs that remain sensitive to noise and out-
liers or require careful parameter tuning. The proposed UFSLRAGE surpasses
these limitations by adaptively updating similarities through reconstruction er-
ror minimization in LRAGE, without dependence on fixed graphs or statistical
measures vulnerable to noise.

Subspace and low-rank methods focus on robust representation. Robust Sub-
space Representation (RSR) using ¢31-norm regularization has been intro-
duced [10]. Adaptive graphs with label correlation have been employed in
multi-label settings [6]. These methods effectively capture global structure
but typically do not guarantee orthogonal features or direct mapping back to
original dimensions, limiting interpretability and noise resilience. UFSLRAGE
addresses this by explicitly enforcing orthogonality (PTP = I) in the trans-
formed space and using bipartite matching to select original features aligned
with these orthogonal representations.

Autoencoder and projection-free approaches capture non-linear relationships.
Autoencoder-inspired feature selection with group lasso has been proposed [8].
Projection-free methods based on {3 g-norm constraints [9] and random sub-
space collaboration [11] have been developed. These methods handle non-
linearity well but can be computationally intensive and lack guaranteed or-
thogonality or optimal correspondence to original features. In contrast, UF-
SLRAGE provides a lightweight filter-based solution with orthogonal trans-
formation and maximum-weight matching for superior performance and inter-
pretability.

Spectral and clustering-based methods group features for importance scoring.
Spectral clustering with centroid distances has been utilized [7]. Standard
deviation and cosine similarity-based clustering extensions have also been pre-
sented [13]. Although effective for feature grouping, these approaches are sensi-
tive to clustering parameters and noise in similarity computation. UFSLRAGE
overcomes this through data-driven orthogonal embedding and optimal assign-
ment.

Other techniques include ant colony optimization [14], bipartite graph-based
methods [15-17], and PCA combined with bipartite matching [18]. These meth-
ods offer diverse strategies but often lack adaptive handling of noise/outliers
or orthogonal guarantees. The proposed UFSLRAGE effectively addresses
these weaknesses by combining adaptive reconstruction error minimization in
LRAGE with weighted bipartite graph matching, achieving robust orthogonal
representations and optimal feature selection.

One of the main weaknesses in many feature selection methods is their inability
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to adaptively update similarity relationships between samples, particularly in
the presence of noise and outliers. Statistical methods are especially vulner-
able in such cases, leading to reduced performance accuracy. The proposed
UFSLRAGE effectively mitigates these issues.

3. The Proposed UFSLRAGE Method

In unsupervised feature selection, traditional methods often rely on statis-
tical measures (e.g., variance) that are highly sensitive to noise, outliers, and
feature correlations, leading to suboptimal performance in high-dimensional
data without labels [19]. To address these challenges, the proposed UFSLRAGE
algorithm combines unsupervised representation learning with filter-style fea-
ture selection. The method consists of three key stages. First, Low-Rank Adap-
tive Graph Embedding (LRAGE) [20] is applied as a feature extraction step to
generate orthogonal and uncorrelated features in a transformed space. LRAGE
minimizes reconstruction error to adaptively update sample similarities, effec-
tively mitigating noise and outliers without requiring pre-defined graphs or
statistical criteria. Importantly, no dimensionality reduction is performed at
this stage. Second, cosine similarity is computed between the original features
and the transformed orthogonal features. Third, a weighted bipartite graph
is constructed with cosine similarity as edge weights, and the LAPJV algo-
rithm [22] is used to find the maximum-weight matching. This identifies the
subset of original features most aligned with the robust orthogonal representa-
tions. The selected feature indices are sorted in ascending order, and the KNN
classifier is evaluated on the test set using these features.

The proposed UFSLRAGE is fundamentally a filter-based approach that
avoids classifier-dependent learning. It incorporates an initial unsupervised
representation learning step via LRAGE to obtain robust orthogonal features,
followed by a pure filter-style selection through bipartite matching. The overall
procedure is illustrated in Figure 1.

3.1Formulation. The dataset is randomly split into 70% training and 30%

test samples. All feature selection steps, including LRAGE fitting to obtain the
projection matrix P, transformation of the training data to the new spaceY’,
cosine similarity computation, and maximum-weight bipartite matching using
the LAPJV algorithm, are performed exclusively on the training set. The se-
lected feature indices are then directly applied to the test set for evaluation
using the KNN classifier.
Each training sample is represented as a feature vector in the matrix X €
R™*™ where m is the number of samples and n is the number of features.
LRAGE is applied to extract uncorrelated features without relying on a pre-
built graph. Detailed steps of each stage are described in the following subsec-
tions.

3.1.1 Low-Rank Adaptive Graph Embedding (LRAGE). In the first
stage, Low-Rank Adaptive Graph Embedding (LRAGE) [20] is applied as an
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unsupervised feature extraction step to generate orthogonal and uncorrelated
features that are robust to noise and outliers. If there are outliers among the
data or the data is affected by noise, the pre-built graph is unable to correctly
identify the similarity connections between the samples. To overcome these
problems, the LRAGE algorithm simultaneously performs adaptive neighbor-
hood graph embedding and subspace learning with continuous weights by min-
imizing the reconstruction error. The LRAGE algorithm is utilized to acquire
the projection matrix P, and subsequently, new features are generated using
XTp.

The objective function of LRAGE is shown by equation (3) [20]:

2,1

Pn}nglvz |XT — XTPR| Wi + a|W|% + A|PR)
1,3

st Vi, Wi>0, » Wi=1, P'P=I
J

Where a and 8 denote two non-negative balanced parameters, and the con-
straint is introduced to ensure the probability characteristics of W;. It is in-
corporated to prevent scenarios where every element in each row of matrix W
is equal to zero. P denotes a projection matrix and R denotes a regression
matrix. The term is included to discourage trivial solutions and promote a
prior assumption of uniform distribution.W is an adaptive similarity matrix
that represents the likelihood of similarity among sample points X; and X;
derived from the minimization of the reconstruction error.

Due to the presence of three variables in equation (3), simultaneous optimiza-
tion poses a challenge. To address this issue, an iterative procedure is developed
that updates one variable at a time while keeping the remaining variables con-
stant. The detailed iterative update rules for W, P, R, and the diagonal matrix
U, along with intermediate equations (former Equations 1-8), are provided in
Appendix A for brevity.

A key property of the projection matrix is its orthogonality:

(9) PTP=1

Such a matrix P is called an orthogonal matrix. The initial features (X)
are transformed into a new space where essential information and key data
structures are preserved using the P matrix of the LRAGE algorithm. This
transformation is defined as:

(10) Y=X"P
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F1GURE 1. The Comprehensive flowchart of UFSLRAGE.
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In this equation, Y represents the new set of features that, after the trans-
formation, retain the key information and important structures of the data.
It is essential to emphasize that all the extracted features are utilized without
performing any dimensionality reduction. Algorithm 1 provides an overview
of the LRAGE algorithm (detailed steps in Appendix A). The detailed itera-
tive update rules and intermediate equations are provided in Appendix A for
completeness.

Algorithm 1 : LRAGE Algorithm

1: Input: Training set X € R™*™ number of nearest neighbors k, regular-
ization parameter A\, maximum iterations 7.
Output: Projection matrix P € R™*",
Initialize projection matrix P =0
Compute initial £-NN similarity matrix W
for iter = 1 to T' do
Update similarity matrix W adaptively
Update projection matrix P via eigen-decomposition (Equation 7)
Save all eigenvectors in the columns of P
end for
return P (orthogonal projection matrix)

—_
e

The original feature space is transformed as Y = X7 P using the projection
matrix P from Algorithm 1. Since the columns of P are orthogonal eigenvectors
(PTP = 1), the features in Y are mutually orthogonal and uncorrelated. All
eigenvectors are retained, ensuring no dimensionality reduction at this stage.

3.1.2 Cosine Similarity Computation. In the second stage, pairwise
similarity between the original features (X) and the transformed orthogonal
features (Y = X1 P) is quantified using cosine similarity. This measure is par-
ticularly suitable for high-dimensional data due to its robustness to magnitude
variations and focus on directional alignment between vectors [23,24]. Cosine
similarity is defined as:

. NP Xty
(11) Cosine similarity(X,Y) XYl

where cos(f) is the cosine of the angle 6 between vectors X and Y, and
|| - || denotes the Euclidean norm. Values range from —1 (opposite directions)
to 1 (perfect alignment), with 0 indicating orthogonality [24]. The resulting
n x n similarity matrix is symmetric, s;; = s;; Vi,j € {1,...,n}, and serves
as edge weights in the weighted bipartite graph for the subsequent matching
stage [25]. Higher similarity values indicate stronger correspondence between
original and transformed features, increasing their likelihood of selection in the
maximum-weight matching process.

In practice, cosine similarity is directly used as the primary measure for
quantifying the correspondence between original and transformed features.
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Since cosine similarity may take negative values, a simple linear shifting is
applied to ensure non-negative edge weights required by the LAPJV algo-
rithm. Specifically, the edge weight is defined as Cosine similarity = 1 —
cosine distance. This transformation maps the similarity values from the in-
terval [—1,1] to [0, 2] while preserving the relative ordering of similarities. As
a result, the maximum-weight matching objective and the ranking of selected
features remain unchanged.

3.1.3 Construct Weighted Bipartite Graph Matching (WBGM). In the
third stage, the original features (set X) and transformed orthogonal features
(setY’) are modeled as partite sets in a weighted bipartite graph G = (XUY, E).
Edge weights are defined by the cosine similarity matrix computed in the pre-
vious step.

The problem of graph matching is a captivating subject within the research
community [26]. A bipartite graph consists of two disjoint vertex sets (X and
Y') with edges only between the sets, each assigned a weight w(e) € RT [27]. A
matching M is a set of edges without common vertices (M C E). In a weighted
graph, the maximum-weight matching maximizes the sum of edge weights in
M [28]. Figure 2 illustrates a maximum matching in a bipartite graph: edges
(1;9), (25 6), (3; 8), and (5; 7) [18].

The objective is to find the maximum-weight perfect matching, which corre-
sponds to the linear assignment problem. The LAPJV algorithm [22] is em-
ployed to efficiently solve this problem using the cosine similarity matrix as
input. The resulting matching yields the indices of original features that best
align with the orthogonal representations in Y, forming the selected subset.

O Exposed

Matching

FIGURE 2. A maximum matching in a bipartite graph: (1; 9),
(2; 6), (3; 8) and (5; 7) [18].

3.1.4 The LAPJV Algorithm to Find Maximum Weighted Bipar-
tite Graph Matching. The LAPJV algorithm [22] is employed to solve
the maximum-weight bipartite matching problem using the cosine similarity
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matrix as the cost matrix. LAPJV is an efficient implementation of the Jonker
-Volgenant algorithm, which solves the linear assignment problem in O(n?)
time. It consists of two main phases: initialization (column reduction, re-
duction transfer, and augmenting row reduction) and augmentation (finding
shortest augmenting paths using a modified Dijkstra’s algorithm until a com-
plete assignment is achieved).

The detailed steps of the LAPJV algorithm are presented in Algorithm 2.

Algorithm 2 :Maximum Weighted Bipartite Graph Matching using
LAPJV Algorithm

1: Input: n x n cost matrix C' (similarity weights on edges between sets X
and Y'), where n is the number of features and | X| = |Y].
Output: Feature indices ¢ that maximize the total weight.
for :=1ton do

Perform column reduction

Transfer reductions

Apply augmenting row reduction

Initialize arrays for shortest path lengths and predecessors

Identify columns with updated shortest path values

Scan rows to find augmenting paths

Update column values and augment assignment
end for
: Return: assignment indices ¢

_ = =
M 2o

3.2 Algorithm of the proposed UFSLRAGE method. The detailed
steps of the proposed UFSLRAGE algorithm are presented in Algorithm 3. An
illustrative example is provided in Figure 3, where an input matrix X € R5%3
is used and the selected features are highlighted in bold. Figure 3 demonstrates
the contribution of each stage: LRAGE generates orthogonal features that cap-
ture the most informative directions in the data (due to zero correlation among
them), while bipartite matching ensures optimal correspondence to the original
features. This combination enables effective unsupervised feature selection, as
confirmed by the superior classification performance in Section 4.

4. Experimental Results

The performance of the proposed UFSLRAGE method is evaluated through
comparison with eight established unsupervised feature selection algorithms:
UFSPCA-2022 [18], SCEFS-2021 [13], SCAFS-2021 [13], AEFS-2018 [8], DGUFS-
2018 [9], RSR~2015 [10], SRCFS-2019 [11], and URAFS-2018 [12]. Experiments
are conducted on five widely used image datasets (detailed in Table 1). All
methods are implemented in MATLAB R2018b on an Intel Core i7 CPU with
8 GB RAM running Microsoft Windows 10.
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Algorithm 3 :The proposed UFSLRAGE algorithm

1: Input: Training dataset X € R™*"

2: Output: Selected feature indices ¢

3: Compute projection matrix P using Algorithm 1.

4: Transform training data to new space: Y, xm =

5: Compute cosine distance matrix CD = pdist2(X, Y, 'cosine’).

6: Convert cosine distance to similarity: C'S = 1 — CD (non-negative edge
weights).

7. Construct a weighted bipartite graph with edge weights C'S.

8: Solve maximum-weight matching: ¢ = LAPJV(CS).

9: Return: selected feature indices ¢ (sorted in ascending order if required).

4.1. Datasets description. The experiments are conducted on five publicly
available image datasets: JAFFE (facial expressions), Yale and ORL (face im-
ages under varying conditions), COIL-20 (object images from multiple views),
and pixrawlOP (high-dimensional face images). Detailed characteristics and
references are summarized in Table 1.

a) Original data matrix (X):

5

1 2 3 4

6 7 8

2 3 4 8

1

5 9 7

(b)New extracted features using LRAGE (¥):

12101 1
08582 0
0.0976 0
08786 0

5409 12114 1.5426
6484 02698 03378
1167 02219 0.7077
4376 1.1843 0.1169

(c) Cosine similarity matrix between X and ¥

-0.9834
0.9098
-0.2531
0.4132

(d) Sorted feature indices obtained by LAPJV: sorted_idx=[2, 4,3,1]

(€) Selected original features

FIGURE 3. Step-by-step numerical illustration of the proposed

UFSLRAGE framework

-0.8068 -0.8745 -0.7179
0.9991 05366 0.7730
-0.3343 03063 -0.6213
0.0892 03199 0.4746
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4.2. Classifier. The selected features are evaluated using the K-Nearest
Neighbors (KNN) classifier [29]. KNN is a non-parametric, instance-based algo-
rithm that performs classification by identifying the k closest training samples
to a test instance based on a distance metric and assigning the majority class
label among them.

Due to its simplicity and strong performance, KNN (with k£ = 5) is widely used
as a benchmark classifier for comparing feature selection methods.

TABLE 1. Overview of datasets used in the experiments.

Dataset #Samples #Features #Classes Reference

JAFFE 213 676 10 Lyons et al, 1998 (https://
zenodo.org/record/3451084)

Yale 165 1024 15 http://vision.ucsd.edu/
content/yale-face-database

ORL 400 1024 40 https://www.cl.cam.ac.uk/

research/dtg/attarchive/
facedatabase.html

COIL-20 1440 1024 20 https://www.cs.columbia.
edu/CAVE/software/softlib/
coil-20.php

pixraw10P 100 10000 10 http://featureselection.asu.

edu/datasets.php

4.3. Performance Evaluation Criteria. The performance of the proposed
method and baselines is evaluated using five standard metrics: Accuracy, Pre-
cision, Recall, F-measure, and Normalized Mutual Information (NMI). These
metrics provide a comprehensive assessment of classification and clustering
quality. Accuracy [30] is the ratio of correctly classified samples to the to-
tal number of samples:

Number of Correctly Classified Samples

12 A -
(12) cenracy Total Number of Samples
TN + TP
]. A =
(13) WAy = N Y FEN TP+ FP

Where TP, TN, FP, and FN are true positives, true negatives, false positives,
and false negatives, respectively.
Precision measures the accuracy of positive predictions [30]:
TP
TP+ FP

Recall (sensitivity) quantifies the proportion of actual positives correctly iden-
tified [30]:

(14) Precision =

TP

1 ="
(15) Recall = 757N
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High Precision or Recall alone is insufficient, as one can be high while the other
is low due to false positives or negatives [30].
F-measure is the harmonic mean of Precision and Recall [18]:
TP
TP+ Y(FP+FN)

(16) F-measure =

Additionally, this paper employs the Normalized Mutual Information (NMI)
metric to assess the mutual information between the predicted and actual class
labels. NMI is derived from the concept of entropy in information theory. The
entropy of variable Y is calculated using equation (17) [18] :

(17) H(Y) = ~Ellogp(y)] = = > p(y) logp(y)

The mutual information quantifies the degree of dependence between two
random discrete variables, Y and X, and can be computed using equation
(18) [18]:

(18) I(V;X)=H(Y) - HY | X)
NMI is computed using equation (19) [18]:
(19) NMI(Y,X) = Im

NMI = 0 indicates independence, and NMI = 1 indicates perfect agreement.

The experiments are repeated 30 times independently for each algorithm and
dataset to ensure robust evaluation. In each run, the dataset is randomly split
into 70% training and 30% test samples. For each method, the top m features
are selected(m € {10,20,...,100}), and classification is performed on the test
set using these features. The average Accuracy, Precision, Recall, F-measure,
and NMI across the 30 runs are reported. The proposed UFSLRAGE method
is compared with eight established unsupervised feature selection algorithms:
AEFS [8], DGUFS [9], RSR [10], SRCFS [11], URAFS [12] , SCAFS [13],
SCEFS [13], and UFSPCA [18].

Figure 4 shows the average KNN accuracy as a function of the number of
selected features (10 to 100 in increments of 10) across 30 runs. The proposed
UFSLRAGE consistently achieves the highest accuracy on all datasets, with a
steady increase as more features are selected. It particularly excels on the high-
dimensional pixraw10P dataset (10,000 features). Figures 4-8 demonstrate that
UFSLRAGE produces superior feature subsets across all metrics compared to
the baselines.

In Figure 5, the mean precision efficiency of the KNN classifier is illustrated
across 30 separate iterations for the specified datasets. The range of features
was systematically adjusted from 10 to 100, with increments of 10. In all
figures, the y-axis denotes the classification precision, while the horizontal axis
signifies the number of selected features.
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FIGURE 4. Average classification accuracy of the KNN clas-
sifier as a function of the number of selected features (10 to
100 in increments of 10) across 30 independent runs on five
datasets.

Notably, Figure 5 underscores the superior Precision of the proposed method
in comparison to the other mentioned methodologies across all subsets of fea-
tures. An insightful observation from the figures is the direct correlation be-
tween the classification precision and the number of selected features, signifying
the relevance of the chosen features. The consistently higher Precision of the
proposed UFSLRAGE method suggests its superior performance relative to
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other approaches.
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FIGURE 5. Average Precision of the KNN classifier as a func-
tion of the number of selected features (10 to 100 in increments
of 10) across 30 independent runs on five datasets.
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Figure 6 displays the KNN classifier’s mean recall efficiency over 30 separa-

tion iterations across the mentioned datasets. In all figures, the x-axis

signifies

the quantity of selected features, whereas the y-axis denotes the average recall
for classification. Notably, Figure 6 illustrates the effectiveness of the proposed
UFSLRAGE algorithm for all datasets and datasets with high dimensionality

such as pixraw10P, that have 10,000 features.
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FIGURE 6. Average Recall of the KNN classifier as a function
of the number of selected features (10 to 100 in increments of
10) across 30 independent runs on five datasets.

In Figure 7, the average F-measure efficiency of the KNN classifier is dis-
played in 30 independent iterations for the mentioned datasets. The z-axis
corresponds to the quantity of selected features while all figures show the aver-
age F-measure on the y-axis. Figure 7 demonstrates the efficacy of the proposed
UFSLRAGE algorithm for all datasets and datasets with high dimensionality
such as pixrawl0P that have 10,000 features.
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FIGURE 7. Average F-measure of the KNN classifier as a func-
tion of the number of selected features (10 to 100 in increments
of 10) across 30 independent runs on five datasets.

In Figure 8, the average NMI for the KNN classifier is depicted in 30
independent iterations for the mentioned datasets. Across all figures, the -
axis illustrates the quantity of selected features, and the y-axis represents the
average NMI for classification. Figure 8 demonstrates the effectiveness of the
proposed UFSLRAGE algorithm for all datasets and datasets with high dimen-
sionality such as pixrawlOP that have 10,000 features.
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Tables 2-6 present a comprehensive comparison of the KNN classifier per-
formance metrics (Accuracy, Precision, Recall, F-measure, and NMI) across
the five datasets. The proposed UFSLRAGE method is compared with eight
established unsupervised feature selection algorithms. The best performance
for each dataset is highlighted in bold. Statistical significance is assessed us-
ing the two-sided paired Wilcoxon signed-rank test(p < 0.05), with signifi-
cant improvements over baselines marked by asterisks (*). Overall, the results
demonstrate the consistent superiority of UFSLRAGE across all metrics and
datasets. Since multiple datasets and performance metrics are evaluated, no ex-
plicit multiple-comparison correction is applied; therefore, the reported signif-
icance results should be interpreted accordingly. Bold values indicate the best

TABLE 2. Average accuracy for selected 10 features subset.

Dataset UFSLRAGE UFSPCA SCEFS SCAFS AEFS DGUFS RSR SRCFS URAFS

Jaffe 0.9537* 0.9506 0.8331 0.8829 0.8459 0.8963 0.8924 0.8987  0.9103
Yale 0.4546* 0.4308 0.3273  0.3253 0.2941 0.3170 0.4295 0.3271  0.3523
ORL 0.6374* 0.6171 0.3401  0.5444 0.3501 0.3420 0.5602 0.5218  0.5562
COIL20 0.9215 0.9290 0.2537 0.5135 0.7831 0.3385 0.8778 0.7487  0.9254
pixraw10P 0.9333* 0.8833 0.55 0.85  0.8033 0.4667 0.79  0.6567  0.7433
Wilcoxon + + + + + + + +

performance for each dataset, and the symbol (*) denotes that UFSLRAGE sig-
nificantly outperforms the corresponding baseline according to the two-sided
paired Wilcoxon signed-rank test at a significance level of (p < 0.05). Table 2
reports the average classification accuracy obtained using a subset of 10 selected
features for all compared algorithms. As shown in Table 2, UFSLRAGE consis-
tently demonstrates superior performance compared to the other eight feature
selection methods across most datasets. Specifically, on the Jaffe dataset, UF-
SLRAGE achieves the highest average accuracy of 0.9537, outperforming all
competing approaches, which highlights its effectiveness in selecting discrimi-
native features. For the Yale dataset, although the overall accuracy values are
relatively low due to the challenging nature of the dataset, UFSLRAGE attains
the best performance with an accuracy of 0.4546, significantly outperforming
methods such as SCEFS (0.3273) and SCAFS (0.3253). Similarly, on the ORL
dataset, UFSLRAGE achieves the highest average accuracy of 0.6374, confirm-
ing its ability to identify informative features in high-dimensional settings. In
the case of the COIL20 dataset, UFSPCA slightly outperforms UFSLRAGE;
nevertheless, UFSLRAGE still exhibits competitive performance with an ac-
curacy of 0.9215. Finally, for the pixrawlOP dataset, which contains 10,000
features, UFSLRAGE attains the highest accuracy of 0.9333, outperforming
all other algorithms and further demonstrating its robustness and scalability in
high-dimensional feature selection scenarios. Overall, the experimental results
indicate that UFSLRAGE provides strong and consistent feature selection per-
formance across diverse datasets. The statistical significance confirmed by the
Wilcoxon signed-rank test further supports the superiority of UFSLRAGE over
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most baseline methods.
Bold values indicate the best performance for each dataset, while the symbol

TABLE 3. Average Precision for selected 10 features subset

Dataset UFSLRAGE UFSPCA SCEFS SCAFS AEFS DGUFS RSR SRCFS URAFS

Jaffe 0.9579* 0.9548 0.8524  0.8913 0.8591 0.9024 0.9019 0.9097  0.9191
Yale 0.4862%* 0.4599 0.3218  0.3447 0.3086 0.3134 0.4462 0.3415  0.3663
ORL 0.6741%* 0.6574 0.3670  0.5829 0.3723 0.3763 0.6117 0.5518  0.6104
COIL20 0.9293 0.9363  0.2686  0.5227 0.7917 0.3298 0.8911 0.7503  0.9323
pixraw10P 0.9440* 0.9295 0.4827 0.8540 0.8581 0.4426 0.7668 0.6367  0.8017
Wilcoxon + + + + + + + +

(*) denotes that UFSLRAGE significantly outperforms the corresponding base-
line according to the two-sided paired Wilcoxon signed-rank test (p < 0.05).

Table 3 presents the average precision obtained using a subset of 10 selected
features for all competing methods. Asreported in Table 3, UFSLRAGE consis-
tently achieves superior precision compared to the other eight feature selection
algorithms across most datasets. On the Jaffe dataset, UFSLRAGE attains
the highest precision value of 0.9579, outperforming all competing methods,
which highlights its effectiveness in selecting highly discriminative features.
Although UFSPCA and URAFS also yield competitive results, UFSLRAGE
maintains a clear advantage. For the Yale dataset, where precision values are
generally lower due to increased data complexity, UFSLRAGE still achieves
the best performance with a precision of 0.4862, surpassing UFSPCA (0.4599)
and RSR (0.4462). This demonstrates its superior capability in identifying rel-
evant features under challenging conditions. Similarly, on the ORL dataset,
UFSLRAGE achieves the highest precision of 0.6741, outperforming strong
competitors such as UFSPCA and RSR, further confirming its robustness in
precision-oriented feature selection. In the case of the COIL20 dataset, UF-
SPCA slightly outperforms UFSLRAGE (0.9363 versus 0.9293). Nevertheless,
UFSLRAGE remains among the top-performing methods and shows a substan-
tial advantage over most other algorithms. Finally, for the high-dimensional
pixrawlOP dataset containing 10,000 features, UFSLRAGE achieves the high-
est precision value of 0.9440, significantly outperforming all competing ap-
proaches. This result highlights the scalability and effectiveness of UFSLRAGE
in handling high-dimensional data. Overall, UFSLRAGE demonstrates strong
and consistent precision performance across diverse datasets, achieving the
highest precision in four out of five cases. The statistical significance con-
firmed by the Wilcoxon signed-rank test further validates the superiority of
UFSLRAGE over existing feature selection methods, particularly in scenar-
ios where precision is a critical evaluation metric. The best results for each
dataset are highlighted in bold, and the symbol (*) indicates that UFSLRAGE
significantly outperforms the corresponding baseline according to the two-sided
paired Wilcoxon signed-rank test (p < 0.05).
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TABLE 4. Average Recall for selected 10 features subset

Dataset UFSLRAGE UFSPCA SCEFS SCAFS AEFS DGUFS RSR SRCFS URAFS

Jaffe 0.9588* 0.9544 0.8434 0.8845 0.8558 0.9025 0.8999 0.9032 0.9158
Yale 0.4741% 0.4566 0.3463 0.3516 0.3121 0.3328 0.4512 0.3509 0.3738
ORL 0.6757* 0.6647 0.3819 0.5916 0.3951 0.3846 0.6199 0.5767  0.6035
COIL20 0.9227 0.9303  0.2487 0.5115 0.7848 0.3330 0.8792 0.7484  0.9265
pixraw10P 0.9300* 0.8992 0.5433 0.84 0.8310 0.5195 0.8010 0.7132  0.8169
Wilcoxon + + + + + —+ + —+

Table 4 reports the average recall obtained using a subset of 10 selected fea-
tures for all competing methods. As shown in Table 4, UFSLRAGE consistently
achieves superior recall performance across most datasets when compared with
the other eight feature selection methods. On the Jaffe dataset, UFSLRAGE
attains the highest recall value of 0.9588, outperforming all competing ap-
proaches, which indicates its strong ability to identify relevant features and
reduce false negatives. For the Yale dataset, where recall values are generally
lower due to increased data variability, UFSLRAGE still achieves the best per-
formance with a recall of 0.4741, surpassing UFSPCA and RSR. This result
highlights the robustness of UFSLRAGE in challenging unsupervised scenarios.
Similarly, on the ORL dataset, UFSLRAGE obtains the highest recall value of
0.6757, significantly outperforming methods such as SCEFS and AEFS. This
demonstrates its effectiveness in selecting informative features that enhance re-
call performance. In the case of the COIL20 dataset, UFSPCA slightly outper-
forms UFSLRAGE (0.9303 versus 0.9227). Nevertheless, UFSLRAGE remains
among the top-performing methods and shows a clear advantage over most
competing algorithms. Finally, for the high-dimensional pixrawl0P dataset
containing 10,000 features, UFSLRAGE achieves the highest recall value of
0.9300, significantly outperforming all other methods. This result confirms the
scalability and effectiveness of UFSLRAGE in handling high-dimensional data
while maintaining strong recall performance. Overall, UFSLRAGE achieves
the highest recall in four out of five datasets, demonstrating its robustness
and consistency across diverse data distributions. The statistical significance
validated by the Wilcoxon signed-rank test further confirms the superiority of
UFSLRAGE over existing unsupervised feature selection methods, particularly
in applications where recall is a critical evaluation metric.

TABLE 5. Average F-measure for selected 10 features subset

Dataset UFSLRAGE UFSPCA SCEFS SCAFS AEFS DGUFS RSR SRCFS URAFS

Jaffe 0.9583* 0.9546 0.8476  0.8877 0.8572 0.9024 0.9008 0.9063  0.9173
Yale 0.4786* 0.4562 0.3289  0.3483 0.3069 0.3186 0.4436 0.3442  0.3664
ORL 0.6740%* 0.6617 0.3706  0.5897 0.3837 0.3787 0.6200 0.5671  0.6043
COIL20 0.9260 0.9333  0.2568 0.5169 0.7881 0.3309 0.8851 0.7492  0.9294

pixraw10P 0.9369* 0.9140 0.5063 0.8467 0.8441 0.4774 0.7833 0.6723  0.8088
Wilcoxon + + + + + + + +
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Bold values indicate the best performance for each dataset, and the sym-
bol (*) denotes statistically significant superiority of UFSLRAGE based on the
two-sided paired Wilcoxon signed-rank test (p < 0.05).

As shown in Table 5, UFSLRAGE consistently achieves superior F-measure
performance across most datasets. On the Jaffe dataset, UFSLRAGE obtains
the highest F-measure value of 0.9583, outperforming all competing methods
and slightly surpassing UFSPCA. This result confirms its strong ability to
maintain an effective balance between precision and recall. For the Yale dataset,
which is generally more challenging due to lower overall performance levels,
UFSLRAGE again achieves the best result with an F-measure of 0.4786. This
demonstrates its robustness and stability under difficult unsupervised learning
conditions. Similarly, on the ORL dataset, UFSLRAGE achieves the high-
est F-measure (0.6740), significantly outperforming most competing methods,
including SCEFS and AEFS, and confirming its effectiveness in selecting dis-
criminative features. In the case of the COIL20 dataset, UFSPCA slightly
outperforms UFSLRAGE (0.9333 versus 0.9260). Nevertheless, UFSLRAGE
remains among the top-performing methods and clearly outperforms the major-
ity of baseline algorithms. Finally, for the high-dimensional pixraw10P dataset
containing 10,000 features, UFSLRAGE achieves the best F-measure value of
0.9369, substantially outperforming all competing methods. This result high-
lights the scalability and effectiveness of UFSLRAGE in preserving a balanced
performance in high-dimensional feature spaces. Overall, UFSLRAGE achieves
the highest F-measure in four out of five datasets, demonstrating its consistent
superiority and robustness across diverse data distributions. The statistical
significance confirmed by the Wilcoxon signed-rank test further validates that
UFSLRAGE outperforms existing unsupervised feature selection methods in
achieving an optimal balance between precision and recall.

Table 6 reports the average Normalized Mutual Information (NMI) obtained
using a subset of 10 selected features for UFSLRAGE and eight competing un-
supervised feature selection methods. NMI measures the agreement between
clustering results and ground truth labels, and higher values indicate better
preservation of data structure. As shown in Table 6, UFSLRAGE demonstrates
strong and consistent performance in terms of NMI across most datasets. On
the Jaffe dataset, UFSLRAGE achieves the highest NMI value of 0.9465, clearly
outperforming all competing methods, which confirms its effectiveness in pre-
serving the intrinsic data structure. For the Yale dataset, although UFSPCA
and RSR achieve slightly higher NMI values, UFSLRAGE still delivers com-
petitive performance (0.6264) and remains among the top-performing methods.
This result indicates that UFSLRAGE maintains robust clustering quality even
in challenging datasets with high intra-class variability. On the ORL dataset,
UFSLRAGE achieves an NMI of 0.8294, which is comparable to the best-
performing method and higher than most baseline algorithms. This demon-
strates its capability to preserve meaningful cluster structures in medium-scale
datasets. In the COIL20 dataset, UFSPCA attains the highest NMI, while
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UFSLRAGE achieves a competitive value of 0.9263 and significantly outper-
forms several baseline methods such as SCEFS and SCAFS. This highlights
the stability of UFSLRAGE in maintaining mutual information across diverse
data distributions. Finally, for the high-dimensional pixrawl0P dataset with
10,000 features, UFSLRAGE achieves the highest NMI value of 0.9358, sub-
stantially outperforming all competing methods. This result underscores the
scalability and robustness of the proposed algorithm in high-dimensional set-
tings. Overall, UFSLRAGE achieves the best or near-best NMI performance
across the majority of datasets. The Wilcoxon signed-rank test further confirms
that UFSLRAGE consistently outperforms or remains statistically competitive
with existing unsupervised feature selection methods, demonstrating its effec-
tiveness in preserving data structure and clustering quality.

TABLE 6. Average NMI for selected 10 features subset

Dataset UFSLRAGE UFSPCA SCEFS SCAFS AEFS DGUFS RSR SRCFS URAFS

Jaffe 0.9465* 0.9224 0.8197  0.8791 0.8728 0.8844 0.8827 0.9203  0.8932
Yale 0.6264* 0.6359 0.6491 0.5300 0.5567 0.6191 0.6368 0.5617  0.5599
ORL 0.8294* 0.8337 0.7102  0.8070 0.7031 0.6901 0.7765 0.7807  0.7736
COIL20 0.9263 0.9518 0.4362 0.6314 0.6979 0.5023 0.8448 0.8155  0.9303
pixraw10P 0.9358%* 0.8608 0.7195  0.8305 0.8421 0.7230 0.8582 0.9296 0.8244
Wilcoxon + + + + + + + +

Bold values indicate the best performance for each dataset, and * denotes
that UFSLRAGE significantly outperforms the corresponding baseline accord-
ing to the two-sided paired Wilcoxon signed-rank test (p < 0.05).

These results demonstrate that UFSLRAGE consistently achieves a superior
trade-off between classification accuracy and clustering quality.

4.4. Computational Complexity. Time complexity characterizes the com-
putational efficiency of an algorithm in terms of the time it requires to run
on a computer. It is typically denoted with Big-O notation and stated as a
function of the input size. In the worst case, time complexity signifies the
maximum duration of the method for each input size [18]. The proposed UF-
SLRAGE method consists of three main components, where n denotes the
number of features (dimensionality), and m denotes the number of training
samples. LRAGE optimization: The dominant operations involve matrix mul-
tiplications and eigen-decomposition in each iteration. With a maximum of
T iterations, the complexity is O(T - n? - m + T - n3) [20]. Construction of
the pairwise similarity matrix: Cosine similarity is computed between the n
original features and the n transformed features, producing an n x n similarity
matrix. Each pairwise similarity requires a dot product of dimension m, yield-
ing a total complexity of O(n?-m). The time complexity of computing a single
cosine similarity is O(m), making it efficient for high-dimensional data [23,24].
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Matching solver: The LAPJV implementation of the Jonker—Volgenant algo-
rithm solves the maximum-weight bipartite matching on an n x n cost matrix
with worst-case complexity O(n?) [22]. Overall, the computational complexity
of UFSLRAGE is dominated by O(n?), mainly due to the eigen-decomposition
in the LRAGE stage and the LAPJV matching solver.

4.5. Statistical Analysis. The statistical significance of performance dif-
ferences between the proposed UFSLRAGE method and the baselines is as-
sessed using the two-sided paired Wilcoxon signed-rank test at significance level
a = 0.05. The test is paired across the identical 30 random train/test splits for
each dataset and evaluation metric. No multiple-comparison correction (e.g.,
Holm—Bonferroni) is applied, given the exploratory nature of the study and
the consistent superiority of UFSLRAGE across most datasets and metrics.
Significant improvements over individual baselines (p < 0.05) are indicated by
asterisks (*) in Tables 2-6.

4.6. Implementation Details and Reproducibility. The hyperparam-
eters used for the proposed UFSLRAGE method are listed in Table 7. For
LRAGE, the number of nearest neighbors £ is set to 5, the ¢5 ;-norm regular-
ization parameter A to 100000 (selected empirically to provide strong robust-
ness against noise and outliers), and the maximum number of iterations to 5
(sufficient for convergence).The subspace dimensionality was kept equal to the
original number of features, with no dimensionality reduction performed. Co-
sine similarity was computed using MATLAB’s pdist2 function with the ’cosine’
metric, and similarity values were obtained by the transformation 1 — distance.
The maximum-weight bipartite matching was solved using the LAPJV imple-
mentation of the Jonker-Volgenant algorithm. For all baseline methods (AEF'S,
DGUFS, RSR, SRCFS, URAFS, SCEFS, SCAFS, and UFSPCA), the hyper-
parameters recommended by the original authors in their published papers or
publicly available code are followed.

TABLE 7. Hyperparameter settings used in the proposed UF-
SLRAGE method.

Component, Parameter Value Description
LRAGE k (nearest neighbors) 5 Number of nearest neighbors for adaptive graph construction
A (£2,1-norm regularization) 100000 Strong regularization empirically chosen for robustness
Maximum iterations 5 Sufficient for convergence
Subspace dimensionality Original No dimensionality reduction
Similarity Computation Distance metric Cosine pdist2(..., ’cosine’); similarity = 1 — distance
Bipartite Matching Solver LAPJV Jonker-Volgenant algorithm

All experiments are repeated over 30 independent runs with random 70/30
train-test splits, using identical random seeds across methods for fair compar-
ison.
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A sensitivity analysis with respect to the neighborhood size k and the reg-
ularization parameter A\ is provided in Appendix B to further examine the
robustness of the proposed method.

4.7. Reproducibility and Confidence Intervals. To ensure reproducibil-
ity and evaluate performance stability, all experiments are repeated 30 times
with independent random seeds (using rng(42 + iter) in MATLAB). For each
number of selected features, the mean and 95% confidence interval (CI) of Ac-
curacy, Precision, Recall, F-measure, and NMI are reported across the 30 runs.
The narrow confidence intervals observed indicate high stability of the proposed
UFSLRAGE method across independent runs. Tables 8-12 present the mean
performance and 95% confidence intervals for UFSLRAGE on the five datasets.
In all cases, performance metrics improve as the number of selected features
increases, demonstrating the method’s ability to effectively identify discrimi-
native features. The consistently small CIs further confirm the robustness of
UFSLRAGE against randomness in data partitioning.

TABLE 8. Mean and 95% confidence interval (CI) of Accuracy,
Precision, Recall, F-measure, and NMI for UFSLRAGE on the
Jaffe dataset over 30 independent runs

NumPFeat Accuracy = 95% CI Precision + 95% CI Recall + 95% CI F-measure &= 95% CI NMI + 95% CI

10 0.8577 £ 0.0216 0.8679 £ 0.0214 0.8624 £ 0.0208 0.8650 £ 0.0208 0.8514 + 0.0201
20 0.9201 + 0.0140 0.9247 + 0.0130 0.9227 £ 0.0136 0.9236 £ 0.0129 0.9101 £ 0.0144
30 0.9471 £ 0.0111 0.9498 £ 0.0108 0.9481 £ 0.0111 0.9489 £ 0.0106 0.9405 £ 0.0117
40 0.9556 £ 0.0106 0.9569 + 0.0107 0.9607 £ 0.0091 0.9587 £ 0.0096 0.9507 £ 0.0108
50 0.9587 £ 0.0116 0.9598 £ 0.0110 0.9641 £ 0.0089 0.9619 £ 0.0097 0.9545 £ 0.0111
60 0.9624 £ 0.0111 0.9640 + 0.0101 0.9661 £ 0.0091 0.9650 £ 0.0093 0.9565 £ 0.0113
70 0.9672 £ 0.0097 0.9691 + 0.0090 0.9706 £ 0.0076 0.9699 £ 0.0082 0.9609 + 0.0100
80 0.9720 £ 0.0104 0.9735 £ 0.0099 0.9749 £ 0.0081 0.9742 £ 0.0089 0.9675 £ 0.0104
90 0.9757 £ 0.0071 0.9768 £ 0.0065 0.9783 £ 0.0052 0.9775 £ 0.0057 0.9730 +£ 0.0069
100 0.9783 £ 0.0074 0.9789 £ 0.0068 0.9804 £ 0.0055 0.9796 + 0.0060 0.9739 + 0.0072

TABLE 9. Mean and 95% confidence interval (CI) of Accuracy,
Precision, Recall, F-measure, and NMI for UFSLRAGE on the
Yale dataset over 30 independent runs

NumFeat Accuracy (Mean + CI) Precision (Mean & CI) Recall (Mean &= CI) F-measure (Mean £+ CI) NMI (Mean + CI)

10 0.3354 £ 0.0232 0.3578 £ 0.0282 0.3640 £ 0.0244 0.3580 £ 0.0240 0.6010 £ 0.0142
20 0.3721 £ 0.0265 0.4020 £ 0.0372 0.3994 + 0.0293 0.3984 £+ 0.0319 0.5999 + 0.0167
30 0.3966 + 0.0212 0.4351 £ 0.0314 0.4305 £ 0.0232 0.4308 £ 0.0260 0.6136 £ 0.0135
40 0.4320 £ 0.0248 0.5051 £ 0.0354 0.4647 £ 0.0275 0.4828 + 0.0300 0.6185 + 0.0133
50 0.4388 £ 0.0264 0.5072 £ 0.0387 0.4656 £ 0.0271 0.4839 £ 0.0315 0.6210 £ 0.0172
60 0.4456 £ 0.0205 0.5141 4+ 0.0381 0.4852 + 0.0229 0.4967 £+ 0.0291 0.6242 + 0.0173
70 0.4571 £ 0.0258 0.5180 =+ 0.0345 0.4893 £ 0.0259 0.5019 £ 0.0289 0.6323 £ 0.0145
80 0.4714 £ 0.0234 0.5381 £ 0.0365 0.5033 £ 0.0232 0.5179 £ 0.0282 0.6333 £ 0.0155
90 0.4673 £ 0.0244 0.5215 £ 0.0347 0.5045 £ 0.0268 0.5116 £ 0.0297 0.6367 £ 0.0171
100 0.4707 £ 0.0251 0.5279 £ 0.0346 0.5099 + 0.0272 0.5174 £ 0.0299 0.6377 £ 0.0179

On the JAFFE dataset (Table 8), high performance is achieved even with
few features, with Accuracy exceeding 0.97 when using all 100 features. Simi-
lar trends are observed on Yale (Table 9) and ORL (Table 10), where metrics
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TABLE 10. Mean and 95% confidence interval (CI) of Accu-
racy, Precision, and NMI for UFSLRAGE on the ORL dataset
over 30 independent runs

Num. of Features

Accuracy (Mean £ CI)

Precision (Mean + CI)

NMI (Mean + CI)

10 0.4242 + 0.0212 0.4457 + 0.0266 0.7460 £ 0.0069
20 0.5478 = 0.0188 0.5842 =+ 0.0251 0.7904 £ 0.0076
30 0.6050 £ 0.0197 0.6520 £ 0.0194 0.8121 + 0.0093
40 0.6406 = 0.0195 0.6826 = 0.0179 0.8243 + 0.0090
50 0.6558 = 0.0182 0.6965 = 0.0193 0.8386 + 0.0086
60 0.6703 £ 0.0178 0.7127 + 0.0199 0.8419 + 0.0078
70 0.6786 = 0.0162 0.7167 £ 0.0197 0.8462 + 0.0069
80 0.6872 £ 0.0184 0.7281 £ 0.0199 0.8507 £ 0.0076
90 0.6961 = 0.0191 0.7435 £+ 0.0174 0.8515 = 0.0085
100 0.7036 £ 0.0175 0.7483 £ 0.0171 0.8554 £ 0.0076

TABLE 11. Mean and 95% confidence interval (CI) of Accu-
racy, Precision, Recall, F-measure, and NMI for UFSLRAGE
on the COIL-20 dataset over 30 independent runs

Num. of Features Accuracy (Mean + CI) Precision (Mean + CI) Recall (Mean + CI) F-measure (Mean £ CI) NMI (Mean + CI)
10 0.8133 &+ 0.0128 0.8151 4 0.0148 0.8139 £+ 0.0121 0.8145 4 0.0133 0.8172 £ 0.0125

20 0.8948 4 0.0093 0.9017 =4 0.0088 0.8957 4 0.0088 0.8987 4 0.0087 0.8994 =+ 0.0090
30 0.9175 £ 0.0091 0.9246 =4 0.0087 0.9182 4 0.0083 0.9214 =4 0.0085 0.9244 £ 0.0078
40 0.9318 4 0.0053 0.9402 = 0.0043 0.9322 4 0.0048 0.9362 =+ 0.0045 0.9370 £ 0.0050
50 0.9364 + 0.0042 0.9454 £ 0.0037 0.9369 £ 0.0038 0.9411 £ 0.0036 0.9433 £ 0.0036
60 0.9424 4 0.0047 0.9507 4 0.0043 0.9425 4 0.0045 0.9466 4 0.0043 0.9484 £ 0.0037
70 0.9465 £ 0.0044 0.9553 £ 0.0038 0.9472 £ 0.0044 0.9512 =4 0.0040 0.9529 £ 0.0038
80 0.9474 £ 0.0041 0.9562 =4 0.0033 0.9480 = 0.0041 0.9521 4 0.0036 0.9533 £ 0.0034
90 0.9478 £ 0.0046 0.9573 & 0.0034 0.9486 4 0.0042 0.9529 £ 0.0038 0.9540 £ 0.0040
100 0.9483 4 0.0036 0.9583 4 0.0027 0.9486 4 0.0034 0.9534 4 0.0030 0.9549 £ 0.0029

TABLE 12. Mean and 95% confidence interval (CI) of Accu-
racy, Precision, Recall, F-measure, and NMI for UFSLRAGE
on the pixrawlOP dataset over 30 independent runs (with
A=1000)

NumFeat Accuracy + 95% CI Precision + 95% CI Recall + 95% CI F-measure + 95% CI NMI + 95% CI
10 0.9000 + 0.0036 0.9083 £ 0.0036 0.8833 £ 0.0036 0.8957 + 0.0036 0.8817 + 0.0036

20 0.8333 £ 0.0036 0.8567 £ 0.0036 0.8167 £ 0.0036 0.8362 £ 0.0036 0.8343 £ 0.0036
30 0.9333 £ 0.0036 0.9500 £ 0.0036 0.9333 £ 0.0036 0.9416 + 0.0036 0.9420 + 0.0036
40 0.9333 £ 0.0036 0.9417 £ 0.0036 0.9333 £ 0.0036 0.9375 £ 0.0036 0.9410 £ 0.0036
50 0.9333 £ 0.0036 0.9417 £ 0.0036 0.9333 £ 0.0036 0.9375 £ 0.0036 0.9410 + 0.0036
60 0.9333 £ 0.0036 0.9417 £ 0.0036 0.9333 £ 0.0036 0.9375 £ 0.0036 0.9410 + 0.0036
70 0.9667 £ 0.0036 0.9750 £ 0.0036 0.9667 £ 0.0036 0.9708 + 0.0036 0.9693 £ 0.0036
80 0.9667 £ 0.0036 0.9750 £ 0.0036 0.9667 £ 0.0036 0.9708 + 0.0036 0.9693 + 0.0036
90 0.9667 £ 0.0036 0.9750 £ 0.0036 0.9667 £ 0.0036 0.9708 £ 0.0036 0.9693 £ 0.0036
100 0.9667 £ 0.0036 0.9750 £ 0.0036 0.9667 £ 0.0036 0.9708 + 0.0036 0.9693 £ 0.0036

steadily improve with more features. For ORL, Recall and F-measure are not
reported in some cases due to undefined values when certain classes are not
predicted in individual runs; only reliable metrics are included following com-
mon practice. On COIL-20 (Table 11), Accuracy exceeds 94% with 60 or more
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features, with narrow Cls indicating stable performance. Table 12 reports the
mean values and 95% confidence intervals (CI) of Accuracy, Precision, Recall,
F-measure, and NMI obtained by the proposed UFSLRAGE algorithm on the
pixrawl0P dataset (10,000 features) over 30 independent runs. All metrics
show a consistent improvement as the number of selected features increases,
with Accuracy reaching approximately 0.93-0.97 for 70 or more features. The
narrow confidence intervals across the evaluated range further highlight the sta-
bility and reliability of UFSLRAGE in high-dimensional settings, where many
traditional methods struggle due to noise and redundancy.

5. Conclusion

This paper proposes UFSLRAGE, a novel filter-based unsupervised fea-
ture selection method that does not rely on statistical measures such as vari-
ance, which are often sensitive to noise and outliers. Instead, Low-Rank Adap-
tive Graph Embedding (LRAGE) is employed as an initial feature extraction
step to adaptively update sample similarities and generate orthogonal, uncor-
related representations through reconstruction error minimization. This effec-
tively mitigates noise, outliers, and feature correlations. Subsequent weighted
bipartite graph matching using the LAPJV algorithm selects the original fea-
tures most aligned with these robust representations, ensuring a compact and
interpretable subset. Experimental results on five benchmark image datasets
demonstrate that UFSLRAGE consistently outperforms eight established un-
supervised feature selection methods across all evaluated metrics (Accuracy,
Precision, Recall, F-measure, and NMI). The framework is flexible and can be
extended to supervised settings by replacing LRAGE with methods such as
LDA, or to 2D inputs using techniques like 2DLDA. The use of the LAPJV
algorithm also contributes to efficient matching. Future work will focus on
further optimizing computational efficiency.
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Appendix A: Detailed LRAGE Optimization Steps

The LRAGE algorithm consists of three steps. The initial step involves
assessing the fundamental correlation structure of the data through the appli-
cation of a low-rank constraint. In the second step of the subspace learning
process, the structure of preservation of the local manifold is essential. In
the third step, the similarity connection among samples is adaptively updated
using iterative update learning of two projection and similarity matrices si-
multaneously. The adaptive graph undergoes continuous refinement during
the subspace learning procedure, and it is more suitable and accurate for de-
scribing the similarity association among dataset samples, particularly in the
presence of noisy data.

In the graph G = (V, F), the embedding is a mapping

frvi—y €RYVien],

such that
d<|V|.

The function f maintains the values of the measures specified in the graph
G [21]. Therefore, the embedding associates each node with a low-dimensional
feature vector and attempts to maintain strong connections between vertices.
Embedding is a representation that describes graph data [21].

The general framework of graph embedding is as follows: Initially, a graph
representing the local neighborhood is formed, denoted as G = {X, W}, where
the set of vertices X lies in the space R4*™, and the similarity matrix W is
in R™*™ [20]. Subsequently, the procedure utilizes Equation (1) to obtain a
low-dimensional representation through learning [21].

1 i Zi— ZiZWi = in ZTLZ
(1) nin Y| ilaWi = min

I
2T07=0 % oy

Where o represents a fixed value, © represents a matrix representing con-

straints crafted to prevent an insignificant solution, L = D — W denotes the

Laplacian matrix, with D being a matrix with entries only along the main di-

agonal meeting the condition D;; = > iWij - Z has low dimensionality can

be derived through Z = PTX that the P is the projection matrix [10]. In a
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classification work, conventional linear regression endeavors to acquire a matrix
for regression Q € R?*¥ by minimization of equation [20]:

@ min |2 XTQ|1}

whereL = [Ly, Lo, ..., L,] € R™*¢ is a matrix for labeling and ¢ repre-
sents the number of classes, the objective function is minimized [20] . The
LRAGE has an objective function, and two parameters, namely the size of the
neighborhood % and the tuning parameter X\ , need to be set. The similarity
matrix W, which determines the local structure of the data, is dependent on
the k£ nearest neighbors of each sample. The objective function of LRAGE is
shown by equation (3) [20]:
(3) min S ||XT — XTPR|[; Wi + a| W3 + M| PR]|2.

P,R,W
]

st. Vi: W; >0, Zj W;; =1, PTP =1 Where a and X\ denote two
non-negative balanced parameters, and the constraint W; > 0 is introduced to
ensure the probability characteristics of W; and ; Wij = 1 is incorporated
to prevent scenarios where every element in each row of matrix W is equal to
zero. P denotes a projection matrix and R denotes a regression matrix. The
term o ||[W||% is included to discourage trivial solutions and promote a prior
assumption of uniform distribution. W is an adaptive similarity matrix that
represents the likelihood of similarity among sample points X;and X; derived
from the minimization of the reconstruction error. Due to the presence of
three variables in equation (3), simultaneous optimization poses a challenge.
To address this issue, an iterative procedure is developed that updates one
variable at a time while keeping the remaining variables constant. In line with
the definition of the /5 ;-norm, they begin by establishing a diagonal matrix
labeled U. Diagonal matrix U is obtained by equation (4) [20]:

1
2((PR)ill2 +¢

In equation (4), (PR); denotes the i-th row, and Uj;; represents the i-th diagonal
element of the matrix U. The symbol ¢ is utilized as an infinitesimally small
constant to mitigate the occurrence of situations where the denominator reaches
zero. As the matrix U is intricately linked to both the regression matrix R and
projection matrix P, Formula (4) can be employed to iteratively update U (k+1)
once R 1) and P*+1) are determined. The objective function (3) can then
be rewritten in the following matrix format:

()

Jnin tr(X¢XT —2XWXT PR+ R"(PTXyX"P + APTUP) R)+a|W||%
Wherey;; = 2?21 W;; . The output of solving equation (5) includes three
matrices: matrix W, projection matrix P, and regression matrix R. The goal
is to find the projection matrix P so that, using Eigen decomposition and

(4) Ui =
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extract eigenvectors and eigenvalues for projecting into a new space. The best
solution for P*+1) can be derived through the resolution of the problem of
maximizing the trace ratio [20]:

(p(k+1)T (XQbXT + )\U(k)) p(k-l-l))_1

max tr
PTP=]

(6)
(P(k:-‘rl)TXw(k)TXTXw(k:)XTP(]C-‘,-I)) ‘|

The problem of maximizing the trace ratio (6) can be accomplished through
Eigen-decomposition [20]:

(7) (Xz/;XT + AU(’“)> B (XW(’“)TXTXW(’“)XT) pl+1) — plh+) §

Where A signifies the eigenvalue matrix. This paper used the best solution
for P**1) that involves all eigenvectors associated with all eigenvalues in the
(k + 1)-th iteration [20].

(8) Vi = Z Wij
=

The noteworthy point is the orthogonality of the projection matrix resulting
from the objective function equation, which has the following properties:

(9) PTP=1

where P is a square matrix with dimensions n x n. PT is the transpose of the
matrix P, which is obtained by swapping the rows and columns of P. I is the
identity matrix, which is a square n xn matrix with 1s on the main diagonal and
0Os elsewhere. Such a matrix P is called an orthogonal matrix. We transform
the initial features(X) into a new space where essential information and key
data structures are preserved using the P matrix of the LRAGE algorithm.
This transformation is defined as:

(10) Yy =XTpP

In this equation, Y represents the new set of features that, after the trans-
formation, retain the key information and important structures of the data.
It is essential to emphasize that we utilize all the extracted features without
performing any dimensionality reduction. Algorithm 1 provides an overview of
the LRAGE algorithm.

Appendix B: Sensitivity Analysis

This appendix presents a concise sensitivity analysis of the proposed UF-
SLRAGE method with respect to two key hyperparameters: the neighborhood
size k used in graph construction and the regularization parameter A in the
LRAGE model. The analysis was conducted on one representative dataset
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(ORL). The number of selected features was fixed at 50, and all results were
averaged over 30 independent runs.

Table 13 summarizes the classification accuracy trends under different val-
ues of k and A, providing insight into the robustness of the proposed method
with respect to hyperparameter variations. As shown in Table 13, the pro-
posed method exhibits stable performance for k£ values in the range of 5 to 7,
while a slight performance degradation is observed for very small or very large
neighborhood sizes. Similarly, the accuracy remains relatively stable across
different values of A, with the best performance achieved at A = 10%. Overall,
these results demonstrate that the proposed method is not overly sensitive to
the choice of hyperparameters and maintains consistent performance within a
reasonable parameter range.

TABLE 13. Sensitivity Analysis on ORL Dataset

Parameter Value Mean Accuracy

k(A=10°) 3 0.5583
kE(A=10%) 5 0.6167
kE(A=10°) 7 0.6167
kE(A=10%) 9 0.5667
A (k=5) 107 0.6667
A(k=5)  10° 0.6167
A(k=5) 106 0.5917
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