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 A B S T R A C T

With the growing demand for modeling uncertainty and dynamic environments, feature selection in interval-
valued information systems (IVIS) has attracted increasing attention. However, as data scales expand and 
systems undergo continuous updates, the structure of information systems becomes highly dynamic. Most 
existing methods are designed for static scenarios and struggle to accommodate structural changes such as the 
addition or deletion of objects and attributes. To address this, this paper propose a unified unsupervised graph-
based dynamic feature selection framework that efficiently handles four typical structural variations in IVIS. For 
object variations, multiple similarity graphs are constructed with objects as nodes, and graph fusion and feature 
weight learning are jointly optimized. For attribute variations, a fully connected weighted graph is built using 
attributes as nodes, and dynamic ranking is achieved via locally updated adjacency matrices. The proposed 
method leverages local updates to avoid costly full graph reconstruction. Extensive experiments on multiple 
benchmarks demonstrate that our approach consistently outperforms state-of-the-art baselines, improving ARI 
and NMI metrics by over 10% on datasets such as Dermatology. Furthermore, the local update mechanism 
yields approximately an 80% reduction in computational overhead compared to static reconstruction, making 
the framework highly suitable for large-scale and real-time dynamic applications.
. Introduction

With the rapid development of big data and artificial intelligence, 
eal-world data often suffers from measurement errors, subjective judg-
ents, and inherent ambiguity, making it difficult to describe us-
ng precise numerical values [1,2]. To address such uncertainty, the 
nterval-Valued Information System (IVIS) [3,4] has emerged and been 
idely applied in medical diagnosis, environmental monitoring, and 
ecision support. By representing attribute values as intervals, IVIS 
ffectively preserves data variability and fuzziness, and has become an 
mportant paradigm for uncertainty modeling [5,6].
In high-dimensional scenarios such as IVIS, feature selection [7,8] 

lays a key role in improving model performance, reducing computa-
ional complexity, and alleviating overfitting . Especially in unsuper-
ised settings, feature selection becomes more challenging due to the 
bsence of class labels [9–11]. This difficulty is further increased in the 
resence of uncertainty introduced by interval-valued data. To this end, 
raph-based modeling methods have emerged as a significant research 
irection, owing to their robust structural representation capabilities. 
raph-theoretic [12] approaches can ingeniously capture and utilize 
tructural features within the data from a global perspective, intuitively 
eflecting complex data architectures [13–15].

∗ Corresponding author.
E-mail addresses: sx18908529566@163.com (X. Shen), zxy19790915@163.com (X. Zhang).

However, real-world data systems are inherently dynamic, with 
continuous sample arrival and attribute expansion leading to evolving 
data structures [16–18]. Most graph-based methods rely on static as-
sumptions and thus perform poorly in such settings. They require full 
model reconstruction after updates and depend on global optimization, 
resulting in high computational cost and low efficiency. This limits their 
applicability in dynamic IVIS, highlighting the need for graph-based 
feature selection methods with efficient updating. None of the existing 
graph-based methods simultaneously support both object and attribute 
dynamics in interval-valued systems.

To address the above issues, this paper proposes a graph-based 
dynamic feature selection framework for IVIS, capable of handling four 
types of structural variation: object addition, object deletion, attribute 
addition, and attribute deletion. The framework aims to tackle two key 
problems: (1) modeling the intrinsic structural relationships of interval-
valued data in an unsupervised manner, and (2) enabling efficient 
updates without global reconstruction. The motivation of this work is 
illustrated in Fig.  1. The main contributions are as follows:

• This study models structural relationships by constructing feature-
level and object-level correlation graphs using graph theory.
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data mining, AI training, and similar technologies. 
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Table 1
The summary of existing methods.
 Categories Methods Limitations  
 
Graph-based

Akhiat et al. [19], Roffo et al. [20], Xie et al. 
[21], Xiang et al. [22], Zhou et al. [23]

It supports only static scenarios and cannot be directly applied to 
interval-valued datasets characterized by uncertainty.

 

 Zhang et al. [24] Unable to adapt to dynamic environments.  
 Dynamic single-valued Sang et al. [25], Yang et al. [26], Pan et al. [27], 

Xu et al. [28], Zhang et al. [29]
Only supports object dynamics, incurs high computational cost, and 
is not suitable for interval-valued data.

 

 
Dynamic interval-valued data

Feng et al. [30] Highly dependent on supervisory information and decision 
consistency constraints.

 

 Shu et al. [17] Does not support attribute updates, has limited structural modeling 
capability, and incurs high computational cost.

 

Fig. 1. The motivation for our work.

• A local optimization mechanism is developed to efficiently prop-
agate local changes to global feature adjustments, significantly 
improving computational efficiency.

• The proposed method supports both object and attribute dynam-
ics in IVIS, achieving strong real-time adaptability and scalability.

This work is organized into eight sections. After reviewing related 
work and preliminaries in Sections 2–3, we discuss object and attribute-
level changes in Sections 4–5. Building on these, Section 6 presents four 
dynamic update algorithms. The paper concludes with experimental 
evaluations in Section 7 and a summary in Section 8.

2. Related work

Table  1 classifies and summarizes existing feature selection methods 
from the perspectives of method types and application scenarios. Exist-
ing feature selection methods still suffer from limitations in handling 
dynamic and uncertain data, including reliance on static assumptions, 
inadequate support for attribute evolution, weak structural modeling 
capability, and high computational cost. The proposed graph-based 
dynamic feature selection framework for IVIS effectively addresses the 
gaps and limitations in existing research.

3. Preliminaries

3.1. Interval-valued information system

Let 𝐼𝑉 𝐼𝑆 = (𝑈,𝐴𝑇 , 𝐹 ) be an information system, where 𝑈 =
{𝑥1, 𝑥2,… , 𝑥𝑚} is a non-empty finite set of objects, 𝐴𝑇 = {𝑎1, 𝑎2,… , 𝑎𝑛}
is a non-empty finite set of attributes, and ∀𝑥𝑖 ∈ 𝑈 , 𝑎𝑘 ∈ 𝐴𝑇 , 
the 𝑓 (𝑥𝑖, 𝑎𝑘) yields an interval-valued number, specifically denoted 
as 𝑓 (𝑥𝑖, 𝑎𝑘) = [𝑎𝑙𝑘(𝑥𝑖), 𝑎

𝑟
𝑘(𝑥𝑖)]. 𝑎𝑙𝑘(𝑥𝑖) and 𝑎𝑟𝑘(𝑥𝑖) represent the left and 

right bounds of the interval, which can be abbreviated as 𝑎𝑙𝑖𝑘 and 𝑎𝑟𝑖𝑘. 
Notably, if these bounds coincide, i.e., 𝑎𝑙𝑘(𝑥𝑖) = 𝑎𝑟𝑘(𝑥𝑖), the interval 
collapses to a single value, showing that a conventional single-valued 
decision system is simply a special case of the more general IVIS 
framework [31].
2 
3.2. Graph theory

A graph consists of nodes and edges, where edges represent re-
lationships between nodes. When constructing graph theory models 
for interval-valued information systems, the graph can be categorized 
based on the type of nodes. It can either be a graph model with objects 
as nodes or a graph model with attributes as nodes.

When constructing a graph with objects as nodes [32], a similarity 
graph 𝐺 = ⟨𝑉 ,𝐸⟩ is built, where the nodes represent objects 𝑈 =
{𝑥1, 𝑥2,… , 𝑥𝑚} and the edges represent the similarity between samples. 
By defining the similarity between samples, an adjacency matrix 𝑆 can 
be constructed to capture the complex relationships among objects.

When constructing a graph with attributes as nodes [33], a weighted 
undirected complete graph 𝐺 = ⟨𝑉 ,𝐸⟩ is built, where the nodes 
represent attributes 𝐴𝑇 = {𝑎1, 𝑎2,… , 𝑎𝑛} and the edges represent the 
correlation between attributes. The adjacency matrix 𝐻 is generated 
by assigning weights to the edges, which captures the association 
information among attributes.

4. DIUO: Feature selection methods for object dynamics

To address dynamic object variation, we propose a graph-based 
local update strategy. The update procedure is illustrated in Fig.  2. In 
this section, we detail the proposed method under object dynamics.

4.1. Feature selection framework

We first construct a graph based on the interval-valued information 
system, where objects serve as nodes. For interval-valued features, each 
interval [𝑎𝑙𝑖 , 𝑎𝑟𝑖 ] is represented by its midpoint 

𝑎𝑙𝑖+𝑎
𝑟
𝑖

2  so that the data can 
be mapped into a numerical space for subsequent processing.

For unsupervised feature selection, since label information is un-
available, data must be processed without supervision. Accordingly, the 
original data are mapped into the pseudo-label space 𝑌 , defined as 
𝑌 = 𝑃 𝑇𝑋, (1)

where 𝑃 ∈ R𝑛×𝑐 denotes the projection matrix and 𝑌 ∈ 0, 1𝑐×𝑚

represents the label indicator matrix. Ideally, each column of 𝑌  contains 
exactly one entry equal to 1, while the remaining entries are 0 [34]. In 
the projection process described in Eq. (1), it is reasonable to assume 
that similar samples are more likely to belong to the same category. 
This assumption can be incorporated as a minimization problem: 

min
𝑃 ,𝛺

𝑚
∑

𝑖,𝑗=1

‖

‖

‖

𝑃 𝑇𝛺𝑥𝑖 − 𝑃 𝑇𝛺𝑥𝑗
‖

‖

‖

2

2
𝑆𝑖𝑗 + 𝜆 ‖𝑃‖2𝐹

s.t. 𝑃 𝑇𝑋𝑋𝑇 𝑃 = 𝐼,
𝑛
∑

𝑖=1
𝜔𝑖 = 1, 𝜔𝑖 ≥ 0.

(2)

 where 𝑆 represents the similarity matrix capturing relationships be-
tween samples. To enable feature weighting, let 𝑤 = [𝜔1, 𝜔2,… , 𝜔𝑛] and 
define 𝛺 as a diagonal matrix with entries √𝜔𝑖. The discrete constraint 
on 𝑌  is relaxed by imposing 𝑃 𝑇𝑋𝑋𝑇 𝑃 = 𝐼 for tractable optimization.
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Fig. 2. The framework of feature selection methods for object dynamics. (a) 
Feature selection via multi-graph fusion. (b) Fusion graph update after object 
addition. (c) Fusion graph update after object deletion.

Since a single similarity graph cannot effectively capture complex 
relationships and is sensitive to noise, we integrate multiple graphs to 
construct a unified graph that better reflects the intrinsic data structure. 
Suppose we have 𝑑 different similarity graphs 𝑆1, 𝑆2,… , 𝑆𝑑 obtained 
using different distance metrics, where 𝑆𝑔 ∈ R𝑚×𝑚. We then learn 
the feature weights and the unified similarity graph by solving the 
following optimization problem: 

min
𝑃 ,𝑆,𝛺,𝜂

𝑚
∑

𝑖,𝑗=1

‖

‖

‖

𝑃 𝑇𝛺𝑥𝑖 − 𝑃 𝑇𝛺𝑥𝑗
‖

‖

‖

2

2
𝑆𝑖𝑗 + 𝜆 ‖𝑃‖2𝐹 + 𝛾

𝑑
∑

𝑔=1
𝜂𝑔 ‖𝑆 − 𝑆𝑔

‖

2
𝐹 ,

s.t. 𝑃 𝑇𝛺𝑋𝑋𝑇𝛺𝑃 = 𝐼,
𝑛
∑

𝑖=1
𝜔𝑖 = 1, 𝜔𝑖 ≥ 0,

𝑚
∑

𝑗=1
𝑆𝑖𝑗 = 1, 0 ≤ 𝑆𝑖𝑗 ≤ 1, 𝑆𝑖𝑖 = 0.

(3)

where 𝜂𝑔 denotes the weight assigned to the 𝑔th graph, reflecting 
its varying contribution to the final unified graph. Since graphs con-
structed from different distance metrics may differ in scale, normaliza-
tion is applied prior to fusion. Specifically, each graph is normalized 
as 𝑆𝑔 ← (𝐷𝑔)−1𝑆𝑔 , where 𝐷𝑔 is a diagonal matrix whose 𝑖th diagonal 
entry is 𝐷𝑔

𝑖𝑖 =
∑

𝑗 𝑆
𝑔
𝑖𝑗 .

As presented in Eq. (3), the proposed approach jointly incorporates 
feature weight learning, multi-graph fusion, and graph-regularized 
label-space projection into a unified optimization framework for ef-
fective feature selection. To address evolving data, we further design 
dynamic local update strategies capable of adapting to object additions 
and deletions without requiring global re-optimization.

4.2. A-DIUO: Updating mechanism for object addition

In a dynamic data environment, as the number of objects in the 
dataset increases, the similarity graph constructed with objects as nodes 
expands accordingly. To avoid global reconstruction each time, the 
fused graph obtained by multi-graph fusion should be updated locally 
in time.
3 
Definition 1.  Let 𝐷𝐼𝑉 𝐼𝑆 = (𝑈 ∪ 𝑈 ′, 𝐴𝑇 , 𝐹 ) be a dynamic interval-
valued information system, where 𝑈 = {𝑥1, 𝑥2,… , 𝑥𝑚} is a set of 
existing objects and 𝑈 ′ = {𝑥𝑚+1, 𝑥𝑚+2,… , 𝑥𝑚+𝑚′} indicates the dynam-
ically added object set. In the static stage, a fused similarity graph 
𝑆prior ∈ R𝑚×𝑚 is learned for 𝑈 by solving the global optimization 
problem. In the incremental stage, instead of re-optimizing 𝑆prior, we 
directly introduce it as prior knowledge and apply a row-wise scaling 
with budget parameters 𝜌, then 
𝑆 = (1 − 𝜌)𝑆prior, (4)

which ensures that the row sum of each existing object becomes 1 − 𝜌.

Definition 2.  For the cross-relations from existing to new objects, 𝑑
candidate graphs {𝑆𝑜𝑛

1 ,… , 𝑆𝑜𝑛
𝑑 } are predefined, where 𝑆𝑜𝑛

𝑔 ∈ R𝑚×𝑚′ . The 
fused 𝑆𝑜𝑛 is obtained by solving the following local update problem: 

min
𝑆𝑜𝑛 , 𝜂𝑜𝑛

𝑚
∑

𝑖=1

𝑚′
∑

𝑟=1

‖

‖

‖

𝑃 𝑇𝛺𝑥𝑖 − 𝑃 𝑇𝛺𝑥𝑚+𝑟
‖

‖

‖

2

2
𝑆𝑜𝑛
𝑖𝑟 + 𝛾

𝑑
∑

𝑔=1
𝜂𝑜𝑛𝑔 ‖𝑆𝑜𝑛 − 𝑆𝑜𝑛

𝑔 ‖

2
𝐹 ,

s.t.
𝑚′
∑

𝑟=1
𝑆𝑜𝑛
𝑖𝑟 = 𝜌, 0 ≤ 𝑆𝑜𝑛

𝑖𝑟 ≤ 1.

(5)

Similarly, for the relations among new objects, 𝑑 candidate graphs 
{𝑆𝑛𝑛

1 ,… , 𝑆𝑛𝑛
𝑑 } are predefined, with 𝑆𝑛𝑛

𝑔 ∈ R𝑚′×𝑚′ . The fused 𝑆𝑛𝑛 is 
learned by 

min
𝑆𝑛𝑛 , 𝜂𝑛𝑛

𝑚′
∑

𝑡=1

𝑚′
∑

𝑞=1

‖

‖

‖

𝑃 𝑇𝛺𝑥𝑚+𝑡 − 𝑃 𝑇𝛺𝑥𝑚+𝑞
‖

‖

‖

2

2
𝑆𝑛𝑛
𝑡𝑞 + 𝛾

𝑑
∑

𝑔=1
𝜂𝑛𝑛𝑔 ‖𝑆𝑛𝑛 − 𝑆𝑛𝑛

𝑔 ‖

2
𝐹 ,

s.t.
𝑚′
∑

𝑞=1
𝑆𝑛𝑛
𝑡𝑞 = 1 − 𝑎𝑡, 0 ≤ 𝑆𝑛𝑛

𝑡𝑞 ≤ 1, 𝑆𝑛𝑛
𝑡𝑡 = 0.

(6)

where 𝑎𝑡 denotes the mass assigned from the new object 𝑥𝑚+𝑡 to the old 
objects, which is determined by the column sums of 𝑆𝑜𝑛.

After performing local updates, two fused similarity graphs 𝑆𝑜𝑛

and 𝑆𝑛𝑛 are obtained. The complete fused similarity graph can be 
constructed as follows:

𝑆+
(𝑚+𝑚′)×(𝑚+𝑚′) =

[

𝑆𝑚×𝑚 𝑆𝑜𝑛
𝑚×𝑚′

𝑆𝑜𝑛
𝑚×𝑚′

𝑇 𝑆𝑛𝑛
𝑚′×𝑚′ .

]

The fused graph 𝑆+ is then incorporated into the feature weight 
learning framework. The feature weights are updated locally by solving 
the following optimization problem. 

min
𝑃 ,𝛺

𝑚+𝑚′
∑

𝑖,𝑗=1

‖

‖

‖

𝑃 𝑇𝛺𝑥𝑖 − 𝑃 𝑇𝛺𝑥𝑗
‖

‖

‖

2

2
𝑆+
𝑖𝑗 + 𝜆 ‖𝑃‖2𝐹 ,

s.t. 𝑃 𝑇𝛺𝑋𝑋𝑇𝛺𝑃 = 𝐼,
𝑛
∑

𝑖=1
𝜔+
𝑖 = 1, 𝜔+

𝑖 ≥ 0.

(7)

In the local update process, the above optimization problem is 
solved using the block coordinate descent method.

4.3. D-DIUO: Updating mechanism for object deletion

As the number of objects in the dataset decreases, the similarity 
graph constructed with these objects as nodes is correspondingly re-
duced. Therefore, the fused graph obtained through multi-graph fusion 
also requires local updates.

Definition 3.  Let 𝐷𝐼𝑉 𝐼𝑆 = (𝑈 − 𝑈 ′, 𝐴𝑇 , 𝐹 ) be an dynamic interval-
valued information system, where 𝑈 = {𝑥1, 𝑥2,… , 𝑥𝑚} is a set of objects 
and 𝑥𝑘 ∈ 𝑈 (1 ≤ 𝑘 ≤ 𝑚). 𝑈 ′ = {𝑥1, 𝑥2,… , 𝑥𝑚′} indicates the dynamically 
deleted object set, with each object 𝑥𝑟 ∈ 𝑈 ′(1 ≤ 𝑟 ≤ 𝑚′). For any 
𝑖, 𝑗 ∈ [1, 𝑚−𝑚′], we have 𝑆 = 𝑆𝑝𝑟𝑖𝑜𝑟[1 ∶ 𝑚−𝑚′, 1 ∶ 𝑚−𝑚′]. To maintain 
the constraints, we define the normalized matrix 𝑆− as 

𝑆−
𝑖𝑗 =

𝑆𝑖𝑗
∑𝑚−𝑚′ , 𝑖, 𝑗 ∈ [1, 𝑚 − 𝑚′], (8)
𝑞=1 𝑆𝑖𝑞
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The fused graph 𝑆− is incorporated into the feature weight learning 
framework, and the feature weights are obtained through local updates 
by solving the following optimization problem. 

min𝑃 ,𝛺
∑𝑚−𝑚′

𝑖,𝑗=1
‖

‖

‖

𝑃 𝑇𝛺𝑥𝑖 − 𝑃 𝑇𝛺𝑥𝑗
‖

‖

‖

2

2
𝑆−
𝑖𝑗 + 𝜆 ‖𝑃‖2𝐹 ,

s.t. 𝑃 𝑇𝛺𝑋𝑋𝑇𝛺𝑃 = 𝐼,
∑𝑛

𝑖=1 𝜔
−
𝑖 = 1, 𝜔−

𝑖 ≥ 0.
(9)

In the local update process, the above optimization problem is still 
solved using the block coordinate descent method.

4.4. Optimization

Since the matrix 𝑃  is coupled with the diagonal matrix 𝛺, we 
introduce matrix 𝛷 to replace 𝛺𝑃  in order to simplify the optimization 
process. On this basis, the objective function can be reformulated as: 
min𝛷,𝑆,𝛺,𝜂

∑𝑚
𝑖,𝑗=1 ‖𝛷

𝑇 𝑥𝑖 −𝛷𝑇 𝑥𝑗‖22𝑆𝑖𝑗

+𝜆Tr
(

𝛷𝑇 diag(𝜔)−1𝛷
)

+ 𝛾
∑𝑑

𝑔=1 𝜂𝑔‖𝑆 − 𝑆𝑔
‖

2
𝐹

s.t.𝛷𝑇𝑋𝑋𝑇𝛷 = 𝐼,
∑𝑛

𝑖=1 𝜔𝑖 = 1, 𝜔𝑖 ≥ 0,
∑𝑚

𝑗=1 𝑆𝑖𝑗 = 1, 0 ≤ 𝑆𝑖𝑗 ≤ 1, 𝑆𝑖𝑖 = 0.

(10)

4.4.1. Optimization of 𝑆 with fixed variables
After fixing 𝛷,𝛺, and 𝜂, and replacing 𝐵𝑖𝑗 with ‖𝛷𝑇 𝑥𝑖−𝛷𝑇 𝑥𝑗‖22, the 

optimization problem of 𝑆 can be simplified as follows: 
min𝑆

∑𝑚
𝑖,𝑗=1 𝐵𝑖𝑗𝑆𝑖𝑗 + 𝛾

∑𝑑
𝑔=1 𝜂𝑔‖𝑆 − 𝑆𝑔

‖

2
𝐹

s.t.∑𝑚
𝑗=1 𝑆𝑖𝑗 = 1, 0 ≤ 𝑆𝑖𝑗 ≤ 1, 𝑆𝑖𝑖 = 0.

(11)

The optimization objective of each row 𝑠𝑗 is to minimize the dis-
crepancy with candidate graphs and the reconstruction error between 
samples. This problem can be formulated as a quadratic optimization 
with linear constraints, and a closed-form solution is derived by con-
structing the Lagrangian function and applying the KKT conditions. The 
final update form of 𝑠𝑗 is: 

𝑠∗𝑗 = 𝑢 + 𝜉∗𝑒, (12)

where 𝑢 and 𝜉∗ are obtained iteratively. The parameter 𝜉∗ can be 
efficiently solved by the Newton method: 

𝜉𝑡+1 = 𝜉𝑡 −
𝑓 (𝜉𝑡)
𝑓 ′(𝜉𝑡)

. (13)

Note that the above solution is derived under the constraint
∑𝑚

𝑗=1 𝑆𝑖𝑗 = 1. For a more general constant-budget constraint, the same 
optimization procedure still applies, with only minor adjustments to the 
corresponding multiplier term. In summary, the optimization of 𝑆 can 
be achieved by solving each row separately and iteratively updating 𝜉∗
until convergence.

4.4.2. Optimization of 𝛷 with fixed variables
By holding the other variables fixed, the optimization problem with 

respect to 𝛷 is given as: 
min𝛷 Tr

(

𝛷𝑇𝑋𝐿𝑋𝑇𝛷
)

+ 𝜆Tr
(

𝛷𝑇 diag(𝜔)−1𝛷
)

s.t.𝛷𝑇𝑋𝑋𝑇𝛷 = 𝐼.
(14)

where 𝐿 denotes the Laplacian matrix associated with 𝑆. This problem 
can be equivalently expressed as: 
min𝛷 Tr

(

𝛷𝑇 (

𝑋𝐿𝑋𝑇 + 𝜆 diag(𝜔)−1
)

𝛷
)

s.t. 𝛷𝑇𝑋𝑋𝑇𝛷 = 𝐼.
(15)

The solution is obtained through generalized eigenvalue decompo-
sition.
4 
Fig. 3. The framework of feature selection methods for attribute dynamics. 
(a) Feature selection via weighted graph construction. (b) Adjacency matrix 
update after attribute addition. (c) Adjacency matrix update after attribute 
deletion.

4.4.3. Optimization of 𝜔 with fixed variables
For optimizing 𝜔, the problem is: 

min𝜔 Tr
(

𝛷𝑇 diag(𝜔)−1𝛷
)

s.t.∑𝑛
𝑖=1 𝜔𝑖 = 1, 𝜔𝑖 ≥ 0.

(16)

By utilizing the properties of diagonal matrices together with the 
Cauchy–Schwarz inequality, the closed-form solution can be derived as: 

𝜔𝑖 =

√

∑

𝑗 𝛷
2
𝑖𝑗

∑

𝑖

√

∑

𝑗 𝛷
2
𝑖𝑗

. (17)

4.4.4. Optimization of 𝜂 with fixed variables
With 𝛷, 𝑆, and 𝛺 fixed, the graph weights are updated by an 

adaptive reweighting strategy according to the discrepancy between the 
fused graph 𝑆 and each candidate graph 𝑆𝑔 . Specifically, the weight of 
the 𝑔th graph is computed as 

𝜂𝑔 = 1

2
√

‖𝑆 − 𝑆𝑔
‖

2
𝐹

. (18)

This update assigns a smaller weight to a candidate graph with a 
larger deviation from the fused graph, and a larger weight to a graph 
that is more consistent with the current fused structure. In this way, 
the contributions of different candidate graphs can be automatically 
adjusted during the fusion process.

5. DIUA: Feature selection methods for attribute dynamics

To address dynamic attribute variation, we propose a graph-based 
local update strategy that constructs a weighted undirected connected 
graph over attributes. The update process for handling attribute vari-
ation is illustrated in Fig.  3. In this section, we detail the proposed 
feature selection method under attribute variation.
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5.1. Feature selection framework

We first construct a graph based on the interval-valued information 
system, where attributes serve as nodes.

Definition 4.  In interval-based feature selection, we construct a 
weighted undirected complete graph 𝐺 = ⟨𝑉 ,𝐸⟩, where each node 
corresponds to a feature set 𝐴 = 𝑎1, 𝑎2,… , 𝑎𝑛, and edge weights 
are defined by the function 𝑤(𝑖, 𝑗). The adjacency matrix 𝐻(𝑖, 𝑗) is 
computed as 
𝑤(𝑖, 𝑗) = 𝛼𝐼𝑖𝑗 + (1 − 𝛼)𝑅𝑖𝑗 . (19)

𝐼𝑖𝑗 represents the maximum normalized standard deviation between 
the distributions of two features. A higher 𝐼𝑖𝑗 value indicates greater 
feature importance. 𝑅𝑖𝑗 represents the non-redundancy between fea-
tures, we set 𝑅𝑖𝑗 = 1− ∣ 𝜌(𝑎𝑖, 𝑎𝑗 ) ∣.

5.2. A-DIUA: Updating mechanism for attribute addition

In a dynamic data environment, as the number of attributes in 
the dataset increases, the similarity graph constructed with objects as 
nodes also expands accordingly. To avoid global reconstruction each 
time, the attribute-weighted graph needs to be updated locally in time. 
To support the update of 𝐼 and 𝑅, we first introduce the necessary 
definitions for dominance relation, statistics and redundancy measure.

Definition 5.  Let 𝑏 = (𝑏𝑙 , 𝑏𝑟) and 𝑐 = (𝑐𝑙 , 𝑐𝑟) be two interval values. 
The distance between the two interval values b and c is redefined as 
follows: 
𝑑(𝑏, 𝑐) = 1

√

3

(

∣ 𝑏𝑙 − 𝑐𝑙 ∣2 + ∣ 𝑏𝑙+𝑏𝑟
2 − 𝑐𝑙+𝑐𝑟

2 ∣2

+∣ 𝑏𝑟 − 𝑐𝑟 ∣2
) 1

2 .
(20)

Specifically, the proposed interval distance simultaneously mea-
sures the differences in the lower bound, midpoint, and upper bound, 
thereby capturing both the central tendency and the variation range of 
interval-valued data, and providing a more comprehensive characteri-
zation of interval uncertainty information.

Definition 6.  let 𝑋 be an interval-valued random variable. Its sample 
mean 𝑋 and sample variance 𝜎2 can be defined as 

𝑋 = (𝑋𝑙 , 𝑋𝑟) = ( 1
𝑚

𝑚
∑

𝑖=1
𝑥𝑖

𝑙 , 1
𝑚

𝑚
∑

𝑖=1
𝑥𝑖

𝑟), (21)

𝜎2 = 1
𝑚 − 1

𝑚
∑

𝑖=1
(𝑑(𝑥𝑖, 𝑋))

2
, (22)

𝜎(𝑋) =
√

𝜎2(𝑋) = ( 1
𝑚 − 1

𝑚
∑

𝑖=1
(𝑑(𝑥𝑖, 𝑋))

2
)

1
2

, (23)

where 𝑚 represents the sample size. By computing sample statistics, 
population parameters can be estimated, leading to the determination 
of the relevant metrics 𝐼𝑖𝑗 .

Next, we give the definition of dominance relationship under inter-
val valued information system.

Definition 7.  Given an interval-valued information system 𝐼𝑉 𝐼𝑆 =
(𝑈,𝐴𝑇 , 𝐹 ), for any 𝐴 ⊆ 𝐴𝑇  and 𝑎𝑘 ∈ 𝐴, the mapping 𝑓 (𝑥𝑖, 𝑎𝑘) =
[𝑎𝑙𝑖𝑘, 𝑎

𝑟
𝑖𝑘] denotes an interval-valued number. The dominance relation 

𝐷⪯
𝐴 is defined as

𝐷⪯
𝐴 = {(𝑥𝑖, 𝑥𝑗 ) ∈ 𝑈 × 𝑈 ∣

𝑎𝑙𝑗𝑘 + 𝑎𝑟𝑗𝑘
2

−
𝑎𝑙𝑖𝑘 + 𝑎𝑟𝑖𝑘

2
≥ 𝜃, 𝜃 ≥ 0}.

where 𝜃 denotes a nonnegative number representing the allowable 
extent of deviation, serving as a tolerance threshold.
5 
The ranking of object 𝑥𝑖 in attribute 𝑎𝑗 can be determined using 
the dominance relationship. To measure the redundancy between fea-
tures, we employ the SRCC for representation and further define its 
computation method.

Definition 8.  Let 𝐼𝑉 𝐼𝑆 = (𝑈,𝐴𝑇 , 𝐹 ) be an interval-valued information 
system, ∀𝑎𝑖, 𝑎𝑗 ∈ 𝐴𝑇 , SRCC of 𝑎𝑖 and 𝑎𝑗 is defined as 

𝜌𝑖,𝑗 = 1 −
6
∑𝑚

𝑘=1(∣ 𝐷
−
{𝑎𝑖}

(𝑥𝑘) ∣ − ∣ 𝐷−
{𝑎𝑗}

(𝑥𝑘) ∣)2

𝑚(𝑚2 − 1)
. (24)

The redundancy metrics in the weighting function is denoted as 
𝑅𝑖𝑗 = 1− ∣ 𝜌(𝑎𝑖, 𝑎𝑗 ) ∣.

Definition 9.  Let the dynamic interval-valued information system be 
defined as 𝐷𝐼𝑉 𝐼𝑆 = (𝑈,𝐴𝑇 ∪𝐴′, 𝐹 ), where 𝐴′ denotes the set of newly 
added attributes. A weighted undirected complete graph 𝐺+ = ⟨𝑉 +, 𝐸+

⟩

is constructed, the elements of the adjacency matrix 𝐻+(𝑖, 𝑗) of this 
graph can be defined using a weight function 𝑤+(., .) as follows: 
𝑤+(𝑖, 𝑗) = 𝛼𝐼+𝑖𝑗 + (1 − 𝛼)𝑅+

𝑖𝑗 , (25)

where 𝐼+𝑖𝑗  denotes the normalized maximum standard deviation be-
tween features, and 𝑅+

𝑖𝑗 = 1− ∣ 𝜌+(𝑎𝑖, 𝑎𝑗 ) ∣ measures the non-redundancy 
between features.

The update of the matrix 𝐼+ is divided into two cases:

• Case 1: When either the maximum or minimum value of the 
standard deviation remain unchanged after attribute expansion:

– The original part remains unchanged, i.e., 𝐼+[1 ∶ 𝑛, 1 ∶ 𝑛] =
𝐼 ;

– For newly added attributes: 

𝐼+𝑖𝑗 =
𝑚𝑎𝑥(𝜎(𝑎𝑖), 𝜎(𝑎𝑗 )) − 𝑚𝑖𝑛{𝜎(𝑎𝑘)}

𝑚𝑎𝑥{𝜎(𝑎𝑘)} − 𝑚𝑖𝑛{𝜎(𝑎𝑘)}
, (26)

where 1 ≤ 𝑘 ≤ 𝑛 + 𝑛′.

• Case 2: When either the maximum or minimum value of the stan-
dard deviation changes, update the extreme values accordingly 
and recalculate all 𝐼+𝑖𝑗  using Eq. (21).

For redundancy matrix 𝑅+ updates:

• The original part remains unchanged, i.e., 𝑅+[1 ∶ 𝑛, 1 ∶ 𝑛] = 𝑅;
• For any 𝑖, 𝑗 ∈ [𝑛 + 1, 𝑛 + 𝑛′] or 𝑖 ∈ [1, 𝑛] and 𝑗 ∈ [𝑛 + 1, 𝑛 + 𝑛′]: 
𝑅+
𝑖𝑗 = 1− ∣ 𝜌(𝑎𝑖, 𝑎𝑗 ) ∣ (27)

Finally, matrices 𝐼+ and 𝑅+ are combined to construct the updated 
adjacency matrix 𝐻+ ∈ 𝐑(𝑛+𝑛′)×(𝑛+𝑛′), and the Matrix Power Series 
(MPS) method is employed to perform feature ranking.

5.3. D-DIUA: Updating mechanism for attribute deletion

As the number of attributes in the dataset decreases, the weighted 
graph built with these attributes as nodes will also decrease accord-
ingly, so local updates are required. Similar to the addition case, the 
update relies on the dominance relation, statistics and redundancy 
measure introduced above, which provide the basis for recomputing 
𝐼 and 𝑅 after attribute deletion.

Definition 10.  Let 𝐷𝐼𝑉 𝐼𝑆 = (𝑈,𝐴𝑇−𝐴′, 𝐹 ) denote a dynamic interval-
valued information system with the reduced attribute set, where 𝐴′

contains the deleted attributes 𝑎𝑟 ∈ 𝐴′ (1 ≤ 𝑟 ≤ 𝑛′). A new graph 𝐺− =
⟨𝑉 −, 𝐸−

⟩ is constructed, with its adjacency matrix 𝐻−(𝑖, 𝑗) defined by 
the weight function: 
𝑤−(𝑖, 𝑗) = 𝛼𝐼−𝑖𝑗 + (1 − 𝛼)𝑅−

𝑖𝑗 . (28)

The update of the matrix 𝐼− is divided into two cases:
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• Case 1: When either the maximum or minimum value of the 
standard deviation remain unchanged after attribute deletion, 
then 𝐼− = 𝐼[1 ∶ 𝑛 − 𝑛′, 1 ∶ 𝑛 − 𝑛′];

• Case 2: When either the maximum or minimum value of the stan-
dard deviation changes, update the extreme values accordingly 
and recalculate all 𝐼−𝑖𝑗  using Eq. (24). 

𝐼−𝑖𝑗 =
𝑚𝑎𝑥(𝜎(𝑎𝑖), 𝜎(𝑎𝑗 )) − 𝑚𝑖𝑛{𝜎(𝑎𝑘)}

𝑚𝑎𝑥{𝜎(𝑎𝑘)} − 𝑚𝑖𝑛{𝜎(𝑎𝑘)}
, (29)

Similarly, the matrix 𝑅− is updated by truncating the original 𝑅 to 
the remaining attributes: 𝑅− = 𝑅[1 ∶ 𝑛 − 𝑛′, 1 ∶ 𝑛 − 𝑛′].

Finally, the updated 𝐻− is used in the MPS to generate the new 
feature ranking. This local update strategy avoids global reconstruction, 
thus significantly reducing computational cost and enabling real-time 
adaptation to attribute variations.

5.4. Feature ranking process

After calculating an adjacency matrix constructed from the weight 
function, the MPS approach is applied for path selection to derive 
feature score rankings. The procedure can be outlined as follows. Let 𝐸
be the identity matrix and 𝜖1, 𝜖2,… , 𝜖𝑛 denote the eigenvalues of 𝐻 . The 
parameter 𝛿 = 0.9∕𝜑(𝐻) is introduced as a scalar regularization factor, 
where 𝜑(𝐻) = max𝜖𝑖∈𝜖1 ,𝜖2 ,…,𝜖𝑛 (|𝜖𝑖|) represents the spectral radius, which 
guarantees convergence of the infinite series. The regularized feature 
score is then defined as 
𝜔̆(𝑖) = [𝛹̆𝛽]𝑖, (30)

where 𝛹̆ = (𝐸 − 𝛿𝐻)−1 − 𝐸, and 𝛽 is a vector of ones.
Finally, features are ranked in descending order of 𝜔̆(𝑖), with higher 

scores indicating stronger relevance and lower redundancy, making 
them more representative for constructing an optimized feature subset.

6. Feature selection algorithm

In this subsection, we propose four dynamic feature selection al-
gorithms corresponding to the addition and deletion of instances and 
attributes, respectively.

6.1. Feature selection algorithm with adding objects

Algorithm 1 addresses the scenario of object addition and presents a 
complete dynamic feature selection process. First, the fused graph 𝑆𝑝𝑟𝑖𝑜𝑟
and feature weights 𝜔 obtained from the static phase are incorporated 
as prior knowledge. Then, similarity graphs are constructed both among 
new instances and between new and original instances as inputs for 
subsequent updates. Let 𝑀 be the number of original instances, 𝑀 ′

the number of newly added instances, and 𝑁 the number of features. 
The overall time complexity is  (

𝑡1𝑀𝑀 ′ + 𝑡2𝑀 ′2 + 𝑡3(𝑀 +𝑀 ′)2𝑁
)

.

6.2. Feature selection algorithm with deleting objects

Algorithm 2 addresses the scenario of object deletion and intro-
duces an efficient dynamic feature selection strategy. Let 𝑀 be the 
number of original instances, 𝑀 ′ the number of deleted instances, and 
𝑁 the number of features. The time complexity of the algorithm is 

(

(𝑚 − 𝑚′)2 + 𝑡(𝑚 − 𝑚′)2𝑁
)

.

6.3. Feature selection algorithm with adding attributes

Algorithm 3 tackles attribute addition with an efficient dynamic 
feature selection strategy. Let 𝑀 be the number of samples, 𝑁 the 
number of original features, and 𝑁 ′ the number of added features. The 
algorithm has a time complexity of ((𝑁 +𝑁 ′)3).
6 
Algorithm 1: A-DIUO
Input: 

1. A dynamic interval-valued information system 
𝐷𝐼𝑉 𝐼𝑆 = (𝑈 ∪ 𝑈 ′, 𝐴𝑇 , 𝐹 );
Given the 𝑑 similarity graphs of the new data and the 𝑑 similarity 
graphs between the new and original data;
The original fusion graph 𝑆𝑝𝑟𝑖𝑜𝑟 and original feature weight 𝜔
are already available.

2. The parameters 𝜆 and 𝛾, 𝜀 = 0.000001;
3. A cutoff proportion 𝑝, where 𝑝 ∈ (0, 1), representing the proportion

of features to select.
Output:  The optimal feature subset 𝐵.

1 begin
2 Update 𝑆 according to Definition 1; The iteration time 𝑡1 is 

initialized to 0;
3 while not converged do
4 Update 𝑆𝑜𝑛 and 𝜂𝑜𝑛 by solving (5) according to Definition 2;
5 Check the convergence condition ||

|

obj𝑡1−1−obj𝑡1
obj𝑡1

|

|

|

< 𝜀;
6 Update 𝑡1 = 𝑡1 + 1;
7 end 
8 The iteration time 𝑡2 is initialized to 0;
9 while not converged do
10 Update 𝑆𝑛𝑛 and 𝜂𝑛𝑛 by solving (6) according to Definition 2;
11 Check the convergence condition ||

|

obj𝑡2−1−obj𝑡2
obj𝑡2

|

|

|

< 𝜀;
12 Update 𝑡2 = 𝑡2 + 1;
13 end 
14 Incremental update 𝑆+;
15 The iteration time 𝑡3 is initialized to 0;
16 while not converged do
17 Update 𝜔+ by solving (7) ;
18 Check the convergence condition ||

|

obj𝑡3−1−obj𝑡3
obj𝑡3

|

|

|

< 𝜀;
19 Update 𝑡3 = 𝑡3 + 1;
20 end 
21 Sort 𝜔+ in descending order;
22 Select the top 𝑝 proportion of features as the feature subset 𝐵;
23 return 𝐵.
24 end

Algorithm 2: D-DIUO
Input: 

1. A dynamic interval-valued information system 
𝐷𝐼𝑉 𝐼𝑆 = (𝑈 − 𝑈 ′, 𝐴𝑇 , 𝐹 ), where 𝑈 = {𝑥1, 𝑥2,… , 𝑥𝑚}. 𝑈 ′ represents
the set of removed objects, where 𝑥𝑟 ∈ 𝑈 ′(1 ≤ 𝑟 ≤ 𝑚′). The original 
fusion graph 𝑆𝑝𝑟𝑖𝑜𝑟 and original feature weight 𝜔 are already
available.

2. The parameters 𝜆 and 𝛾, 𝜀 = 0.000001;
3. A cutoff proportion 𝑝, where 𝑝 ∈ (0, 1), representing the proportion

of features to select.
Output:  The optimal feature subset 𝐵.

1 begin
2 Update 𝑆 = 𝑆𝑝𝑟𝑖𝑜𝑟[1 ∶ 𝑛 − 𝑛′, 1 ∶ 𝑛 − 𝑛′];
3 Row-normalize 𝑆 to get 𝑆− according to (8); The iteration time 𝑡

is initialized to 0;
4 while not converged do
5 Update 𝜔− by solving (9);
6 Check the convergence condition ||

|

obj𝑡−1−obj𝑡

obj𝑡
|

|

|

< 𝜀;
7 Update 𝑡 = 𝑡 + 1;
8 end 
9 Sort 𝜔− in descending order;
10 Select the top 𝑝 proportion of features as the feature subset 𝐵;
11 return 𝐵.
12 end
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Algorithm 3: A-DIUA
Input: 

1. A dynamic interval-valued information system 
𝐷𝐼𝑉 𝐼𝑆 = (𝑈,𝐴𝑇 ∪ 𝐴′, 𝐹 ), where 𝑈 = {𝑥1, 𝑥2,… , 𝑥𝑚}, 
𝐴𝑇 = {𝑎1, 𝑎2,… , 𝑎𝑛}. 𝐴′ indicates the dynamically increased
attribute set, where 𝑎𝑟 ∈ 𝐴′(𝑛 + 1 ≤ 𝑟 ≤ 𝑛 + 𝑛′). Already owned
{𝜎(𝑎𝑘) ∣ 1 ≤ 𝑘 ≤ 𝑛} and {𝑅𝑖𝑗 ∣ 1 ≤ 𝑖, 𝑗 ≤ 𝑛};

2. The parameters 𝛼 and 𝜃, where 𝛼 ∈ [0, 1], 𝜃 ≥ 0;
3. A cutoff proportion 𝑝, where 𝑝 ∈ (0, 1), representing the proportion

of features to select.
Output: The optimal feature subset 𝐵.

1 begin
2 for 𝑘 ← (𝑛 + 1) to (𝑛 + 𝑛′) do
3 Calculate 𝜎(𝑎𝑘) according to Definition 6;
4 end 
5 if max{𝜎(𝑎𝑘) ∣ 1 ≤ 𝑘 ≤ 𝑛} = max{𝜎(𝑎𝑘) ∣ 𝑛 + 1 ≤ 𝑘 ≤ 𝑛 + 𝑛′} and

min{𝜎(𝑎𝑘) ∣ 1 ≤ 𝑘 ≤ 𝑛} = min{𝜎(𝑎𝑘) ∣ 𝑛 + 1 ≤ 𝑘 ≤ 𝑛 + 𝑛′} then
6 for 𝑖 ← (𝑛 + 1) to (𝑛 + 𝑛′) do
7 for 𝑗 ← (𝑛 + 1) to (𝑛 + 𝑛′) do
8 Calculate 𝐼+

𝑖𝑗  according to Equation(27);
9 end 
10 end 
11 end 
12 else
13 for 𝑖 ← 1 to (𝑛 + 𝑛′) do
14 for 𝑗 ← 1 to (𝑛 + 𝑛′) do
15 Update 𝐼+

𝑖𝑗  according to Equation(27);
16 end 
17 end 
18 end 
19 for 𝑖 ← (𝑛 + 1) to (𝑛 + 𝑛′) do
20 for 𝑗 ← (𝑛 + 1) to (𝑛 + 𝑛′) do
21 Calculate 𝑅+

𝑖𝑗 according to Equation(28);
22 end 
23 end 
24 for 𝑖 ← 1 to 𝑛 do
25 for 𝑗 ← (𝑛 + 1) to (𝑛 + 𝑛′) do
26 Calculate 𝑅+

𝑖𝑗 according to Equation(28);
27 end 
28 end 
29 Update matrix 𝐼+ and 𝑅+;
30 𝐻+(𝑖, 𝑗) = 𝛼𝐼+

𝑖𝑗 + (1 − 𝛼)𝑅+
𝑖𝑗 ;

31 Update adjacency matrix 𝐻+;
32 𝛿 = 0.9∕𝜑(𝑄𝐻+);
33 𝛹̆ = (𝐸 − 𝛿𝐻+)−1 − 𝐸;
34 𝜔̆+(𝑖) = [𝛹̆𝛽]𝑖;
35 Sort 𝜔̆+ in descending order;
36 Select the top 𝑝 proportion of features as the feature subset 𝐵;
37 return 𝐵.
38 end

6.4. Feature selection algorithm with deleting attributes

Algorithm 4 deals with attribute deletion using an efficient dynamic 
feature selection strategy. Let 𝑀 be the number of samples, 𝑁 the 
number of original features, and 𝑁 ′ the number of deleted features. 
The algorithm has a time complexity of ((𝑁 −𝑁 ′)3).

7. Experimental analysis

To evaluate the effectiveness and performance of the proposed 
unsupervised graph-based dynamic feature selection algorithm, a series 
of comprehensive experiments were conducted.

A total of twelve benchmark datasets were drawn from the UCI Ma-
chine Learning Repository and Kaggle, as summarized in Table  2. The 
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Algorithm 4: D-DIUA
Input: 

1. A dynamic interval-valued information system 
𝐷𝐼𝑉 𝐼𝑆 = (𝑈,𝐴𝑇 − 𝐴′, 𝐹 ), where 𝑈 = {𝑥1, 𝑥2,… , 𝑥𝑚}, 
𝐴𝑇 = {𝑎1, 𝑎2,… , 𝑎𝑛}. 𝐴′ represents the set of removed attributes, 
where 𝑎𝑟 ∈ 𝐴′(1 ≤ 𝑟 ≤ 𝑛′). Already owned {𝜎(𝑎𝑘) ∣ 1 ≤ 𝑘 ≤ 𝑛} and 
{𝑅𝑖𝑗 ∣ 1 ≤ 𝑖, 𝑗 ≤ 𝑛};

2. The parameters 𝛼 and 𝜃, where 𝛼 ∈ [0, 1], 𝜃 ≥ 0;
3. A cutoff proportion 𝑝, where 𝑝 ∈ (0, 1), representing the proportion

of features to select.
Output:  The optimal feature subset 𝐵.

1 begin
2 if max{𝜎(𝑎𝑘) ∣ 1 ≤ 𝑘 ≤ 𝑛} = max{𝜎(𝑎𝑘) ∣ 1 ≤ 𝑘 ≤ 𝑛 − 𝑛′} and

min{𝜎(𝑎𝑘) ∣ 1 ≤ 𝑘 ≤ 𝑛} = min{𝜎(𝑎𝑘) ∣ 1 ≤ 𝑘 ≤ 𝑛 − 𝑛′} then
3 𝐼− = 𝐼[1 ∶ 𝑛 − 𝑛′, 1 ∶ 𝑛 − 𝑛′]
4 end 
5 else
6 for 𝑖 ← 1 to (𝑛 − 𝑛′) do
7 for 𝑗 ← 1 to (𝑛 − 𝑛′) do
8 Update 𝐼−

𝑖𝑗  according to Equation(30);
9 end 
10 end 
11 end 
12 Update matrix 𝑅− = 𝑅[1 ∶ 𝑛 − 𝑛′, 1 ∶ 𝑛 − 𝑛′];
13 𝐻−(𝑖, 𝑗) = 𝛼𝐼−

𝑖𝑗 + (1 − 𝛼)𝑅−
𝑖𝑗 ;

14 Update adjacency matrix 𝐻−;
15 𝛿 = 0.9∕𝜑(𝑄𝐻−);
16 𝛹̆ = (𝐸 − 𝛿𝐻−)−1 − 𝐸;
17 𝜔̆−(𝑖) = [𝛹̆𝛽]𝑖;
18 Sort 𝜔̆− in descending order;
19 Select the top 𝑝 proportion of features as the feature subset 𝐵;
20 return 𝐵.
21 end

algorithms were implemented in Python and executed on a workstation 
configured with an AMD Ryzen 7 5800H processor, 16 GB of mem-
ory, and the Windows 11 operating system. The overall experimental 
workflow is outlined below:

(1) Data preprocessing : Because all twelve datasets contain real-
valued attributes, they are first transformed into interval-valued data. 
For each attribute 𝑎 ∈ 𝐴𝑇 , let 𝜎𝑎 denote the standard deviation of 
attribute 𝑎 over the whole dataset, and let 𝐵𝑎(𝑥) be the normalized 
attribute value of object 𝑥. Then the interval corresponding to 𝑎(𝑥) is 
defined as 𝑎(𝑥)𝑙 = 𝑎(𝑥) − 𝜎𝑎

(

0.5 + 0.5𝐵𝑎(𝑥)
) and 𝑎(𝑥)𝑟 = 𝑎(𝑥) + 𝜎𝑎

(

0.5 +
0.5𝐵𝑎(𝑥)

)

.
(2) Dynamic Experimental Design: Each dataset is evenly split into 

two parts: one as the initial data and the other for dynamic simula-
tion. In object addition and deletion experiments, the dynamic part is 
processed in five stages with ratios of 0.1, 0.2, 0.3, 0.4, and 0.5. In 
the multi-graph fusion module, four candidate graphs (d = 4) are used: 
Euclidean KNN, cosine similarity, SNN, and adaptive local scaling, with 
k = 10. 

(3) Performance evaluation:We compare the proposed dynamic fea-
ture selection algorithm with eight representative feature selection 
algorithms: GRRS [35], W-MGMN [28], GLSFS [24], Inf-UFS [20], 
BPNN, KNCMI [33], MGF2WL [34], and the IGUFS [36]. For the 
baseline methods, we conducted our own re-implementations strictly 
following the original mathematical frameworks, with hyperparame-
ters consistent with the settings reported in the original publications. 
Evaluation metrics include both feature reduction time and clustering 
performance. Clustering performance is assessed using KMeans and 
DBSCAN. For KMeans, the number of clusters 𝑐 is set to the true 
number of classes for each dataset. For DBSCAN, the parameters are 
set to 𝜀 = 0.9 and min_samples = 4. The clustering results are reported 
in terms of the average Adjusted Rand Index (ARI) and Normalized 
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Table 2
Summary of the experimental datasets
 No. Datasets Objects Attributes Classes 
 1 Gait Classfication 48 321 16  
 2 TOX 171 171 5748 4  
 3 Ultrasonic flowmeter diagnostics 181 43 4  
 4 Ionosphere 351 34 2  
 5 Dermatology 358 35 6  
 6 Glioma Grading Clinical and Mutation Features 839 23 2  
 7 Autism screening data for toddlers 1054 19 2  
 8 Customer Churn 3150 13 2  
 9 Travel Review Ratings 5456 24 9  
 10 Parkinsons Telemonitoring 5875 19 42  
 11 Shill Bidding 6321 10 2  
 12 Dry Bean 13611 16 7  
Fig. 4. Running time of algorithms with adding objects.
Fig. 5. Running time of algorithms with deleting objects.
Fig. 6. Comparison of static and dynamic execution time under object dynamics on GGCMF and Dry Bean datasets.
Mutual Information (NMI). All experiments are repeated 10 times using 
random seeds from 42 to 51.

(4) Parameter Sensitivity Analysis: We test four key parameters. For 
the object variation algorithm, we evaluate 𝜆 ∈ {0.001, 0.01, 0.1, 1, 10,
100, 1000} and 𝛾 ∈ {0.001, 0.01, 0.1, 1}. For the attribute variation algo-
rithm, we analyze the sensitivity of the parameter 𝛼, with its values 
ranging from 0 to 1 in increments of 0.1, and 𝜃 ∈ {0.001, 0.01, 0.1, 1}.

7.1. Effectiveness of DIUO under object variations

7.1.1. Analysis of the time efficiency
To evaluate efficiency under object-level dynamics, we report the 

runtime of various algorithms during adding or removing 50% of the 
8 
objects, as shown in Figs.  4 and 5. For algorithms with run times 
exceeding 24 h, we set their values to 0, excluding them from the 
comparison. Results show that our dynamic algorithms A-DIUO and 
D-DIUO maintain clear efficiency advantages on most datasets. This 
advantage becomes more evident particularly on large datasets like 
Bid, Dry Bean, along with TRR, in which the runtime is substantially 
reduced compared with other methods. These findings indicate that 
our dynamic strategies are both effective and scalable in handling 
object-level changes.

We further compare the runtime of static and dynamic algorithms 
under object dynamics on GGCMF and the large-scale Dry Bean dataset, 
as shown in Fig.  6. The results indicate that the dynamic algorithms 
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Table 3
Average ARI of algorithms on datasets with adding objects (50%).
 Datasets Original GRRS GLSFS Inf-UFS W-MGMN KNCMI BPNN MGF2WL A-DIUO  
 Gait 25.59 ± 2.93 27.25 ± 5.45 26.58 ± 6.34 27.38 ± 2.78 16.63 ± 7.06 21.87 ± 7.53 26.52 ± 3.08 22.13 ± 4.05 27.69 ± 3.42  
 TOX 7.86 ± 1.28 11.85 ± 2.42 11.97 ± 3.47 – 4.69 ± 2.91 – 6.86 ± 1.10 10.28 ± 2.16 8.63 ± 0.70  
 UFD 10.14 ± 0.00 4.48 ± 1.45 11.70 ± 1.38 9.81 ± 0.00 6.58 ± 3.22 13.59 ± 3.15 16.18 ± 2.37 10.14 ± 0.00 11.57 ± 2.37  
 Ionosphere 44.08 ± 0.07 17.61 ± 4.67 51.78 ± 1.39 34.27 ± 0.00 24.81 ± 10.59 13.22 ± 5.21 22.93 ± 2.60 39.76 ± 0.20 40.25 ± 00.58 
 Dermatology 51.77 ± 2.42 30.68 ± 1.44 53.11 ± 2.18 58.26 ± 0.45 25.34 ± 12.43 27.31 ± 3.67 31.57 ± 4.34 57.47 ± 2.68 60.88 ± 7.32  
 GGCMF 25.52 ± 0.00 29.88 ± 5.53 1.96 ± 0.41 25.78 ± 0.10 5.01 ± 11.76 13.28 ± 2.51 17.84 ± 11.2 26.34 ± 0.00 29.69 ± 1.57  
 AST 30.04 ± 0.00 – 23.01 ± 0.00 32.81 ± 0.09 18.25 ± 13.24 21.96 ± 4.53 24.94 ± 2.34 29.55 ± 0.06 34.18 ± 0.54  
 Customer Churn 33.62 ± 0.00 36.69 ± 0.00 36.72 ± 0.00 33.61 ± 0.00 22.17 ± 18.51 14.41 ± 8.16 13.55 ± 20.47 29.96 ± 0.00 39.77 ± 0.00  
 TRR 27.08 ± 1.97 18.94 ± 1.23 12.68 ± 0.01 21.18 ± 0.73 11.00 ± 3.07 22.41 ± 1.33 17.78 ± 2.33 23.52 ± 0.54 26.54 ± 0.97  
 Parkinsons 18.59 ± 0.38 31.11 ± 5.08 18.91 ± 3.64 19.02 ± 0.33 3.03 ± 2.00 18.70 ± 0.51 18.17 ± 0.38 29.31 ± 0.47 32.27 ± 0.42  
 Bid 0.10 ± 0.00 18.19 ± 19.6 42.06 ± 1.02 0.17 ± 0.04 18.76 ± 20.19 8.30 ± 3.47 7.36 ± 2.92 1.12 ± 0.02 19.26 ± 0.30  
 Dry Bean 31.32 ± 0.04 33.62 ± 2.60 31.62 ± 5.04 22.98 ± 0.01 22.63 ± 9.01 22.27 ± 1.93 32.92 ± 1.34 27.85 ± 1.06 34.05 ± 0.03  
 Average 25.48 ± 0.76 23.66 ± 4.50 26.84 ± 2.07 25.93 ± 0.41 14.91 ± 9.50 17.94 ± 3.82 19.72 ± 4.54 25.62 ± 0.94 30.40 ± 1.52  
Table 4
Average ARI of algorithms on datasets with deleting objects (50%).
 Datasets Original GRRS GLSFS Inf-UFS W-MGMN KNCMI BPNN MGF2WL D-DIUO  
 Gait 21.83 ± 6.06 20.47 ± 8.77 28.49 ± 4.62 29.12 ± 9.09 20.34 ± 8.42 21.13 ± 6.72 24.09 ± 9.57 24.40 ± 6.57 29.32 ± 9.54 
 TOX 6.88 ± 1.26 – 10.82 ± 0.84 – 2.83 ± 3.38 – 7.43 ± 2.11 15.79 ± 6.51 11.41 ± 0.69  
 UFD 14.62 ± 2.73 6.20 ± 2.67 13.97 ± 1.74 11.56 ± 2.36 8.45 ± 3.98 10.88 ± 2.41 14.85 ± 4.33 13.35 ± 3.70 14.20 ± 3.96 
 Ionosphere 39.10 ± 5.64 25.62 ± 10.23 40.09 ± 4.09 33.79 ± 6.27 11.42 ± 3.45 26.15 ± 5.66 10.40 ± 3.59 43.74 ± 3.65 43.52 ± 6.67 
 Dermatology 46.55 ± 3.83 30.51 ± 5.98 41.57 ± 4.90 41.21 ± 5.81 16.82 ± 6.08 35.93 ± 5.46 26.16 ± 9.30 59.31 ± 4.89 60.48 ± 7.20 
 GGCMF 21.01 ± 8.19 45.17 ± 5.93 36.74 ± 2.36 21.00 ± 8.94 3.99 ± 2.37 3.34 ± 4.07 10.20 ± 3.10 24.43 ± 13.70 28.58 ± 2.27 
 AST 28.50 ± 2.57 – 30.68 ± 4.97 35.99 ± 3.04 18.01 ± 8.24 22.72 ± 5.39 21.04 ± 7.78 48.28 ± 5.52 31.85 ± 5.09  
 Customer Churn 33.84 ± 1.21 40.31 ± 1.23 27.98 ± 12.22 33.95 ± 2.95 14.91 ± 8.09 15.04 ± 11.14 18.11 ± 8.90 26.30 ± 2.30 36.24 ± 4.59 
 TRR 27.11 ± 1.76 19.51 ± 2.50 22.77 ± 1.82 11.16 ± 1.29 17.32 ± 2.90 17.36 ± 1.70 17.92 ± 2.10 22.50 ± 2.32 26.14 ± 1.65 
 Parkinsons 18.61 ± 0.40 30.53 ± 1.94 17.02 ± 0.04 18.56 ± 0.37 13.60 ± 1.13 19.22 ± 0.36 6.33 ± 6.12 31.81 ± 2.93 31.54 ± 1.55 
 Bid 0.15 ± 0.09 42.03 ± 0.41 42.16 ± 0.52 0.11 ± 0.03 9.87 ± 7.97 0.85 ± 1.88 0.95 ± 2.59 26.38 ± 0.47 48.17 ± 0.13 
 Dry Bean 31.15 ± 0.28 35.07 ± 0.92 22.80 ± 0.28 23.66 ± 0.36 22.33 ± 2.33 21.18 ± 6.26 31.44 ± 4.39 30.95 ± 4.31 33.91 ± 0.09 
 Average 24.11 ± 2.84 29.54 ± 4.06 27.92 ± 3.20 23.65 ± 3.68 13.32 ± 4.86 17.62 ± 4.64 15.74 ± 5.32 30.60 ± 4.74 32.95 ± 3.62 
consistently outperform the static ones in all cases, especially at higher 
update rates. This improvement is attributed to the local update strat-
egy adopted by the dynamic algorithms, which avoids full graph recon-
struction and greatly reduces computation time, thereby demonstrating 
superior efficiency and scalability.

7.1.2. Analysis of the clustering performance
Tables  3 and 4, together with Fig.  7, present the average ARI and 

NMI when adding or deleting 50% of objects. As observed in Table  3, 
when 50% of objects are added, A-DIUO achieves the highest average 
ARI (30.40%), notably outperforming the static MGF2WL (25.62%). 
A similar trend is evident in the deletion scenarios shown in Table 
4, where D-DIUO maintains a leading average ARI of 32.95%. Fur-
thermore, the radar charts in Fig.  7 visually confirm these advantages 
across multiple evaluation dimensions. The red solid lines, representing 
our proposed dynamic algorithms, consistently encompass a larger area 
than other comparative methods across most datasets.  It can be seen 
that our proposed dynamic algorithms A-DIUO and D-DIUO achieve 
competitive or superior performance compared with other methods in 
most cases. This shows that the local update strategy can greatly reduce 
computational cost without harming clustering quality.

7.2. Effectiveness of DIUA under attribute variations

7.2.1. Analysis of the time efficiency
To evaluate efficiency under attribute-level dynamics, we report 

the running time of different algorithms when adding or deleting 50% 
of objects as shown in Figs.  8 and 9. It is clear that our proposed 
methods A-DIUA and D-DIUA achieve the lowest execution time across 
most datasets, especially on large-scale ones such as Bid and Dry Bean. 
Compared with other competitive algorithms, the dynamic methods 
consistently maintain a computational advantage, which highlights the 
efficiency of the local update mechanism in attribute-level scenarios.
9 
Fig. 7. Average NMI of algorithms when updating objects (50%) on datasets. 
(For interpretation of the references to color in this figure legend, the reader 
is referred to the web version of this article.)

Fig.  10 further compares the static and dynamic execution time 
under attribute dynamics on GGCMF and the large-scale Dry Bean 
dataset. The results show that the static baseline requires re-executing 
the entire selection process, leading to a rapid increase in runtime 
as the number of attributes grows. In contrast, the dynamic methods 
scale smoothly and achieve substantial time savings. This confirms 
that the proposed dynamic update strategy significantly improves com-
putational efficiency without sacrificing effectiveness, making it more 
suitable for large-scale or frequently changing datasets.

7.2.2. Analysis of the clustering performance
Tables  5 and 6 together with Fig.  11 show the clustering per-

formance in terms of ARI and NMI under attribute dynamics. When 
adding attributes, our proposed algorithm A-DIUA achieves the best av-
erage ARI (32.44%), outperforming all competing methods. On several 
datasets such as Dermatology, GGCMF and TRR, it delivers substantial 
gains, showing that the dynamic update strategy effectively captures 
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Fig. 8. Running time of algorithms with adding attributes.
Fig. 9. Running time of algorithms with deleting attributes.
Fig. 10. Comparison of static and dynamic execution time under attribute dynamics on GGCMF and Dry Bean datasets.
Table 5
Average ARI of algorithms on datasets with adding attributes (50%).
 Datasets Original GRRS GLSFS Inf-UFS W-MGMN KNCMI BPNN IGUFS A-DIUA  
 Gait 25.59 ± 2.93 27.25 ± 5.45 26.58 ± 6.34 27.38 ± 2.78 21.46 ± 7.21 21.87 ± 7.53 26.52 ± 3.08 33.12 ± 1.32 39.77 ± 2.81  
 TOX 7.86 ± 1.28 11.85 ± 2.42 11.97 ± 3.47 – 4.78 ± 4.41 – 6.86 ± 1.10 5.94 ± 5.66 16.73 ± 4.01  
 UFD 10.14 ± 0.00 4.48 ± 1.45 11.70 ± 1.38 9.81 ± 0.00 6.68 ± 2.86 13.59 ± 3.15 16.18 ± 2.37 14.21 ± 0.01 14.29 ± 0.90  
 Ionosphere 44.08 ± 0.07 17.61 ± 4.67 51.78 ± 1.39 34.27 ± 0.00 15.89 ± 9.19 13.22 ± 5.21 22.93 ± 2.60 33.80 ± 0.04 40.72 ± 0.54  
 Dermatology 51.77 ± 2.42 30.68 ± 1.44 53.11 ± 2.18 58.26 ± 0.45 22.01 ± 19.60 27.31 ± 3.67 31.57 ± 4.34 50.55 ± 1.79 60.94 ± 0.18  
 GGCMF 25.52 ± 0.00 29.88 ± 5.53 1.96 ± 0.41 25.78 ± 0.10 7.09 ± 11.83 13.28 ± 2.51 17.84 ± 11.2 25.84 ± 0.00 29.90 ± 0.02  
 AST 30.04 ± 0.00 – 23.01 ± 0.00 32.81 ± 0.09 16.99 ± 14.02 21.96 ± 4.53 24.94 ± 2.34 24.26 ± 0.66 33.68 ± 0.20  
 Customer Churn 33.62 ± 0.00 36.69 ± 0.00 36.72 ± 0.00 33.61 ± 0.00 8.24 ± 8.24 14.41 ± 8.16 13.55 ± 20.47 33.56 ± 0.00 35.41 ± 3.37  
 TRR 27.08 ± 1.97 18.94 ± 1.23 12.68 ± 0.01 21.18 ± 0.73 14.95 ± 6.09 22.41 ± 1.33 17.78 ± 2.33 21.02 ± 1.57 25.66 ± 1.32  
 Parkinsons 18.59 ± 0.38 31.11 ± 5.08 18.91 ± 3.64 19.02 ± 0.33 7.57 ± 6.18 18.70 ± 0.51 18.17 ± 0.38 19.71 ± 0.01 19.47 ± 0.33  
 Bid 0.10 ± 0.00 18.19 ± 19.6 42.06 ± 1.02 0.17 ± 0.04 9.88 ± 17.11 8.30 ± 3.47 7.36 ± 2.92 19.05 ± 0.11 37.86 ± 12.61 
 Dry Bean 31.32 ± 0.04 33.62 ± 2.60 31.62 ± 5.04 22.98 ± 0.01 21.08 ± 1.74 22.27 ± 1.93 32.92 ± 1.34 25.68 ± 2.56 34.87 ± 0.73  
 Average 25.48 ± 0.76 23.66 ± 4.50 26.84 ± 2.07 25.93 ± 0.41 13.05 ± 9.04 17.94 ± 3.82 19.72 ± 4.54 25.56 ± 1.14 32.44 ± 2.24  
useful information from newly added attributes. For attribute deletion, 
D-DIUA still maintains competitive performance and performs better 
than most baselines. The expansive coverage of our methods in Fig.  11 
further confirms their superior stability and adaptability across diverse 
datasets. These results indicate that by locally updating the graph 
structures, our dynamic framework can effectively preserve essential 
feature information and yield more accurate clustering results than 
traditional global retraining approaches.
10 
7.3. Statistical testing

We performed the Friedman and Nemenyi post-hoc tests to evaluate 
the statistical significance of the results. Algorithms that exceeded 
the 24-hour execution limit on large datasets were assigned the last 
place (lowest rank) for those cases. With the significance level 𝛼 set 
to 0.05, the results in Table  7 show that all 𝑝-values are below the 
threshold, leading to the rejection of the null hypothesis. These findings 
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Table 6
Average ARI of algorithms on datasets with deleting attributes (50%).
 Datasets Original GRRS GLSFS Inf-UFS W-MGMN KNCMI BPNN IGUFS D-DIUA  
 Gait 26.19 ± 4.29 9.85 ± 3.27 22.56 ± 3.83 20.11 ± 4.87 17.93 ± 7.21 16.65 ± 3.94 24.09 ± 9.57 16.306 ± 3.33 17.12 ± 3.31  
 TOX 7.27 ± 1.48 8.28 ± 2.57 8.76 ± 3.81 – 6.32 ± 2.22 4.65 ± 3.28 7.43 ± 2.11 8.56 ± 0.73 9.46 ± 0.60  
 UFD 9.21 ± 1.36 4.61 ± 2.83 5.19 ± 1.79 3.74 ± 0.38 5.20 ± 4.04 4.91 ± 2.77 16.85 ± 4.33 9.66 ± 0.21 10.11 ± 2.62  
 Ionosphere 28.64 ± 2.28 20.02 ± 4.50 22.06 ± 4.64 15.02 ± 3.18 13.59 ± 8.55 6.16 ± 2.39 18.99 ± 3.84 38.03 ± 0.27 39.98 ± 0.05  
 Dermatology 34.40 ± 9.18 – 33.79 ± 5.44 26.21 ± 4.35 14.38 ± 9.29 23.43 ± 10.27 13.08 ± 14.65 36.02 ± 1.48 52.53 ± 1.23  
 GGCMF 20.15 ± 13.93 – 15.77 ± 15.69 9.91 ± 11.92 3.10 ± 3.79 11.44 ± 2.29 10.20 ± 3.11 16.48 ± 0.19 33.49 ± 0.61  
 AST 21.92 ± 4.70 – 19.68 ± 5.33 20.45 ± 4.43 19.35 ± 12.44 17.85 ± 10.72 21.04 ± 4.25 29.73 ± 1.53 30.51 ± 2.37  
 Customer Churn 34.16 ± 10.98 32.62 ± 14.05 31.33 ± 19.08 18.33 ± 23.42 10.04 ± 20.17 24.38 ± 24.40 8.11 ± 19.01 31.11 ± 17.52 37.21 ± 10.51 
 TRR 14.70 ± 2.93 17.72 ± 2.43 10.77 ± 2.87 11.16 ± 1.29 11.88 ± 5.25 12.90 ± 2.78 17.92 ± 2.06 16.08 ± 2.11 18.09 ± 1.46  
 Parkinsons 13.16 ± 4.80 17.64 ± 23.82 20.67 ± 15.66 11.24 ± 10.61 6.50 ± 6.09 13.75 ± 5.60 6.33 ± 7.18 18.38 ± 9.94 23.59 ± 3.91  
 Bid 1.35 ± 2.33 10.46 ± 18.16 13.33 ± 19.90 2.47 ± 3.24 4.40 ± 13.23 2.57 ± 2.98 0.95 ± 2.63 19.16 ± 7.23 33.70 ± 16.72 
 Dry Bean 28.30 ± 5.30 31.98 ± 3.17 23.69 ± 6.28 20.61 ± 6.74 25.77 ± 5.01 18.19 ± 5.97 31.44 ± 4.39 25.62 ± 5.75 34.87 ± 0.73  
 Average 19.95 ± 5.30 17.02 ± 8.31 18.67 ± 8.69 14.48 ± 6.77 11.54 ± 8.11 13.07 ± 6.45 14.70 ± 6.43 22.09 ± 4.19 28.39 ± 3.68  
Table 7
Result of the Friedman test.
 Scenario 𝜒2

𝐹 P value  
 Adding objects 42.06 5.06 × 10−7 
 Deleting objects 27.80 2.38 × 10−4 
 Adding attributes 36.78 5.15 × 10−6 
 Deleting attributes 105.22 <.001  

Fig. 11. Average NMI of algorithms when updating attributes (50%) on 
datasets.

confirm statistically significant differences in performance among the 
algorithms, which warrants the use of the Nemenyi test. As illustrated 
in Fig.  12, the four proposed dynamic algorithms achieve the lowest av-
erage ranks and consistently occupy the top-tier position. This confirms 
their statistically significant superiority over the compared methods at 
the significance level of 𝛼 = 0.05.

7.4. Parameter sensitivity analysis

To evaluate the impact of key parameters on clustering perfor-
mance, Figs.  13 and 14 illustrate the average ARI trends under 50% 
object and attribute addition, respectively. The results show that the 
proposed method exhibits parameter sensitivity on certain datasets 
(e.g., TOX, UFD, TRR), where performance surfaces fluctuate signif-
icantly, indicating the need for careful tuning. In contrast, datasets 
such as Gait, Dermatology, and GGCMF under attribute perturbation 
show relatively smooth surfaces, reflecting strong robustness. Overall, 
the method achieves better ARI when 𝛾 or 𝜃 is set to moderate values, 
demonstrating good adaptability and stability across most scenarios.

8. Conclusions and future work

This paper proposes a unified graph-based dynamic feature selection 
framework for interval-valued information systems (IVIS), addressing 
four types of structural changes: the addition and deletion of both 
11 
objects and attributes. For object variations, we integrate graph fu-
sion with feature weight optimization, employing local updates to 
bypass costly global re-optimization. For attribute variations, dynamic 
ranking is achieved via locally updated adjacency matrices on an 
attribute-based graph. By performing local incremental updates to the 
corresponding matrices, the proposed algorithm efficiently adapts to 
structural dynamics with significantly reduced computational costs. 
Experimental results on multiple public datasets demonstrate that our 
approach maintains high feature selection accuracy while substantially 
validating its effectiveness in handling large-scale interval-valued data 
and in real-time applications.

Despite these results, challenges remain. Future research will focus 
on enhancing the algorithm’s robustness for class-imbalanced data and 
incorporating adaptive parameter tuning to improve model flexibility. 
Furthermore, we plan to extend this dynamic framework to more com-
plex data environments and explore additional techniques to further 
optimize the selection process and improve the interpretability of the 
results.
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Fig. 12. Critical difference (CD) diagram of the compared algorithms based on the Nemenyi test (𝛼 = 0.05).

Fig. 13. The average ARI for different parameters 𝜆 and 𝛾 when adding objects (50%).

Fig. 14. The average ARI for different parameters 𝛼 and 𝜃 when adding attributes (50%).
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