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 a b s t r a c t

Multi-label feature selection (MLFS) plays a critical role in addressing high-dimensional data challenges by iden-
tifying relevant features and minimizing redundancy to improve classification performance. However, traditional 
MLFS approaches often assess feature–label correlations independently, thereby ignoring the dynamic, feature-
conditioned interactions among labels. To address this limitation, we propose a novel filter-style framework called 
Label Interaction-aware Multi-label Feature Selection (LIMFS), which explicitly incorporates dynamic label in-
teractions into the feature evaluation process through three core components: Feature-conditioned Interaction 
Strength (FIS), Interaction-Enhanced Relevance (IER), and Label Interaction Enhancement (LIE). Specifically, 
FIS quantifies how a candidate feature dynamically modifies the dependency between label pairs, providing a 
quantitative foundation for interaction-aware feature scoring. IER and LIE serve as complementary relevance 
metrics from global and local perspectives, respectively. IER adjusts the estimation of global feature relevance 
by integrating FIS-aware weights, ensuring the selected features align with the overall structure of the label 
space. In contrast, LIE captures the local positive information gain derived from enhancing meaningful label 
pairs, focusing on the fine-grained value brought by feature-driven label interaction optimization. Extensive ex-
periments on eight benchmark datasets demonstrate that LIMFS consistently outperforms nine state-of-the-art 
multi-label feature selection methods across multiple evaluation metrics, confirming its effectiveness in capturing 
feature-sensitive label interactions to improve feature selection performance.

1.  Introduction

In recent years, multi-label learning (Liu et al., 2022) has gained 
significant attention due to its broad applicability in diverse real-world 
scenarios, such as text classification (Zhou et al., 2024a), image anal-
ysis (Feng et al., 2025; Singh et al., 2024), video analysis (Soykök & 
Güvenir, 2025), and gene function classification (Zheng et al., 2024). 
Unlike traditional single-label learning, where each instance is associ-
ated with only one label, a multi-label instance can be associated with 
multiple labels simultaneously. For example, a gene may be involved in 
multiple biological processes, or an image could be annotated with both 
‘city’ and ‘crowd’.

Similar to single-label problems, multi-label problems often suffer 
from the so-called curse of dimensionality, where a high-dimensional fea-
ture space contains many irrelevant or redundant attributes. This issue 
not only degrades classification performance (e.g., causing overfitting 
and sensitivity to noisy features) but also increases computational and 
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storage costs. To address these challenges, multi-label feature selection 
(MLFS) (Qian et al., 2023) has been introduced as a solution. It aims 
to identify compact yet informative feature subsets that preserve the 
discriminative power across all relevant labels while eliminating redun-
dancy, thereby enhancing both predictive accuracy and operational ef-
ficiency.

Existing MLFS approaches can be categorized into three main 
types (Pereira et al., 2018): filter, wrapper, and embedded methods. Fil-
ter methods (Hancer et al., 2024; Ma et al., 2025; Wang et al., 2024; Yu 
et al., 2024a) evaluate feature relevance and redundancy based on in-
trinsic data properties, independent of any specific classifier. This inde-
pendence makes them scalable and fast. Wrapper methods (Dong et al., 
2020), on the other hand, assess feature subsets based on their perfor-
mance under a chosen classifier, often achieving higher accuracy but 
at the cost of greater computational expense. Embedded methods (Hao 
et al., 2025; Zou et al., 2024) incorporate feature selection directly into 
the model training process, offering a balance between effectiveness and 
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\begin {equation}\mathrm {I}(X; Y) = \mathrm {H}(X) - \mathrm {H}(X \mid Y) = \sum _{x \in \chi } \sum _{y \in \gamma } \mathrm {p}(x, y) \log \frac {\mathrm {p}(x, y)}{\mathrm {p}(x)\,\mathrm {p}(y)} . \label {eq:mi}\end {equation}


$X$


$Y$


$Z$


$Z$


\begin {equation}\mathrm {I}(X; Y \mid Z) = \mathrm {H}(X \mid Z) - \mathrm {H}(X \mid Y, Z). \label {eq:cmi}\end {equation}
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\begin {equation}\mathrm {I}(X, Y; Z) = \mathrm {H}(X, Y) - \mathrm {H}(X, Y \mid Z). \label {eq:jmi}\end {equation}
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\begin {equation}\mathrm {I}(X; Y; Z) = \mathrm {I}(X; Z) + \mathrm {I}(Y; Z) - \mathrm {I}(X, Y; Z). \label {eq:ii}\end {equation}
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\begin {align}J_{\mathrm {SCLS}}(f_k) &= \sum _{l_i \in L} I(f_k; l_i) - \sum _{f_j \in S} \frac {I(f_k; f_j)}{H(f_k)} \sum _{l_i \in L} I(f_k; l_i) \nonumber \\ &= \left (1 - \sum _{f_j \in S} \frac {I(f_k; f_j)}{H(f_k)}\right ) \sum _{l_i \in L} I(f_k; l_i)\end {align}


\begin {equation}J_{\mathrm {LRFS}}(f_k) = \sum _{f_j \in S}\sum _{l_i \in L} \left [ I\bigl (f_k; l_i\bigr ) - I\bigl (f_k, l_i; f_j\bigr ) \right ]. \label {Xeqn6}\end {equation}


\begin {align}J_{\text {DCR-MFS}}(f_k) &= \sum _{f_s \in S} \sum _{l_j \in L} I(f_k; l_j \mid f_s) + \sum _{l_j \in L} \sum _{l_q \in L \setminus \{l_j\}} I(f_k; l_j \mid l_q)\nonumber \\ &\quad - \sum _{f_s \in S} I(f_k; f_s).\end {align}
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\begin {equation}{ J_{\mathrm {WFRFS}}(f_k) = \sum _{l_j\in L}\left (\sum _{f_s\in S}\frac {H(l_j\mid f_s)}{H(l_j)}\right ) I(f_k; l_j) \;-\; \sum _{f_s\in S} I(f_k; f_s),} \label {eq:wfrfs_section3}\end {equation}


\begin {align}J_{\text {LIWR-LDR}}(f_k) &= \sum _{l_j \in L} I(f_k; l_j) \sum _{l_q \in L} I(l_j; l_q)\nonumber \\ &\quad - \sum _{f_s \in S} \sum _{l_j \in L} \frac {H(f_s) - H(f_s \mid l_j)}{H(f_s)}\, I(f_k; f_s). \label {Xeqn8}\end {align}
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\begin {align}\label {eq:srlg_lma_section3} J_{\mathrm {SRLG\text {-}LMA}}(f_k) &= \sum _{l_i \in L} \left [ I(f_k; l_i) + \sum _{l_j \in L \setminus \{l_i\}} I\bigl (f_k; l_j \mid l_i\bigr ) + \mathrm {SRLG}(f_k,l_i,S) \right ]\nonumber \\ &\quad - \sum _{f_j \in S} I(f_k; f_j),\end {align}


$\mathrm {SRLG}(f_k,l_i,S) = \max \{0,\, I(f_k; l_i \mid S) - I(S; l_i)\}$
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\begin {align}\label {eq:flis} J_{\mathrm {FLIS}}(f_k) &= \sum _{l_i \in L}\!\left \{ I(f_k; l_i) + \sum _{l_j \in L \setminus \{l_i\}} \max \bigl \{ 0,\; I(f_k; l_i; l_j) + I(f_k; l_i; f_j) \bigr \} \right \}\nonumber \\ &\quad - \sum _{f_j \in S} I(f_k; f_j).\end {align}
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\begin {align}S^\star &= \arg \max _{\substack {S: |S| = K}} \Big [ \mathrm {I}(S; \mathcal {L}) - \lambda \,\mathrm {R}(S) \Big ], \notag \\ &= \arg \max _{\substack {S:|S| = K}} \;\big [ I(S; \mathcal {L}) - \lambda \sum _{f_i, f_j \in S} I(f_i; f_j) \big ], \label {eq:global_objective}\end {align}
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\begin {equation}\Delta I(f) = I(f; \mathcal {L} \mid S) \label {Xeqn11}\end {equation}
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\begin {equation}I(f; \mathcal {L})= \sum _{i=1}^{q} I(f; l_i)-\sum _{i<j} I(f; l_i; l_j)+\sum _{i<j<k} I(f; l_i; l_j; l_k)- \cdots . \label {equ:I(f:L)}\end {equation}
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\begin {equation}I(f; \mathcal {L} \mid S) \approx \mathrm {IER}(f) + \mathrm {LIE}(f), \label {Xeqn13}\end {equation}
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\begin {equation}J(f) = \mathrm {IER}(f) + \mathrm {LIE}(f) - \sum _{f_j \in S} I(f; f_j), \label {Xeqn14}\end {equation}
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\begin {equation}\label {FIS} FIS(f; l_i; l_j) = \frac {I(f; l_i) - I(f; l_i \mid l_j)}{I(f; l_i) + I(f; l_i \mid l_j)},\end {equation}
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$I(f; l_i)\neq I(f; l_i \mid l_j).$


\begin {equation}I(f; l_i; l_j) = I(f; l_i) - I(f; l_i \mid l_j). \label {Xeqn16}\end {equation}
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efficiency. Among these, filter-based methods have attracted consider-
able attention due to their simplicity, scalability, and independence from 
classifiers.

Although filter-based MLFS algorithms have demonstrated success 
in various contexts, most existing approaches treat label dependen-
cies as static and evaluate the relevance between feature and label 
independently. In reality, however, correlations between labels are 
not globally fixed or static. Rather, they are highly feature-dependent 
and vary with the specific features present in the input instance. 
Taking news classification as an example, an article discussing how 
Apple’s new smartwatch impacts healthy lifestyles and stock mar-
ket performance might be assigned labels ‘Technology’, ‘Finance’, and 
‘Health’. When features such as ‘stock prices’, ‘financial reports’, and 
‘investment’ are dominant, the labels ‘Technology’ and ‘Finance’ ex-
hibit frequent co-occurrence, resulting in strong correlation between 
them. Conversely, when features like ‘heart rate monitoring’, ‘calo-
rie counting’, and ‘sleep tracking’ are prominent, the correlation be-
tween ‘Technology’ and ‘Health’ becomes significantly high, while the 
label ‘Finance’ becomes nearly independent from both ‘Technology’ 
and ‘Health’. If the dynamic and contextual interactions among la-
bels are ignored, this oversimplification can lead to suboptimal fea-
ture selection, especially in cases where feature-induced label inter-
actions are prominent. Therefore, MLFS approaches should be capa-
ble of capturing and modeling such dynamic, feature-conditioned label 
interactions, rather than simply relying on a static global correlation
matrix.

To overcome the aforementioned limitation, we propose a novel 
filter-based MLFS method named Label Interaction-aware Multi-label 
Feature Selection(LIMFS). Unlike existing MLFS approaches that ne-
glect the dynamic inter-label dependencies, LIMFS explicitly mod-
els such dependencies through a newly defined Feature-conditioned 
Interaction Strength (FIS) measure. Then, label interaction weights 
are constructed based on FIS to adaptively adjust the contribution 
of each label to feature relevance scoring, enabling a more accu-
rate and context-sensitive evaluation of features. Specifically, LIMFS 
integrates dynamic label interactions through three complementary 
components. FIS quantifies how candidate features conditionally in-
fluence the dependencies between labels. IER (Interaction-Enhanced 
Relevance) leverages these interactions to assess the global rele-
vance of features, while LIE (Label Interaction Enhancement) further 
captures the local information gain brought by enhancing interac-
tions. By jointly exploiting these components, LIMFS effectively mod-
els complex label dependencies and achieves more precise feature
selection.

The main contributions of this paper are summarized as follows:

1. We introduce the FIS metric to capture feature-conditioned, dy-
namic dependencies between label pairs. Unlike static correla-
tion measures, FIS reveals whether the presence of one label sup-
presses, enhances, or has no effect on the relevance of a candidate 
feature to another label, thereby capturing feature-sensitive label
interactions.

2. we design the IER component to refine feature relevance estima-
tion by incorporating interaction-aware weights derived from FIS. 
It adaptively amplifies the importance of features under enhancing 
interactions and reduces their importance under suppressive interac-
tions, thereby yielding a more accurate evaluation of features from 
a global perspective.

3. We propose the LIE component to explicitly quantify the positive 
information gain of candidate features under enhancing interactions 
from a local perspective, complementing IER with fine-grained mod-
eling of higher-order label dependencies.

4. We validate the effectiveness of LIMFS algorithm through extensive 
experiments on multiple benchmark datasets, where it consistently 
outperforms nine state-of-the-art MLFS methods.

2.  Background

2.1.  Information theory

Information theory (Cover & Thomas, 2006; Shannon, 2001) pro-
vides a powerful foundation for quantifying dependencies among ran-
dom variables. Owing to their ability to capture both linear and nonlin-
ear relationships, information-theoretic criteria are particularly effec-
tive for handling complex, high-dimensional multi-label problems (Lee 
& Kim, 2016; Li et al., 2017). In multi-label feature selection, it is widely 
utilized to evaluate feature relevance, redundancy, and label interac-
tions (Doquire & Verleysen, 2011; Pereira et al., 2018; Spolaôr et al., 
2016). This section briefly introduces the essential information-theoretic 
concepts and formulations employed in this study.

Information entropy (Cover & Thomas, 2006): Entropy measures 
the uncertainty or information content of a discrete random variable 𝑋. 
It is defined as:
H(𝑋) = −

∑

𝑥∈𝜒
p(𝑥) log p(𝑥), (1)

where 𝑋 is a discrete variable over the finite set 𝜒 , and p(𝑥) denotes the 
probability mass function of 𝑋.

Mutual information (MI) (Cover & Thomas, 2006): MI measures the 
shared information between two random variables 𝑋 and 𝑌 . It reflects 
the reduction in the uncertainty of 𝑋 given knowledge of 𝑌 , and can be 
expressed as:

I(𝑋; 𝑌 ) = H(𝑋) − H(𝑋 ∣ 𝑌 ) =
∑

𝑥∈𝜒

∑

𝑦∈𝛾
p(𝑥, 𝑦) log

p(𝑥, 𝑦)
p(𝑥) p(𝑦)

. (2)

Conditional mutual information (CMI) (Cover & Thomas, 2006): 
CMI quantifies the dependency between 𝑋 and 𝑌  given a third vari-
able 𝑍. It captures the remaining association after accounting for the 
influence of 𝑍:
I(𝑋; 𝑌 ∣ 𝑍) = H(𝑋 ∣ 𝑍) − H(𝑋 ∣ 𝑌 ,𝑍). (3)

Standard chain rules and conditional identities are summarized in 
(Cover & Thomas, 2006).

Joint mutual information (JMI) (Cover & Thomas, 2006): JMI 
evaluates the collective information that a pair of variables (𝑋, 𝑌 ) shares 
with another variable 𝑍:
I(𝑋, 𝑌 ;𝑍) = H(𝑋, 𝑌 ) − H(𝑋, 𝑌 ∣ 𝑍). (4)

JMI and related criteria have been used as feature selection scores; see Li 
et al. (2014) and Lin et al. (2015) for applications in multi-label feature 
selection.

Interaction information (II) (Cover & Thomas, 2006): II charac-
terizes higher-order interaction among three variables 𝑋, 𝑌 , and 𝑍. It 
measures whether the shared information between 𝑋 and 𝑌  is strength-
ened or weakened in the presence of 𝑍:
I(𝑋; 𝑌 ;𝑍) = I(𝑋;𝑍) + I(𝑌 ;𝑍) − I(𝑋, 𝑌 ;𝑍). (5)

Approaches exploiting II in multi-label feature selection are described 
in Lee and Kim (2015).

2.2.  Related work

Multi-label feature selection (MLFS) methods are commonly cate-
gorized into three main paradigms based on their interaction with the 
learning model (Li et al., 2017; Liu et al., 2022; Pereira et al., 2018): 
Filter, Wrapper, and Embedded methods. Wrapper methods treat MLFS 
as a search problem, employing heuristic strategies to evaluate feature 
subsets by directly training and testing a classifier. Despite typically 
achieving higher performance by tailoring subsets to the classifier, this 
process is computationally prohibitive due to repeated model retraining, 
severely limiting its use for large-scale or high-dimensional data. Hence, 
wrapper methods are uncommon in multi-label feature selection.
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Embedded methods seek to strike a balance between the speed of 
Filter methods and the performance of Wrapper methods. They inte-
grate the feature selection process directly into the learning model’s 
training objective function. This is typically achieved by applying a 
sparse regularization constraint (such as the 𝓁1-norm or 𝓁2,1-norm) to 
the feature weight matrix, which forces the weights of irrelevant fea-
tures to zero. Thus feature selection is performed synchronously with 
the model parameter learning by solving a single optimization problem. 
This unified framework allows embedded methods to consider the clas-
sifier’s inductive bias while maintaining a much higher efficiency than 
Wrapper methods. Both MFS-FR (Zhou et al., 2024b) and FLFS (Zhang 
et al., 2025a) exemplify the modern use of optimization and sparsity 
constraints in embedded MLFS.

Filter methods are characterized by their complete independence 
from the specific learning algorithm. Widely recognized as one of the 
most mainstream methods in the field of multi-label feature selection, 
these methods generally evaluate the intrinsic goodness of a feature 
based on statistical metrics or information theory measures, such as mu-
tual information, correlation, or feature variance, to assess its relevance 
to the labels and its redundancy with other features.

To improve computational scalability with large label sets, Lee and 
Kim (2017) proposed a filter-style multi-label feature selection algo-
rithm SCLS. It introduces a redundancy scaling term based on the en-
tropy of candidate features:

𝐽SCLS(𝑓𝑘) =
∑

𝑙𝑖∈𝐿
𝐼(𝑓𝑘; 𝑙𝑖) −

∑

𝑓𝑗∈𝑆

𝐼(𝑓𝑘; 𝑓𝑗 )
𝐻(𝑓𝑘)

∑

𝑙𝑖∈𝐿
𝐼(𝑓𝑘; 𝑙𝑖)

=
⎛

⎜

⎜

⎝

1 −
∑

𝑓𝑗∈𝑆

𝐼(𝑓𝑘; 𝑓𝑗 )
𝐻(𝑓𝑘)

⎞

⎟

⎟

⎠

∑

𝑙𝑖∈𝐿
𝐼(𝑓𝑘; 𝑙𝑖) (6)

Zhang et al. (2019) introduced LRFS, a redundancy-aware filter-style 
method based on conditional mutual information, while Lin et al. (2015) 
extended the classical mRMR approach to the multi-label setting with 
their MDMR algorithm, jointly modeling relevance and redundancy:
𝐽LRFS(𝑓𝑘) =

∑

𝑓𝑗∈𝑆

∑

𝑙𝑖∈𝐿

[

𝐼
(

𝑓𝑘; 𝑙𝑖
)

− 𝐼
(

𝑓𝑘, 𝑙𝑖; 𝑓𝑗
)]

. (7)

To address the inadequate computational efficiency and poor adapt-
ability in complex label spaces, Zhang and Gao (2021) proposed Dual 
Conditional Relevance Multi-label Feature Selection (DCR-MFS), which 
evaluates candidate features by considering both their relevance to la-
bels and their redundancy with already selected features:
𝐽DCR-MFS(𝑓𝑘) =

∑

𝑓𝑠∈𝑆

∑

𝑙𝑗∈𝐿
𝐼(𝑓𝑘; 𝑙𝑗 ∣ 𝑓𝑠) +

∑

𝑙𝑗∈𝐿

∑

𝑙𝑞∈𝐿⧵{𝑙𝑗}
𝐼(𝑓𝑘; 𝑙𝑗 ∣ 𝑙𝑞)

−
∑

𝑓𝑠∈𝑆
𝐼(𝑓𝑘; 𝑓𝑠). (8)

Zhang et al. (2022) proposed WFRFS, a dynamically weighted multi-
label feature selection method that combines label-specific uncertainty 
with feature–label relevance to produce a weighted relevance score for 
each feature. In this approach, labels are weighted according to their 
remaining uncertainty conditioned on a set of reference features, and 
the final score penalizes redundancy with those reference features. For 
a candidate feature 𝑓𝑘, the WFRFS score is given by:

𝐽WFRFS(𝑓𝑘) =
∑

𝑙𝑗∈𝐿

(

∑

𝑓𝑠∈𝑆

𝐻(𝑙𝑗 ∣ 𝑓𝑠)
𝐻(𝑙𝑗 )

)

𝐼(𝑓𝑘; 𝑙𝑗 ) −
∑

𝑓𝑠∈𝑆
𝐼(𝑓𝑘; 𝑓𝑠), (9)

Recently, Ma et al. (2025) introduced the LIWR-LDR method, which 
quantifies the dependency between the feature and label using un-
certainty coefficients and incorporates label importance-weighted rel-
evance and label-dependency redundancy:
𝐽LIWR-LDR(𝑓𝑘) =

∑

𝑙𝑗∈𝐿
𝐼(𝑓𝑘; 𝑙𝑗 )

∑

𝑙𝑞∈𝐿
𝐼(𝑙𝑗 ; 𝑙𝑞)

−
∑

𝑓𝑠∈𝑆

∑

𝑙𝑗∈𝐿

𝐻(𝑓𝑠) −𝐻(𝑓𝑠 ∣ 𝑙𝑗 )
𝐻(𝑓𝑠)

𝐼(𝑓𝑘; 𝑓𝑠). (10)

Dai et al. (2024) propose SRLG-LMA, a filter-style method that aug-
ments MI-based relevance with label-label mutual aid and a clipped 
strongly-relevant gain. For a candidate feature 𝑓𝑘, the score is

𝐽SRLG-LMA(𝑓𝑘) =
∑

𝑙𝑖∈𝐿

⎡

⎢

⎢

⎣

𝐼(𝑓𝑘; 𝑙𝑖) +
∑

𝑙𝑗∈𝐿⧵{𝑙𝑖}
𝐼
(

𝑓𝑘; 𝑙𝑗 ∣ 𝑙𝑖
)

+ SRLG(𝑓𝑘, 𝑙𝑖, 𝑆)
⎤

⎥

⎥

⎦

−
∑

𝑓𝑗∈𝑆
𝐼(𝑓𝑘; 𝑓𝑗 ), (11)

where SRLG(𝑓𝑘, 𝑙𝑖, 𝑆) = max{0, 𝐼(𝑓𝑘; 𝑙𝑖 ∣ 𝑆) − 𝐼(𝑆; 𝑙𝑖)}.
Zhang et al. (2025b) propose FLIS, a filter-style MLFS method that 

augments plain feature–label relevance with supplementary information 
from label-label and selected-feature-label interactions, while penaliz-
ing redundancy with the already-selected features. For a candidate fea-
ture 𝑓𝑘 and label set 𝐿, FLIS scores 𝑓𝑘 can be calculated by

𝐽FLIS(𝑓𝑘) =
∑

𝑙𝑖∈𝐿

⎧

⎪

⎨

⎪

⎩

𝐼(𝑓𝑘; 𝑙𝑖) +
∑

𝑙𝑗∈𝐿⧵{𝑙𝑖}
max

{

0, 𝐼(𝑓𝑘; 𝑙𝑖; 𝑙𝑗 ) + 𝐼(𝑓𝑘; 𝑙𝑖; 𝑓𝑗 )
}

⎫

⎪

⎬

⎪

⎭

−
∑

𝑓𝑗∈𝑆
𝐼(𝑓𝑘; 𝑓𝑗 ). (12)

LSRIFS (Han et al., 2025) represents a novel strategy in information-
theoretic filtering that emphasizes the micro-distribution of relevance. 
Traditional greedy approaches focus on maximizing the overall mutual 
information but overlook how this relevance is distributed across indi-
vidual labels. LSRIFS resolves this by introducing a label-specific rele-
vance weight (𝜃𝑘), which is derived from the Cauchy-Schwarz inequal-
ity. This mechanism prioritizes features that offer highly concentrated 
and non-uniform information to specific labels, ensuring the selection 
of truly discriminative features over "mediocre" features that have only 
weak, dispersed correlations with all labels.

In summary, existing MLFS methods have made significant progress 
in modeling feature relevance and redundancy. However, they typically 
treat label dependencies as globally static and do not explicitly model 
how these dependencies vary with different candidate features. In this 
work, we propose a dynamic label interaction-aware MLFS framework 
that addresses this limitation by explicitly modeling how candidate fea-
tures influence label relationships during feature scoring.

3.  Proposed method: LIMFS

In multi-label learning, label correlations play a crucial role in guid-
ing effective feature selection. However, most existing multi-label fea-
ture selection (MLFS) methods regard label dependencies as static and 
context-independent, assuming that the label relationships remain un-
changed regardless of which candidate feature is being evaluated. This 
assumption may be at odds with reality and the introduction of a can-
didate feature can dynamically alter the semantic structure among la-
bels. For example, in a medical diagnosis task, the presence of a feature 
‘high blood glucose’ may significantly strengthen the correlation be-
tween the labels ‘diabetes’ and ‘obesity’ while weakening the association 
with other labels such as ‘hypertension’. This means that the same fea-
ture can simultaneously amplify certain label dependencies and weaken 
others, depending on the underlying data distribution. Ignoring such 
feature-induced structural variation can lead to inaccurate estimations 
of label relevance and compromise the selection of truly discriminative 
features.

To overcome this limitation, we propose a dynamic modeling frame-
work LIMFS that conditions inter-label dependencies on each candidate 
feature. This design enables the model to capture differential interaction 
between labels when specific features are present, and to model both 
asymmetric and feature-sensitive label relations. In this section, we de-
tail the proposed Label Interaction-aware Multi-label Feature Selection 
(LIMFS) framework. We begin in Section 3.1 by introducting necessary 
notations and formulating the multi-label feature selection objective un-
der the Maximum Relevance Minimum Redundancy (MRMR) principle. 
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Subsequently, we elaborate on the three core components of LIMFS: 
Feature-condifitoned Interaction Strength (FIS), Interaction-Enhanced 
Relevance (IER), and Label Interaction Enhancement (LIE). These com-
ponents collectively enable LIMFS to explicitly incorporate the dynamic 
influence of feature-conditioned label interactions into the feature eval-
uation process.

3.1.  Problem formulation and overall objective

Let 𝐷 = {(𝑥𝑖, 𝐿𝑖)}𝑛𝑖=1 represent a multi-label dataset, where 𝑥𝑖 ∈ ℝ𝑑

denotes the feature vector of the 𝑖-th instance and 𝐿𝑖 ∈ {0, 1}𝑞 is the 
corresponding label vector over the label set  = {𝑙1,… , 𝑙𝑞}. Let  =
{𝑓1,… , 𝑓𝑑} be the complete set of features, and Let 𝐾 be the desired 
size of the feature subset to be selected. Traditional MLFS can be re-
garded as an instance of the Maximum Relevance Minimum Redun-
dancy (MRMR) framework, aiming to identify a feature subset 𝑆 ⊆ 
with |𝑆| = 𝐾 that maximizes relevance to the label set while minimiz-
ing redundancy among the selected features. Formally, this objective 
can be expressed as

𝑆⋆ = arg max
𝑆∶|𝑆|=𝐾

[

I(𝑆;) − 𝜆R(𝑆)
]

,

= arg max
𝑆∶|𝑆|=𝐾

[

𝐼(𝑆;) − 𝜆
∑

𝑓𝑖 ,𝑓𝑗∈𝑆
𝐼(𝑓𝑖; 𝑓𝑗 )

]

, (13)

where mutual information I(𝑆,) measures the relevance between the 
candidate features and the label set, and R(𝑆) penalizes redundancy 
among the features in 𝑆. 𝜆 is a balancing parameter. 

Since the relevance term 𝐼(𝑆;) is computationally intractable, es-
pecially in the presence of high-dimensional feature subsets, a greedy 
selection strategy is commonly adopted. At each iteration, the feature 
𝑓 ∉ 𝑆 that maximizes the marginal gain Δ(𝑓 ) would be selected.
Δ𝐼(𝑓 ) = 𝐼(𝑓 ; ∣ 𝑆) (14)

Using the chain rule of mutual information, the relevance between 
a feature 𝑓 and the label set  can be decomposed as:

𝐼(𝑓 ;) =
𝑞
∑

𝑖=1
𝐼(𝑓 ; 𝑙𝑖) −

∑

𝑖<𝑗
𝐼(𝑓 ; 𝑙𝑖; 𝑙𝑗 ) +

∑

𝑖<𝑗<𝑘
𝐼(𝑓 ; 𝑙𝑖; 𝑙𝑗 ; 𝑙𝑘) −⋯ . (15)

In order to simplify the problem, we omit 𝑆 here. As can be seen from 
Eq. (15), the first term captures independent feature-label relevance. 
The higher-order interaction terms describe how the relevance of 𝑓 to 
one label is modulated by the presence of other labels. Therefore, tra-
ditional MLFS methods implicitly approximate 𝐼(𝑓 ;) using only the 
first-order term ∑𝑖 𝐼(𝑓 ; 𝑙𝑖), which ignores the rich dependencies among 
labels. 

To correct this flaw, we approximate Δ𝐼(𝑓 ) as
𝐼(𝑓 ; ∣ 𝑆) ≈ IER(𝑓 ) + LIE(𝑓 ), (16)

where Interaction-Enhanced Relevance (IER) captures the basic, global 
correlation between the feature 𝑓 and each label 𝑙, while Label Interac-
tion Enhancement (LIE) captures local positive interaction gains. Then, 
by integrating the relevance approximation and redundancy penalty, 
the final evaluation function of LIMFS is defined as follows, with 𝜆 = 1
implicitly set.
𝐽 (𝑓 ) = IER(𝑓 ) + LIE(𝑓 ) −

∑

𝑓𝑗∈𝑆
𝐼(𝑓 ; 𝑓𝑗 ), (17)

which serves as a greedy approximation to the marginal objective 
𝐼(𝑓 ; ∣ 𝑆) −

∑

𝑓𝑗∈𝑆 𝐼(𝑓 ; 𝑓𝑗 ). The final term ∑𝑓𝑗∈𝑆 𝐼(𝑓 ; 𝑓𝑗 ) penalizes re-
dundancy between the candidate feature 𝑓 and the previously selected 
features. Therefore, 𝐽 (𝑓 ) is an information-theoretic criterion (similar to 
MRMR) where the ‘Max-Relevance’ part is theoretically augmented by 
‘IER + LIE’ to address the inherent structural dependencies of the label 
space, making it a more principled surrogate for 𝐼(𝑓 ;|𝑆) than existing 
MLFS filters. 

The final scoring function 𝐽 (𝑓 ) assigns equal weights to the IER and 
LIE terms. This design is deliberate and well-justified. Both terms serve 
as complementary components within a unified information-theoretic 
objective, namely approximating the conditional mutual information 
𝐼(𝑓 ;𝐿 ∣ 𝑆). IER captures relevance from a global, interaction-weighted 
perspective, whereas LIE recovers the strictly positive second-order 
gains from enhancing label pairs. Since both are expressed in mutual-
information units, their direct summation provides a natural and unbi-
ased surrogate for the overall relevance of the candidate feature. Intro-
ducing an additional weighting parameter would not only necessitate 
costly tuning but also raise the risk of over-fitting to dataset-specific 
patterns. Equal weighting avoids these drawbacks, keeping the method 
fully unsupervised, stable, and reproducible, in line with the filter-based 
feature-selection paradigm.

The following subsections detail the design of the three core compo-
nents, namely Directed Interaction Strength (FIS), Interaction-Enhanced 
Relevance (IER), and Label Interaction Enhancement (LIE).

3.2.  Feature-conditioned label interactions modeling

As mentioned above, conventional MLFS methods usually assume 
that the relationships between labels are static and invariant. How-
ever, in real-world scenarios, the semantic structure among labels is not 
fixed but evolves dynamically with changes in features. Such feature-
induced dynamic interaction property between labels cannot be effec-
tively modeled by conventional measures. To address this limitation, 
we propose the Feature-conditioned Interaction Strength (FIS) metric, 
which is specifically designed to capture such dynamic inter-label inter-
actions. This directed and bounded measure is capable of quantifying 
how the mutual information between a candidate feature 𝑓 and a target 
label 𝑙𝑖 is influenced by the presence of another label 𝑙𝑗 .

3.2.1.  Feature-conditioned Interaction Strength (FIS)
Definition 1  (Feature-conditioned Interaction Strength, FIS). Given a 
candidate feature 𝑓 and two distinct labels 𝑙𝑖 and 𝑙𝑗 , the 𝐹𝐼𝑆(𝑓 ; 𝑙𝑖; 𝑙𝑗 )
metric is defined as:

𝐹𝐼𝑆(𝑓 ; 𝑙𝑖; 𝑙𝑗 ) =
𝐼(𝑓 ; 𝑙𝑖) − 𝐼(𝑓 ; 𝑙𝑖 ∣ 𝑙𝑗 )
𝐼(𝑓 ; 𝑙𝑖) + 𝐼(𝑓 ; 𝑙𝑖 ∣ 𝑙𝑗 )

, (18)

where 𝐼(𝑓 ; 𝑙𝑖) denotes the mutual information between 𝑓 and 𝑙𝑖, while 
𝐼(𝑓 ; 𝑙𝑖 ∣ 𝑙𝑗 ) denotes the conditional mutual information between 𝑓 and 
𝑙𝑖 given 𝑙𝑗 . The core motivation for normalizing the difference 𝐼(𝑓 ; 𝑙𝑖) −
𝐼(𝑓 ; 𝑙𝑖|𝑙𝑗 ) by the sum 𝐼(𝑓 ; 𝑙𝑖) + 𝐼(𝑓 ; 𝑙𝑖|𝑙𝑗 ) is to ensure the boundedness 
and standardization of the FIS metric. The FIS score lies in the inter-
val [−1, 1], where the sign reflects the interaction direction (enhancing 
or suppressive), and the magnitude indicates the degree of interaction 
disturbance caused by label 𝑙𝑗 . 

Property 1 (Boundedness): For any candidate feature 𝑓 and any 
pair of labels 𝑙𝑖, 𝑙𝑗 , the feature-conditioned interaction strength satisfies: 
|𝐹𝐼𝑆(𝑓 ; 𝑙𝑖; 𝑙𝑗 )| ≤ 1. Justification: By definition, |𝐼(𝑓 ; 𝑙𝑖) − 𝐼(𝑓 ; 𝑙𝑖 ∣ 𝑙𝑗 )| ≤
𝐼(𝑓 ; 𝑙𝑖) + 𝐼(𝑓 ; 𝑙𝑖 ∣ 𝑙𝑗 ). Since both mutual information 𝐼(𝑓 ; 𝑙𝑖) and condi-
tional mutual information 𝐼(𝑓 ; 𝑙𝑖 ∣ 𝑙𝑗 ) are non-negative, the denominator 
is always positive. Meanwhile, the numerator is bounded by the sum 
in the denominator: |𝐼(𝑓 ; 𝑙𝑖) − 𝐼(𝑓 ; 𝑙𝑖 ∣ 𝑙𝑗 )| ≤ 𝐼(𝑓 ; 𝑙𝑖) + 𝐼(𝑓 ; 𝑙𝑖 ∣ 𝑙𝑗 ). Thus, 
|𝐹𝐼𝑆(𝑓 ; 𝑙𝑖; 𝑙𝑗 )| ≤ 1 always holds; namely, the FIS score always lies within 
the interval of [−1, 1] .

This boundedness guarantees that FIS provides a standardized scale 
for comparing interaction effects across different feature-label-label 
triplets, independent of absolute entropy values or underlying data dis-
tributions.

Property 2 (Asymmetry): FIS is generally asymmetric with respect 
to the label order: 𝐹𝐼𝑆(𝑓 ; 𝑙𝑖; 𝑙𝑗 ) ≠ 𝐹𝐼𝑆(𝑓 ; 𝑙𝑗 ; 𝑙𝑖).

Justification: This asymmetry naturally stems from the non-
symmetric nature of conditional mutual information, i.e., 𝐼(𝑓 ; 𝑙𝑖 ∣ 𝑙𝑗 ) ≠
𝐼(𝑓 ; 𝑙𝑗 ∣ 𝑙𝑖), unless labels 𝑙𝑖 and 𝑙𝑗 are conditionally symmetric with 
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respect to feature 𝑓 , which is rarely observed in real-world multi-
label data. As a result, the corresponding FIS values are computed as 
𝐹𝐼𝑆(𝑓 ; 𝑙𝑖; 𝑙𝑗 ) =

𝐼(𝑓 ;𝑙𝑖)−𝐼(𝑓 ;𝑙𝑖 ∣𝑙𝑗 )
𝐼(𝑓 ;𝑙𝑖)+𝐼(𝑓 ;𝑙𝑖 ∣𝑙𝑗 )

 and 𝐹𝐼𝑆(𝑓 ; 𝑙𝑗 ; 𝑙𝑖) =
𝐼(𝑓 ;𝑙𝑗 )−𝐼(𝑓 ;𝑙𝑗 ∣𝑙𝑖)
𝐼(𝑓 ;𝑙𝑗 )+𝐼(𝑓 ;𝑙𝑗 ∣𝑙𝑖)

, which 
are generally not equal due to the asymmetry in both the numerators 
and denominators.

This directional property enables FIS to identify the nuanced and 
asymmetric dependencies among labels in the presence of a specific fea-
ture and then model directional influence, namely how the presence of 
label 𝑙𝑗 affects the information relevance of 𝑓 to label 𝑙𝑖.

Although other information-theoretic metrics like Interaction Infor-
mation (II) have been used in Multi-label Feature Selection (MLFS) , 
the unique design of FIS is intended to address the limitations of exist-
ing methods that typically overlook dynamic, feature-conditioned label 
interactions.

The numerator 𝐼(𝑓 ; 𝑙𝑖) − 𝐼(𝑓 ; 𝑙𝑖 ∣ 𝑙𝑗 ) of 𝐹𝐼𝑆 captures the absolute 
change in mutual information, which aligns with the classical Interac-
tion Information 𝐼(𝑓 ; 𝑙𝑖; 𝑙𝑗 ). However, using this raw difference alone is 
problematic because the scale of mutual information can vary widely 
across different feature-label pairs, making direct comparisons unfair. 

Therefore, it is necessary to normalize the difference by the sum 
𝐼(𝑓 ; 𝑙𝑖) + 𝐼(𝑓 ; 𝑙𝑖 ∣ 𝑙𝑗 ). This denominator serves as a stable reference that 
reflects the total information content under both unconditional and con-
ditional settings. The resulting ratio is bounded in [−1, 1], providing a 
standardized measure that is comparable across diverse features and la-
bel pairs. Importantly, unlike symmetric interaction information, FIS is 
asymmetric with respect to 𝑙𝑖 and 𝑙𝑗 , allowing it to distinguish between 
the influence of 𝑙𝑗 on the 𝑓 − 𝑙𝑖 link and the reverse influence, which is 
a crucial property for modeling directed label interactions in multi-label 
contexts.

Alternative normalization schemes (e.g., dividing by 𝐼(𝑓 ; 𝑙𝑖) or 
√

𝐼(𝑓 ; 𝑙𝑖) ⋅ 𝐼(𝑓 ; 𝑙𝑖 ∣ 𝑙𝑗 )) were explored during preliminary experiments. 
The chosen form proved most robust in maintaining interpretability and 
stability when 𝐼(𝑓 ; 𝑙𝑖) or 𝐼(𝑓 ; 𝑙𝑖 ∣ 𝑙𝑗 ) approaches zero, while still preserv-
ing the direction and relative strength of interactions.

Note that the term ‘feature-conditioned’ in FIS indicates that the in-
teraction strength depends on which candidate feature is being evalu-
ated. It does not imply that interactions are updated dynamically during 
the iterative feature selection process. Each FIS value is computed stat-
ically before selection begins, capturing how a specific feature alters 
label dependencies relative to the full feature space.

3.2.2.  Categories of label interactions
According to the previous analysis, the relevance of 𝑓 to label 𝑙𝑖 is 

generally influenced by other labels, namely 𝐼(𝑓 ; 𝑙𝑖) ≠ 𝐼(𝑓 ; 𝑙𝑖 ∣ 𝑙𝑗 ). This 
difference reflects feature-conditioned label interaction and corresponds 
to the interaction information:
𝐼(𝑓 ; 𝑙𝑖; 𝑙𝑗 ) = 𝐼(𝑓 ; 𝑙𝑖) − 𝐼(𝑓 ; 𝑙𝑖 ∣ 𝑙𝑗 ). (19)

Therefore, FIS can be interpreted as a normalized measure of the second-
order interaction term 𝐼(𝑓 ; 𝑙𝑖; 𝑙𝑗 ), indicating whether label 𝑙𝑗 enhances 
or suppresses the relevance of feature 𝑓 to label 𝑙𝑖.

The sign of FIS encodes the direction of the interaction: a positive 
value indicates that the presence of label 𝑙𝑗 suppresses the relevance of 
feature 𝑓 to label 𝑙𝑖, while a negative value signifies that 𝑙𝑗 improves 
this relevance.  Consequently, according to the value of 𝐹𝐼𝑆(𝑓 ; 𝑙𝑖; 𝑙𝑗 ), 
the label interactions between labels can be categorized into three rep-
resentative types: suppressive, enhancing and neutral interactions. Such 
categorization enables our method not only to quantify the strength of 
label interactions, but also to explicitly capture their directionality and 
functional influence. By identifying suppressive, enhancing, and neutral 
interactions, the proposed framework adaptively adjusts feature rele-
vance, thereby supporting more informed and effective feature selection 
in multi-label scenarios.

The sign convention of FIS, where a positive value indicates suppres-
sive interaction and a negative value indicates enhancing interaction, 
arises naturally from its definition in Eq. (18). While this may initially 

appear counter-intuitive, it can be clearly understood through the lens 
of information gain or loss.

• Suppressive Interaction: When 𝐹𝐼𝑆(𝑓 ; 𝑙𝑖; 𝑙𝑗 ) > 0, the numerator 
𝐼(𝑓 ; 𝑙𝑖) − 𝐼(𝑓 ; 𝑙𝑖|𝑙𝑗 ) is positive, meaning that conditioning on 𝑙𝑗 re-
duces the mutual information between 𝑓 and 𝑙𝑖. In other words, 𝑙𝑗
“suppresses” or “explains away” some of the information that 𝑓 pro-
vides about 𝑙𝑖, leading to a loss of predictive power. The positive sign 
directly reflects this increase in conditional uncertainty or reduction
in relevance.

• Enhancing Interaction: When 𝐹𝐼𝑆(𝑓 ; 𝑙𝑖; 𝑙𝑗 ) < 0, the numerator is 
negative, implying that the presence of 𝑙𝑗 increases the mutual in-
formation between 𝑓 and 𝑙𝑖. Here, label 𝑙𝑗 acts as a catalyst that 
“enhances” the relevance of 𝑓 to 𝑙𝑖, resulting in an information gain. 
The negative sign thus signifies a decrease in conditional uncertainty 
or an improvement in relevance.

• Neutral Interaction: When 𝐹𝐼𝑆(𝑓 ; 𝑙𝑖; 𝑙𝑗 ) = 0, the numerator is zero, 
indicating 𝐼(𝑓 ; 𝑙𝑖) = 𝐼(𝑓 ; 𝑙𝑖|𝑙𝑗 ). Label 𝑙𝑗 has a neutral effect on the de-
pendency between 𝑓 and 𝑙𝑖. In information-theoretic terms, this im-
plies conditional independence between 𝑓 and 𝑙𝑖 given 𝑙𝑗 with re-
spect to the available information, and no interaction needs to be 
modeled.

A geometric analogy can be drawn from vector projection: Consider 
𝐼(𝑓 ; 𝑙𝑖) as the length of a vector representing the information between 
𝑓 and 𝑙𝑖. Conditioning on 𝑙𝑗 is akin to projecting this vector onto a sub-
space orthogonal to 𝑙𝑗 . If the projection is shorter (𝐼(𝑓 ; 𝑙𝑖|𝑙𝑗 ) < 𝐼(𝑓 ; 𝑙𝑖)), 
information is ‘lost’ due to suppression (positive FIS). If the projection 
is effectively longer or reveals a new component (𝐼(𝑓 ; 𝑙𝑖|𝑙𝑗 ) > 𝐼(𝑓 ; 𝑙𝑖)), 
information is ‘gained’ due to enhancement (negative FIS). If the length 
remains unchanged (𝐼(𝑓 ; 𝑙𝑖|𝑙𝑗 ) = 𝐼(𝑓 ; 𝑙𝑖)), the vector is already orthogo-
nal to 𝑙𝑗 , and no gain or loss occurs (FIS = 0).

This sign convention is therefore not arbitrary but is a direct math-
ematical consequence of measuring the change in mutual information 
upon conditioning. It ensures that the sign of 𝐹𝐼𝑆 consistently and un-
ambiguously indicates the direction of change in feature-label relevance 
caused by the presence of another label.

3.3.  Feature relevance estimation

Conventional multi-label feature selection (MLFS) methods typically 
assess the importance of a feature by separately measuring its rele-
vance to each label and then summing them up. Such approaches im-
plicitly assume that each label contributes equally and independently 
to the importance of features. In reality, however, labels exhibit com-
plex feature-dependent interactions, which have been captured by the 
Feature-conditioned Interaction Strength (FIS) measure. The relevance 
of a feature to a particular label may be suppressed or enhanced by the 
presence of other labels. Namely, label contributions are actually dy-
namic. To address this limitation, we propose a dynamically interaction-
aware weighting scheme that adaptively adjusts the contribution weight 
of each label based on inter-label interactions quantified by FIS. This 
mechanism allows the importance estimation to more accurately reflect 
the true discriminative power of a feature .

3.3.1.  Label interaction weight
Definition 2  (Label Interaction Weight). Given a candidate feature 𝑓
and a pair of labels 𝑙𝑖 and 𝑙𝑗 , the label interaction weight 𝑤∗(𝑓 ; 𝑙𝑖, 𝑙𝑗 ) is 
defined as

𝑤∗(𝑓 ; 𝑙𝑖, 𝑙𝑗 ) =

{

1 − 𝐹𝐼𝑆(𝑓 ; 𝑙𝑖; 𝑙𝑗 ), if 𝐹𝐼𝑆(𝑓 ; 𝑙𝑖; 𝑙𝑗 ) ≥ 0
1 + |𝐹𝐼𝑆(𝑓 ; 𝑙𝑖; 𝑙𝑗 )|, if 𝐹𝐼𝑆(𝑓 ; 𝑙𝑖; 𝑙𝑗 ) < 0

, (20)

This formulation ensures that suppressive interactions (𝐹𝐼𝑆 > 0) re-
duce the relevance of feature 𝑓 to label 𝑙𝑖, while enhancing interactions 
(𝐹𝐼𝑆 < 0) increase it. If the interaction is neutral (𝐹𝐼𝑆 = 0), the weight 
remains at 1, which aligns with traditional uniform weighting. These 
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adaptive weights allow the feature selection method to better capture 
complex label dependencies. As a result, the overall feature selection 
becomes more accurate and effective in multi-label scenarios.

Since FIS score lies in the interval [−1, 1], the interaction weight 
𝑤∗(𝑓 ; 𝑙𝑖, 𝑙𝑗 ) are confined to the interval [0, 2]. This bounded range pre-
vents any single label pair from dominating the relevance estimation 
and keeps the rescaled mutual-information terms numerically stable and 
comparable across different candidate features.

3.3.2.  Interaction-Enhanced Relevance (IER)
To approximate 𝐼(𝑓 ;) while retaining interaction information, we 

re-weight the first-order relevance term 𝐼(𝑓 ; 𝑙𝑖) according to feature-
conditioned label interactions. This leads to the interaction-enhanced 
relevance (IER):
Definition 3  (Interaction-Enhanced Relevance, IER). Based on the in-
teraction weights of the label, we define the relevance of the feature 𝑓
as follows:

IER(𝑓 ) =
𝑞
∑

𝑖=1
𝐼(𝑓 ; 𝑙𝑖)𝜙(𝑓 ; 𝑙𝑖), (21)

where the correction factor 𝜙(𝑓 ; 𝑙𝑖) aggregates the influence of other 
labels via FIS-based weights:

𝜙(𝑓 ; 𝑙𝑖) =
1

|| − 1
∑

𝑙𝑗∈𝐿
𝑗≠𝑖

𝑤∗(𝑓 ; 𝑙𝑖, 𝑙𝑗 ). (22)

When strong label interactions exist between 𝑙𝑖 and other labels, 
𝜙(𝑓 ; 𝑙𝑖) > 1, enhancing the importance of feature 𝑓 . In the presence of 
label redundancy, 𝜙(𝑓 ; 𝑙𝑖) < 1, thereby reducing the importance of fea-
ture 𝑓 . Therefore, IER can be interpreted as a corrected first-order ap-
proximation of 𝐼(𝑓 ;𝐋), where the contribution of each label is adap-
tively amplified or attenuated depending on whether interactions with 
other labels are enhancing or suppressive. When no interaction exists, 
𝜙(𝑓 ; 𝑙𝑖) = 1 and IER reduces to the standard relevance term.

3.3.3.  Label Interaction Enhancement (LIE)
Although IER evaluates feature relevance from a global perspec-

tive, it does not differentiate the impacts of distinct types of label in-
teractions. Such a unified global assessment is limited, as it conceals 
the specific roles of various interactions in shaping a feature’s discrim-
inative ability. In fact, enhancing interactions are particularly valu-
able. When a label pair (𝑙𝑖, 𝑙𝑗 ) exhibits an enhancing interaction, namely 
𝐼(𝑓 ; 𝑙𝑖 ∣ 𝑙𝑗 ) > 𝐼(𝑓 ; 𝑙𝑖), the discriminative ability of a candidate feature 𝑓
for label 𝑙𝑖 improves under the conditional constraint of label 𝑙𝑗 . This im-
provement reflects a positive information gain, which directly strength-
ens the feature’s predictive contribution to the target label. In contrast, 
suppressive interactions reduce discriminative ability, while neutral in-
teractions provide no additional information. Neither yields positive 
gain. Hence, enhancing interactions should be modeled independently 
to capture local positive contributions of features, thereby addressing 
the limitations of IER. 

Furthermore, Although IER adjusts the global relevance of a feature 
by incorporating interaction-aware weights, it can only indicate the rel-
ative direction and intensity of interactions and cannot directly quantify 
the absolute information gain derived from enhancing interactions. To 
overcome these limitations, we introduce the Label Interaction Enhance-
ment (LIE) metric to explicitly quantify such positive gain.
LIE(𝑓 ) =

∑

𝑖≠𝑗
max{0, 𝐼(𝑓 ; 𝑙𝑖 ∣ 𝑙𝑗 ) − 𝐼(𝑓 ; 𝑙𝑖)}. (23)

This design selectively accumulates only enhancing interactions, cor-
responding to the positive part of the second-order interaction informa-
tion. Suppressive or neutral interactions do not contribute positively to 
feature relevance and are therefore excluded. Thus, LIE complements 
IER effectively: IER provides a global adjustment of feature relevance 

Table 1 
Mutual information and conditional mutual information 
between candidate features and labels.
 Feature 𝐼(𝑓 ; 𝑙1) 𝐼(𝑓 ; 𝑙2) 𝐼(𝑓 ; 𝑙1 ∣ 𝑙2) 𝐼(𝑓 ; 𝑙2 ∣ 𝑙1)

𝑓1  0.0103  0.0194  0.0441  0.0528
𝑓2  0.1823  0.1984  0.0626  0.0770

Table 2 
Interaction gain, FIS value, interaction type, and inclusion in LIE.
 Feature  Pair (𝑙𝑖 ∣ 𝑙𝑗 )  Gain FIS  Type  In LIE
𝑓1 (𝑙1 ∣ 𝑙2)  +0.0338 -0.6213  Enhancing  Yes
𝑓1 (𝑙2 ∣ 𝑙1)  +0.0334 -0.4626  Enhancing  Yes
𝑓2 (𝑙1 ∣ 𝑙2) -0.1197  +0.4888  Suppressive  No
𝑓2 (𝑙2 ∣ 𝑙1) -0.1214  +0.4408  Suppressive  No

through dynamic weighting, whereas LIE offers a local perspective by 
explicitly extracting and aggregating the positive gains that are not fully 
represented in IER. Together, they enable a more comprehensive and ac-
curate assessment of feature importance.

To illustrate the effectiveness of LIE, we employ the Emotions dataset 
from the Mulan (Tsoumakas et al., 2011) repository. Specifically, we 
randomly select a label pair (𝑙1, 𝑙2) = (𝐿3, 𝐿6) and feature pair (𝑓1, 𝑓2) =
(𝐹22, 𝐹46) to demonstrate the mapping relationships. The mutual infor-
mation and conditional mutual information values are summarized in 
Table 1, while the corresponding interaction gains and FIS scores are 
reported in Table 2. As shown in Table 2, feature 𝑓1 exhibits enhanc-
ing interactions with Δ𝑙1|𝑙2(𝑓1) = +0.0338 (FIS= −0.6213) and Δ𝑙2|𝑙1(𝑓1) =
+0.0334 (FIS= −0.4626), whereas feature 𝑓2 exhibits suppressive inter-
actions with Δ𝑙1|𝑙2(𝑓2) = −0.1197 (FIS= +0.4888)and Δ𝑙2|𝑙1(𝑓2) = −0.1214
(FIS= +0.4408).These empirical results demonstrate that the same label 
pair can enhance some features while suppressing others, thereby con-
firming the desired properties of our formulation.

In summary, the proposed LIE(𝑓 ) explicitly measures the incremen-
tal contribution of a candidate feature under enhancing interaction set-
tings, thereby complementing the global assessment capacity of IER(𝑓 ). 
By capturing fine-grained interaction dynamics, LIE(𝑓 ) improves the 
model’s sensitivity to complex enhancing relationships and strengthens 
its capability to identify high-quality features for multi-label tasks, ulti-
mately enhancing the generalization performance of the feature selec-
tion algorithm.

3.4.  Label interaction-aware multi-label feature selection

Combining the above analysis, we obtain a tractable approxima-
tion for the marginal mutual information 𝐼(𝑓 ;) ≈ IER(𝑓 ) + LIE(𝑓 ), 
where IER corresponds to an interaction-aware first-order approxima-
tion of feature-label relevance, while LIE acts as a selective positive 
second-order correction term. Accordingly, LIMFS can be viewed as a 
greedy optimizer that approximates the marginal gain 𝐼(𝑓 ; ∣ 𝑆) by 
jointly considering global relevance and local enhancing interaction ef-
fects, while penalizing feature redundancy.

The pseudo code of the proposed Label Interaction-aware Multi-label 
Feature Selection (LIMFS) algorithm is presented in Algorithm 1, which 
consists of three main stages. In stage 1 (Lines 1), the selected feature 
subset 𝑆 and the iteration counter 𝑘 are initialized. Stage 2 (Lines 2–4) 
computes two key metrics for each feature: the Interaction-Enhanced 
Relevance (𝐼𝐸𝑅) and the Label Interaction Enhancement (𝐿𝐼𝐸). Stage 
3 (Lines 3–14) performs an iterative feature selection process. In the 
initial iteration, the feature with the highest 𝐼𝐸𝑅 value is selected. For 
subsequent iterations, each candidate feature 𝑓𝑗 is evaluated using the 
composite score function 𝐽 (𝑓 ). The feature with the highest score is 
added to 𝑆 iteratively until the desired number of features 𝐾 is reached. 
This selection mechanism ensures that chosen features are globally rel-
evant, locally enhanced, and minimally redundant.
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Algorithm 1: LIMFS: Label interaction-aware multi-label fea-
ture selection.
Input: A training set 𝐷 contains a full feature set 

𝐹 = {𝑓1, 𝑓2,… , 𝑓𝑛}, and a label set 𝐿 = {𝑙1, 𝑙2,… , 𝑙𝑞}. 
The number of features to be selected is 𝐾.

Output: The selected feature subset 𝑆.
𝑆 ← ∅; 𝑘 ← 0;
for 𝑖 = 1 to 𝑛 do

Calculate 𝐼𝐸𝑅(𝑓𝑖);
Calculate 𝐿𝐼𝐸(𝑓𝑖);

while 𝑘 < 𝐾 do
if 𝑘 == 0 then

Select the feature 𝑓𝑗 with the largest 𝐼𝐸𝑅(𝑓𝑗 ) from the 
set 𝐹 ;

else
for each candidate feature 𝑓𝑗 ∈ 𝐹  do

Calculate 
𝐽 (𝑓𝑗 ) = 𝐼𝐸𝑅(𝑓𝑗 ) + 𝐿𝐼𝐸(𝑓𝑗 ) −

∑

𝑓𝑚∈𝑆 𝐼(𝑓𝑗 ; 𝑓𝑚);

Select the feature 𝑓𝑗 with the largest 𝐽 (𝑓𝑗 ) from the set 
𝐹 ;

𝑆 ← 𝑆 ∪ {𝑓𝑗};
𝐹 ← 𝐹 ⧵ {𝑓𝑗};
𝑘 ← 𝑘 + 1;

return 𝑆

4.  Experiments

This section conducts an extensive empirical evaluation to validate 
the effectiveness and performance of the proposed LIMFS algorithm. 
To ensure a systematic and comprehensive assessment, the evaluation 
framework is structured as follows: Section 4.1 first defines the key eval-
uation metrics employed to quantify algorithm performance from multi-
ple perspectives; Section 4.2 details the experimental datasets as well as 
the experimental parameter settings to ensure the reliability of results; 
Section 4.3 subsequently presents the comparative experimental results 
and provides an in-depth analysis and discussion, aiming to highlight the 
advantages of LIMFS over existing state-of-the-art methods. Section 4.4 
discusses the time and space complexity of the proposed LIMFS. Sec-
tion 4.5 presents an ablation study designed to analyze the contribution 
of key components in the LIMFS framework. Section 4.6 visualizes the 
FIS matrices for several representative features to intuitively demon-
strate the role of label interactions.

4.1.  Evaluation metrics

We evaluate the LIMFS using the same set of metrics as most base-
line methods, including Label-Weighted F1, Jaccard Index (also known 
as Jaccard Similarity), Subset Accuracy, and the standard Hamming 
Loss (Hinojosa Lee et al., 2024). Formally, let the test set be defined 
as 𝑇 = {(𝑥𝑖, 𝐿𝑖) ∣ 𝑖 = 1,… , 𝑛} and 𝐿 = {𝑙1,… , 𝑙𝑞} denote the label uni-
verse. For each instance 𝑥𝑖, 𝐿𝑖 ⊆ 𝐿 is its ground-truth labels and 𝐿̂𝑖 ⊆ 𝐿
is its predicted labels. Alternatively, the labels of an instance can be ex-
pressed in a binary vector form: 𝐿𝑖 = {𝑙𝑖1,… , 𝑙𝑖𝑞} and 𝐿̂𝑖 = {𝑙𝑖1,… , 𝑙𝑖𝑞}, 
where 𝑙𝑖𝑗 = 𝟏[𝑙𝑗 ∈ 𝐿𝑖] and 𝑙𝑖𝑗 = 𝟏[𝑙𝑗 ∈ 𝐿̂𝑖] indicate the ground-truth and 
predicted label assignments of the 𝑗-th label for the 𝑖-th sample, respec-
tively, and 𝟏[⋅] is the indicator function.

(1) Hamming Loss (HL): The fraction of misclassified label-instance 
pairs is defined as

HL = 1
𝑛𝑞

𝑛
∑

𝑖=1

𝑞
∑

𝑗=1
𝟏!
(

𝑙𝑖𝑗 ≠ 𝑙𝑖𝑗
)

, (24)

where lower values indicate better performance.

(2) F1 Score (label-weighted): For the 𝑗𝑡ℎ label 𝑙𝑗 , the numbers of true 
positives𝑇𝑃𝑗 , false positives 𝐹𝑃𝑗 , and false negatives 𝐹𝑃𝑗 are given 
by

TP𝑗 =
𝑛
∑

𝑖=1
𝟏(𝑙𝑖𝑗 = 1 ∧ 𝑙𝑖𝑗 = 1), FP𝑗 =

𝑛
∑

𝑖=1
𝟏(𝑙𝑖𝑗 = 0 ∧ 𝑙𝑖𝑗 = 1),

FN𝑗 =
𝑛
∑

𝑖=1
𝟏(𝑙𝑖𝑗 = 1 ∧ 𝑙𝑖𝑗 = 0).

The per-label F1 score and its label-weighted average are then 
defined as

F1𝑗 =
2TP𝑗

2TP𝑗 + FP𝑗 + FN𝑗
, F1w =

𝑞
∑

𝑗=1
𝑤𝑗 F1𝑗 , (25)

where the support weight is 𝑤𝑗 =
∑𝑛

𝑖=1 𝑙𝑖𝑗
∑𝑞

𝑟=1
∑𝑛

𝑖=1 𝑙𝑖𝑟
. Higher values corre-

spond to better performance.
(3) Jaccard Score/Intersection over Union (IoU, label–weighted): 

The per-label Jaccard index and its label–weighted average are given 
by

J𝑗 =
TP𝑗

TP𝑗 + FP𝑗 + FN𝑗
, JSw =

𝑞
∑

𝑗=1
𝑤𝑗 J𝑗 , (26)

where the same weights 𝑤𝑗 are applied as in the weighted F1 score. 
Larger values indicate better Performance.

(4) Subset Accuracy (Exact Match Ratio): A prediction is considered 
correct if and only if the entire predicted label set exactly matches 
the ground truth:

ASsubset =
1
𝑛

𝑛
∑

𝑖=1
𝟏
(

𝐿𝑖 = 𝐿̂𝑖
)

= 1
𝑛

𝑛
∑

𝑖=1
𝟏
(

(𝑙𝑖1,… , 𝑙𝑖𝑞) = (𝑙𝑖1,… , 𝑙𝑖𝑞)
)

.

(27)

Higher values correspond to better performance.

All evaluation metrics are implemented using the official scikit-
learn library (Pedregosa et al., 2011), ensuring consistency and repro-
ducibility.

4.2.  Datasets and experimental settings

We evaluate the performance of LIMFS across eight benchmark 
multi-label datasets retrieved from the Mulan repository (Tsoumakas 
et al., 2011), specifically: emotions, scene, medical, yeast, enron, birds, 
genbase, and tmc2007-500. Detailed statistics of these datasets are sum-
marized in Table 3. For dataset partitioning, we adopted the train/test 
splits officially recommended by the Mulan repository to ensure consis-
tency with standard experimental protocols.

Feature selection is conducted only on the training subset. The feature 
ranking derived from this process is then applied to both the training 
and testing subsets. Specifically, each feature selection method extracts 
the top-𝑚 (where 𝑚 ∈ {1,… , 50}) features from its generated rankings. 
For the classification task, we employed the ML-𝑘NN algorithm with 
the number of neighbors set to 𝑘=10. The ML-𝑘NN implementation is 
sourced from the scikit-multilearn library, while all evaluation met-
rics were computed using functions from the scikit-learn library to 
ensure result standardization.

For each feature selection method, we calculated its evaluation met-
ric on the test subset for 𝑚 values (𝑚 ∈ {1,… , 50}). The entries presented 
in the subsequent tables represent the mean ± standard deviation of 
these 50 metric scores (i.e., the average performance and its variability 
across all tested values of 𝑚 ∈ {1,… , 50}).

4.3.  Results and discussion

Tables 4–7 report the performance of LIMFS against night repre-
sentative MLFS methods, including ATR (Eskandari & Ghassabi, 2023), 
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Table 3 
multi-label datasets.
 Name  Instances  Features  Labels  Train  Test  Cardinality
 emotions  593  72  6  391  202  1.869
 scene  2407  294  6  1211  1196  1.074
 medical  978  1449  45  333  645  1.245
 yeast  2417  103  14  1500  917  4.237
 enron  1702  1001  53  1123  579  3.378
 birds  645  260  19  322  323  1.014
 genbase  662  1186  27  463  199  1.252
 tmc2007-500  28596  500  22  21519  7077  2.220

SCLS (Lee & Kim, 2017), LRFS (Zhang et al., 2019), LSMFS (Zhang et al., 
2021), MLSMFS (Zhang et al., 2021) , PPT-MI (Doquire & Verleysen, 
2011),VMFS (Yu et al., 2024a), SRLG-LMA (Dai et al., 2024) and MFS-
MFR (Zhou et al., 2024b). Best results are in bold. All methods are eval-
uated using ML-𝑘NN (𝑘=10) on the train/test splits recommended by 
Mulan. For each method, we report average results over the top-𝑚 fea-
ture subsets with 𝑚 ∈ {1,… , 50}. The bottom rows of each table show 
the overall average performance across eight datasets as well as the av-
erage rank (Rank.Avg).

Table 4 presents the Hamming Loss across all datasets, where lower 
values indicate better performance. LIMFS achieves the lowest Ham-
ming Loss on four out of the eight datasets (emotions, enron, medical, 
and tmc2007-500), which demonstrates its effectiveness at reducing 
label-wise misclassification. On birds, MFS-MFR attains the best Ham-
ming Loss, while LIMFS still delivers the second-best value. The re-
maining datasets where other methods obtain the best Hamming Loss 
are scene (best: SCLS), genbase (best: ATR and PPT-MI, tied), and yeast
(best: SRLG-LMA). As shown in Table 5, LIMFS attains the highest Jac-
card score on five datasets (emotions, birds, medical, yeast, tmc2007-500). 
SCLS is strongest on scene, while MLSMFS leads on enron and genbase. In 
terms of Accuracy, LIMFS ranks first on three datasets (emotions, yeast, 
and tmc2007-500), with MFS-MFR performs best on birds. Regarding F1-
score, LIMFS remains top-ranked on four datasets (emotions, birds, yeast, 
and tmc2007-500) and maintains competitive performance on medical
and genbase. Higher values for Jaccard score, accuracy, and F1-score 
indicate superior performance.

Experimental results indicate that although the LIMFS algorithm per-
forms slightly less competitively on several datasets, it consistently out-
performs all competing methods in terms of overall effectiveness. This 
conclusion is strongly supported by two key indicators: average perfor-
mance and average rank. The datasets where LIMFS shows relatively 
weaker performance mainly include genbase, scene, medical, and enron. 
Specifically, on the medical dataset, both accuracy and F1-score of LIMFS 
are inferior to those of MLSMFS. On the genbase and enron datasets, 
LIMFS underperforms MLSMFS in terms of Jaccard score, accuracy, and 
F1-score. In contrast, on the scene dataset, its performance across all 
metrics is slightly lower than that of SCLS. Further analysis suggests 
that these performance gaps primarily stem from intrinsic characteris-
tics of the aforementioned datasets, such as label distribution, sample 
size, and feature–label association patterns, etc.

genbase, enron, and medical all suffer from severe label sparsity or la-
bel distribution imbalance. Under extreme label sparsity, although the 
total number of labels in the dataset is relatively large, each instance is 
associated with only a few labels, resulting in label matrices dominated 
by zeros. For example, in the genbase dataset, different functional labels 
are largely mutually exclusive or only weakly correlated, and most pro-
tein samples are annotated with only one primary functional label. In 
contrast, label distribution imbalance is reflected in the presence of a 
large number of ‘head’ frequent labels and ‘long-tail’ infrequent labels. 
For instance, the medical dataset exhibits extreme imbalance, where 
common disease classes correspond to ‘head’ labels with abundant sam-
ples, while many rare diseases are associated with only a handful of 
instances, forming ‘tail’ labels. Similarly, in enron, common day-to-day 
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topics dominate the label space, whereas sensitive or specialized top-
ics appear rarely. Such label sparsity and distribution imbalance reduce 
the label co-occurrence probabilities, resulting in simplified, static label 
dependencies rather than complex, dynamic interactions.

Under these conditions, the IER component of LIMFS, which esti-
mates global label relevance by integrating dynamic interaction weights 
over all label pairs, becomes less effective. When label interactions are 
predominantly single-type (e.g., purely enhancing or neutral), dynamic 
weighting adjustment provides little benefit. For instance, in the En-
ron dataset, certain labels show strong but narrow complementary rela-
tionships (e.g., label “C.C1” consistently supplements “A.A1”), while in 
Medical, features are often domain-specific and directly tied to disease 
types, leaving little room for cross-label mediation. Consequently, the 
dynamic weighting mechanism in IER offers no practical advantage. In 
contrast, MLSMFS directly identifies the most relevant complementary 
labels for each feature, avoiding neutral or suppressive interactions. This 
focused mechanism allows MLSMFS to capture key dependencies more 
effectively, which explains why LIMFS achieves slightly lower feature 
selection accuracy on these datasets.

The scene dataset, which contains 294 features primarily describ-
ing low-level image attributes (e.g., color, texture) and covers six la-
bels (Beach, Sunset, Fall Foliage, Field, Mountain, Urban), presents a 
different challenge. Here, label correlations are static and semantically 
determined rather than dynamically induced by features. For example, 
Beach frequently co-occurs with Sunset due to inherent semantic over-
lap, independent of feature variation. In such cases, the FIS component 
of LIMFS, designed to capture dynamic label interactions, offers no real 
utility. Likewise, the IER module’s adaptive weighting collapses into uni-
form weighting, yielding redundant computation without performance 
gains. By contrast, SCLS, which evaluates features using a simple Rel–
Red (relevance vs. redundancy) criterion without modeling label inter-
actions, is well aligned with the static label structure of Scene, resulting 
in better performance.

In summary, LIMFS is designed for datasets characterized by 
complex, feature-sensitive, and heterogeneous label interactions. On 
datasets where label relationships are simple, highly imbalanced, or di-
rectly determined by features, LIMFS is prone to information dilution, 
estimation errors, and noise introduction, which in turn undermines its 
effectiveness.

To provide deeper insight into the performance dynamics, we exam-
ine the Hamming-loss curves of each dataset as a function of the number 
of selected features 𝑚 (Figs. 1 and 2 ). A clear pattern of diminishing 
marginal gains can be observed: when 𝑚 is small, adding features yields 
a sharp decline in Hamming loss; as 𝑚 increases further, the improve-
ment brought by each additional feature gradually diminishes, causing 
the curves to plateau or even rebound slightly due to redundant or noisy 
features. The observation empirically demonstrates the inherent prop-
erty of the greedy forward-selection scheme, whereby the most infor-
mative features are chosen first, making subsequent features naturally 
less contributive. Even under diminishing marginal gains, the curves of 
LIMFS remain competitive or leading over a wide range of 𝑚 values. 
This indicates the robustness of LIMFS, as the feature subsets it selects 
are of high quality and it is not overly sensitive to the specific number 
of features 𝐾 chosen. Formal statistical comparisons (Friedman + Ne-
menyi) are reported in Section 5 to assess whether the observed numeric 
differences are statistically significant across datasets and metrics.

Overall, these experimental results demonstrate the effectiveness of 
the proposed LIMFS method, particularly its strengths in explicitly mod-
eling complex dynamic label interactions, thus offering improved multi-
label classification performance compared to existing state-of-the-art 
methods.

4.4.  Computational complexity and scalability analysis

To address the practical applicability of LIMFS, we analyze its 
computational complexity and compare it with representative baseline 
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Fig. 1. Hamming Loss comparison on emotions, birds, enron, and medical.

methods. This analysis focuses on the time complexity of the feature 
scoring phase, which dominates the overall cost in filter-based feature 
selection.

The computational cost of LIMFS primarily stems from estimating 
information-theoretic measures. Let 𝑛 denote the number of training in-
stances, |𝐹 | the total number of features, |𝐿| the number of labels, and 
|𝑆| the size of the selected feature subset during the greedy selection 
process. The key operations and their costs are as follows:
1. Mutual Information (MI) Estimation: Computing 𝐼(𝑓 ; 𝑙𝑖) for all 
feature-label pairs requires 𝑂(|𝐹 | ⋅ |𝐿| ⋅ 𝑛) operations (assuming 
histogram-based estimation with fixed bins).

2. Conditional Mutual Information (CMI) Estimation: Computing 
𝐼(𝑓 ; 𝑙𝑖 ∣ 𝑙𝑗 ) for all triples (𝑓, 𝑙𝑖, 𝑙𝑗 ) is the most expensive step, with 
a cost of 𝑂(|𝐹 | ⋅ |𝐿|2 ⋅ 𝑛).

3. FIS Calculation: Given the precomputed MI and CMI, computing 
𝐹𝐼𝑆(𝑓 ; 𝑙𝑖; 𝑙𝑗 ) for all triples is 𝑂(|𝐹 | ⋅ |𝐿|2), which is negligible com-
pared to the estimation cost.

4. IER and LIE Computation: Aggregating FIS into IER and LIE scores 
per feature costs 𝑂(|𝐹 | ⋅ |𝐿|2).

5. Redundancy Penalty: During greedy selection, computing 
∑

𝑓𝑗∈𝑆 𝐼(𝑓 ; 𝑓𝑗 ) for each candidate costs 𝑂(|𝐹 | ⋅ |𝑆| ⋅ 𝑛) per iteration.
Therefore, the overall dominant time complexity of LIMFS is 𝑂(|𝐹 | ⋅

|𝐿|2 ⋅ 𝑛), driven by the CMI estimation across all feature-label-label 
triplets.

To visually demonstrate its computational cost advantages, we com-
pare the theoretical complexity of LIMFS with several key baselines:

• SCLS (Lee & Kim, 2017): It is dominated by MI estimation 𝐼(𝑓 ; 𝑙𝑖) and 
feature-feature MI 𝐼(𝑓 ; 𝑓𝑗 ), yielding 𝑂(|𝐹 | ⋅ (|𝐿| + |𝑆|) ⋅ 𝑛). It avoids 
pairwise label computations.

• MLSMFS (Zhang et al., 2021): it involves label-label and feature-
label interactions, leading to roughly 𝑂(|𝐹 | ⋅ |𝐿|2 ⋅ 𝑛) for supplemen-
tary term calculation, similar to LIMFS in label-order complexity.

• ATR (Eskandari & Ghassabi, 2023): The ATR algorithm necessi-
tates an initial preprocessing step for calculating the pairwise MI 
for all feature-feature and feature-label pairs, and the time complex-
ity for this pre-computation is 𝑂(|𝐹 |

2 ⋅ 𝑛 + |𝐹 | ⋅ |𝐿|) ⋅ 𝑛. The feature 
selection process itself has complexity 𝑂(|𝐹 |

3 + |𝐹 |

2
|𝐿|).Therefore, 

the complete time complexity of the ATR algorithm, including both 
phases, is 𝑂(|𝐹 |

2 ⋅ 𝑛 + |𝐹 | ⋅ |𝐿| ⋅ 𝑛 + |𝐹 |

3 + |𝐹 |

2 ⋅ |𝐿|).

Since SCLS only considers first-order label correlations while LIMFS 
takes second-order label correlations into account, the time complex-
ity of LIMFS is higher than that of SCLS. However, by incorporating 
conditional mutual information to account for redundancy between la-
bel pairs, LIMFS can better handle correlations among labels, especially 
when |𝐿| is large and there are strong correlations between labels. Un-
der such conditions, LIMFS typically achieves better performance and is 
thus able to select more effective features.
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Fig. 2. Hamming Loss comparison on scene, yeast, genbase, and tmc2007-500.

Compared to LSMFS and MLSMFS, which have similar time complex-
ities, LIMFS may achieve comparable or better accuracy with a simpler 
heuristic. The LIMFS directly measures feature relevance to individual 
labels while penalizing redundancy with already selected features. It 
avoids the additional label supplementation terms used in LSMFS and 
MLSMFS, which can sometimes introduce noise.

Regarding sensitivity to the label count |𝐿|, ATR scales linearly with 
|𝐿| during iteration, whereas LIMFS exhibits quadratic scaling with |𝐿|
in both its precomputation and iteration phases. Consequently, LIMFS 
becomes substantially more computationally expensive as the number of 
labels increases. As for sensitivity to the feature count |𝐹 |, ATR demon-
strates cubic, quadratic, and linear dependencies on |𝐹 |, while LIMFS 
shows only linear dependence in the corresponding terms. Therefore, 
when |𝐿| is moderate, LIMFS scales better with increasing feature count. 
Furthermore, despite its higher theoretical complexity, LIMFS achieves 
better ranking in empirical evaluations on benchmark datasets.

In a word, the |𝐿|2 factor implies that LIMFS is best suited for prob-
lems with a moderate number of labels. For extreme multi-label learning
(XMLL) scenarios with thousands of labels, the direct computation of all 
pairwise label CMI becomes prohibitive. Future work will focus on scal-
able approximations, such as leveraging label hierarchy or clustering to 
reduce effective |𝐿|.

Despite its quadratic growth in complexity with respect to the num-
ber of labels, the proposed dynamic interaction modeling provides sig-
nificant performance improvements on datasets where label correlations 
are complex and feature-sensitive, as demonstrated in Sections 4.3 and 

5. For many practical multi-label tasks with a moderate label space, the 
additional computational cost incurred by LIMFS is justified by its im-
proved selection accuracy.

4.5.  Ablation study

To systematically evaluate the contributions of FIS, IER, and LIE 
components, we designed three ablated variants of LIMFS:

• LIMFS-noFIS: FIS is replaced by a static label correlation matrix. 
This variant uses the same IER and LIE but with static weights. 
Specifically, the FIS-induced weighting factor 𝜙(𝑓 ; 𝑙𝑖) in IER(𝑓 ) =
∑

𝑙𝑖∈𝐿 𝐼(𝑓 ; 𝑙𝑖) ⋅ 𝜙(𝑓 ; 𝑙𝑖)) is fixed to 1 for all labels, so that IER is com-
puted as the sum of mutual information 𝐼(𝑓 ; 𝑙𝑖) without interaction 
weighting.

• LIMFS-noIER: The IER component is removed. Only LIE and the re-
dundancy suppression term are retained.

• LIMFS-noLIE: The LIE component is removed, leaving only IER (with 
dynamic weights) and the redundancy supression term.
All variants, along with the full LIMFS model, were evaluated on the 

same four benchmark datasets using identical experimental protocols 
(ML-𝑘NN classifier with 𝑘 = 10, top-𝑚 features with 𝑚 ∈ {1,… , 50}, and 
the four evaluation metrics). The detailed ablation study results on the 
emotions, birds, scene, and yeast datasets are provided in Tables 8–11, 
respectively. They report the average performance across four datasets 
for each metric. Higher values are better for JS, AS, F1; Lower is better 
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Table 8 
Ablation analysis of LIMFS on the emotions dataset.
 Variant  Hamming Loss (HL) ↓  Jaccard Score (JS) ↑  Accuracy (AS) ↑  F1 Score ↑
 LIMFS (full)  0.2250  0.4597  0.2352  0.5852
 LIMFS-noFIS  0.2608  0.3846  0.1739  0.5405
 LIMFS-noIER  0.2354  0.4329  0.2172  0.5344
 LIMFS-noLIE  0.2393  0.4227  0.1981  0.5132

Table 9 
Ablation analysis of LIMFS on the birds dataset.
 Variant  Hamming Loss (HL) ↓  Jaccard Score (JS) ↑  Accuracy (AS) ↑  F1 Score ↑
 LIMFS (full)  0.0489  0.1401  0.4684  0.1974
 LIMFS-noFIS  0.0512  0.0899  0.4544  0.1522
 LIMFS-noIER  0.0535  0.1049  0.4678  0.1890
 LIMFS-noLIE  0.0532  0.1056  0.4666  0.1904

Table 10 
Ablation analysis of LIMFS on the scene dataset.
 Variant  Hamming Loss (HL) ↓  Jaccard Score (JS) ↑  Accuracy (AS) ↑  F1 Score ↑
 LIMFS (full)  0.1488  0.3545  0.3887  0.4979
 LIMFS-noFIS  0.1489  0.3359  0.3816  0.4875
 LIMFS-noIER  0.1833  0.1563  0.1766  0.1965
 LIMFS-noLIE  0.1832  0.1548  0.1747  0.1946

Table 11 
Ablation analysis of LIMFS on the yeast dataset.
 Variant  Hamming Loss (HL) ↓  Jaccard Score (JS) ↑  Accuracy (AS) ↑  F1 Score ↑
 LIMFS (full)  0.2187  0.4355  0.1458  0.5787
 LIMFS-noFIS  0.2215  0.4061  0.1258  0.5290
 LIMFS-noIER  0.2303  0.4069  0.1164  0.5506
 LIMFS-noLIE  0.2306  0.4039  0.1133  0.5473

for HL. Best results are in bold. Standard deviations are omitted for 
clarity. 

Tables 8 through 11 demonstrate that three components are all es-
sential for LIMFS. FIS is crucial for dynamic interaction modeling. Re-
moving FIS (LIMFS-noFIS) leads to the most significant performance 
drop across all metrics, which confirms that static label correlation as-
sumptions are inadequate for capturing context-sensitive dependencies. 
IER provides global interaction-aware relevance adjustment. Without 
IER (LIMFS-noIER), performance deteriorates noticeably, which demon-
strates that adaptive weighting based on FIS is essential for accurate 
global feature relevance estimation. LIE captures valuable local en-
hancement gains. Removing LIE (LIMFS-noLIE) results in a moderate 
but consistent performance decline, which validates that local positive 
information gain complements global relevance assessment. When the 
FIS, IER, and LIE work synergistically, the full LIMFS model consistently 
outperforms all ablated variants.

4.6.  Visualization of feature-conditioned interaction strength

To intuitively demonstrate the role of label interactions, this subsec-
tion presents FIS matrices for several representative features on the emo-
tions dataset. For each selected feature 𝑓 , we construct a 𝑞 × 𝑞 heatmap 
where rows correspond to target labels 𝑙𝑖 and columns correspond to 
conditioning labels 𝑙𝑗 . The cell at position (𝑖, 𝑗) encodes the directed in-
teraction strength FIS(𝑓 ; 𝑙𝑖; 𝑙𝑗 ) ∈ [−1, 1] defined in Section 3.2.1, which 
quantifies how the presence of label 𝑙𝑗 influences the relevance of fea-
ture 𝑓 to label 𝑙𝑖. Diagonal entries (𝑖, 𝑖) are fixed to zero, reflecting the 
fact that a label is not conditioned on itself.

Fig. 3 illustrates FIS heatmaps for three features randomly selected 
from the top-ranked subset obtained by LIMFS on the emotions dataset 
(𝑞 = 6). A common color scale is used across all subplots, where blue 
(FIS < 0) indicates an enhancing interactions and red (FIS > 0) indicates 
a suppressive interactions; white (FIS ≈ 0) corresponds to a neutral in-

teractions. Numeric annotations are overlaid in each cell to improve 
readability.

As shown in the Fig. 3, the three features yield markedly different 
FIS patterns despite sharing the same label set. Notably, some label pairs 
are strongly enhanced (dark blue) for one feature but mildly suppressed 
(light red) for another, while other pairs remain almost neutral across all 
features. This evidence indicates that label interactions in LIMFS are not 
treated as a fixed global property but are dynamically shaped by each 
candidate feature. Consequently, the visualization concretely illustrates 
the feature-conditioned nature of label interactions, offering intuitive 
support that complements the quantitative experiments.

5.  Statistical analysis

We adopted the standard nonparametric protocol for comparing 
different methods across multiple datasets (Demšar, 2006). For each 
dataset, the ten competing methods (𝑘=10) were ranked (with rank 
1 indicating the best performance; tied ranks were assigned the average 
value). Given eight datasets (𝑁=8), we first conducted the Friedman 
test with the Iman-Davenport correction. If the test result was signifi-
cant, we further applied the Nemenyi post-hoc test and visualized the 
results using critical-difference (CD) diagrams.

5.1.  Overall test

Let 𝑅𝑗 denote the average rank of the 𝑗-th method . The Friedman 
statistic (Friedman, 1940) and the Iman-Davenport 𝐹  statistic are cal-
culated as follows:

𝜒2
𝐹 = 12𝑁

𝑘(𝑘 + 1)

( 𝑘
∑

𝑗=1
𝑅2
𝑗

)

− 3𝑁(𝑘 + 1), 𝐹𝐹 =
(𝑁 − 1)𝜒2

𝐹

𝑁(𝑘 − 1) − 𝜒2
𝐹

.

The Iman-Davenport 𝐹  statistic 𝐹𝐹  follows an 𝐹 -distribution with 
(𝑘 − 1) degrees of freedom in the numerator and (𝑘 − 1)(𝑁 − 1) degrees 
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Fig. 3. FIS heatmaps of three representative features on the emotions dataset. Each heatmap is a 6 × 6 matrix with target labels 𝑙𝑖 on the rows and conditioning labels 
𝑙𝑗 on the columns. Colors encode FIS(𝑓 ; 𝑙𝑖; 𝑙𝑗 ) ∈ [−1, 1], where blue indicates enhancement (negative values) and red indicates suppression (positive values); diagonal 
entries are set to zero.

Table 12 
Friedman and Iman-Davenport omnibus tests (𝑘 = 10, 𝑁 =
8).

 Metric 𝜒2
𝐹 𝑝-value (𝜒2) 𝐹𝐹 𝑝-value (𝐹 )

 HL  19.1079  0.0243  2.5288  0.0152
 JS  25.5545  0.0024  3.8514  0.00063
 F1  27.3000  0.0012  4.2752  0.00023
 AS  25.2273  0.0027  3.7755  0.00075

of freedom in the denominator. For our experimental setting with 𝑘 = 10
methods and 𝑁 = 8 datasets, 𝐹𝐹  therefore follows 𝐹9,63. 

Table 12 reports the results of the omnibus tests (using the Iman-
Davenport correction) for the four evaluation metrics: Hamming Loss 
(HL), Jaccard Score (JS), F1 Score (F1), and Accuracy Score (AS). The 
𝑝-values associated with 𝐹𝐹  for all four metrics are well below the sig-
nificance level of 𝛼 = 0.05. This allows us to confidently reject the null 
hypothesis that all ten methods perform equivalently across the eight 
datasets.

5.2.  Average ranks

Table 13 lists the average ranks of the ten methods across the eight 
datasets. Lower values indicate better performance. Notably, LIMFS 
achieved the best average rank for every evaluation metric.

5.3.  Post-hoc comparisons

When the Friedman test yielded a significant result, the Nemenyi 
test was used to determine whether two methods differed significantly. 
Specifically, two methods were considered significantly different if the 
gap between their average ranks exceeded the critical difference (CD) 
value, which is calculated as:

CD = 𝑞0.05

√

𝑘(𝑘 + 1)
6𝑁

where 𝑘=10 (number of methods) and 𝑁=8 (number of datasets), 
and the critical value 𝑞0.05 = 3.103 for a significance level of 𝛼 =
0.05 (Demšar, 2006). Substituting these values into the formula, the CD 
value is approximately 4.72. The results of pairwise comparisons for 
each evaluation metric are as follows:

• Hamming Loss (HL): Only the rank between LIMFS and VMFS ex-
ceeds the CD (≈ 4.72), indicating that LIMFS is significantly better 
than VMFS; no other pair involving LIMFS reaches significance, in-
dicating no statistically significant performance differences detected 
under this metric.

Fig. 4. Critical-difference (CD) diagram for Hamming Loss.

Fig. 5. Critical-difference (CD) diagram for Jaccard Score.

• Jaccard Score (JS): LIMFS significantly outperforms PPT-MI, VMFS, 
and MFS-MFR; other pairwise gaps with LIMFS do not exceed the CD.

• Accuracy Score (AS): Only the rank differences between LIMFS and 
MFS-MFR, as well as between LIMFS and VMFS, exceed the CD (≈
4.72), indicating that LIMFS significantly outperforms both MFS-MFR 
and VMFS on this metrics. No significant differences are observed 
between LIMFS and the other methods.

• F1 Score (F1): LIMFS significantly outperforms PPT-MI and MFS-
MFR, indicating that LIMFS significantly outperforms PPT-MI and 
MFS-MFR in terms of F1; other pairwise gaps with LIMFS do not 
exceed the CD.

Figs. 4–7 respectively present the CD diagrams for the HL, JS, F1, 
and AS metrics, which visually illustrate the ranking of each method and 
the significance of differences. LIMFS is positioned on the far right in all 
CD diagrams (indicating the optimal ranking) and shows no significant 
disadvantage compared to any competing method, further verifying the 
stability of its performance.
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Table 13 
Average ranks across 8 datasets (lower is better). Best in bold.
 Metric  LIMFS  ATR  SCLS  LSMFS  MLSMFS  LRFS  PPT-MI  VMFS  SRLG-LMA  MFS-MFR
 HL  2.3750  3.5625  5.3125  6.0000  6.0000  6.6875  6.1250  7.9375  5.6250  5.3750
 JS  2.0000  4.7500  4.2500  5.8750  4.6250  6.1250  7.2500  6.8750  4.8750  8.3750
 AS  2.6250  3.1250  4.3750  5.5000  4.5000  6.2500  6.6250  7.5000  6.6250  7.8750
 F1  1.8750  4.6250  4.3750  5.3750  4.6250  6.0000  7.3750  6.5000  5.5000  8.7500

Fig. 6. Critical-difference (CD) diagram for Accuracy Score.

Fig. 7. Critical-difference (CD) diagram for F1 Score.

6.  Conclusion

This paper proposes LIMFS (Label Interaction-aware Multi-label Fea-
ture Selection), a filter-style multi-label feature selection framework that 
explicitly models dynamic, feature-conditioned label interactions and 
integrates such interactions into the feature evaluation, addressing the 
limitation of traditional methods that often overlook the dependency 
between labels when selecting features. The core contributions of this 
work are threefold:

• We introduce the Feature-conditioned Interaction Strength (FIS), a 
bounded and directional metric that quantifies how the dependency 
between a pair of labels changes when conditioned on a candidate 
feature.

• We propose two complementary relevance measures: Interaction-
Enhanced Relevance (IER), which adaptively adjusts feature rele-
vance using interaction-aware weights, and Label Interaction En-
hancement (LIE), which captures local positive information gains 
resulting from synergistic label interactions.

• We design a unified greedy selection algorithm that integrates IER, 
LIE, and a redundancy suppression mechanism to efficiently generate 
compact and discriminative feature subsets for multi-label classifica-
tion.

Empirical results on eight multi-label benchmarks demonstrate 
that LIMFS consistently outperforms or matches several state-of-the-
art multi-label feature selection methods across multiple evaluation 
metrics. These findings indicate that explicitly accounting for feature-
conditioned label interactions can substantially improve filter-based 
multi-label feature selection.

We also note several limitations that motivate future work. First, the 
method relies on accurate estimates of mutual information and condi-

tional mutual information, which can be sensitive to the choice of es-
timators and discretization strategies for continuous features. Second, 
the computational cost of the greedy selection procedure increases with 
the number of features and labels, which may limit scalability in very 
high-dimensional or extreme multi-label scenarios. Third, although our 
approach models how label interactions vary with different features, it 
does not update these interactions dynamically as the feature subset ex-
pands.

For future work, we plan to focus on the following three directions:

• Richer interaction models: Extend FIS to graph-based or 
representation-based models, such as graph neural networks or con-
ditional graphical models, to capture higher-order and structured la-
bel dependencies.

• Scalability: Design scalable estimators and approximation tech-
niques, such as sampling-based MI estimators, feature/label cluster-
ing or sketching, to enable LIMFS for large-scale and extreme multi-
label problems.

• Dynamic interaction updating: Investigate mechanisms to dynam-
ically update label interaction estimates as the feature subset evolves 
during selection, moving toward an adaptive and iterative interac-
tion modeling framework.
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