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Abstract

Graph Neural Networks (GNNs) have achieved strong performance on graph-structured
data via neighborhood message passing. Recent studies on GNNs suggest that not all
feature dimensions benefit equally from message passing, motivating preference-guided
feature splitting rather than uniform aggregation. Empirically, the splitting criterion is
affected by class-boundary nodes with label-inconsistent neighborhoods, which confound
the estimation of which dimensions should be propagated. Moreover, conducting propaga-
tion on the original topology may amplify feature–topology mismatch, causing messages
to be passed along incompatible edges. To address these issues, we propose a plug-and-
play architecture called Core–Shell Adaptive augmentation with dual-branch Polarized
Topology Refinement (CSA-PTR), through simultaneous consideration of clearer feature
splitting and a more ideal topology for GNNs to better satisfy the selective propagation
criterion. Specifically, CSA-PTR consists of three modules. Core–shell adaptive augmenta-
tion stabilizes node representations by a purity-aware clustering algorithm, which reduces
the ambiguity in feature-preference estimation. Then, graph feature splitting allocates
feature dimensions into a propagation branch and a feature-only branch based on learned
preferences. Finally, Dual-branch Polarized Topology Refinement exploits these branches as
complementary views to learn polarized weights, yielding a more desirable topology and
improving information flow. Extensive experiments on diverse benchmarks show that CSA-
PTR achieves competitive performance across the evaluated settings, while consistently
improving several representative GNN backbones.

Keywords: Graph Neural Networks; semi-supervised learning; node classification; graph-
structured data

1. Introduction
Graph Neural Networks (GNNs) have emerged as a prominent paradigm for rep-

resentation learning on graph-structured data [1], demonstrating strong effectiveness in
modeling complex relationships in domains, such as recommendation systems [2,3], molec-
ular graphs [4,5], and traffic forecasting [6–8]. In general, GNNs learn node representations
through iterative neighborhood message passing [9], which enables them to incorporate
structural information into node embeddings.

Despite their success, message passing is not universally beneficial [10]. When infor-
mation is propagated indiscriminately, GNNs may over-smooth discriminative signals or
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aggregate messages along task-irrelevant edges, especially when the graph topology is
not well aligned with feature semantics [11]. These limitations have motivated increas-
ing interest in selective propagation, which applies graph convolution only when it is
truly beneficial.

Recent studies have progressively refined the criteria for selective propagation. Early
works revisited the conditions under which graph-aware models improve node classi-
fication and proposed more informative measures for assessing the benefits of graph
convolution [12,13]. Subsequent studies further showed that these benefits are shaped by
the interaction between graph topology and node features [14]. Building on this view, more
recent feature-splitting frameworks have pushed the analysis to the feature-dimension
level. One representative framework introduces Topological Feature Informativeness (TFI)
to distinguish GNN-favored and GNN-disfavored dimensions, enabling split processing
with graph-based and graph-agnostic models [15].

However, existing selective propagation frameworks still exhibit a gap between their
underlying principles and their behavior on realistic graphs. In particular, although feature
splitting is intended to identify dimensions that are more suitable for graph convolution,
its estimation process can be unreliable in structurally complicated regions, and directly
reusing the original topology after splitting may still introduce incompatible propagation
paths. These issues call for a closer empirical examination before further architectural design.

To clarify this gap, we conduct two preliminary experiments. First, as shown in Figure 1,
nodes near class boundaries, which often exhibit label-inconsistent neighborhoods, con-
sistently show lower TFI-related informativeness than other regions. This suggests that
directly mixing untreated boundary nodes into the overall estimation may dilute the
estimated informativeness of candidate propagation dimensions and thus bias the split
criterion. Second, as shown in Figure 2, we assess feature–topology compatibility by com-
paring the original graph with the feature-induced kNN graph through Edge Overlap [16]
and Jaccard similarity [17], and by further measuring feature smoothness with Dirichlet
energy [18]. The results indicate that feature splitting weakens the alignment between
the split features and the original topology, revealing a clear feature–topology mismatch.
Such a mismatch may hinder effective message passing in GNNs when propagation is still
performed on the unchanged graph structure.
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(a) Class-boundary nodes in class-pair subgraph.
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Figure 1. Boundary-induced bias in estimating TFI for selective propagation. (a) Illustration of a
class-pair subgraph. Solid ellipses delineate two class-specific intra-class core regions (blue: Class
A; red: Class B), while the dashed ellipse highlights class-boundary nodes that lie between the two
cores and connect to both sides, potentially yielding label-inconsistent neighborhoods. (b) TFI scores
are computed using a mutual-information criterion over the Core, Global, and Boundary regions
for the original and clustered features. Boundary nodes show markedly lower TFI scores, while the
clustering-based method improves the boundary-region TFI and raises the overall estimate.
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Figure 2. Feature–topology mismatch of split features on the original topology. Compared with the
original features, split features yield lower Edge Overlap and Jaccard but higher smoothness energy,
indicating degraded feature–topology compatibility after feature splitting.

Taken together, these observations suggest that improving feature-splitting GNNs
requires intervention at two stages. The first is the estimation stage, where propagation-
favored dimensions are identified and can be biased by locally mixed neighborhoods.
The second is the propagation stage, where the selected graph-favored features interact
with the graph structure and may suffer from topology mismatch if the original graph is
directly reused.

To address these challenges, we develop a plug-and-play architecture called CoreShell
Adaptive augmentation with dual-branch Polarized Topology Refinement (CSA-PTR),
which enhances a feature-splitting pipeline from both the estimation and propagation
perspectives. Specifically, the core–shell adaptive augmentation module uses purity-aware
clustering to reduce the ambiguity introduced by class-boundary nodes, leading to more sta-
ble feature-preference estimation. Based on these refined preferences, the feature-splitting
process divides feature dimensions into a propagation branch and a feature-only branch, so
that message passing is reserved for dimensions that are more likely to benefit from graph
convolution. To further alleviate feature–topology mismatch, the Dual-branch Polarized
Topology Refinement module treats these two branches as complementary views and learns
polarized edge weights, yielding a more desirable topology for information flow. Through
this coordinated design, CSA-PTR improves both the reliability of feature-preference es-
timation and the suitability of propagation paths, making selective propagation more
effective on realistic graphs. Our main contributions are summarized as follows:

(1) We identify two coupled issues of feature-splitting GNNs on realistic graphs: biased
estimation of propagation-favored dimensions in locally mixed boundary regions,
and feature–topology mismatch caused by directly reusing the original graph after
feature splitting.

(2) We propose a coordinated framework, CSA-PTR, for feature-splitting GNNs on re-
alistic graphs. Rather than modifying the original splitting criterion itself, CSA im-
proves the contextual basis on which feature-wise propagation preference is estimated,
while DPTR refines the propagation topology used by the split graph-favored branch
through polarized relation modeling and dual-branch coordination.

(3) We provide extensive empirical evaluation on multiple benchmark datasets, including
low-label settings, an ablation study, statistical comparison, and a framework study,
showing that CSA-PTR achieves competitive and generally superior performance
across the evaluated settings.
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The rest of this paper is organized as follows. In Section 2, we review related work
on graph convolution, selective propagation, and polarization in GNNs. In Section 3, we
introduce the proposed CSA-PTR framework in detail, and in Section 4, we report the
experimental results and further analysis. Finally, Section 5 presents the conclusion and
outlines future work.

2. Related Work
2.1. Graph Convolution and Selective Propagation

GNNs have been predominantly developed under the message-passing paradigm,
where node representations are learned by aggregating information from neighboring
nodes over the graph structure. Early representative models, such as GCN [19] and
GAT [20], established the basic framework of neighborhood aggregation and demonstrated
the effectiveness of graph convolution for node representation learning. Building on this
foundation, a large body of work has focused on improving how information is propagated,
for example through subgraph sampling in GraphSAINT [21] and high-order propagation
in MixHop [22].

Despite these successes, most conventional GNNs still implicitly assume that neighbor-
hood propagation is broadly beneficial to representation learning. However, this assump-
tion does not always hold in realistic graphs. When graph topology is weakly aligned with
feature semantics, indiscriminate message passing may over-smooth discriminative signals,
thereby degrading downstream performance. To address these limitations, recent stud-
ies have moved beyond improving propagation strength alone and begun to investigate
selective propagation.

Earlier method-oriented studies mainly focused on adapting propagation to local
graph contexts, rather than enforcing a single propagation rule for all nodes. For instance,
Ada-GNN learns subgroup-specific personalized models to better capture local patterns,
while node-wise architecture methods further assign different propagation depths, ag-
gregators, and resolutions to different nodes according to their local structures [23,24].
More recently, representative feature-splitting frameworks introduce Topological Feature
Informativeness (TFI) to identify which dimensions are more suitable for graph convolution
and which are better preserved without propagation, thereby enabling more fine-grained
selective processing [15]. However, existing feature-splitting methods mainly focus on
determining which feature dimensions should be propagated, while paying less attention
to whether this preference can be estimated reliably in locally mixed regions and whether
the original topology remains suitable after splitting. In contrast, our work focuses on two
practical issues that remain underexplored in feature-splitting GNNs, namely the reliability
of preference estimation in locally mixed regions and the suitability of the reused topology
after splitting.

2.2. Polarization in GNNs

Most similarity-oriented propagation methods, such as GPR-GNN, still rely on a single
propagation stream and mainly improve smoothing-based aggregation [25]. Subsequent
studies began to explicitly model difference signals during message passing, as exemplified
by ACM-GNN [26]. A further line of work then considered similarity and dissimilarity
jointly, for example through compatibility modeling in CPGNN [27], but the two relations
are still not modeled in a sufficiently explicit manner. PMP-GNN advances this direction
by explicitly treating similarity and dissimilarity as dual message sources within a unified
polarized message-passing paradigm [28]. More recently, FTCP incorporates polarized
similarity–dissimilarity cues for topology adaptation [29]. IAGCN further introduces a
polarized mechanism to facilitate multi-view representation learning by enhancing node
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relationships [30]. Different from these methods, our topology refinement is not introduced
as a standalone module. Instead, it is designed specifically for the graph-favored branch
after feature splitting and is further coordinated by graph-independent semantic evidence
from the feature-only branch.

3. Method
3.1. Preliminaries

Let G = (V , E) represent a graph, where V = {v1, v2, . . . , vN} is the node set and
E ⊆ V × V is the edge set. We denote the node feature matrix by X ∈ RN×F, where
xi ∈ RF is the feature vector of node vi. The graph structure is represented by the adjacency
matrix A ∈ {0, 1}N×N , where Aij = 1 if (vi, vj) ∈ E and Aij = 0 otherwise. For semi-
supervised node classification, let VL and VU denote the sets of labeled and unlabeled
nodes, respectively. Let Y ∈ R|VL |×C denote the label indicator matrix, where C is the
number of classes.

We define Â = A + I as the adjacency matrix with self-loops, where I is the identity
matrix. Let D̂ be the degree matrix of Â. The normalized propagation matrix is then
defined as Ã = D̂− 1

2 ÂD̂− 1
2 . Given the input feature matrix H(0) = X, the propagation rule

of the (l + 1)-th layer is defined as H(l+1) = σ
(

ÃH(l)W(l)
)

, where W(l) is the trainable
weight matrix and σ(·) denotes the activation function. For node classification, the output
prediction is computed by Ŷ = softmax(H(L)Wo), where Wo is the output weight matrix.

3.2. Framework Overview

The overall architecture of CSA-PTR is illustrated in Figure 3. Our framework consists
of the following modules:

(1) Graph feature splitting: This module adopts the TFI-based feature-splitting strategy
to estimate feature-wise propagation preference and divide the input features into a
propagation-favored branch and a graph-agnostic branch.

(2) Core–shell adaptive augmentation: This module is designed to alleviate the bias
in propagation preference estimation caused by locally mixed neighborhoods. It
leverages granular-ball-based local grouping to derive more reliable core–shell-aware
support for node representations, thereby providing a better context for subsequent
feature-wise preference estimation.

(3) Dual-branch Polarized Topology Refinement: This module is developed to address the
mismatch between the selected propagation features and the original topology. By learn-
ing complementary polarized relation patterns in a dual-branch manner, this module
refines the topology used for message passing and enables more effective propagation.

3.3. Graph Feature Splitting (GFS)

Following the feature-splitting paradigm introduced in TFI, we first divide the input
feature dimensions into a graph-favored part and a graph-disfavored part. The intuition
is that graph propagation is not uniformly beneficial to all feature dimensions. Some
dimensions are more compatible with topology-aware aggregation and can benefit from
message passing, whereas others may be degraded by neighborhood mixing and are
therefore better handled by a graph-agnostic encoder. Based on this observation, GFS
routes different feature dimensions to different learning branches instead of applying the
same propagation operator to the entire feature space.

Existing graph metrics mainly characterize feature similarity over connected nodes.
However, for feature splitting, what we need to evaluate is not merely whether neigh-
boring nodes are similar, but whether graph propagation on a specific feature dimension
can provide label-relevant information for downstream prediction. To this end, mutual
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information offers a suitable tool, as it directly measures the statistical dependence between
variables and can capture both linear and non-linear relationships [31].
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Figure 3. Overview of the proposed CSA-PTR framework. Starting from the original graph (A, X),
the model first applies Core–shell adaptive augmentation (CSA), as shown in (a), to enhance node
features with more reliable local support. It then performs TFI-based feature splitting to divide the
features into a propagation-favored branch and a graph-agnostic branch. For the former, Dual-branch
Polarized Topology Refinement (DPTR), as shown in (b), refines the propagation topology through
polarity-aware relations and posterior consistency derived from the graph-agnostic branch. Finally,
the two branches are encoded separately and fused for node classification.

To measure the propagation preference of each feature dimension, TFI assigns the d-th
feature dimension a topology-aware informativeness score:

TFId = I
(

y; X̃:,d

)
, (1)

where X̃:,d = ÃkX:,d denotes the propagated signal of the d-th feature dimension, k is
the propagation hop, and y denotes the node label random variable. A larger TFId indi-
cates that the d-th feature dimension contains more label-relevant information after graph
propagation, and is therefore more suitable for topology-aware encoding.

Specifically, the mutual information term in Equation (1) is computed as

I(U; V) = ∑
v∈V

∑
u∈U

p(u, v) log
p(u, v)

p(u)p(v)
, (2)

where U and V denote two random variables, p(u, v) is their joint probability distribution,
and p(u) and p(v) are the corresponding marginal probability distributions. In Equation (1),
U and V correspond to the label variable y and the propagated feature signal X̃:,d, respectively.

In practice, TFI is estimated on the labeled training nodes only, so that no supervision
from validation or test nodes is involved in feature splitting. For each feature dimension,
the aggregated scalar signal is discretized into B bins by quantile-based partitioning, and the
mutual information is then computed from the empirical joint distribution between the
discretized signal and labels. To avoid excessive computational overhead and training
instability, the feature split is computed before the main optimization stage and kept fixed
during training unless otherwise specified.

After computing TFId for all feature dimensions, we rank these scores and split the
feature space according to a ratio r ∈ (0, 1). Let τr be the threshold for selecting the top-r
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fraction of feature dimensions according to their TFI scores. The graph-favored feature
subset XG and the graph-disfavored feature subset XM are defined as follows:

XG = {X:,d | TFId ≥ τr },

XM = {X:,d | TFId < τr }.
(3)

In this way, the original feature matrix is decomposed into a propagation-oriented
part and a non-propagation part.

The two subsets are then processed by separate encoders. Specifically, the graph-
favored features XG are fed into a GNN branch to exploit informative neighborhood
interactions, while the graph-disfavored features XM are processed by an MLP branch to
preserve discriminative signals without introducing unnecessary message mixing. For the
ℓ-th layer, the two branches are written as

H(ℓ)
G = σ

(
ÃH(ℓ−1)

G W(ℓ−1)
G

)
,

H(ℓ)
M = σ

(
H(ℓ−1)

M W(ℓ−1)
M

)
,

(4)

where H(0)
G = XG and H(0)

M = XM.
Finally, the outputs of the two branches are fused to obtain the final node representation:

Z =
[
H(L)

G ∥H(L)
M
]
W f + b f , (5)

where [·∥·] denotes concatenation, and W f and b f are trainable parameters. The fused
representation Z is then used for downstream node classification. Through this split-
processing design, GFS provides an explicit implementation of selective propagation at the
feature-dimension level.

3.4. Core–Shell Adaptive Augmentation (CSA)

Although GFS determines feature-wise propagation preference through a statistical
criterion, the reliability of this estimation still depends on the local context from which
the aggregated signals are formed. In realistic graphs, however, local neighborhoods are
often mixed and structurally unstable: nodes near class boundaries may be surrounded by
label-inconsistent neighbors, making the resulting context less reliable for judging whether
a feature dimension should be propagated. Therefore, the role of CSA is to construct a
cleaner contextual space for more reliable TFI estimation before feature splitting.

To examine how different context construction strategies affect TFI estimation, we
conduct an exploratory comparison of six variants, including perturbation-based, masking-
based, and clustering-based methods. As shown in Table 1, the clustering-based variant
yields the most consistent improvement across datasets. This result suggests that effective
TFI estimation benefits more from a cleaner contextual space for aggregation than from
generic structure-agnostic perturbations. One possible explanation is that clustering-based
augmentation reorganizes nodes with similar characteristics into compact local groups,
thereby reducing the interference caused by mixed boundary neighborhoods and providing
cleaner contextual support for propagation preference estimation.

This intuition can also be understood from the formulation of TFI. Using the identity
of mutual information, we have

TFId = H(y)− H
(

y | X̃:,d

)
, (6)

where H(y) is fixed for a given dataset. Therefore, improving TFId is equivalent to reducing
the conditional uncertainty H

(
y | X̃:,d

)
. In mixed boundary neighborhoods, semantically
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inconsistent neighbors may participate in aggregation, making the resulting aggregated sig-
nal less discriminative for predicting labels and thus increasing the conditional uncertainty.
By contrast, a cleaner contextual space can provide more stable local evidence, making
the aggregated feature more informative about the label distribution. More specifically,
boundary nodes distort TFI estimation by perturbing the empirical dependency between
the propagated feature signal and the label variable. When label-inconsistent neighbors are
mixed during propagation, similar propagated feature values may no longer provide stable
label-discriminative cues. Consequently, the empirical label uncertainty conditioned on the
same discretized feature bin increases, which enlarges H

(
y | X̃:,d

)
and lowers TFId. As a

result, some potentially graph-favored dimensions may be underestimated and incorrectly
assigned to the graph-agnostic branch, leading to biased feature splitting.

Table 1. Comparison of different context enhancement strategies on TFI-related statistics across three
citation datasets. “Top K%” denotes the average TFI over the top-K% feature dimensions ranked by
TFI. Bold: best.

Datasets Metrics
Methods

Default Gauss Shuffle Dim_masked Entry_masked Cluster

Cora

Mean 0.0306 0.0321 0.0259 0.0274 0.0295 0.0331
Top 5% 0.1609 0.1414 0.1354 0.1507 0.1588 0.1692
Top 10% 0.1335 0.1230 0.1146 0.1235 0.1318 0.1411
Top 20% 0.1034 0.0996 0.0952 0.0952 0.1031 0.1102

Citeseer

Mean 0.0261 0.0245 0.0241 0.0237 0.0244 0.0270
Top 5% 0.1388 0.1354 0.1376 0.1338 0.1351 0.1447
Top 10% 0.1163 0.1138 0.1136 0.1118 0.1136 0.1218
Top 20% 0.0920 0.0891 0.0878 0.0870 0.0891 0.0958

Pubmed

Mean 0.0393 0.0406 0.0268 0.0370 0.0327 0.0416
Top 5% 0.2054 0.1987 0.1470 0.1831 0.2586 0.2087
Top 10% 0.1713 0.1703 0.1240 0.1521 0.1630 0.1723
Top 20% 0.1325 0.1353 0.0982 0.1222 0.1101 0.1365

These observations further suggest that the choice of context constructor is also criti-
cal. For TFI estimation, a suitable constructor should preserve local purity and structural
stability, thereby providing more reliable contextual support for feature-wise propagation
preference estimation. Prior studies suggest that effective aggregation relies on stable
intra-class topological patterns rather than consistency-based metrics alone [32]. From this
perspective, granular computing provides a suitable inductive principle, as it organizes sam-
ples into compact information granules that better capture locally coherent and semantically
stable regions [33]. In particular, the purity-skeleton dynamic hypergraph suggests that a
purity-aware, granular-ball construction can effectively organize feature-space correlations
and data distributions into structured local regions [34], thereby preserving important
information and providing a more reliable contextual basis for TFI estimation.

As further illustrated in Figure 4, granular-ball clustering yields cleaner local par-
titions than k-NN clustering, especially around boundary regions, which is consistent
with our goal of constructing a more reliable contextual space for TFI estimation. To
further quantify this observation, we compute the partition purity on a sampled class-
pair subgraph from the dataset. For each granular ball Bm, its purity is defined as
P(Bm) = maxc |vi ∈ Bm = c|/|Bm|, and the weighted granular-ball purity is computed
as PGB = ∑m |Bm|P(Bm)/Ns, where Ns is the number of nodes in the sampled subgraph.
For k-NN, since it does not produce explicit disjoint clusters, we treat each node’s k-
nearest-neighbor set N k(i) as its local context and compute the average local purity as
PkNN = N−1

s ∑i maxc |vj ∈ Nk(i) = c|/|Nk(i)|.
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True Label Granular-ball Clustering k-NN Clustering

Figure 4. The figure provides an illustrative comparison of clustering behaviors. In this figure, red
dots represent class A, blue dots represent class B, and the overlapping region on the right indicates
the boundary area. From left to right are the ground-truth labels, granular-ball clustering, and k-NN
clustering. Compared with k-NN clustering, granular-ball clustering produces cleaner local partitions
around boundary regions.

As shown in Table 2, granular-ball clustering achieves slightly higher purity on the
whole subgraph and a much larger improvement in the boundary region. In particular,
the relative improvement reaches 8.58% in the boundary region, indicating that its ad-
vantage mainly lies in suppressing label mixing near class boundaries. This quantitative
result supports the visual observation in Figure 4: k-NN may connect feature-close but
label-inconsistent nodes around boundary regions, whereas purity-aware, granular-ball
clustering can recursively separate low-purity regions and form cleaner local contexts.
Therefore, what we need is a purity-aware context constructor that can suppress bound-
ary contamination while preserving structurally stable local support for TFI estimation.
Motivated by this observation, we design CSA to instantiate such a context enhance-
ment mechanism.

Table 2. Partition purity comparison between granular-ball clustering and k-NN clustering.

Region Granular-Ball k-NN Relative Improvement (%)

Whole graph 0.8200 0.8102 1.21
Boundary region 0.7962 0.7333 8.58

Specifically, CSA constructs a contextual space composed of two complementary
parts: a purity-aware core and an anchor-guided shell. The design choice is intentionally
lightweight in function rather than exhaustive in mechanism: the core is introduced to
suppress local boundary contamination, while the shell is introduced only to provide
complementary structural support when local evidence is insufficient.

We first use a clustering algorithm to partition the node feature space into a set of local
granular balls B = {B1, . . . , BM}. For each ball Bm, its center and radius are defined as

cm =
1

|Bm| ∑
xi∈Bm

xi, (7)

rm =
1

|Bm| ∑
xi∈Bm

∥xi − cm∥, (8)

where xi denotes the feature vector of node vi, and the summation is taken over all nodes
whose feature vectors belong to the granular ball Bm.
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Following the granular ball computing formulation, the purity of Bm is measured as

purity(Bm) =
max1≤t≤Km |St(Bm)|

∑Km
t=1 |St(Bm)|

, (9)

where St(Bm) denotes the subset of samples in the t-th subcluster of Bm, and Km is the
number of subclusters in Bm. Balls with purity lower than a hyperparameter threshold p
are recursively split until the criterion is satisfied. In this way, the resulting purity-ball set
provides compact local regions that better reflect the feature-space distribution and reduce
boundary-induced mixing.

For each node vi, let q(i) denote the index of the granular ball containing it. We then
define the core representation of vi as

hcore
i = (1 − λ)xi + λcq(i), (10)

where λ ∈ [0, 1] controls the strength of local purity-aware refinement.
While the core improves local semantic coherence, TFI estimation also benefits from

complementary structural evidence beyond a single granular ball. To this end, we se-
lect a small set of representative anchor nodes from the largest granular balls. Let
A = {a1, . . . , aS} denote the anchor set, where each anchor is chosen as the highest-degree
node in one selected large ball:

as = arg max
vj∈B(s)

deg(vj), (11)

with B(s) denoting the s-th selected large granular ball.
To make the shell aware of granular-ball boundaries under purity-aware guidance,

we define a purity-aware, ball-level edge cost ωuv and compute the shortest ball-aware
distance dB(i, as) from node vi to anchor as:

ωuv =

ωin, q(u) = q(v),

ωout, q(u) ̸= q(v),
ωout > ωin > 0, (12)

dB(i, as) = min
π:i⇝as

∑
(u,v)∈π

ωuv. (13)

For subsequent computation, we further map this distance into an anchor affinity αis

and use these affinities to obtain the shell representation of node vi:

αis = σ
(
− dB(i, as)

)
, (14)

hshell
i =

∑S
s=1 αisxas

∑S
s=1 αis + ε

, (15)

where σ(·) is the sigmoid function and ε is a small constant.
However, the need for shell supplementation is not uniform across nodes. Nodes

located in locally stable regions usually already possess sufficiently reliable contextual
support and, therefore, require only limited shell enhancement, whereas nodes near bound-
ary regions are more likely to suffer from unstable local evidence and thus need stronger
structural compensation. This suggests that the amount of injected shell information should
be adjusted according to each node’s structural role. Inspired by the idea of local-global
centrality, which jointly characterizes nodes from local and global structural perspectives,
we introduce a node-wise adaptive weight to modulate the strength of shell information
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injected into each node [35]. Specifically, we quantify each node from two complementary
aspects, namely local influence (LI) and global influence (GI), which are defined as follows:

LIi =
deg(vi)

maxvj∈V deg(vj)
,

GIi =
S

∑
s=1

αis

√
deg(as).

(16)

We further combine them into an adaptive centrality score

LGCi = LIi

(
GIi + γ

S

∑
s=1

αis

)
, (17)

where γ is a balancing coefficient. After min-max normalization, the node-wise fusion
weight is obtained as

wi =
LGCi − minj LGCj

maxj LGCj − minj LGCj + ε
. (18)

Finally, we combine the core and shell to obtain final feature XCSA and estimate TFI on
the CSA-enhanced context.

xCA
i = hcore

i + wi hshell
i . (19)

X̃CA
:,d = ÃkXCA

:,d . (20)

TFICA
d = I

(
y; X̃CA

:,d

)
. (21)

The purity-aware core reduces the ambiguity in feature-preference estimation, while
the adaptive shell provides a more reliable structural context. In this way, CSA stabilizes
node representations to support clearer feature splitting.

In addition to improving the reliability of feature-preference estimation, CSA is de-
signed as a lightweight preprocessing component, where the main extra cost comes from
purity-aware, granular-ball clustering. Following the notation above, let N = |V| and
F denote the number of nodes and the input feature dimension, respectively. Since the
granular-ball set has been defined as B = B1, . . . , BM, M denotes the number of generated
granular balls, while the number of graph edges is written explicitly as |E |. Let I denote
the maximum number of recursive splitting iterations in the purity-aware, granular-ball
clustering process, and let S denote the number of selected anchors. Since CSA is conducted
before TFI-based feature splitting, it introduces a one-time preprocessing cost rather than
an additional cost repeatedly incurred in each training epoch.

Specifically, purity-aware, granular-ball clustering recursively checks and splits low-
purity balls. In each splitting iteration, the algorithm scans node features in the current balls
to compute ball centers, radii, and purity scores. Since all nodes are visited at most once
in each iteration, this clustering step costs O(INF). After the granular balls are obtained,
constructing the core representation only requires a feature-level interpolation between
each node and the center of its corresponding ball, with cost O(NF). Anchor selection
can be completed by computing node degrees and scanning candidate balls, resulting
in O(|E |+ N) time. For the anchor-guided shell, computing ball-aware distances from
S anchors on the sparse graph costs O(S(|E |+ N) log N) with a standard shortest-path
implementation, and aggregating anchor features for all nodes costs O(NSF). The adaptive
core–shell fusion further costs O(NS + NF). Therefore, the overall time complexity of CSA
is O(INF + S(|E |+ N) log N + NSF + |E |).

The following dual-branch forward propagation after feature splitting also does not
double the graph propagation cost. Let FG and FM denote the dimensions of the graph-
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favored and graph-agnostic feature subsets, respectively, where FG + FM = F. Only the
graph-favored subset XG ∈ RN×FG is fed into the GNN branch and involves sparse neigh-
borhood aggregation, while the graph-agnostic subset XM ∈ RN×FM is processed by an
MLP branch without using the adjacency matrix. Therefore, the MLP branch introduces
only node-wise feature transformation cost, e.g., O(NFM H) for a hidden dimension H,
and does not incur edge-wise message passing cost such as O(|E |FM). Since FG + FM = F,
the dual-branch design reallocates features between graph-based and graph-agnostic en-
coders rather than applying two full graph propagations.

In our implementation, both I and S are bounded constants. Therefore, for sparse
graphs where |E | = O(N), the CSA preprocessing complexity reduces to a near-linear cost,
approximately O(NF + N log N). The space complexity mainly comes from storing the
enhanced node features, granular-ball assignments, ball centers, sparse graph structure,
and anchor affinities, requiring O(NF+ MF+ |E |+ NS) space. Since M ≤ N and S is fixed,
the space complexity is bounded by O(NF + |E |). Thus, although CSA introduces purity-
aware, granular-ball clustering and the subsequent model adopts dual-branch forward
propagation, the framework does not introduce dense pairwise computation or duplicate
full graph propagation, and its additional cost remains lightweight compared with standard
sparse graph learning.

3.5. Dual-Branch Polarized Topology Refinement (DPTR)

Although GFS separates graph-favored and graph-disfavored feature dimensions for
selective propagation, the graph-based branch may still suffer from a practical mismatch:
once the split propagation-oriented features are no longer well aligned with the origi-
nal graph, message passing on the unchanged topology may route information through
incompatible edges. Meanwhile, the graph-based and feature-only branches provide nat-
urally complementary views, but their interaction remains limited if they are optimized
independently. To address these issues, we introduce a Dual-branch Polarized Topology
Refinement (DPTR) module, which refines the propagation topology from a polarized
perspective and further coordinates this refinement with graph-independent evidence from
the feature-only branch.

Let XG ∈ RN×FG and XM ∈ RN×FM denote the propagation-favored features and the
feature-only features obtained by GFS, respectively. Following the polarized formulation,
we define the similarity matrix M+

ij and the dissimilarity matrix M−
ij as

M+
ij = Aij ·

(
(H)i,: ∥ (H)j,:

)⊤W+,

M−
ij = Aij ·

∣∣(HW−)i,: − (HW−)j,:
∣∣2,

(22)

where | | denotes vector concatenation, H = XG, and W+ and W− are learnable parameters.
On the MLP branch, we first obtain the branch embedding and then compute the

posterior prediction as follows:

ZM = MLP(XM),

OM = ZMWM
o ,

PM = softmax(OM),

(23)

where WM
o is the output projection matrix, and (PM)i,: denotes the posterior vector of

node vi.
Since the feature-only branch does not rely on graph propagation, its posterior pro-

vides graph-independent semantic evidence that can serve as a complementary cue for
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topology refinement. In particular, we use the inner product between posterior distributions
to measure the semantic consistency between two nodes [36,37], and define

Rij = (PM)i,:(PM)⊤j,:. (24)

To obtain a sparse and stable coordination operator, we further normalize and sparsify Rij:

(EP)ij =


exp(Rij)

∑
k∈TopKK(i)

exp(Rik)
, j ∈ TopKK(i),

0, otherwise,

(25)

where TopKK(i) denotes the set of the top-K nodes with the largest posterior consistency
scores for node vi.

Equation (25) serves as a posterior coordination operator for topology refinement.
Specifically, Aij anchors the refinement to the observed graph structure, exp(M+

ij − αM−
ij )

provides polarized support from the graph-favored branch, and (EP)ij acts as a semantic
gate derived from the feature-only branch. The Top-K sparsification further keeps the
coordination local and prevents over-dense semantic connections.

We then use the posterior consistency operator to coordinate the polarized relation
term when constructing the refined topology:

(EA)ij = Aij + (EP)ij · Aij · exp
(

M+
ij − αM−

ij

)
, (26)

where α > 0 is a learnable parameter.
Accordingly, we take APTR = EA and define the normalized propagation matrix as

ÃPTR = D− 1
2

PTR(APTR + I)D− 1
2

PTR, (27)

where DPTR is the degree matrix of APTR + I.
The graph-based branch then performs message passing on the refined topology and

H(0)
G = XG:

H(ℓ)
G = σ

(
ÃPTRH(ℓ−1)

G W(ℓ−1)
G

)
. (28)

Let ZG = H(L)
G denote the output embedding of the graph-based branch. We then fuse

the two branch representations and make the final prediction:

Z =
[
ZG ∥ZM]W f + b f . (29)

For node classification, the task loss is defined as

LossTask = − ∑
vi∈VL

C

∑
c=1

Yic log Ŷic. (30)

To jointly regularize the polarized topology and the posterior consistency operator,
we introduce an auxiliary topology-coordination loss defined as

LossLp = tr
(

E⊤
ALEA

)
−
 ∑

(vi ,vj)∈E
log Rij + ∑

(vi ,vj)∈E−
log
(
1 − Rij

), (31)

where L = D − A is the Laplacian matrix of the original graph, E− denotes a set of sampled
non-edge pairs. The overall objective is Loss = LossTask + LossLp.
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The first term regularizes the refined relation matrix with respect to the graph struc-
ture, encouraging structurally coherent topology refinement. The second term explicitly
increases posterior agreement on observed edges while discouraging high agreement on
sampled non-edge pairs. In this way, LossLp constrains the refined topology from both
structural and semantic perspectives.

The complexity of DPTR mainly comes from the pairwise polarized topology refine-
ment. Let FG and FM denote the dimensions of the graph-favored and graph-agnostic
feature subsets, respectively, where FG + FM = F. Let H denote the hidden dimension,
C denote the number of classes, L denote the number of GNN layers, and K denote the
number of retained posterior-consistency neighbors. Different from the CSA module, DPTR
is performed during model training. Following the polarized topology perturbation formu-
lation, the similarity matrix M+ and the dissimilarity matrix M− are defined over node
pairs. Therefore, computing the pairwise polarized relation introduces a quadratic term
with respect to the number of nodes.

Specifically, projecting the graph-favored features XG into the hidden space costs
O(NFG H). Computing the pairwise similarity and dissimilarity scores over node pairs
costs O(N2H), and storing the corresponding polarized relation matrices requires O(N2)

space before sparsification. On the graph-agnostic branch, the MLP produces posterior pre-
dictions through node-wise transformations, with cost O(NFM H + NHC). The posterior
consistency matrix R is computed by pairwise inner products between posterior distribu-
tions, which costs O(N2C) time and requires O(N2) temporary storage if fully materialized.
The subsequent Top-K operation sparsifies the posterior coordination operator and keeps
only K candidates for each node, leading to a sparse operator with O(NK) stored entries.

After the polarized relation and posterior coordination are obtained, the refined
topology is constructed by coordinating the original adjacency, polarized relation scores,
and posterior consistency. The final message passing is performed on the refined topology.
If the refined topology is stored after Top-K sparsification and adjacency-based masking,
the propagation cost is O(L|E ∗ PTR|H), where |E ∗ PTR| denotes the number of retained
edges in the refined topology. Therefore, the per-epoch time complexity of DPTR can
be summarized as O(NFG H + NFM H + NHC + N2H + N2C + L|E ∗ PTR|H), and its
additional space complexity is O(NH + NC + N2 + |E ∗ PTR|).

Although DPTR introduces a quadratic pairwise relation-estimation term, this cost is
controlled in two aspects. First, the polarized computation is applied to the graph-favored
branch after feature splitting, rather than to the entire original feature space. Second,
the graph-agnostic branch is implemented by an MLP and does not introduce another graph
propagation process. Moreover, Top-K sparsification prevents the refined topology used
for message passing from becoming fully dense. Therefore, DPTR introduces additional
pairwise topology-refinement overhead, but it does not duplicate full graph convolution
over both branches. This design provides a practical trade-off between topology refinement
capability and computational cost on the evaluated benchmark graphs.

In this way, DPTR first learns polarity-aware relations directly from the split
propagation-favored features, and then further uses posterior consistency from the feature-
only branch as complementary guidance to coordinate topology refinement. The resulting
topology is better aligned with the split propagation features, thereby alleviating feature–
topology mismatch and reducing the risk that messages are passed along incompatible
edges. For clarity, we summarize the overall procedure of CSA-PTR in Algorithm 1.
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Algorithm 1 The overall procedure of CSA-PTR.

Require: Graph adjacency matrix A, feature matrix X, labels Y, maximal training epochs T
Ensure: Prediction result Ŷ

1: Initialize model parameters
2: Construct context-enhanced features XCA via Equation (21)
3: Compute TFI scores on XCA and split features XCA into XG and XM

4: for epoch = 1, 2, . . . , T do
5: Construct polarized relations based on XG via Equation (22)
6: Obtain posterior consistency operator EP from the MLP branch on XM via

Equation (25)
7: Construct refined topology APTR via Equation (26)
8: Obtain graph-based embedding ZG with GNN on XG and APTR

9: Obtain feature-only embedding ZM with MLP on XM

10: Fuse ZG and ZM to obtain Ŷ via Equation (29)
11: Compute the Loss
12: Update parameters by gradient descent
13: end for
14: return Ŷ

4. Experiments
In this section, we evaluate the proposed CSA-PTR against several state-of-the-art

graph-based semi-supervised node classification methods, followed by ablation studies to
examine the contributions of its key components.

4.1. Experiment Setup
4.1.1. Datasets

We adopt seven benchmark datasets to evaluate the effectiveness of the proposed
method. The datasets are summarized in Table 3, which are briefly introduced as follows.
Cora, Citeseer, and Pubmed are three widely used citation networks, where nodes represent
scientific publications and edges denote citation links; Actor is an actor co-occurrence
network, where nodes correspond to actors and edges indicate co-occurrence relationships
on the same Wikipedia page; Texas, Cornell, and Wisconsin are three WebKB webpage
networks, where nodes represent webpages and edges correspond to hyperlinks between
webpages [38].

Table 3. Data details.

Datasets Nodes Edges Features Classes

Cora 2708 5429 1433 7
Citeseer 3327 4732 3703 6
Pubmed 19,717 44,338 500 3
Actor 7600 26,659 932 5
Texas 183 325 1703 5
Cornell 183 295 1703 5
Wisconsin 251 499 1703 5

4.1.2. Baselines

We compare CSA-PTR with state-of-the-art models under the same label rate settings.
(1) Classical GNNs: GCN [19], GAT [20], GraphSAGE [39], SGC [40]. (2) Mutual information-
based methods: DGI [41], GFS-GCN [15]. (3) High-order modeling approaches: MOGCN [42].
(4) granular-ball-based methods: PS-DHGNN [34], PGBSF-GCN [43]. (5) polarization-based
models: PMP-GNN [28]. (6) Advanced methods: PAGCN [44], LoGo-GNN [45], JNSGSL [46].

https://doi.org/10.3390/electronics15132882

https://doi.org/10.3390/electronics15132882


Electronics 2026, 15, 2882 16 of 24

4.1.3. Implementation Details

All experiments are conducted on a computer equipped with an NVIDIA RTX 4070
GPU. Our model is implemented in Python 3.10 with PyTorch 2.4.0. To better evaluate the
proposed CSA-PTR on semi-supervised node classification tasks, we conduct experiments
on seven benchmark datasets under the settings described above. Unless otherwise speci-
fied, we use a hidden dimension of 32, set the learning rate to 0.005, set the weight decay to
0.001, set the anchor number to 5, fix the dropout rate to 0.6, and set the propagation hop k
to 2. For the auxiliary hyperparameters in CSA and DPTR, we set the core interpolation
strength λ to 0.05, the LGC balance coefficient γ to 0.2, and the number of Top-K posterior
candidates K to 10. For all experiments, node classification accuracy (ACC) is adopted
as the evaluation metric. Our method is run multiple times under random initialization,
and the average results are reported. For baseline methods, we use the results reported in
the corresponding papers.

4.2. Experimental Results

Table 4 presents the node classification accuracy of CSA-PTR and various baseline
methods on seven benchmark datasets, where ours denotes the performance of CSA-
PTR. Overall, CSA-PTR achieves competitive and often superior performance across the
evaluated datasets. In particular, it attains the best results on several benchmarks while
remaining competitive on the others. These observations suggest that improving both
the reliability of feature-wise preference estimation and the suitability of post-splitting
propagation paths can be beneficial in practice.

Table 4. ACC (%) of node classification tasks. Bold: best; underline: second-best.

Methods
Datasets

Cora Citeseer Pubmed Actor Texas Cornell Wisconsin

GCN 81.5 69.5 79.2 27.9 62.1 37.8 45.8
GAT 83.0 72.6 79.0 27.8 59.4 43.2 49.4
GraphSAGE 82.4 71.9 79.4 26.3 50.6 40.5 49.2
SGC 81.0 71.9 78.9 27.1 51.3 43.2 52.9
DGI 82.3 71.8 76.8 28.2 64.8 45.9 54.9
MOGCN 83.3 72.4 79.2 25.4 54.0 45.9 54.9
PS-DHGNN 82.3 69.9 80.3 32.7 67.5 64.8 52.9
PGBSF-GCN 80.4 70.7 81.6 27.1 37.5 50.0 45.7
PMP-GNN 84.1 72.7 82.3 33.5 59.4 56.7 60.7
PAGCN 83.6 70.4 79.3 28.5 60.2 41.2 56.9
LoGo-GNN 84.6 73.4 81.6 31.2 67.6 45.9 52.9
GFS-GCN 81.7 71.6 81.8 33.2 72.9 68.1 72.5
JNSGSL 83.2 74.1 79.6 28.2 64.8 56.7 56.8
Ours 84.7 72.9 82.9 35.4 75.6 72.9 76.4

To further evaluate the performance of CSA-PTR under different supervision levels,
we conduct experiments with varying numbers of labeled nodes per class, as shown in
Table 5. Specifically, for Cora and Citeseer, we use {4, 8, 12, 16, 20} labeled nodes per class,
while for Pubmed, we use {5, 9, 12, 15, 20} labeled nodes per class, and we observe the
following results:

(1) Across different label settings, CSA-PTR maintains competitive and generally stable
performance on all three datasets. This suggests that the proposed framework is not
overly sensitive to the amount of supervision under the evaluated settings.

(2) The advantage of CSA-PTR is particularly evident on Pubmed. In terms of average clas-
sification accuracy, CSA-PTR surpasses the second-best method by 2.5% and achieves
the best result across all considered label settings. This trend is broadly consistent
with our motivation: under limited supervision, propagation preference estimation
becomes more vulnerable to locally mixed neighborhoods, while CSA and DPTR
jointly improve the reliability of splitting and the suitability of propagation paths.
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(3) On Citeseer, CSA-PTR is slightly inferior to JNSGSL in the main comparison, but the
label-rate results provide a more nuanced observation. Under lower supervision levels,
CSA-PTR outperforms JNSGSL and achieves a higher average accuracy on Citeseer.
This behavior is closely related to the characteristics of Citeseer, which has a relatively
high-dimensional sparse feature space and a sparse citation topology, making model
performance more sensitive to the amount of labeled data. With relatively sufficient
supervision, JNSGSL can benefit from explicit graph structure learning and may
introduce useful additional neighborhood relations beyond the observed sparse links.
In contrast, when labeled nodes are limited, such learned structures may become less
stable, while CSA-PTR relies on a more constrained selective propagation pipeline
that improves the contextual basis for feature-wise preference estimation and refines
the post-splitting propagation topology. This explains why CSA-PTR shows clearer
advantages under low-label settings on Citeseer, while still remaining competitive in
the main comparison.

Table 5. ACC (%) of node classification under different label rates. Bold: best; underline: second-best.

Datasets Train GCN GAT SGC MOGCN JNSGSL PS-
DHGNN

PGBSF-
GCN

PMP-
GNN PAGCN LoGo-

GNN
GFS-
GCN Ours

Cora

28 62.3 66.8 57.6 71.5 69.4 58.0 58.6 61.0 65.8 68.6 58.1 63.2
56 73.6 76.4 66.3 74.4 75.6 69.9 64.9 76.1 74.9 77.8 75.4 79.0
84 76.7 77.9 74.3 77.2 79.0 74.8 69.7 77.5 77.1 80.7 76.3 80.0
112 78.6 81.4 76.5 80.2 79.6 78.3 79.2 81.1 81.8 81.9 79.3 82.6
140 81.5 82.2 81.0 82.4 83.2 82.3 80.4 84.1 83.6 84.6 81.7 84.7
Average 74.5 76.9 71.1 77.1 77.4 72.7 70.6 76.0 76.6 78.7 74.2 77.9

Citeseer

24 55.7 55.6 43.9 55.2 58.9 53.6 54.9 59.4 53.7 55.6 51.8 60.2
48 63.3 62.3 52.3 64.0 63.6 58.8 63.8 64.3 66.4 59.1 60.5 66.5
72 65.8 66.3 59.6 66.1 68.6 63.1 67.1 67.2 65.8 60.0 67.3 68.9
96 67.1 67.8 63.0 69.0 72.2 64.1 69.8 69.4 68.7 70.1 68.7 71.6
120 69.5 72.6 71.9 72.4 74.1 69.9 70.7 72.7 70.4 73.4 71.6 72.9
Average 64.3 64.9 58.1 65.3 67.5 61.9 65.3 66.6 65.0 63.6 64.0 68.0

Pubmed

9 60.6 58.8 60.1 58.6 60.1 60.7 48.5 62.6 49.8 54.2 60.9 63.5
15 58.2 52.3 56.5 62.3 57.5 66.5 56.5 61.9 65.1 59.2 61.7 66.9
30 62.4 69.6 64.9 70.2 62.6 69.1 74.4 71.8 75.2 66.1 72.9 77.2
45 77.6 77.1 77.0 77.1 77.5 72.4 77.8 79.7 76.1 69.2 79.7 80.3
60 79.2 79.0 78.9 79.2 79.6 80.3 81.6 82.3 79.3 81.6 81.8 82.9
Average 67.6 67.4 67.5 69.5 67.5 69.8 67.8 71.7 69.1 66.1 71.4 74.2

CSA-PTR brings larger gains under low-label settings because both TFI-based fea-
ture splitting and topology refinement become more sensitive to insufficient supervision.
With limited labeled nodes, boundary-induced label inconsistency can more easily bias TFI
estimation, while sparse citation graphs further amplify the effect of mismatched propa-
gation paths. CSA reduces this estimation bias by constructing a purer contextual space,
and DPTR refines the topology with polarized relations and MLP posterior consistency,
making the framework more beneficial when supervision is scarce.

4.3. Statistical Analysis

To further examine whether the observed performance differences are statistically
reliable, we conduct a Friedman test followed by a Bonferroni–Dunn post hoc test on all
datasets [47]. The Friedman test confirms that the compared methods do not perform
equivalently, and the Bonferroni–Dunn test is then used to analyze the pairwise differences
between our method and the baselines.

Figure 5 shows the Bonferroni–Dunn test results. The horizontal axis represents the
average rank of each method, where a lower rank indicates better overall performance.
The critical difference (CD) at α = 0.05 is 2.3714. Our method achieves the best average
rank among all compared methods. Moreover, the rank differences between ours and
most baselines exceed one CD, indicating statistically significant improvements over the
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majority of competing methods. These results provide additional evidence for the overall
competitiveness of the proposed method.

1234567891011121314

GCN
SGC

PGBSF-GCN
GraphSAGE

GAT
MOGCN

DGI PAGCN
PS-DHGNN
JNSGSL
GFS-GCN
LoGo-GNN
PMP-GNN
Ours

CD

Figure 5. Bonferroni–Dunn post hoc test results of all comparison methods. The horizontal axis
denotes the average rank, where lower ranks indicate better overall performance. Bold lines indicate
methods whose rank differences are within the CD threshold.

4.4. Ablation Study

To demonstrate the significance of the proposed components, we design four repre-
sentative variants and evaluate them on the benchmark datasets. Specifically, GFS denotes
the original feature-splitting backbone adopted from GFS-GCN. Based on this backbone,
we construct several variants to examine the contributions of CSA and DPTR. OURS-
w-GFS denotes the basic GFS backbone without CSA or DPTR. OURS-w/o-DI removes
dual-branch interaction and applies only single-channel polarized topology refinement
after GFS. OURS-w/o-DPTR keeps CSA but removes DPTR, and thus focuses on improving
the reliability of feature-wise propagation preference estimation. OURS-w/o-CSA keeps
DPTR but removes CSA, and thus focuses on refining the propagation topology after
feature splitting. The complete model is denoted as OURS. From Table 6, the following
observations can be made:

Table 6. ACC (%) of CSA-PTR and its variants. Bold: best.

Methods Cora Citeseer Pubmed Actor Texas Cornell Wisconsin Average

OURS-w-GFS 81.7 71.6 81.8 33.5 72.9 64.8 70.5 68.1
OURS-w/o-DI 83.0 71.9 81.3 32.1 51.3 56.7 58.8 62.2
OURS-w/o-DPTR 83.8 71.8 82.5 33.4 70.2 51.3 68.6 65.9
OURS-w/o-CSA 84.4 72.5 82.7 33.0 67.5 70.2 64.7 67.9
OURS 84.7 72.9 82.9 35.4 75.6 72.9 76.4 71.6

(1) The complete model achieves the best results on all seven datasets, suggesting that
CSA and DPTR provide complementary benefits around the GFS backbone.

(2) The inferior performance of OURS-w/o-DI suggests that single-channel polarization
after feature splitting is insufficient. In contrast, the stronger results of OURS-w/o-CSA
indicate that dual-branch coordination plays an important role in topology refinement.

(3) Compared with OURS-w-GFS, the improvements of OURS-w/o-DPTR on citation
datasets suggest that CSA helps stabilize feature-preference estimation. Likewise,
the gains of OURS-w/o-CSA over OURS-w-GFS on several datasets indicate that topology
refinement after feature splitting is beneficial for alleviating feature–topology mismatch.

The above ablation study verifies the module-level contribution of CSA and DPTR.
In particular, removing either CSA or DPTR leads to performance degradation, indicating
that reliable feature-preference estimation and topology refinement are both important for
CSA-PTR. Since DPTR further introduces an auxiliary topology-coordination loss to guide
the refined topology, we conduct an additional ablation study to isolate the contribution
of each loss sub-term. Considering that this experiment focuses on verifying the loss
mechanism rather than providing another full benchmark comparison, we report the
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results on three representative citation datasets. Specifically, OURS-w/o-LossLp removes the
entire auxiliary topology-coordination loss and uses only the task loss. OURS-w/o-LossPost

removes the posterior pairwise consistency term and only keeps the graph Laplacian
regularization term, while OURS-w/o-LossLap removes the graph Laplacian regularization
term and only keeps the posterior pairwise consistency term.

As shown in Table 7, removing the entire auxiliary topology-coordination loss leads
to the largest performance degradation, with an average accuracy drop of 1.4 percentage
points. This indicates that LossLp provides useful supervision for topology refinement
beyond the task loss alone. When either the Laplacian regularization term or the posterior
pairwise consistency term is removed, the performance remains better than the task-only
variant but lower than the full model. This demonstrates that the graph Laplacian term and
the posterior pairwise term provide complementary structural and semantic constraints,
and their joint use leads to the best overall performance.

Table 7. ACC (%) of CSA-PTR under different auxiliary loss variants. Bold: best.

Methods Cora Citeseer Pubmed Average

OURS-w/o-LossLp 82.2 72.0 82.2 78.8
OURS-w/o-LossPost 84.3 72.8 82.7 79.9
OURS-w/o-LossLap 84.6 72.6 82.5 79.9
OURS 84.7 72.9 82.9 80.2

4.5. Parameter Sensitivity

In this subsection, we analyze the sensitivity of CSA-PTR to two key hyper parameters,
namely the split ratio r and the purity threshold p. The corresponding results are shown in
Figure 6.
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Figure 6. Parameter sensitivity analysis of CSA-PTR.

The purity threshold p controls how strictly local purity is enforced in CSA. A larger p
imposes a stronger purity constraint within each granular ball, whereas a smaller p allows
nodes with more diverse characteristics to be grouped together. To study its effect, we vary
p from 0.3 to 0.9 and report the corresponding node classification accuracy on seven bench-
mark datasets, as shown in Figure 6a. Overall, the performance remains relatively stable
when p ranges from 0.6 to 0.8, suggesting that a moderate purity constraint is generally
more suitable. This observation indicates that overly small p may retain excessive local
mixing, while overly large p may lead to excessively fragmented partitions and weaken
stable contextual support. We also observe dataset-specific preferences. For example,
Wisconsin performs poorly when p is small, whereas Cornell becomes worse when p is too
large. Therefore, a moderate purity threshold usually provides a better balance between
local coherence and structural stability.
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The split ratio r determines how many feature dimensions are assigned to the graph-
aware branch and the graph-agnostic branch in GFS. We use Bayesian optimization to
select the optimal value of r for each dataset, and the resulting values are illustrated
in Figure 6b. We observe that the citation datasets tend to prefer a larger graph-aware
proportion, indicating that more feature dimensions can benefit from topology-guided
propagation in these datasets. By contrast, the other datasets favor a more balanced split
between the two branches. This observation is consistent with the motivation of feature
splitting: the benefit of graph propagation is feature-dependent and dataset-dependent
rather than uniform across the full feature space. Overall, the observed distribution of
r further supports the necessity of selectively assigning different feature dimensions to
different processing branches.

The effects of r and p reflect a dataset-specific tradeoff. A larger r sends more features to
the graph branch and can exploit useful topology, but may also propagate graph-disfavored
dimensions when topology-feature alignment is weak. Similarly, a low p may retain mixed
boundary regions, whereas an overly high p may over-split local contexts. Therefore,
moderate values usually provide a better balance between structural utilization, boundary
suppression, and contextual preservation.

4.6. Visualization

To further demonstrate the differences between CSA-PTR and the compared meth-
ods, we visualize the learned node representations via t-SNE by reducing them to a two-
dimensional space [48]. The visualization results on the Cora dataset are shown in Figure 7.

(a) Raw graph (b) GCN (c) GAT

(d) GraphSAGE (e) MOGCN (f) GFS-GCN

(g) PGBSF-GCN (h) PMP-GNN (i) Ours

Figure 7. Visualized results. Different colored dots represent the actual category of each node.
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As shown in Figure 7, the raw graph exhibits a highly chaotic distribution, where
samples from different classes are heavily mixed and no clear class-wise structure can
be observed. After graph learning, the compared methods can separate several classes
to different degrees, but obvious overlaps still remain in many cases. In particular, al-
though methods such as GCN, GAT and GraphSAGE can already form several visible
clusters, the distributions are still relatively scattered and some classes remain mixed in
the central region. GFS-GCN, PGBSF-GCN, and PMP-GCN further improve the class-
wise structure, but there are still noticeable overlaps among different classes. By contrast,
the embeddings learned by our model exhibit clearer class boundaries and more compact
intra-class distributions. This visualization provides an intuitive illustration that the em-
beddings learned by CSA-PTR exhibit clearer inter-class separation and more compact
intra-class distributions, which is broadly consistent with the quantitative results.

4.7. Framework Study

As previously described, CSA-PTR can be integrated into different GNN encoders
in a relatively modular manner. To evaluate its generality, we instantiate it on three
representative backbones and compare the resulting models with the corresponding original
backbones as well as their GFS-based variants, where GFS refers to the basic feature-
splitting module that partitions features according to their propagation preference for
GNNs. The corresponding results are shown in Figure 8, from which two observations can
be made.

(a) GCN

(b) GAT

(c) SGC

Figure 8. Framework study of CSA-PTR on three representative backbones.

https://doi.org/10.3390/electronics15132882

https://doi.org/10.3390/electronics15132882


Electronics 2026, 15, 2882 22 of 24

First, CSA-PTR consistently improves the three representative backbones on most
datasets, suggesting that the proposed framework is not restricted to a specific encoder and
exhibits encouraging generality across the evaluated backbones.

Second, although the GFS-based variants already improve the original backbones
in many cases, the full CSA-PTR framework still achieves better results in most settings.
This suggests that basic feature splitting is beneficial, but that further improvement can be
obtained by jointly enhancing preference estimation and post-splitting topology refinement.

5. Conclusions
In this paper, we revisit feature splitting in GNNs through the lens of selective prop-

agation. While feature splitting offers a principled way to decide which dimensions to
propagate, our analysis reveals two practical pitfalls on real-world graphs: unreliable
propagation-preference estimation in locally mixed regions, and feature–topology mis-
match after splitting. To address these issues, we propose CSA-PTR, a plug-and-play
framework that enhances both estimation and propagation. Specifically, CSA constructs
a purity-aware core–shell context for more reliable preference estimation, while DPTR
refines the topology used by the graph-favored branch via polarized relation modeling and
dual-branch posterior coordination.

Extensive experiments on seven benchmarks show that CSA-PTR achieves competitive
or superior performance against strong baselines. Ablations confirm that CSA and DPTR
offer complementary gains—CSA improves estimation reliability, and DPTR alleviates
feature–topology mismatch. Additional results under varying label rates, statistical tests,
sensitivity analysis, visualizations, and framework studies further attest to its effectiveness
and robustness. Although the evaluated datasets cover multiple graph domains and
supervision settings, the current experiments are mainly conducted on small-to-medium-
scale benchmark graphs. Therefore, this study focuses on validating the effectiveness
of CSA-PTR for reliable feature splitting and topology refinement under standard semi-
supervised node classification settings. In addition, the full-batch pairwise topology-
refinement design in DPTR makes experiments on very large graphs computationally
demanding under the available hardware resources. Future work will explore scalable
variants of CSA-PTR, such as mini-batch training, neighbor sampling, and anchor-based
approximation, to extend the framework to larger graph scenarios.
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