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1. Introduction 
Complex networks consist of many entities interconnected by intricate relationships. They are 

commonly represented as graphs, where nodes denote individuals and edges represent their interactions. 

In reality, various types of complex networks exist, including social networks, public health networks, 

transportation networks, power grids, and many others. Community structure is one of the most 

significant characteristics of complex networks, as identifying these structures helps us better understand 

network organization and uncover valuable information. To this end, numerous community detection 

methods have been proposed [1]. The goal of community detection is to reveal groups of nodes within 

a complex network that exhibit strong internal connectivity and weak external connections. For instance, 

community detection can help identify friendship circles in social media [2], uncover high-risk groups 

in public health networks to prevent the spread of epidemics [3], reveal densely connected routes for 

optimizing transportation systems and reducing congestion [4], and user segmentation based on 

borrowing patterns to support more personalized collection recommendations in libraries [5]. 
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 Community detection is an important aspect of complex network analysis, 

especially in attribute networks where topological structure and attribute 

information both play a role in community formation. Traditional 

structure-based methods tend to result in topologically dense but 

semantically inconsistent communities, while attribute-based approaches 

can improve semantic coherence but face scalability constraints and high 

computational costs. On the other hand, graph sparsification techniques 

have been used to reduce the size of the network, but most focus on 

structural aspects alone and rarely consider attributes, so the quality of the 

resulting community is often degraded. This study proposes CPSK 

(Community Preserving Sparsification based on K-core), a sparsification 

framework that combines k-core decomposition with attribute-based side 

weighting. This approach is designed specifically for attribute networks, 

with the aim of maintaining a balance between structural reduction and 

community semantic consistency, while improving the efficiency of the 

detection process. Evaluation of the six datasets showed that CPSK 

consistently generates more stable and meaningful communities than 

existing attribute-based community detection methods, while maintaining 

an edge in computing efficiency on large-scale and heterogeneous 

networks.  
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A variety of approaches have been developed for community detection. Classical methods such as 

hierarchical clustering [6], [7], modularity maximization [8], [9], non-negative matrix factorization [10], 

and clustering-based algorithms [11] primarily rely on structural information while ignoring node 

attributes. To overcome this limitation, several attribute-based community detection methods have been 

proposed, including label propagation approaches [12], [13], mathematical programming [14], 

unsupervised network embedding that combines graph attention auto-encoders, modularity 

maximization, and self-training clustering [15]. These methods are further expanded by others, such as 

extensions of Louvain that incorporate homophily [16] and multi-view graph convolutional networks 

that integrate both structural and attribute information [17]. Although these methods are effective in 

leveraging attributes by calculating node similarity based on both structural and attribute information, 

they typically consider only local similarity. Consequently, two nodes may appear similar locally but 

belong to different communities in the global structure, leading to less cohesive communities overall 

because broader topological patterns are not captured. Furthermore, attributed community detection 

often suffers from scalability issues, as integrating structural and attribute information in large-scale 

networks substantially increases computational complexity 

To address these challenges, one widely considered strategy is graph sparsification. This approach not 

only reduces the complexity of large-scale networks but also has the potential to improve the quality of 

community detection. In the context of community detection, sparsification offers advantages by 

lowering computational complexity and clarifying hidden community structures. A variety of methods 

have been proposed, including link pruning [18], [19], spanner-based sparsification [20], spectral 

sparsification [21], effective resistance–based approaches [22], and edge sampling [23]. However, most 

of these approaches are not explicitly designed to preserve community structures, often resulting in 

degraded detection quality. This highlights the need for sparsification methods that are more 

community-preservation-oriented, particularly in attributed networks, to enhance community-detection 

quality while maintaining efficiency at scale. 

Although graph sparsification has proven effective in improving the scalability of network analysis, 

most existing approaches remain focused on topological aspects while neglecting node attributes. As a 

result, the detected communities are often structurally cohesive but semantically fragmented [23], [24]. 

Recent studies have attempted to incorporate attributes into the community detection process  [25], 

[26], yet such efforts are generally separate from sparsification strategies. In fact, preserving the network's 

core connectivity through sparsification while simultaneously maintaining attribute homogeneity 

represents two essential requirements that should be addressed together. This highlights the need for a 

comprehensive approach that integrates both structural and attribute information within a consistent 

framework. 

Motivated by these observations, we propose Community Preserving Sparsification based on k-core 

(CPSK), a framework that integrates scalability, preservation of core structures, and semantic cohesion 

of communities. CPSK is designed to overcome the limitations of conventional sparsification methods 

by maintaining the core backbone of communities through k-core decomposition while simultaneously 

preserving attribute homogeneity across nodes. The contributions of this study are threefold:(i) we 

introduce the CPSK framework, which employs k-core–based sparsification to preserve the structural 

backbone of communities while maintaining overall network connectivity;(ii) we integrate node attribute 

information into the sparsification process through edge weighting and preliminary community mapping 

to enhance semantic consistency; and (iii) we present an extensive evaluation of the framework’s 

effectiveness on various real-world datasets, considering both community quality and computational 

efficiency. The novelty of CPSK lies in integrating structural and attribute information directly within 

the sparsification step rather than applying sparsification and attribute-aware detection as separate stages. 

Finally, we show empirically that this integration improves scalability and yields robust results across 

parameter settings. 
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2. Related Works 
Community detection has evolved along two major directions: structure-driven and attribute-aware 

methods. Classical approaches such as Louvain [8], Label Propagation [27], spectral algorithms [28], 

and Stochastic Block Models [29] have been refined over time through improvements like Leiden [30], 

overlapping detection via deep learning [31], and multi-resolution strategies [32], extending their 

applicability to large and dynamic networks [33]. These methods scale efficiently but rely exclusively on 

topological cues, often overlooking semantic consistency. In contrast, attribute-aware approaches 

explicitly integrate node features, such as SAC [34], EVA [16], MAGCN [17], CDSSA [35], and 

embedding-based frameworks [36]. While these methods achieve stronger semantic alignment, they 

introduce heavy computational overhead and face scalability challenges on large heterogeneous graphs. 

This contrast reveals a persistent trade-off between scalability and semantic coherence, motivating the 

exploration of graph sparsification as a graph-processing strategy to improve efficiency while preserving 

essential structural properties. 

Various graph sparsification studies to find community structure, including similarity-based edge 

sparsification approaches [37], which rank and retain edges likely to belong to the same cluster but may 

compromise community integrity. More advanced approaches leveraged k-core decomposition to retain 

dense subgraphs by removing low-degree nodes [38]–[40], while edge-pruning techniques based on 

clustering coefficients, triangle participation [41], or betweenness centrality [42] sought to eliminate 

noisy or redundant links selectively. Spectral sparsification methods aimed to preserve Laplacian 

properties critical for modularity optimization [43], and more recent innovations include curvature-based 

sparsification [44] and motif-based filtering [45], both of which demonstrate improved preservation of 

mesoscopic structures. Despite recent progress, most sparsification methods remain structure-oriented, 

overlooking node attributes and peripheral connectivity [46]. While k-core decomposition effectively 

preserves the backbone of communities  [43], excessive focus on dense cores often neglects the role of 

low-degree nodes, which are essential in core–periphery structures to prevent fragmentation [47]. 

Hybrid approaches have been proposed to combine the efficiency of graph sparsification with the 

semantic consistency of attribute-aware methods, representing early attempts toward a unified 

framework. For instance, KnnA constructs k-nearest-neighbor subgraphs based on attribute similarity 

to reduce redundancy [48], while SAS-LP modifies label propagation by incorporating both structural 

and attribute weights [25]. Other studies integrate spectral sparsification with attribute weighting to 

preserve modularity while filtering irrelevant links [49], and embedding-based methods have also been 

used to fuse structural and attribute spaces into simplified representations [26]. These approaches reflect 

a shift toward integration, yet most still treat structure and attributes separately or rely on global filtering. 

Consequently, they add computational overhead, reduce stability, and neglect low-degree nodes, 

highlighting the need for a more comprehensive solution. 

Recent advances in attributed graph sparsification and scalable community detection have increasingly 

leveraged neural network-based approaches to balance efficiency and semantic consistency. Supervised 

sparsifiers, such as SGS-GNN, reduce computational overhead while maintaining high task performance 

[50], and models such as ConNet employ cross-attention to capture structural and attribute interactions 

for scalable community search [51]. Hybrid approaches like GATFELPA integrate graph attention with 

enhanced label propagation to improve community separation and mitigate over-smoothing [52]. In 

contrast, FS-GNN simultaneously enhances fairness and efficiency through feature and structure-aware 

sparsification [53]. These trends underscore the relevance of the proposed CPSK, which integrates k-

core-based sparsification with attribute weighting and explicit core–periphery preservation to achieve 

both scalability and semantic cohesion. 

In summary, graph sparsification methods enhance scalability but overlook semantic attributes, while 

attribute-aware approaches improve semantic consistency yet often face efficiency challenges. Hybrid 

strategies attempt to combine both aspects, but they still fall short in jointly preserving core structures, 

attribute homogeneity, and global connectivity. These limitations point to the need for a framework 

that begins with attribute weighting and then applies k-core-based sparsification to integrate structural 
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and semantic preservation within a unified approach. To better highlight the novelty of our approach, 

Table 1. provides a comparative summary between CPSK and several representative hybrid methods.  

Table 1.  Comparison of CPSK with representative hybrid sparsification methods 

Method Attribute-
aware? 

Sparsification / 
Integration Strategy 

Advantages Relative performance 
notes 

SAC Yes Attribute clustering + 

modularity maximization 

 

Strong semantic 

cohesion 

 

High purity, but poor 

scalability; fails on very 

large graphs 

EVA Yes, homophily 

integration 

 

Louvain extension with 

attribute weighting 

 

Balances structure + 

homophily 

 

Good entropy/purity; 

weaker on modularity in 

large heterogeneous 

networks 

MAGCN Yes,  GCN 

embedding 

 

Multi-view graph 

convolutional network 

 

Learns deep 

embeddings; strong 

semantic alignment 

 

High computational cost; 

less scalable to large 

graphs 

KnnA 

 

Yes, Knn from 

attributes 

 

Build Knn subgraph based on 

attribute similarity 

 

Strong local attribute  

homogeneity 

Performs well under 

attribute homophily; 

weak at backbone 

preservation 

SAS-LP 

 

Yes, structural + 

attribute 

weights 

 

Modified label propagation 

with structural + attribute 

weights 

 

Fast; suitable for LP-

friendly networks 

 

Excels on small or LP-

suited datasets; less stable 

on large graphs 

CDSSA 

 

Yes 

 

Attribute + structural 

similarity with adaptive 

weighting 

Good semantic 

preservation 

 

Stable on medium-scale 

graphs; scalability limited 

CPSK 
(proposed) 

Yes, linear 
weighting (𝜶𝜶) + 

prepartition 

k-core backbone + intra-
community edge sampling 

(𝜽𝜽) + core–periphery 
reconnection 

Preserves backbone 
& attributes; efficient 

at large scale 

High modularity & 
purity across most 

datasets  

 

The comparison focuses on whether each method incorporates attribute information, the main 

sparsification or integration strategy, the ability to explicitly preserve core/periphery structures, and their 

typical performance characteristics. This overview shows that CPSK uniquely combines k-core–based 

sparsification with attribute-aware weighting and explicit core–periphery preservation, thereby achieving 

both scalability and semantic cohesion more effectively than prior hybrids. 

3. Method 

3.1. Dataset 
For the evaluation, we used six datasets of networks with various attributes ranging from small to 

large scales, namely (i) Karate, a small network of friendship relationships between karate club members 

consisting of 34 nodes and 78 edges, (ii) Polblogs containing a network of political blogs consisting of 

1,222 nodes and 16,714 edges, (iii) Citeseer, a network of citations consisting of 3,327 nodes and 4,732 

edges, each node attribute in the form of a bag-of-word representation of the content of the publication, 

(iv)Cora, a citation network with 2,708 nodes and 5,429 edges, node attributes in the form of word 

vectors extracted from publication abstracts, (v) IMDB, the Movie Database network consists of 19,000 

nodes and 96,000 edges, with textual and categorical attributes and (vi) Gplus, a social network with 

107,614 nodes and 13,673,453 edges, with user profile attributes. The Karate and Polblogs data sets are 

small-scale networks; Citeseer and Cora are medium-scale, while IMDB and GPlus are large-scale 

networks. 
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3.2. Proposed Framework 
We propose the Community Preserving Sparsification Based on K-core (CP-SK) framework, a 

preprocessing stage for community detection in attribute networks. The basic idea is to selectively reduce 

the graph by concentrating intra-communities and preserving core–periphery connectivity, so that 

community detection in the resulting graph is more efficient while maintaining or even improving its 

structural quality and semantic coherence. The CP-SK framework includes three stages, as shown in 

Fig.1. consists of: (1) Preprocessing, (2) Core–Periphery-Preserving k-Core Sparsification, and (3) 

Community Detection. 

 

Fig. 1. Community Preserving Sparsification Based on K-core 

Given an attributed network G=(V,E,A), where  is the set of nodes, E the set of edges, and 

A={av∣v∈V}the node attribute set, two hyper-parameters are used: the degree threshold k for k-core 

selection and the retention ratio θ ∈(0,1] to control the sparsification size. 

3.2.1. Preprocessing 

3.2.1.1. Attribute Weighting 
This initial step aims to combine the structural and semantic information of the graph, where the 

weights of each side are defined as a linear combination of baseweights that represent the existence of 

structural connections and similarity of attributes between nodes. 

𝑤𝑤(𝑢𝑢, 𝑣𝑣) = 𝛼𝛼. 𝑏𝑏𝑏𝑏𝑏𝑏𝑏𝑏_𝑤𝑤𝑤𝑤𝑤𝑤𝑤𝑤ℎ𝑡𝑡 + (1 − 𝛼𝛼).𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴_𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠𝑠   (1) 

where  0 ≤ α ≤ 1, base_weight = 1 If the edge is connected and 0 is not, then the similarity attribute with 

the Jaccard similarity on the equation (2). 

𝑗𝑗𝑗𝑗𝑗𝑗𝑗𝑗𝑗𝑗𝑗𝑗𝑗𝑗(𝑢𝑢, 𝑣𝑣) = |𝐴𝐴𝑢𝑢∩𝐴𝐴𝑣𝑣|
|𝐴𝐴𝑢𝑢∪𝐴𝐴𝑣𝑣|

   (2) 

So that if the edge is connected, the weight of the edge becomes. 

𝑤𝑤(𝑢𝑢, 𝑣𝑣) = 𝛼𝛼 + (1 − 𝛼𝛼). |𝐴𝐴𝑢𝑢∩𝐴𝐴𝑣𝑣|
|𝐴𝐴𝑢𝑢∪𝐴𝐴𝑣𝑣|

   (3) 
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3.2.1.2. Apply CD to the weight graph 
Next, we perform community detection using Louvain to obtain an initial partition, which guides 

the identification of potential intra-community edges. This partition serves only as a heuristic and does 

not constrain the final community structure, so the pruned network can be analyzed with any community 

detection method. 

3.2.2. Core Periphery Preserving K-core Sparsification 

3.2.2.1. Apply k-core decomposition 
K-core decomposition is applied to extract the dense structural core (the maximal subgraph 𝐺𝐺𝑘𝑘), by 

computing the k-core, 𝐺𝐺𝑘𝑘=( 𝑉𝑉𝑘𝑘, 𝐸𝐸𝑘𝑘,  𝐴𝐴𝑘𝑘) where. 

V𝑘𝑘 = 𝑣𝑣 ∈ 𝑉𝑉|𝑑𝑑𝑑𝑑𝑑𝑑𝐺𝐺𝑘𝑘(𝑣𝑣) ≥ 𝑘𝑘, E𝑘𝑘 = (𝑢𝑢, 𝑣𝑣) ∈ 𝐸𝐸|𝑢𝑢, 𝑣𝑣 ∈ V𝑘𝑘   (4) 

This core forms the structural anchor of the sparsified graph, while peripheral nodes with weaker 

connectivity are candidates for pruning. 

3.2.2.2. Intra-community edge retention 
Based on the preliminary partition Π𝑝𝑝𝑝𝑝𝑝𝑝, we retain edges whose endpoints belong to the same 

community. 

𝐸𝐸𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 = (𝑢𝑢, 𝑣𝑣) ∈ 𝐸𝐸:Π𝑝𝑝𝑝𝑝𝑝𝑝(𝑢𝑢) = Π𝑝𝑝𝑝𝑝𝑝𝑝(𝑣𝑣)   (5) 

This restriction concentrates on edges that are structurally consistent with intra-community relations 

3.2.2.3. Intra-community edge selection (𝜽𝜽) 
To enforce sparsity, only a fraction 𝜃𝜃 of the intra-community edges is kept, forming. 

𝐸𝐸𝑘𝑘𝑘𝑘𝑘𝑘𝑘𝑘 ⊆ 𝐸𝐸𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖,𝑎𝑎𝑎𝑎𝑎𝑎 �𝐸𝐸𝑘𝑘𝑘𝑘𝑘𝑘𝑘𝑘� = 𝜃𝜃. |𝐸𝐸𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖|   (6) 

In the baseline implementation, edges are currently selected randomly according to 𝜃𝜃, which may 

introduce some variability across runs. However, this approach is not binding, and alternative strategies 

such as weight or attribute-prioritized selection can also be applied within the CPSK framework. This 

ensures that the edge selection process remains flexible and the method robust, while maintaining both 

structural backbone and semantic consistency. 

3.2.2.4. Build Sparsified graph 
The reduced graph 𝐻𝐻 is built from the core node set 𝑉𝑉𝑘𝑘 and the retained edges. Because edges 

naturally bring their endpoints, some peripheral nodes are included if they are incident to selected edges, 

producing a compact subgraph concentrated around the core. 

3.2.2.5. Core–periphery connectivity preservation 
To avoid isolating the core, each core node 𝑢𝑢 ∈  𝑉𝑉𝑘𝑘 is reconnected with its original neighbors missing 

in 𝐻𝐻, along with their edges. This step preserves short paths between core and periphery, ensuring the 

sparsified graph remains both connected and representative. The output of Stage 2 is a sparsified graph 

H that emphasizes intra-community structure while retaining core–periphery accessibility. 

3.2.3. Apply CD on Sparsified connected graph 
Finally, we implemented this stage with Louvain method (although any off-the-shelf detector 

method can be used without changing the framework community detection) performed on the sparsified 

graph H, yielding the final partition. Running detection on H reduces runtime and often improves 

structural quality by eliminating noisy cross-community edges. Evaluation of structural quality (e.g., 

modularity) and semantic consistency (e.g., attribute purity and entropy) is reported in the experimental 

section. 
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3.3. Evaluation Metrics 
The evaluation metrics we use for evaluation include:  

• Modularity to assess the quality of community structure in the form of intra-community density 

relative to random connections (the higher the value, the better), the formula is: 

𝑄𝑄𝑐𝑐 = ∑ �𝑘𝑘𝑐𝑐
𝑖𝑖𝑖𝑖

2𝑀𝑀
− �𝑘𝑘𝑐𝑐

2𝑀𝑀
�

2
�𝑛𝑛𝑐𝑐

𝑐𝑐=1    (7) 

where 𝑘𝑘𝑐𝑐𝑖𝑖𝑖𝑖  is the number of intra-community edges in the community, 𝑘𝑘𝑐𝑐 is the total degree 

(intra-community and inter-community edges) of the community, 𝑛𝑛𝑐𝑐 is the number of 

communities, and 𝑀𝑀 is the total number of edges in the graph. 

• Purity to measure the homogeneity of attributes in a community (the higher the value, the better), 

the formula is. 

𝑃𝑃𝑐𝑐 = ∏ 𝑚𝑚𝑚𝑚𝑚𝑚�∑ �𝑎𝑎(𝑣𝑣)�𝑣𝑣∈𝑐𝑐 �
|𝑐𝑐|𝑎𝑎∈𝐴𝐴    (8) 

where 𝐴𝐴 is the label set, 𝑎𝑎 ∈  𝐴𝐴 is a label, 𝑎𝑎(𝑣𝑣) is an indicator function that takes the value 1 if 

𝑎𝑎 ∈  𝐴𝐴(𝑣𝑣). 

• Entropy to assess attribute uniformity (the lower the better), the formula is. 

𝐻𝐻(𝐶𝐶𝑖𝑖) = −∑ 𝑃𝑃𝑖𝑖𝑖𝑖𝑙𝑙𝑙𝑙𝑙𝑙 𝑃𝑃𝑖𝑖𝑖𝑖𝑚𝑚
𝑗𝑗=1    (9) 

where 𝑚𝑚 is the number of distinct attribute classes within the community, and represents the 

proportion of nodes in community that belong to class 𝑗𝑗. We pair purity and entropy to capture 

semantic cohesion in a complementary way. 

• Normalized Mutual Information (NMI) to assess the suitability of the results with ground-truth 

(the higher the value, the better), the formula is: 

𝑁𝑁𝑁𝑁𝑁𝑁(𝐴𝐴,𝐵𝐵) = 2∗𝐼𝐼(𝐴𝐴,𝐵𝐵)
𝐻𝐻(𝐴𝐴)+𝐻𝐻(𝐵𝐵)

   (10) 

where 𝐼𝐼(𝐴𝐴,𝐵𝐵) is the mutual information between the two partitions 𝐴𝐴 and 𝐵𝐵, 𝐻𝐻(𝐴𝐴) and  𝐻𝐻(𝐵𝐵) 

are the entropies of partitions A and B, respectively. 

• Execution time as an indicator of the efficiency of the entire pipeline (the lower the value, the 

better), measured in terms of wall-clock time. 

3.4. Experimental Setup 
The performance of the proposed CPSK framework is compared against six state-of-the-art methods: 

SAC [34], Eva [16] , MAGCN [17], KnnA [48], CDSSA [35], and SAS-LP [25]. 

For fairness, all methods are implemented in Python with standardized hyperparameter settings, 

including the same k-value for k-core decomposition, uniform clustering parameters, and identical 

maximum iteration limits for label propagation. Results are averaged across 10 independent runs to 

mitigate noise and variability. 

In addition, we perform a sensitivity analysis of CPSK by varying three key parameters: the 

sparsification size (𝜃𝜃), the kernel threshold (𝑘𝑘), and the attribute-structure trade-off (𝛼𝛼). The purpose 

of this analysis is to examine the effects of these parameters on community quality. This approach allows 

us to demonstrate the robustness of CPSK across a range of settings and highlight how changes to each 

parameter affect the balance between structural preservation and semantic cohesion. 
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4. Results and Discussion 

4.1. Modularity Performance 
Fig. 2 shows that CPSK consistently achieves the highest modularity across all six datasets (Karate, 

Polblogs, Citeseer, Cora, IMDb, and Gplus).  

 

Fig. 2. Modularity values for comparison methods on real-world datasets 

In medium- and large-scale networks such as Citeseer, Cora, IMDb, and Gplus, CPSK demonstrates 

a clear advantage over competing methods, with KnnA ranking second but at a noticeable distance. On 

smaller datasets such as Karate and Polblogs, CPSK still maintains the best performance, though the 

margin over EVA is narrower. These results indicate that the proposed framework is effective at 

preserving dense intra-community structures across network scales. The integration of core–periphery 

preservation with attribute-based weighting enables CPSK to retain structural backbone quality even 

after sparsification, resulting in consistently higher modularity than all baseline methods. 

4.2. Clustering Accuracy (NMI) 
Fig. 3 demonstrates that CPSK achieves the highest NMI in five out of six datasets (Karate, Citeseer, 

Cora, IMDb, and Gplus), confirming its effectiveness in aligning detected communities with ground 

truth. The only exception is Polblogs, where SAS-LP slightly outperforms CPSK, reflecting the 

suitability of label propagation for this network type. On smaller datasets like Karate, the advantage of 

CPSK over CDSSA and SAS-LP is marginal, whereas on Citeseer and Cora, CPSK slightly surpasses 

CDSSA. In IMDb, CPSK shows the clearest margin of superiority, and in Gplus, it remains the best 

despite all methods producing relatively low scores. These results indicate that the combination of core–

periphery preservation and attribute weighting in CPSK enhances semantic consistency across various 

network scales, while highlighting that specific network characteristics may still favor alternative 

approaches such as SAS-LP. 

 

Fig. 3. NMI values for comparison methods on real-world datasets 
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4.3. Computational Efficiency 
Fig. 4 shows that CPSK achieves notable time efficiency across all datasets. It records the fastest 

execution on Karate, Citeseer, Cora, and Gplus, while on Polblogs and IMDb it ranks slightly below 

MAGCN and CDSSA, which are the fastest on those datasets, respectively. In contrast, SAC consistently 

performs the worst and even fails to scale on Gplus. KnnA and MAGCN also show sharp increases in 

runtime on larger networks, confirming scalability limitations. These results suggest that the core-

periphery-preserving mechanism in CPSK substantially reduces computational load without 

compromising quality, particularly in large-scale attributed networks. 

 

Fig. 4. Runtime  values for comparison methods on real-world datasets 

4.4. Semantic Cohesion (Purity and Entropy) 
The results of the semantic cohesion of the community are obtained through the purity and entropy 

of various data sets, as seen in Table 2 and Table 3. 

Table 2.  Purity scores across datasets for all methods 

 karate Polblogs Citeseer Cora  imdb Gplus 
SAC 0.9125 0.9595 0.4969 0.4513 0.7177 NA 

Eva 0.9805 0.9224 0.8369 0.3021 0.5387 0.2049 

MAGCN 0.607 0.5617 0.2399 0.3627  0.1462 0.2942 

KnnA 0.26888 0.1766 0.2956 0.8369 0.7475  0.4141 

CDSSA 0.9955 0.9734 0.9060 0.9455 0.9197 0.8284 
SAS-LP 1.0000 0.9953 0.9442  0.9661 0.9882 0.8087 

CPSK 1.0000 0.9964 0.9427  0.9677 0.9541 0.8105 

Table 3.  Entropy scores across datasets for all methods 

 karate Polblogs Citeseer Cora  imdb Gplus 
SAC 0.3201 0.2266 0.9398 0.74 0.7942 NA 

Eva 0.0986 0.0468 0.4229 0.2904 0.1385   0.3502              

MAGCN 0.284 0.1857  0.3544   0.71   0.8749 0.8049 

KnnA 1.00 0.8749 0.7599 0.4229  0.7537 0.8682  

CDSSA 0.0248 0.0704 0.2178 0.1372 0.2131 0.4128 

SAS-LP 0.0051 0.0332 0.1461 0.0988 0.0596 0.5146 

CPSK 0.0014 0.0163 0.1417  0.1166 0.1236  0.5639 

 

CPSK consistently demonstrates very high purity across all datasets. The method achieves the highest 

scores on Karate (tied with SAS-LP), Polblogs, Cora, and Gplus; while on Citeseer and IMDb, CPSK 

ranks second with only a slight margin below SAS-LP. These results highlight CPSK’s ability to preserve 

attribute homogeneity across networks of varying scales. In terms of entropy, CPSK produces the lowest 

values on Karate, Polblogs, and Citeseer. For Cora, CPSK ranks second, just below SAS-LP; similarly, 

for IMDb, CPSK also ranks second after SAS-LP. In the case of Gplus, a highly large and heterogeneous 

network, EVA achieves the lowest entropy, followed by CDSSA, SAS-LP, and CPSK. 
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The combination of core–periphery preservation and attribute-based weighting enables CPSK to 

maintain semantic cohesion within communities, as reflected in its high purity and low entropy across 

most datasets. The exception observed in highly heterogeneous networks (e.g., Gplus) suggests that 

approaches emphasizing homophily or label propagation, such as EVA or SAS-LP, may be better suited 

to certain topological and attribute characteristics. 

4.5. Discussion 
The advantages of CPSK across multiple metrics can be explained by its design, which combines 

core–periphery preservation with attribute-based weighting. The core–periphery preservation 

mechanism ensures that critical edges within the community backbone are retained, thereby maintaining 

consistently high modularity even in large networks, as internal community density is not significantly 

distorted by sparsification. An additional point of consideration concerns peripheral nodes. While 

pruning may oversimplify networks in which low-degree nodes still carry semantic weight, CPSK 

mitigates this effect through its explicit core–periphery reconnection step, which ensures peripheral 

nodes remain attached to the structural backbone. The integration of attributes into the weighting 

process directly enhances semantic quality, as reflected in the high purity and low entropy values, since 

nodes with similar attributes are more likely to be grouped consistently. This also explains the 

improvement in NMI, as CPSK’s balanced treatment of structure and attributes enables detection results 

to align more closely with the ground truth than purely structure-based methods or label-propagation 

methods.  

Nevertheless, it should be noted that NMI values remain consistently low on certain datasets, such 

as IMDB. This phenomenon is largely due to weak alignment between the provided ground-truth labels 

and the actual structural communities, which often overlap and display high attribute heterogeneity. In 

such cases, even though CPSK produces communities with high purity and low entropy, the NMI metric 

underestimates their quality. This reflects a limitation of the ground-truth labels rather than the CPSK 

framework itself and suggests that adaptive attribute weighting or multi-label strategies may be helpful 

for highly heterogeneous networks.  

From a computational efficiency perspective, selective pruning at the periphery reduces the processing 

burden while preserving the community backbone, allowing CPSK to remain lightweight and scalable 

on large graphs, unlike other methods that suffer sharp increases in runtime. The slightly lower 

performance observed against specific methods on particular datasets (e.g., SAS-LP on Polblogs or EVA 

on Gplus) reflects the inherent characteristics of those networks, which are better suited to specialized 

approaches, such as networks with exceptionally strong homophily (favoring EVA) or those where label 

diffusion is particularly effective (favoring SAS-LP). Overall, CPSK demonstrates adaptive superiority by 

balancing structural and attribute preservation while ensuring computational efficiency. This balanced 

performance contrasts with earlier hybrid sparsification–attribute approaches, which often improve 

semantic consistency at the expense of scalability (e.g., KNN-Atr, SAS-LP), or prioritize efficiency at 

the expense of semantic quality. CPSK’s integration of k-core pruning and attribute weighting enables 

it to mitigate this trade-off more effectively. It is also important to note that although Louvain is used 

in our experiments as the main detector, the CPSK framework is algorithm-agnostic and can be 

integrated with other community detection approaches, reinforcing its general applicability. 

The dominant costs in CPSK are: (i) k-core decomposition, which runs in 𝑂𝑂(∣ 𝑉𝑉 ∣ +∣ 𝐸𝐸 ∣); (ii) 

attribute-based edge weighting and preliminary partitioning, which are linear in the number of edges 

(approximately 𝑂𝑂(∣ 𝐸𝐸 ∣⋅ 𝑠𝑠) where 𝑠𝑠 denotes the average cost of computing attribute similarity); and (iii) 

intra-community selection (edge sampling), again proportional to ∣ 𝐸𝐸 ∣. Thus, the framework’s main 

steps scale near-linearly in typical sparse graphs. For comparison, different baselines have different scaling 

characteristics: KnnA constructions can be 𝑂𝑂(|𝑉𝑉|2) without acceleration, label-propagation variants are 

often near-linear in ∣ 𝐸𝐸 ∣, spectral methods may require costly eigen computations, and MAGCN 

methods involve iterative message passing with costs proportional to the number of edges per epoch 

(and multiplied by the number of layers and training epochs). Importantly, CPSK’s practical speedup 

comes from performing the final, often expensive, community detection on the reduced graph 𝐻𝐻 (with 
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∣ 𝐸𝐸𝐸𝐸 ∣≪∣ 𝐸𝐸 ∣), which lowers the overall wall-clock time even when individual preprocessing steps are 

linear.  

Beyond benchmark evaluations, CPSK achieves practical impact by pruning redundant edges while 

preserving the k-core backbone and attribute-consistent links, yielding a smaller yet semantically 

meaningful network. This enables social media platforms to identify cohesive user groups for content 

moderation, epidemiological networks to highlight key transmission pathways for targeted interventions, 

and recommendation systems to cluster users more effectively for personalization. These cases 

demonstrate how CPSK balances scalability with semantic cohesion in large, heterogeneous networks. 

While CPSK demonstrates superior performance across most datasets, we observed that in highly 

heterogeneous networks such as Gplus, methods like EVA or CDSSA may outperform CPSK on specific 

metrics such as entropy or purity. This is likely due to two factors: (i) the strong diversity of attributes 

and loose community structures, which favor label-propagation-based approaches; and (ii) the 

sparsification step emphasizing dense cores, which may reduce local heterogeneity patterns. To mitigate 

these limitations, adaptive parameter tuning (e.g., lowering θ for heterogeneous subgraphs) or non-

uniform intra-edge selection strategies could help preserve more local diversity. These directions 

highlight opportunities for future extensions of CPSK to handle highly heterogeneous networks better. 

4.6. Parameter Sensitivity Analysis 

4.6.1. Sparsification Size (𝜽𝜽) 
The sensitivity analysis of sparsification size reveals consistent patterns across both datasets. In Fig. 

5(a) (IMDB), increasing the level of sparsification leads to purity approaching 1 and entropy decreasing 

significantly toward zero, while modularity remains relatively stable at a high level and NMI consistently 

low. This indicates that even as the graph is reduced, the community structure remains well preserved 

and semantic homogeneity among nodes improves.  

(a) 

 

(b) 

 

Fig. 5. Impact of Sparsification Size on Community Quality for (a) IMDB and (b) Gplus (k=2, α=0.5) 
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In Fig. 5(b) (Gplus), a similar trend is observed, with increasing purity and decreasing entropy, 

alongside a gradual rise in NMI, suggesting that community detection results become more consistent 

with the ground truth as sparsification increases. Overall, these findings demonstrate that sparsification 

can strengthen semantic cohesion and preserve modularity without compromising community detection 

quality. 

4.6.2. Core Threshold (𝒌𝒌) 
Fig. 6 shows that variations in the k-core value do not significantly affect community quality in either 

dataset. 

 

(a) 

 

(b) 

Fig. 6. Impact of Core Threshold (k) on Community Quality for (a) IMDB and (b) Gplus (spar_size=0.5, α=0.5) 

In IMDB, modularity remains consistently high at around 0.9 across the entire range of k, while 

purity and entropy exhibit only minimal fluctuations around stable averages, and NMI stays low without 

notable variation. This indicates that the community structure in IMDB is relatively insensitive to 

changes in the k-core parameter. Similarly, in Gplus, the same pattern is observed: modularity remains 

high and stable, entropy and purity are relatively consistent, and NMI remains low with negligible 

change. These findings suggest that variations in k have only a minimal impact on community quality, 

indicating that CPSK is robust to changes in the k-core parameter and does not depend on the selection 

of a specific k value. 
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4.6.3. Attribute–Structure Trade-off (α) 
Fig. 7. illustrates that the parameter α exhibits relatively stable patterns across both datasets, with 

significant changes occurring only at the extreme value of α = 0.0. In IMDB, modularity remains 

consistently high at around 0.9 across the entire range of α, while purity is generally stable with a slight 

increase at α = 0.0. Entropy remains low overall and decreases further as α approaches 0.0, whereas NMI, 

which is otherwise consistently low, rises sharply only at α = 0.0. A similar trend is observed in Gplus, 

where modularity remains high and stable, purity and entropy show negligible changes except at α = 0.0, 

where purity increases, entropy decreases, and NMI rises substantially. Overall, these results indicate that 

the method is robust to variations in 𝛼𝛼, with major shifts occurring only under the extreme condition 

in which structural information is completely ignored (α = 0.0), leading attributes to dominate the 

community detection process. 

 

(a) 

 

(b) 

Fig. 7. Impact of Attribute–Structure Trade-off (α) on Community Quality for (a) IMDB and (b) Gplus (k=2, 

spar_size=0.5) 

The sensitivity analysis across the three parameters shows that CPSK is robust in preserving 

community quality under different configurations. Varying the sparsification size demonstrates that even 

as the graph is reduced, modularity remains high while purity increases and entropy decreases, indicating 

stronger semantic cohesion and improved attribute consistency. The results for k-core show minimal 

impact on evaluation metrics, confirming that CPSK is independent of a specific backbone and can be 
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applied flexibly across networks with diverse degree distributions. Similarly, the α analysis shows stable 

performance across most values, with major changes only occurring at the extreme case of α = 0, where 

structural information is entirely ignored. Overall, these findings confirm that CPSK consistently 

maintains high-quality community detection across parameter variations, highlighting its suitability for 

large-scale, heterogeneous networks. 

5. Conclusion 
A new community detection framework, CPSK (Community Preserving Sparsification based on K-

core), is proposed in this paper. In this framework, a community-preserving mechanism is introduced 

to retain the network's structural backbone, while attribute–aware weighting emphasizes semantic 

similarity between nodes. By integrating these two characteristics, the original graph is sparsified to 

preserve dense intra-community links while discarding redundant edges, thereby reducing computational 

load without compromising community integrity. Experimental results on six benchmark datasets 

demonstrate that CPSK consistently achieves higher modularity, improved NMI, and better semantic 

cohesion in terms of purity and entropy, while also providing significant time efficiency compared to 

existing methods. These findings confirm that CPSK effectively balances structural preservation and 

attribute homogeneity, making community detection more scalable and reliable on large heterogeneous 

networks. For future work, we plan to explore adaptive strategies for the attribute–structure trade-off 

parameter α at the community level, extend CPSK to dynamic attributed networks, and incorporate 

more robust weighting schemes to handle highly sparse or noisy attributes. 
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