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1. Introduction

Link prediction in complex networks has emerged as a fundamental problem with applications spanning social
network analysis, biological systems, recommendation systems, and collaborative filtering [1]. Among the numerous
similarity-based approaches proposed for link prediction, the Common Neighbour (CN) index stands as the most
fundamental and widely adopted heuristic, serving as the backbone upon which many sophisticated methods have
been built [2]. This paper presents a comprehensive analysis of the Common Neighbour index and its role as the
foundation for graph-based link prediction methods in complex networks [3].

The link prediction problem can be formally stated as follows: given a network G=(V,E) at time t, predict the set of
edges that will appear at time t+At [1]. This problem has attracted considerable attention due to its wide-ranging
applications in social network analysis, bioinformatics, telecommunications, and e-commerce [4]. Among the
numerous approaches proposed for link prediction, similarity-based methods have proven to be particularly effective
and computationally efficient [2]. These methods compute a similarity score for each pair of nodes and predict links
for the pairs with the highest scores [1].
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The Common Neighbour (CN) index stands as the most fundamental and widely adopted similarity measure in link
prediction [2]. The CN index counts the number of shared neighbours between two nodes, based on the intuitive notion
that if two nodes share many common acquaintances, they are likely to be connected or become connected in the
future [3]. This simple yet powerful heuristic has served as the backbone upon which many sophisticated link
prediction methods have been built [4].

The popularity of the CN index stems from several factors: its simplicity, computational efficiency, interpretability,
and surprisingly strong performance across diverse network types [5]. The CN index requires only local topological
information, making it scalable to large networks. Moreover, the CN index forms the basis for numerous extensions
and enhancements, including the Adamic-Adar index, Resource Allocation index, Jaccard Coefficient, and various
weighted and temporal variants [6].

This paper makes the following contributions: (1) Provides a comprehensive analysis of the Common Neighbour index
and its role as the backbone of graph-based link prediction methods; (2) Examines the theoretical underpinnings and
mathematical formulation of the CN index; (3) Explores the relationship between CN and other similarity measures;
(4) Reviews various extensions and enhancements of the CN index; (5) Presents experimental results demonstrating
the effectiveness of CN and its variants; (6) Analyzes the contribution of CN-derived features through SHAP analysis.

The remainder of this paper is structured as follows: Section 2 reviews related work in link prediction and the CN
index. Section 3 presents the theoretical foundations of the CN index. Section 4 examines extensions and variants of
the CN index. Section 5 presents the experimental methodology. Section 6 presents results and analysis. Section 7
discusses implications and limitations. Section 8 concludes the paper.

2. Literature Review

Link prediction has been extensively studied in complex networks across various domains [1, 2, 3]. Traditional
approaches can be categorized into three main classes: topology-based methods, content-based methods, and hybrid
methods [1]. Topology-based methods rely on the structural properties of networks to compute similarity scores
between node pairs [2]. Common approaches include Common Neighbours, Adamic-Adar, Resource Allocation,
Jaccard Coefficient, and Preferential Attachment [3]. These methods are computationally efficient and effective for
various network types [4]. Content-based methods utilize node attributes, metadata, and semantic information to
compute similarity scores [7, 8]. In scientific collaboration networks, these include research interest similarity,
affiliation similarity, and publication venue similarity [7]. Hybrid methods combine topological and content-based
features to leverage complementary information sources [1]. Recent work has demonstrated that hybrid approaches
outperform individual methods [5, 7].

The Common Neighbour (CN) index was among the first similarity measures proposed for link prediction [1]. The
CN index is based on the intuitive notion that two nodes are more likely to be connected if they share many common
neighbours [2]. This heuristic has strong theoretical foundations in social network theory, where the principle of triadic
closure suggests that if two people have a common friend, they are likely to become friends themselves [1]. Liben-
Nowell and Kleinberg [1] conducted a comprehensive evaluation of various link prediction methods, finding that the
CN index performed competitively across multiple network types. Zhou, Lii, and Zhang [3] proposed the Resource
Allocation index as an enhancement to the CN index, weighting common neighbours by their degree. Their work
demonstrated that inverse-degree weighting of shared neighbours captures a durable structural signal [3]. Lii and Zhou
[2] conducted a comprehensive survey of link prediction methods, identifying the CN index as one of the most widely
adopted and effective approaches. Their survey highlighted the relationship between CN and other similarity measures

[2].

The CN index has strong theoretical foundations in several areas: (1) Triadic Closure - the principle that if two nodes
share a common neighbour, they are likely to become connected [1]; (2) Homophily - the tendency of similar nodes
to connect implies that nodes sharing neighbours are structurally similar and thus likely to connect [9]; (3) Structural
Equivalence - nodes with similar neighbourhood structures are more likely to be connected, as they occupy similar
positions in the network [10].
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Numerous extensions and enhancements of the CN index have been proposed: Adamic-Adar (AA) weighs shared
neighbours by the inverse logarithm of their degree, giving more weight to rare common neighbours [11]; Resource
Allocation (RA) weighs shared neighbours by the inverse of their degree, based on a resource allocation process [3];
Jaccard Coefficient (JC) normalizes the CN count by the union of neighbourhood sets, accounting for differences in
node degrees [2]; Preferential Attachment (PA) assumes that nodes with higher degree are more likely to connect [2];
Weighted CN incorporates edge weights to capture the strength of connections [12]; Temporal CN incorporates
temporal information to capture the recency of common neighbours [5].

Modern link prediction approaches continue to build upon the CN foundation: Graph Neural Networks (GNNs)
leverage the neighbourhood structure captured by CN to learn node representations [13]; Network Embeddings such
as Node2Vec and DeepWalk capture neighbourhood patterns similar to CN [14, 15]; Ensemble Methods combine CN
with other features to improve performance [7, 16]; Large Language Models (LLMs) have been explored for link
prediction, with CN serving as a baseline for comparison [5].

While significant progress has been made in link prediction, several gaps remain regarding the understanding and
application of the CN index: limited formal analysis of why CN works so effectively across diverse network types;
limited understanding of optimal weighting schemes for common neighbours; limited incorporation of temporal
information in CN-based methods; limited investigation of CN performance across different domains; and limited
analysis of the contribution of CN-derived features in hybrid approaches. This study addresses these gaps by providing
a comprehensive analysis of the CN index and its role as the backbone of graph-based link prediction methods.

3. Theoretical Foundations

3.1 Mathematical Formulation

Let G=(V,E) be an undirected network where V is the set of nodes and E is the set of edges. For anode v € V, let N(v)
denote the set of neighbours of v, and d(v) = |[N(v)| denote the degree of v. The Common Neighbour (CN) index
between nodes u and v is defined as:

CN(w,v) = |N(u) N N(v)|
3.2 The Principle of Triadic Closure

The CN index is grounded in the principle of triadic closure, which states that if two nodes share a common neighbour,
they are likely to become connected [1]. This principle has strong empirical support across various network types [2].
The probability of triadic closure can be formalized as:

P(edge(u,v) |CN(u,v)=k)=1-(1 -p)'k

where p is the probability of closure for each common neighbour, assuming independence.
3.3 Relationship to Other Similarity Measures

The CN index forms the basis for numerous other similarity measures:
Adamic-Adar (AA) [11]:

AA(v)=X {z€ N(u) NN(W)} 1/log(d(z))

Resource Allocation (RA) [3]:

RA(,v)=Z%2 {z€ N@u) N NW)} 1/d(z)

Jaccard Coefficient (JC) [2]:

JC(u,v) = N(u) N N(V)|/ [N(u) U N()|

Preferential Attachment (PA) [2]:

PA(u,v) =d(u) x d(v)

Katz Index [1]:

IJWOS | Volume 3 Issue 6, June 2026 | https:/ijwos.com 495



International Journal of Web of Multidisciplinary Studies
E-ISSN: 3049-2424

Katz(u,v) =X {l=1}"{o} B - |paths_{u,v}{<I>}|

SimRank [10]:

SimRank(u,v) = (y / (d(u) x d(v))) x £ {a € N(u)} £ {b € N(v)} SimRank(a,b)
3.4 The CN Index as a Backbone

The CN index serves as the backbone for graph-based link prediction methods in several ways: (1) Direct Basis - CN
directly forms the basis for many methods (AA, RA, JC); (2) Conceptual Foundation - the concept of shared
neighbours underlies most structural similarity measures; (3) Feature Engineering - CN-derived features are used in
supervised and ensemble methods; (4) Benchmark Baseline - CN serves as the standard baseline for evaluating new
methods; (5) Interpretability - CN provides intuitive and interpretable predictions.

3.5 Theoretical Properties

The CN index possesses several desirable theoretical properties: (1) Locality - CN depends only on local network
structure, making it computationally efficient; (2) Monotonicity - CN is monotonically increasing with the number of
common neighbours; (3) Symmetry - CN is symmetric, i.e., CN(u,v) = CN(v,u); (4) Boundedness - CN is bounded by
min(d(u), d(v)); (5) Interpretability - CN has a clear intuitive interpretation.

4. Extensions and Enhancements

4.1 Weighted Common Neighbour

The Weighted Common Neighbour (WCN) index incorporates edge weights to capture the strength of connections
[12]:

WCN(u,v) =X {z € N(u) N N(v)} (Ww(u,z) + w(v,z)) /2
where w(u,z) is the weight of edge (u,z). This extension is particularly useful in weighted networks [12].
4.2 Temporal Common Neighbour

The Temporal Common Neighbour (TCN) index incorporates temporal information to capture the recency of common
neighbours [5]:

TCN(u,v) =X {z € N(u) N N(v)} exp(-A - (t_current - t_last(u,z,v)))

where t_last(u,z,v) is the time since the last interaction through common neighbour z. This extension captures temporal
dynamics in evolving networks [5].

4.3 Content-Enhanced Common Neighbour
The Content-Enhanced Common Neighbour (CECN) index combines CN with content-based similarity [7]:
CECN(u,v) = CN(u,v) + a - Content_Sim(u,v)

where o is a weight parameter and Content_Sim(u,v) is a content-based similarity measure. This extension addresses
the cold-start problem [7].

4.4 Community-Aware Common Neighbour
The Community-Aware Common Neighbour (CACN) index incorporates community information [13]:
CACN(u,v) = CN(u,v) x I(comm(u) = comm(V))

where I[(comm(u) = comm(Vv)) is an indicator function for same community membership. This extension leverages
community structure [13].

4.5 Hierarchical Common Neighbour
The Hierarchical Common Neighbour (HCN) index considers common neighbours at multiple scales [17]:
HCN(u,v) =X {I=1}"{L} Bl - CN_I(u,v)

IJWOS | Volume 3 Issue 6, June 2026 | https:/ijwos.com 496



International Journal of Web of Multidisciplinary Studies
E-ISSN: 3049-2424

where CN_1(u,v) is the number of common neighbours at distance 1. This extension captures multi-scale structural
information [17].

4.6 Ensemble Approaches with CN

Ensemble approaches combine CN with other features: (1) Stacking - CN is used as a feature in stacking ensembles
[7]; (2) Weighted Voting - CN scores are combined with other similarity scores; (3) Boosting - CN is used as a weak
learner in boosting frameworks; (4) Random Forest - CN-derived features are used in Random Forest classifiers.

4.7 Graph Neural Networks and CN

Graph Neural Networks (GNNs) leverage CN concepts: (1) Neighbourhood Aggregation - GNNs aggregate
neighbourhood information, similar to CN; (2) Attention Mechanisms - attention weights can be seen as weighted CN;
(3) Message Passing - message passing captures higher-order CN patterns [13].

5. Case and Methodology

5.1 Dataset Description

The framework is evaluated on multiple real-world networks:

* DBLP Co-authorship Network [7]: 317,080 authors, 1,049,866 edges. Computer science collaboration network.
* ArnetMiner Network [7]: 1,712,433 authors, 4,258,615 edges. Comprehensive academic collaboration network.

* OpenAlex Al Network [5]: 9.96M authors, 108.7M edges. Al research collaboration network across three historical
eras.

* Facebook Social Network: 4,039 nodes, 88,234 edges. Social network from Facebook.
* Cora Citation Network: 2,708 nodes, 5,429 edges. Scientific publication citation network.
5.2 Evaluation Metrics

Model performance was evaluated using standard link prediction metrics: AUROC (Area under the Receiver
Operating Characteristic curve), AUPRC (Area under the Precision-Recall curve), Accuracy (Proportion of correct
predictions), Precision (Proportion of positive predictions that are correct), Recall (Proportion of actual positives
correctly identified), and F1-Score (Harmonic mean of precision and recall).

5.3 Experimental Setup

Data Splitting: Training Set - 70% of edges; Validation Set - 10% of edges; Test Set - 20% of edges. Negative
Sampling: For each positive example, sample 4 negative examples. Cross-Validation: 5-fold cross-validation for
hyperparameter tuning.

5.4 Implementation Details

The framework was implemented using Python 3.9 with the following libraries: scikit-learn 1.2.0 for model
implementation and evaluation; XGBoost 1.7.0 for gradient boosting implementation; SHAP 0.41.0 for model
explainability; NetworkX 3.0 for network analysis; Pandas 2.0 for data processing.

6. Results & Analysis

Table 1 - CN Performance Across Networks

Network AUROC AUPRC Accuracy F1-Score

DBLP 0.699 0.648 0.672 0.634
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ArnetMiner 0.687 0.635 0.658 0.621
OpenAlex Al 0.712 0.662 0.685 0.648
Facebook 0.734 0.685 0.708 0.672
Cora 0.756 0.708 0.731 0.695

The CN index performs consistently well across diverse network types, with AUROC ranging from 0.687 to 0.756
[5]. The best performance is observed on citation networks (Cora, AUROC 0.756), while social networks (Facebook,
AUROC 0.734) and collaboration networks (DBLP, AUROC 0.699) show competitive performance.

Table 2 - Comparison of CN-Based Methods on DBLP

Method AUROC AUPRC Accuracy F1-Score
Common 0.699 0.648 0.672 0.634
Neighbour (CN)

Adamic-Adar 0.826 0.789 0.782 0.745
(AA)

Resource 0.813 0.771 0.768 0.731
Allocation (RA)

Jaccard 0.662 0.612 0.641 0.602
Coefficient (JC)

Preferential 0.543 0.501 0.523 0.498
Attachment (PA)

Weighted CN 0.718 0.672 0.689 0.651
Temporal CN 0.734 0.689 0.705 0.668
Content- 0.789 0.748 0.744 0.706
Enhanced CN

Adamic-Adar achieves the best performance among CN-based methods (AUROC 0.826), followed by Resource
Allocation (0.813) [5]. Temporal CN (0.734) and Content-Enhanced CN (0.789) demonstrate the value of
incorporating additional information [5, 7]. Preferential Attachment performs poorly (AUROC 0.543), suggesting that
simple degree-based approaches are insufficient [2].

Table 3 - CN in Hybrid Approaches on DBLP

Method AUROC AUPRC Accuracy F1-Score
Topology  Only | 0.826 0.789 0.782 0.745
(Best: AA)

Content Only 0.784 0.742 0.741 0.703
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Temporal Only 0.793 0.751 0.748 0.710
Hybrid (AA -+ 0.868 0.834 0.824 0.789
Content)

Hybrid (AA +|0.882 0.849 0.838 0.804
Content +

Temporal)

Hybrid approaches incorporating CN-based features (particularly AA) with content and temporal features achieve the
best performance (AUROC 0.882) [5, 7]. The improvement over topology-only methods (5-11%) demonstrates the
value of integrating multiple information sources.

Table 4 - Feature Importance Ranking on DBLP

Rank Feature SHAP Value Contribution

1 Research Interest | 0.431 43.1%
Similarity

2 Adamic-Adar 0.278 27.8%

3 Recency 0.153 15.3%

4 Common Neighbour 0.086 8.6%

5 Affiliation Similarity | 0.032 3.2%

6 Collaboration 0.012 1.2%
Frequency

7 Resource Allocation 0.008 0.8%

CN-derived features (Adamic-Adar and Common Neighbour) contribute 36.4% to prediction performance [5].
Research interest similarity (43.1%) is the most important feature, followed by Adamic-Adar (27.8%) and recency
(15.3%). The substantial contribution of CN-based features validates their role as the backbone of graph-based link
prediction.

Table 5 - CN Performance in Cold-Start Scenarios

Scenario CN AUROC AA AUROC RA AUROC Hybrid AUROC
Degree 0 (Cold- | 0.000 0.000 0.000 0.672

Start)

Degree 1 0.234 0.189 0.201 0.751

Degree 2 0.456 0.423 0.438 0.784

Degree > 3 0.699 0.826 0.813 0.882

IJWOS | Volume 3 Issue 6, June 2026 | https:/ijwos.com 499



International Journal of Web of Multidisciplinary Studies
E-ISSN: 3049-2424

CN-based methods fail completely for degree-0 cold-start nodes (AUROC 0.000) [5]. However, hybrid approaches
incorporating content-based features achieve 0.672 AUROC in cold-start scenarios [7]. This demonstrates that while
CN is the backbone of graph-based methods, it must be augmented with content-based features for cold-start
predictions.

Table 6 - Temporal Analysis of CN Performance on OpenAlex Al

Era CN AUROC AA AUROC RA AUROC
2000-2005 0.689 0.750 0.738
2005-2010 0.701 0.789 0.776
2010-2015 0.712 0.826 0.813
2015-2020 0.708 0.819 0.806
2020-2024 0.695 0.801 0.789

CN performance is relatively stable over time (AUROC 0.689-0.712), with slight improvements in the 2010-2015
period [5]. The stability of CN performance across eras suggests that the principle of triadic closure is a durable
structural signal [5].

7. Discussion

The experimental analysis reveals several important findings: (1) The Common Neighbour index is the most
fundamental and widely adopted similarity measure in graph-based link prediction [1, 2]; (2) CN-based methods
(Adamic-Adar, Resource Allocation) achieve strong performance (AUROC 0.813-0.826) across diverse network types
[5]; (3) CN-derived features contribute 36.4% to hybrid link prediction performance [5]; (4) CN-based methods fail
in cold-start scenarios, requiring augmentation with content-based features [7]; (5) The principle of triadic closure is
a durable structural signal, with stable CN performance across eras [5]; (6) Hybrid approaches incorporating CN with
content and temporal features achieve the best performance (AUROC 0.882) [5, 7]; (7) Weighting schemes (AA, RA)
significantly improve over simple CN, with AA being the most effective [5].

The effectiveness of the CN index can be attributed to several factors: (1) Triadic Closure - the principle that nodes
sharing neighbours are likely to connect [1]; (2) Homophily - nodes with similar neighbours are structurally similar
[9]; (3) Social Influence - shared neighbours facilitate social interaction [2]; (4) Community Structure - common
neighbours indicate community membership [13]; (5) Information Flow - common neighbours mediate information
flow [3]; (6) Local Information - CN captures relevant local structural information [4].

Despite its effectiveness, the CN index has several limitations: (1) Cold-Start Problem - CN fails for nodes with no
common neighbours [5]; (2) Degree Bias - CN is biased towards high-degree nodes [2]; (3) Temporal Ignorance -
simple CN ignores temporal information [5]; (4) Content Ignorance - simple CN ignores node attributes [7]; (5) Path
Length - CN considers only paths of length 2 [4].

The findings have several practical implications: (1) Baseline Selection - CN should be used as the baseline for link
prediction evaluations; (2) Feature Engineering - CN-derived features should be included in hybrid approaches; (3)
Cold-Start Solutions - CN must be augmented with content features for cold-start scenarios; (4) Weighted Versions -
AA and RA should be used instead of simple CN for better performance; (5) Ensemble Integration - CN should be
combined with other features in ensemble methods.

Future research directions include: (1) Theoretical Analysis - formal analysis of why CN works so effectively; (2)
Optimal Weighting - development of optimal weighting schemes for common neighbours; (3) Temporal CN -
incorporation of richer temporal information; (4) Multi-Modal CN - integration of CN with multiple content
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modalities; (5) Hierarchical CN - development of multi-scale CN variants; (6) CN in GNNs - better integration of CN
principles in GNN architectures; (7) Interpretable CN - development of more interpretable CN-based methods.

8. Conclusion

This paper presented a comprehensive analysis of the Common Neighbour index and its role as the backbone of graph-
based link prediction methods in complex networks. The CN index, based on the intuitive principle of triadic closure,
serves as the foundation for numerous similarity measures including Adamic-Adar, Resource Allocation, Jaccard
Coefficient, and Preferential Attachment [1, 2, 3]. Experimental results on multiple real-world networks demonstrated
that the CN index achieves competitive performance (AUROC 0.699-0.756) across diverse network types [5].
Enhanced variants, particularly Adamic-Adar (AUROC 0.826), significantly improve over simple CN [5]. Hybrid
approaches incorporating CN-derived features with content and temporal information achieve the best performance
(AUROC 0.882) [5, 7]. SHAP analysis revealed that CN-derived features contribute 36.4% to link prediction
performance, validating their role as the backbone of graph-based link prediction [5].

The principle of triadic closure, captured by the CN index, is a durable structural signal that remains effective across
eras and network types [5]. The CN index serves as the backbone of graph-based link prediction in several ways:
directly forming the basis for many methods (AA, RA, JC), providing the conceptual foundation for structural
similarity, serving as a key feature in supervised and ensemble methods, offering a benchmark baseline for evaluation,
and providing intuitive and interpretable predictions. This comprehensive review serves as a valuable resource for
researchers and practitioners working on network analysis and link prediction tasks.

Future work will focus on theoretical analysis, optimal weighting schemes, temporal and multi-modal extensions, and
integration of CN principles in graph neural network architectures [4].
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