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Abstract

Legal document analysis is pivotal in mod-
ern judicial systems, particularly for case re-
trieval, classification, and recommendation
tasks. Graph neural networks (GNNs) have
revolutionized legal use cases by enabling the
efficient analysis of complex relationships. Al-
though existing legal citation network datasets
have significantly advanced research in this
domain, the lack of large-scale open-source
datasets tailored to the Indian judicial system
has limited progress. To address this gap,
we present the Indian Legal Citation Network
(LeCNet) - the first open-source benchmark
dataset for the link prediction task (missing
citation recommendation) in the Indian judi-
cial context. The dataset has been created by
extracting information from the original judg-
ments. LeCNet comprises 26,308 nodes rep-
resenting case judgments and 67,108 edges
representing citation relationships between the
case nodes. Each node is described with rich
features of document embeddings that incor-
porate contextual information from the case
documents. Baseline experiments using vari-
ous machine learning models were conducted
for dataset validation. The Mean Reciprocal
Rank (MRR) metric is used for model evalu-
ation. The results obtained demonstrate the
utility of the LeCNet dataset, highlighting the
advantages of graph-based representations over
purely textual models.

1 Introduction

The rapid advancement of artificial intelligence
(AD) has revolutionized numerous fields, includ-
ing law, where the automation of legal document
analysis has emerged as a critical area of research.
Efficient retrieval, classification, and recommen-
dation of legal cases are essential for assisting
lawyers, judges, and legal researchers in navigating
vast repositories of case law. However, develop-
ing Al-based systems for legal analysis demands
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high-quality datasets tailored to specific jurisdic-
tions, along with robust methodologies to address
unique challenges in legal text understanding and
reasoning.

The increasing volume of cases adjudicated by
judiciaries poses significant challenges in main-
taining decision-making accuracy, consistency, and
fairness (Varghese, 2024). Legal professionals, in-
cluding lawyers and judges, require efficient tools
to reduce the time and cost associated with legal
research, improving the effectiveness and quality
of the judicial process. Legal professionals tradi-
tionally rely on their expertise and critical thinking
to identify and refer relevant prior cases when ad-
dressing a specific legal case (query case). While
technology has been introduced to assist in this pro-
cess, its role has largely been limited to rudimen-
tary tools such as keyword searches and Boolean
operations. Additionally, with the rapid growth of
legal case databases, even the most experienced
practitioners find it progressively more difficult to
efficiently locate and cite pertinent past cases (no-
ticed cases) (Joshi et al., 2023).

Incorporating machine learning into the recom-
mendation of legal citations is a key step in utilizing
Al to assist legal experts. Citations are essential in
legal writing, particularly within common law sys-
tems, where they support arguments by referencing
statutes, administrative regulations, and case law
that interprets these laws in various scenarios. The
importance of citations is particularly evident in
legal education, where the process of selecting law
journal editors often includes a stringent evaluation
of citation formatting skills (Cross and Spriggs,
2010). Additionally, excelling in more complex
tasks like legal text generation and summarization
requires a deep understanding of citations, high-
lighting their crucial role in legal discourse.

(Huang et al., 2021) explores the application of
link prediction with the context of legal citation
recommendation, also sometimes referred to as
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prior case retrieval (Kano et al., 2019; Joshi et al.,
2023), to identify and suggest relevant legal prece-
dents or references using citation networks in legal
documents. In general, there are many open do-
main datasets available for the link prediction task,
such as the citation network of articles (Wang et al.,
2024), arxiv papers by MAG (Wang et al., 2024),
papers100M (Wang et al., 2024), wikikg2 (Vran-
deci¢ and Krotzsch, 2014), collab (Wang et al.,
2024), etc. Datasets that can be used for the legal
citation recommendation task are available for US',
German(Milz et al., 2021), and Canadian cases
(COLIEE)(Kano et al., 2019), IL-PCR (Joshi et al.,
2023). Similar works have also been carried out
for the Indian judiciary by Paheli et. al. (Bhat-
tacharya et al., 2022) and Khatri et. al. (Khatri
et al., 2023). The main limitations of existing work
are (1) the absence of a legal dataset specifically
designed for the link prediction task and (2) the
unavailability of large-scale legal citation datasets
tailored to the Indian judiciary. The Supreme Court
of India’s hierarchical, multi-tier system (including
High Courts) yields a sparse, hierarchical network
where a few landmark cases dominate citations.
These patterns differ from US or German legal net-
works and from prior document-similarity datasets.
The existing datasets raise two research questions
and leave them unaddressed. RQ1: How do dataset
design choices (e.g. number of citations removed
or negative sampling strategy) affect model perfor-
mance and robustness? RQ2: What is the impact
of using contextual document embeddings (versus
other text features) on citation link-prediction in
graph based models?

We aim to address the stated research questions
and introduce a large-scale Indian Legal Citation
Network dataset called LeCNet. The proposed
dataset is the first of its kind developed for the
Indian judiciary, where legal judgments are rep-
resented as nodes and citation relationships be-

tween cases as edges (case cites, case), creating
arich graphical representation of 26,308 nodes and
67,108 directed edges. Beyond structural represen-
tation in the form of nodes and edges, the dataset
also incorporates advanced node features in the
form of document embeddings generated by the
Doc2Vec model. LeCNet is designed to bench-
mark standard citation link-prediction models, in-
cluding both non-graph and graph-based models.
This work advances legal research by offering the

"https://www.courtlistener.com/

19

following contributions:

* Considering the lack of available benchmarks
for the Indian legal setting, we create a new
benchmark of Legal Citation Network for the
Indian legal system (LeCNet) (section 3).

* We have performed experiments on differ-
ent LeCNet configurations to determine the
best-performing version for the link prediction
task.

* We have performed the model-based vali-
dation of LeCNet using non-GraphML and
GraphML models to understand the structural
and contextual dependency for the legal cita-
tion recommendation task (section 5.3).

2 Related Work

Researchers have explored various approaches to
the challenges of legal domain analytics, such as
(Kalamkar et al., 2022; Brugman, 2018; Filtz, 2017;
Tang et al., 2020), to improve the efficiency and
precision of legal workflows. The field of legal doc-
ument analysis has witnessed significant progress
in recent years, driven by advances in natural lan-
guage processing (NLP) and graph-based machine
learning.

Legal citation recommendation has emerged
as a key task in the streamlining of legal research,
intending to help legal professionals identify rel-
evant precedents and legal references. However,
network-based methods primarily focus on the
structural information of the constructed network
and tend to overlook the textual content of le-
gal documents. Additionally, these methods are
less effective when the network is sparse (Liu and
Hsu, 2019). Various commercial tools have been
developed to aid legal research through citation-
based functionalities. Zhang and Koppaka (Zhang
and Koppaka, 2007) highlight a LexisNexis fea-
ture that facilitates navigation within a semantic
citation network by utilizing textual similarity be-
tween citation contexts. Similarly, platforms such
as Thomson Reuters’ CoCounsel (formerly known
as CaseText’s CARA A.L) (CoCounsel), Parallel
Search (2020), and Thomson Reuters’ Quick Check
(Thomas et al., 2020) offer citation recommenda-
tion services, though the underlying techniques
remain undisclosed. Winkels et al. (Winkels et al.,
2014) propose a recommender system tailored to
Dutch immigration law, which retrieves cases with
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high between-ness centrality relative to selected le-
gal provisions. Dadgostari et al. (Dadgostari et al.,
2021) address the challenge of creating bibliogra-
phies for citation-free legal texts by modeling the
process as a Markov Decision Problem, where an
agent iteratively identifies relevant documents us-
ing Q-learning, outperforming simpler approaches
for retrieving U.S. Supreme Court decisions. Other
researchers (Fowler et al., 2007; Koniaris et al.,
2017) have studied the structure of legal citation
networks, exploring metrics such as authority, rel-
evance, and network properties like degree distri-
bution and shortest path lengths. Sadeghian et al.
(Sadeghian et al., 2018) introduce a system to ex-
tract and classify legal citations, predicting their
purpose based on predefined labels. Huang et al.
(Huang et al., 2021) investigate the use of deep
learning techniques like BiILSTM and RoBERTa
for legal citation prediction, showing that integrat-
ing contextual information enhances accuracy and
providing benchmarks for advancing legal natural
language processing research.

Legal citation network serve as the founda-
tional structure for citation recommendation sys-
tems. These networks represent legal documents
(nodes) and their interconnections through citations
(edges). In the scientific community, researchers
have used citation networks for recommendations
in many different domains, such as e-commerce,
commercial, and academics (Wang et al., 2024).

In 2011, Kumar et al. (Kumar et al., 2011) in-
ferred document similarity by calculating the Jac-
card similarity index between sets of out-citations
and in-citations within document clusters, known
as Bibliographic Coupling and Cocitation. In 2015,
Minocha et al. (Minocha et al., 2015) assessed
whether sets of precedent citations (out-citations)
appeared in the same cluster to determine docu-
ment similarity. Liu (Liu, 2017) improved upon
Bibliographic Coupling in 2017 by incorporating
the titles of out-citation references, thus enriching
the model’s informational context. In 2020, Bhat-
tacharya et al. (Bhattacharya et al., 2020) applied
Node2Vec (Grover and Leskovec, 2016) to map
legal cases into vector embeddings, evaluating sim-
ilarity based on these embeddings. Further, in 2022,
Bhattacharya et al. (Bhattacharya et al., 2022) ac-
knowledged the critical role of legal statute hier-
archy and integrated it into a heterogeneous graph
alongside legal case documents. Pioneering con-
tributions include those by James Fowler et. al.
(Fowler et al., 2007) and subsequent efforts by re-
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searchers such as Katz et. al. (Katz et al., 2020) and
Mike Bommarito et. al. (Bommarito II et al., 2010).
Additionally, Hoadley et al. (Hoadley et al., 2021)
conducted a large-scale international citation net-
work analysis, although their commercial dataset
is not publicly available. This broader ecosystem
highlights that legal citation datasets have evolved
considerably, offering both structural and textual
modalities for research.

The relational structure of legal citation net-
works makes them well-suited for Graph Machine
Learning (GraphML) techniques. In Graph Ma-
chine Learning for Legal Citation Networks, le-
gal documents, statutes, and related entities are
represented as nodes, while edges denote relation-
ships such as cites, relatedTo, or refersTo. This
graph-based representation enables the application
of powerful models like Graph Neural Networks
(GNNs), Graph Convolutional Networks (GCNs),
and Graph Attention Networks (GATSs), which have
demonstrated effectiveness in key tasks such as
link prediction, node classification, and represen-
tation learning. Recent efforts, such as the Open
Graph Benchmark introduced by Hu et al. (Hu
et al., 2020), have catalyzed progress in GraphML
by providing standardized datasets and evaluation
protocols.

Problem Statement

In the legal research community, the area of
GraphML and related graph-based datasets is still
underexplored. The above-mentioned works con-
centrate on the effectiveness of legal citation net-
works; however, the unavailability of datasets and
the limited focus on applications in the GraphML
domain remain unaddressed. The prior works
highly consider the node classification task, which
may not be suitable for learning the legal cases rep-
resentation in the embedding space for a citation
network. To spur research in legal analytics, we
introduce a large-scale Indian Legal Case Citation
Network (LeCNet) gold standard dataset that will
serve as a benchmark for the link prediction task.
This will further aid in downstream applications
like legal citation recommendations, similar case
recommendations, etc.

3 Legal Citation Network (LeCNet)
Benchmark Dataset

The Legal Citation Network (LeCNet) Benchmark
Dataset is a dataset of Supreme Court of India
court case judgments in English containing 26308
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Figure 1: Designing of LeCNet dataset from scraping
to graph creation to preprocessing to edge splitting and
finally addition of negative references

legal documents. The case citing other cases are
connected via an edge between the nodes, thus
creating a directed graph. The mathematical
annotation of the dataset can be given as:

LeCNet is a directed graph G = (V, E) where
V' represents the set of nodes (SCI judgment docu-
ments) and E C V' x V represents the set of edges
(citations within the corpus). The LeCNet dataset
construction is a three-step process, as described in
the following subsections.

3.1 Corpus Creation and Preprocessing

The first step begins with the corpus creation.
The corpus is created by scraping legal judgment
documents (in the public domain) from the Indi-
anKanoon? website. While the site provides access
to legal information, it doesn’t have a specific sec-
tion detailing copyright terms for the entire website.
The Supreme Court of India (SCI) judgments are
simplified in nature as compared to the other Indian
courts (High Courts and Apex Courts). A bench-
mark dataset starts with clean subsets before incor-
porating more complex structures. So, the SCI has
been used for the initial release as a strength to pro-
vide a focused, consistent, and reproducibile bench-
mark before tackling the noisier High Court or tri-
bunal data. In future releases, we plan to extend
LeCNet with hierarchical (Supreme—High Court),
cross-jurisdictional, and temporal data, making the
retrieval challenge progressively more realistic and
complex.

Zhttps://indiankanoon.org/

We picked documents of the Supreme Court of

India (SCI) cases ranging from the year 1950 to
2022 (considered as zero-hop set cases) using a cus-
tom Python-based web crawler library Selenium?.
(Malik et al., 2021)). To gather citation cases, we
scraped the documents appearing in the immediate
citation neighborhood of each source paper. Dur-
ing the collection of citations, only SCI citations
are considered. The created corpus is then prepro-
cessed to provide a unique number to every docu-
ment to represent as a node in the graph. The data
was validated through structured checks guided by
six law students and two faculty from Law De-
partment of Kurukshetra University, Haryana. For
example, we confirmed the court levels (focusing
on Supreme Court cases), set the date ranges, and
removed any cases with zero remaining citations
(Refer Figl A).
Node Features. The node features in the LeCNet
dataset are derived from 100-dimensional Doc2Vec
embeddings trained on the textual descriptions or
metadata associated with each node. This ensures
semantically similar nodes have embeddings that
are close in the feature space, allowing effective
incorporation of textual information into the graph
for tasks like link prediction and node classification.
The 100-dimensional size balances representational
capacity with computational efficiency.

Doc2Vec was chosen for its ability to capture se-
mantic relationships across entire documents, mak-
ing it well-suited for complex, domain-specific data
like legal texts. Prior studies (Mandal et al., 2021;
Zhang and Zhou, 2019; Bhattacharya et al., 2022)
highlight its superiority over Word2Vec, Legal-
BERT and Transformer-based models in represent-
ing the nuanced structure of legal documents. They
confirmed that Doc2Vec outperformed other mod-
els for this domain, validating its use for generating
node features in the LeCNet dataset.

3.2 Edge Selection for Dataset Splitting

Further, the dataset has been split into the
train/test/validation sets for model development.
We assume that all the available tuples form the
training set in the beginning. The task is to select
the edges to be moved to the test and the valida-
tion sets. To handle cases, where nodes have a
small number of outgoing citations (e.g., one or
two citations), we employed a data-splitting strat-
egy such that if x outgoing citations are randomly

3https://selenium-python.readthedocs.io/
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moved from the training set for creating a test and
a validation set, then at least one outgoing edge
will be retained in the training set for that source
node (Refer Figl B). Additionally, the x selected
edges are equally divided between the test and the
validation sets; therefore, z = 2n, n € N. An
optimal value of x has to be decided and is done
during parameter setting (5.2). The steps for the
data splitting are described in Algorithm 1.

Algorithm 1 Edge Selection for Data Splitting

1: Take some x = 2n, n € N. We use x=2 and
x=4 to ensure validation and test have enough
samples.

We select source cases based on the number of
outgoing citations they contain:

2:

‘/;ource = {S 6 V | |E(S)| > x}?

where V' is the set of all cases, and F(s) is the
set of edges emanating from source case s.
3: Repeat for all s € Viource:

(i) From E(s), randomly select = edges and
mark them:

{er

(i1)) Move marked edges to validation/testing:

o, el Y CE(s).

et

E(8)vaia € {ef,....ef
|E(3)Valid| = L%J
E(S)test = {611—7 ) 6;} \ E(S)valid

(iii)) Remaining edges go to training:

E(8)ain = E(s)\ {e],...,el}.

3.3 Selection of Target Negative References:

The purpose of negative references is to provide
a contrastive learning signal for the model. Here,
the model learns why certain references exist and
why others do not. Without negative examples, the
model might simply learn to predict any link be-
tween cases, regardless of their content or context.
Hence, using negative references, the model learns
to identify the features that distinguish between
true (positive) citations and carefully selected neg-
ative citations. Negative samples for the nodes
are generated by first marking a constrained set of
potential negative references and then randomly
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selecting N F' references for every source node as
depicted in Algorithm 2 and Figl C. An optimal
value of N F has to be decided and is done during
parameter setting 5.2.

Algorithm 2 Negative Reference Sampling
Repeat for all s € Vigyree:

(i) Define the candidate set V'~ (s), consisting of
all nodes not directly cited by s:

Vi(s)={veV](sv) ¢ E},

where V is the set of all cases and F is the set
of citation edges.

(ii) From V~(s), randomly select NF nodes to
form the negative reference set for s.:

E~(s)CV~(s), |E(s)|=NF.

Thus, the model is trained to predict the miss-
ing references and rank them above the negative
candidates, ensuring an effective citation recom-
mendation system.

4 Link Prediction Task

Our Link Prediction Task is essentially a Missing
Citation Recommendation Task where for each
source node, we drop some citations and aim to
rank these missing citations (i.e., outgoing edges).
To unlock new frontiers for legal researchers in the
area of Graph Machine Learning (GraphML) for
legal citation recommendation, we consider three
non-GraphML and five GraphML models as our
baselines for validating the LeCNet dataset. Both
the choice of baselines and the ranking formula-
tion (positives ranked above negatives) follow the
standard link-prediction setup introduced by (Hu
et al., 2020). Legal citations often exhibit relevant
legal context characteristics that these models are
well-equipped to capture. While this work primar-
ily serves as a resource-oriented benchmark, the
chosen models are theoretically grounded and prac-
tically relevant for modeling citation behavior in
legal texts. Below, we describe how each model
obtains node embeddings:

Non-GraphML Models:

e MLP: Input node features are directly used as
node embeddings.



* NODE2VEC (N2V): The node embeddings are
obtained by concatenating input features and
NODE2VEC embeddings (Grover and Leskovec,
2016; Perozzi et al., 2014).

MATRIX FACTORIZATION (MAT. FACT.:
The distinct embeddings are assigned to different
nodes and are learned in an end-to-end manner
together with the MLP predictor.

GraphML Models:

GCN: The node embeddings are obtained by
full-batch Graph Convolutional Networks (GCN)
(Kipf and Welling, 2016).

GRAPHSAGE (G.SAGE): The node embed-
dings are obtained by full-batch GraphSAGE
(Hamilton et al., 2017), where we adopt its mean
pooling variant and a simple skip connection to
preserve central node features.

NEIGHBOR SAMPLING (N. SAMP.): A
mini-batch training technique of GNN5s that sam-
ples neighborhood nodes when performing ag-
gregation (Hamilton et al., 2017).

CLUSTERGCN (C.GCN): A mini-batch train-
ing technique of GNNSs that partitions the graphs
into a fixed number of subgraphs and draws mini-
batches from them (Chiang et al., 2019).

GRAPHSAINT (G.SAINT): A mini-batch train-
ing technique of GNNs that samples subgraphs
via a random walk sampler (Zeng et al., 2019).

4.1 Evaluation Metric

We evaluated model performance using Mean Re-
ciprocal Rank (MRR), a standard metric for rank-
ing tasks such as citation prediction using the link
prediction task. For each source case s, the recipro-
cal rank of a true reference ej among all candidate
cases is defined as:

1

Reciprocal Rank(s, e;f) =

(1)
The MRR is computed by averaging the recipro-
cal ranks over all source cases S

1 1
MRR = —
|S] ; rank of et

2

among e~ (s)

MRR captures the position of the first correct ci-
tation in the ranked list, aligning well with practical
legal retrieval scenarios where users typically seek

T —
rank of e;” among e~ (s

)
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the most relevant precedent quickly. Its sensitivity
to top-ranked predictions makes it particularly suit-
able for evaluating the utility of citation recommen-
dation models in a legal context. We report MRR
scores to ensure comparability with prior work (Hu
et al., 2020) and to reflect the effectiveness of our
models in producing useful citation suggestions.

5 Dataset Validation

Once the dataset was developed as in section 3, we
performed its performance tuning and model-based
validation.

5.1 Computational Setup and Reproducibity
details

Each experiment was conducted across 10 runs and
the best result out of them was considered. The
models were implemented in PyTorch v2.5.1 and
run using CUDA v12.4 on an NVIDIA GeForce
RTX 3060 GPU. We tuned hyperparameters man-
ually based on performance on the validation set
given in Tablel. All models evaluated in our ex-
periments were trained using Adam optimizer and
had 3 layers in their architecture. Model selection
was based on the best performance on the valida-
tion set. No hyperparameters were tuned using the
test set. Specific packages used for graph data pro-
cessing and model implementation include torch-
geometric for GCN, GraphSAGE, GraphSAINT,
and Cluster-GCN and node2vec from the stellar-
graph/torch_geometric.nn.models library. We re-
lease the dataset in the best-performing dataset con-
figuration for research use via Drive. The license
for the uploaded content is Creative Commons At-
tribution 4.0 International (CC-BY). We intend that
this dataset be used for research purposes in vari-
ous tasks, such as legal citation recommendation
and prior case retrieval. Our implementation of
the baseline models follows the general training
and evaluation outlined in (Hu et al., 2020) so we
do not release separate model-training code and
refer readers to the original implementations for
reproducibility.

5.2 LeCNet Dataset Performance Tuning

To rigorously analyze the performance and robust-
ness of citation recommendation models on the
LeCNet dataset, we conducted studies focusing on
two key tunable parameters: (1) the number of out-
going citation edges (denoted as x) to be moved
to the test and validation sets, and (2) the number
of target negative reference candidates per source
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Model Learning Rate | Epochs Additional Hyperparameters

MLP 0.01 100 -

N2V 0.01 100 Emb. Dim.=128, Walk len.=40, Walks per node=10
MAT.FAC. 0.01 150 Emb. Dim.=96

G.SAGE 0.001 50 -

N.SAMP. 0.005 150 -

C.GCN 0.001 100 -

G.SAINT 0.001 100 Walk length = 3, Num steps = 100

GCN 0.001 50 -

Table 1: Best-found hyperparameters for different models.

node (denoted as N F'). These ablations enabled
us to systematically evaluate model behavior under
varying levels of structural sparsity and negative
sampling complexity. For detailed mean and stan-
dard deviation values corresponding to each dataset
configuration, one can refer to the tables provided
in the Annexure.

5.2.1 Determining Optimal x

The first experiment is based on the edge selec-
tion for the dataset splitting into train, test, and
validation sets as mentioned in 3.2. The number
of negative reference candidates is kept fixed at
(DSNF=10), while the number of removed outgo-
ing edges is varied (DS;—3 and DS,—4) to evalu-
ate performance under increasing information spar-
sity. Algorithm 1 describes how the two dataset
configurations DS, — o and DS, — 4 were created
for the experiment whose statistics are described in
Table 2. These strategies ensure that even for low-
degree nodes, sufficient information is preserved in
the training set for meaningful learning while still
providing test and validation examples for evalua-
tion.

Table 3 (the first two out of the three major
columns) present the results of running various Ma-
chine Learning models on LeCNet for the link
prediction task for the two dataset configurations
to be tested. Contrary to initial expectations, in-
creasing the number of removed citations (from 2
to 4) does not significantly degrade performance
for most models as models have access to more
structural information. It suggests that withholding
a larger number of edges limits the structural infor-
mation available during training. At the same time,
the performance gap between the two settings is
relatively small for most models, indicating that in-
creasing x does not severely degrade performance.
This balance implies that while the models remain
robust even when more edges are shifted out of the
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training graph, x = 2 provides a more favourable
trade-off between training signal and evaluation
size, and is therefore the more suitable choice for
subsequent experiments.

Dataset Config. | Eain | Evatid | Erest
DSx= 51186 | 7961 | 7961
DSx=4 50760 | 8174 | 8174

Table 2: Statistics for no. of edges in train, validation,
and test sets for the two dataset configurations, one with
x=2, the other with x=4

5.2.2 Determining Optimal NF

Another experiment is based on the impact of
adding a different number of target negative ref-
erences to the citation network. We add NF target
negative references for each source node in the val-
idation and test sets and the aim of the model is to
rank the true missing x citations higher than N F'
negative references. The negative references are
randomly-sampled from all the previous cases that
are not cited by the source node.

In this experiment, the number of removed edges
is kept fixed (D.S;—2) (as decided in section 5.1.1),
and the number of negative references is varied
(DSNF=10 and DSnNF—o5) to analyze how models
perform under increasing difficulty in identifying
correct links from negative references.

Table 3 (the last two out of the three major
columns) present the results of running various Ma-
chine Learning models on LeCNet for the link
prediction task for the two dataset configurations
to be tested. Increasing the number of negative
references (from 10 to 25) reduces performance
reflecting the increased difficulty of distinguish-
ing true citations from a larger pool of distractors.
Notably, GCN maintains performance more effec-
tively than the other architectures, indicating that it
retains discriminative capability even when the neg-



Models | D Sx=4,NF=10 | D Sx=2,NF=10 | D Sx=2Nr=25

Train Validation Test | Train Validation Test | Train Validation  Test
MLP 0.838 0.807 0.807 | 0.830 0.832 0.831 | 0.734 0.742 0.737
N2V 0.887 0.856 0.857 | 0.886 0.874 0.873 | 0.800 0.796 0.791
MAT. FACT. 0.998 0.373 0.372 | 0.998 0.378 0.377 | 0.99 0.382 0.380
G.SAGE 0.992 0.979 0.980 | 0.991 0.985 0.984 | 0.980 0.968 0.968
N. SAMP. 0.982 0.981 0.982 | 0.980 0.987 0.985 | 0.959 0.970 0.970
C.GCN 0.919 0.907 0.909 | 0916 0.929 0.926 | 0.861 0.877 0.875
G.SAINT 0.959 0.955 0.953 | 0.953 0.963 0.963 | 0.916 0.933 0.933
GCN 0.991 0.983 0.983 | 0.989 0.988 0.987 | 0.989 0.988 0.987

Table 3: MRR performance of Open Graph Benchmark models on LeCNet across three dataset configurations:

DS;—4,NF=10, DSs=2 NF=10, and DS;—2 nr—25

ative set becomes substantially larger. NF' = 10
provides a balanced and reliable configuration for
evaluating link prediction performance.

5.3 Model-based Validation

The evaluation on several link prediction models
helps us understand the dataset’s suitability for link
prediction tasks and its comparative performance
against established benchmarks. The evaluation of
various models on the LeCNet dataset under differ-
ent configurations highlights the effectiveness of
graph-based approaches for legal citation recom-
mendation. Refer to the column 2 (DS;—2> Nr=10)
of Table 3 for the model-based validation of the
LeCNet, as this is the most optimal dataset config-
uration.

We observe that GCN consistently outperforms
other models, achieving the highest Mean Recip-
rocal Rank (MRR) scores in both validation and
testing phases. The performance of NeighborSam-
pling and GraphSAGE is also notable, demonstrat-
ing their ability to capture structural dependencies
effectively. In contrast, Matrix Factorization ex-
hibits severe overfitting, performing exceptionally
well during training but failing to generalize, as in-
dicated by its significantly lower validation and test-
ing scores. Traditional approaches like MLP and
Node2Vec lag behind graph-based models, reaf-
firming the importance of leveraging graph neural
networks (GNNs) for this task.

Across varying graph configurations too, GCN
demonstrates superior scalability and generaliza-
tion, making it the most effective model for legal
citation prediction.

6 Conclusion

Our findings supplement the significance of graph-
based models in learning from citation networks,
demonstrating their superiority over traditional
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methods. Specifically, GCN and GraphSAGE
emerge as the most effective models on LeCNet,
achieving high Mean Reciprocal Rank (MRR)
scores across different data splits. Their ability
to capture structural dependencies in citation net-
works allows for more accurate link prediction com-
pared to non-graph-based approaches like MLP and
Node2Vec. Additionally, this study underscores
the importance of evaluating models under varying
levels of network sparsity, as real-world citation
graphs often suffer from missing or incomplete
links. Ensuring robustness under such conditions
will be crucial for deploying citation prediction
models in practical legal applications.

Despite these strong performances, there re-
mains room for further enhancements. We plan
to incorporate the paragraph-level citation recom-
mendation (e.g., case facts, citation reasoning, etc.)
into the dataset as future work.

Limitations

In this paper, we evaluated the LeCNet dataset us-
ing Open Benchmark Dataset models for citation
prediction. While the results demonstrate the ef-
fectiveness of GNN-based methods and scalable
mini-batch training techniques, there remains sig-
nificant room for improvement. One limitation of
our approach is the reliance on official citations as
the ground truth, which may not always capture
the full scope of relevant citations due to the sub-
jective nature of citation practices in legal writing.
Exploring alternative ground truth definitions that
account for implicit relevance could improve model
performance.

Additionally, our evaluation primarily focused
on MRR as the metric, which, while effective,
might not fully capture other aspects of citation
prediction, such as diversity or contextual rele-
vance. Incorporating alternative metrics could pro-



vide a more nuanced understanding of model per-
formance.

Another limitation lies in the dataset itself.
The dataset contains only the citations from the
Supreme Court of India cases, whereas a case
might cite other judicial cases, also like High
Courts, which are not considered during dataset cre-
ation. Incorporating citations across other courts or
jurisdictions (e.g., High Court cases citing Supreme
Court decisions) is an important extension that we
plan for future releases. LeCNet is intended pri-
marily as a benchmark for citation link-prediction
methods in the Indian legal domain, and secondar-
ily as training data for legal retrieval tasks. Note
that our current evaluation assumes a fixed corpus;
supporting truly new (unseen) documents is an im-
portant direction for future work. In future work,
we plan to involve legal scholars for expert feed-
back to further validate the dataset’s relevance and
the models’ real-world applicability.

An important direction for future work is to in-
corporate harder negative samples, such as cases
from similar legal topics or issued in the same year.
Such negatives would better reflect the real ambigu-
ity present in citation decisions and create a more
challenging and realistic evaluation setting for link
prediction models.

Finally, while we conducted extensive experi-
ments using existing Open Graph Benchmark mod-
els, further exploration of advanced techniques,
such as contrastive learning, hybrid GNNs, or the
inclusion of richer features like legal concepts,
statutes, or temporal patterns, could enhance the
task of citation prediction. Future work could
also investigate models capable of incorporating
domain-specific knowledge to address the unique
challenges presented by citation prediction in the
legal domain.

Ethical Considerations

This paper releases a dataset for recommending
relevant citations in the legal domain. The pur-
pose is not to replace researchers or legal experts,
but to contribute a dataset that can be used to aug-
ment their work by facilitating efficient citation
recommendations. For training and evaluation, we
utilized the LeCNet dataset, which consists of pub-
licly available citation data, ensuring that privacy
concerns are not violated.

It is important to note that we did not explicitly
address potential biases in the dataset or normalize
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the data concerning citation patterns. As such, the
system’s performance may reflect certain biases
inherent in the data, such as overrepresentation of
frequently cited papers or underrepresentation of
niche topics. Future work could involve investigat-
ing these biases and exploring methods to ensure a
more balanced and fair recommendation system.
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A Appendix

Al. Detailed MRR Results for DS,_4 nr—10

A2. Detailed MRR Results for DS,—s nr—10

Models Train Validation Test
MLP 0.830+0.004  0.832+0.001  0.831%0.002
N2V 0.886+0.007  0.874+0.001  0.873+0.001

MAT.FAC. 0.998+0.000 0.378+0.015 0.377+0.013
G.SAGE 0.991+0.001  0.985+0.000  0.984+0.001
N.SAMP.  0.980+0.001 0.987+0.000 0.985+0.000

C.GCN 0.916+0.005 0.929+0.003  0.926+0.004

G.SAINT  0.953+0.002 0.963+0.001  0.963+0.002

GCN 0.989+0.001  0.988+0.000  0.987+0.001

Table 5: MRR results for DS, —2 nF—10.
A3. Detailed MRR Results for DS, _s nr—25

Models Train Validation Test
MLP 0.734+0.007  0.742+0.002  0.737%0.001
N2V 0.800+0.004  0.796+0.002  0.791%0.002

MAT.FAC. 0.990+0.000 0.382+0.012 0.380%0.001
G.SAGE 0.980+0.001  0.968+0.000  0.968+0.001
N.SAMP.  0.959+0.001 0.970£0.001  0.970%0.001
C.GCN 0.861+0.007 0.877+0.007  0.875%0.007
G.SAINT  0.916+£0.004 0.933+£0.004 0.933+0.005
GCN 0.989+0.001  0.988+0.000  0.987+0.000

Models Train Validation Test
MLP 0.838+0.005 0.807+0.002  0.807+0.001
N2V 0.887+0.005 0.856+0.001  0.857+0.001

MAT.FAC. 0.998+0.000 0.373+0.011 0.372+0.010
G.SAGE 0.99240.000  0.979+0.000 0.980+0.001
N.SAMP.  0.982+0.000 0.981+0.000  0.982+0.000

C.GCN 0.91940.002  0.907£0.003  0.909+0.003

G.SAINT  0.959+0.003 0.955+0.003  0.953+0.003
GCN 0.991£0.000  0.983+0.000 0.983+0.001

Table 4: MRR results for DS;—4 nr=10.

Table 6: MRR results for DS;—2 nF=25.



