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Abstract
The selection of negative samples plays a crucial role in a wide

range of machine learning algorithms and is particularly critical in

edge classification tasks, where this choice has a direct impact on

predictive performance. In this paper, we propose a set of strategies

for generating negative edges in large, heterogeneous biomedical

knowledge graphs, tailored to different link prediction scenarios.

In these graphs, the absence of an observed edge does not neces-

sarily indicate the absence of a relationship; instead, it may sim-

ply reflect missing or undiscovered knowledge. Leveraging latent-

space graph embeddings, we analyze the impact of different nega-

tive sample selection strategies that account for both node types

and edge semantics. Our initial experiments on two biomedical

knowledge graphs demonstrate substantial improvements in clas-

sification performance, independent of the underlying predictive

model, highlighting the robustness and effectiveness of the pro-

posed approach. Results show that our strategies for generating

negative edges in a knowledge graph outperform random nega-

tive sampling, yielding statistically significant improvements in

balanced accuracy. Code and data for reproducing experiments

are available at https://github.com/SLIMlaboratory/glow26 and

https://zenodo.org/records/18074722.
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1 Introduction
Knowledge graphs (KGs) [21] are increasingly adopted as a natu-

ral means for integrating heterogeneous information originating

from diverse domains and application scenarios, including, but not

limited to, economics [37], financial analysis [22], and biomedical

research [10]. KGs provide a natural formalism to model real-world

entities and the various types of relationships that can exist between

them. Furthermore, when coupled with an ontological description,

they facilitate interoperability across heterogeneous systems and

support the development of a broad spectrum of AI-based analysis

and processing. This processing commonly relies on supervised

Machine Learning (ML) methods that exploit the KG topology. In

settings involving binary predictions, a supervised ML algorithm

requires as input a dataset containing both positive and negative
examples, representing the two possible prediction outcomes. This

generally leads to a fundamental problem when working with KGs,

especially biomedical ones, because a marked asymmetry emerges:

positive instances are straightforward to identify, whereas negative

instances are rarely available. For example, an edge between two

nodes representing a gene and a pathology encodes established

knowledge that the former contributes to influencing the latter.

However, the absence of such an edge does not necessarily indi-

cate the opposite relationship; more plausibly, it reflects that no

scientific study has yet investigated this specific connection.

Negative sample selection strategies are often applied to KGs to

synthesize negative examples to be fed to the ML algorithm be-

ing used, typically by constructing nodes, edges, or labels that are

not observed in the graph while respecting its structural and se-

mantic constraints. Such strategies aim to approximate the set of

false or implausible facts by perturbing existing positive triples

(e.g., through entity or relation replacement—under assumptions

such as the closed- or partial-closed-world hypothesis [28, 31]).

The resulting negative instances are intended to provide a mean-

ingful learning signal, mitigating the absence of explicit negative

information in KGs and enabling supervised or semi-supervised

models to be effectively trained. Although these types of strategies

have been thoroughly examined with respect to how they are in-

corporated into graph representations [25], their explicit influence

on the performance of downstream ML algorithms has received

comparatively limited attention in the existing literature.
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To address this gap, this paper presents a systematic empirical

analysis of how three distinct negative-sample selection strategies

affect the task of link prediction, conducted on two biomedical

KGs. Through a series of controlled experiments, we evaluate and

compare the performances of these strategies. Our findings indi-

cate that topology-aware strategies for generating negative edges

outperform random sampling, yielding statistically significant im-

provements across both binary classifiers and one-class models.

The remainder of this article is structured as follows: Sect. 2

provides a brief overview of the literature on KG representation and

introduces the main ML methods that form the basis of our study,

while Sect. 3 introduces key concepts related to KGs that are used

in our approach. Sect. 4 describes the strategies for the selection of

negative samples that we propose. The construction of the datasets

and the design of the experimental setup are presented in Sect. 5,

and the results of our experiments are shown and discussed in

Sect. 6. Some closing remarks end the paper.

2 Related Work
2.1 Graph Representation Learning
Graph Representation Learning (GRL) is a paradigm that aims to

transform the complex, non-Euclidean structure of graphs into low-

dimensional vector spaces while preserving their essential struc-

tural and semantic properties [38]. GRL techniques learn vector

representations (named embeddings), “living” in continuous spaces,

that capture relationships such as proximity, community structure,

and node/edge attributes. These embeddings enable the applica-

tion of standard ML algorithms for downstream tasks (e.g., link

prediction, node classification, novelty detection, and clustering).

A prominent category of GRL approaches is based on Random

Walks (RWs) and extends the “distributional hypothesis” from lin-

guistics to the graph domain. These methods perform RWs from

each node to gather contextual information and train word2vec-

style [27] models to learn embeddings. Popular examples include

DeepWalk [30] and node2vec [17], which mainly differ in their walk

strategies: DeepWalk uses simple first-order random walks, while

node2vec introduces biased second-order walks for greater flexibil-

ity. Another group of GRL methods focuses on relation-learning

models [2, 36], designed primarily for heterogeneous graphs to

jointly learn entity and relation embeddings. These models, widely

adopted for the representation of KGs, employ contrastive learning

to assign high scores to true edges while penalizing “corrupted”

ones. TransE [2] is one of the most widely adopted relation-learning

approaches, known for its efficiency and strong empirical perfor-

mance. It represents each relation as a translation operation from

the subject to the object in the embedding space.

By bridging the gap between symbolic graph data and continuous

ML models, GRL provides a powerful foundation for analyzing and

reasoning over complex graph-structured information.

2.2 Classification Models
We focus on binary classification induced by a relation-specific

partitioning of the KG. Specifically, for each target relation type,

the object to be classified is a candidate link represented through its

embedding, and the prediction is either true or false, corresponding
to the acceptance or rejection of the candidate as a valid instance of

that relation. For example, in a biomedical KG, this corresponds to

predicting whether a given gene is associated with a specific disease.

Within this setting, we consider two different approaches. The first

relies on classical ML models specifically designed for binary classi-

fication. These models are trained on a set of candidate links, each

associated with a boolean label expressing the ground truth about

its membership to the edge set of the KG under study. The second

approach is based on one-class classification (OCC), which aims

at learning a single target class while treating all other instances

as belonging to an undefined or outlier category. OCC methods

are trained exclusively using examples from the target class, which

makes them particularly suited for tasks such as the detection of

anomalies (e.g., fraud detection in financial transactions, fault diag-

nosis in industrial equipment [34], or network intrusions) or the

discovery of novelties (e.g., new species in ecological data [12] or

emerging topics in text streams [19]). In our context, their use is

motivated by the strong imbalance between links and non-links

in a KG: valid links are vastly outnumbered by non-links. Under

this assumption, embeddings of the latter can be regarded as anom-

alies w.r.t. the distribution induced by embeddings of existing links.

Once trained, an OCC model can be naturally turned into a binary

classifier by interpreting “normal” and “anomalous” outcomes as

prediction of links and non-links, respectively.

In our experiments, we consider two classical binary classifica-

tion models (Decision Trees and Random Forests) and two widely

used OCC approaches (One-Class Support Vector Machines and

Isolation Forests), which are briefly described in the following.

Decision Trees (DTs). A DT implements a hierarchy of decision

rules organized in a tree structure and learned from data [4]. Each

non-terminal node is associated with a condition on the data at-

tribute value, while leaves are labeled with one of the available

classes, which corresponds to the prediction produced by the model.

Accordingly, the path from the root to a leaf of the tree provides

a symbolic explanation of the classification process for a given

object. A DT is learned by recursively partitioning the training set

into increasingly homogeneous subsets. At each step, the learning

algorithm selects a feature and a split that best separates the data

according to a heterogeneity measure (e.g., the Gini index), with

the goal of making the target values within each subset as uniform

as possible. This process continues until a stopping condition is

met, for instance based on tree depth or leaf impurity.

Random Forests (RFs). A RF is an ensemble of DTs, each learned

from a subsample of the original training set [3]. Subsampling

typically involves selecting subsets of both training instances and

attributes, with the aim of promoting variety among the trees, each

specializing in a particular region of the input space. Queries to

a RF are answered by suitably aggregating the prediction of the

various trees, for instance through majority vote.

One-class Support Vector Machines (OCSVMs). OCSVMs, first for-

malized in [33], extend the principles of support vector machines

(SVMs [13]) to the single-class setting by constructing a decision

boundary in a feature space (induced by a nonlinear transformation

of the original data) that maximally separates the target data from

the origin. This is achieved by solving a constrained optimization

problem that also considers a controlled number of soft margin
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(a) Knowledge Graph𝐺 (b) Schema𝐺𝑆 (c) Partition of𝐺 by schema edges

Figure 1: Example of partitioning a KG 𝐺 according to its schema 𝐺𝑆 .

violations. Once this problem has been solved, a decision bound-
ary is established so that points falling outside this boundary are

deemed outliers or novelties [1, 26]. Variants such as SVDD [35]

and distributed OCSVM [9] further adapt this model for scalability

and dynamic environments.

Isolation Forests (IFs). An IF is an ensemble-based approach to

anomaly detection that relies on the idea that anomalous instances

are rare and differ significantly from the majority of the data, mak-

ing them easier to isolate through random partitioning [24]. The

method constructs a collection of binary trees, known as isolation

trees, each of which is built by recursively splitting the data us-

ing randomly selected attributes and randomly chosen split values.

Unlike DTs, these trees are grown without reference to class la-

bels and without optimizing any impurity or information-based

criterion. During this process, instances that lie in sparse regions

of the input space or exhibit unusual attribute values tend to be

separated from the rest of the data after a small number of splits,

while normal instances require more partitions to be isolated. As

a result, anomalies correspond to shorter paths from the root to a

leaf in the isolation trees. For a given instance, an anomaly score is

obtained by aggregating and normalizing the path lengths across

all trees in the forest, with shorter average path lengths indicating

a higher degree of abnormality. Binary classification is ensured by

thresholding this abnormality degree.

2.3 Impact of Negative Edges on Graph ML
The impact of negative edge selection in graph ML tasks has been

explored along two main directions. The first concerns the selection

of negative edges to improve graph embeddings. In this setting,

negative edge selection is tightly integrated into the embedding

learning process and used to optimize the loss of a GRL model,

enforcing separation between the embeddings of selected negative

edges and those of graph edges in the latent space. Proposed ap-

proaches exploit influence functions [25], degree-aware and other

topology-driven strategies [39], as well as corruption-based, dy-

namic, adversarial, and auxiliary-entity sampling methods [5, 23].

A second direction, instead, leverages negative edge selection

to enhance downstream classifiers. In this scenario, rather than

aiming at shaping the latent space, negative edge selection is used

to improve subsequent classification performance. To the best of

our knowledge, the only work following this paradigm for link

prediction is [8], which investigates a degree-aware negative sam-

pling strategy on a graph of approximately 255 k edges with few

relation types. Homogeneous GRL methods are used for generat-

ing embeddings and a perceptron is employed as classifier, using

uniform negative sampling as a baseline. Our work builds upon

this latter paradigm by taking into account the different kinds of

predicates (i.e., relation types) in a KG and by analyzing the impact

of different negative sample selection strategies on a heterogeneous

link prediction task.

3 Knowledge Graphs
The structure and content of a KG can be described by means of

a schema. The schema enables the representation of the types of

entities available in a given domain and the types of relationships

that can exist among them. In some domains (like the biomedical

one), the description can be exploited as a constraint, while in others

it can be exploited simply as a data guide for the information to be

included in the KG.

Definition 1. (KG Schema). Let 𝑁𝑇 be the set of node types of
interest in a given domain, 𝐸𝑇 the set of edge types (predicates), and 𝜙
the function that assigns to each node its type. A Knowledge Graph

Schema 𝐺𝑆 is a graph ⟨𝑁𝑆 , 𝐸𝑆 , 𝑁𝑇 , 𝐸𝑇 , 𝜙⟩, in which the sets of nodes
is 𝑁𝑆 and 𝐸𝑆 = {(𝑠, 𝑝, 𝑡) | 𝑠, 𝑡 ∈ 𝑁𝑆 , 𝜙 (𝑠), 𝜙 (𝑡) ∈ 𝑁𝑇 , 𝑝 ∈ 𝐸𝑇 }.

In a schema, there is 1:1 correspondence between the graph

nodes and their types. Therefore, schema nodes can be represented

by means of their types. In the following, each triple (𝑠, 𝑝, 𝑡) ∈ 𝐸𝑆 is

represented through the triple (𝜙 (𝑠), 𝑝, 𝜙 (𝑡)) and denoted schema
fact. Moreover, Facts(𝐺𝑆 ) denotes all possible facts present in 𝐺𝑆 .

The schema can be used as a footprint to generate KGs.

Definition 2. (KG). Let𝐺𝑆 = ⟨𝑁𝑆 , 𝐸𝑆 , 𝑁𝑇 , 𝐸𝑇 , 𝜙⟩ be a KG Schema.
A Knowledge Graph𝐺 made according to𝐺𝑆 is a pair ⟨𝑁, 𝐸⟩, where:

• 𝑁 is the set of nodes (entities);
• 𝐸 ⊆ 𝑁 × 𝐸𝑇 × 𝑁 = {(𝑠, 𝑝, 𝑡) | 𝜙 (𝑠), 𝜙 (𝑡) ∈ 𝑁𝑇 , 𝑝 ∈ 𝐸𝑇 } is the
set of edges representing typed relationships between nodes.

Given a KG 𝐺 , Nodes(𝐺) and Edges(𝐺) denote the correspond-
ing sets of nodes and edges. Moreover, sp𝐺 (𝑠, 𝑡) is the length of the
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Figure 2: Pipeline for edge classification in a KG. The approach involves (𝑖) KG embedding and homogeneous subgraph
extraction, (𝑖𝑖) negative edge generation, and (𝑖𝑖𝑖) classification training.

minimal path between the source 𝑠 and the target 𝑡 (sp𝐺 (𝑠, 𝑡) =∞
when no path exists), and deg𝐺 (𝑛) is the number of edges incident

to 𝑛 (i.e., the edges in which 𝑛 appears either as source or target).

Starting from a schema fact 𝑓 = (𝑠𝑇 , 𝑝, 𝑡𝑇 ) of a schema 𝐺𝑆 , we

introduce the induced subgraph 𝐺 𝑓 . It corresponds to the subgraph

of𝐺 whose nodes are of type 𝑠𝑇 and 𝑡𝑇 and whose edges are labeled

by 𝑝 . The induced subgraph might contain nodes of two types,

but its edges are homogeneous. The induced subgraphs of a graph

𝐺 constitute a partition of 𝐺 (i.e., ∪𝑓 ∈Facts(𝐺𝑆 )Edges(𝐺 𝑓 ) = 𝐸 and

∩𝑓 ∈Facts(𝐺𝑆 )Edges(𝐺 𝑓 ) = ∅).
Example 1. Figure 1a shows an example of a KG 𝐺 describing

relationships among RNA molecules, genes, diseases, and chemicals.
Multiple types of relations can exist between entities of the same type
according to the schema 𝐺𝑆 in Figure 1b. Finally, Figure 1c illustrates
the partitions of 𝐺 obtained through the schema facts Facts(𝐸𝑆 ).

A KG𝐺 can be embedded into a latent space by means of one of

the approaches described in Sect. 2.1. The use of a heterogeneous

method (like TransE) allows to consider both the graph topology

and the kind of edges in the definition of similarity among nodes and

among edges. Through the embedding function emb𝑁 : 𝑁 → R𝑑
, a

𝑑-dimensional vector is associated with each graph node. Moreover,

the embedding function emb𝐸 : 𝐸 → R𝑑
is used to generate the

embedding of the edges by applying the Hadamard product on the

embedding of the source and target nodes.

4 Classification Approach Integrating a
Negative Selection Strategy

An edge classification approach that exploits a negative sample

selection strategy is organized in a three-step pipeline (see Figure 2).

The first step aims to compute and organize the embeddings

of the nodes and edges of a KG 𝐺 according to the schema facts

of its schema 𝐺𝑆 . Specifically, nodes and edges are embedded in

a latent space through the emb𝑁 and emb𝐸 functions described

above. Then, edge embeddings are grouped by their associated

schema fact 𝑓 . This grouping allows us to extract homogeneous

sets of embeddings while preserving the heterogeneity induced by

different edge and node types.

The second step is devoted to the selection of negative edges,

i.e., a subset of edges that are absent in the KG and are assumed

to represent incorrect relationships. Formally, given a KG 𝐺 , let

Positive(𝐺) denote the set of edges in 𝐺 , and Negative(𝐺) the set
of artificially generated edges that should be considered wrong

relationships in𝐺 (Negative(𝐺) ⊆ 𝑁 × 𝐸𝑇 ×𝑁 , with Positive(𝐺) ∩
Negative(𝐺) = ∅). Negative edges are embedded in the same latent

space as positive edges and grouped according to their schema fact

(represented as red embeddings in Figure 2). Their size should not

exceed 3 times the number of positive edges to limit class imbalance.

In the third step, we train one ML model for each schema fact

to learn the distribution of positive edges in the KG. The goal is to

train a model Model𝑓 using the edge embeddings associated with

schema fact 𝑓 , so that Model𝑓 captures the latent features (i.e., the

embeddings) of edges of that type. Eachmodel is expected to enclose

positive edges within its positive decision region while keeping neg-

ative edges outside. Negative edges are required since without them

an optimal Model𝑓 would trivially classify all edges in Positive(𝐺)
(and potentially any other edge) as positive, providing no mean-

ingful information about its discriminative ability. Depending on

the chosen learning paradigm, Model𝑓 may be trained using both

positive and negative samples in the full ML pipeline—e.g., DTs and

RFs —or using only positive samples—e.g., OCSVMs and IFs. In the

latter case, negative edges are used exclusively for hyperparameter

tuning and model evaluation.

In the remainder of this section, we provide formal representa-

tions and examples of the strategies for selecting the negatives.
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(a) Community. (b) Shortest path. (c) Degree-aware.

Figure 3: Negative strategies.

4.1 Community-based Strategy
This strategy leverages the community structure identified by a

graph clustering algorithm (e.g., the Louvain algorithm [15]) on the

graph induced by the schema fact 𝑓 , assuming that nodes within

the same community are more likely to be interconnected. Con-

versely, inter-community links are comparatively infrequent and

can therefore be regarded as suitable candidates for the introduction

of negative facts.

Definition 3. (Community-Based Strategy). Let 𝑓 = (𝑠𝐺 , 𝑝, 𝑡𝐺 )
be a schema fact of a schema 𝐺𝑆 associated with a KG 𝐺 . Let 𝐺 𝑓 be
the graph induced by 𝑖𝑛𝑠𝑡𝑎𝑛𝑐𝑒𝑠 (𝑓 ) and {𝐶1, . . . ,𝐶𝑛} the clusters of
nodes in 𝐺 𝑓 computed according to a graph clustering algorithm. A
negative fact (𝑠𝑁 , 𝑞, 𝑡𝑁 ) ∉ Edges(𝐺 𝑓 ) is introduced in 𝐺 𝑓 according
to Community-Based Strategy if and only if:

• 𝑠𝑁 , 𝑡𝑁 ∈ Nodes(𝐺 𝑓 ), 𝜙 (𝑠𝑁 ) = 𝑠𝐺 , 𝜙 (𝑡𝑁 ) = 𝑡𝐺 , 𝑞 ∈ 𝐸𝑇 ,
• ((𝑠𝑁 , 𝑞, 𝑡𝑁 ) ∈ 𝐸 ∧ 𝑞 ≠ 𝑝) ∨ ((𝑠𝑁 , 𝑞, 𝑡𝑁 ) ∉ 𝐸 ∧ 𝑞 = 𝑝),
• 𝑠𝑁 ∈ 𝐶𝑖 , 𝑡𝑁 ∈ 𝐶 𝑗 and 𝑖 ≠ 𝑗 ,
• |Negative(𝐺 𝑓 ) | ≤ 3 · |Positive(𝐺 𝑓 ) |.

Figure 3a shows an example of how the Community-Based Strat-

egy works on a partition 𝐺 𝑓 associated with a KG 𝐺 induced by

the instances of the schema fact (Chemical, treats, Disease). Blue
nodes represent entities of type Chemical, green nodes represent

entities of type Disease, and black links between them represent

KG edges with predicate treats. Each ellipse corresponds to a com-

munity in𝐺 𝑓 detected by the Louvain algorithm. According to the

Community-Based Strategy, negative examples (shown in red) are

sampled between nodes belonging to distinct communities (e.g., a

drug in the blue cluster and a disease in the green one).

4.2 Shortest Path Based Strategy
This strategy selects negative edges by selecting pairs of nodes that

are not directly connected and are at least 𝜏hop ∈ N hops apart in

the graph induced by the schema fact 𝑓 , under the assumption that

nodes far apart are unlikely to be linked. If two nodes belong to

different connected components, the edge between them is auto-

matically treated as a negative example. Although this strategy may

be computationally expensive for large partition graphs, we remark

that negatives are sampled only once in our pipeline and can be

reused across runs.

Definition 4. (Shortest Path-Based Strategy). Let 𝑓 = (𝑠𝐺 , 𝑝, 𝑡𝐺 )
be a schema fact of a schema 𝐺𝑆 associated with a KG 𝐺 . Let 𝐺 𝑓 be
the graph induced by 𝑖𝑛𝑠𝑡𝑎𝑛𝑐𝑒𝑠 (𝑓 ). Moreover, let 𝜏hop ∈ N be a dis-
tance threshold for negative sampling. A negative fact (𝑠𝑁 , 𝑞, 𝑡𝑁 ) ∉
Edges(𝐺 𝑓 ) is introduced in𝐺 𝑓 according to Shortest Path-Based Strat-
egy if and only if:

• 𝑠𝑁 , 𝑡𝑁 ∈ Nodes(𝐺 𝑓 ), 𝜙 (𝑠𝑁 )=𝑠𝐺 , 𝜙 (𝑡𝑁 )=𝑡𝐺 , 𝑞 ∈ 𝐸𝑇 , 𝑞 ≠ 𝑝 ,
• 𝑠𝑝𝐺𝑓

(𝑠𝑁 , 𝑡𝑁 ) ≥ 𝜏hop,
• |Negative(𝐺 𝑓 ) | ≤ 3 · |Positive(𝐺 𝑓 ) |.

Figure 3b shows an example of how the Shortest Path-Based

Strategy works on a partition 𝐺 𝑓 associated with a KG 𝐺 induced

by the instances of the schema fact (RNA, causes, Disease). Orange
nodes represent entities of type RNA, green nodes represent enti-

ties of type Disease, and black links between them represent KG

edges with predicate causes. According to the Shortest Path-Based

Strategy, negative examples (shown in red) are sampled between

nodes that are not directly connected and are separated by at least

𝜏hop = 5 hops, or belong to different connected components of 𝐺 𝑓 .

4.3 Degree-Aware Strategy
This strategy exploits the node degree distribution of the graph

induced by a schema fact 𝑓 to generate negative samples. Nodes are

first assigned their degree within the graph induced by the instances

of 𝑓 . Negative edges are then sampled starting from highest-degree

nodes. The rationale is that nodes with high degrees are typically

well-connected, so pairs of high-degree nodes that are not linked

are more likely to represent implausible edges [16].

Definition 5. (Degree-Aware Strategy). Let 𝑓 = (𝑠𝐺 , 𝑝, 𝑡𝐺 ) be a
schema fact of a schema𝐺𝑆 associated with a KG𝐺 ,𝐺 𝑓 be the graph
induced by 𝐺 𝑓 , and 𝜏neg ∈ N be a minimum degree threshold. A
negative fact (𝑠𝑁 , 𝑞, 𝑡𝑁 ) ∉ Edges(𝐺 𝑓 ) is introduced in 𝐺 𝑓 according
to the Degree-Aware Strategy if and only if:

• 𝑠𝑁 , 𝑡𝑁 ∈ Nodes(𝐺 𝑓 ), 𝜙 (𝑠𝑁 )=𝑠𝐺 , 𝜙 (𝑡𝑁 ) = 𝑡𝐺 , 𝑞 ∈𝐸𝑇 , 𝑞 ≠ 𝑝 ,
• deg𝐺𝑓

(𝑠𝑁 ) ≥ 𝜏neg, deg𝐺𝑓
(𝑡𝑁 ) ≥ 𝜏neg,

• |Negative(𝐺 𝑓 ) | ≤ 3 · |Positive(𝐺 𝑓 ) |.

Figure 3c shows an example of the Degree-Aware Strategy ap-

plied to the partition 𝐺 𝑓 associated with the schema fact 𝑓 =(RNA,
interacts with, Gene). Negative edges are shown in red and sampled

from nodes characterized by 𝜏neg ≥ 3. This ensures that negative

601



WWW Companion ’26, April 13–17, 2026, Dubai, United Arab Emirates Emanuele Cavalleri, Miad Alavinezhad, Marco Mesiti, and Dario Malchiodi

edges are sampled between nodes with the highest connectivity,

which are less likely to be connected in reality.

5 Datasets and Metrics

Table 1 reports the two KGs used to evaluate our approach and

their main topological statistics like the cardinality of nodes (|𝑁 |),
edges (|𝐸 |), node types (|𝑁𝑇 |), and edge types (|𝐸𝑇 |). Moreover,

we propose some statistics (average degree, average shortest path

length, and average clustering coefficient) useful to assess the ef-

fectiveness of the proposed strategies. The first one, miRNAdis-
ease (RNA), is a view derived from RNA-KG [11], covering different

subsets of RNA-related interactions and annotations. The other,

PheKnowLator benchmark KG [6] (PKT), is a KG designed for bench-

marking biomedical link prediction, integrating molecular, clinical,

and disease-level associations.

All the graphs exhibit the typical structural characteristics of

large-scale biomedical KGs. Despite their size, both datasets main-

tain low average degrees and clustering coefficients, while the aver-

age shortest-path lengths remain relatively small. This is consistent

with the small-world effect [29] commonly observed in biological

interaction networks. Moreover, Figure 4 shows the highly skewed

degree distribution of the PKT KG (the same pattern appears in RNA).
Only a small fraction of nodes act as hubs, displaying very high

degrees, whereas the vast majority remain weakly connected. This

behavior reflects the presence of a few highly central biological

entities surrounded by many low-degree ones.

Standard classification metrics such as precision, recall, speci-

ficity, balanced accuracy, 𝐹𝛽 -score, and the Matthews correlation

coefficient were considered to evaluate the performance of different

ML models in the proposed pipeline. Moreover, we introduce a met-

ric named 𝐹𝛽 -score, which combines the false positive rate (𝐹𝑃𝑅)

and the false negative rate (𝐹𝑁𝑅): 𝐹𝛽 -score = (1+𝛽2) · 𝐹𝑁𝑅 ·𝐹𝑃𝑅
(𝛽2 ·𝐹𝑁𝑅)+𝐹𝑃𝑅 .

The parameter 𝛽 allows control over the importance assigned to the

two types of errors: larger values of 𝛽 deeply penalize the reduction

of false assertions (FPR), whereas smaller values prioritize missed

negatives (FNR).

6 Experiments
Several experiments have been conducted to validate the proposed

approach. Specifically, the quality of the negative sample selec-

tion strategies has been evaluated in terms of the overlap of the

generated negative samples. Minimal overlap means that the strate-

gies identify complementary edges and that one strategy is not a

generalization/specialization of another strategy.

Moreover, we wish to evaluate the quality of the generated clas-

sification approach in terms of the metrics described in the previous

section. A random negative sampling strategy was adopted as a

KG |N| |E| |NT | |ET |
Avg.

Degree
Avg. Path
Length

Avg. Clus.
Coef.

RNA 99𝑘 1.6𝑀 27 138 32.62 5.22 0.11

PKT 560𝑘 5.5𝑀 23 320 19.71 4.57 0.05

Table 1: Datasets.

Figure 4: Degree distribution for the PKT KG.

baseline, with an upper bound on the number of negatives set to

three times the number of positive edges.

Not all schema facts in the KGswere considered. Partitions (i) with

very small cardinality (i.e., fewer than 1 k edges) or (ii) encoding

well-established ontological knowledge (e.g., indicating that a gene

is a protein-coding gene) were discarded, as they do not constitute

meaningful or informative classification tasks. After this filtering

step, we retained 12 schema facts for RNA and 18 for PKT.
In conducting experiments, we set both 𝜏hop and 𝜏neg to 10,

adopted a 70–30 train–test edges split, and used TransE for em-

bedding the KGs since it is a heterogeneous method and efficiently

implemented in the GRAPE [7] framework (we chose an embedding

size of 32). We set 𝛽 = 1 for both the 𝐹𝛽 -score and 𝐹𝛽 -score met-

rics to give equal importance to false positives and false negatives.

Moreover, 𝐹1-score is used as the objective metric for hyperparam-

eter selection (we used a nested cross-validation procedure, using

a 5-fold outer loop for model evaluation and a 3-fold inner loop for

hyperparameter tuning). The complete hyperparameter grids are

reported in Appendix A.

6.1 Evaluating Negative Selection Strategies
Figure 5 reports a Venn diagram comparing the negative edges gen-

erated by the three strategies on the considered KGs. The diagram

highlights both the distinct portions produced by each method and

the intersections among them. Despite the large amount of gen-

erated negative edges (more than 12M), the strategies show little

overlap. In particular, only 77.1 k negative edges (0.59% of the total)

are selected as negatives by all strategies.

This comparison quantifies the heterogeneity of the strategies

and shows that the different heuristics lead to different negative

sets. Such variability is relevant because it may influence the down-

stream behavior of the ML models (i.e., differences in performance

can be attributed to the strategies).

Finally, all strategies are computationally efficient and suitable

for parallel execution. In our experiments (conducted on a server

equipped with an Intel Xeon CPU—32 threads—and 251GB of RAM),

only five strategy instances required more than one minute (but less

than five) to complete: three shortest path based runs on partitions

with more than 140 k edges, and two degree-aware runs.
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Figure 5: Overlaps of negative edges among strategies.

6.2 Evaluating ML approaches
Figure 6 reports the mean balanced accuracy for the considered

classification models, aggregated over the two KGs, when combined

with the associated negative sample selection strategy. Overall, the

application of the proposed strategies produces better results with

respect to the random baseline in many of the adopted models. The

largest performance gains are observed for binary classifiers. In par-

ticular, RFs achieve the best results with an average improvement

of up to +6% in balanced accuracy when the community-based strat-

egy is adopted. Anomaly detection approaches also benefit from

negative strategies, with improvements of up to +2%, indicating

that negatives (i.e., “anomalies”) from these strategies provide a

more “informative” decision boundary.

We also evaluated other binary classifiers, including logistic

regression [14], SVMs, and perceptron [32] trained via stochastic

gradient descent. However, they underperformed RFs and DTs,

achieving a 2–3% lower average balanced accuracy compared to

Figure 6: Average balanced accuracy with standard deviation
of the considered classification models and negative sam-
pling strategies.

Figure 7: Regression of balanced accuracy as a function of
edge cardinality (log) for the considered classificationmodels
and negative sampling strategies.

RFs when using the community-based negative sampling strategy.

Details are reported in Appendix B.

Moreover, Figure 7 shows that classification performance tends

to increase with the number of triples in a partition. Each point

in the figure represents the performance of a model on a specific

schema fact, colored according to the adopted negative sampling

strategy. Regression lines summarize the average performance trend

for each strategy. Results confirm that, on average, the community-

based strategy yields the best performance, followed by the degree-

aware strategy. The shortest path-based strategy performs slightly

better than the random baseline, with its advantage becoming more

evident as relation cardinality increases. To quantify these observa-

tions, we computed the proportion of models outperforming their

random-negative counterpart for each strategy. The community-

based strategy improves performance in 108 out of 120 models

(90.0%), the degree-aware strategy in 62 (51.7%), and the shortest

path strategy in 61 (50.8%). A two-sided Wilcoxon signed-rank

test comparing each strategy against the random baseline con-

firms the statistical significance of the observed improvements for

community-based (𝑝 ≈ 10
−18

), while the effect of the shortest path

based and degree-aware strategies is weaker (𝑝 ≈ 0.01, 𝑝 ≈ 0.17).

The figure also includes model-specific ellipses, centered at the

empirical mean and scaled according to the covariance structure.

OCSVMs benefit the most from the proposed negative sampling

strategies when the number of positive edges increases, likely be-

cause more positives provide a clearer separation between normal

and anomalous regions in the embedding space. IFs exhibit a more

stable behavior across relation sizes. Although they benefit less

from an increasing number of positive instances, this makes them

a good choice when scalability w.r.t. the cardinality of the relation

under study is to be accounted for.

Detailed performance results for each strategy, schema fact, and

model are reported in Appendix C.
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7 Concluding Remarks
In this paper, we have presented a study on the impact of negative

sample selection strategies for edge classification in biomedical

KGs. By analyzing three strategies that exploit community struc-

ture, node distance, and degree information, we showed that a

topologically-aware negative sampling can improve link prediction

performance. The experimental results on two large-scale biomedi-

cal KGs confirm that the proposed strategies outperform random

negative sampling and provide robust gains independently of the

adopted ML paradigm.

As future work, we plan to apply the approach to other biomedi-

cal KGs (e.g., PrimeKG [18], Hetionet [20]), investigate a broader

range of parameter settings for the shortest path–based and degree-

aware strategies (i.e., 𝜏hop and 𝜏neg), and develop new strategies

based on the topology and semantics of the underlying KG. Finally,

we plan to extend this work to other ML models, in particular

neural-based classifiers.
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A Hyperparameter Configuration
This appendix reports the hyperparameter grids adopted for the

classification models considered in the experimental evaluation.

For DTs, we optimized the minimum number of samples required

to split an internal node, the minimum number of samples per leaf,

and the maximum tree depth. Specifically, min_samples_split ∈
{2, 5, 10},min_samples_leaf ∈ {1, 2, 4}, andmax_depth ∈ {None, 10,
20, 30, 50}.

For RFs, we tuned the number of estimators and the maximum

depth of individual trees. The number of estimators ranged in

{100, 200, 300, 400, 500}, while max_depth ∈ {None, 10, 20, 30, 50}.
For OCSVMs, we adopted the radial basis function (RBF) kernel

and optimized 𝜈 and the kernel coefficient 𝛾 . The 𝜈 parameter was

varied in the range [0.1, 0.2] using 10 uniformly spaced values,

while 𝛾 ∈ {10−1, 100, 101, 102, 103, 104}.
Finally, for IFs, we tuned the number of trees and the expected

contamination level. The number of estimators was set to {100, 200,
400}, while contamination values {0.2, 0.3, 0.4, 0.5} were explored.

B Other Binary Classifiers
Table A.1 reports results obtained for additional binary classifiers

trained via stochastic gradient descent and combined with the

community-based negative sampling strategy, and compares their

performance against RF in terms of average balanced accuracy.

Models were tuned using the cross-validation procedure described

in Sect. 6.

Model Avg. BA Δ Avg. BA vs RF

Logistic Regression 81.5 ± 0.01 -2.5%

SVM 81.3 ± 0.01 -2.7%

Perceptron 81.2 ± 0.02 -2.8%

RF 84.0 ± 0.01 –

Table A.1: Average balanced accuracy with standard devi-
ation of additional binary classifiers evaluated using the
community-based negative sampling strategy.

C Strategies’ Detailed Performances
Tables A.2–A.5 detail the classification results obtained for each

negative sampling strategy. We report the best five and worst five

schema facts in terms of balanced accuracy, together with edge

cardinality (Edges), precision, recall, specificity, 𝐹1-score, Matthews

correlation coefficient (MCC), and 𝐹1-score. Results are reported as

mean and standard deviation over the outer folds of the nested

cross-validation procedure.
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Model KG Schema Fact Edges Precision Recall Spec. B. Acc. 𝐹1 MCC 𝐹1

RF PKT Gene - interacts with - Protein 142.1𝑘 0.980±0.000 0.971±0.001 0.977±0.000 0.974±0.001 0.975±0.000 0.946±0.001 0.026±0.000
RF PKT Gene - genetically interacts with - Gene 2.0𝑘 0.981±0.005 0.988±0.004 0.955±0.011 0.972±0.007 0.984±0.003 0.947±0.009 0.019±0.004
RF RNA Gene - genetically interacts with - Gene 2.0𝑘 0.981±0.005 0.987±0.003 0.956±0.012 0.972±0.007 0.984±0.003 0.947±0.011 0.019±0.004
DT PKT Gene - interacts with - Protein 142.1𝑘 0.977±0.001 0.968±0.000 0.972±0.001 0.970±0.001 0.973±0.000 0.940±0.000 0.029±0.000
RF RNA miRNA - in similarity relationship with - miRNA 1.5𝑘 0.971±0.007 0.997±0.001 0.939±0.015 0.968±0.008 0.984±0.004 0.949±0.012 0.007±0.003

Mean 42.8𝑘 0.834±0.005 0.825±0.007 0.710±0.010 0.768±0.008 0.805±0.005 0.576±0.012 0.097±0.005

RF PKT Protein - located in - Cell 10.8𝑘 0.720±0.001 0.996±0.001 0.039±0.005 0.517±0.003 0.836±0.001 0.135±0.009 0.008±0.002
OCSVM PKT GO - positively regulates - GO 2.5𝑘 0.775±0.002 0.996±0.002 0.036±0.010 0.516±0.006 0.872±0.001 0.127±0.031 0.008±0.004
IF PKT Protein - located in - Cell 10.8𝑘 0.295±0.002 0.798±0.006 0.229±0.003 0.514±0.005 0.430±0.003 0.029±0.009 0.320±0.008
OCSVM PKT GO - negatively regulates - GO 2.5𝑘 0.774±0.002 0.996±0.002 0.029±0.008 0.512±0.005 0.871±0.001 0.109±0.029 0.008±0.003
IF PKT Protein - located in - Anatomy 16.1𝑘 0.261±0.003 0.800±0.013 0.215±0.003 0.508±0.008 0.393±0.005 0.016±0.013 0.319±0.016

Table A.2: Detailed performance of the community-based strategy across the considered KGs.

Model KG Schema Fact Edges Precision Recall Spec. B. Acc. 𝐹1 MCC 𝐹1

RF PKT Gene - interacts with - Protein 142.1𝑘 0.991±0.000 0.988±0.000 0.971±0.001 0.980±0.001 0.990±0.000 0.956±0.001 0.017±0.000
DT PKT Gene - interacts with - Protein 142.1𝑘 0.990±0.000 0.987±0.000 0.967±0.001 0.977±0.001 0.989±0.000 0.952±0.001 0.018±0.000
RF RNA miRNA - under expressed in - Disease 55.0𝑘 0.985±0.000 0.981±0.001 0.949±0.001 0.965±0.001 0.983±0.001 0.927±0.002 0.027±0.001
RF RNA miRNA - in similarity relationship with - miRNA 1.5𝑘 0.976±0.006 0.999±0.001 0.917±0.023 0.958±0.012 0.987±0.004 0.944±0.015 0.002±0.002
DT RNA miRNA - under expressed in - Disease 55.0𝑘 0.982±0.004 0.975±0.001 0.941±0.013 0.958±0.007 0.979±0.001 0.909±0.006 0.034±0.001

Mean 42.8𝑘 0.801±0.007 0.802±0.010 0.675±0.013 0.739±0.012 0.776±0.006 0.511±0.013 0.114±0.007

OCSVM PKT Protein - located in - Cell 10.8𝑘 0.436±0.032 0.139±0.020 0.901±0.008 0.520±0.014 0.210±0.027 0.059±0.026 0.178±0.012
OCSVM PKT GO - positively regulates - GO 2.5𝑘 0.774±0.001 0.994±0.002 0.036±0.007 0.515±0.005 0.870±0.001 0.111±0.021 0.012±0.003
IF PKT Protein - located in - Anatomy 16.1𝑘 0.286±0.002 0.800±0.013 0.226±0.004 0.513±0.009 0.421±0.004 0.029±0.010 0.317±0.016
OCSVM PKT GO - negatively regulates - GO 2.5𝑘 0.774±0.002 0.996±0.002 0.029±0.007 0.512±0.005 0.871±0.001 0.108±0.033 0.008±0.004
IF PKT Protein - located in - Cell 10.8𝑘 0.637±0.004 0.801±0.010 0.180±0.015 0.491±0.013 0.709±0.005 -0.023±0.016 0.321±0.012

Table A.3: Detailed performance of the degree-based strategy across the considered KGs.

Model KG Schema Fact Edges Precision Recall Spec. B. Acc. 𝐹1 MCC 𝐹1

RF RNA miRNA - in similarity relationship with - miRNA 1.5𝑘 0.972±0.003 0.998±0.001 0.922±0.008 0.960±0.005 0.985±0.002 0.943±0.006 0.004±0.001
RF RNA Gene - genetically interacts with - Gene 2.0𝑘 0.973±0.009 0.994±0.002 0.922±0.027 0.958±0.014 0.984±0.005 0.936±0.021 0.011±0.004
DT RNA miRNA - in similarity relationship with - miRNA 1.5𝑘 0.972±0.008 0.988±0.005 0.923±0.024 0.956±0.015 0.980±0.004 0.925±0.017 0.020±0.007
RF PKT Gene - genetically interacts with - Gene 2.0𝑘 0.965±0.008 0.997±0.002 0.898±0.025 0.948±0.014 0.981±0.004 0.925±0.015 0.005±0.003
DT PKT Gene - genetically interacts with - Gene 2.0𝑘 0.960±0.010 0.977±0.006 0.883±0.029 0.930±0.018 0.968±0.002 0.875±0.011 0.037±0.005

Mean 42.8𝑘 0.804±0.005 0.808±0.010 0.648±0.014 0.728±0.012 0.783±0.007 0.489±0.012 0.119±0.007

IF PKT Protein - located in - Anatomy 16.1𝑘 0.247±0.002 0.800±0.013 0.225±0.006 0.513±0.009 0.378±0.004 0.026±0.011 0.318±0.016
OCSVM PKT GO - negatively regulates - GO 2.5𝑘 0.774±0.001 0.996±0.001 0.029±0.007 0.512±0.004 0.871±0.001 0.103±0.029 0.009±0.002
RF PKT Protein - located in - Anatomy 16.1𝑘 0.762±0.001 0.998±0.001 0.022±0.004 0.510±0.003 0.864±0.000 0.102±0.006 0.004±0.002
RF PKT Protein - located in - Cell 10.8𝑘 0.734±0.001 0.998±0.001 0.020±0.004 0.509±0.003 0.846±0.000 0.095±0.018 0.005±0.001
IF PKT Protein - located in - Cell 10.8𝑘 0.273±0.002 0.798±0.006 0.215±0.005 0.507±0.005 0.407±0.003 0.015±0.010 0.321±0.008

Table A.4: Detailed performance of the shortest path-based strategy across the considered KGs.

Model KG Schema Fact Edges Precision Recall Spec. B. Acc. 𝐹1 MCC 𝐹1

RF PKT Gene - genetically interacts with - Gene 2.0𝑘 0.983±0.003 0.977±0.005 0.944±0.011 0.960±0.008 0.980±0.003 0.915±0.013 0.032±0.006
RF RNA miRNA - in similarity relationship with - miRNA 1.5𝑘 0.977±0.007 0.999±0.000 0.921±0.024 0.960±0.012 0.988±0.003 0.947±0.016 0.001±0.001
DT RNA miRNA - in similarity relationship with - miRNA 1.5𝑘 0.978±0.006 0.990±0.004 0.924±0.021 0.957±0.013 0.984±0.002 0.929±0.011 0.017±0.004
RF RNA Gene - genetically interacts with - Gene 2.0𝑘 0.982±0.003 0.970±0.001 0.940±0.010 0.955±0.005 0.976±0.002 0.899±0.007 0.039±0.002
RF PKT Chemical - interacts with - Gene 12.4𝑘 0.959±0.001 0.983±0.002 0.861±0.005 0.922±0.004 0.971±0.002 0.871±0.007 0.030±0.002

Mean 42.8𝑘 0.804±0.005 0.806±0.009 0.647±0.013 0.726±0.011 0.782±0.006 0.485±0.011 0.120±0.006

OCSVM PKT GO - negatively regulates - GO 2.5𝑘 0.773±0.001 0.996±0.001 0.027±0.005 0.511±0.003 0.871±0.001 0.101±0.022 0.008±0.003
RF PKT Protein - located in - Anatomy 16.1𝑘 0.773±0.000 0.998±0.000 0.024±0.002 0.511±0.001 0.871±0.000 0.111±0.008 0.004±0.001
IF PKT Protein - located in - Anatomy 16.1𝑘 0.236±0.003 0.800±0.013 0.222±0.006 0.511±0.009 0.364±0.004 0.023±0.012 0.317±0.016
IF PKT Protein - located in - Cell 10.8𝑘 0.234±0.001 0.801±0.010 0.215±0.005 0.508±0.007 0.363±0.003 0.016±0.007 0.318±0.012
RF PKT Protein - located in - Cell 10.8𝑘 0.772±0.000 0.999±0.001 0.014±0.002 0.506±0.002 0.871±0.000 0.088±0.011 0.002±0.002

Table A.5: Detailed performance of the random-based strategy across the considered KGs.
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