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Abstract
Graph rewiring strategies have emerged as powerful tools to enhance vertex connection
within a graph. These connections can be used by graph neural networks (GNNs) to improve
classifier performance. However, rewiring methods are unsupervised and aim to improve
connection metrics. This work introduces the positive sequential rewiring via breadth search
(PSRB) model, an approach that applies supervised rewiring to the available classes in a
positive and unlabeled learning (PUL) problem. PSRB employs a probability density function
to select edge addition between positive vertices, facilitating the sequential application of
a relational GNN. Experiments on five datasets from the literature show the algorithm’s
efficiency compared to state-of-the-art two-step PUL algorithms.

Keywords Positive and unlabeled learning · Graph neural networks · Rewiring

1 Introduction

Profound technological transformations in the information society have led to a massive vol-
ume of data being produced and accessed at an impressive speed. Data capture and processing
have become highly strategic. The advancement of machine learning algorithms has enabled
the execution of complex tasks, such as classifying vast amounts of data.

For simpler classification problems, binary classification algorithms can offer a viable
solution. These algorithms rely on training data where both class labels are available to the
classifier. However, in real-world scenarios, labeling large datasets can be challenging.

A research approach for extracting information from vast databases is positive and unla-
beled learning (PUL). In PUL, learning occurs only with positive (class of interest) and
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unlabeled data. This approach is a variant of the binary learning concept, where the classifier
is trained by having access solely to unlabeled examples and to labels of positive examples [1].

PUL algorithms can use various classification methods, such as (1) biased learning,
(2) class-prior incorporation and (3) two-step techniques. Biased learning algorithms treat
unlabeled data as negative examples with noise, utilizing methods such as expectation max-
imization [2], bagging, support vector machines (SVMs) [3, 4] and Laplacian learning on
hyperplanes [5]. The class-prior incorporation method uses the probability distribution of
label frequencies, applied through weighted logistic regression [6] or by directly incorporat-
ing label probabilities [7].

The two-step technique, the focus of this article, involves identifying some reliable neg-
ative examples before classifying the remaining examples. Reliable negative examples can
be found using SVMs [8] or clustering algorithms such as agglomerative clustering [9] or
k-means [10]. For PUL in graphs, reliable negative examples can be detected using global
similarity matrices [11] or Dijkstra’s algorithm [12].

In the field of graph learning, graph neural networks (GNNs) have shown promising results
in areas such as network traffic identification [13, 14], edge prediction in social networks [15],
network modeling [16] and text classification [17]. While GNNs have been widely applied
across various domains, few studies considered their use for classifying PUL problems. Wu
et al. [18] pioneered applying GNNs–PUL, using the class-prior incorporation method.

However, to the best of our knowledge, no studies have investigated the use of GNNs for
PUL using the two-step technique. To address this gap, we propose two novel techniques in
this study:

1. To improve vertex connectivity and locality, we propose the PSRBmodel, which sequen-
tially rewires positive vertices to facilitatemessage passing between them, generating new
graphswith improved connections. These new graphs are then used to propagate informa-
tion between positive vertices in a GNN. To deal with these different graphs, we propose
adapting the relational graph convolutional network (RGCN) model [19]. Different from
vanilla graph convolutional network (GCN) [20], RGCN uses a relational information do
aggregate features from different sets of neighbors, in our case, different graphs. After
learning the latent representation, the similarity is used to label reliable negative data.

2. In the second step, a multilayer perceptron (MLP) model is employed to classify the
remaining examples. Other binary classification methods, such as SVMs, can also be
used. The binary classifier is trained using both the positive and reliable negative labels.

Experiments conducted on real-world datasets demonstrate the effectiveness of the pro-
posed algorithm, particularly in the inference of reliable negative data. The experiments were
carried out in three phases: (1) a parametric analysis of the PSRB model to determine the
optimal values for rewiring; (2) a benchmark comparison of the proposed model against five
classical and contemporary algorithms from the literature (based on the two-step technique)
for reliable negative data inference; and (3) an evaluation of the classification of all dataset
examples, comparing the performance of our model with existing algorithms.

Thus, this work contributes in several ways: introducing the PSRB rewiring model for
PUL tasks, proposing a relational model to handle sequentially generated graphs, conducting
a parametric analysis of the PSRB model and providing an experimental comparison with
literature-based algorithms. Additionally, we use the GCN model [20] as a baseline for
learning the latent representation and inferring reliable negative data.

This article is divided as follows: Sect. 2 presents the basic concepts used in the research.
Section 3 presents the proposed approach. Section 4 details the parametric tests and experi-
ments of the first and second stages of the algorithm. Finally, Sect. 5 presents the conclusion.
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2 Background and related works

This section presents the basic concepts used in the research: graphs, GNNs, autoencoders,
rewiring strategies and PUL.

2.1 Graphs

A graph G = (V , E, X , Y ) is a mathematical structure composed of a set of vertices V
of size n, a set of edges E = {(u, v) : u, v ∈ V }, a matrix Xb×n where xu ∈ R

b are the
b-dimensional feature vectors of the vertices u and Y = {yi |i = 1, . . . , n} is the set of labels
of each vertex. The vertices of a graph can be represented by a matrix An×n where Ai, j = 1
if (i, j) ∈ E and 0 otherwise [21].

2.2 Graph neural networks

GNNs are neural network architectures that consider information from feature matrix X
and the graph topology [22]. These architectures have been used in different data domains,
such as computer vision [23], recommendation systems [24], transportation [25] and drug
interactions [26].

Among the various GNN models, message-passing neural networks (MPNNs) stand out
for their ability to learn representations of graph structures. They operate by transferring
information between vertices. Considering UP as a weight update function and AGG as a
weight aggregation function (like the average, for example), an MPNN model consists of
stacking T layers:

x (t)
v = UP(t)

(
x (t−1)
v ,AGG(t)

({
x (t−1)
u : (u, v) ∈ E

}))
, (1)

where t = 1, . . . , T .
GCNs are one of several types ofMPNNs.Bruna et al. [27] showed the use of convolutional

layers in low-scale graphs. Kipf and Welling[20] formalized the concept of GCN, proposing
an architecture that considers the local neighborhood of a vertex to aggregate information,
generating a semi-supervised classification model when dealing with robust graphs. Yuan et
al. [28] propose consistent GNNs, a model that uses contrastive learning to learn graphs with
noise, using regularization and detecting nodes breaking the homophily assumption as noisy
to clear the label noise.

GCNs are functions defined on a feature graph that can have outputs in vertices, edges or
complete graphs. The GCN model consists of stacking T vertices as follows:

H (t+1) = σ
(
D̃− 1

2 ÃD̃− 1
2 H (t)W (t)

)
, (2)

where D̃ is the degreematrix over the adjacencymatrix Ã = A+ I , σ is a nonlinear activation
function and W is a matrix of trainable weights.

Among several GNN models, the RGCN model [19] is used in this research. This model
aggregates relations defined in a graph separated from message passing. Considering a rela-
tional feature graph, the update equation of each layer is given by
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h(l+1)
i = σ

⎛
⎝∑

r∈R

∑
j∈Nr

i

1

ci,r
W (l)

r h(l)
j + W (l)

0 h(l)
i

⎞
⎠ (3)

where Nr
i is the set of neighbors of i over the relation r ∈ R and ci,r is a normalization

constant. In this work, we use the RGCNmodel due to its ability to handle multiple relations
between vertices at different stages. Here, each graph generated by the rewiring algorithm
is considered a distinct relation. This approach differs from the traditional GCN by enabling
the model to process multiple graphs. Moreover, other models can be employed to compute
the normalization constant, such as graph attention networks (GAT) [29] and GraphSAGE
[30].

GCNs are recognized for their applicability in large-scale graphs, as the aggregation
function operates locally with each vertex using a direct neighborhood [18, 20]. Despite
efficient, this aggregation has difficulties to capture information across longer distances. A
possible solution to this problem is to stackmultipleGCN layers to extend the network’s reach
to more distant vertices. However, this approach introduces the issue of over-squashing [31],
i.e., the network struggles to summarize the amount of information in a finite vector.

Rewiring methods have been proposed to address this problem, reducing the distances
between vertices in the graph, by either using a similaritymetric or locally densifying vertices.

2.3 Graph rewiring

Themain idea of using rewiring in GNNs is to decompose the original graph into graphs used
to compute the latent representation. Thus, rewiring strategies consist of applying an operator
R–G = (V , E, X , Y ), producing a new graph R(G) = (V , R(E), X , Y ) with the same
vertices but with different connectivity. Then, an MPNN model can aggregate information
fromaneighborhood in bothG and R(G). Considering anMPNNfroma rewiring perspective,
we define the update in each layer t as:

x (t)
v = UP(t)

(
x (t−1)
v ,AGG(t)

G

({
x (t−1)
u : (u, v) ∈ E

})
, (4)

AGG(t)
R(G)

({
x (t−1)
u : (u, v) ∈ R(E)

}))
.

Several models in the literature consider the function AGGG = 0, updating the represen-
tations only with information from the graph after the rewiring operation. The methods in
the literature use two approaches for rewiring strategies: (1) spectral models and (2) spatial
models.

Spatial rewiring models focus on localized operations at each vertex, directly aggregating
information within the MPNN. Brüel-Gabrielsson et al. [32] use direct connections of neigh-
bors of an r -neighborhood. Abboud et al. [33] use shortest paths to propagate information
in an MPNN. Graph transformer architectures are also widely used for rewiring-based solu-
tions [34–36]. These models reduce over-squashing by creating new edges in the original
graph, reducing the diameter and increasing information propagation throughout the network.

On the other hand, spectral methods consider global operations on the graph. According
to [37], two primary approaches are explored within spectral methods: (1) using the spectral
gap [38] and (2) leveraging effective resistance [39]. These methods add a limited number
of edges, resulting in the improvement of specific connectivity metrics.

Most rewiring algorithms, especially spectral ones, add edges instantly. (The result consists
of only one graph with more edges.) The Locality-Aware SEquential Rewiring (LASER)
algorithm [37] uses a sequential approach to create the final graph from a combination of
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spectral and spatial approaches. The graph’s topology is changed at each step of the algorithm,
generating different graphs.

In LASER, for a node v in stage l, the aim is to add a direct edge of vertices at a distance
l + 1 from v. A parameter ρ is used to add edges with a lower score of connectivity μ. Eq. 5
exemplifies the sequential creation of graphs:

G = G0
R1−→ G1

R2−→ G2 · · · RL−→ GL . (5)

Thus, the sequential creation of edges allows a smoother evolution from graph G0, more
robust to over-squashing, preserving information about the graph topology [37].

The information originally present only in graph G0 is now split among the new graphs
created sequentially. The GNN model is proposed to consider all these graphs generated at
each layer.

2.4 Graph AutoEncoders

Autoencoders are a type of neural network architecture extensively used in deep learning,
particularly for handling large datasets. They are essential for reducing computational com-
plexity and mitigating the curse of dimensionality [40].

The autoencoder model applies two transformations to the original data X . The first, the
encoder, transforms the original data X into a lower-dimensional space h(X). The second, the
decoder, reconstructs the data to its original space. These transformations enable the model
to learn the distribution of the data.

Kipf and Welling [41] extended the autoencoder concept to graph data, starting with a
graph G and a feature matrix X . The encoder can be implemented using a simple GCN
(Eq. 2). The decoder reconstructs the adjacency matrix A by multiplying the transposed
matrices, allowing the model to adjust weights to reduce a reconstruction error.

Thus, the reduced-dimensional space captures both the graph’s feature matrix X and the
connectivity of the vertices from matrix A. Graph autoencoder (GAE) models will be a
baseline for comparison with the proposed algorithm. This is the first time this approach has
been used for this purpose.

2.5 Positive and unlabeled graph learning

This section presents the PUL-related works that provide the foundation for this study.

2.5.1 Problem definition

The PUL learning paradigm is a special case of binary classification [1]. Formally, given a
set of vertices V = {v1, . . . , vl , vl+1, . . . , vl+u} ⊂ R

m and a class of labels C = {−1, 1},
where 1 represents the positive class and -1 represents the negative class, the first l elements
of V are labeled as positive class 1, forming the set of labeled examples P . The remaining u
elements of V are unlabeled examples, forming the set of unlabeled examples U , and u � l
and |V| = |P ∪ U |.

Similarly, a PUL algorithm on graphs seeks to label vertices present in U . Thus, it is
considered a PUL algorithm when it learns from the set P and labels the examples present
in U [11].
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2.5.2 Related works in PUL

PUL approaches can be divided into three methods: biased learning, class-prior incorpora-
tion and the two-step technique [1]. Algorithms based on the two-step technique, as those
examined in this research, consist of (1) finding negative examples from positive data and
(2) classifying the remaining data with a binary classifier.

In the first step, there are several strategies, some of which are based on data group-
ing using k-means (maximum margin clustering with least squares—MCLS) [10] or the
use of agglomerative clustering (clustering-based method for collecting reliable negative
examples—CCRNE) [9], while others use the support vector machine (Rocchio support
vector machine—RCSVM) [8]. For graph-based algorithms, negative data can be inferred
through the distance between vertices in a graph (label propagation for PUL—LP_PUL) [12]
or with the use of centrality matrices (PUL via label propagation—PU_LP) [11].

For the second step, most algorithms use SVMs or label propagation algorithms, such as
learning with local and global consistency (LLGC) [42].

Wu et al. [18] pioneered using GNNs for learning in PUL problems, using class-prior
incorporation and considering each vertex’s global and local neighborhood. To our knowl-
edge, no PUL models have been found that use GNN based on the two-step technique.

3 Proposed approach

This section presents the proposed approach for a PULmodel based on the two-step strategy.
The proposed model begins with a rewiring strategy directly applied to the positive data

aiming to improve connectivity and, consequently, message passing between these vertices.
This initial step employs a RGCN model to learn the latent representation of the graph.
To infer the reliable negative examples, each unlabeled example is ranked according to the
similarity of the positive examples, and those with the lowest similarity are chosen. For the
second step, a binary classifier is used to classify the remaining examples.

3.1 Negative inference

The model applies two strategies to perform the first step and infer the reliable negative data:
first, a rewiring model capable of adding edges between positive vertices is applied. Then,
a relational GCN model is used to learn a latent representation that will be used to infer the
reliable negative data.

3.1.1 Rewiring

Stacking GCN layers to aggregate information over a larger radius is inefficient in most
datasets [20]. Thus, rewiring strategies prove to be consistent in mitigating this problem [43].

The LASER algorithm, proposed by Barbeto et al. [37], connects a portion ρ of vertices
that improve a connectivity measure μ of the graph. The connectivity measure μ may be
different for each problem, making it challenging to formulate an ideal measure.

To develop a rewiringmodel that canmore effectively adapt to various PUL problems, this
work proposes a sequential algorithm that employs a probability density function to generate
new graphs by selectively connecting positive vertices. The rewiring strategy is restricted to
the set E = {(u, v) : u, v ∈ P}.
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Fig. 1 Illustration of the proposed rewiring approach. The rewiring is applied for each value of L , resulting
in a different graph used by the model to aggregate information from different neighborhoods

The probability density function is modeled based on the following key premises:

• The algorithm should prioritize enhancing communication between distant positive ver-
tices to minimize the need for additional layers. Additionally, it must allow for the
connection of vertices across disconnected components.

• The algorithm must account for the number of positive vertices, as a high volume of
positive vertices can increase the probability of adding edges and thereby densify the
graph.

• During each iteration, the algorithm should aim to add fewer edges to preserve the graph’s
sparseness.

Therefore, the probability density function φ is defined as:

φ(u, v|P, L) = 1

d(u, v)α · |P|β · Lγ
, (6)

where |P| represents the number of positive labeled elements and α, β, γ ∈ R. The distance
d(u, v) is computed using breadth-first search (BFS), which is particularly well suited for
unweighted graphs. We chose BFS because it efficiently identifies the shortest topological
distance between nodes, offering reliable nearest-neighbor information without the compu-
tational complexity associated with more elaborate distance heuristics designed for weighted
graphs.

Thus, the algorithm first calculates the probability of adding each edge (u, v) according
to Eq. 6, after which a value is generated from a uniform distribution to define whether the
edge will be added. A new graph is formed at the end of calculating all edges. The process
can be repeated L times. The choice of this probability density function is justified by:

1. To preserve locality, the distance must be considered. Also, the possibility of connecting
vertices with infinite distance (vertices of distinct connected components) by choosing
α = 0 must be guaranteed.

2. The number of positive elements must be considered when adding edges. However, the
graph must be sparse since very large datasets can result in a very large addition of edges.

3. The number of graphs generated must be considered when choosing whether to add new
edges, to have an upper bound for the number of elements in E .

Figure 1 shows the application of the rewiring strategy proposed by Algorithm 1.

3.1.2 Graph neural network model

We adapted the relational GCN proposed by Babeto et al. [37] and Karhadkar et al. [44] to
deal with L graphs generated from the rewiring model. Considering a GCN (described in
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Algorithm 1 Positive sequential rewiring via breadth search
Require: Set of positive vertices P , graph G, probability function parameters α, β, γ , number of iterations

L .
Ensure: Rewired graphs rewiring_graphs.
1: rewiring_graphs ⇐ []
2: G′ ⇐ G
3: for l ∈ [1, L] do
4: for all (u, v) ∈ P do
5: Calculate BFS distance d(u, v) between u and v in G′
6: Calculate probability φ(u, v|P, L) ⇐ 1

d(u,v)α ·|P|β ·Lγ

7: Generate random number r ∼ Uniform(0, 1)
8: if r < φ(u, v|P, L) then
9: Add edge (u, v) to G′
10: end if
11: end for
12: Add G′ to rewiring_graphs
13: end for
14: return rewiring_graphs

Eq. 2) and based on the rewiring perspective of Eq. 5, the proposedmodel consists of stacking
T layers based on Eqs. 7–9:

S(t)
0 (v) =

∑
u∈N (v)∪v

1√
dudv

W (t)
0 x (t−1)

u (7)

S(t)
L (v) =

L∑
l=1

∑

u∈Nl
φ(v)∪{v}

1√
du,ldv,l

W (t)
l x (t−1)

u (8)

x (t)
v = σ

(
S(t)
0 (v) + S(t)

L (v)
)

(9)

where du is the degree of vertex u, du,l is the degree of u in graph l and Nl
φ(v) is the set

of neighbors of v from the lth iteration of the algorithm based on the probability density
function φ.

The model defined in Eq. 9 will function as the encoder in a GAE framework, following
the approach established by Kipf and Welling [41]. The decoder will be implemented by
multiplying the encoder’s result by its transpose. Thus, the training process yields an embed-
ding that considers the density of connections generated by rewiring and the graph’s feature
matrix.

For negative data inference, we employ a similarity measure within the latent represen-
tation space produced by the embedding, classifying the num_neg most distant examples
as negative. In this study, we use Euclidean distance for this purpose. We justify the use of
Euclidean distance based on the nature of the problem, considering that positive vertices will
increase the density of points around them, making Euclidean distance the most appropriate
way to find less similar vertices. Algorithm 2 presents the procedure for reliable negative
data inference.

3.2 Binary classifier

After labeling the negative data with the proposed model, the second step of the algorithm
involves using a binary classifier to classify the remaining examples. This classifier will
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Algorithm 2 Negative extraction via rewiring GAE
Require: A trained GAE model and graph G, P is the positive set, U is the unlabeled set, num_neg is the

number of negatives to extract.
Ensure: A labeled graph with negatives labeled in U .
1: model ⇐ Train(G)

2: lat_rep ⇐ GAE_Encode(model,G)

3: avg_distances ⇐ {}
4: for u ∈ U do
5: dist ⇐ 0
6: for v ∈ P do
7: dist ⇐ dist + Distance(lat_rep[u], lat_rep[v])
8: end for
9: avg_distances[u] ⇐ dist/|P|
10: end for
11: sorted_vertices ⇐ Sort_By_Avg_Dist(avg_distances)
12: for i ← 1 to num_neg do
13: u ⇐ sorted_vertices[i]
14: Label(u) ⇐ “negative”
15: end for
16: return Labeled_Graph(G, P,U )

distinguish between the positive data and the reliable negative data identified in the first step.
Any algorithms can be employed for this purpose, including SVMs, neural networks or label
propagation algorithms. In this study, we used a MLP neural network for classification.

4 Experiments

4.1 Datasets and baselines

Three distinct experiments were conducted to evaluate the proposed algorithm. First, we
tested the algorithm with various parameter settings to assess the impact of each parameter.
Next, we compared the algorithm against five established methods from the literature to
determine its effectiveness in inferring reliable negative data from positive examples. Finally,
we evaluated the general classification performance by comparing the same five algorithms
in terms of their F1 scores across all examples.

The PU_LP and LP_PUL algorithms employed the LLGCmethod to infer the labels of all
examples. The GAE algorithm used the GCN architecture, while the remaining algorithms
used traditional SVMs via the scikit-learn library [45].

The datasets used in the experiments were Cora, CiteSeer, PubMed, Amazon Photo and
DBLP [46–48],with positive class labels of 3, 2, 2, 6 and 0, respectively. These class selections
correspond to themost frequent elements in each dataset, effectively converting themulticlass
classification problems into binary classification tasks, as described in [18].

Table 1 provides detailed statistics for the selected datasets, including the number of
vertices, edges, graph density, percentage and absolute count of positive vertices, and the
number of disconnected components. Density is defined as the ratio of the number of edges
to the square of the number of vertices.

To ensure a fair comparison, the proposed model was tested against the following baseline
algorithms with necessary adjustments, fixing the number of reliable negative examples to
match the number of positive data:
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• MCLS: For k-means clustering, a value of k = 7 was used. To prevent the set of positive
clusters from being empty, clusters obtaining a higher average of positives were classified
as positive.

• CCRNE: To prevent the application of the algorithm from being unable to return reliable
negative elements, a ratio of r = 0.3 was considered, reducing the distance from the
positive centroids and preventing the set of negatives from being empty.

• RCSVM: To apply this algorithm, the Euclidean distance and the values of α = 0.7, β =
0.3.

• PU_LP: The parameters used to execute this algorithm were α = 0.1, λ = 1,m = 3.
• LP_PUL: The LP_PUL algorithm uses the distance through Dijkstra’s algorithm to find

the most distant elements without the need for additional parameters
• GCN: The parameters used were n_layers = [num_features,

64, 16] with Adam optimizer, using the PyTorch geometric library [49]. To classify the
negative data, a new GCN layer trained with the positive data and negative data obtained
in the first step was coupled.

• PSRB: For the proposed approach, values of L = 2,n_layers = [num_features, 64, 16]
was used. To label the remaining examples, an MLP layer was used at the end of the
GAE embedding, coupled with the last RGCN layer. We also evaluated PSRB using rela-
tional GAT and relational GraphSAGE models, referred to as PSRB (RGAT) and PSRB
(RGraphSAGE), respectively. The original proposed approach with RGCN is referred as
PSRB (RGCN).

The experiments are available here https://github.com/GHMessias/psrb.

4.2 Parametric evaluation

Two separate experiments were carried out to evaluate the parameters of the proposed model.
The first sought to understand the influences of the probability parameters α, β e γ on
rewiring. The second sought to find the best value of L for each dataset, showing how the
algorithm behaved with information from a larger number of graphs.

4.2.1 Probability values

To understand the influence of the probability parameters α, β e γ on rewiring, tests were per-
formed with the values of α = [0, 0.1, 0.2, 0.3, 0.4], β = [0, 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 0.7,
0.8, 0.9, 1] and γ = [0, 1, 2, 3, 4] The tests adopted the parameters L = 2, and the rate of
positive data was fixed at 0.1. Table 2 illustrates the average of the 10 highest and lowest F1
score values obtained for different parameters tested.

The α values consider the distance between two vertices for adding a new edge (Eq. 6).
For sets with a large number of connected components, the value of α = 0 implies that there
will be a connection between connected components.

The parameter β consists of the variation of the probability of adding new edges based
on the amount of positive data. The results suggest that this value is the most important in
the network. For datasets with a large number of positive vertices and high density, a higher
β value is considered compared to datasets with a large number of positive vertices and low
density. For datasets with fewer positive vertices and medium density, β values close to 0.5
are considered.

The γ parameter works to contain the excessive addition of edges as the number of graphs
generated by rewiring increases. We recommend using a large α for graphs with smaller
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Table 2 Highest and lowest scores according to parameters α, β and γ

Dataset Highest scores Lowest scores

α β γ F1 score α β γ F1 score

Amazon photo 0.15 0.11 1.6 0.6438 0.09 0.63 2.3 0.4103

DBLP 0.2 0.71 1.7 0.8613 0.14 0.04 2.8 0.4301

CiteSeer 0 0.56 2 0.5743 0.2 0.27 3.4 0.2989

Cora 0.23 0.46 1.6 0.7447 0 0.15 1.6 0.3468

PubMed 0.17 0.36 2.2 0.8049 0.29 0.93 2.8 0.5628

Fig. 2 Comparison of F1 scores for different datasets and values of L

radius, smaller β values for large training sets and setting γ proportionally to the number L
of graphs generated by the rewiring model.

4.2.2 Number of generated graphs

To evaluate the algorithm’s efficiency based on the L parameter, 5 samples for values of
0.01, 0.05, 0.10, 0.15, 0.20 and 0.25 of labeled data for the Cora and PubMed datasets are
considered. To calculate the rewiring probability, we used values ofα = 0.23, β = 0.46, γ =
2 for the Cora dataset and α = 0.17, β = 0.36, γ = 2 for the PubMed dataset. Figure 2a, b
illustrates the results obtained from the experiments.

The algorithm performs differently for different values of L . As the L values increase, the
algorithm’s score decreases. This phenomenon is explained by over-smoothing since many
L values cause the latent representation of a vertex to aggregate a lot of information in a
vector of fixed size. This occurrence is similar to the experiments carried out by Kipf and
Welling [20] and by Wu et al. [18], where many convolution layers or the aggregation of
very distinct neighborhoods resulted in low scores. In both experiments, the value of L = 2
presented the most relevant results.

4.2.3 Epochs of training

Given the number of generated graphs in the RGCN model, PSRB may be affected by over-
fitting. To investigate this behavior within the proposed method and to provide more tailored
recommendations for specific use cases, we conducted two experiments focusing on the
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Fig. 3 F1 score per epoch for the negative data inference and binary classification models

number of training epochs. In both cases, we fixed the number of positive samples (p = 0.1)
and varied the number of epochs across three different sample sets. Figure 3 illustrates the
algorithm’s behavior as a function of the number of epochs in the binary classification task
and negative inference task.

It is evident that, in the PUL scenario, GNN-based models tend to achieve optimal perfor-
mance with a relatively small number of training epochs: around 30 epochs for the negative
inference model (GCN or PSRB) and approximately 50 epochs for the binary classifier.
Based on this observation, these values were adopted for the Cora, CiteSeer and Amazon
Photo datasets to perform negative data inference for the binary classification phase. For
the remaining datasets, 100 epochs were used for each classifier, considering their higher
structural complexity in terms of features, edges and nodes.

4.3 Experiments on negative inference

Positive data values, labeled within a unitary interval of 1–25%, were used to assess the
quality of negative example extraction. The negative values to be inferred correspond to the
same range as the positive values. Each algorithm was trained five times on each dataset
(Cora, CiteSeer and PubMed), and the reported results represent the average performance
across these training iterations. To evaluate the quality of the embeddings generated by the
model, we conducted an additional benchmark against DropEdge [50] and SkipNode [51],
both applied within a GCN framework. This comparative analysis aims to provide further
evidence that PSRB can also mitigate the over-smoothing issue in certain scenarios.

Figure 4 shows the results of the negative data inference experiments on the CiteSeer
dataset. The LP_PUL algorithm achieved the best performance, demonstrating strong capa-
bility in inferring negative examples. The proposed approach, PSRB, also yielded competitive
results. In contrast, the RCSVM algorithm failed to infer negative data effectively on this
dataset. The SkipNode algorithm showed limited performance, while DropEdge, despite
achieving good results, did not outperform the proposed method.

For the Cora dataset (Fig. 5), the PU_LP algorithm achieved the highest overall F1 score
metrics. However, the proposed approach also proved competitive, showing greater general-
ization and stability throughout the experiments. The SkipNode algorithm exhibited a higher
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Fig. 4 Comparison of F1 scores for the CiteSeer dataset under different parameter settings

Fig. 5 Comparison of F1 scores for the Cora dataset under different parameter settings

standard deviation and greater instability for lower values of p, whereas both DropEdge and
PSRB consistently delivered the best performance.

On the PubMed dataset (Fig. 6), the proposed PSRB algorithm outperformed all other
algorithms from the literature, particularly for values of p > 0.7.

In all experiments, the PSRB algorithm achieved performance that was comparable to or
better than that of existing methods, demonstrating its effectiveness in extracting negative
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Fig. 6 Comparison of F1 scores for the PubMed dataset under different values of parameter p

examples from positive data. This strong performance is reflected in the binary classification
task, as discussed in the following chapter.

4.4 Experiments on positive and unlabeled classification

The same datasets were used to evaluate the classification of the examples. The algorithms
were tested to infer equal negative and positive elements. Tables 3, 4, 5, 6 and 7 present the
results for the Photo, DBLP, CiteSeer, Cora and PubMed datasets.

The analysis of the results for the Amazon Photo dataset (Table 3) reveals a signifi-
cant performance gain for the relational models applied to the graphs generated by PSRB
when compared to GCN, GAT and GraphSAGEmodels. Considering the dataset characteris-
tics (Table 1), we observe that it contains a large number of disconnected components, which
explains the effectiveness of the proposed rewiring-based model.

In the DBLP dataset (Table 4), even when using a shallow architecture, PSRB achieved
the best results for the 0.01 and 0.05 rates, while deeper models outperformed it from the 0.1
rate onwards. Parametric testing of the RCSVM algorithm did not yield any valid results.

For the CiteSeer, Cora and PubMed datasets (Tables 5, 6, 7, respectively), the approaches
based on rewiring and relational graphs also stood out when compared to existing methods
in the literature. It is important to note that the proposed PSRB approach enables the use of
relational models on non-relational data for PUL problems. In other words, the PSRB algo-
rithm generates relations in the graphs, which facilitates message passing between vertices
regardless of the GNN model employed, and enhances their performance as indicated by the
experimental results.

Moreover, even with shallower neural networks (such as GCN), in most of the scenarios
the PSRBmodel outperformed all state-of-the-art algorithms, including deeper networks that
do not use sequential rewiring strategies. These experiments illustrate the significant gains
provided by the proposed approach.
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5 Conclusion

This article introduced the PSRB model, based on the two-step technique for PUL. The
PSRB model applies a rewiring strategy to graphs, focusing exclusively on connections
between positive vertices, increasing the graph’s density and facilitating the propagation of
information.

To handle the graphs created by the rewiring strategy, we developed a GNN to process
information across multiple graphs. Negative data inference was performed by calculating
the Euclidean distance between the examples most distant from the positive ones in the latent
representation space. Finally, the inference of negative data was performed by aMLP coupled
to the GNN model.

This work presents several contributions: It introduces the PSRB rewiring model for PUL
tasks, proposes a relational approach to process sequentially generated graphs and incor-
porates a density function capable of effectively creating new connections among positive
vertices.We conduct a parametric analysis to identify key relationships between the proposed
parameters and the characteristics of the training data. To the best of our knowledge, this is
the first time that rewiring models have been integrated with PUL problems using two-step
techniques.

The experimental results showed that the proposed approach is competitive with state-of-
the-art PUL methods and efficient at extracting negative data. Although parameterizing the
probability equation presents a challenge, it is possible to verify relationships between the
parameters and the statistical measures of the datasets, which can facilitate parameterization.

While this research provides a robust solution for PUL tasks, the algorithm is not limited to
this paradigm. Future work will implement the rewiring strategy in multiclass problems and
investigate additional model features, such as generating more representative embeddings.
We also intend to investigate the effects of applying the rewiring strategy to negative samples,
which may represent a more challenging problem.
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