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ABSTRACT
The rapid advancement of graph neural networks (GNN)

has revolutionized the integration of complex network and neu-
ral network models, fostering diverse engineering applications
such as the classification of assembly parts and the prediction
of customer preferences. GNN-based link prediction (LP), as
a representative study, has shown utility in resource allocation
and system performance evaluation, as evidenced in the exist-
ing literature. However, the inherent challenge of imbalanced
network data (i.e., sparse network) from engineering domains
poses obstacles to accurate link predictions due to the lack of
training data of positive links, leading to biases and reduced
performance. In contrast to existing studies that focus on en-
hancing model architecture, this paper concentrates on explor-
ing preprocessing methods, e.g., the data undersampling strate-
gies, and two post-processing methods for accuracy calculation
based on 1) probability threshold-based labeling and 2) proba-
bility rank-based labeling, and studies their impacts on the pre-
diction results with a given GNN-based LP model architecture.
Real-world network data sourced from shared mobility systems
and product market systems, which exhibit various levels of im-
balance, are used as test cases. This study contributes to a bet-
ter understanding of effective data undersampling strategies and
post-processing methods for handling imbalanced network data
when applying GNN-based LP to real-world complex systems.

Keywords: Graph neural network, link prediction, imbal-
anced binary classification, networked engineering systems.
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1 INTRODUCTION
In the realm of engineering applications, complex networks

play a pivotal role in comprehending intricate interactions within
systems, guiding the design process. The representative works
include but are not limited to system robustness analysis [1–3],
system dynamic analysis [4–6], and network-based system pre-
dictive models [7–9]. These applications span various domains
such as market systems [10–12], infrastructure systems [13, 14],
and energy systems [15, 16], etc.

Moreover, the rapid evolution of advanced graph neural net-
work (GNN) methods has significantly enhanced the computa-
tional efficiency and prediction accuracy of network data [17,18].
This results in a more powerful tool that enables researchers in
system engineering and design domains to model, analyze, and
optimize systems with increasingly intricate interplays [19, 20].
GNNs aggregate network topologies and attributes to gener-
ate new node/link/graph representations, enabling various down-
stream tasks such as node/link/graph classification, regression,
node clustering, and link prediction (LP) [8, 18, 21]. Compared
to traditional artificial neural networks (ANN) treating individual
nodes as independent entities, GNNs often demonstrate superior
performance (e.g., more accurate classification) by considering
additional network structural information that considers inter-
dependencies among nodes [8]. This superior performance has
spurred the exploration of GNN applications in engineering do-
mains [15, 22]. For example, in [19], Nobari et al. applied GNN
in design automation applications to perform surface classifica-
tion for 3D geometric models. In another work [20], Ferrero et
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FIGURE 1: Experiment framework.

al. applied GNNs to classify the function of parts in an assembly.
They found that GNNs outperformed other deep learning archi-
tectures and achieved competitive performance across different
tiers of functions.

In addition to the above application, another important ap-
plication in engineering research is GNN-based link prediction
(LP). The significance of LP within the system engineering do-
main cannot be overstated, as it plays a crucial role in foresee-
ing connections and relationships within complex systems. In
market systems, for instance, a link can symbolize the compet-
itive relationship between products. An accurate link predic-
tion model holds considerable benefits for companies, aiding in
the identification of potential competitors. Similarly, regulators
can leverage such models to monitor the dominant trend in mar-
ket competition [23]. The importance of LP is further under-
scored by the existing literature. In our previous study [8], a
GNN-based LP model was developed to predict station-to-station
trips/demand in shared mobility systems, demonstrating its util-
ity in supporting station capacity design and the decision on the
location of new stations. In another study [7], Ahmed et al. ap-
plied the GNN-based LP model to predict co-consideration re-
lationships between vehicles in the Chinese vehicle market sys-
tem, validating its efficiency in identifying key vehicle attributes
that promote the formation of co-consideration links. In sum-
mary, an accurate prediction of the links between entities holds
substantial implications for improving efficiency, resource allo-
cation, and overall system performance, establishing itself as a
key component in the toolkit of engineering practices.

The core concept of GNN-based LP involves feeding the
link embeddings generated by GNNs into a neural network for
binary classification. Here, class 0 (negative link) signifies non-
existing links (i.e., no link is observed from a pair of nodes),
while class 1 (positive link) denotes existing links (i.e., a link ex-
ists between two ndoes) [24, 25]. Despite the advances in this
approach, the sparse nature of positive links in comparison to
the vast number of negative links poses a primary challenge in
LP within real-world network data. This challenge manifests it-
self in the dominance of negative links, making it difficult for LP
models to learn from and accurately predict limited positive in-
stances, consequently leading to potential biases and diminished
predictive performance [26]. To address this challenge, existing

studies are motivated to develop various neural network models
and/or model archetectures [26–28]. One representative model is
the pairwise learning for neural link prediction (PLNLP) model
proposed by Wang et al.. This model treats link prediction as a
pairwise learning problem and advocates the use of ranking loss
as an objective function to maximize the standard ranking met-
ric, the area under the curve (AUC) [28]. However, in the LP
pipeline, as shown in Figure 2, in addition to the models, both
the training data (pre-model) and the prediction accuracy eval-
uation methods (after-model) are equally important. Therefore,
there remains a knowledge gap regarding the impact of data sam-
pling strategies and model post-processing methods (e.g., using
probability threshold or probability rank to decide the positive
links) on prediction results for a given model.

In this paper, we endeavor to bridge this research gap by
conducting a comprehensive experiment aimed at investigating
the influence of data undersampling with varied sampling ratios
and model post-processing methods on prediction results given
a GNN-based LP model. Furthermore, we utilize two highly
imbalanced real-world network data sets sourced from different
engineering systems to underscore the impact of the degree of
imbalance on prediction performance. The first data are about
shared mobility systems. It is from Chicago’s Divvy Bike with
a proportion of positive links around 7.4% [29]. This places the
dataset within the moderate imbalance range (1−20%) [30]. The
second data are about product market systems, obtained from a
recent survey conducted in the US vehicle market. This dataset
exhibits a proportion of positive links around 1.1%, near the ex-
treme imbalance range (< 1%) [30]. Our study provides valu-
able insight into how the performance of GNN-based link pre-
diction models can be optimized by adopting data sampling and
post-processing methods without changing the model architec-
ture. It contributes to a broader and better understanding of ef-
fective strategies for handling highly imbalanced datasets in the
realm of real-world complex systems.

The remainder of the paper is organized as follows. In Sec-
tion 2, we present the proposed experiment framework. Then,
the details of the two datasets of the adopted case studies are in-
troduced in Section 3. In the same section, we also illustrate how
the experiment is set up. In Section 4, we present the experi-
mental results, and in the last section, Section 5, we conclude the
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paper with closing thoughts and future work.

2 EXPERIMENT FRAMEWORK
Figure 1 provides an overview of the experimental frame-

work, encapsulating the data undersampling method, GNN-
based LP models, model post-processing methods, and result
evaluation strategies. The following sub-sections delve into each
stage, unraveling the details from data sampling to result evalua-
tion.

2.1 DATA UNDERSAMPLING METHOD
As aforementioned, a significant challenge for LP lies in the

presence of too few positive links, leading to a severely imbal-
anced binary classification problem. One prevalent method to
tackle this issue involves undersampling the majority class to
achieve balance in training data [31]. Illustrated in Figure 2,
the initial step of the undersampling process for LP involves ob-
taining the link set E, encompassing all possible links given the
node set V within a training network G. For instance, if set V
comprises NV = 10 nodes, the total number of possible undi-
rected links in V is NV (NV − 1)/2 = 45 (for directed links, the
total number is NV (NV −1)). Subsequently, all links are labeled
according to their existence in the network, G. For example, in
the instance of network G depicted in Figure 2, the link between
node 1 and node 2 is observed, thus labeled “1”, while the link
between node 1 and node 4 does not exist and hence is labeled
“0.”

After labeling, E is divided into two subsets: Ep, which pre-
serves all positive links, and En, which stores all negative links.
Finally, the negative links are randomly sampled with respect to
the given ratio γ ∈ [1,NEn/NEp ], where γ = 1 indicates that the
sampled link set includes an equal number of positive and neg-
ative links. Conversely, γ = NEn/NEp signifies no sampling pro-
cess is carried out and all negative links are selected for training.
Therefore, the γ value indicates the degree of imbalance within
the training dataset. In this work, we are especially interested in
how different data undersampling ratios (i.e., the γ values) influ-
ence prediction results with a given GNN-based LP model.

2.2 GNN-BASED LINK PREDICTION (LP) MODEL
In this study, we adhere to our previously proposed GNN-

based LP model, which has exhibited superior performance com-
pared to a basic artificial neural network, as detailed in [8]. Il-
lustrated in Figure 3, the model architecture comprises two prin-
cipal components: the first involves utilizing the GraphSAGE
algorithm [24] for link embedding, while the second relates to
binary classification for link prediction. In the first component,
we employ the GraphSAGE algorithm [24] to generate a new
vector representation of size M for each node, referred to as
node embedding. This representation is derived by aggregating
each node’s individual features alongside its two-hop network

FIGURE 2: Undersampling process.

neighborhood information. It is important to note that the model
shown in Figure 3 was created for directed networks. For undi-
rected networks, the distinction between in- and out-neighbors
is not applicable, and the network neighbors are treated uni-
formly. Additionally, training GraphSAGE necessitates provid-
ing network information for each node to aggregate neighbor-
hood data, which can be approximated using the K-nearest neigh-
bor method [7] or a regular artificial neural network [8].

Once individual node embeddings are obtained, they are
concatenated to form a link embedding. In contrast to the directed
network’s link embedding shown in Figure 3, the undirected ver-
sion is insensitive to the order of the start- and end-nodes. Mov-
ing on to the second component, the resultant link embedding of
size 2M is fed into a fully connected neural network with one hid-
den layer. Both the input and hidden layers share the same size
as the link embedding, and the output layer comprises a single
neuron that utilizes the Sigmoid activation function. This output
layer produces a probability of the input link’s existence. The
entire training process follows an end-to-end supervised learning
approach, with the aim of minimizing binary cross-entropy loss
using stochastic gradient descent (SGD) [25].

2.3 MODEL POST-PROCESSING METHODS
In this study, we introduce two model post-processing meth-

ods that convert the probability of link existence into binary la-
bels. The first method is the threshold-based labeling method,
and the second is the rank-based labeling method.

Link probability threshold-based labeling As de-
picted in Figure 4, the probability threshold-based labeling
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FIGURE 3: GNN-based LP model [8].

method begins by establishing an optimal threshold, denoted as
Pthreshold. Then, the predicted probabilities undergo a transfor-
mation into labels using the rule: links with probabilities higher
than Pthreshold are labeled “1” while those below the threshold are
labeled “0.”

Once all labels are created, a confusion matrix [25] of this
binary classification can be obtained from which we are able to
compute the main accuracy metrics, such as true positive rate
(recall) and precision. In this study, our focus is primarily on
the model’s proficiency in predicting minority (positive) links.
Consequently, we adopt the optimal point on the precision-recall
(PR) curve, specifically the point with the highest F1-Score. The
PR curve represents the plot of precision versus recall at various
thresholds of link probability. The F1-Score, expressed by Equa-
tion (1), is the harmonic mean of precision and recall, providing a
balanced evaluation metric [8]. The probability threshold-based
method emphasizes the optimal trade-off between precision and
recall by setting a specific threshold value.

F1-Score =
2∗Precision∗Recall

Precision+Recall
. (1)

Link probability rank-based labeling In the rank-
based labeling method, we commence by ranking the predicted
probabilities from high to low, as illustrated in Figure 4. Here,
we introduce the hit ratio at the top-K ranked links (HR@K), a
metric commonly employed in recommendation systems to cal-
culate the recall rate [32]. The formula for HR@K is given by:

HR@K =
NK

p

NEp

, (2)

where NK
p represents the number of true positive links included

in the top-K ranked links, and NEp is the total number of true

positive links in the test dataset. For this study, since we aim
to keep the predicted network with the same density (NEp/NE )
as the ground-truth network, we set K = NEp

1. To illustrate, in
Figure 4, we set K = 4, which means the observation of 4 true
positive links in Etest . The HR@4 in the lower-right plot of Fig-
ure 4 is 75%, indicating that the links with the top-4 probabili-
ties can correctly predict 75% of true positive links. In simpler
terms, if we label these top-K links as “1” and the rest as “0,”
we can achieve a recall of 75%. In contrast to the probability
threshold-based method, which seeks a balance between preci-
sion and recall, this proposed rank-based method places greater
emphasis on analogizing the size of the observed network.

2.4 RESULT EVALUATION
In this study, we employ widely recognized metrics for bi-

nary classification evaluation. We initiate the evaluation process
by comparing the predicted labels with the true labels to obtain
the confusion matrix. Subsequently, we calculate key metrics,
including the true negative rate (TNR), false positive rate (FPR),
true positive rate (TPR), false negative rate (FNR), and precision
(which is equivalent to T P/(T P+FP)). The F1-Score is then
computed using Equation (1), with values ranging from 0 to 1.
A higher F1-Score indicates a superior performance of an LP
model [31].

3 DATA SOURCE AND EXPERIMENT PREPARATION
In this section, we introduce two data sources utilized in

our experiment, originating from real-world complex systems.
The first dataset pertains to the shared mobility system, and the
second dataset relates to the vehicle market system. We outline
the detailed experiment settings corresponding to these two test
cases below.

1It is worth noting that the rank-based labeling method is a general method.
While density serves as an illustrative example, other metrics of interest, such as
hit rate (recall), can also be seamlessly used to determine the top-K.
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FIGURE 4: Illustration of model post-processing methods (Optimal Threshold Point: this point corresponds to the largest F1-Score
which produces the best balance between precision and recall).

3.1 DATA SOURCE

Divvy Bike shared mobility system data This data
is comprised of two subsets. The first subset is the Divvy Bike
data [29], specifically the data package for May 2016, encom-
passing both station and trip information. The station data en-
compasses unique identifiers, names, geographic coordinates,
the number of docks, and online dates for each station. Trip data
records include start- and end-station IDs, trip times and dura-
tions, along with users’ demographic information. The second
subset incorporates Point of Interest (POI) data, gathered using
Overpass Turbo [33]. This dataset encompasses seven types of
POIs (financial, education, recreational & tourism, residential,
sustenance, healthcare, and transportation), totaling 2,269 POIs
distributed around all the stations in the first subset [34]. Using
the same data processing approach as described in our previous
research [34], we derive a binary directed trip network illustrated
in Figure 5 (a). This network comprises 535 station nodes, each
characterized by ten features, including two geographic coordi-
nate features, one capacity feature (number of docks), and seven
POI features. Out of the 285,690 potential directed links, 7.4%

(21,221 positive links) are observed.

US vehicle market survey data This dataset origi-
nates from our recent survey study on US new car buyers, which
comprises two parts. The first part encompasses car attribute
data, scraped from Cars.com, capturing 624 distinct car mod-
els with a total of 22 features (e.g., brand, fuel economy, base
curb weight, etc.). The second part involves data from re-
sponses from new car buyers, where participants provided in-
formation on up to six cars they considered, including model
year and name. In total, we collected consideration sets from
2,283 respondents. We constructed a binary undirected vehi-
cle co-consideration network following the definition of the co-
consideration network [23]. So, each node represents a unique
vehicle model, and a link is established between two vehicles if
they are co-considered by at least one buyer. The visualization
of the resulting co-consideration network is presented in Figure 5
(b), featuring 624 nodes and 2,151 links, constituting 1.1% of all
194,376 possible undirected links.
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TABLE 1: Experiment Scheme

Shared Mobility System Vehicle Market System

Undersampling Ratio γ Post-processing Method Undersampling Ratio γ Post-processing Method

1, 3, 5, 81, No sampling2 Link probability threshold-based la-
beling method3

1, 3, 5, 501, No sampling Link probability threshold-based la-
beling method

1, 3, 5, 8, No sampling Link probability rank-based label-
ing method (K = 7.4%∗Nval

E )4
1, 3, 5, 50, No sampling Link probability rank-based label-

ing method (K = 1.1%∗Nval
E )

1: These two values are chosen in each test case because they are nearest integer to the median of the range [1,NEn/NEp ].
2: No sampling implies that we include all positive and negative links from the obseved network (ground truth) as the training dataset.
3: The optimal probability threshold for each test is determined in the post PR curve analysis, as detailed in the results section.
4: Nval

E represents the total number of all potential links in the validation set.

FIGURE 5: Visualisations of the training networks.

3.2 DESIGN OF EXPERIMENT
The detailed experimental scheme is presented in Table 1,

encompassing a total of 20 tests. To enhance consistency and

minimize variability, we employ the cross-fold validation ap-
proach [35] for each test. Taking the shared mobility system as
an illustration, we divide the 535 nodes into five folds, each com-
prising 107 nodes. Subsequently, we iteratively designate one of
these folds for validation and employ the remaining four folds
for training. During this process, for both training and valida-
tion link sets, only the links that are observed in the original net-
work in Figure 5 (a) are labeled as “1” and the rest as “0.” This
procedure yields five original link sets (before applying the un-
dersampling strategies) for training and five validation link sets.
It is important to note that those original link sets for training
are rebalanced according to a specified undersampling ratio be-
fore being fed into the model for each test. Table 3 and Table 4
provide detailed statistics for each original set for training and
validation link set for both cases.

Next, as outlined in Section 2.2, the training of the Graph-
SAGE LP model necessitates a reference network for the aggre-
gation of network neighborhood information. In this study, to
mitigate the potential consequences of inaccurate embedding of
neighborhood information during experiments, we opt to directly
input the original network, as depicted in Figure 5, into the LP
model for both systems. Finally, we summarize the model set-
tings and hyperparameter values in Table 2.

4 EXPERIMENT RESULTS
Confusion matrix In this section, we examine the re-

sults of the confusion matrices of all tests conducted on both the
shared mobility system and the vehicle market system, which
are summarized in Figure 6. As mentioned above, a five-fold
cross-validation approach is employed for each test, and thus the
figures illustrate the mean and standard deviation of the results
over five rounds. Additionally, for the threshold-based labeling
method, the probability thresholds vary across different tests due
to the optimization process involved, as explained in Section 2.3.
The purpose is to compare the best performance of each test at
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FIGURE 6: Confusion matrix results statistics (mean ± standard deviation) for all tests conducted on both systems.

FIGURE 7: Precision and F1-Score statistics (mean ± standard deviation) of all tests for both systems.

the optimal threshold point with the largest F1-Score. The results
reveal several insights in the following.

1) Regardless of a system exhibiting moderate or extreme data
imbalance, the threshold-based labeling method consistently
achieves higher recall, indicating better identification of true
positive links compared to the rank-based method. However,
this improvement comes at the cost of predicting more false
positives, as evidenced by a higher FPR and a lower TNR.

2) In the case of the shared mobility system with a moderate
imbalance issue, a t-test is conducted to assess the observed

increasing trend of recall in both labeling methods. Our null
hypothesis posits that there is no increase in recall. The
resulting p-values for the threshold-based and rank-based
methods are far less than 0.001. Hence, the hypothesis is
rejected, Consequently, including more negative links (that
is, as the γ value increases) is beneficial for increasing re-
call in both labeling methods, and these increases are sta-
tistically significant. Conversely, in the system with a more
serious imbalance issue, the inclusion of more negative links
may lead to a decrease in recall, especially for the threshold-
based labeling method.
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TABLE 2: Experiment parameter settings

System Setting Items Value

Shared
Mobility
System1

Neighborhood search depth 2

# of Sampled in- and out-
neighbors in two hops

10

Node embedding size 30

Input and hidden layer size
for GraphSAGE

60

Minibatch size 192

Learning rate 4e-4

Dropout 0

Epoch 200

Vehicle
Market
System2

Neighborhood search depth 2

# of Sampled neighbors in
two hops

5

Node embedding size 10

Input and hidden layer size
for GraphSAGE

10

Minibatch size 32

Learning rate 5e-4

Dropout 0.3

Epoch 500
1: We adopted these settings from our prior work [34], with the
only alteration being the reduction of epochs from 500 to 200 to
improve computational efficiency. As the primary objective of this
paper is not to identify the optimal model performance, this epoch
setting proves adequate for achieving convergence because a typical
decrease is not observed beyond 200 epoches of training.
2: These settings are determined by trial and error. We guarantee the
model’s convergence. Similarly, we prioritize computational effi-
ciency, since our focus does not extend to achieving the best model.

3) The exacerbated imbalance issue contributes to more dis-
persed performance, as reflected in the larger standard devia-
tion observed in the plots for the vehicle market system. One
potential reason could be attributed to the scarcity of posi-
tive samples relative to the overwhelming number of nega-
tive samples, resulting in greater variability in the model’s
predictions.

Precision and F1-Score Furthermore, upon examining
the Precision and F1-Score results, we provide additional evi-

TABLE 3: Cross-fold training and validation data statistics for
shared mobility system

Original
Link Set
for Train-
ing

# of
Nodes

# of Positive
Links (NEp )

# of Negative
Links (NEn )

1 428 12,647 170,109

2 428 13,345 169,411

3 428 14,528 168,228

4 428 14,642 168,114

5 428 12,761 169,995

Validation
Set

# of
Nodes

# of Positive
Links (NEp )

# of Negative
Links (NEn )

1 107 1,077 10,265

2 107 887 10,455

3 107 663 10,679

4 107 598 10,744

5 107 1,035 10,307

TABLE 4: Cross-fold training and validation data statistics for
vehicle market system

Original
Link Set
for Train-
ing

# of
Nodes

# of Positive
Links (NEp )

# of Negative
Links (NEn )

1 500 1,253 123,497

2 500 1,482 123,268

3 500 1,369 123,381

4 500 1,411 123,339

5 496 1,379 121,381

Validation
Set

# of
Nodes

# of Positive
Links (NEp )

# of Negative
Links (NEn )

1 124 117 7,509

2 124 74 7,552

3 124 91 7,535

4 124 76 7,550

5 128 83 8,045
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dence that, in systems with moderate imbalance issues, increas-
ing the undersampling ratio enhances the overall model perfor-
mance, leading to a higher F1-Score. A t-test is conducted, and
resulting p-value is less than 0.001, indicating the statistical sig-
nificance of this increase. This positive effect is observed for
both labeling methods. The potential explanation lies in the in-
creased information provided to the LP model when augmenting
the number of negative links. In systems with more extreme im-
balance data, one interesting observation is that an optimal un-
dersampling ratio (γ = 3) appears to exist, particularly enhanc-
ing the predictive performance of the threshold-based method,
resulting in the highest F1-Score. However, when no sampling
method is applied, the vehicle market system exhibits the highest
TNR and precision, along with the lowest recall. This low recall
could be attributed to the escalating dominance of negative sam-
ples and the scarcity of positive samples, causing the LP model to
exhibit bias toward predicting more samples as negative. There-
fore, when dealing with large and sparse networks, implement-
ing the proposed undersampling ratio strategy is recommended
to determine the optimal γ , achieving the best trade-off between
computational efficiency and model performance.

Lastly, the proposed rank-based labeling method exhibits in-
ferior performance compared to the threshold-based method for
both systems. This discrepancy is attributed to the distinct objec-
tives of the two methods. The threshold-based method aims to
achieve the best F1-Score, while the rank-based method strives
to analogize the network size of the system. Consequently, the
rank-based method tends to be conservative in predicting posi-
tive links, leading to higher precisions than the threshold-based
method in the shared mobility system. This is visually repre-
sented in Figure 8, where it is apparent that the threshold-based
method predicts more positive links for both systems, resulting
in a higher density. Particularly for the vehicle market system,
the mean network density for the threshold-based method is on
average three times higher than that of the rank-based method.

FIGURE 8: Predicted network density statistics (mean ± stan-
dard deviation) of all tests for both systems. The density here rep-
resents the ratio between the number of predicted positive links
and the total number of possible links.

In summary, for a system characterized by moderately
imbalanced network data, increasing the undersampling ratio
proves effective in enhancing predictive performance, resulting
in a larger F1-Score. Conversely, this strategy is not applicable
to systems with extremely imbalanced network data. Moreover,
in a broader context, the threshold-based labeling method consis-
tently outperforms the proposed rank-based method. The rank-
based approach aims to predict a network of comparable size to
the original observed network but sacrifices a portion of predic-
tion accuracy in the process.

5 CONCLUSION
In this study, we developed an experimental framework,

exploring various combinations of data undersampling strate-
gies with varying sampling ratios, along with two model post-
processing methods, i.e., the probability threshold-based and
rank-based labeling methods. We aim to scrutinize the impact of
these combinations on prediction results given a GNN-based LP
model. Furthermore, we utilized two real-world network datasets
derived from shared mobility systems and product market sys-
tems. This choice aimed to illustrate the disparities in the influ-
ence of these combinations on engineering applications, partic-
ularly in the context of varied degrees of data imbalance. The
results show that increasing the undersampling ratio improves
predictive performance, particularly in systems with moderate
data imbalance, as evident in a higher F1-Score. However, this
approach is less effective in systems with extreme data imbal-
ance. In cases of extreme imbalance resulting in a sparser net-
work, it is advisable to undergo a tuning process to identify the
optimal sampling ratio, thus achieving the best balance between
computational efficiency and model performance. Overall, the
threshold-based labeling method consistently outperforms the
rank-based method, which sacrifices prediction accuracy for a
network of comparable size to the original observed network.

While the pursuit of a high-performing link prediction (LP)
model falls outside the scope of this study, one notable limita-
tion in this paper is the absence of a definitive LP solution for
systems characterized by extreme data imbalance, as evidenced
by consistently low F1-Scores (below 0.2) across all experiments
conducted using the vehicle market system example. This sug-
gests that addressing LP for highly imbalanced network data re-
mains a challenge. In future investigations, we aim to expand
the scope of this research by testing a diverse range of engi-
neering applications characterized by varying degrees of imbal-
ance, ranging from extreme to mild imbalances. This extension
seeks to improve our understanding of the challenges posed by
data imbalance in LP within real-world systems. Additionally,
this endeavor will contribute to the establishment of standard-
ized benchmarks and evaluation metrics applicable to engineer-
ing practices. Furthermore, our future work endeavors to incor-
porate a broader selection of GNN-based LP models into the ex-
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perimental framework. The goal is to explore and identify the
optimal combination of data sampling strategies, post-processing
methods, and LP models to comprehensively address the afore-
mentioned limitation: the imbalance challenges inherent in net-
worked data.
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