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Abstract. Graph neural networks (GNNs) are becoming very popular
these days due to their ability to perform classification and prediction
depending on node connections. Since features of samples belonging to
the same class can be related, graph-based models may perform classifi-
cation better than other classifiers. The big challenge for this evaluation
is to know if there is a sufficiently adequate relationship between the con-
nections of the nodes to justify the use of these models, since connections
to unrelated classes can reduce the capacity of these models. This paper
proposes a thorough comparative evaluation between graph models and
other well-established classifiers to assess the extent to which GNNs may
be superior. This will be done by evaluating the relationships between
the probability of connections between nodes and changing database fea-
tures. The evaluation is performed using synthetic data, which is a task
that can be evaluated in future work. The results show that when there
are connections of classes different from the node under evaluation, the
GNNs lose their advantages over other classifiers.

Keywords: Graph neural networks · graph attention networks · graph
convolutional networks · classification.

1 Introduction

Nowadays, the use of logical reasoning to create more robust models has been
widely applied [1]. Through models that use more information related to the fea-
tures of the problem, they tend to have better classification capabilities. Graph
neural networks (GNNs) play an important role in these new challenges be-
cause, besides using the sample’s features, they consider its connections with
other samples, called nodes in graphs [2].

As long as there are no connections between nodes, the problem becomes
a standard classification problem where the classification is only based on the
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sample features. When the problem becomes standard, the GNNs tend to lose
their classification advantages over well-established classifier algorithms. Within
this hypothesis, few works evaluate the performance of GNNs concerning the
connections between their nodes [3].

For this reason, this paper proposes to evaluate the influence of the prob-
ability of connections between nodes in relation to its performance, aiming to
verify how much the GNN structure excels for classifications when there are a
larger number of connections between distinct classes. From this work, it will be
possible to determine when GNNs are worth applying to these problems. Ob-
serving that in some cases connections can represent a reduction in classification
performance if they do not make logical sense [4].

In this paper, two of the main GNN structures are compared with other
well-established classifiers. The GNNs used in this comparison are the graph
convolutional network (GCN) proposed by Kipf and Welling [5], and the graph
attention network (GAT) proposed by Veličković et al. [6]. The GCN is a semi-
supervised network that is similar to the convolutional neural networks that
perform convolutions on images, in view that the filter parameters are generally
shared across all locations on the graph. The attention on GAT represents a
weighted average of multiple elements, with the weights computed dynamically
based on an input query and element keys. The contributions of this paper to
graph neural networks are outlined below:

– The first contribution is related to the definition of a threshold value for
connections to other classes in graph-based problems. Connections to classes
other than the class of the evaluated node have a negative influence on the
performance of graph-based models and can make these models inefficient.

– The second contribution is related to evaluating the influence of varying
the size and features of a database for applying GNNs. In many classifier
models, the variation in the dataset makes the classifier inadequate due to
the difficulty in network training when the problem is considerably complex.

– The third contribution is related to proposing a synthetic data generator for
graphs that can be used for benchmarking, having variability in the degree
of complexity depending on the user’s needs. Many models are validated on
well-known data sets, sometimes hindering other applications.

The remainder of this work is organized as follows: In Section 2, the method
used for generating the database is described as well as the applied models. Sec-
tion 3 evaluates the influence of changing model parameters and using different
database configurations. Finally, Section 4 presents a conclusion.

2 Methodology

The GAT and GCN models are used in this paper for comparison against well-
established classifier models, which are not based on graphs. In this paper, the
classifiers logistic regression (LR) [7], linear discriminant analysis (LDA) [8], k-
nearest neighbors (KNN) [9], decision tree classifier (DTC) [10], gaussian naive
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bayes (NB) [11], and support-vector machine (SVM) [12] are used. These models
are trained based on synthetically generated features. In this way, the compared
classifiers consider the features of the nodes and not their connections. This
is a major difference between the generally used classifier and the graph-based
models that also consider the node connections. In this paper, the synthetic data
generation and the evaluated models were written using Python language.

2.1 Graphical Attention Networks

GAT proposed by Veličković et al. [6] are among the most popular GNN ar-
chitectures, being state-of-the-art models for learning graph representation. The
graphical attention layer creates a message for each node using a linear layer
matrix. For the attention, the GAT uses the node’s message as a query, and the
messages to the average as keys and values.

GAT employs masked self-service layers to address the weaknesses of previ-
ous methods based on graph convolutions. By stacking layers where nodes can
attend over the characteristics of their neighbors, it is possible to specify differ-
ent weights of different nodes in a neighborhood without requiring an expensive
matrix operation or relying on prior knowledge of the structure [13]. The nodular
formulation of the GAT is given by:

x′
i = αi,iΘxi +

∑
j∈N (i)

αi,jΘxj , (1)

where the attention coefficients αi,j are calculated as:

αi,j =
exp

(
LeakyReLU

(
a⊤[Θxi ∥Θxj ]

))∑
k∈N (i)∪{i} exp (LeakyReLU (a⊤[Θxi ∥Θxk]))

. (2)

The normalized attention coefficients are used to compute a linear combina-
tion of the features corresponding to them, to serve as the final output for each
node [14]. When the graph has multidimensional edge features ei,j , the attention
coefficients αi,j are given by:

αi,j =
exp

(
LeakyReLU

(
a⊤[Θxi ∥Θxj ∥Θeei,j ]

))∑
k∈N (i)∪{i} exp (LeakyReLU (a⊤[Θxi ∥Θxk ∥Θeei,k]))

. (3)

2.2 Graph Convolutional Network

GCNs are a class of neural networks designed to operate directly on graph-
structured data, effectively capturing the relationships and features of nodes
within a graph. They extend the concept of convolution from traditional convo-
lutional neural networks, enabling the processing of data represented as graphs
[15]. The operation of a GCN layer is defined as:

H(l+1) = σ
(
D̃− 1

2 ÃD̃− 1
2H(l)W (l)

)
(4)
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where H(l) is the feature matrix at layer l, with H(0) = X being the input
feature matrix. Ã = A + I is the adjacency matrix with added self-loops. D̃ is
the degree matrix of Ã, with D̃ii =

∑
j Ãij . W (l) is the weight matrix for layer

l. σ is the activation function [16].

2.3 Synthetic Data

Through the synthetic generation of the data, it is possible to create a problem
with a higher level of difficulty, thus making it suitable for benchmarking [17]. It
is possible to make the problem even more difficult by reducing the relationship
between the features by increasing the standard deviation of the clusters. The
synthetic generation of the data was carried out in two stages. In the first stage,
the sample features were generated using the function make classification
from sklearn library.

Another function that is also available from this library is the make blobs,
where it is also possible to define the standard deviation of the clusters. In this
step, it is defined how many samples, classes, and features are used. The number
of features and the number of samples define the size of the feature matrix used
to perform the benchmarking of the classifiers.

For an evaluation of the database configuration parameters, a standard dataset
is initially fixed with the same number of samples, features, and classes. This
way, it is possible to compare the influence of changing the graph configuration
parameters one by one. In this evaluation to standardize the comparisons, 1,000
samples distributed in 3 classes with 8 features per sample were used. A repre-
sentative image of the data distribution is presented in Figure 1, considering the
relationship between 2 features of the 8 used in this evaluation.
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Fig. 1. Features generated by synthetic data for 3 classes.
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In the second step, the graph is created, in which connections between sam-
ples are defined; after that, the samples are called nodes. To create the graph,
the function stochastic block model from networkx library was used. In this
evaluation, the community sizes are given by the distribution of the classes from
the result of the make classification function, thus, the communities have
the same size as the sample classes.

To generate the connections between the nodes, a probability matrix is cre-
ated, which determines the probability of a sample being connected to another.
This variation will be evaluated in this paper to verify the influence of connec-
tions on the performance of graph-based models. In the probability matrix, the
position of the elements of the main diagonal defines the probability that a node
is connected to other nodes of the same class, where η is the number of classes
used, previously defined for the generation of features.

For future evaluations, the algorithm to create synthetic data is available at:
https://github.com/SFStefenon/SyntheticData4Classification.

3 Analysis of Results

This section presents the simulation results for comparing GNN models with
other well-established classifiers. For a data selection that does not depend on its
distribution, the selection of nodes for training and testing is done randomly. Af-
ter the data selection, the database is created. All models use the same database
for performance comparison.

For a complete evaluation of the classification performance of the graph-
based models, in the first evaluation, an identity matrix is used to generate the
probabilities between the graph connections. This is an ideal case, in which all
nodes of the same class are connected without connections between other classes.
Since in the GAT model, variation in the number of multi-head attentions (MHA)
may lead to a change in the results, Table 1 presents the analysis of the variation
of this parameter to define a standard configuration for comparison.

Table 1. Evaluation of variation in the number of multi-head attentions.

MHA Accuracy by number of MHA output
input 1 3 5 8 10 15

1 0.4252 0.6611 0.7276 0.9767 0.9668 0.9668
3 0.8671 0.9635 0.9834 0.9834 0.9900 0.9801
5 0.9535 0.9767 0.9934 0.9635 0.9934 0.9900
8 0.9934 0.9967 0.9834 0.9701 0.9867 0.9999
10 0.9601 0.9967 0.9967 0.9934 0.9834 0.9767
15 0.9668 0.9934 0.9867 0.9834 0.9900 0.9934

Using fewer MHA results in lower computational cost. From the use of 8
MHA, all results were satisfactory, even with a smaller number in the output
layer of the network. For this reason, 8 MHA were set as the default for the GAT

https://github.com/SFStefenon/SyntheticData4Classification
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model comparison. Since the same dataset was used for this evaluation, similar
results can be considered equivalent due to the random characteristic of model
initialization.

The GCN and GAT approaches are compared to well-known classifiers to
evaluate the influence of changing database features on model performance. The
results of this analysis are presented in Table 2. Besides model evaluation, the
ratio between the percentage of data used for training and testing is evaluated.

Table 2. Performance of classifiers in an ideal graph case.

Classifier Accuracy given by train/test ratio (%)
50/50 60/40 70/30 80/20 90/10

LR 85.60 84.83 85.12 85.00 86.56
LDA 84.20 83.33 83.83 83.00 83.89
KNN 89.00 87.83 88.41 88.25 88.67
DTC 85.40 82.83 87.26 85.38 86.67
NB 84.60 84.33 83.26 84.25 84.33

SVM 90.40 88.83 90.56 90.50 90.89
GCN 99.00 99.75 96.68 96.53 98.03
GAT 98.01 98.50 99.02 99.01 99.99

In this evaluation, the graph-based models were superior to the other classi-
fiers. Even with the variation in the percentage of data for network training, the
GNNs maintained results higher in accuracy than the other models. Comparing
the other classifiers, SVM had its best performance using 90% of the data for
network training, with an accuracy of 90.89%, being considerably lower than the
GNN models, which had at least 98.03% accuracy using this ratio.

For comparison purposes, 70% of the data was standardized for training and
30% for testing. In this ratio, the accuracy values of the other models were closer
to the GNNs, that is, the most unfavorable case for the GNNs.

The GAT presents stability in the convergence process. After 100 epochs, the
model maintains the same accuracy, with no significant improvement in the loss.
For this reason, all comparative evaluations are done using 100 epochs. Next,
an evaluation of the influence of connections of the nodes with other classes is
performed. For this evaluation, equivalent probabilities of connection between
nodes that do not belong to the same class were considered, maintaining the
previously determined probability of connection between nodes of the same class.

The results of the influence of connections other than the node class are
presented in Table 3 with respect to the classifiers being compared. This inclusion
can be understood as noise since this information has no meaning for the graph
and it impairs its classification.

The inclusion of connections that do not belong to the same class as the
node being evaluated has a disadvantageous result for the GNNs. When the
probability of connections with other classes is equal to or greater than 10%,
the GNNs have inferior accuracy results compared to the SVM. In other words,
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Table 3. Performance with a higher probability of connections to other classes.

Classifier
Accuracy by probability of

connections with other classes
1% 3% 5% 10% 20%

LR 85.12 85.84 85.26 84.11 84.12
LDA 83.84 83.26 84.83 82.68 83.27
KNN 86.84 87.55 87.40 85.97 87.12
DTC 83.27 84.11 86.70 83.12 84.84
NB 84.84 82.97 85.83 83.54 83.41

SVM 89.84 89.84 90.55 89.98 90.56
GCN 99.67 96.01 93.69 79.07 84.72
GAT 97.67 97.34 94.68 88.04 86.05

when samples have connections with classes that are distinct from their own
class, the GNNs show to be not promising. In a practical example, this would
mean performing a search on a subject that has no relation to the interests of
the user’s profile and making this suggestion to another user who is connected
to this one.

To evaluate the influence of fewer node connections in the same class, con-
nections with classes other than their own class were not considered. This is an
ideal case where the connections only occur with their class, so it is possible to
specifically compare the influence of the variation in the number of these con-
nections. This evaluation is done by increasing or reducing the probability of
connections from their class without the influence of others. The results of this
evaluation are presented in Table 4.

Table 4. Evaluation of different probabilities of connection to the same class.

Classifier Accuracy by probability of connections to the same class
99% 97% 95% 90% 80% 70% 50% 30% 10%

LR 84.54 86.55 85.41 86.98 85.12 85.40 86.41 84.98 85.26
LDA 83.97 84.55 82.98 83.55 83.26 82.25 84.41 83.12 82.83
KNN 86.41 87.41 87.84 88.13 87.55 87.54 88.55 88.28 87.70
DTC 83.98 84.98 84.70 86.41 83.26 83.83 85.98 85.12 86.12
NB 83.40 84.26 83.98 84.69 82.69 84.83 83.13 82.84 83.26

SVM 90.13 90.55 90.42 90.28 90.27 89.55 89.56 89.56 90.41
GCN 97.67 98.67 98.67 99.34 98.34 96.35 98.01 93.69 83.72
GAT 98.01 96.01 97.67 98.67 97.67 97.34 94.35 91.69 87.71

The GNNs remained superior in classification accuracy until the time when
the probability between connections of the same class is 10%, when the proba-
bility of connections is low, the graph loses its properties, becoming a classical
classification problem in which the classifier evaluates only the features of the
node and not its connections.
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3.1 Variation in the Dataset Size

The variation in the number of features, the inclusion of more classes, and the
reduction in the number of samples can make the classification problem even
more difficult. To evaluate the influence of changing these parameters on the
compared models, this section will present the results of these variations in an
ideal graph case. In Table 5, the results of the variation in the number of classes
are shown.

Table 5. Performance of classifiers by changing the number of classes.

Classifier Accuracy by number of classes
2 3 4 5 6 7 8

LR 94.14 85.98 64.53 52.24 48.79 46.35 30.92
LDA 93.00 84.13 65.10 51.95 49.06 45.49 31.20
KNN 93.57 87.84 72.96 68.25 65.38 63.09 53.23
DTC 92.14 86.55 69.38 63.38 54.37 45.49 41.35
NB 93.14 84.27 60.24 58.39 51.21 48.07 31.05

SVM 94.00 90.41 74.68 71.11 67.38 65.10 56.65
GCN 99.99 97.01 95.67 95.33 96.71 90.33 84.87
GAT 99.67 99.00 92.67 94.67 93.09 93.67 82.57

The use of two classes from the synthetic generation of data makes the prob-
lem more easily resolvable, with superior results using all the compared classi-
fiers. As more classes are included in the problem, it becomes more difficult to
solve it, and the classifiers have a significantly lower accuracy.

Although the GNNs also show lower accuracy in relation to the increase in
the number of classes, for this problem, using up to 7 classes, the results remain
over 90%. This shows that these models are adequately classifying the nodes in
relation to their connections. In Figure 2, the problem of classification using 2
features is presented for several numbers of classes. It’s presented 2, 4, 5, 6, 7,
and 8 classes as 3 classes were previously presented in Figure 1.

In many models, the use of a smaller dataset can result in lower accuracy due
to difficulty in network training. Table 6 shows the results of the use of different
numbers of samples for the classification problem using synthetic data.

Although there is variation among the results, all models remain with similar
accuracy results when the number of samples is changed. This shows that if the
distribution of features follows the same trend, the classifier will have similar
results. This statement can be made considering there is a minimum amount of
data to train the model adequately. The variations in the results are justified by
the randomness in the generation of the database. In Table 7, the results of the
variation in the number of features in the dataset are presented.

The variation in the number of features had an even smaller influence on the
performance of the model than the other variations. It is noticeable that the big
difference in performance results occurs when the connections between nodes are
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Fig. 2. Features generated by synthetic data using different number of classes.

Table 6. Performance of classifiers by changing the number of samples of the dataset.

Classifier Accuracy by number of samples
100 300 500 1000 1500 2000

LR 80.95 80.33 81.66 87.27 80.93 79.77
LDA 79.52 79.40 81.67 84.69 80.36 80.06
KNN 69.52 76.95 82.80 86.97 83.41 80.35
DTC 74.05 70.81 75.06 85.26 84.84 78.34
NB 72.38 77.95 82.82 85.55 82.55 77.27

SVM 82.38 82.26 84.55 90.84 87.32 83.99
GCN 93.55 93.33 99.99 98.34 98.67 96.18
GAT 96.77 96.67 98.68 99.00 98.67 99.83

changed. The use of a smaller dataset, which is sufficient for training, does not
represent a problem for these models for the classification performed.

3.2 Limitations

The computational effort required for computing graph-based models can exceed
10 times the time needed to train standard models. In this paper, this limitation
does not represent an issue because the classifier can be used offline, in which case
the use of graph models is very promising when the connections are appropriate
to improve the model’s performance.
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Table 7. Performance of classifiers by changing the number of features of the samples.

Classifier Accuracy by number of features
5 10 15 20 30

LR 86.69 85.98 83.84 85.12 83.97
LDA 84.55 84.26 81.26 83.97 83.26
KNN 92.13 85.40 81.83 82.41 78.25
DTC 87.12 84.97 81.40 82.97 82.41
NB 85.54 84.83 83.26 84.54 85.40

SVM 91.70 90.13 86.55 87.12 87.55
GCN 99.34 99.99 99.67 99.99 99.67
GAT 99.00 97.67 99.99 99.67 98.67

4 Conclusion

The results presented in this paper show that for graph-based models to be
superior for classification, the connections between nodes must occur mostly
among nodes of the same class. When there are connections between nodes of
different classes, GNNs lose their advantages over other classifiers. When the
nodes are connected to the same class, the performance of GNNs is better than
other classification models.

The change in the size of the dataset to the number of samples and alteration
in the number of features did not have a major influence on the results, mainly
because these alterations maintain the features of the degree of difficulty in
classification. The inclusion of more classes made it more difficult to classify the
problem, since GNNs perform classification taking into account node connections
as well as features, the GNNs’ results were superior.

Future work can be conducted using hyperparameter tuning methods to as-
sess the maximum improvement capacity of each model as a function of using a
refined model. Based on multicriteria optimization [18], classification models can
be tuned using algorithms such as genetic algorithm [19], Coyote optimization
algorithm, [20], or tree-structured Parzen estimator applied in Optuna [21].
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