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Abstract. The discipline of graph-based machine learning, which 
focuses on learning from structured graph data, is expanding rapidly. 
Numerous applications in recommendation systems, bioinformatics, and 
social network analysis fall within this domain. However, traditional 
Graph Neural Networks (GNNs) face difficulties when dealing with 
datasets that frequently contain structured and graph data. Our app-
roach addresses this challenge by creating a proposed fusion model 
of GNN and Gradient Boosting Decision Trees (GBDTs). We inves-
tigated the effectiveness of using the GNN and GBDT based fusion 
model using logistic regression by combining the embeddings of GNN 
and GBDT, stacking the predictions from GBDT variants for node clas-
sification and graph classification. The generality of the model is tested 
and validated on one heterogeneous and two homogeneous state-of-the-
art datasets with average accuracy of A: Freebase: 0.6875, B: Letters 
(Low: 96.62, Med: 84.81, High: 78.06), C:Fingerprints:80.45, D:OGBG-
MolHIV:89.10 outperforming individual methods. The results indicated 
that the fusion approach was effective in accurately classifying complete 
graphs and nodes, although their performance varied depending on the 
dataset and the characteristics of the graph being analyzed. This shows 
that the applied technique can get the appropriate results. The supple-
mentary material of our work is publicly available at (https://github. 
com/mr49online/fusion_model). 

Keywords: Fusion model · GBDT · GNN · Homogeneous graphs · 
Heterogeneous graphs · Graph classification · Node classification 

1 Introduction 

A homogeneous graph considers all nodes of similar type, and all edges denote 
the same type of relationship. For example, a social network can be characterized 
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as a homogeneous graph, with nodes meaning people, and edges showing their 
connections. In contrast, a heterogeneous graph includes nodes and edges of 
numerous types, allowing the depiction of complex relationships between various 
entities. An example of a heterogeneous graph is a marketplace graph, which 
includes nodes such as buyers, sellers, and products, connected by edges like 
“wants-to-buy” or “has-bought.” These distinctions are essential for modeling 
real-world systems with varying levels of complexity [ 1, 2]. 

Graph Neural Networks (GNNs) [ 3, 4] have emerged as a fundamental tech-
nology in graph mining, representing significant success in applications such as 
molecular design, computer vision, and recommendation systems. The important 
tasks in this domain are graph classification [ 5], which involves predicting the 
class of a graph based on its structural features, and node classification, where 
the goal is to predict the labels for nodes based on their features and relation-
ships, with applications in bioinformatics, social network analysis, and chemistry. 
Recent approaches to this problem include GNNs, which excel at learning graph 
structures, and gradient boosting decision trees (GBDTs), known for captur-
ing complex non-linear relationships. Despite their strengths, both methods face 
limitations in certain graph types. 

Unlike homogeneous graphs, heterogeneous graphs require complex struc-
tures and advanced preprocessing to fully exploit their potential. Gradient-
boosted decision trees (GBDT) [ 6] are highly effective for high-dimensional tab-
ular data, and prior studies like BGNN [ 7], EBBS [ 8] and TreeXGNN [ 9] attempt 
to bridge GBDTs and GNNs. The TreeXGNN technique was only implemented 
for node classification task However, to the best of our knowledge, their appli-
cation to heterogeneous graphs remains unexplored. A new attempt to combine 
GBDT with Heterogeneous Graph Neural Network HGNN was made in Tab-
Graphs [ 10]. They contributed benchmark dataset, called TabGraphs, which 
includes several real world datasets. But this dataset also supports node classi-
fication and node regression tasks. 

Motivation. As GNN performs well on only homogeneous graph datasets. 
GBDT performs well on heterogeneous tabular datasets. There is a dire need 
to make such models which have the best properties of both models and can be 
applicable to both homogeneous and heterogeneous datasets. 

Contribution 

– We purpose a modular and extensible fusion framework that combines graph 
embeddings from multiple GNNs (GCN and MPNN). These embeddings are 
combined with GBDT classifiers using a late fusion strategy. 

– We perform comprehensive evaluations, including ablation studies and bench-
marking on the diverse dataset, including OGBG-MolHIV, demonstrating the 
effectiveness of our approach.
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2 Related Work 

Deep learning models called Graph Convolutional Networks (GCN) and Mes-
sage Passing Neural Networks (MPNN) are made especially for graph-structured 
data. Introduced by Kipf and Welling [ 11], GCNs aggregate information from 
neighbors of a node using a spectral technique, extending convolutional pro-
cesses to graphs. Gilmer et al. [ 12] proposed MPNNs, which iteratively update 
node representations and pass messages between nodes to provide a generalized 
framework for graph-based learning. These models are appropriate for tasks like 
node classification and link prediction because they are excellent at capturing 
relational and structural information. On the other hand, ensemble techniques 
called gradient-boosted decision trees (GBDT), such as XGBoost [ 13], construct 
decision trees sequentially in order to reduce prediction errors. Despite their 
strength in tabular data, GBDTs are not naturally able to properly model graph-
structured data since they do not take relational connections between entities 
into consideration. 

GCNs and MPNNs use shared aggregation and update functions, which 
makes them naturally suited for homogenous graphs with nodes and edges of the 
same kind. But with specialized architectures like Heterogeneous Graph Neural 
Networks (HGNNs) [ 14], they can be extended to heterogeneous graphs, which 
have different types of nodes and edges. In order to manage a variety of relation-
ships, these additions add type-specific parameters. On the other hand, because 
GBDTs ignore the graph structure and interpret inputs as separate feature vec-
tors, they are not well suited for graph data. Due to this restriction, GBDTs 
are still a good option for conventional supervised learning tasks on tabular 
or feature-based datasets, while GCNs and MPNNs are better suited for tasks 
involving relational data [ 7]. “Graph Neural Network Contextual Embedding for 
Deep Learning on Tabular Data” demonstrates how GNNs can create contextual 
embeddings for tabular data. [ 15], which highlights the enhancement of feature 
representation through graph-based techniques. 

Node embeddings produced by GCNs and MPNNs are extremely important 
because they encode both the properties of individual nodes and the structural 
context of their surroundings. These embeddings preserve relational information, 
allowing tasks such as node classification, link prediction, and graph classification 
to take advantage of the graph’s underlying structure. GCNs and MPNNs have 
different ways of propagating information: GCNs employ a spectral method for 
homogeneous networks, while MPNNs generalize to heterogeneous graphs using 
customized message passing functions, making them more versatile [ 12, 14] for  
complex relational data. It is advantageous to use both strategies, since they deal 
with distinct issues. GCNs are perfect for social networks or citation networks, 
since they are efficient and effective for semi-supervised tasks and homogeneous 
graphs [ 11]. On the other hand, due to their adaptable message passing archi-
tecture, MPNNs are excellent for managing dynamic and heterogeneous graphs, 
such as knowledge or molecular graphs [ 12]. 

According to Ivanov’s [ 7] hybrid technique, “Boost Then Convolve: Gradient 
Boosting Meets Graph Neural Networks”, gradient boosting models extract fea-
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tures, which are then processed by GCNs. The complementary nature of graph-
based and boosting learning is demonstrated by this two-step process. Through 
incorporation of domain knowledge, Kotelnikov et al. [ 16] present  methods to  
improve the interpretability of GNNs for tabular data, making these models 
visible and efficient. To maximize efficiency on datasets with tabular node char-
acteristics, for example, recent studies have suggested frameworks that combine 
GBDT and GNN [ 7, 17, 18]. 

Li et al. [ 19] offer a thorough taxonomy of GNN applications in tabular data 
in Graph Neural Networks for Tabular Data Learning: A Survey with Taxonomy 
& Directions. They also highlight important issues such as interpretability and 
scalability and promote hybrid models that combine GNNs with other machine 
learning methods. Modeling tabular data with diffusion models, also called Tab-
DDPM [ 20], examines tabular data diffusion models and shows how specialized 
designs can improve predictive capabilities and capture feature dependencies. 

Gradient boosting techniques such as LightGBM, XGBoost, and CatBoost 
are well known for their effectiveness, interpretability, and resilience. XGBoost is 
praised for its scalability and has been used to detect fraud in payment security 
systems by Zheng et al. [ 21]. The DCLGM model by Zhao et al. [ 22] demonstrates 
how combining LightGBM and deep learning overcomes the limitations of tra-
ditional recommendation systems by leveraging feature engineering and neural 
network capabilities. They consider LightGBM, as speed-optimized, to be useful 
in recommendation systems when combined with deep learning approaches. 

Jang and Lee [ 23] proposed an innovative framework known as gradient-
boosted graph neural networks (GBGNN). This model uniquely integrates sev-
eral shallow Graph Neural Networks utilizing a gradient boosting strategy. In 
relation to node classification tasks, GBGNN shows considerable enhancements 
compared to conventional single GNN models. By binding the capabilities of 
Graph Convolutional Networks (GCNs), MPNNs, and gradient-boosting tech-
niques, researchers are better equipped to address complex issues. Ultimately, 
this strategy signifies a promising path for creating more accurate and inter-
pretable models within the field. 

Our fusion strategy is based on classical ensemble learning techniques, namely 
stacked generalization (stacking), in which the outputs of many base learners are 
fused using a meta-learner to increase generalization performance. Wolpert [ 24] 
developed this idea, which was later backed up by foundational work such as 
bagging [ 25] and boosting [ 26]. Although our implementation employs modern 
gradient boosting models (CatBoost, XGBoost, and LightGBM), the ensemble 
structure is consistent with these early concepts. 

3 Proposed Methodology 

The proposed methodology is a four-step process. Graph embeddings or node 
embeddings are initially created using the GCN and the MPNN. The embeddings 
are then concatenated into a single feature vector. Individual predictions are then 
created using CatBoost, XGBoost, and LightGBM. A fusion model using logistic
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regression combines these predictions for the final categorization. The conversion 
of an unprocessed dataset into a more organized and useful format is captured 
in Eq. (1). 

.Datasetprocessed = f (Dataset) (1) 

here .f(Datasets) represents the function that transforms the dataset to the 
required format. In order to assure compatibility with machine learning methods, 
the function . f converts class labels into numeric values, standardizes the data 
into a consistent format, and arranges the data into a tabular, flattened structure 
for effective analysis. In particular, . f reads graph data from GXL files, extracts 
edge connections and node coordinates, labels the data according to class, and 
saves the processed data in CSV files. Figure 1 illustrates this process. 

The graph .G = V,E is built with nodes .V = {v1, v2, . . . , vN} standing for 
entities and edges .E = {eij | vi, vj ∈ V } for relationships. Each node has a 
feature vector .xi ∈ Rd, and the weight .wij ∈ R of the edges indicates how 
strongly the links are held. 

Fig. 1. Preprocessing 

Node embeddings were computed using Eq. (2). The GCN and MPNN pro-
mulgate information through the graph to acquire node embeddings. For a given 
node . vi, the node embedding .h(l)

i at layer . l is updated using the following equa-
tion. 

.h(l+1)
i = σ

⎛
⎝ ∑

j∈N(i)

1
cij

W(l)h(l)
j + b(l)

⎞
⎠ (2) 

Where .N(i) is the set of neighbors of node . i, .cij is a normalization constant, 
.W(l) is the weight matrix at layer . l, .b(l) is the bias term, and . σ is an activation 
function. After multiple layers, the embedding of the node .h(l)

i is computed. 
To create these embeddings, we train both the GCN and MPNN models 

in a supervised manner using class labels assigned to each graph. Specifically, 
both models are optimized jointly using a cross-entropy loss computed on the 
predicted graph representations. During training, node features are sent through 
two GNN layers before being aggregated into graph-level representations using 
global mean pooling. These embeddings are then refined using backpropagation 
over numerous epochs, with an early stopping based on validation loss. The 
retrieved embeddings from GCN and MPNN are later concatenated and fed into 
downstream ensemble classifiers. Section 4.2 provides further details.
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In the next step, the embeddings generated from both GNN models are 
combined as explained in Fig. 2a. These acquired embeddings are used as features 
to train GBDT models in another stage to get their predictions as depicted in 
Fig. 2b. Suppose that .ycat

i , yxgb
i , ylgb

i are the base model predictions. They are 
stacked in a feature vector .zi for the proposed model .zi =

[
ycat
i , yxgb

i , ylgb
i

]
. 

These models are trained using standard log-loss objectives (binary or multiclass 
depending on the dataset). This two-stage training strategy allows for successful 
embedding learning, followed by flexible downstream ensemble modeling. 

Fig. 2. Embeddings and prediction steps. 

A logistic regression fusion model Eq. (3)is trained to produce the final result. 

.ŷi = FusionModel (zi) (3) 

where . yi is the final predicted label for node . i. The final evaluation uses standard 
classification metrics: accuracy and F1-scores (Fig. 3). 

Fig. 3. Fusion training and evaluation. 

4 Experiments 

4.1 Datasets 

The proposed methodology employs four datasets: Letters [ 32], Fingerprints 
[ 35], Freebase [ 30] and OGBG-MolHIV [ 31]. The Letters, Fingerprints and 
OGBG-MolHIV datasets are homogeneous and used for graph classification 
tasks [ 33]. They contain 6,750 graphs, 2,800 pictures and 41,127 graphs respec-
tively. In comparison, the freebase dataset is heterogeneous and utilized for node
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classification, with 180,098 nodes, 8 node types, and 36 edge types. The datasets 
include various network forms and complexities, allowing for evaluation of the 
methodology’s performance across different graph architectures. 

4.2 Implementation Details 

The model was implemented in PyTorch-Geometric and ran on a personal laptop 
equipped with an Intel R© CoreTM i5-8250U CPU @ 1.60GHz with 8GB RAM and 
Intel R© UHD Graphics 620 (integrated GPU), without using any dedicated GPU 
hardware. To provide transparency regarding computational requirements, we 
tracked and visualized the execution time of each pipeline component, including 
GNN training, embedding extraction, GBDT model training, and fusion. Given 
the modest hardware and runtime, the overall footprint of CO2 of our exper-
iments is minimal and aligns well with sustainable and reproducible research 
practices. The data sets stated in Sect. 4.1 were used to evaluate the model. To 
ensure a clean and structured format, the Pandas library parsed each.dat file 
and returned nodes, edges, and labels in csv format. These csv files were utilized 
to transform the data into a suitable graph structure (node features, edge and 
weights, and node labels) for GNN training. To maintain balanced class distri-
butions, the nodes with labels were split into 80% training and 20% validation 
using stratified sampling. 

GCN and MPNN architecture was implemented to learn node embeddings or 
graph embeddings. Both models were built using a two-layer GCN model using 
GCNConv layers. After the first layer, a ReLU activation function was utilized. 
Adam optimizer and cross-entropy loss were used for the training of both models 
with learning rate 0.001 for 1000 epochs. To avoid overfitting, early stopping was 
employed with a patience of 10, which was calculated using validation loss. The 
final embeddings for each node from both models were combined to form a single 
feature vector (low-dimensional representation embedding space). 

As a base model, three machine learning models (CatBoost, XGBoost and 
LightGBM) were trained on feature vector (concatenated node embeddings). 
Logistic regression was used as a fusion model, which was trained on the predic-
tions of the base models by creating a stacked ensemble. Finally, the performance 
of the proposed fusion model and individual base models was evaluated using 
the validation set with Accuracy: The percentage of correctly classified nodes. 
Micro-F1 Score: A weighted average of F1 scores in all classes. Macro-F1 Score: 
An unweighted average of F1 scores, treating all classes equally. The results of 
these metrics demonstrated that the proposed fusion model outperformed indi-
vidual models as well as other models.
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5 Results and Discussion 

Table 1. Comparison of results 

Dataset Type Heterogeneous Homogeneous 
Task Node Classification Graph Classification 
Dataset Name Freebase OGBG-MolHIV Letters (Low) Letters (Med) Letters (High) Fingerprints 
Models Test 

Acc% 
Micro 
F1 

Macro 
F1 

Test 
Acc% 

Macro 
F1 

Roc_ 
Auc 

Test 
Acc% 

Micro 
F1 

Macro 
F1 

Test 
Acc% 

Micro 
F1 

Macro 
F1 

Test 
Acc% 

Micro 
F1 

Macro 
F1 

Test 
Acc% 

Micro 
F1 

Macro 
F1 

RpHGNN [ 27] - 66.55 54.02 - - - - - - - - - - - - - - -
SeHGNN [ 28] - 63.41 50.71 - - - - - - - - - - - - - - -
GAT [ 29] 65.26 - 40.74 - - - - - - - - - - - - - - -
SlotGAT [ 29] - 66.83 49.68 - - - - - - - - - - - - - - -
MPNN [ 5] - - - - - - 95.04 - - 83.20 - - 72.27 - - - - -
GNN local descriptor [ 5] - - - - - - 96.64 - - 85.27 - - 79.91 - - - - -
SoftHd [ 33] - - - - - - 95.56 - - 85.35 - - 71.75 - - - - -
DGNN using AAM loss [ 33] - - - - - - 98.87 - - 90.57 - - 83.34 - - - - -
GSN [ 34] - - - - - 77.99 - - - - - - - - - - -
CatBoost 62.50 64.52 20.00 96.52 52.02 71.48 94.94 94.94 94.79 81.01 81.01 82.51 71.31 71.31 70.78 81.56 81.56 64.00 
XGBoost 62.50 68.97 35.71 96.57 54.81 71.51 94.09 94.09 93.75 83.97 83.97 85.45 78.48 78.48 78.33 80.45 80.45 63.91 
LightGBM 68.75 68.75 33.33 96.56 54.28 71.37 95.78 95.78 95.31 84.81 84.81 86.22 78.48 78.48 78.11 78.77 78.77 61.39 
Fusion Model 68.75 73.33 40.45 89.10 56.61 67.56 96.62 96.62 96.28 84.81 84.81 86.88 78.06 78.06 77.66 80.45 80.45 62.46 

Table 1 compares our proposed fusion model against existing GNN-based 
approaches across several benchmark datasets. The fusion model continuously 
performs well, beating individual GBDT models and several baseline GNNs in 
terms of accuracy, Micro-F1, and Macro-F1 scores. Notably, for the OGBG-
MolHIV dataset, the fusion model yields a competitive ROC-AUC score of 67.56, 
demonstrating its robustness and generalizability across various graph topolo-
gies. 

The Freebase dataset [ 30] contains 180,098 nodes, of which only 5,568 (3.09%) 
are labeled, highlighting a significant class imbalance. While the Micro-F1 metric 
emphasizes overall performance and is biased toward majority classes, the Macro-
F1 metric evaluates per-class performance, treating all classes equally despite 
imbalance. 

5.1 Ablation Study 

We conducted an ablation study on homogeneous and heterogeneous datasets 
by removing specific components and evaluating their impact using standard 
metrics. Table 2 contains information on all scenarios and how they are imple-
mented. As in scenario 1, two components (MPNN and Combined Embeddings) 
are omitted (. ×), but the other components (GCN, GCN Embeddings, CatBoost, 
XGBoost, and LightGBM) are included (�). Each scenario is repeated five times 
and the standard deviation is calculated. 

Its results are presented in Table 3 which also reflects higher values in bold. 
Table 3(a) shows the findings of an ablation study on a Freebase heterogeneous 
dataset for node classification using logistic regression. Three standard metrics 
discussed in Sect. 3 are assessed across nine distinct scenarios (1 through 9) in the 
Table 2. With Accuracy:68.75, Micro-F1: 73.33, and Macro-F1:40.45, Scenario-6 
performs the best across all measures, making it the most efficient setup for
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Table 2. Ablation study scenarios 

Scenario GCN MPNN GCN 
Embeddings 

MPNN 
Embeddings 

Combined 
Embeddings Catboost XGBoost LightGBM 

1 � × � × × � � �
2 × � × � × � � �
3 × � × � × × � �
4 × � × � × � × �
5 × � × � × � � × 
6 � � � � � � � × 
7 � � � � � � × �
8 � � � � � × � �
9 � � � � � � � �

heterogeneous freebase dataset. Values are much lower in worse performing sce-
narios (such as Scenarios 4 and 7), particularly for Micro-F1 and Macro-F1. 
In most situations, the accuracy stays above 0.6, with the exception of those 
that perform worse. In the majority of cases, the Micro-F1 and Macro-F1 scores 
are closer to one another, indicating balanced performance across all classes. 
Table 3(b) and (c) displays the final results for all ablation study scenarios on 
the Letters (Low) and OGBG-MolHIV data set respectively. From all of the 
scenarios, our proposed approach, which includes all components while studying 
ablation, has the highest value. So, we may say that all components contribute 
in the methodology. 

Table 3. Ablation study results by excluding specific components 

Dataset (a) Freebase (b) Letters (Low) (c)OGBG-MolHIV 
Final 

Results LR Catboost XGB LGBM LR Cat 
Boost XGB LGBM LR 

Scenario Test 
Acc% 

Micro
-F1 

Macro
-F1 

Test 
Acc% 

Micro
-F1 

Macro
-F1 

Test 
Acc% 

Micro
-F1 

Macro
-F1 

Test 
Acc% 

Micro
-F1 

Macro
-F1 

Test 
Acc% 

Test 
Acc% 

Test 
Acc% 

Test 
Acc% 

Test 
Acc% Roc_Auc 

1 62.50 64.52 32.47 62.50 64.52 20.00 62.50 64.52 33.33 62.50 62.50 20.00 94.09 93.25 93.67 94.51 95.72 68.30 
2 62.50 64.52 29.57 62.50 62.50 19.23 62.50 62.50 28.79 62.50 62.50 20.00 96.62 97.05 94.09 95.78 95.79 63.70 
3 68.75 68.75 36.23 × × × 62.50 66.67 32.07 56.25 58.06 28.18 95.36 × 94.51 95.78 95.74 68.19 
4 62.50 62.50 19.23 62.50 62.50 19.23 × × × 62.50 62.50 20.00 95.36 95.78 × 94.94 95.79 64.06 
5 62.50 62.50 32.47 62.50 64.52 20.00 62.50 64.52 35.71 × × × 96.62 94.94 93.62 × 95.92 63.81 
6 68.75 73.33 40.45 62.50 62.50 19.23 62.50 68.97 32.95 × × × 97.47 94.94 93.62 × 95.99 68.86 
7 62.50 64.52 20.00 62.50 62.50 19.23 × × × 68.75 68.75 33.33 97.05 94.94 × 95.05 96.04 62.28 
8 68.75 68.75 32.50 × × × 62.50 64.52 32.07 68.75 68.75 33.33 95.78 × 93.20 95.78 96.11 73.30 
9 68.75 68.75 32.50 62.50 62.50 19.23 62.50 64.52 32.95 62.50 62.50 20.00 96.62 94.94 94.09 95.78 96.25 54.58 

6 Conclusion and Future Work 

We introduce a new GNN and GBDT fusion framework for graph and node 
classification, which effectively unifies the model and increases it in a mutually 
enhancing manner for a resilient classification task. They extract graph-level 
embeddings and node-level embeddings, respectively, for complex structural and 
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relational features of the graph data by using GCN and MPNN. This matrix 
of embeddings is then joined into an integrated feature vector to increase its 
representative capacity. Gradient-boosting decision tree models (e.g., CatBoost, 
XGBoost, LightGBM) make predictions on their own using these embeddings, 
taking advantage of their ability to handle complex interactions between features. 
A logistic regression based fusion model finally combines these predictions to give 
a fused and accurate classification output. This integrated approach showcases 
how powerful it can be to combine a graph-based approach with a machine 
learning model for a node classification or network classification task. 

Future Work. Exploring more flexible and supplementary fusion approaches 
for the scalability of larger and more complicated datasets. Fine-tune this model 
for subgraph spotting. The generation of a novel heterogeneous graph classifica-
tion dataset. 
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