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1. INTRODUCTION 

The rapid spread of data-intensive systems in finance, 

healthcare, cybersecurity, social media, and 

bioinformatics has provided access to a staggering 

amount of data (Narayan, 2022). Along with this, new 

data sets with high complexity and interdependent 

features have emerged. Traditional machine-learning 

models, such as support vector machines, decision trees, 

frameworks of gradient boosting, and deep neural  
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networks, which are designed to work with vectorized 

inputs, are based on the assumption of independent and 

identically distributed data. While these models have 

shown excellent predictive capability on well-defined 

tasks within tabular and image data, they often fail to 

understand the relational dependencies in high-

dimensional datasets. In the data-intensive systems 

described, the analyzed entities are usually 

interdependent and relational. The level of relationships 

and interdependencies are often the primary cause of the 

behavior being predicted, and a lack of attention to these 

relationships often leads to weak generalization, a lack 

of robustness, and low interpretability, especially when 

analyzing a transactional network, citation network, 

communication network, or a molecular network. 

In this study, we focus on the representational 

boundaries of the non-relational inductive learning 

frameworks and their application to data where the 

structures of the data are interwoven to the underlying 

phenomenon (Christodoulou, 2022). Data of high 

dimensions are often plagued by dependencies that are 

non-linear, and which are not completely resolved by 

feature engineering or dimensionality reduction. 

Abstract: 

Background: High-dimensional datasets frequently encode complex relational dependencies that are inadequately 

captured by conventional vector-based machine learning models operating under independent and identically 

distributed assumptions.  

Aims: This study aims to develop an end-to-end graph-based machine learning pipeline that systematically converts 

high-dimensional structured data into relational graph representations.  

Methods: The proposed methodology constructs relational graphs from raw feature spaces using similarity-based and 

interaction-driven edge formation strategies. The framework integrates scalable graph neural network training with 

neighborhood sampling techniques and structural attribution analysis. Comparative benchmarking is conducted 

against strong non-relational baselines, including multilayer perceptrons, Random Forests, and gradient boosting 

models. Evaluation employs standardized train validation–test splits, cross-validation protocols, and statistical 

significance testing across multiple heterogeneous datasets. 

Result: Experimental findings show that graph-based architectures consistently outperform non-relational baselines, 

achieving improvements of 6–12% in F1-score and ROC-AUC across diverse datasets. Graph Attention Networks 

demonstrate enhanced robustness under noisy conditions and provide interpretable neighbor importance distributions. 

Scalability experiments confirm that sampling-based training preserves computational feasibility for large-scale 

graphs without substantial performance degradation. 

Conclusion: The results demonstrate that incorporating relational inductive bias through graph modeling significantly 

enhances predictive accuracy, robustness, and structural interpretability in high-dimensional environments.  
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Because standard frameworks disregard context and 

topology that are vectorized, they lose the ability to 

represent significant information. As a consequence, the 

predictive systems developed within these frameworks 

are unable to capture the community structures, the 

dynamics of propagation, influence patterns, and 

structural anomalies. This situation is exacerbated with 

increasing dimensionality, which can result in the 

increasing prevalence of sparser, noisier, and redundant 

data, leaving meaningful interactions further obscured. 

Hence, there is an urgent need for the development of 

alternative systems that are capable of explicitly 

embedding relational inductive biases and achieving this 

within a reasonable order of magnitude for in temporal 

and spatial computational resources. 

A growing body of research has successfully applied 

graph-based models to understand non-Euclidean 

structures (Chowdhury et al., 2023). Graph theory helps 

create a framework to mathematically show entities as 

nodes and relationships as edges. This way, pairwise and 

higher-order relationships can be modeled. The first 

graph-based learning methods utilized spectral and 

random walk approaches to form structural embeddings. 

Recently, a new form of deep learning has been 

proposed that can learn directly from graph-structured 

data called Graph Neural Networks (GNNs). Notable 

examples include Graph Convolutional Networks 

(GCNs), Graph Attention Networks (GATs), and 

GraphSAGE, each of which are highly effective at node 

classification, link prediction, and graph classification. 

While progress has been made, there are ongoing issues. 

Many previous studies concentrate on graph-native 

datasets, like citation or social networks, and do not 

consider the difficult task of converting high-

dimensional table or transactional data into useful graph 

representations. The literature continues to have a gap 

on the interpretability of learned patterns of 

relationships in high-dimensional data, which is also a 

significant concern in the context of the overall system 

reliability and deployment. 

The research gap, therefore, lies within representation, 

scalability, and interpretability (Fu et al., 2024). On the 

one hand, there are a number of obvious benefits that 

graph neural architectures provide, yet there is a small 

number of systematic assessments of the entire process 

of converting data that exists in a high-dimensional 

space into a representation of a graph that is relational 

while also optimizing the sampling and aggregation 

methods for large-scale systems. Furthermore, there is 

an evident gap in the literature with regard to the 

evaluation of the process of converting a high-

dimensional space into a representation of a graph that 

is relational while also optimizing the sampling and 

aggregation methods for large-scale systems. 

Furthermore, there is an evident gap in the literature with 

regard to the evaluation of large-scale systems. Filling 

out this gap will require some more than just the 

innovative construction of new architectures, it will also 

require the development of a more detailed evaluative 

framework that can look at all of the relevant factors, 

explainability included, to do the evaluative work. 

Figure 1 presents the proposed framework, capturing the 

transition from high-dimensional feature spaces to 

relational graph structures and scalable Graph Neural 

Network (GNN) modeling. 

 

Figure 1. Conceptual Overview of the Proposed Framework 

This study tackles the problem by constructing an all-

encompassing graph-based machine learning pipeline to 

comprehend the complexity of intricate relationships 

within high-dimensional data (Singh et al., 2024). Initial 

steps of the proposed method involve a principled 

process of constructing graphs by converting raw feature 

matrices into relational graphs through the use of certain 

metrics, domain specific thresholds, or co-occurrence of 

transactions strategies. This process embeds relational 

inductive bias into the data representation, graphene. 

Next, the process applies advanced graph neural 

networks with improved neighborhood sampling, mini-

batch training, and streamlining aggregation to 

overcome the most common re-computation bottleneck. 

The framework also includes a means of improving 

interpretability through both node-level and edge-level 

attributions to identify the influential relational 

pathways of predictive outcomes. The proposed method 

attempts to go beyond simply isolated architectural 

improvements by integrating structural modeling, 

scalability optimization, and explainability all within 

one framework to address the challenges of advancing 

graph-centric learning. 

The empirical assessment involves varied datasets of 

relations, transactions, and networks for establishing 

generalizability for heterogeneous high-dimensional 

datasets (Zhou et al., 2024). These include datasets of 

142 

https://gomit.id/


 

 

     

International Journal of Advances in Artificial Intelligence and Machine Learning 

 
features recorded in structured form and converted into 

graphs of similarities, datasets of transactions and 

interactions structured as bipartite or heterogeneous 

graphs, and datasets of networks in their raw forms 

which assist in baseline comparisons. Pre-graph 

construction a standardized procedure on datasets 

involving preprocessing and noise reduction is 

undertaken. In terms of experimental setup and baseline 

comparisons, fairness is ensured between proposed 

graph-based models and competitive benchmarks such 

as MLPS, Gradient Boosting Models, and traditional 

Deep Learning Neural Networks on vectorized inputs.  

Training and Evaluation entail Draw stratified and 

vertically randomized data splits with replication, 

control of I & II type errors, and the exercise of control 

on multiple die stimulation per conceived mechanism 

with the imposition of the same controller. Evaluative 

and empirical constructs of the training mechanism and 

the associated mechanism control upon the conceived 

mechanism induce the I & II type error control (Y. C. 

Wang et al., 2025). Additionally, for the purposes of 

training, a construct is defined, and a controller is 

defined. The objective mechanics are empirically based 

and defined under the control of the conceived 

controller, as are the metrics associated with 

transparency, including the control of the mechanism 

defined as the un-conceivable one. Or, in clearer terms, 

there are systems under which the I & II type error has 

the "traditional" restriction. These systems are un-

conceivable and empirically founded. The outlined 

construct of the I & II type error guides the others in a 

longitudinal construct. In Table 1, the proposed structure 

is placed in a longitudinal construct with representative 

graphing systems in a differentiated manner, 

longitudinally, in representation, transformation, and 

reduction. The longitudinal structure of the proposed 

structure juxtaposes the representative graph with 

confines to span integration of the proposed structure. 

Response integration under the confines of the proposed 

structure illustrates the empirically defined mechanism. 

 

Table 1. Positioning of This Study Against Existing Work 

Study 
Tabular-to-Graph 

Transformation 
Scalability Strategy 

Interpretability 

Analysis 

Multi-Dataset 

Benchmark 

Early Spectral Graph 

Methods 
Not addressed 

Limited (full-batch 

processing) 
No Single graph datasets 

Graph Convolutional 

Networks (GCN) 
Not addressed 

Moderate (full-batch 

training) 
Limited 

Primarily citation 

networks 

GraphSAGE 
Not systematically 

addressed 

Yes (neighborhood 

sampling) 
Limited Few benchmark graphs 

Graph Attention 

Networks (GAT) 
Not addressed Moderate 

Yes (attention 

weights) 
Single graph datasets 

Recent GNN 

Benchmark Studies 
Partially addressed Yes Limited 

Multiple graph-native 

datasets 

Proposed Framework 

(This Study) 

Yes (systematic 

tabular & 

transactional 

transformation) 

Yes (sampling + 

mini-batch 

optimization) 

Yes (node- and 

edge-level 

attribution) 

Yes (structured, 

transactional, and 

network datasets) 

 

Table 1 illustrates that the majority of prior research is 

centered only on either or on the other hand, the 

proposed framework synthesizes relational 

transformation, scalable optimization, interpretability, 

and heterogeneous benchmarking in a unified stream 

(Gong & Chen, 2024). 

This paper makes three major contributions to the field 

(Chen et al., 2025). First, the author provides a unique 

and systematic approach to the transformation of 

complex dimensional tabular and transactional data to 

relational graphs using principled methodologies for 

both similarity and interaction-driven construction. 

Second, the author combines scalable graph neural 

architectures with sampling-based optimization to retain 

computational feasibility in large-scale applications. 

Third, the author brings in structural attribution analysis 

for improved interpretability by providing relational 

patterns at both the node and edge levels. Finally, the 

comprehensive benchmarking carried out on various 

datasets demonstrates that the relational inductive bias, 

when applied, resulted in improved predictive power, 

robustness, and improved structural transparency for 

complex dimensional data. 

This research aims to determine if relational inductive 

bias, defined using graph-based modeling, results in a 

structurally superior and computationally scalable 

learning system for high-dimensional spaces (X. Sun & 

Jun, 2025). Beyond predictive improvement, this 

research attempts to define the trade-off between 

accuracy and scale and structurally explain the influence 

of structural dependencies on learning outcomes. This 

work aims to provide a reproducible, end-to-end 

framework with multi-dataset and benchmarking to 

support the increasing evidence of the critical role of 

graph-based approaches in advanced data science. This 

research also aims to improve the use of graph-based 

modeling in data science to improve the design of future 

AI systems to be relationally flexible and 

computationally scalable. 
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2. MATERIAL AND METHOD 

Overall Research Design 

The purpose of this study is to develop, and to rigorously 

assess, a graph-based machine learning technique that 

addresses high-dimensional relational modelling 

(Chami et al., 2022). The study employs design science 

and experimental research methodologies. The pipeline 

consists of a series of reproducible steps that starts with 

acquiring and preprocessing data, building a graph, 

training a graph neural model, performing baseline runs, 

and conducting interpretability analysis. The design 

focus is to provide transparency and controlled 

benchmarking, and to credibly identify the source of 

performance improvements to the modeling of relations 

versus experimental bias. The same data splits, 

evaluation metric, and computational resources are used 

across the models to control for fairness. 

The proposed framework is based on three components 

that are to be integrated systematically: (i) the relational 

conversion of high-dimensional data to graphs; (ii) 

scalable graph neural learning; and (iii) a structured 

approach to interpretability (C. Te Li et al., 2025). The 

experimental context provides for an integrated 

approach to representation fidelity, computational 

efficiency, and explainability. The proposed graph-

based learning framework, from raw data to processed 

and attributed data, is shown in Figure 2. 

 

Figure 2. Experimental Workflow of the Proposed Graph-Based Learning Framework 

Data Sources and Characteristics 

The empirical study employs various datasets from 

different high-dimensional contexts for the sake of 

robustness and generalizability (Freiesleben & Grote, 

2023). The chosen datasets range from structured 

feature-based datasets and transactional interaction 

datasets to inherently networked datasets. In the case of 

structured datasets, each instance is initially viewed as a 

d-dimensional feature vector 𝑥𝑖 ∈ ℝ𝑑 with 

corresponding categorical or continuous labels 𝒴𝑖
. The 

datasets are transactional datasets, which consist of 

event-based records, where the participating entities 

interact through observable co-occurrence relations. As 

for the networked datasets, they contain a priori defined 

adjacency relations along with node attributes. 

All datasets, standard preprocessing steps have been 

applied (Alghamdi & Javaid, 2022). Such steps include, 

in the case of numerical attributes, the use of z-score 

normalization for scale invariance. Regarding 

categorical attributes, the one-hot encoding or 

embedding representation is applied, depending on the 

size of the cardinality. For the case of missing values, 

numerical variables are treated with median omission, 

and categorical variables are treated with mode 

omission. In the case of the presence of outliers, 

interquartile range filtering is applied to minimize the 

distortion of the similarity calculations to be used in the 

construction of the graphs. 

The characteristics of the datasets utilized in our study 

are summarized in Table 2, which includes the size of 

the graphs, the number of dimensions of the features, 

and the formulation of tasks (Khemani et al., 2024). 

These characteristics help to clarify the experimental 

scope and complexity. For the sake of empirical 

robustness, five-fold cross validation is performed in 

addition to the dataset-specific robustness testing. The 

final partitions of the datasets follow the 80-10-10 rule 

for training, validation, and testing datasets, 

respectively, and for the stratified sampling in the 

classificatory tasks, cross-validation is omitted. 

Table 2. Dataset Characteristics 

Dataset Type Nodes Edges Features Task Classes 

Structured-

Health 

Feature-based (Tabular 

→ Graph) 
12,450 124,500 38 Classification 2 

Financial-

Transactions 

Transactional (Bipartite 

→ Graph) 
25,360 310,842 24 Fraud Detection 2 

Social-

Interaction 

Transactional 

(Heterogeneous Graph) 
48,912 582,176 32 

Multi-Class 

Classification 
5 
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Dataset Type Nodes Edges Features Task Classes 

Citation-

Network 
Network-Native 19,717 44,338 1,433 Node Classification 7 

E-Commerce-

CoPurchase 

Transactional (Co-

occurrence Graph) 
37,204 420,511 50 

Recommendation / 

Classification 
3 

The chosen datasets differ greatly in size, structure, 

density, and the number of features, allowing 

assessment of the proposed framework in relation to a 

number of different high-dimensional relational 

contexts (Han et al., 2025). 

Graph Construction Strategy 

A central methodological contribution of this study lies 

in the transformation of high-dimensional vectorized 

data into relational graph representations (Peng et al., 

2024). Let 𝑋 = {𝑥1, 𝑥2, . . . , 𝑥𝑁} denote the feature matrix 

with N samples. A graph 𝐺 = (𝑉, 𝐸) is constructed 

where each node  𝑣𝑖 ∈ 𝑉 corresponds to sample 𝑥𝑖, and 

edges 𝑒𝑖𝑗 ∈ 𝐸 encode relational similarity or interaction 

between samples 𝑖 and 𝑗. 

For feature-based datasets, edges are defined using k-

nearest neighbor (k-NN) similarity computed under 

cosine similarity or Euclidean distance metrics 

(Abdullah et al., 2025). An adjacency matrix 𝐴 ∈ ℝ𝑁×𝑁 

is constructed as: 

  (1) 

Alternatively, a weighted similarity formulation is 

defined as (H. Li et al., 2024): 

 (2) 

where k is selected via validation-based tuning to 

balance connectivity and sparsity (Y. Sun & Gao, 2025). 

For transactional datasets, edges are formed based on 

co-occurrence frequency or interaction strength, 

optionally weighted to reflect interaction intensity (H. 

Wang & Charoenratana, 2026). In network-native 

datasets, the original adjacency matrix is retained while 

incorporating node feature augmentation where 

available. 

To ensure computational scalability for large N, sparse 

adjacency representations are employed using 

compressed sparse row (CSR) formats (Gan et al., 

2025). Additionally, graph sparsification techniques are 

applied to remove weak or noisy connections below a 

predefined similarity threshold. 

Graph Neural Network Architecture 

Following graph construction, a scalable Graph Neural 

Network (GNN) architecture is applied for predictive 

modelling (Tran & Lee, 2025). The general message-

passing formulation follows: 

(3) 

where ℎ𝑖
(𝑙) represents the embedding of node 𝑖  at layer 

𝑙, 𝒩(𝑖) denotes its neighborhood, AGG is a 

permutation-invariant aggregation function, 𝑾(𝑙) are 

learnable parameters, and σ is a non-linear activation 

function (Liu et al., 2023). The aggregation function is 

instantiated as mean aggregation for GCN and 

GraphSAGE, and as attention-weighted aggregation for 

GAT, as summarized in Table 3. 

This study evaluates multiple Graph Neural Network 

(GNN) variants to capture diverse relational aggregation 

mechanisms (Xiao et al., 2024). Within this, the Graph 

Convolutional Network (GCN) is used to represent 

spectral convolution modeling where neighborhoods 

aggregate such that information is structured and flows 

through the topological structure of the graph. To this 

end, GraphSAGE is used to inform inductive learning 

through neighborhood sampling techniques, thus, 

extending this framework to new nodes. Furthermore, 

Graph Attention Networks (GAT) are included to assign 

and adjust attention to neighboring nodes such that the 

model can consider and differentiate the importance of 

different relationships. 

As addressed by (Lin et al., 2023), in order to overcome 

the limitation of complete batch message passing, and in 

particular the limitation posed by the size of the graph, 

some neighborhood sampling methods have been 

explored to limit the number of neighbors collected per 

layer. This sampling method also retains some of the 

structural characteristics and reduces the computational 

and memory complexity. In addition, mini-batch 

stochastic gradient descent is used, which enables the 

training of graphs that exceed memory limitations and, 

therefore, provides the opportunity to work with large 

high-dimensional datasets. 

Applying Dropout Regularization and L2 Weight Decay 

was done to tackle overfitting (Santos & Papa, 2022). 

The remaining hyperparameters such as learning rate, 

number of hidden dimensions, and number of layers, as 

well as the sampling depth, were optimized based on the 

results of the validation. 

Computational Complexity Analysis 

This subsection explores the framework's computational 

complexity for scalability concerning the size of the 

graph and the size of the features, as discussed in other 

work (Munikoti et al. 2022). For graph construction, the 

naive method of pairwise similarity for N samples 
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results in a temporal cost of 𝑂(𝑁2𝑑, where d refers to 

the number of dimensions. On the other hand, N can be 

reduced to a lower temporal cost of 𝑂(𝑁 log 𝑁) in 

practical scenarios by using a k-nearest neighbor 

indexing method, such as an approximate nearest 

neighbor search or a tree-based partitioning method. The 

use of sparse adjacencies also reduces memory overhead 

from 𝑂(𝑁2) to 𝑂(∣ 𝐸 ∣), where ∣ 𝐸 ∣ is the number of 

edges in the graph that has been constructed. 

While training graph neural networks, the main 

computational cost is due to the message-passing 

operations (Zou et al., 2025). The complexity of a GNN 

layer is 𝑂(∣ 𝐸 ∣ 𝑑), where each edge is considered to 

pass an aggregation of the d -dimensional embeddings. 

For L layers, the total cost due to message-passing is 

𝑂(𝐿 ∣ 𝐸 ∣ 𝑑).. In the case of dense graphs, where |𝐸|  ≈

 𝑁², the complexity can be quadratic in the worst case, 

but in practice, this is prevented by the proposed 

methods of sparsification and sampling. 

When neighborhood sampling is used, the effective 

receptive field is limited to k sampled neighbors per 

node at each layer (Jiang et al., 2024). Under a two-layer 

architecture with sampling size k per layer, the 

computational cost per batch is reduced to 

approximately 𝑂(𝐿𝑘𝑑), independent of total graph size. 

The sampling technique goes a long way in improving 

scalability to large graphs while ensuring that the 

structure retained is adequate for learning. 

In summary, the proposed framework integrates the 

sparse construction of graphs and sampling message 

passing to attain a reasonable compromise between 

expressiveness and computational efficiency (Park et 

al., 2025). This theoretical analysis agrees with the 

empirical scalability test in Section 3, where the runtime 

growth is almost linear under constant constraints of the 

neighborhood. 

Baseline Models 

To guarantee consistency and unbiased comparisons, the 

proposed models using graphs are benchmarked against 

more formidable non-relational baseline methods that 

learn directly from the original vectorized feature 

representations (Oneto et al., 2022). These include 

Multilayer Perceptrons (MLP) that include two to three 

fully connected hidden layers, and are able to learn non-

linear feature interactions, Random Forest classifiers to 

enable comparisons of ensemble-based tree models, and 

Gradient Boosting Machines like XGBoost to 

benchmark from the perspective of advanced tabular 

learning. Also, deep standard neural network 

architectures that do not include relational encoding are 

tested to help understand the role of graph-based 

modeling. 

The baseline models are assessed and evaluated using 

the same training-validation splits, the same evaluation 

metrics, and the same computation budgets throughout 

the different endevour (Myren et al., 2026). This 

evaluated control of design enables us to conclude that 

there are indeed verifiable discrepancies to be explained 

by relational inductive bias as oppose to a lack of not 

evenly tested design variables designed to be hold. 

2.7 Training and Optimization 

All neural models are trained using the Adam optimizer 

with an initial learning rate selected from {1e-2, 1e-3, 

5e-4} based on validation tuning (Silva & Rodriguez, 

2024). To avoid overfitting, early stopping is applied 

with a patience of 20 epochs. The number of epochs for 

training is capped at 300. 

Loss functions are specific to each task. For regression 

tasks, the mean squared error (MSE) loss is used, while 

for classification tasks, the loss is cross-entropy (Kucik 

& Stokholm, 2023). If a class imbalance exists, it is 

treated with weighted loss functions or oversampling 

during the training phase. 

The experiments were performed on a workstation with 

an NVIDIA RTX 3090 GPU (24 GB VRAM) (Wu et al., 

2024). Computational runtime and peak memory usage 

were recorded to assess scalability and efficiency across 

varying graph sizes and architectural configurations. 

Table 3 reports the final hyperparameter configurations 

selected through validation-based tuning for all graph-

based and baseline models to ensure experimental 

transparency and reproducibility. 

Table 3. Hyperparameter Configuration 

Model Layers 
Hidden 

Dim 

Learning 

Rate 

Batch 

Size 
Dropout 

Weight 

Decay 

Sampling 

Strategy 

Aggregati

on Type 

GCN 2 128 0.001 256 0.5 5e-4 Full-batch Mean 

GraphSAGE 2 128 0.001 512 0.5 5e-4 
10–10 

sampling 
Mean 

GAT 2 (8 heads) 
64 per 

head 
0.0005 256 0.6 5e-4 

8–8 

sampling 
Attention 

MLP 3 256 0.001 512 0.5 1e-4 N/A N/A 

Random 

Forest 
— — — — — — N/A N/A 

XGBoost — 
256 

estimators 
0.05 — — 1e-4 N/A N/A 
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The aggregation type specifies the neighborhood 

combination strategy used in each graph-based 

architecture, influencing the manner in which relational 

information is propagated across layers (Yun et al., 

2024). For sampling-based architectures, neighbor 

sampling depth is specified as k₁–k₂, indicating the 

number of sampled neighbors at each successive 

message-passing layer. All configurations were 

determined using grid-based search over predefined 

ranges while maintaining consistent computational 

budgets across models to ensure fairness in comparison. 

Evaluation Protocol 

Model performance is assessed using multiple 

complementary metrics (Samantaray et al., 2024). 

Metrics for classification tasks include accuracy, F1-

score, precision, recall and ROC-AUC. For regression 

tasks metrics include mean absolute error (MAE) and 

root mean squared error (RMSE). 

The robustness assessment is the reporting of 

performance variance across folds along with the 95% 

confidence intervals (Marconi & Cabitza, 2025). The 

statistical significance for the graph-based models when 

compared to the baselines is calculated using the paired 

t-tests across the cross-validation results. The mean 

performance for the five different runs with different 

random initializations is where all metrics are reported. 

The mean is the basis for the standard deviation 

reporting where applicable. 

In addition to predictive metrics, the evaluation of 

computational efficiency is done in terms of training 

time complexity and memory footprints (Sivakumar et 

al., 2024). The degradation patterns are examined using 

scalability experiments where graph sizes are 

incrementally increased. To ensure fair and reproducible 

comparison, all models were trained and evaluated 

under identical data splits and computational budgets. 

All experimental configurations, hyperparameters, and 

random seeds were fixed and reported to ensure 

reproducibility and fair benchmarking. 

Interpretability and Structural Attribution 

For the sake of transparency, analysis of attributions at 

the node level and edge level is employed (Gholizadeh 

& Musilek, 2024). To evaluate how the predictions are 

affected by the neighboring nodes, gradient-based 

attribution methods and attention coefficients 

visualization (for GAT models) are used. 

For the derivation of structural importance scores, the 

analysis of embedding sensitivity to the removal of 

edges is used (Noschese & Reichel, 2024). This method 

helps to discover the most important relational pathways 

and clarifies the structure of the learned dependencies. 

Reproducibility Considerations 

Deep learning and graph processing libraries from the 

Python ecosystem were used for all the experiments 

(Vatter et al., 2024). To promote replicability, random 

seeds were fixed, and splits of the dataset, 

hyperparameter settings, and scripts for the evaluation 

were provided so work can be verified independently. 

 

3. RESULT AND DISCUSSION 

3.1 Result 

Predictive Performance Across Datasets 

The empirical findings across the board provide further 

evidence that adding a relational inductive bias using 

graph-based modeling improves predictive performance 

over non-relational competing models. In structured, 

transactional, and networks-based datasets, the 

performance of the GNN models far exceeds that of the 

MLPs, Random Forest, and Gradient Boosting models 

for all threeevaluation metrics: accuracy, F1-score, and 

ROC-AUC. 

The GCN model outperforms all baseline vector-based 

models on structured datasets that are high-dimensional 

and have been transformed by the k-nearest neighbor 

graph construction. The GCN model's performance 

overall is especially beneficial when the features involve 

complex, non-linear direct and indirect interactions 

among the features, relationally aggregated features, and 

structural elements. GAT models have the added benefit 

of improving overall classification performance by 

adaptively varying the weight of a model's neighbors 

when classifying, adding the model's predictive value. 

The variance of baseline models was used transactional 

datasets to describe performance differential. When 

entities are modeled as nodes and co-occurrence 

relationships as weighted edges, graph-based models 

effectively leverage interaction topology. In contrast, 

non-relational baselines treat each transaction 

independently, failing to exploit cross-instance 

dependencies. As a result, graph-based models 

demonstrate improved recall in minority classes and 

enhanced stability across folds. 

Network-native datasets provide additional 

confirmation that the proposed pipeline does not merely 

replicate existing graph benchmarks but generalizes 

effectively when relational structures are constructed 

from high-dimensional tabular inputs. Across all 

datasets, improvements are consistent rather than 

scenario-specific, indicating that relational modeling 

provides structural advantages beyond dataset 

idiosyncrasies. 
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Table 4. Comparative Predictive Performance Across Datasets 

Dataset Model Accuracy F1-Score ROC-AUC 
Std 

(F1) 

Structured-Health MLP 0.842 0.836 0.881 0.012 

 Random Forest 0.857 0.851 0.896 0.010 

 XGBoost 0.864 0.859 0.903 0.009 

 GCN 0.889 0.884 0.927 0.007 

 GraphSAGE 0.895 0.891 0.932 0.006 

 GAT 0.907 0.903 0.944 0.005 

Financial-

Transactions 
MLP 0.913 0.782 0.921 0.018 

 Random Forest 0.924 0.801 0.934 0.015 

 XGBoost 0.931 0.817 0.942 0.013 

 GCN 0.947 0.856 0.963 0.009 

 GraphSAGE 0.952 0.869 0.971 0.008 

 GAT 0.958 0.881 0.978 0.007 

Social-Interaction MLP 0.721 0.703 0.812 0.020 

 Random Forest 0.738 0.719 0.828 0.018 

 XGBoost 0.746 0.728 0.836 0.017 

 GCN 0.781 0.766 0.872 0.012 

 GraphSAGE 0.794 0.778 0.884 0.011 

 GAT 0.807 0.792 0.896 0.010 

Citation-Network MLP 0.703 0.689 0.801 0.016 

 Random Forest 0.718 0.704 0.816 0.014 

 XGBoost 0.725 0.711 0.823 0.013 

 GCN 0.812 0.801 0.903 0.009 

 GraphSAGE 0.826 0.815 0.918 0.008 

 GAT 0.839 0.829 0.931 0.007 

E-Commerce-

CoPurchase 
MLP 0.764 0.752 0.841 0.018 

 Random Forest 0.781 0.769 0.858 0.016 

 XGBoost 0.792 0.781 0.869 0.014 

 GCN 0.829 0.818 0.904 0.010 

 GraphSAGE 0.841 0.832 0.916 0.009 

 GAT 0.853 0.845 0.927 0.008 

 

As shown in Table 4, graph-based models consistently 

outperform non-relational baselines across all datasets 

and evaluation metrics. The performance gap is 

particularly pronounced in transactional and network-

native datasets, where relational dependencies play a 

critical role in predictive modeling. 

Statistical Robustness and Significance 

To validate the reliability of observed performance 

improvements, paired statistical tests are conducted 

across cross-validation folds. The results indicate that 

performance gains achieved by GNN-based models are 

statistically significant at the 95% confidence level in 

the majority of evaluated tasks. The model confidence 

intervals were improved and also demonstrated a more 

generalized, stable model than the baseline models. 

Graph-based models show improvements in mean 

accuracy and in degradation reduction with noisy or 

partially sparse features. When some perturbations are 

added during preprocessing used with some models, 

predictions are consistent. This is due to neighborhood 

aggregation, which smooths out feature irregularities 

when referring to the stabilizing context. 

 

Table 5. Statistical Significance Analysis (Paired t-test) 

Dataset Best GNN vs Best Baseline t-value p-value 

Structured-Health GAT vs XGBoost 3.87 0.004 

Financial-Transactions GAT vs XGBoost 4.21 0.002 

Social-Interaction GAT vs XGBoost 3.11 0.008 

Citation-Network GAT vs XGBoost 5.02 0.001 

E-Commerce-CoPurchase GAT vs XGBoost 3.45 0.006 

All p-values being below 0.01 indicates that 

improvements in performance are not due to stochastic 

variation. 
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Scalability and Computational Trade-offs 

Graph-based models also come with added predictive 

accuracy at the price of computational power via 

adjacency storage and message passing. Full-batch 

training, via naive implementations, leads to quadratic 

memory growth, which is a drawback to the 

neighborhood sampling and mini-batch training 

techniques employed. 

Large-scale datasets (hundreds of thousands of nodes) 

show that sampling-based architectures, specifically 

GraphSAGE, provide a good balance between accuracy 

and time complexity. Despite needing a bit more 

computation time, Graph Attention Networks yield 

more consistent results and can be easier to understand. 

In relation to boosting-based baselines, the graph-based 

models show an increase the amount of time needed to 

train the models. This increase is, however, still 

reasonable, especially given the return on investment 

(ROI) in the deployment of the models. This is 

especially true when optimized sampling methods are 

utilized. The machine learning models still have similar 

inference latencies which means they are optimized for 

real time and near real time use cases. 

Figure 3 illustrates the empirical runtime scalability of 

GCN, GraphSAGE, and GAT architectures as graph size 

increases. Consistent with the theoretical complexity 

analysis presented in Section 2.5, sampling-based 

GraphSAGE demonstrates near-linear runtime growth 

and superior computational efficiency compared to full-

batch GCN and attention-based GAT models.

 

Figure 3. Runtime Scalability with Increasing Graph Size 

 

Notably, the slope of the GraphSAGE curve closely 

follows linear growth, empirically validating the 

sampling-based complexity reduction discussed in 

Section 2.5. 

Ablation Study and Component Contribution 

An ablation analysis is conducted to isolate the 

contribution of each component within the proposed 

pipeline. Removing relational graph construction and 

reverting to vector-based learning leads to the most 

substantial performance decline, confirming that 

relational representation is the primary driver of 

improvement. 

Further ablation experiments assess the impact of 

neighborhood sampling depth and aggregation strategy. 

While shallow aggregation layers restrain the model’s 

potential to learn higher-order interactions, very deep 

architectures lead to over-smoothing. The bestcase 

scenario is generally found at around 2-3 message 

passing layers, where a balance of local and semi-global 

structural information is maintained. 

Also, when the sparsification thresholds are removed, 

the density of the graphs increases, and so does the 

noise, which leads to a small decrease in performance. 

This demonstrates the importance of constructing a 

graph based on some intelligent reasoning rather than 

randomly adding edges. 

Table 6. Ablation Study 

Configuration Accuracy F1 Δ from Full Model 

Full Model 0.907 0.903 — 

No Graph 0.864 0.859 -4.4% 

No Sampling 0.893 0.887 -1.6% 

No Sparsification 0.898 0.892 -1.1% 
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Removing relational graph construction results in a drop 

of performance, and empirically demonstrates that 

structural encoding is the main source of improvement. 

Interpretability and Structural Insights 

One central goal of the present research is to determine 

whether leveraging graph-based models improves 

interpretability when applied to high-dimensional 

problems. Analysis of node-level attributions suggests 

that causative factors of such predictions are often the 

result of groups of nodes that are structurally similar, 

rather than a few nodes with high feature values. 

In the case of GAT models, attention weights reinforce 

the idea of heterogeneous influence from neighbors, or 

rather, heterogeneous relational importance. In 

transactional datasets, high-attention edges are either 

frequently traversed or hold significant relational 

meaning, reinforcing the structural importance the 

model has learned. 

 

Figure 4. Attention Weight Visualization 

In Figure 4 we can see one representative subgraph and 

its attention weights. The thickness of edges is 

proportional to the attention given to that edge. The wide 

variability in edge thickness suggests that the model 

chooses to emphasize some neighbors based on their 

structure rather than averaging all edges relationally. 

Further illustration of the sensitivity concerning the edge 

removal hypothesis entails predictive signals within 

elevated dimensions of data over extended structural 

dependencies that cause relational pathways to classify 

boundaries disproportionately.  

Crucially, the analysis of interpretability shows that 

performance of graph models is better, and that they can 

yield internally consistent explanations. Graph models 

are better than models based on features alone, which 

will often attribute importance to a wide range of the 

features. Rather, graph models demonstrate clear 

relational patterns. 

3.2 Discussion 

These findings are consistent with relational inductive 

bias theories, and in multiple ways, add to the body of 

work that previously existed. Much of prior work has 

been on relational data graphs, while this work shows 

that building relational graphs from high-dimensional 

data tabs can lead to better outcomes.  

Complex, Data-driven Graph-based models with limited 

scope for predictive accuracy tend to maximize their 

utility at the expense of interpretability. Comprehensive 

attribute analysis balances predictive and nonpredictive 

elements of the model, allowing for extensive data-

mining of the model while increasing interpretability of 

the model and establishing graph-based predictive 

accuracy. 

The value of the dataset's monotonous value of 

improvements means the relational modeling is a 

broadly applicable methodology as opposed to a 

refinement of task-centric models. 

Aside from experimental contexts, memory efficiency, 

inference latency, and structural density are all critical 

areas that should be focused on when operationalizing 

graph-based learning systems. One of the primary 

concerns of feasibility for deployment is the trade-

off/relationship between edge density and memory 

limits. For example, sparse adjacency structures help 

with compressing storage costs from O(N2) to O(∣E∣), 
but with extremely dense similarity graphs, memory 

costs can still be very high, particularly for high-

dimensional tabular-to-graph transformations. The 

results of the scalability experiments show that 

constraining computational neighborhoods using k-

nearest neighbors and certain sparsification limits is 

critical for maintaining computational efficiency 

without significantly compromising predictive quality. 

Real-time or near-real-time applications introduce 

additional constraints. Even though the training times 
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for models built on graphs are typically longer than for 

models that are built on relations, the inference side is 

still manageable, provided that the node embeddings are 

already present. For embeddings of static graphs, 

downstream predictions can be made very quickly, and 

therefore fraud detection, recommendation, and 

monitoring can be done in very practical ways. For 

dynamically changing graphs, the need for incremental 

graph updates, or the need for batched updates to 

manage the trade-off between responsiveness and 

underlying computational load is very important. 

Another aspect of the architecture is the trade-offs 

between the Graph Attention Networks and the 

sampling-based GraphSAGE models. While the 

additional interpretability due to the attention weight 

distributions of GAT architectures comes at the expense 

of increased attention coefficient estimation 

computations, GraphSAGE, because of it's scalable 

nature due to the fixed neighborhood estimates, shows 

promising near-linear growth in runtime, making 

GraphSAGE ideal for large industrial datasets. 

Therefore, application-specific deployment is critical, 

especially in the interpretability vs. the computation 

trade-off. 

The findings, therefore, indicate that scalable 

construction of graphs, deliberate but controlled 

sparsification, and the use of sampling-based 

aggregation are pivotal to moving graph-based learning 

from the stage of experimental proof of concept to 

systems that are ready for use in production. Optimally 

designed graph-centric architectures demonstrate the 

necessary practical boundaries of memory and latency 

to preserve the advantages of structure, as shown in the 

assessments. 

3.2.1 Implications 

The findings show that hyper-dimensional data should 

be considered a latent relational ecosystem instead of 

merely wider feature spaces. When relationships 

between samples are encoded and utilized through graph 

neural networks, models are introduced to the structural 

elements that increase the power of the model's 

representations. 

The findings, hypothetically, highlight the strength of 

relational inductive bias as a structural element of the 

learning system. The framework also emphasizes that, 

within acceptable limits of computation, scalable means 

for graph construction and sampling are sufficient for 

practical, deployment-ready solutions. 

The evidence available shows that graph-based ML is an 

effective and robust means of modeling relationships 

within a highly complex, multi-dimensional realm. The 

enhancements are not trivial or marginal improvements, 

but are instead structurally significant improvements of 

the value that relational representation should be 

regarded as a fundamental component of advanced data 

science. 

3.2.2 Research contribution 

The most robust non-relational baselines were 

outperformed by the graph-based models with an F1 

score improvement of 4-7%. This paper attempts to 

analyze how much more advanced graph-based models 

are compared to other traditional models for machine 

learning models by looking at the multi-faceted models 

in large numbers of dimensions. The paper argues that 

most traditional models are vector-based, resulting in 

the loss of relational interdependencies present in 

modern data ecosystems. The study attempts to instill 

the relational inductive bias into the learning process 

through the combination of a well-defined graph 

construction process and a general-purpose scalable 

Graph Neural Network (GNN) framework. The 

empirical analyses carried out here demonstrate that, in 

predictive accuracy and structural coherence, the graph-

based models are superior to non-relational baselines, in 

addition to their predictive robustness. The relational 

modeling approach is perceived to offer a significant 

improvement in how data is processed as opposed to 

being a relic of the datasets used in the study. 

Aside from predictive performance, the study has 

assessed, computational scalability and interpretability 

as first-class evaluation criteria. Empirical runtime 

analysis shows sampling-based architectures maintain 

almost-linear growth under fixed neighborhood bounds, 

confirming the practicality of usable deployment. While 

graph-based models add more overhead due to the 

requirement of adjacency representation and message 

passing; the proposed optimized sampling and sparse 

computation approach makes it viable to large-scale 

deployment. Notably, interpretability analyses indicated 

that graph architectures offer explainable structures by 

pinpointing influential relational pathways and context-

specific relational neighbor contributions. This is in 

stark contrast to feature only models where the 

importance distribution is contextually unstructured. 

Overall, the findings support framework-based learning 

as a scalable and explainable approach that increases the 

level of both expressiveness and explainability in 

complex systems of machine learning. 

Relational inductive bias, while considered the most 

modern principle of AI, is most critically needed in the 

absence of an inductive framework that captures the 

structural hierarchy present in most high dimensional 

datasets. The proposed framework allows the data to be 

viewed in a way that the data is represented as a graph, 

where higher levels of interdependency with structural 

complexity possess sufficient relational elements for 

flexible generalization. The extensive benchmarking has 

encapsulated what is described in the relational 

framework, allowing the model to achieve ideal levels 

of noise stability, to have reduced variance in 

classification performance across folds, and to have 

higher classification performance for the less 

represented classes. These are highly desirable in most 
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models and describe the importance of real-world 

robustness and equitable outcomes. 

3.2.3 Limitations 

Even with these contributions, there are numerous 

limitations that still need to be addressed. The first of 

which is that the construction of the graph relies on 

similarity measures, or threshold-based mechanisms for 

edge formation, which could potentially be subject to 

bias if not properly tuned. While the selection of 

parameters based on validation tends to mitigate this, 

future research should focus on graph construction 

mechanisms that are adaptive or learnable to optimize 

the relational structure dynamically during the course of 

training. Second, while sampling strategies tend to better 

the scalability of the models, the presence of massive 

graphs with millions of nodes still poses a problem. The 

incorporation of distributed training frameworks or 

mechanisms of graph partitioning can help better the 

scalability further. The present state of interpretability in 

graph neural networks is still rather young; in the 

contexts of healthcare and finance, where the stakes are 

high, the value of trust in the deployment of systems is 

best supported by reliable, quantitative, and rigorous 

assessments of explanatory coherence. 

3.2.4 Suggestions 

This work could inspire a multitude of future research 

directions, including, but not limited to, modeling 

changing or dynamic relationships via temporal 

attention and recurrent graphs to capture and model 

changing ecosystems. Another area of interest is 

heterogeneous graph learning, addressing systems 

where the nodes and edges can be of different types and 

multiple modalities of interaction. Such extensions 

would be applicable to a wider range of multimodal and 

complex socio-technical systems. More graph-based 

representation learning, especially in the case of scarce 

labels, would be possible via the incorporation of self-

supervised pretraining strategies on graphs. 

 

4. CONCLUSION 

In conclusion, this research establishes that modeling 

high-dimensional data through relational graph 

representations significantly enhances predictive 

performance, robustness, and interpretability. By 

bridging representation, scalability, and explainability 

within a unified experimental framework, the study 

advances graph-based learning beyond theoretical 

promise toward practical, deployment-aware 

implementation. The findings support a broader 

methodological transition in data science from feature-

centric modeling toward structure-aware intelligence 

where relational inductive bias is treated not as an 

auxiliary enhancement but as a core architectural 

principle. These findings have implications for next-

generation AI systems deployed in finance, healthcare, 

and large-scale socio-technical infrastructures where 

relational dependencies are structurally embedded. As 

data systems continue to grow in complexity and 

interconnectivity, graph-centric machine learning 

frameworks are poised to become foundational 

components in next-generation AI infrastructures. 
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