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Abstract

High-dimensional tabular data are common in biomedical and clinical research, yet con-
ventional machine learning methods often struggle in such settings due to data scarcity,
feature redundancy, and limited generalization. In this study, we systematically evaluate
Synolitic Graph Neural Networks (SGNNs), a framework that transforms high-dimensional
samples into sample-specific graphs by training ensembles of low-dimensional pairwise
classifiers and analyzing the resulting graph structure with Graph Neural Networks. We
benchmark convolution-based (GCN) and attention-based (GATv2) models across 15 UCI
datasets under two training regimes: a foundation setting that concatenates all datasets and
a dataset-specific setting with macro-averaged evaluation. We further assess cross-dataset
transfer, robustness to limited training data, feature redundancy, and computational ef-
ficiency, and extend the analysis to a real-world ovarian cancer proteomics dataset. The
results show that topology-aware node feature augmentation provides the dominant per-
formance gains across all regimes. In the foundation setting, GATv2 achieves an ROC-AUC
of up to 92.22 (GCN: 91.22), substantially outperforming XGBoost (86.05), α = 0.001. In the
dataset-specific regime, GATv2, combined with minimum-connectivity filtering, achieves a
macro ROC-AUC of 83.12, compared to 80.28 for XGBoost. Leave-one-dataset-out evalua-
tion confirms cross-domain transfer, with an ROC-AUC of up to 81.99. SGNNs maintain
ROC-AUC around 85% with as little as 10% of the training data and consistently outperform
XGBoost in more extreme low-data regimes, α = 0.001. On ovarian cancer proteomics data,
foundation training improves both predictive performance and stability. Efficiency analysis
shows that graph filtering substantially reduces training time, inference latency, and mem-
ory usage without compromising accuracy. Overall, these findings suggest that SGNNs
provide a robust and scalable approach for learning from high-dimensional, heterogeneous
tabular data, particularly in biomedical settings with limited sample sizes.
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1. Introduction
In recent years, artificial intelligence (AI) has experienced unprecedented growth,

particularly in the domain of Large Language Models (LLMs)—transformer-based architec-
tures trained on massive text corpora [1]. These models exhibit remarkable capabilities and
represent a significant step toward general, even superhuman, AI. A prominent study by
Epoch AI [2] recently made headlines by quantifying a looming challenge: by around 2028,
the average dataset size used to train AI models is expected to reach the total estimated
stock of all publicly available online text. In other words, AI may run out of new training
data within the next few years [3,4]. In contrast, the situation in biology and physiology is
qualitatively different. Access to diverse clinical, physiological, and cognitive datasets has
expanded dramatically. Today, we can sequence the human genome with near-complete
resolution [5,6], map the proteome and transcriptome [7], especially with focus on single-
cell omics [8], monitor DNA methylation across millions of genomic loci [9], and work with
high-resolution physiological and imaging data, spanning both advanced signal processing
of modalities such as EEG, ECG, CT, MRI, fMRI, and MEG and the generation of synthetic
samples of some of these modalities [10]. Moreover, there is now widespread availability
of structured and unstructured Electronic Health Records (EHRs) [11].

Despite substantial progress and increasing volume of data, translating complex, high-
dimensional biomedical records into actionable clinical knowledge remains difficult. For
many medical problems, the amount of clean data available for machine learning remains
very small. These datasets are heterogeneous and often longitudinal, spanning genomics,
proteomics, physiological signals, medical imaging, and electronic health records (EHRs),
and each modality raises distinct challenges for interpretable machine learning [12]. Tradi-
tional approaches suffer from the curse of dimensionality [13]: as feature counts grow, the
number of samples required to maintain generalizability increases exponentially, which is
rarely feasible in healthcare, leading to overfitting and weak predictive performance [14,15].
Compounding this, many deep learning models lack the interpretability and transparency
required for clinical adoption [12]. Although recent advances thrive on images and text,
they frequently fail to generalize to structured biomedical representations, such as pa-
tient graphs, brain connectomes, or molecular interaction networks, without substantial
domain-specific preprocessing [16].

There are three primary requirements for AI algorithms designed to analyze clinical
data [17,18], described as follows:

• Robustness to heterogeneity. They must detect diverse and hidden patterns that may
lead to the same clinical outcome, recognizing that compensatory mechanisms can
produce similar disease manifestations via different pathways.

• Data efficiency. They must be able to learn from small sample sizes, given the scarcity
and cost of clinical data.

• Interpretability. They must go beyond simple classification and offer insightful,
explainable reasoning, and, even better, the test procedure to verify the conclusion,
especially for tasks such as early diagnosis and risk stratification.

In this context, graph-based AI methods emerge as particularly promising [19]. The
human body itself is naturally organized as a multi-layered, interconnected system—a “net-
work of networks” [20]. Organs interact within physiological systems, which are regulated
by the brain, itself a complex network of neurons and astrocytes. At the molecular level,
cellular processes such as growth, development, aging, and disease progression (e.g., tu-
morigenesis) are governed by dynamic epigenetic and transcriptional regulatory networks,
with growing recognition of the role of non-coding RNAs in shaping these interactions.

Thus, representing clinical and physiological data as graphs, mathematical struc-
tures that capture relationships between elements, aligns naturally with the biological
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architecture of the human body. By leveraging the topological and relational properties
of such data, graph-based models offer a powerful framework for capturing complex-
ity, enabling robust predictions, and uncovering mechanistic insights that are critical for
advancing precision medicine [21].

One of the earliest approaches to transforming tabular biomedical data into graphs
was proposed by Zanin and Boccaletti in the form of parenclitic networks [22]. Using
linear regression, this method constructs sample-specific graphs by modeling expected
pairwise feature relationships in control samples. Deviations from these relationships
in case samples define edges in the graph. Topological metrics of these graphs can then
be used as features in downstream classifiers, embedding high-dimensional data into a
lower-dimensional and interpretable space. This approach has been successfully applied to
gene expression, metabolomics, and epigenetic datasets [23].

Despite their utility, parenclitic networks have limitations, including reliance on
linear assumptions, thresholding sensitivity, and poor scalability to multimodal or large-
scale data. To address these issues, later work introduced enhancements such as using
two-dimensional kernel density estimation (2DKDE) instead of linear regression [24], and
edge weighting schemes taking account of the boundary between classes in the plane of
two features [25]. These improvements led to more accurate class separation and greater
biological interpretability.

Building upon these developments, Synolitic Graph Neural Networks (SGNNs) [16]
offer a more scalable and generalizable alternative. SGNNs construct graphs using an
ensemble of low-dimensional classifiers trained on all pairwise feature combinations. These
graphs are class-specific and do not require any domain-specific knowledge or anatomical
priors. Unlike traditional Graph Neural Networks (GNNs) tailored to specific domains (e.g.,
BrainGNN for fMRI), SGNNs generalize across data types and support both continuous
and categorical variables. SGNNs have shown promise in prior applications such as aging
trajectory analysis [26], prognosis in COVID-19 patients [27,28], and epigenetic profiling in
cancer and Down syndrome [26]. These studies demonstrate the potential of SGNN-derived
graph representations to uncover biologically meaningful patterns.

However, existing work has primarily focused on generating graph embeddings. To
date, it remains unclear how different downstream GNN architectures can effectively ex-
ploit these embeddings for classification. This work presents the first systematic evaluation
of Synolitic Graph Neural Networks (SGNNs) for high-dimensional tabular classification.
We transform high-dimensional, heterogeneous datasets into sample-specific graphs via
ensembles of pairwise low-dimensional classifiers and enrich them with topology-aware
node descriptors (degree, strength, closeness, and betweenness) and multiple sparsifica-
tion strategies (top-p edges and minimum-connected). We benchmark two representative
GNNs—GCN (convolution-based [29]) and GATv2 (attention-based [30])—in two regimes:
(i) a foundation setting on a concatenation of 15 UCI datasets (selected via the Mirkes et
al. taxonomy [31]) to probe cross-task generalization, and (ii) dataset-specific training to
assess within-domain performance.

We show via five-fold cross-validation that across both regimes, inducing graph
structure together with topology-aware node descriptors and edge-based sparsification im-
proves predictive performance over a strong tabular baseline (XGBoost), is robust to feature
redundancy, and exhibits promising out-of-domain generalization. In the foundation set-
ting, these improvements are statistically significant relative to XGBoost (DeLong test [32]
with Holm correction, α = 0.001), and the same statistical criterion confirms a significant
advantage under reduced training sizes in the curse-of-dimensionality study. Together,
these results position SGNNs as a practical route for learning from high-dimensional,
heterogeneous biomedical data.
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2. Materials and Methods
2.1. Datasets

We evaluate publicly available binary classification tabular datasets from the UCI
Machine Learning Repository. We selected these datasets based on criteria proposed by
Mirkes et al. [31], ensuring consistency and relevance to biomedical-like settings. Selection
criteria include the following:

• Binary class labels;
• No missing values;
• All features are numerical or binary;
• The number of samples exceeds the number of features.

These datasets provide a varied testbed for assessing model generalizability across
domains with varying feature dimensions, sample sizes, and class distributions. In this
report, we selected 15 datasets (Figure 1) for which constructing sample-specific graphs is
computationally feasible within acceptable time constraints, providing a balanced trade-off
between dataset diversity and experimental practicality.
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Figure 1. Statistics of the 15 UCI tabular datasets used in this study, illustrating the diversity in
feature dimensionality that underpins the evaluation of Synolitic Graph Neural Networks.

To evaluate classification performance, we report the Area Under the Receiver Op-
erating Characteristic Curve (ROC-AUC). All experiments employ stratified 5-fold cross-
validation for each dataset. In the foundation setting, we assess statistical significance
by concatenating out-of-fold predictions across all folds and datasets and applying the
DeLong test with Holm correction at α = 0.001.

2.2. Models
2.2.1. Pipeline Architecture

SGNNs constitute a general-purpose framework for converting high-dimensional
data into graph representations [16]. The method constructs sample-specific graphs by
training an ensemble of pairwise classifiers using class labels. All nodes of our graph are
features of the dataset. For each unique feature pair, a binary classifier is trained to learn
the class-separating decision boundary in the corresponding two-dimensional projection.
In this study, we use a Support Vector Machine (SVM) [33] as the pairwise classifier, with
hyperparameters specified in Table 1. The output scores of each classifier are then used
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to define edge weights between the corresponding feature nodes, where nodes represent
features and edges encode the strength of class separation.

Table 1. Configuration parameters for the Graph Neural Networks.

Parameter Value Parameter Value

GNN Model Parameters:
Activation function Leaky ReLU Hidden layer size 128
Number of GNN layers 2 Dropout rate 0.3
Residual connections True Use edge encoder True
Edge encoder hidden size 32 Number of edge encoder layers 2
Classifier MLP hidden size 32 Number of classifier MLP layers 2

GATv2 Specific Parameters:
Number of attention heads 3 Concatenate head outputs True

Training Configuration:
Learning rate 10−2 Batch size 512
Maximum epochs 256 Early stopping patience 128
Learning rate patience 32 Cross-validation folds 5
Weight decay 10−5 LR reduction factor 0.5

Optuna Hyperparameter Optimization:
Number of trials 8 Startup trials 1
Warmup steps 4

XGBoost Baseline Configuration:
Maximum depth 6 Learning rate 0.1
Number of estimators 100 Subsample ratio 0.8
Column sampling ratio 0.8

SVM Configuration:
Kernel RBF Regularization parameter C 1.0
Class weight balanced Probability estimates True

This transformation yields one graph per sample, which is subsequently processed by
a GNN that operates on graph structure and edge weights to produce a classification for
each input sample. An overview of this process is presented in Figure 2, which illustrates
how SGNNs can accommodate diverse data modalities, including numerical features,
categorical variables, imaging, and electronic health records.

In this report, we evaluate the effectiveness of the following two state-of-the-art GNN
architectures as downstream classifiers operating on SGNN-derived graphs:

• GCN (Graph Convolutional Network) [29]—chosen for its theoretical expressiveness
and support for edge-level information.

• GATv2 (Graph Attention Network v2) [30]—selected for its ability to learn dynamic
attention weights over neighbors without predefined attention bias.
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Figure 2. Overview of the SGNN methodology, progressing from the top left following the arrows.
Input data from different modalities (numerical, categorical, imaging, high-frequency signals, and
EHR) is processed by an ensemble of low-dimensional classifiers (LDCs), each trained on a pair of
features and their corresponding class labels. Class boundaries (e.g., red/green lines) are learned
via standard ML kernels such as SVMs. The outputs of these classifiers define edge weights in
the Synolitic graph. Synolitic graph is classified by GNN of two possible architectures, leading to
the result.
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The parameters used in experiments, reported in Table 1, correspond to the default hy-
perparameters recommended in the original papers [29,30,34] and official implementations
of the respective methods [35–37], ensuring a fair and consistent comparison. To evaluate
the proposed SGNN methodology, we designed a structured experimental pipeline. This
pipeline includes distinct stages encompassing graph construction, model training, and per-
formance benchmarking. Each stage was tailored to systematically assess the effectiveness
and generalizability of the approach across diverse biomedical datasets. The experimental
procedure consists of the following stages:

1. SGNN Graph Construction. We generate sample-specific graphs from selected tabular
datasets using the SGNN methodology, which relies on ensembles of pairwise classi-
fiers trained with class labels for each dataset and produces a unique graph structure
for every data point [16].

2. GNN Training. We train two Graph Neural Networks—GCN and GATv2—on the
resulting graphs to perform classification. For each model and task, we use training
parameters selected individually via hyperparameter optimization with the Optuna
framework [38].

3. Training Strategies. We evaluate two training regimes: (i) training on the concatenation
of all datasets as a form of task-agnostic pretraining or foundation model setting, and
(ii) individual training on each dataset separately. Exploration of these settings allows
us to examine generalization across datasets.

4. Comparison with Classical Models. We compare our graph-based approaches with a
classical XGBoost classifier [34] trained on the same datasets to assess the relevance
and added value of GNNs in this classification context.

2.2.2. Node Features

To enrich the initial graph representation, namely the full graph, we augment nodes
with structural features that capture their topological properties within the network. Start-
ing from the original scalar node feature si, we construct a five-dimensional feature vector:

fi = [si, di, sti, ci, bi],

where the following apply:

• si is the original scalar feature of node i;
• di is the normalized node degree, i.e., the normalized number of edges connected to

this node: di =
deg(i)
N − 1 , where N is the number of nodes;

• sti is the normalized node strength: sti =
strength(i)

N − 1 , where strength(i) = ∑j wij and
wij is an edge weight between nodes i and j;

• ci is the closeness centrality of node i, calculated as the reciprocal of the sum of the
length of the shortest paths between the node and all other nodes in the graph;

• bi is the betweenness centrality of node i computed with edge weights.

This combination of features enables the model to consider both local node character-
istics (degree, strength) and global structural importance (centrality measures) within the
graph topology.

2.2.3. Graph Sparsification

To investigate the impact of edge density on prediction quality, we implement the
following three graph sparsification strategies:
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1. Threshold-based sparsification: Retains a fraction p of the most significant edges
based on the criterion |wij − 0.5|, where wij is the edge weight. This approach allows
control over graph sparsity while preserving connections with the greatest deviation
from the neutral value 0.5.

2. Minimum connected sparsification: Employs binary search to determine the max-
imum threshold ε such that the graph remains connected. The method finds the
minimal edge set {(i, j) : |wij − 0.5| ≥ ε} that ensures graph connectivity, thereby
optimizing the trade-off between sparsity and structural integrity.

3. No sparsification: Baseline configuration that preserves the original graph structure.

These sparsification methods enable investigation of the compromise between compu-
tational efficiency and preservation of important structural information in molecular graphs.

3. Results
3.1. Foundation Model Task

To assess the generalizability of the SGNN pipeline, we consider the foundation set-
ting, where we merge all selected UCI datasets into a single unified classification task.
As shown in Table 2, enabling topology-aware node features leads to a substantial and
statistically significant improvement in ROC-AUC for both GCN and GATv2, consistently
outperforming the XGBoost baseline (86.05). GATv2 achieves the best overall performance
without sparsification when node features are available (ROC-AUC = 92.22), with strong
sparsification (p = 0.8, ROC-AUC = 92.20) yielding a comparable result. GCN exhibits
stable performance across sparsification strategies once node features are enabled, showing
no pronounced sensitivity to graph filtering. In the absence of node features, performance
decreases relative to feature-augmented configurations; however, GATv2 still consistently
outperforms the XGBoost baseline, with sparsification providing at most marginal addi-
tional gains, including a slight improvement under light filtering (p = 0.2). Overall, these
results indicate that node features are the primary driver of performance gains in the foun-
dation setting, while attention-based models benefit from retaining dense or moderately
dense connectivity.

Table 2. ROC-AUC results in the foundation model setting for different models and sparsification
strategies, with and without node features. Results are reported as mean ± standard deviation across
folds. The best ROC–AUC value is highlighted in bold. Asterisks (∗) denote statistically significant
improvements over the XGBoost baseline according to the DeLong test with Holm correction at
α = 0.001. “Node Features = True/False” indicates whether topology-aware node descriptors are
used in addition to edge weights.

Model Sparsify ROC-AUC

Node Feat. = False Node Feat. = True

GCN

None 86.64 ± 0.94 91.20 ± 0.47 ∗

p = 0.2 83.30 ± 1.82 91.15 ± 0.30 ∗

p = 0.8 85.10 ± 0.28 91.07 ± 0.46 ∗

Min conn. 84.81 ± 0.51 91.22 ± 0.50 ∗

GATv2

None 88.84 ± 1.88 92.22 ± 0.49 ∗

p = 0.2 89.08 ± 0.89 91.72 ± 0.62 ∗

p = 0.8 88.67 ± 1.55 92.20 ± 0.65 ∗

Min conn. 88.79 ± 1.05 91.66 ± 0.60 ∗

XGBoost None 86.05 ± 0.55
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3.2. Separate Datasets Task

To systematically evaluate the effectiveness of the proposed SGNN pipeline, we ap-
plied it to each dataset individually, with performance summarized as the macro-averaged
ROC-AUC across all evaluated datasets. As shown in Table 3, GATv2 consistently exceeds
the XGBoost baseline (80.28) when node features are enabled, achieving its best result under
minimum-connectivity filtering (83.12), with stronger sparsification (p = 0.8) close behind
(82.46); the unfiltered configuration with features also performs competitively (81.53). GCN
achieves lower scores overall, peaking at 77.70 with node features and moderate filtering
(p = 0.8). The same as in Section 3.1, across both architectures, node features provide a
consistent performance gain, while sparsification acts as a structural filter that can modestly
improve generalization for attention-based models but offers limited benefit in the absence
of node-level descriptors. Overall, these results indicate that attention-based GNNs ben-
efit from appropriate graph filtering in the separate-datasets setting, particularly when
informative node features are available.

Table 3. Macro ROC-AUC, i.e., averaged over all datasets, results for the separate-datasets setting
across different models and sparsification strategies, with and without node features. The best
ROC–AUC value is highlighted in bold.

Model Sparsify Macro ROC-AUC

Node Feat. = False Node Feat. = True

GCN

None 73.62 ± 3.91 77.67 ± 2.62
p = 0.2 72.08 ± 2.85 75.01 ± 3.14
p = 0.8 74.49 ± 2.19 77.70 ± 1.55
Min conn. 74.43 ± 1.55 77.12 ± 1.89

GATv2

None 78.82 ± 2.60 81.53 ± 2.02
p = 0.2 77.19 ± 1.46 80.16 ± 2.76
p = 0.8 79.87 ± 2.75 82.46 ± 2.60
Min conn. 78.80 ± 1.73 83.12 ± 1.08

XGBoost None 80.28 ± 2.33

3.3. Visualization of Sparsification Strategies

Figure 3 (top) visually compares different sparsification strategies applied to sample-
specific graphs: fully connected graphs, top 20% most significant edges, and minimum
threshold graphs that preserve connectivity. The examples illustrate how structural fil-
tering affects graph topology for both positive and negative class samples, with stronger
sparsification yielding sparser yet still interpretable structures. In addition, differences
between samples are reflected not only in graph connectivity but also in the distribution
of edge weights, as indicated by the edge color patterns, highlighting class-dependent
variations in relational strength.

In addition, Figure 3 presents connectivity-preserving sparsified synolitic graphs for
representative samples from the SPECTF dataset from the UCI repository (Classes 0 and 1).
In these examples, edges are colored by their normalized weights (0.70–1.00), with higher
values corresponding to stronger class-separability signals captured by the pairwise SVM
classifiers. Visually, Class 1 graphs exhibit a higher proportion of large-weight edges and
retain denser connectivity under the same minimum-connected filtering, suggesting more
consistently strong pairwise interactions across a larger subset of features. In contrast,
Class 0 graphs appear more heterogeneous and often concentrate high-weight connections
around fewer visually prominent hubs, for example, node 22 in sample S75 and node 27 in
sample S208. For Class 1, several nodes recur as prominent hubs across multiple samples
(e.g., nodes 18, 33, and 36 in the shown examples), indicating a more consistent distribution
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of high-weight connectivity patterns within the class. These qualitative differences motivate
the use of topology-aware descriptors and connectivity-preserving filtering to capture class-
dependent structural signatures in synolitic graphs.
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Figure 3. (Top): Examples of threshold-based edge sparsification applied to sample-specific graphs,
including fully connected graphs, graphs retaining the top 20% strongest edges, and minimum-
connected graphs. Rows correspond to UCI samples with positive (Class 1) and negative (Class 0)
labels. Edge colors represent normalized edge weights in the range [0, 1], from purple (low) to yellow
(high). (Bottom): Connectivity-preserving sparsified synolitic graphs for representative samples from
the SPECTF dataset (Classes 0 and 1). Edges are colored by normalized weights (0.70–1.00). Class 1
samples exhibit denser connectivity and a higher proportion of large-weight edges, whereas Class 0
samples show more heterogeneous structures with high-weight connections concentrated around
fewer hubs. These patterns illustrate class-dependent differences in graph structure captured by
synoptic representations.

3.4. Testing the Universality of the Pipeline

To evaluate the generalization capability of the SGNN pipeline, we adopted a leave-one-
out evaluation strategy across multiple datasets. In this experimental design, we trained the
model on Synolitic graphs constructed from all datasets except one, which was held out for
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testing. This procedure was repeated for each dataset, ensuring that every dataset served as
an independent test domain. We maintained the SGNN architecture constant across all runs,
utilizing GATv2, which demonstrated the best overall performance in Sections 3.1 and 3.2.
To ensure consistency and isolate the effects of cross-dataset transfer, we employed its base
configuration without additional hyperparameter tuning. This setup enabled us to evaluate
how effectively the model can transfer knowledge learned from diverse high-dimensional
datasets to previously unseen domains.

As shown in Table 4, the SGNN pipeline exhibits consistent generalization to unseen
domains. Training on synolitic graphs alone yields a macro ROC-AUC of 63.89, while
applying maximum-threshold sparsification that preserves graph connectivity improves
performance to 67.52, indicating that structural filtering helps suppress dataset-specific
noise. Incorporating additional node features leads to a substantial gain, achieving the
best macro ROC-AUC of 81.99. These results highlight the central role of topology-aware
node descriptors in capturing transferable structural patterns shared across heterogeneous
datasets. At the same time, sparsification primarily acts as a graph filtering mechanism
that facilitates cross-domain generalization.

Table 4. Effect of SGNN sparsification and node feature augmentation on macro ROC-AUC. The best
ROC–AUC value is highlighted in bold.

Configuration ROC-AUC

Synolitic graph only 63.89 ± 4.61
Sparsified at maximum threshold while remaining connected 67.52 ± 2.23
With additional node features 81.99 ± 2.05

3.5. Dealing with the Curse of Dimensionality

High-dimensional tabular learning is particularly challenging in sample-limited
regimes due to the curse of dimensionality, where reliable estimation becomes increasingly
data-hungry, and models are more prone to overfitting as the feature space grows [39].
While classical remedies such as feature selection or dimensionality reduction can mitigate
this effect, identifying a stable, task-relevant subspace that generalizes across datasets often
itself requires substantial data. To assess whether SGNN-induced graph representations
alleviate this limitation in practice, we progressively reduce the available training data and
quantify how predictive performance degrades under increasingly constrained supervision.

To evaluate the performance of the SGNN pipeline in high-dimensional, low-sample
settings, we conducted a series of benchmark experiments across all 15 datasets in the
foundation setting, using the same parameters as in Section 3.1. To simulate increasingly
data-scarce conditions, we further reduced the size of the training set in systematic in-
crements, down to 1% of the original training size. We then compared the classification
performance of SGNNs to that of a standard ensemble-based machine learning model,
XGBoost, which is widely recognized for its robustness and performance in structured
data tasks.

As shown in Figure 4, XGBoost exhibits a pronounced decline in performance as the
amount of training data decreases, with ROC-AUC dropping below 85% once less than 40%
of the training data is available. In contrast, the SGNN pipeline remains substantially more
robust across low-data regimes, maintaining ROC-AUC at approximately 85% from 10% of
the training data onward. Although performance degrades in the most extreme setting (1%),
SGNNs still outperform the boosting baseline. Across all evaluated training proportions,
this advantage is statistically significant (α = 0.001), confirming that the performance gap
is not attributable to random variation.
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Figure 4. Performance comparison between SGNNs and a conventional machine learning baseline
under varying training set sizes. ROC-AUC is reported as a function of the fraction of available
training data, averaged across folds. For each dataset, the training set size is progressively reduced to
assess robustness in low-sample regimes. SGNNs maintain stable performance across most reduced-
data settings, while XGBoost exhibits a pronounced degradation as data becomes scarce. Differences
between the two methods are statistically significant across all training proportions (DeLong test with
Holm correction at α = 0.001). At the same time, SGNNs exhibit a noticeable drop in performance
only under the most extreme 1% training regime.

These results indicate that, while extreme undersampling remains challenging, SGNNs’
reliance on low-dimensional pairwise classifiers enables more stable learning when the
number of samples is small relative to the number of features, directly addressing the
“curse of dimensionality”. Moreover, graph-based representations enable SGNNs to capture
higher-order feature interactions that are difficult to model with conventional models. At
the same time, ensemble graph construction provides robustness to sampling variability
across heterogeneous datasets.

Taken together, these results demonstrate that SGNNs offer a robust and scalable
alternative to conventional machine learning models in diverse applications where high-
dimensional data and limited sample sizes are the norm. The ability to retain high classifica-
tion accuracy under such constraints makes SGNNs particularly well-suited for early-stage
clinical research, modeling rare diseases, and other settings where data availability is
inherently limited.

3.6. Robustness to Correlated Features

Complementary to the data-scarcity analysis in Section 3.5, we next examine robust-
ness to redundancy in the feature space, a common characteristic of high-dimensional mul-
timodal data where strong correlations and duplicated signals are prevalent. Such redun-
dancy can inflate dimensionality without increasing information content and often degrades
the stability of classical models through spurious associations and unstable estimation.

To examine whether explicit feature engineering is necessary within the SGNN frame-
work, we performed a controlled robustness experiment using the foundation pipeline
from Section 3.1. We duplicated the complete feature set and injected 5% Gaussian noise,
effectively doubling the input dimensionality while introducing structured redundancy. We
then applied the SGNN pipeline without any modification. As summarized in Table 5, per-
formance changes for SGNN-based models remain small across all sparsification regimes,
typically within ±0.3 ROC-AUC. In contrast, XGBoost exhibits the biggest absolute drop in
performance under the same perturbation (−0.98 ROC-AUC), as indicated by the values
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in parentheses. This relative sensitivity highlights SGNNs’ robustness to redundant and
noisy features.

Table 5. Performance comparison for the foundation-setting classification task under dimensionality
inflation and feature noise. We train models using the baseline configuration and report performance
as macro-averaged ROC-AUC across cross-validation folds. Each table entry shows the ROC-AUC on
the original and noise-augmented datasets, separated by a “/”. The higher value within each pair is
underlined, and the best overall performance across all configurations is highlighted in bold. SGNN-
based configurations exhibit consistently smaller deviations than the boosting baseline, indicating
greater robustness to increased dimensionality and feature noise.

Model Sparsify ROC-AUC

Node Feat. = False Node Feat. = True

GCN

None 86.64/85.78 (−0.87) 91.20/91.30 (+0.10)
p = 0.2 83.30/83.88 (+0.58) 91.15/91.24 (+0.08)
p = 0.8 85.10/84.85 (−0.25) 91.07/91.36 (+0.29)
Min conn. 84.81/84.71 (−0.10) 91.22/91.42 (+0.20)

GATv2

None 88.84/89.03 (+0.20) 92.22/91.95 (−0.27)
p = 0.2 89.08/88.55 (−0.53) 91.72/91.44 (−0.28)
p = 0.8 88.67/89.01 (+0.34) 92.20/91.84 (−0.36)
Min conn. 88.79/88.68 (−0.11) 91.66/91.76 (+0.09)

XGBoost None 86.05/85.07 (−0.98)

These results indicate that SGNNs are robust to moderate increases in dimensionality
and feature-level noise, and that the graph construction and message-passing stages im-
plicitly suppress irrelevant variation without requiring explicit dimensionality reduction.
While standard preprocessing remains important for modality alignment and numerical
stability, the SGNN pipeline reduces reliance on manual feature engineering, offering a
practical advantage when working with complex, high-dimensional datasets.

3.7. Evaluation on Ovarian Cancer Proteomics Data

To extend the evaluation beyond UCI repositories and assess performance in a realistic
biomedical setting, we conducted an additional experiment on an ovarian cancer serum
proteomics dataset characterized by a high-dimensional, low-sample-size regime [40]. The
dataset consists of 64 samples (28 ovarian cancer cases and 36 controls) with 100 protein
features, representing a challenging setting affected by the curse of dimensionality.

We follow the same experimental protocol as in Section 3.5, evaluating model per-
formance across different proportions of training data. However, because the ovarian
cohort is small, we evaluate proportions from 25% onward: lower fractions would leave
too few samples for a meaningful validation split and early stopping, making the training
procedure unstable and the comparison less reliable. In addition to training on the ovarian
dataset alone, we consider a foundation setting from Section 3.1, in which we augment the
dataset with graph-structured samples from the pooled UCI datasets and feed them to the
best graph-based model in this setting (GATv2 with minimum-connectivity sparsification
and node features).

The results are shown in Figure 5. When trained only on the ovarian dataset, the graph-
based model exhibits higher variance and underperforms the XGBoost baseline. This behav-
ior likely stems from the difficulty of reliably learning informative relational patterns from a
limited number of real-world noisy samples in an extremely high-dimensional feature space,
where the combinatorial number of potential interactions exceeds the available supervision.
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Figure 5. ROC-AUC versus training data proportion on the ovarian cancer proteomics dataset. We
compare GATv2 (minimum-connectivity sparsification with node features) and XGBoost, evaluated
in both the ovarian-only and foundation settings (Foundation = Ovarian + UCI). Shaded regions
indicate the standard deviation across runs. When trained only on ovarian data, the graph-based
model exhibits higher variance and can underperform XGBoost in the low-data regime. However,
with the foundation training, GATv2 achieves the highest ROC-AUC across most training proportions
and exhibits substantially reduced variance, except for the smallest fractions (25% and 30%), where
performance is more variable due to the limited sample size.

Notably, in the Foundation setting (Ovarian + UCI), the graph-based approach im-
proves substantially, achieving the highest ROC-AUC across most training proportions and
exhibiting a markedly reduced variance. This result suggests that heterogeneous training
data provide richer relational evidence, enabling the GNN to learn more stable and transfer-
able connectivity patterns. The main exception occurs at the lowest training fractions (25%
and 30%), where performance becomes more variable, and the mean degrades, reflecting an
unfavorable balance between the number of samples and the dimensionality of the feature
space. Nevertheless, even in this regime, the Foundation-trained graph model remains
stronger than both non-Foundation variants.

Overall, these findings indicate that combining synolitic graph representations with
foundation training substantially improves robustness and sample efficiency in high-
dimensional biomedical data, supporting the applicability of the proposed approach be-
yond standard UCI benchmarks.

3.8. Performance Analysis

In addition to predictive performance, we evaluate the computational efficiency of the
SGNN pipeline, considering the costs associated with graph construction, training time,
inference latency, and peak memory consumption. The results are summarized in Table 6
and reported over cross-validation folds.

Graph construction introduces moderate overhead for SGNN-based models, primarily
due to the computation of edge weights and topology-aware node feature extraction. While
augmenting nodes increases build time for both GATv2 and GCN, applying sparsification
(such as p = 0.2) substantially reduces construction cost by limiting edge density. Similar
trends are observed during training and inference: attention-based GATv2 consistently
incurs higher computational cost than GCN, whereas sparsification partially compensates
for this overhead by reducing both runtime and memory footprint, even when richer node
representations are used.
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Table 6. Efficiency analysis. Graph construction time includes edge weight computation and
sparsification. Training time is measured until early stopping.

Method Build Time (s) Train Time (min) Inference Time (s) Peak Memory (GB)

GAT 77.79 ± 0.46 21.83 ± 0.98 97.76 ± 23.52 2.8 ± 0.6
+ node features 178.11 ± 10.29 28.13 ± 2.97 140.46 ± 28.33 3.01 ± 0.65

+ p = 0.2 103.64 ± 0.76 19.46 ± 0.31 103.26 ± 19.27 0.87 ± 0.17

GCN 77.79 ± 0.46 18.03 ± 2.23 91.72 ± 17.59 0.41 ± 0.01
+ node features 178.11 ± 10.29 23.40 ± 1.89 111.06 ± 22.1 0.51 ± 0.01

+ p = 0.2 103.64 ± 0.76 19.55 ± 2.93 94.9 ± 31.26 0.14 ± 0.0

XGBoost – 3.76 ± 0.02 2.5 ± 0.0 –

Memory usage further highlights architectural differences. GATv2 exhibits the highest
peak memory consumption, particularly with node features enabled, while GCN remains
significantly more memory-efficient across all configurations. In both cases, sparsification
yields pronounced memory savings, reducing peak usage by an order of magnitude in the
most compact settings. By contrast, XGBoost achieves minimal training and inference times
but yields lower scores in conducted experiments.

Overall, these results show that the computational overhead of SGNNs is predictable
and can be effectively controlled through sparsification. While graph-based models are
more resource-intensive than classical baselines, structural filtering provides a practical
mechanism to balance efficiency and performance, supporting the scalability of the SGNN
pipeline in resource-constrained settings.

4. Conclusions and Discussion
In this study, we systematically evaluated Synolitic Graph Neural Networks (SGNNs)

for high-dimensional tabular classification, focusing on the relative contributions of
topology-aware node features and graph sparsification across multiple datasets and training
regimes. The results confirm the working hypothesis that node-level structural informa-
tion is the primary driver of performance and transferability, while sparsification mainly
serves as a regularization and efficiency mechanism. Across both foundation and dataset-
specific settings, enriching synolitic graphs with degree- and centrality-based descriptors
consistently yielded the biggest gains for both GCN and GATv2, enabling SGNNs to out-
perform the strong XGBoost tabular baseline (α = 0.001). This result is consistent with prior
parenclitic and synolitic studies, which show that graph topology encodes class-relevant
structure in high-dimensional biomedical data. Sparsification exhibited a secondary, yet
context-dependent, effect: attention-based models were insensitive primarily to edge re-
moval in the foundation setting when informative node features were present. In contrast,
moderate filtering or minimum-connectivity constraints improved generalization in the
dataset-specific regime, particularly for GATv2. This result suggests that sparsification acts
as a structural regularizer, suppressing dataset-specific noise while preserving sufficient
relational pathways.

Generalization experiments further support the robustness of the SGNN framework.
In leave-one-dataset-out evaluation, models augmented with topology-aware node features
generalized substantially better to unseen datasets than those relying solely on synolitic
structure, indicating that node-level structural descriptors capture graph properties that are
more stable across domains than raw edge weights. Similarly, in low-data regimes, SGNNs
maintained stable performance down to 10% of the training data, while XGBoost degraded
rapidly, with a notable decline only in the extreme 1% setting (α = 0.001). This behavior
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supports the core motivation of synolitic construction: learning decision structure in many
low-dimensional subspaces can mitigate the curse of dimensionality under limited super-
vision. Additional robustness was observed under artificial feature redundancy, where
dimensionality inflation had minimal impact on SGNN performance compared to classical
baselines. The ovarian cancer proteomics experiment further illustrates both strengths and
limitations: while SGNNs trained solely on the small cohort exhibited higher variance,
foundation-style training with heterogeneous synolitic graphs substantially improved sta-
bility and accuracy, suggesting that exposure to diverse graph structures can regularize
relational learning in low-sample biomedical settings. From a practical perspective, SGNNs
introduce additional computational overhead due to the construction of pairwise graphs
and GNN training; however, sparsification provides an effective mechanism to control
build time, memory usage, and inference cost. GATv2 offers higher accuracy at the expense
of increased computational requirements, whereas GCN remains more resource-efficient,
enabling trade-offs based on deployment constraints.

Future work should therefore focus on extending SGNNs to more realistic biomedical
settings, particularly multimodal and non-stationary data. While the synolitic framework
is modality-agnostic at the graph construction level, practical use in clinical scenarios will
require modality-specific encoders and principled fusion, enabling multimodal synolitic
graphs in which node representations are modality-aware, and edges capture clinically
meaningful cross-modal relationships across structured variables, imaging, physiological
signals, and text. In parallel, real-world biomedical data are often non-stationary due to pop-
ulation shifts and evolving acquisition pipelines, making static graph construction prone
to performance drift; incorporating continual or dynamic graph learning through online
graph refinement, incremental edge-weight updates, and continual parameter adaptation
with mechanisms to mitigate catastrophic forgetting is therefore a natural extension [41,42].
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