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Abstract

This study characterizes spatial, spectral, relational, and contextual representations for
binary gastric histopathological image classification using FLIGENT-Net. The framework
combines an ImageNet-pretrained convolutional backbone, patch-level fast Fourier trans-
form (FFT) descriptors, graph convolution over a cosine-similarity graph, and a Trans-
former Encoder. Experiments use the 160-by-160 GasHisSDB subset, a persisted stratified
60%/20%/20% partition, and one training run per configuration with seed 42. In the nine
completed configurations of the revised evaluation, FLIGENT-Net achieved 97.31% accu-
racy, 96.57% precision, 96.61% recall, 96.59% F1-score for the Abnormal class, and 0.9964
AUC-ROC. An additional native-grid FFT control yielded 97.43% accuracy and 96.74% F1
under an alternative spectral protocol that preserved the 160-by-160 sampling grid while
changing the local FFT window sizes and spectral discretization. The conventional CNN
baseline (ResNet18) obtained the highest accuracy and F1-score among these completed
runs, at 98.51% and 98.13%, respectively. These results do not establish a predictive advan-
tage for the complete multi-domain architecture; rather, they characterize how the added
representation domains affect predictive behavior, graph topology, computational cost,
and attribution response under a common protocol. The study contributes a reproducible
integration of the four representation domains and a controlled empirical characterization
of their combinations. Transformer attention visualizations describe information allocation
among contextualized nodes, while a common input-gradient deletion protocol examines
attribution behavior. Together, these analyses identify the behavior and limitations of the
implemented fusion strategy and provide a basis for its further development. Performance
estimates are conditional on the available patch-level split and should not be interpreted as
patient-, slide-, or source-image-independent generalization; run-to-run variability is also
not estimated because one fixed seed is used per configuration.
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1. Introduction
Gastric cancer represents one of the main oncological pathologies worldwide. Accord-

ing to GLOBOCAN 2020 data [1–3], stomach cancer caused approximately 800,000 deaths
(representing 7.7% of total cancer deaths), positioning itself as the fifth leading cause of
cancer mortality in both men and women [4].

Beyond its clinical relevance, gastric histopathological image classification is funda-
mentally a computational signal processing problem. A digitized tissue image can be
interpreted as a two-dimensional signal whose diagnostic information is not confined to
a single representation domain: local pixel intensities describe spatial morphology, the
Fourier spectrum encodes textural periodicity and roughness [5], similarity-based graph
structures capture non-Euclidean relational dependencies through graph signal processing
operators [6], and self-attention mechanisms model long-range contextual dependencies
across the image [7]. Framed this way, the design of computational methods for gastric
cancer detection becomes an instance of a broader mathematical problem: how to combine
complementary spatial-, frequency-, and graph-domain signal representations into a sin-
gle discriminative model. This perspective motivates the multi-domain characterization
pursued in the present study, which extends beyond a purely diagnostic evaluation to
examine the mathematical and computational behavior of each representation domain.
Accordingly, the mathematical interest of the study lies not in introducing a new transform,
graph operator, or attention mechanism but in analyzing the interaction of established
operators acting on different representations of the same histological signal within one
explicitly defined computational pipeline.

One of the causes of this mortality is late detection, since initial symptoms are usually
nonspecific and are confused with common conditions such as colitis or gastritis. Generally,
the patient seeks clinical review only when symptoms become persistent and acute, at
which point an endoscopy is performed to inspect lesions in internal organs.

Upon finding irregularities, the intervention of a pathologist specialized in histopathol-
ogy is required. Tissue biopsy specimens are processed into histopathological slides and
subsequently digitized to produce whole slide images (WSIs) for microscopic examination
and computer-aided analysis [8–10]. These digital slides enable detailed visualization
of cellular morphology and tissue architecture, facilitating the identification of potential
abnormalities. However, manual analysis of these samples is an exhaustive task; since they
contain complex and subtle cellular structures, there is an inherent risk of human error or
diagnostic disagreement, a phenomenon known as inter-observer variability [11,12]. This
discrepancy in results can delay definitive diagnosis by requiring the opinion of multiple
specialists. To mitigate these limitations, deep learning models and architectures have
been developed for automated gastric cancer detection. These technologies emerge as
vital support tools that allow experts to diagnose with greater certainty, optimizing early
detection and reducing the burden of manual analysis. However, despite the effectiveness
of convolutional neural networks (CNNs), these models present a fundamental limitation:
their focus is mainly restricted to the analysis of local morphological features. In gastric
histopathology, subtle textures and large-scale structural organization are critical indicators
that are often lost in architectures that do not consider the frequency domain or global
spatial relationships.

In response to the limitations of conventional approaches, FLIGENT-Net (Frequency-
Localized Image Graph Encoding Network with Transformer) was developed based on the
graph–Transformer framework of SCUBa-Net [13]. While SCUBa-Net provides the archi-
tectural foundation for combining graph-based representation learning and Transformer-
based contextual modeling, FLIGENT-Net was redesigned for binary classification of gastric
histopathological images and incorporates a frequency-domain representation into the fea-

https://doi.org/10.3390/math14213867

https://doi.org/10.3390/math14213867


Mathematics 2026, 14, 3867 3 of 32

ture learning process. The proposed architecture introduces the frequency-localized image
(FLI)-extractor, which combines spatial patch representations with texture information ob-
tained through the fast Fourier transform (FFT). The resulting representation is integrated
into a graph through cosine-similarity-based connectivity and subsequently processed by
graph convolutional layers before global feature aggregation. In this way, FLIGENT-Net
extends the original graph–Transformer paradigm by incorporating complementary spatial
and frequency-domain information into the representation used for classification.

2. Related Work
Automated classification of gastric malignancies from histopathological images has

transitioned from manually designed visual descriptors toward convolutional, attention-
based, ensemble, and hybrid representation-learning approaches. A recent scoping review
of gastric-cancer pathology image analysis covering studies published from 2020 to 2025
found CNNs to remain the most common model family, while Vision Transformers, hybrid
models, transfer learning, and ensemble strategies are increasingly represented; the same re-
view also identified limited external validation, restricted dataset diversity, and insufficient
interpretability as recurring limitations [14]. This section therefore reviews convolutional
and feature-fusion pipelines, graph-based and Transformer-based contextual modeling,
and frequency-domain representations, with emphasis on how these components relate to
the four-domain formulation evaluated in FLIGENT-Net.

2.1. Convolutional Pipelines for Gastric Histopathology

Deep learning pipelines driven by convolutional neural networks (CNNs) have estab-
lished robust performance baselines in digital pathology due to their ability to automatically
extract hierarchical visual features [11,15–17]. In gastric tissue analysis, early efforts focused
on adapting deep transfer learning models to distinguish malignant cells. For example,
Iizuka et al. [18] developed convolutional models capable of classifying gastric and col-
orectal epithelial tumors, demonstrating that deep architectures could effectively isolate
structural atypia. Similarly, Li et al. [19] conducted a comprehensive investigation of gas-
tric cancer diagnosis using deep neural structures, validating the relevance of automated
morphology extraction.

Following the release of the benchmark dataset GasHisSDB [20], multiple convolu-
tional variants have been evaluated to refine classification accuracy. Hu et al. [21] com-
pared classical classifiers with VGG16, Inception-V3, ResNet50, and ViT across the three
GasHisSDB patch sizes, providing a useful reference for how model behavior changes with
image size and training duration. Bratajaya et al. [22] leveraged CNN frameworks specifi-
cally for early stomach cancer detection. To maximize performance, ensemble approaches
have also been introduced. In particular, Yong and Hum [23] studied transfer-learning vari-
ants, which were subsequently extended to a deep ensemble analysis on GasHisSDB [24].
Mudavadkar et al. [25] likewise evaluated ensembles of pretrained CNN and vision-model
backbones across the supplied GasHisSDB resolutions.

A complementary direction is feature-level rather than decision-level fusion. Loddo
et al. [26] compared handcrafted descriptors with deep features extracted from pretrained
CNNs on GasHisSDB and evaluated several feature-fusion strategies with shallow clas-
sifiers. Their best reported accuracy was 95% with an SVM, and their cross-resolution
experiments further emphasized that performance can change when the image-size distri-
bution at test time differs from that used for model development. This work is particularly
relevant to FLIGENT-Net because it illustrates the potential value of combining heteroge-
neous representations while also showing that the utility of a fused descriptor depends on
the downstream classifier and evaluation protocol.
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These studies establish strong spatial-feature baselines and demonstrate the value
of transfer learning, feature fusion, and ensemble aggregation. However, their principal
representations remain spatial or feature-aggregation based; they do not explicitly combine
local Fourier descriptors, learned image-region relations, and global self-attention within
one patch-level gastric histopathology architecture.

2.2. Graph Topological Abstractions and Global Attention Mechanisms

To represent spatial organization beyond regular convolutional grids, computational
pathology increasingly models tissue regions, glands, nuclei, or image tiles as graph nodes
connected by relational edges. Following early structural graph formulations in pathol-
ogy [27], GNN methodology has been formalized more broadly for non-Euclidean repre-
sentation learning [6,28,29]. In gastric histopathology, Xiang and Wu [30] used multiple-
instance learning [31] together with graph representations of pathological image structure,
illustrating how relational modeling can complement local appearance features.

The recent literature also shows that graph construction itself is an active research
problem rather than a fixed design choice. Brussee et al. [32], in a dedicated review of
GNNs in histopathology, identify hierarchical GNNs, adaptive graph-structure learning,
multimodal GNNs, and higher-order GNNs as emerging directions. This perspective
is relevant to the present work because FLIGENT-Net uses a deliberately simple, non-
learned topology: pairwise cosine similarity between CNN descriptors followed by hard
thresholding. The proposed graph should therefore be interpreted as one reproducible
relational representation rather than as an optimized graph-learning mechanism.

Graph and Transformer processing have also been combined in recent WSI research.
Shi et al. [33] proposed an integrative graph–Transformer framework for weakly supervised
WSI classification in which a GCN models local neighboring relations and efficient global
attention captures long-range dependencies. Their experiments were performed on TCGA-
NSCLC, TCGA-RCC, and BRIGHT rather than on gastric patch classification, but the work
is important conceptually because it demonstrates that graph–Transformer integration itself
is not unique to FLIGENT-Net. The distinction in the present architecture is the explicit
coupling of such relational and contextual processing with patch-level Fourier descriptors
and CNN-derived spatial representations.

In parallel, Vision Transformers (ViTs) have become prominent in digital pathology be-
cause self-attention can model dependencies between spatially separated image regions [7].
Wang et al. [34] introduced TransPath, a self-supervised histopathology representation-
learning framework that combines a convolutional network with a modified Transformer
architecture to capture local and global information. Shao et al. [35] introduced TransMIL, a
Transformer-based correlated multiple-instance learning framework for WSI classification.
In gastric histopathology specifically, Chen et al. [36] proposed GasHis-Transformer, com-
bining a convolutional local-information module with a position-encoded Transformer for
global information modeling on the HE-GHI-DS gastric histopathology dataset. Armand
et al. [37] subsequently evaluated a ViT-based approach for gastric-cancer detection and
classification from weakly annotated histopathological images and extended the model
to region-based prediction. These works establish the relevance of Transformer-based
context modeling in gastric pathology, while none of the gastric approaches reviewed here
explicitly couples Transformer context with a similarity-derived graph and a local FFT
branch as done in the present framework.

2.3. Frequency and Spectral Domain Analysis for Histological Textures

Frequency-domain texture analysis provides a complementary representation of tissue
architecture by emphasizing periodicity, roughness, and structural organization that may

https://doi.org/10.3390/math14213867

https://doi.org/10.3390/math14213867


Mathematics 2026, 14, 3867 5 of 32

not be captured directly by spatial features. Gibson and Gaydecki [5] demonstrated the
utility of Fourier-domain texture measures for histological image analysis, while subse-
quent texture-analysis studies and reviews emphasized the complementary role of spatial
and spectral descriptors in complex image-classification problems [38–40]. Despite this po-
tential, explicit frequency-domain representations remain comparatively underexplored in
recent gastric histopathology classification pipelines, which predominantly rely on spatial
deep features.

2.4. The Multi-Domain Architectural Gap

The recent literature therefore contains several partial combinations of the represen-
tation mechanisms considered here. CNN and Transformer fusion has been explored for
gastric histopathology [36]; graph–Transformer integration has been developed for WSI
classification [33]; GasHisSDB studies have evaluated transfer learning, ensembles, and
heterogeneous feature fusion [24–26]; and graph-based pathology analysis continues to
evolve toward adaptive and hierarchical topology learning [32]. Accordingly, the contribu-
tion of FLIGENT-Net is not the isolated novelty of CNNs, GNNs, FFTs, or Transformers,
nor the first use of any pairwise combination of these components.

Instead, FLIGENT-Net provides a controlled setting for studying the joint use of
four explicit representation domains: CNN-derived spatial descriptors, patch-localized
Fourier-magnitude descriptors, similarity-derived graph relations, and Transformer-based
global context. Among the gastric and computational-pathology approaches reviewed
here, we did not identify a method that simultaneously implements this particular four-
part representation flow at image-patch level. This statement is deliberately scoped to
the reviewed literature and should not be interpreted as an exhaustive claim over all
computational-pathology publications.

The graph used in FLIGENT-Net is obtained by hard thresholding cosine similarities
between learned CNN descriptors. The cosine function and threshold are not trainable
parameters, and gradients are not propagated through the binary edge decision. The com-
putational contribution therefore lies in the explicit mapping and integration of established
operators within a reproducible architecture, together with an empirical characterization of
their combinations rather than a claim that any individual operator is new.

Comparative Analysis of Architectures

To contextualize FLIGENT-Net’s contribution within the current landscape, Table 1
presents a structural comparison of representative gastric-histopathology and computational-
pathology architectures discussed above. The matrix identifies the primary modeling
mechanisms of each approach in terms of spatial extraction (CNN), explicit frequency
analysis (FFT), topological modeling (GNN), global attention (ViT), and auxiliary strategies
such as ensemble learning, transfer learning, and MIL; because the studies use different
datasets and protocols, the table is not intended as a performance ranking.

Table 1 emphasizes that the relevant literature spans different architectural families
and datasets. CNN-based and transfer-learning studies [18,19,22–26] primarily emphasize
spatial features, pretrained representations, feature fusion, or decision-level ensembles.
Gastric Transformer studies add explicit global-context modeling [36,37], while Xiang and
Wu [30] and Shi et al. [33] demonstrate relational and graph–attention formulations in
different pathology settings.

The table is intentionally structural rather than quantitative because these studies do
not share a common dataset, split, label granularity, preprocessing pipeline, or initializa-
tion protocol. In particular, the presence of graph–Transformer and CNN–Transformer
models in prior work means that FLIGENT-Net should not be framed as introducing those
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pairwise combinations. Its specific experimental object is the four-domain flow in which
patch-localized FFT descriptors are fused with CNN descriptors, graph relations are con-
structed from CNN similarity, and GCN-refined nodes are subsequently contextualized by
a Transformer.

Table 1. Structural comparison of representative gastric-histopathology and computational-pathology
approaches. The table summarizes primary modeling mechanisms and is not a performance ranking;
the studies use different datasets and evaluation protocols. ✓ indicates that a component or strategy
is present, whereas ✗ indicates that it is absent.

Study CNN FFT GNN ViT Ensemble MIL Transfer

Iizuka et al. (2020) [18] ✓ ✗ ✗ ✗ ✗ ✗ ✓
Li et al. (2020) [19] ✓ ✗ ✗ ✗ ✗ ✗ ✓
Bratajaya et al. (2024) [22] ✓ ✗ ✗ ✗ ✗ ✗ ✗
Yong & Hum (2023) [23] ✓ ✗ ✗ ✗ ✗ ✗ ✓
Yong et al. (2023) [24] ✓ ✗ ✗ ✗ ✓ ✗ ✓
Xiang & Wu (2021) [30] ✓ ✗ ✓ ✗ ✗ ✓ ✗
Hu et al. (2022) [21] ✓ ✗ ✗ ✗ ✗ ✗ ✓
Mudavadkar et al. (2024) [25] ✓ ✗ ✗ ✗ ✓ ✗ ✓
Loddo et al. (2024) [26] ✓ ✗ ✗ ✗ ✗ ✗ ✓
Chen et al. (2022) [36], GasHis-Transformer ✓ ✗ ✗ ✓ ✗ ✗ ✗
Armand et al. (2024) [37] ✗ ✗ ✗ ✓ ✗ ✗ ✗
Shi et al. (2024) [33] ✗ ✗ ✓ ✓ ✗ ✓ ✗

FLIGENT-Net ✓ ✓ ✓ ✓ ✗ ✗ ✓

3. Materials and Methods
This section describes the materials, dataset, preprocessing procedures, and method-

ological framework used in this study. First, the GasHisSDB dataset and the experimental
data partition are described. The preprocessing and image representation procedures
are then presented, followed by the proposed multi-domain representation framework
based on spatial, frequency-domain, graph-based, and global contextual information. The
construction of the evaluated architectural configurations and their corresponding training
and evaluation procedures are subsequently detailed. Finally, the metrics and experimental
protocols used to assess classification performance, computational cost, interpretability,
representation consistency, and faithfulness are presented.

3.1. Dataset GasHisSDB

The proposed FLIGENT-Net architecture was developed and evaluated using the
publicly available GasHisSDB dataset [20]. GasHisSDB is a gastric histopathology image
dataset composed of cropped histopathological images. The dataset paper describes 600
source images of 2048 × 2048 pixels; this count should not be interpreted as the number
of patients or whole-slide images (WSIs). It contains two diagnostic categories: Normal,
corresponding to healthy gastric tissue, and Abnormal, corresponding to gastric adenocar-
cinoma.

In this work, only the 160 × 160 pixel subset of GasHisSDB was employed. It has the
largest patch dimensions among the supplied subsets; this should not be interpreted as a
higher acquisition magnification or spatial sampling resolution.

The revised classification experiments use a single stratified partition with 60% train-
ing, 20% validation, and 20% test data, generated with seed 42 and saved as an explicit
manifest. Every configuration reuses the same file lists. The loader checks file identities
and content hashes; it does not silently replace unreadable images. Table 2 reports the
available inventory and confirmed partition sizes. The nine saved manifests are identical
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and their SHA-256 digests match the corresponding configuration records. Their index sets
and image paths are disjoint across partitions and together cover all 33,284 records. All
recorded image hashes are distinct; these hashes were audited from the manifests, without
independently rehashing the source images. The ordered test paths and labels match all
nine prediction reports.

Table 2. Dataset inventory and revised split verified from the nine saved manifests.

Subset Normal Abnormal Total

Full subset 20,160 13,124 33,284
Training 12,096 7874 19,970
Validation 4032 2625 6657
Test 4032 2625 6657

The implemented split operates at image-patch level. It does not group samples
by patient, source image, or slide, so patient- or slide-independent evaluation cannot be
claimed. A content-hash check can identify byte-identical files, but cannot exclude related,
overlapping, or recompressed patches originating from a common source. Dependence
between such patches may lead to optimistic performance estimates and limits direct
comparison with studies that use source-grouped evaluation.

The dataset publication describes random rotation of the cropped images, shuffling,
and renaming [20]. These operations do not establish independence between patches from
the same source. No patch-to-patient or patch-to-source-image mapping was identified in
the dataset paper, the inspected repository documentation, or the experimental manifests.
Although the dataset authors link an original-image repository, correspondence between
those source images and the distributed 160 × 160 patches has not been established in the
materials available for this study. Consequently, the results reported here must be inter-
preted as patch-level performance. Recovering or obtaining provenance information that
permits source-grouped partitioning is therefore an explicit direction for future evaluation.

3.2. Data Preprocessing

A unified preprocessing pipeline was applied to the GasHisSDB dataset to ensure
a consistent input representation during training and evaluation. The histopathological
images were resized to 224 × 224 pixels to match the ResNet18 input configuration and the
specified 7×7 region grid.

Subsequently, the RGB images were converted into PyTorch tensors and normalized
using the ImageNet mean ([0.485, 0.456, 0.406]) and standard deviation ([0.229, 0.224,
0.225]).

The same preprocessing pipeline was applied to the training, validation, and testing
subsets. No additional data augmentation techniques were employed, ensuring that all
experiments were conducted under identical preprocessing conditions.

In the primary nine-configuration comparison, the FFT branch receives this resized,
channel-normalized RGB tensor. The grayscale descriptor therefore uses a weighted combi-
nation of normalized channels and represents spectral information from the preprocessed
input rather than raw optical intensities. Grayscale provides a compact intensity-based
descriptor, while the CNN retains three-channel input; this design does not establish that
stain/color information is irrelevant. No stain normalization or additional augmentation is
applied, keeping the specified pipeline fixed but limiting conclusions about robustness to
staining and acquisition variation.

To examine whether resizing the 160× 160 GasHisSDB input before spectral extraction
affects the frequency branch, an additional FLIGENT-Net control was evaluated using a
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native-grid spectral variant. The training configuration was unchanged from the reference
FLIGENT-Net run (100 maximum epochs, batch size 16, learning rate 10−4, positive-class
weight 2.0, graph threshold τ = 0.70, classification threshold 0.55, patience 12, seed 42, and
ImageNet-pretrained CNN backbone), and the persisted split hash was identical to the
reference run. For the spectral branch, the 160× 160 input grid was partitioned with integer
boundaries

bk =

⌊︃
160k

7

⌋︃
, k = 0, . . . , 7, (1)

which yields [0, 22, 45, 68, 91, 114, 137, 160]. This produces a complete, non-overlapping
7 × 7 partition with regions of 22 or 23 pixels per side while preserving the same 49-
node spatial indexing used by the main architecture. The resulting run is treated as a
preprocessing control rather than as an additional architecture in the nine-configuration
ablation table.

3.3. Experimental Setup

All experiments were conducted on a desktop workstation equipped with an Intel®

Core™ i7-12700KF processor operating at 3.60 GHz, 32 GB of RAM, and an NVIDIA
GeForce RTX 4070 SUPER graphics processing unit (GPU) with 12 GB of dedicated memory.
The workstation operated under Windows 10 (64-bit), and the proposed framework was
implemented in Python 3.11.6 using the PyTorch 2.7.1 deep learning library with CUDA
11.8 acceleration.

Table 3 summarizes the main configuration used throughout the experiments on
GasHisSDB.

Table 3. Experimental configuration adopted for the GasHisSDB experiments.

Parameter Value

Operating System Windows 10 (64-bit)
CPU Intel Core i7-12700KF @ 3.60 GHz
GPU NVIDIA GeForce RTX 4070 SUPER (12 GB)
RAM 32 GB
Python 3.11.6
PyTorch 2.7.1
CUDA 11.8
Optimizer Adam
Initial learning rate 1 × 10−4

Batch size 16
Maximum epochs 100
Loss function BCEWithLogitsLoss
Positive class weight (pos_weight) 2.0
Graph connectivity threshold (τ) 0.70
Classification threshold 0.55
Learning rate scheduler ReduceLROnPlateau
Scheduler factor 0.5
Scheduler patience 5 epochs
Early stopping patience 12 epochs
Random seed 42

3.3.1. Computational-Cost Benchmarking

Inference cost was measured for the same nine revised configurations using the
NVIDIA GeForce RTX 4070 SUPER described above. The benchmark used float32 inputs of
size 224 × 224, batch size 16, and the same persisted test split used for classification. All
models were placed in evaluation mode and executed under no_grad. Twenty warm-up
forward passes were performed before timing. Measurements were then collected over
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three rounds of 60 synchronized forward passes, using three fixed test batches beginning at
indices 192, 912, and 5232. The reported batch latency is synchronized wall-clock time for
the complete original model forward pass and logit extraction with inputs already resident
on the GPU; image decoding, preprocessing, and host-to-device transfer are excluded.

For each architecture, the analysis reports total parameters, mean and 95th-percentile
batch latency, amortized latency per image, throughput, and peak PyTorch allocated GPU
memory. The memory value is an inference-time allocation measurement rather than train-
ing memory or an nvidia-smi device-wide measurement. CuDNN deterministic execution
was enabled and TF32 matrix multiplication was disabled during profiling. The benchmark
used the same split SHA-256 identifier as the revised classification experiments. Thus, the
measurements characterize relative inference cost under one controlled hardware/software
configuration and should not be interpreted as hardware-independent deployment latency.

3.3.2. Graph-Topology Characterization Protocol

For the six graph-based configurations, graph topology was characterized on all 6657
test images using the binary adjacency matrix entering the first GCN block. Self-loops
were excluded from these statistics so that they describe only connections between distinct
image regions. Each graph contains N = 49 nodes. For image m, let Em denote the number
of undirected off-diagonal edges and dm,i the off-diagonal degree of node i. We report

ρm =
2Em

N(N − 1)
, d̄m =

1
N

N

∑
i=1

dm,i =
2Em

N
, (2)

where ρm is graph density and d̄m is mean node degree. A node is counted as externally
isolated when dm,i = 0, and a graph is called edgeless when Em = 0. The reported values
are averages over the complete test split, together with the fraction of test images whose
graph has no off-diagonal edges. These statistics characterize the topology induced by each
trained checkpoint at the fixed cosine threshold τ = 0.70; they are not parameter-matched
interventions and do not by themselves establish that one topology is preferable.

3.4. Evaluation Metrics

The performance of the evaluated models was assessed using accuracy, precision,
recall, F1-score, and the area under the receiver operating characteristic curve (AUC-ROC).

Precision, recall, and F1-score were computed with respect to the positive class (Ab-
normal). Precision quantifies the proportion of samples predicted as abnormal that were
correctly classified, whereas recall measures the proportion of abnormal samples that were
correctly identified. The F1-score corresponds to the harmonic mean of precision and recall
for the Abnormal class:

Precision =
TP

TP + FP
, (3)

Recall =
TP

TP + FN
, (4)

F1 = 2
Precision × Recall
Precision + Recall

. (5)

Accuracy was computed considering both classes as

Accuracy =
TP + TN

TP + TN + FP + FN
, (6)
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where TP, TN, FP, and FN denote true positives, true negatives, false positives, and false
negatives, respectively.

AUC-ROC was computed from the predicted probabilities for the positive (Abnor-
mal) class and summarizes the ability of the model to discriminate between Normal and
Abnormal samples across different classification thresholds.

Unless otherwise stated, the F1-score reported in the comparative results corresponds
to the positive (Abnormal) class and not to a macro- or weighted-averaged F1-score.

3.5. Training Strategy

The revised comparison contains nine unique configurations. CNN and ResNet18
denote the same baseline and are reported in one row. All models use a single output logit
and the same binary loss. The patch-based controls are new, explicit implementations;
they do not reuse the invalid historical component switches. Table 4 summarizes the
representation and processing flow of each revised configuration.

Table 4. Definitions of the revised configurations. Transformer denotes the specified two-layer
encoder, not a pretrained ViT-B/16.

Configuration Representation and Processing

CNN (ResNet18) ImageNet-pretrained ResNet18, global average pooling, one-logit
head.

Patch-GCN 49 RGB patches of 32×32 pixels; linear projection of 3072 values to
512; cosine graph; three GCN blocks; pooling and classification.

Patch Transformer The same patch projection; 512-to-768 projection, learned
positions, two Transformer layers, and mean pooling.

Patch-GCN-Transformer Projected RGB patches, GCN, learned positions, and Transformer,
in that order.

CNN + GCN 49 ResNet18 spatial nodes, cosine graph, three GCN blocks, and
pooling.

CNN + FFT + GCN Spatial nodes define the graph; fused CNN/FFT nodes enter the
GCN.

CNN + GCN + Transformer Spatial nodes, GCN and position-aware Transformer; no
FFT/fusion branch.

ResNet18 + FFT Global CNN descriptor fused with the mean of 49 patch FFT
descriptors; no graph or Transformer.

FLIGENT-Net Fused CNN/FFT nodes, graph from CNN, GCN, and
position-aware Transformer.

The CNN branches use ImageNet weights: torchvision ResNet18 weights for the two
conventional ResNet baselines and timm ResNet18 weights for the graph-based CNN con-
figurations. The patch projections and Transformer components are trained from random
initialization. This difference in prior representation learning must be considered when
comparing patch controls with CNN-based models. These controls are complementary
architectural baselines, not parameter-matched interventions isolating only one factor.

3.5.1. Training Configuration

All revised runs use Adam with learning rate 10−4, batch size 16, zero weight decay,
and a maximum of 100 epochs. The loss is BCEWithLogitsLoss with positive-class weight
2.0. The graph threshold is τ = 0.70 where applicable and the classification threshold is
fixed at 0.55. ReduceLROnPlateau monitors validation loss, with factor 0.5 and patience
five epochs. Early stopping uses patience 12; the checkpoint with the lowest validation loss
is evaluated on test only after checkpoint selection finishes.
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All revised experiments were conducted using the same fixed operating configuration:
a positive-class weight of 2.0, a cosine-similarity threshold of τ = 0.70, and a binary
classification threshold of 0.55. These quantities serve different roles in the pipeline. The
positive-class weight increases the contribution of errors associated with the Abnormal
class during optimization; the cosine threshold converts pairwise CNN-feature similarities
into off-diagonal graph edges; and the classification threshold converts the predicted
Abnormal probability into a binary decision. With Abnormal treated as the positive
class, the training partition contains 12,096 Normal and 7874 Abnormal images, giving
NNormal/NAbnormal = 1.536. Therefore, pos_weight = 2.0 is not presented as the exact
inverse-frequency class ratio, but as a fixed loss-weighting factor used consistently in the
revised protocol.

These values were held constant across the corresponding revised configurations so
that the architectural comparisons were performed under a common training and decision
setting. In particular, no classification-threshold search is performed on the revised test
predictions: the 0.55 decision threshold is applied unchanged when computing the reported
test metrics. The three values are therefore treated as fixed operating parameters, not as
globally optimal hyperparameters, and no sensitivity claim is made from the present exper-
iments. The graph-topology analysis in Section 4.5 characterizes the practical consequence
of the fixed τ = 0.70 setting: because cosine-similarity distributions depend on the un-
derlying representation space, the same numerical threshold does not impose comparable
graph densities across architectures. A dedicated sensitivity study would require selecting
candidate values using training/validation data and locking the operating point before
independent test evaluation.

3.5.2. Reproducibility

A single stratified partition generated with seed 42 was persisted and reused without
modification across the revised configurations. The Python, NumPy, and PyTorch random
seeds were also set to 42, including CUDA generators when applicable. In the present
study, the numerical value 42 is treated solely as a reproducibility convention for fixing
the reported experimental setting; no statistical, model-selection, or representativeness
significance is assigned to that particular seed. This protocol fixes the data partition and
specified training/evaluation conditions; it does not by itself establish identical stochastic
realizations across different architectures or bitwise determinism on every platform.

One training run was performed per completed configuration. Consequently, variabil-
ity arising from initialization and other stochastic training processes was not estimated.
Differences are interpreted descriptively within the evaluated protocol, not as evidence of
statistically significant superiority, stability, or a general ranking across random initializa-
tions. The absence of evaluation across multiple seeds is therefore retained as an explicit
limitation of the present study, and no mean or standard deviation across training seeds is
reported.

3.6. FLIGENT-Net Architecture

FLIGENT-Net is a deep learning architecture designed for binary gastric histopatho-
logical image classification. The architecture integrates four complementary representation
mechanisms: convolutional spatial feature extraction, frequency-domain analysis using the
fast Fourier transform (FFT), graph-based relational modeling using a graph convolutional
network (GCN), and global contextual modeling using a Transformer encoder. The pro-
posed framework is inspired by the graph–Transformer interaction paradigm introduced
in SCUBa-Net [13]; however, FLIGENT-Net was redesigned for binary classification on the
GasHisSDB dataset and incorporates frequency-domain descriptors at the graph-node level.
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The model name FLIGENT-Net uses FLIGENT as the acronym for Frequency-Localized
Image Graph Encoding Network with Transformer; the suffix “-Net” is retained as a con-
ventional architecture label. The term Localized refers specifically to the patch-wise FFT
analysis performed over the regular 7 × 7 image grid. No mathematical linearization is
performed in this stage: flattening each pooled 8 × 8 spectral matrix into a 64-dimensional
descriptor is an ordered vectorization, followed by learnable projection and nonlinear
feature fusion.

As illustrated in Figure 1, the input histopathological image is processed through
two parallel representation branches. The CNN branch extracts spatial feature maps that
are organized into a 7 × 7 grid, resulting in N = 49 spatial nodes with 512-dimensional
descriptors. In parallel, the input image is partitioned into the same 7× 7 spatial grid, and a
two-dimensional FFT is independently computed for each 32 × 32 image patch. Each local
spectrum is transformed into a 64-dimensional descriptor. The two branches are paired by
their ordered 7 × 7 grid indices. CNN receptive fields can overlap and extend beyond a
32×32 FFT patch; grid alignment does not imply identical receptive-field support.

The FFT descriptors are subsequently projected from 64 to 512 dimensions and con-
catenated with the corresponding 512-dimensional CNN descriptors. A learnable fusion
layer transforms the resulting 1024-dimensional representation into a 512-dimensional node
embedding. The graph connectivity is independently determined from the CNN-derived
spatial descriptors using pairwise cosine similarity and a predefined threshold τ. The
fused node representations are then propagated through three GCN layers. Finally, the
refined node representations are projected to a 768-dimensional space and processed as a
sequence by a Transformer encoder to model global dependencies among image regions.
Mean pooling of the resulting token representations produces a global representation that
is forwarded to a binary classification layer.

The overall architecture is organized into three sequential modules:

1 FLI-Extractor Module 2 Graph Processing and
Global Attention

3 Classification

Input Patches
(GasHisSDB)

Native: 160 x 160
Resize: 224 x 224
RGB normalization

Frequency Module
Patch-wise 2D FFT

49 patches of 32 x 32
Log-magnitude / normalization

8 x 8 pooling: 49 x 64
Projection: 64 to 512

CNN Feature Extractor

ResNet18 - ImageNet pretrained
Spatial nodes: 49 x 512

Node-level
Feature Fusion

CNN + FFT
Concatenate: 1024

Project to 512

Cosine Similarity
CNN nodes only

Threshold: 0.70

GCN
3 graph blocks

Fused node features
+ cosine adjacency

Graph connectivity

Transformer
Encoder

512 to 768 projection
Learned positions
2 layers / 8 heads

Global self-attention

Global Aggregation

LayerNorm
Mean pooling

Linear head: 768 to 1

Sigmoid Output

Decision threshold: 0.55

Normal vs Abnormal

Figure 1. FLIGENT-Net architecture, organized into the three stages of the original design. Spatial
and patch-wise spectral descriptors are fused into node attributes, while CNN descriptors determine
graph connectivity. Three GCN blocks and a Transformer encoder precede global aggregation and
binary classification. Colors are used only to distinguish processing modules and do not encode
quantitative values.

1. Frequency-Localized Image (FLI)-Extractor Module: Extracts complementary spa-
tial and frequency-domain representations from the input tissue patch. The CNN
produces a 7 × 7 spatial feature grid with 512-dimensional descriptors, while the
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FFT branch produces one 64-dimensional spectral descriptor for each corresponding
image region.

2. Graph Processing and Global Attention: The CNN-derived descriptors determine
graph connectivity through cosine similarity. The spatial and spectral representa-
tions are fused to form the node attributes, which are subsequently refined through
three GCN layers and processed by a Transformer encoder to model long-range
dependencies among image regions.

3. Classification Module: Aggregates the Transformer representations using mean
pooling and projects the resulting global representation through a fully connected
layer to obtain the Abnormal-class probability.

3.6.1. FLI-Extractor Module

The Frequency-localized image (FLI)-extractor module obtains complementary spatial
and frequency-domain representations from the input histopathological image. The spa-
tial branch captures morphological information through a convolutional neural network,
whereas the frequency-domain branch characterizes local spectral patterns using the fast
Fourier transform (FFT). The two representations are subsequently aligned according to
their spatial location and fused at the graph-node level.

Let the input histopathological image be denoted by

X ∈ RH×W×C, (7)

where H and W denote the image height and width, respectively, and C = 3 represents the
RGB channels. In the implemented configuration, the input image is resized to 224 × 224
pixels.

The FLI-Extractor can therefore be expressed as

FFLI(X) = (FCNN(X), FFFT(X)), (8)

where FCNN denotes the spatial feature extraction branch and FFFT denotes the frequency-
domain feature extraction branch.

CNN Spatial Feature Extraction

The spatial branch uses an ImageNet-pretrained ResNet18 backbone as a feature
extractor. The classification head is removed, and the resulting convolutional feature map is
used to define the graph nodes. For an input image of size 224× 224, the final convolutional
feature map has dimensions

FCNN(X) ∈ R512×7×7. (9)

The spatial dimensions are flattened while preserving their spatial ordering, producing

H = {h1, h2, . . . , hN}, H ∈ RN×ds , (10)

where

N = 7 × 7 = 49, ds = 512. (11)

Thus, each image is represented by 49 spatial descriptors,

hi ∈ R512, i = 1, . . . , 49. (12)
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Each descriptor corresponds to one spatial position in the 7 × 7 CNN feature map and
subsequently defines one node in the graph.

FFT Spectral Feature Extraction

To complement the spatial representation, the frequency-domain branch extracts
local spectral descriptors using the two-dimensional fast Fourier transform (FFT). Unlike
applying a single FFT to the entire image and obtaining one global descriptor, the proposed
implementation preserves the same spatial organization used by the CNN branch.

The 224 × 224 input image is divided into a regular 7 × 7 grid, producing

N = 7 × 7 = 49 (13)

non-overlapping image patches. Since the input resolution is 224 × 224, each patch has
spatial dimensions

Pi ∈ R32×32, i = 1, . . . , 49. (14)

Each RGB patch is converted to grayscale before the frequency-domain transformation.
For a grayscale patch Pi, the two-dimensional discrete Fourier transform is defined as

Fi(u, v) =
31

∑
x=0

31

∑
y=0

Pi(x, y) exp
[︂
−i2π

(︂ux
32

+
vy
32

)︂]︂
. (15)

The magnitude spectrum is obtained as

Mi(u, v) = |FFT2(Pi)|. (16)

The spectrum is shifted so that the low-frequency components are centered, followed
by logarithmic compression:

˜︁Mi = log(1 + FFTShift(Mi)). (17)

The implemented normalization is

Mi =
˜︁Mi

maxu,v ˜︁Mi(u, v) + 10−8
. (18)

Each normalized local spectrum is subsequently adaptively pooled to an 8 × 8 representa-
tion. The resulting matrix is flattened to obtain a 64-dimensional spectral descriptor:

si = Flatten
(︁
AdaptivePool8×8

(︁
Mi

)︁)︁
, (19)

where

si ∈ R64. (20)

Consequently, the complete FFT representation is

S = {s1, s2, . . . , sN}, S ∈ R49×64. (21)

For row r and column c, with r, c ∈ {0, . . . , 6}, define i = 7r + c + 1. The FFT patch is
the preprocessed image region X[32r : 32(r + 1), 32c : 32(c + 1), :], and the CNN descriptor
is the vector at feature-grid position (r, c). For pooled spectral matrix Bi ∈ R8×8, the
vector is defined by (si)8a+b+1 = (Bi)a,b for a, b ∈ {0, . . . , 7}. This operation is an ordered
vectorization and grid-index association between the spectral and convolutional repre-
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sentations; it should not be interpreted as a mathematical linearization of the underlying
tissue patterns. Moreover, the receptive field of the corresponding CNN descriptor is not
restricted to the spatial support of the associated FFT patch.

Node-Level Feature Fusion

Before graph processing, the CNN and FFT descriptors are transformed into a common
feature space. The 64-dimensional FFT descriptors are projected to 512 dimensions using a
learnable projection:

ˆ︁si = ϕFFT(si), ˆ︁si ∈ R512, (22)

where ϕFFT denotes the FFT projection consisting of a fully connected transformation
followed by normalization and a nonlinear activation.

The CNN descriptor and the projected FFT descriptor corresponding to the same
spatial region are then concatenated:

qi = [hi;ˆ︁si], qi ∈ R1024. (23)

A learnable fusion transformation maps this concatenated representation back to a
512-dimensional node embedding:

xi = ϕfuse(qi), xi ∈ R512. (24)

The resulting node-feature matrix is therefore

XG = {x1, x2, . . . , x49} ∈ R49×512. (25)

The fused representation XG, rather than the FFT descriptors alone, is used as the
input node representation for graph processing.

The FFT itself has no learned parameters. The spectral projection contributes 64 ·
512 + 512 + 2 · 512 = 34,304 parameters, including affine LayerNorm. The fusion block
contributes 1024 · 512 + 512 + 2 · 512 = 525,824. Together they add 560,128 parameters
(approximately 0.560 M); GELU and dropout add none. This accounts for the extra trainable
capacity of the frequency branch and its fusion, rather than attributing parameters to the
Fourier transform.

Graph Construction

The fused node representations are organized into a graph

G = (V, E), (26)

where V denotes the set of 49 image-region nodes and E denotes the set of graph edges.
Each node contains the fused spatial and frequency-domain representation corresponding
to one spatial region of the input image.

The graph connectivity is determined using the CNN-derived spatial descriptors hi.
For two spatial descriptors hi and hj, their cosine similarity is defined as

Simcos(hi, hj) =
h⊤i hj

∥hi∥2∥hj∥2
. (27)

An adaptive adjacency matrix is constructed by thresholding the pairwise cosine
similarities:
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Aij =

⎧⎨⎩1, Simcos(hi, hj) > τ,

0, otherwise,
(28)

where τ denotes the cosine-similarity threshold. In the final experimental configuration,

τ = 0.70. (29)

Thus, the graph topology is dynamically determined from the learned CNN represen-
tations for each input image. The adjacency matrix is not an independently parameterized
learnable matrix; instead, it is an adaptive graph obtained by thresholding similarities
between learned spatial embeddings.

Self-loops are subsequently added to the graph:

˜︁Aij = max(Aij, δij), (30)

where δij denotes the identity-matrix entry. This sets each diagonal entry to one without
doubling an existing self-loop.

Graph Processing and Global Attention

The three graph blocks use the provided implementation rather than a generic GCN
activation formula. Let Dii = ∑j ˜︁Aij and ˆ︁A = (D + ϵI)−1/2 ˜︁A(D + ϵI)−1/2 with ϵ = 10−10.
The update is

U(l) = ( ˆ︁AH(l) + H(l))W(l) + 1(b(l))⊤, (31)

H(l+1) = BNl

(︂
L2Normrow(U(l))

)︂
, H(0) = XG. (32)

Row normalization divides by the row norm with the numerical floor used by PyTorch.
BatchNorm acts on feature channels across the valid nodes of the mini-batch during
training and uses stored statistics during evaluation. The configured graph blocks have no
extra ReLU or dropout. The +H(l) term supplies an additional self contribution beyond
the diagonal already present in ˜︁A; it is preserved here to match the implementation.
The normalized adjacency is not the graph Laplacian. Hard edge thresholding is not
differentiated, although the CNN descriptors are trained through the feature pathway.

After three GCN layers, the resulting representation is denoted by

H(3) ∈ R49×512. (33)

The node representations are then projected into the Transformer embedding space:

T0 = H(3)WT + 1b⊤T + Epos, T0 ∈ R49×768, (34)

where WT and bT are the projection parameters and Epos ∈ R49×768 is a learned positional
embedding. The encoder uses two pre-norm layers, eight heads, a 3072-dimensional
feed-forward block, GELU and dropout 0.1. A final LayerNorm is applied before mean
pooling.

The resulting 49 vectors are interpreted as a sequence of region-level tokens and
processed by a Transformer Encoder. The multi-head self-attention operation is defined as

Attention(Q, K, V) = Softmax
(︃

QKT
√

dk

)︃
V, (35)

where Q, K, and V denote the query, key, and value matrices, respectively, and dk denotes
the dimensionality of the key vectors.
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The Transformer encoder contains two encoder layers with eight attention heads. Its
purpose is to model long-range dependencies among the 49 graph-refined image-region
representations. Unlike the graph convolution operation, which propagates information
according to the explicitly constructed graph topology, self-attention allows every token to
interact with the other tokens in the sequence.

Global Representation and Classification

After Transformer processing, the resulting token representations are aggregated using
mean pooling:

Zglobal =
1
N

N

∑
i=1

Ti, (36)

where N = 49 and Ti ∈ R768 denotes the Transformer output associated with the i-th image
region. Therefore,

Zglobal ∈ R768. (37)

The global representation is subsequently passed to a fully connected classification
layer:

z = WcZglobal + bc, (38)

where Wc and bc denote the learnable classification weights and bias, respectively, and z
represents the classification logit.

The Abnormal-class probability is obtained using a sigmoid activation:

ŷ = σ(z) =
1

1 + exp(−z)
, (39)

where ŷ ∈ [0, 1] represents the predicted probability that the input tissue belongs to the
Abnormal class. During inference, the predicted class is determined by comparing ŷ with
the selected binary decision threshold.

Table 5 summarizes the forward-pass sequence of FLIGENT-Net.

Table 5. Forward-pass pseudocode for FLIGENT-Net; batch dimension omitted.

Step Operation

1 Resize RGB input to 224×224 and apply the specified channel normalization.

2 Compute ResNet18 feature map; flatten its grid in row-major order to H ∈ R49×512.

3 For r, c = 0, . . . , 6, extract the 32×32 patch, form the weighted grayscale tensor, FFT, shift,
log-magnitude, and maximum normalization.

4 Average-pool each spectrum to 8×8 and vectorize to s7r+c+1 ∈ R64.

5 Project each spectral vector; concatenate with its CNN grid counterpart; fuse to XG ∈
R49×512.

6 Threshold pairwise CNN cosine similarities at 0.70 and set the diagonal to one.

7 Apply the three graph updates in Equation (31) with their normalizations.

8 Project to 768 dimensions, add learned positions, and apply the two-layer Transformer.

9 Apply LayerNorm, mean-pool tokens, obtain one logit, and use sigmoid; classify Abnormal
at probability ≥ 0.55.
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3.7. Generative AI Assistance

ChatGPT (OpenAI, GPT-5.6) was used to assist with manuscript drafting and revi-
sion. ChatGPT was also used to prepare schematic illustrations of the architecture. The
histopathological inputs were obtained from GasHisSDB; the reported numerical results
and attribution and attention maps were produced by executing the computational work-
flows described in this study, rather than by generative image synthesis. The authors
reviewed and edited the AI-assisted material and take responsibility for its accuracy and
consistency with the reported methods and results. Product-level information, including
the model version used, is provided in the Acknowledgments.

4. Experiments
The revised classification evaluation comprises nine completed configurations assessed

on the common 6657-image test set using seed 42. The saved reports contain identical
ordered test paths and labels: 4032 Normal and 2625 Abnormal images. Recalculation
from the saved predictions and probabilities reproduces all five reported metrics, and the
configuration records share the same split SHA-256 identifier and source-code hashes.

4.1. Ablation and Comparative Architectural Analysis

Table 6 summarizes the test performance of the nine revised configurations under the
common split and seed-42 protocol.

Table 6. Revised test results with seed 42 and the common patch-level split. Precision, recall and F1
refer to Abnormal.

Architecture Accuracy Precision Recall F1 AUC

CNN (ResNet18) 98.51% 97.55% 98.70% 98.13% 0.9986
Patch-GCN 83.58% 74.68% 88.30% 80.92% 0.9177
Patch Transformer 87.44% 79.38% 92.08% 85.26% 0.9541
Patch-GCN-Transformer 84.27% 75.48% 89.03% 81.70% 0.9253
CNN + GCN 97.40% 96.09% 97.37% 96.73% 0.9964
CNN + FFT + GCN 97.13% 96.24% 96.50% 96.37% 0.9952
CNN + GCN + Transformer 97.54% 97.27% 96.46% 96.86% 0.9966
ResNet18 + FFT 98.30% 96.73% 99.05% 97.87% 0.9985
FLIGENT-Net 97.31% 96.57% 96.61% 96.59% 0.9964

Among the nine completed configurations, CNN (ResNet18) has the highest accuracy
and Abnormal-class F1-score. FLIGENT-Net achieves 97.31% accuracy and 96.59% F1,
compared with 98.51% and 98.13% for the CNN baseline. Its F1 is 1.53 percentage points
lower using the unrounded values. These runs do not support a predictive advantage for
the full architecture.

The Patch-GCN control obtained 83.58% accuracy, 74.68% precision, 88.30% recall,
80.92% F1, and 0.9177 AUC-ROC. This is the revised raw-patch projection plus GCN archi-
tecture, not the historical model with inactive component switches. Its lower performance
relative to CNN-based configurations must be interpreted together with the different input
representations and absence of ImageNet pretraining; it does not isolate the effect of graph
convolution alone.

The Patch Transformer control obtained 87.44% accuracy, 79.38% precision, 92.08%
recall, 85.26% F1, and 0.9541 AUC-ROC. Its F1 exceeded Patch-GCN by 4.33 percentage
points in the observed runs. Both controls use randomly initialized patch projections; the
Transformer here is the specified two-layer encoder, not an ImageNet-pretrained ViT-B/16.
This comparison does not establish statistical significance or a general advantage across
training seeds.
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The Patch-GCN-Transformer control obtained 84.27% accuracy, 75.48% precision,
89.03% recall, 81.70% F1, and 0.9253 AUC-ROC. Its observed F1 was 0.78 percentage points
higher than Patch-GCN and 3.56 points lower than the Patch Transformer. Thus, these
single-run results do not show an advantage for combining graph processing and global
attention over the standalone Patch Transformer.

ResNet18 + FFT achieved 98.30% accuracy, 96.73% precision, 99.05% recall, 97.87% F1,
and 0.9985 AUC-ROC. Relative to ResNet18, recall increased by 0.34 percentage points,
while precision decreased by 0.83 points, accuracy by 0.21 points, and F1 by 0.25 points
(computed before rounding). In this run, spectral fusion shifted the precision–recall balance
without improving overall accuracy or F1. ResNet18 + FFT had the highest Abnormal-class
recall among the nine configurations, whereas ResNet18 retained the highest accuracy,
precision, F1, and AUC.

Within the graph-based CNN configurations, adding the FFT branch and fusion
changes F1 from 96.73% to 96.37%; adding the Transformer pathway to CNN + GCN
changes it to 96.86%. FLIGENT-Net reaches 96.59%. These descriptive differences must not
be interpreted as statistically significant effects, nor as proof of a general ranking across
seeds. Head dimensions, pretraining sources, and the capacity added by fusion also limit a
strict one-factor causal interpretation.

The spectral descriptor retains magnitude but discards phase, compresses the spectrum
through logarithms and pooling, and normalizes by its maximum. These operations may
discard useful distinctions or introduce redundancy with CNN features. Because resizing
before FFT can also modify spectral content, the additional native-grid control described
above was used to isolate this preprocessing choice under the same split and training
settings. Its results are reported separately below. Learnable spectral weighting and
wavelet-based representations remain possible future alternatives; neither is evaluated
here.

4.2. Native-Grid FFT Control

The additional control evaluated FLIGENT-Net with spectral descriptors extracted
from the native 160 × 160 input grid instead of from the resized 224 × 224 grid
used in the primary protocol. All listed training hyperparameters and the persisted
train/validation/test split were matched to the reference FLIGENT-Net run. The check-
point was selected by minimum validation loss; this occurred at epoch 27, where the
validation loss was 0.1022, the Abnormal-class F1-score was 0.9741, and AUC-ROC was
0.9974. Training stopped after epoch 39 under the configured patience of 12 epochs. Table 7
reports the controlled comparison with the primary resized-grid configuration.

Table 7. Controlled comparison of the spectral input grid for FLIGENT-Net. The primary model
computes patch-wise FFT descriptors after resizing to 224× 224; the additional control uses the native
160 × 160 grid with integer 7 × 7 boundaries. Precision, recall, and F1 refer to the Abnormal class.

Spectral Input Accuracy Precision Recall F1 AUC

Resized 224 × 224 97.31% 96.57% 96.61% 96.59% 0.9964
Native 160 × 160 grid 97.43% 96.73% 96.76% 96.74% 0.9966

The native-grid run yielded 3946 true negatives, 86 false positives, 85 false negatives,
and 2540 true positives. Relative to the primary resized-FFT run, the observed changes
were approximately +0.12 percentage points in accuracy, +0.16 in precision, +0.15 in recall,
+0.15 in F1, and +0.0002 in AUC-ROC. The direction of change is therefore consistently
positive across the reported metrics, but its magnitude is small. With one seed per condition,
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these differences should be interpreted descriptively rather than as evidence of statistical
significance.

This control indicates that the alternative native-grid spectral protocol can modestly
change the measured performance. However, it is not a pure interpolation ablation: moving
from the resized 224 × 224 grid to the native 160 × 160 grid also changes each local FFT
support from 32 × 32 pixels to regions of 22 or 23 pixels per side and therefore changes
the discrete frequency sampling and bin discretization of the local spectra. The observed
increase from 97.31% to 97.43% accuracy should therefore be attributed to the spectral-
protocol change as a whole, not specifically to the removal of interpolation. Other properties
of the descriptor—including magnitude-only representation, logarithmic compression,
maximum normalization, adaptive pooling, and the subsequent fusion mechanism—may
also affect how much complementary information is provided to the CNN representation.

4.3. Training Dynamics and Extended Training

The saved validation-loss histories determine checkpoint selection. Training and
validation curves are drawn from these same completed runs. A larger maximum epoch
count alone does not establish a longer effective training duration when early stopping
terminates both runs before the cap. The saved histories and test metadata agree on
checkpoint selection by minimum validation loss. Training stopped 12 epochs after the
selected epoch in all nine runs. Table 8 reports the observed training lengths; the maximum
of 100 epochs was not reached.

Table 8. Verified training lengths and epochs selected by minimum validation loss.

Architecture Selected Epoch Total Epochs

CNN (ResNet18) 24 36
Patch-GCN 42 54
Patch Transformer 37 49
Patch-GCN-Transformer 58 70
CNN + GCN 20 32
CNN + FFT + GCN 8 20
CNN + GCN + Transformer 31 43
ResNet18 + FFT 19 31
FLIGENT-Net 21 33

Figure 2 shows the recorded training and validation losses without smoothing. In
several CNN-based configurations, training loss continues to decrease while validation loss
fluctuates, supporting checkpoint selection from validation rather than the final epoch. The
patch-based graph controls retain higher training and validation losses. These observations
describe the recorded runs; they do not establish stability across seeds or isolate the cause
of the performance differences.

4.4. Computational Cost

Table 9 reports inference-time computational measurements for the nine revised
configurations. These measurements correspond to the primary 224 × 224 protocol and do
not include the additional native-grid FFT preprocessing control.

The measurements show that parameter count alone does not determine observed
GPU latency. For example, the Patch Transformer contains 16.183 million parameters yet
achieved the lowest mean batch latency in this benchmark, whereas the smaller Patch-GCN
exhibited a higher mean latency and a substantially wider P95. This reflects implementa-
tion and hardware effects and is one reason to report measured timing rather than infer
computational efficiency solely from model size.
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The isolated FFT comparisons quantify the additional cost of the frequency pathway.
Adding FFT and node-level fusion to CNN + GCN increases the parameter count from
11.969 to 12.529 million, exactly 0.560 million additional parameters, consistent with the
projection-and-fusion accounting in Section 3.6. Mean batch latency increases from 5.887 to
6.131 ms (+4.14%), throughput decreases from 2717.7 to 2609.7 images/s (−3.97%), and
peak allocated memory increases by 2.64 MiB. Similarly, adding the global FFT branch to
ResNet18 increases parameters by 0.338 million, mean batch latency by 7.87%, and peak
memory by 1.29 MiB while reducing throughput by 7.30%.
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Figure 2. Training and validation weighted binary cross-entropy losses for the nine revised configu-
rations. All panels share axis scales. Dashed lines mark the minimum-validation-loss epoch used
for checkpoint selection, and orange dots mark the validation-loss value at that selected epoch; each
curve ends at its observed stopping epoch. No test measurements are used to select these epochs.

Table 9. Computational cost of the nine revised configurations on an NVIDIA GeForce RTX 4070
SUPER using batch size 16. Mean and P95 refer to synchronized batch latency. The per-image value
is the mean batch latency divided by 16. Peak memory is PyTorch allocated GPU memory during
inference.

Architecture Params. (M) Mean Batch (ms) P95 Batch (ms) ms/Image Images/s Peak MiB

CNN (ResNet18) 11.177 3.927 5.026 0.245 4074.4 178.4
Patch-GCN 2.366 4.009 8.632 0.251 3990.5 64.7
Patch Transformer 16.183 3.472 4.400 0.217 4607.8 130.4
Patch-GCN-Transformer 16.974 5.529 6.505 0.346 2893.6 135.9
CNN + GCN 11.969 5.887 8.531 0.368 2717.7 181.4
CNN + FFT + GCN 12.529 6.131 7.452 0.383 2609.7 184.0
CNN + GCN + Transformer 26.577 7.920 8.997 0.495 2020.2 238.1
ResNet18 + FFT 11.515 4.236 5.126 0.265 3777.1 179.7
FLIGENT-Net 27.137 8.082 8.954 0.505 1979.7 240.3
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For the closest full-architecture comparison, CNN + GCN + Transformer and FLIGENT-
Net differ by the FFT projection/fusion pathway. FLIGENT-Net adds 0.560 million pa-
rameters (+2.11%), increases mean batch latency from 7.920 to 8.082 ms (+2.05%), reduces
throughput from 2020.2 to 1979.7 images/s (−2.00%), and increases peak allocated memory
by 2.14 MiB. Relative to ResNet18, the complete FLIGENT-Net has approximately 2.43
times as many parameters and 2.06 times the mean batch latency under this protocol, while
the classification results in Table 6 do not show a corresponding predictive advantage.
The computational results therefore reinforce the characterization finding that adding
representation domains entails measurable resource cost and that additional architectural
complexity should be evaluated jointly with predictive benefit.

4.5. Graph-Topology Results

Table 10 summarizes the graph statistics defined in Section 3.3.2. All graphs contain
49 nodes and can contain at most (49

2 ) = 1176 undirected off-diagonal edges.

Table 10. Graph topology on the full 6657-image test split at τ = 0.70. Self-loops are excluded.
Isolated nodes are nodes with no off-diagonal neighbors; edgeless graphs contain no off-diagonal
edges.

Architecture Mean Edges Mean Degree Mean Density Mean Isolated Nodes Edgeless Graphs (%)

Patch-GCN 1147.32 46.829 0.97561 0.025 0.00
Patch-GCN-Transformer 981.47 40.060 0.83458 0.096 0.00
CNN + GCN 5.98 0.244 0.00508 43.420 21.18
CNN + FFT + GCN 4.70 0.192 0.00399 43.215 18.22
CNN + GCN + Transformer 5.21 0.213 0.00443 42.896 16.75
FLIGENT-Net 6.49 0.265 0.00552 42.067 13.79

The fixed cosine threshold produces two markedly different topology regimes. The
CNN-derived graph configurations are very sparse: their mean degrees are below 0.27 and,
on average, approximately 42–43 of the 49 nodes have no external neighbor. FLIGENT-Net
is the densest of these CNN-derived graphs, but its mean density remains only 0.00552;
13.79% of its test images contain no off-diagonal edge before self-loops are added. In such
cases, the subsequent GCN still applies its learned transformations, normalization, self
contribution, and self-loop pathway, but there is no message exchange between distinct
regions through the adjacency matrix. More generally, the large fraction of isolated nodes
in the CNN-derived configurations means that relational message passing is available only
to a small subset of regions at this operating point. This provides a plausible architectural
explanation for the limited incremental benefit observed from graph processing in the
present experiments, although sparsity was not isolated as a causal factor and should not
be treated as the sole explanation.

In contrast, the patch-projection controls are highly connected. Patch-GCN has mean
density 0.97561 and mean degree 46.829, while Patch-GCN-Transformer has mean density
0.83458 and mean degree 40.060. Therefore, applying the same numerical threshold τ = 0.70
does not enforce comparable graph sparsity across representation spaces. Cosine-similarity
distributions depend on the learned or projected feature representation and on the trained
checkpoint. These measurements should consequently be interpreted as a characterization
of the induced topology rather than as evidence that dense or sparse graphs are intrinsically
superior. They also show that the fixed global threshold is not representation-invariant
and identify graph construction itself as a central design variable. Representation-aware
alternatives such as k-nearest-neighbor connectivity, adaptive thresholds, minimum-degree
constraints, or learned graph structure are therefore motivated by the observed topology
rather than introduced only as generic future-work possibilities.
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Importantly, these topology statistics characterize the relational stage of the GCN
rather than the total cross-region interaction available in the full graph–Transformer mod-
els. After graph processing, the subsequent Transformer receives all 49 node representations
and applies global self-attention, so every token can interact with every other token indepen-
dently of whether an off-diagonal graph edge existed in the preceding GCN. Consequently,
an edgeless or highly sparse graph restricts inter-region message passing in the GCN
stage but does not eliminate global contextual interaction in FLIGENT-Net or in the other
graph–Transformer configurations.

4.6. Interpretability Analysis

The revised comparison is restricted to ResNet18 and FLIGENT-Net, using the check-
points evaluated in Table 6. A fixed sample of 100 Abnormal test images was randomly
selected with seed 42 from the 2521 images correctly classified by both models at threshold
0.55. The recorded sample matches the selection fixed before this analysis. All reported
interpretability results are conditional on this common-correct subset, not representative
estimates for the entire test set or clinical population.

Both models use the same input-gradient definition,

auv =
3

∑
c=1

⃓⃓⃓⃓
∂z

∂Xuvc

⃓⃓⃓⃓
, (40)

where z is the Abnormal logit and X is the ImageNet-normalized 224 × 224 RGB input.
Absolute gradients measure local sensitivity, not signed evidence supporting the class. The
previous heterogeneous comparison of Grad-CAM with nodal activation magnitude is not
retained as the primary comparison. This analysis does not evaluate the faithfulness of
FLIGENT-Net’s separate nodal-magnitude output or its Transformer attention.

4.6.1. Quantitative Heatmap Evaluation

Pearson and Spearman correlations were computed between the flattened input-
gradient maps of both models for each of the same 100 images. All 100 correlations were
finite; no constant maps were reported. Mean Pearson correlation was 0.1092 (sample SD
0.1034, median 0.0989), and mean Spearman correlation was 0.1311 (sample SD 0.1262,
median 0.1302). These values indicate limited agreement between the maps under the
shared attribution definition. Low agreement alone establishes neither complementary
diagnostic information nor superiority in interpretability. No pixel-level significance test
treating spatially dependent pixels as independent observations is reported.

Figure 3 shows the first five entries of the fixed sample, without selection by visual
appearance or deletion outcome. Each map is independently min–max scaled only for
display and overlaid with opacity 0.4; equal colors across panels do not imply equal absolute
gradient magnitudes. These are qualitative sensitivity maps, not tumor annotations or
evidence of histological localization.

4.6.2. Transformer Attention Visualization

To characterize information aggregation in the global attention module, we extracted
the self-attention weights of FLIGENT-Net on the same 100 selected images. Each of the
two Transformer layers contains eight heads operating on 49 nodes. No classification token
is used. For head h in the final layer, let A(h)

ij denote the attention weight from query node i
to key node j. We summarize the mean attention received by each node as

rj =
1

8 · 49

8

∑
h=1

49

∑
i=1

A(h)
ij ,

49

∑
j=1

rj = 1. (41)
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The 49 values are arranged in the original 7 × 7 node grid. A uniform distribution corre-
sponds to rj = 1/49. This summary describes incoming attention in the final layer; it is not
attention rollout or a class-specific attribution of the final prediction.
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Figure 3. Five preselected Abnormal test examples with the same input-gradient attribution for
ResNet18 and FLIGENT-Net. Original inputs, independently scaled maps, and overlays are shown.
Within each saliency map, brighter colors indicate larger normalized absolute-gradient magnitude;
because each map is scaled independently, colors should not be compared across panels. These
illustrations do not establish localization accuracy or explanation faithfulness. Histopathological
inputs: MIaMIA Group, GasHisSDB [41], licensed under CC BY 4.0 (https://creativecommons.org/
licenses/by/4.0/); images were resized for analysis and presentation, and model-derived overlays
were added.

Attention was extracted in evaluation mode from the original test batches with node
positions preserved. The extraction procedure was verified by checking agreement with
the scaled dot-product attention computation and concordance with the original model
predictions. The visualizations use weights extracted from the original forward inputs;
detailed numerical verification diagnostics are reported in Supplementary Note S1.

The Transformer attention maps are distinct from the model’s auxiliary nodal-
magnitude output. The latter is computed as mj = ∥gj∥2, where gj is the embedding
after the GCN and before the Transformer, and summarizes representation magnitude.
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In contrast, rj describes the attention received during Transformer processing. Neither
quantity is the input-gradient map used in the Pixel Deletion evaluation below.

Figure 4 shows the first five cases of the fixed sample. The maps exhibit non-uniform
attention distributions and different spatial patterns across the illustrated images, character-
izing how the module weights contextualized node representations. These representations
already incorporate graph processing and a preceding Transformer layer; highlighted grid
positions therefore do not refer exclusively to the pixels beneath them. The maps comple-
ment the architectural description by revealing attention allocation, while classification
performance is assessed separately through the controlled ablation. Tumor-localization
accuracy and class-specific contributions cannot be inferred from these attention summaries
alone.
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Figure 4. Mean received attention in the final Transformer layer of FLIGENT-Net for five preselected
Abnormal images. Columns show the input, the 7 × 7 attention summary, and its overlay. A common
color scale is used across cases without per-image min–max normalization. Higher values indicate
greater received attention. Grid cells are enlarged by nearest-neighbor interpolation and overlaid with
opacity 0.4. Histopathological inputs: MIaMIA Group, GasHisSDB [41], licensed under CC BY 4.0
(https://creativecommons.org/licenses/by/4.0/); images were resized for analysis and presentation,
and model-derived overlays were added.

https://doi.org/10.3390/math14213867

https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.3390/math14213867


Mathematics 2026, 14, 3867 26 of 32

4.7. Quantitative Evaluation of Interpretability Using Pixel Deletion

The initial gradient ranking was held fixed while deleting 0%, 5%, 10%, 20%, 30%, 40%,
50%, 75%, and 100% of the pixels. All three channels of a selected pixel were set to zero
after normalization, equivalent to the ImageNet mean RGB color rather than black. Twenty
random permutations per image provided a comparator, with the same permutations
used for both models and nested masks across deletion fractions. These are perturbation
repetitions, not independently trained model seeds. Models remained in evaluation mode.
Each target retained its original test-batch position and unmodified companion images
to control observed numerical differences caused by regrouping batches. The maximum
discrepancy from saved original probabilities was zero for ResNet18 and 1.19 × 10−6 for
FLIGENT-Net; gradient-enabled forward checks also passed the 10−4 tolerance.

For image i, let Pi(0) be the original Abnormal probability. Curves were normalized
per image as qi(r) = Pi(r)/Pi(0), integrated by the trapezoidal rule over r ∈ [0, 1], and then
averaged across images. Random AUCs were first averaged across the 20 permutations for
each image. We define

∆AUCi =
1

20

20

∑
k=1

AUCrandom
i,k − AUCgradient

i . (42)

This quantity is based on deletion curves, not classification AUC-ROC. Positive values
favor gradient-guided deletion for reducing Abnormal probability. Negative values and
normalized curves exceeding one were retained. The common-correct selection ensures
Pi(0) ≥ 0.55, avoiding division by near-zero initial probabilities. Recalculation from the
saved curves reproduces the individual and aggregate AUCs; the 0% and 100% deletion
endpoints are consistent. Table 11 summarizes the mean normalized deletion AUCs and
negative-gap counts.

Table 11. Pixel Deletion on the same 100 common-correct Abnormal test images. AUCs are means of
per-image normalized deletion AUCs.

Model Gradient AUC Random AUC ∆AUC Negative Cases

ResNet18 0.1328 0.1503 +0.0175 33/100
FLIGENT-Net 0.3639 0.1386 −0.2253 91/100

Figure 5 shows the corresponding mean normalized deletion curves for gradient-
guided and random deletion.
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Figure 5. Mean per-image normalized deletion curves. Random curves average 20 shared permuta-
tions per image before averaging across images. No uncertainty across training seeds is estimated.
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The Pixel Deletion analysis compared ResNet18 and FLIGENT-Net using the same
input-gradient attribution, image subset, and perturbation protocol. ResNet18 obtained a
mean ∆AUC of +0.0175, indicating a small average advantage of gradient-guided deletion
over random deletion. FLIGENT-Net obtained −0.2253, indicating that random deletion
reduced its normalized Abnormal probability more effectively than deletion following
the gradient ranking. Negative per-image gaps occurred in 33 and 91 of the 100 cases,
respectively.

This difference highlights a limitation of the evaluated attribution–perturbation com-
bination. Absolute input gradients measure local sensitivity around the original image,
whereas cumulative deletion introduces finite changes. Furthermore, absolute values
discard the direction of the gradient, so highly ranked pixels do not necessarily provide
positive evidence for the Abnormal class. In FLIGENT-Net, each perturbed input also leads
to recomputation of spectral descriptors and graph connectivity; the discrete edge-selection
step is not differentiated by the gradient map. These properties may contribute to the
discrepancy between the initial gradient ranking and the subsequent deletion response;
however, their individual effects were not isolated experimentally.

The controlled comparison therefore identifies a boundary for interpreting the input-
gradient maps: for FLIGENT-Net, their ranking did not outperform random deletion under
the evaluated conditions. This finding complements the classification results by distinguish-
ing predictive performance from the behavior of the selected attribution method. It does
not evaluate the Transformer attention maps in Figure 4 or establish tumor-localization ac-
curacy. The conclusions remain conditional on the 100 Abnormal images correctly classified
by both models, the replacement scheme, and the evaluated checkpoints.

4.8. Comparison with Published GasHisSDB Results

Published GasHisSDB results are useful for external context, but they do not constitute
a controlled ranking because the studies differ in split ratios, image-size subsets, data
filtering, augmentation, pretrained weights, model-selection procedures, and reporting
conventions. Table 12 therefore reports representative published results together with
protocol notes rather than treating the numerical values as directly interchangeable.

Table 12. Representative published results relevant to GasHisSDB. Reported values are taken from
the cited studies and should be interpreted together with their different experimental protocols.
“Our split” denotes the persisted 60%/20%/20% patch-level partition used throughout the revised
experiments.

Study Data/Protocol Representative Method Accuracy (%) F1 (%)

Hu et al. (2022) [21] GasHisSDB, 160 × 160;
study-specific
train/validation/test protocol

ResNet50 96.09 95.10 (Abnormal)

Yong et al. (2023) [24] GasHisSDB, 160 × 160;
ensemble study

Ensemble-UA5 99.20 99.01

Mudavadkar et al.
(2024) [25]

GasHisSDB, 80/120/160;
transfer-learning ensembles

Best reported ensemble
across supplied resolutions

up to 99.72 –

Loddo et al. (2024)
[26]

GasHisSDB; handcrafted/deep
feature fusion without
fine-tuning

Fused features + SVM 95.00 –

ResNet18 (this study) GasHisSDB, 160 × 160; our
split, seed 42

ImageNet-pretrained
ResNet18

98.51 98.13

FLIGENT-Net (this
study)

GasHisSDB, 160 × 160; our
split, seed 42

CNN + FFT + GCN +
Transformer

97.31 96.59

For the 160 × 160 subset, Hu et al. reported 96.09% accuracy for ResNet50, with 95.1%
F1 for the Abnormal class [21]. Yong et al. reported 99.20% accuracy and 99.01% F1 for
their best five-model unweighted ensemble on the same patch size [24]. Mudavadkar et

https://doi.org/10.3390/math14213867

https://doi.org/10.3390/math14213867


Mathematics 2026, 14, 3867 28 of 32

al. reported ensemble accuracies ranging up to 99.72% across the supplied GasHisSDB
resolutions [25], whereas Loddo et al. obtained 95% accuracy with an SVM using fused
handcrafted and deep features and additionally studied cross-resolution generalization [26].
These values show that the dataset supports substantially different performance levels
under different modeling and evaluation choices.

A descriptive comparison of the reported accuracies further illustrates the effect of
these heterogeneous protocols. Numerically, the ResNet18 baseline in the present study
is 2.42 percentage points above the 96.09% ResNet50 result reported by Hu et al. and
0.69 points below the 99.20% Ensemble-UA5 result of Yong et al. FLIGENT-Net is 1.22
points above Hu et al. and 1.89 points below Yong et al. Relative to the 99.72% upper
accuracy reported by Mudavadkar et al. across the supplied GasHisSDB resolutions, the
corresponding differences are 1.21 points for ResNet18 and 2.41 points for FLIGENT-Net;
relative to the 95.00% result of Loddo et al., they are +3.51 and +2.31 points, respectively.
These arithmetic differences should not be interpreted as controlled performance gains or
losses. Hu et al. evaluated a single CNN under a study-specific protocol, Yong et al. and
Mudavadkar et al. used ensemble strategies, and Loddo et al. used fused handcrafted/deep
features with an SVM. Consequently, the spread from approximately 95% to above 99%
in Table 12 reflects not only model architecture but also differences in data partitioning,
preprocessing, model selection, and evaluation design.

Under the revised common split used in the present study, ResNet18 achieved 98.51%
accuracy and 98.13% F1, while FLIGENT-Net achieved 97.31% accuracy and 96.59% F1.
These within-study results do not support a classification-performance advantage for the
full multi-domain architecture over the CNN baseline. At the same time, direct claims of
superiority or inferiority relative to the external studies in Table 12 would be unwarranted
because the underlying protocols are not matched. The purpose of this comparison is
therefore to position the observed results within the published GasHisSDB range and to
motivate the controlled architectural characterization performed in this work.

5. Conclusions and Future Work
5.1. Conclusions

FLIGENT-Net provides a reproducible formulation for jointly representing gastric
histopathology in four domains: CNN-derived spatial morphology, localized Fourier
spectra, similarity-based graph relations, and Transformer-based global context. The
principal contribution of the study is this explicit representation flow together with a
controlled comparison of nine configurations under a common partition, training protocol,
and evaluation scheme. FLIGENT-Net achieved 97.31% accuracy, 96.59% Abnormal-class
F1, and 0.9964 AUC-ROC, whereas the simpler ResNet18 baseline achieved the highest
accuracy and F1 in the comparison, at 98.51% and 98.13%, respectively. Thus, the complete
multi-domain architecture is not presented as a predictive improvement over ResNet18;
rather, it provides an experimental setting for characterizing what is added—and what is
not gained—when spectral, relational, and contextual representations are integrated.

The complementary analyses make this characterization more explicit. The native-grid
spectral control produced 97.43% accuracy, but it simultaneously changed the local FFT
support from 32 × 32 to 22/23-pixel regions and altered the discrete spectral sampling, so
the small difference cannot be attributed specifically to removal of interpolation. Compu-
tational profiling quantifies the resource trade-off introduced by the additional modules,
while graph statistics show that a fixed cosine threshold produces representation-dependent
connectivity regimes. Even when the CNN-derived graph is sparse, the subsequent Trans-
former still permits global interaction among all 49 node tokens, distinguishing limited
GCN message passing from the global contextual stage. Finally, the common input-gradient
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deletion protocol characterizes the behavior of the selected attribution method separately
from predictive performance. Taken together, the reproducible formulation, controlled
architectural comparisons, and component-level characterization provide a concrete ba-
sis for refining spectral fusion and graph construction in future work; the constraints on
generalization and statistical inference are stated separately below.

5.2. Limitations

The evaluation uses one split and one run per configuration with seed 42; variability
across runs is not estimated, and the numerical seed itself is not assigned statistical or
model-selection significance. Accordingly, small observed differences among configura-
tions should not be generalized beyond this fixed stochastic setting. The split is performed
at image-patch level and therefore does not establish patient-, slide-, or source-image-
independent generalization. Because no provenance mapping from the distributed patches
to their originating source images was available in the materials examined, related patches
from a common source cannot be excluded from different partitions, even though byte-
identical files were not shared across them. This dependence could produce optimistic
performance estimates and requires caution when comparing the reported results with
studies based on patient- or source-grouped splits. Pretraining differs between CNN and
patch-based controls, and the variants are not parameter matched. The positive-class
weight, graph-connectivity threshold, and classification threshold were kept fixed through-
out the revised experiments; their sensitivity was not evaluated under the present protocol.
In particular, the same graph threshold generated sharply different densities across rep-
resentation spaces, and no degree-matching, k-nearest-neighbor constraint, or learned
graph-structure mechanism was evaluated. Consequently, the reported results characterize
the architectures at this operating point rather than establishing optimal hyperparameter
values or a topology-matched comparison. No stain-normalization comparison or augmen-
tation study is reported. Native-grid versus resized FFT was evaluated in one additional
seed-matched control, but the small observed difference was not replicated across multiple
seeds or alternative spectral parameterizations. The reported latency and GPU-memory
measurements are hardware- and implementation-specific inference measurements with
GPU-resident inputs; they exclude image decoding, preprocessing, host-to-device transfer,
and training-time memory. These limitations constrain causal claims about representation
components, deployment cost, and external generalization.

5.3. Future Work

Future work should prioritize source-grouped evaluation. This requires recovering or
obtaining a reliable mapping between the distributed GasHisSDB patches and their origi-
nating source images and, if patient or slide identifiers become available, grouping samples
at the highest available provenance level so that related samples cannot cross the training,
validation, and test partitions. The principal architectural comparisons should then be
repeated under that grouped protocol. Evaluation across multiple training seeds and
independent histopathology data sources is also needed to characterize variability and ex-
ternal generalization. A dedicated hyperparameter study may subsequently evaluate class
weighting, graph connectivity, and the binary decision threshold using training/validation
data only, with the selected operating point locked before independent test evaluation. The
topology results additionally motivate representation-aware graph construction, including
k-nearest-neighbor graphs, adaptive thresholds, minimum-degree constraints, and learn-
able graph-structure methods, so that relational connectivity is not determined solely by
one fixed cosine threshold. In parallel, future studies should replicate the native-grid FFT
comparison across multiple seeds and investigate improved spectral representations and
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fusion strategies; learnable spectral filters and wavelet-based descriptors are candidate
alternatives rather than demonstrated improvements. Model compression, more efficient
fusion, and profiling on additional hardware are also relevant for reducing the computa-
tional overhead of the full multi-domain configuration. Interpretation methods should
continue to be compared under a common attribution and perturbation protocol.
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