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Abstract

Volumetric medical image classification remains challenging due to limited
robustness and interpretability, largely because modern models based on CNNs
and Transformers primarily rely on appearance-driven cues and struggle to
explicitly capture global anatomical topology, such as connectivity, loops, and
cavities. To address this limitation, we propose TopoNet, a topology-guided
dual-branch framework that integrates multiscale topological structures into
volumetric representation learning. Specifically, TopoNet computes cubical per-
sistent homology to obtain persistence diagrams and distills robust topological
signals from background noise via statistical confidence bands, enabling adap-
tive and noise-robust filtering without relying on rigid thresholds. Crucially, to
overcome the spatial information loss inherent in traditional vectorization meth-
ods, the selected persistence features are mapped back to the voxel domain.



This process restores spatial context to generate spatially registered topolog-
ical structures, forming an explicit topology modality aligned with the input
images and providing spatially grounded structural cues that improve inter-
pretability. The image and topology modalities are encoded in parallel and fused
via stage-wise cross-branch attention to facilitate complementary feature inter-
actions across scales. We validate TopoNet on two datasets, where it consistently
outperforms strong baselines across key metrics, achieving 0.8197 + 0.0587 in
Accuracy and 0.8123 £ 0.1127 in AUC on the MSD Task07 Pancreas dataset,
and 0.9333 £ 0.0079 in Accuracy and 0.9267 £ 0.0437 in AUC on the BraTS
2018 dataset. Overall, these results indicate that topology-guided multimodal
fusion provides a promising avenue for improving performance, robustness, and
clinical interpretability in volumetric medical image classification. The code is
available at https://github.com/hbgdcq/TopoNet.

Keywords: Volumetric medical image classification, Persistent homology, Confidence
bands, Topological structures, Multimodal fusion

1 Introduction

Medical image classification is central to clinical decision-making, as the accurate
interpretation of radiological and tomographic data is essential for early disease diag-
nosis, prognostic evaluation, and the optimization of therapeutic interventions [1].
Despite rapid progress, achieving robust and generalizable performance remains chal-
lenging, especially for volumetric medical imaging, due to intrinsic heterogeneity, high
dimensionality, and noise. These factors often limit the reliability of purely appearance-
driven learning pipelines and can lead to inconsistent performance across patients and
acquisition settings.

In response, several studies have successfully employed Convolutional Neural
Networks (CNNs) and Vision Transformers (ViTs) in various medical imaging clas-
sification tasks. Studies such as [2, 3] have utilized CNN-based architectures to
enhance diagnostic performance across diverse modalities, demonstrating the effec-
tiveness of convolutional feature extraction in clinical contexts. Meanwhile, ViT-based
frameworks have gained increasing attention, with works like [4, 5] highlighting
their potential for disease classification, particularly in neurological and oncological
domains. To further improve performance and generalizability, several studies [6-8]
have proposed hybrid architectures that integrate CNNs with Transformers, aiming to
combine the complementary strengths of local convolutional patterns and global atten-
tion mechanisms. However, these pixel-level architectures primarily model texture and
contextual cues and often provide insufficient representation of intrinsic anatomical
topology in medical images. Unlike natural images, medical images frequently exhibit
prominent anatomical topology. For example, in the diagnosis of pancreatic ductal
adenocarcinoma (PDAC), healthy pancreatic ducts typically appear as continuous
tubular structures. In contrast, PDAC is frequently associated with abrupt narrowing,
fragmentation, or abnormal dilation of the duct, resulting in substantial topology-
related changes, including altered connectivity and loop-like patterns [9]. Conventional
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architectures inherently lack the mathematical guarantees to distinguish between a
fragmented duct and a continuous one based purely on local appearance, thereby
limiting both their diagnostic accuracy and interpretability. Therefore, incorporat-
ing topological analysis into classification frameworks offers a promising direction. It
provides complementary, clinically aligned structural information and improves both
predictive robustness and interpretability.

Topological data analysis (TDA) is a collection of mathematical and computational
methodologies designed to construct and extract topological features embedded within
complex data [10, 11]. Among these techniques, persistent homology has emerged as
a foundational and widely adopted approach [12], offering a robust and theoretically
grounded framework for capturing structural features across multiple spatial scales,
from local to global. Briefly, persistent homology tracks the evolution of topological
features across multi-scale spatial resolutions. Instead of relying on fixed geometric
shapes, it characterizes data through fundamental structural invariants: connected
components (Hy), loops (H;), and voids (Hs). In medical imaging, Hy features may
correspond to discrete lesion candidates or tissue components, H; features can reflect
ring-like or boundary-related patterns, and Hs features often indicate internal cavities
or disrupted tissue organization. Fig. 1 offers an intuitive visual summary of PDAC-
relevant topological patterns captured by persistent homology in pancreatic imaging.
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Fig. 1 The topological structure in PDAC. From left to right, red arrows highlight representative
topology-related patterns within the pancreatic region: Hp disconnected low-attenuation foci corre-
sponding to multiple isolated hypodense regions, H; loop-like ductal/boundary structures associated
with ductal dilation, and Hs a necrosis-induced cystic cavity forming an enclosed void.

Necrotic Cavity

Persistent homology has demonstrated notable success across a wide range of
biomedical applications, particularly in the analysis of medical imaging data. Rep-
resentative tasks include predicting pathological complete response [13, 14], lesion
detection and classification [15-19], biomedical network analysis [20, 21], and image
segmentation [22, 23]. Despite these achievements, a critical challenge in applying per-
sistent homology to medical imaging lies in the presence of substantial topological
noise (e.g., spurious loops arising from intensity inhomogeneities or scanning artifacts)
[24], which can obscure clinically meaningful structures. The extraction of significant
topological features under such conditions is inherently nontrivial. To address this
issue, most existing studies [16, 19] employ threshold-based filtering strategies that
retain only a subset of features based on persistence values. However, such approaches



can be sensitive to case-to-case variability and acquisition differences, risking discard-
ing subtle but clinically relevant topological patterns and reducing robustness under
distribution shifts. Furthermore, a fundamental limitation of current approaches is the
“spatial detachment” problem. Many studies [13, 17] integrate topological features by
vectorizing them (e.g., persistence images) and concatenating them with neural net-
work features. This process inherently discards the spatial coordinates of topological
features. Consequently, the network learns global structural complexity but loses the
ability to localize where the specific lesion or ductal disruption occurs. This lack of
explicit interaction between topological descriptors and the hierarchical spatial repre-
sentations hinders the exploitation of their complementarity. As a result, the model’s
ability to make comprehensive, interpretable, and structure-aware decisions in clinical
scenarios is markedly constrained.

To address these limitations, we propose TopoNet, a topology-guided dual-branch
framework for volumetric medical image classification. Unlike previous works that
treat topology as a global descriptor, we introduce a mechanism to restore topological
features to their spatial origins. Specifically, we compute cubical persistent homology
and derives persistence diagrams on cubical complexes. It then selects statistically
significant persistence pairs via confidence bands, enabling adaptive and robust topol-
ogy selection under substantial topological noise. We then perform a dimension-aware
topology-to-voxel mapping that leverages cubical persistence to localize the selected
persistence pairs and rasterize Hy/H;/H, structures into spatially registered binary
topology masks, yielding an explicit topology modality complementary to the raw
image. Finally, the image and topology modalities are encoded in parallel and coupled
through an attention-based cross-branch fusion mechanism. Topology-derived struc-
tural context is then injected into hierarchical features in a stage-wise manner, which
stabilizes cross-modal learning, mitigates representational mismatch, and enables the
joint capture of fine-grained appearance cues and global topological features.

In summary, our work has four main contributions:

(1) We propose a statistically grounded topology extraction framework that identi-
fies significant persistent homology features on cubical complexes via confidence
bands, effectively separating robust clinical signals from background topological
noise without relying on rigid thresholds.

(2) We bridge the gap between abstract topological summaries and grid-based deep
learning by developing a dimension-aware topology-to-voxel mapping pipeline. This
extracts topological structures across multiple homology dimensions (Hy/H;/H>)
and converts them into spatially aligned, voxel-wise topology representations.

(3) We design TopoNet, a topology-guided dual-branch architecture that encodes the
original image and the topology modality in parallel, facilitating explicit cross-
modal interactions to guide the network’s attention toward structurally significant
regions.

(4) We conduct extensive experiments on two datasets, showing consistent improve-
ments over strong baselines. In particular, TopoNet achieves highly competitive
performance across key metrics on both datasets, demonstrating the effectiveness
and generalizability of the proposed topology-guided learning paradigm.



The remainder of this paper is organized as follows. Section 2 reviews related work.
Section 3 presents the proposed method. Section 4 reports the experimental results
and performance evaluation on public datasets. Section 5 concludes the paper.

2 Related work

2.1 Deep learning methods

Recent advances in deep learning, particularly those based on CNNs and ViTs, have
significantly improved performance in medical image classification tasks. State-of-the-
art approaches have evolved from pure convolutional networks to hybrid architectures
that aim to balance local texture extraction with global contextual reasoning.

In the realm of CNN-based approaches, researchers initially focused on enhancing
feature hierarchies through transfer learning and multi-task frameworks. Magsood
et al. [2] and Akter et al. [3] demonstrated that integrating auxiliary tasks, such
as segmentation, can significantly boost classification accuracy by enforcing shape
awareness within the feature encoders. However, to overcome the intrinsic locality
bias of convolutions, recent attention has shifted toward ViTs and hybrid designs.
For instance, Huang and Qiu [4] developed MC-VIiT to leverage stochastic sampling
for global context, while hybrid architectures such as DSMT-Net [5], Ef-CTM [6],
CTransCNN [7], and StoHisNet [8] were proposed to bridge the gap between CNNs
and Transformers. By integrating attention mechanisms with convolutional layers,
these methods mitigate the trade-off between local detail preservation and long-range
dependency modeling, demonstrating strong generalization across datasets ranging
from gastric histopathology to endoscopic ultrasound.

Despite these advances, a major limitation persists: the features extracted by
CNNs and ViTs are primarily sensitive to local intensity variations and texture-level
descriptors. Consequently, they often fail to capture essential global and topological
anatomical structures, such as connected components, loops, and cavities, that are crit-
ical for accurate clinical interpretation. This limitation can hinder model performance,
particularly in tasks requiring structural reasoning and topological awareness.

2.2 Topological deep learning methods

Persistent homology, a method for identifying topological features across multiple spa-
tial scales, has achieved remarkable success in various medical analysis tasks. Early
works, such as [16] and [18], pioneered the use of handcrafted topological descrip-
tors. Asaad et al. [16] utilized barcode vectorizations for mammogram analysis, while
Stolz et al. [18] introduced topological lenses to quantify vascular connectivity. While
foundational, these methods rely heavily on manual feature engineering and are often
sensitive to parameter selection, limiting their end-to-end learnability.

To address these constraints, recent efforts have sought to integrate TDA directly
into deep learning frameworks, broadly categorizing into regularization-based and
feature-fusion approaches. For regularization, Du et al. [14] leveraged knowledge dis-
tillation to transfer topological knowledge into neural networks, improving response



prediction accuracy. For feature fusion, Peng et al. [19] and Hu et al. [25] investi-
gated hybrid streams where topological features are computed and fused with visual
features. Similarly, Wang et al. [13] introduced TopoTxR to guide attention mecha-
nisms using topological biomarkers. However, two critical bottlenecks remain in these
state-of-the-art integration methods: (1) Sensitivity to Noise: Significant features are
often selected via rigid thresholding, which may discard subtle but clinically relevant
structures in noisy medical scans. (2) The “Spatial Detachment” Problem: Most exist-
ing methods [17, 25] inherently vectorize topological features (e.g., into Betti curves
or persistence images) to form global descriptors. This vectorization process collapses
the spatial dimensions, effectively divorcing topological information from its origi-
nal coordinates. Consequently, while the network learns global structural complexity,
it loses the ability to localize where the specific topological anomaly (e.g., a broken
duct) occurred, leading to a representational mismatch between spatially-aware deep
features and spatially-agnostic topological vectors. To address these issues, we pro-
pose a unified framework that restores spatial context to topological features via a
dual-branch architecture coupled with an attention-based fusion mechanism.

3 Method

In this paper, we propose a topology-guided framework for medical image classifi-
cation. The key idea is to incorporate persistent homology as an explicit structural
prior into deep representation learning, and to enhance the guiding effect of topology
features on image feature extraction through attention mechanisms.

For clarity, the remainder of this section is organized as follows. Section 3.1 briefly
reviews the fundamentals of persistent homology and its construction on volumetric
data. Section 3.2 presents a confidence band-based strategy for selecting significant
topological features. This strategy adaptively retains statistically salient persistence
pairs from the persistence diagram, resulting in more robust and reliable topological
structures. Section 3.3 describes the overall design of the proposed topology-guided
dual-branch network, TopoNet. It details how the two modalities are encoded in par-
allel and how cross-branch interactions are implemented. In particular, Section 3.3.1
introduces the procedure for mapping the selected persistence pairs back to voxel
space to construct topology-derived representations that are strictly spatially aligned
with the input images. Building on these components, Section 3.3.2 provides a sys-
tematic description of the complete TopoNet architecture and its end-to-end training
paradigm.

3.1 Persistent homology

In this section, we present a brief introduction to the fundamentals of persistent
homology within the context of algebraic topology. For a more detailed and rig-
orous exposition, the readers are referred to [11]. Persistent homology provides a
robust, multi-scale framework for identifying and quantifying topological structures
that remain stable across varying spatial scales, thereby offering meaningful insights
into the intrinsic organization of complex data.



Let f : Q@ — R denote a scalar field defined on an image domain Q (e.g., voxel
intensity or density). For any threshold ¢ € R, the associated sublevel set is defined as:

Sy={r e Q| f(z) <t} (1)
A filtration is a nested sequence of sublevel sets:
Sty €8 € C 8y, (2)

where tg < t; < --- < t,. For i < j, the inclusion S;, — Stj induces homomorphisms
Hy.(St,) — Hpg(St;). The resulting persistence module summarizes how k-dimensional
topological features are created and destroyed across the filtration. For each thresh-
old t;, topological features can be characterized by the homology groups {H(St,)},
which encode k-dimensional cycles at the corresponding scale. In particular, Hy sum-
marizes connected components (connectivity), H; captures loop-like or tunnel-like
structures (e.g., the interior of a ring or the handle of a mug), and Hs represents
enclosed voids or cavities (e.g., the hollow interior of a sphere). In this work, we
focus on k € {0, 1,2}, which captures the most interpretable structures in 3D medical
volumes; higher-dimensional homology is rarely used in our setting. For volumetric
images, these sublevel sets can be instantiated on a cubical complex defined over the
voxel grid, so that S; corresponds to a subcomplex that is spatially aligned with the
original volume.

Persistent homology further tracks how these features evolve along the filtration.
A topological feature is said to be born at threshold ¢; when it first appears, and
dies at threshold t; when it disappears (or merges into an older feature). This event
is recorded as a persistence pair (¢;,t;), which corresponds to a point (b,d) in the
persistence diagram with b = ¢; on the x-axis and d = t; on the y-axis. The quantity
d — b measures the persistence of the feature: features with larger persistence are
more likely to reflect stable and salient structures, whereas short-lived features may
arise from minor fluctuations or noise. In subsequent sections, we introduce principled
criteria to select statistically meaningful persistence pairs for our task.

Fig. 2 summarizes the H; persistent homology of the synthetic image f. As the
threshold increases, each loop is summarized by a birth value b and a death value
d, which form a persistence pair (b,d). Its lifetime is quantified by d — b, and more
persistent loops correspond to more prominent structures.

3.2 Extraction of statistically significant topological features
guided by confidence bands

In medical image analysis, a central challenge associated with persistent homology
is effectively distinguishing between meaningful topological features related to patho-
logical or anatomical structures and irrelevant noise within the persistence diagram,
thereby improving diagnostic performance. Most existing studies address this issue via
manually tuned thresholds to filter out low-persistence features. However, such strate-
gies have several notable limitations. First, manual threshold selection is inherently
subjective and heavily reliant on intuition, which hinders full automation, reduces
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Fig. 2 Illustration of one-dimensional persistent homology (H1) under a sublevel set filtration. Top:
The sublevel set filtration workflow for an input image f containing a dark background of intensity 50
and two bright annular boundaries with intensities 125 (small loop L1) and 225 (large loop L2). We
construct sublevel sets Sy = {z | f(z) < t} at thresholds ¢ = 50, 125,225. At ¢ = 50, the background
enters first while the bright annuli are still excluded, yielding two H; generators (loops) associated
with the two rings. As t increases to 125, the small annulus enters St and the corresponding H; cycle
(Ly) is filled in by 2-cells and thus dies; at ¢t = 225, the large cycle (L2) dies analogously. Bottom:
The corresponding persistence diagram analysis, where the points (50,125) and (50, 225) represent
the birth-death pairs of the small and large loops, respectively.

cross-study consistency, and can undermine the stability and reproducibility of the
resulting representations. Second, fixed thresholding is often insensitive to the intrin-
sic topology of the underlying data distribution, increasing the likelihood of discarding
subtle yet clinically relevant anatomical or pathological signals. Consequently, diag-
nostic sensitivity and overall accuracy may be compromised. In this section, we first
present the confidence-band framework in a general point-cloud setting. We then apply
the corresponding stability guarantees to cubical complexes for volumetric images.
In reference [26], the authors propose an effective method for distinguishing topo-
logical noise from genuine topological signal. For completeness, let X and Y be two
compact subsets of a Euclidean space, and let ) denote a filtration operator (e.g., Rips
or Alpha complex) that maps a geometric object to its persistence diagram, denoted
by Dgmy(n(-)). Here Dgmy denotes the persistence diagram in homology dimension
k. The stability theorem for persistent homology guarantees that, for any two compact
sets:
d(Dgmi(n(X)), Dgmi(n(Y))) < Cdy (X, Y) (3)



where dp(-,-) is the bottleneck distance between persistence diagrams, dg(-,-) is the
Hausdorff distance between sets, and C' is a filtration-dependent stability constant
(e.g., C =1 for the Alpha complex filtration, C' = 2 for the Rips filtration). Now
consider an i.i.d. sample X,, of size n drawn from a distribution P supported on X. To
construct a (1—a)-level confidence band for the true persistence diagram Dgmy(n(X)),
one first establishes:

Pldy(X,X,) <ca)>1—-a (4)
That is, with probability at least 1 — «, the Hausdorff deviation between the empirical
point cloud and the true support is bounded by ¢,. Combining (4) with the stability
bound in (3) yields:

P(dp(Dgmi(n(X)), Dgmi(n(Xys))) < Cca) 21— ()

We define the persistence diagram bandwidth as the bottleneck radius €, := C'¢y. The
resulting (1 — «)-confidence set for the true persistence diagram is:

ti—o ={Dgm | dp(Dgm, Dgmi(n(Xn))) < ea} (6)

Consequently, ¢1_,, contains the true diagram Dgmy(n(X)) with probability at least
1 — a. Under the ¢, metric used in the bottleneck distance, matching a point (b, d) to
the diagonal incurs cost distoo((b,d), A) = (d — b)/2. Therefore, a feature is regarded
as statistically significant if it cannot be absorbed by the confidence band around the
diagonal, i.e.,

d—0b> 2, (7)
Pairs with d — b < 2¢,, are treated as likely topological noise. In practice, c,, is esti-
mated via a subsampling procedure and taken as an empirical quantile of Hausdorff
deviations. Specifically, we repeatedly draw subsamples of size m and compute the
one-sided Hausdorff deviation from the held-out set to each subsample. Let {D(b)}{?:l
denote the resulting maxima over B subsamples; we set:

éo =2 - Quantile;_o({D®}E ) (8)

where the factor 2 follows the standard scaling in the subsampling-based bound.
We then obtain £, = C¢, and apply d — b > 2é, to select significant persistence
pairs. Overall, this framework provides a principled and statistically grounded mecha-
nism for assigning confidence to topological features in persistence diagrams. Further
theoretical details and stability proofs are provided in [26].

As illustrated in Fig. 3, we generated two noisy concentric-circle point clouds by
sampling 1500 points from a circle of radius 0.4 and 3000 points from a circle of radius
0.8, with each point perturbed by i.i.d. uniform noise in [—0.02,0.02] added to both
coordinates. We then applied a subsampling-based method to obtain a (1 —a) = 0.9
upper bound on the Hausdorff distance between the empirical point cloud and its
underlying true support, which in turn determines the persistence diagram bandwidth
€q- Features that lie within the semi-transparent gray band of height 2¢, above the
diagonal y = x are treated as topological noise, since their persistence is too small to



rise above the uncertainty induced by sampling variability. In contrast, points outside
this band, most notably the two dominant H; features corresponding to the inner and
outer rings, are well separated from the diagonal and are therefore deemed statistically
significant. This example demonstrates that the subsampling-derived confidence band
effectively distinguishes genuine loop structures from spurious topological artifacts.

1.0
0.5 Outer Ring f 4" """~
0.0
-0.5F o
5 [h
o significant
9% =05 00 05 10 00 01 02 03 04 05

Fig. 3 Persistent homology on a noisy concentric-circle point cloud. Left: Two simulated noisy
concentric rings, with the inner ring shown in blue and the outer ring shown in orange. Right:
Persistence diagram for homology dimensions Hg and H1. The semi-transparent gray region of height
2eo above the diagonal y = x visualizes the (1 — ) = 0.9 confidence band parameterized by eq.
Features with persistence d — b > 2, are highlighted by black-edged hollow circles to indicate
statistical significance. The essential feature with infinite death time is shown at the top boundary
as a gray dashed line for visualization.

Unlike Rips or Alpha complexes, which are constructed from point-cloud filtrations
and admit confidence-band constructions based on Hausdorff perturbations, cubical
complexes are induced directly by voxel-wise scalar fields (e.g., intensity or density
functions). Consequently, confidence-band methods designed for simplicial complexes
are not directly applicable in voxel-based medical imaging. To bridge this gap, we
propose a strategy compatible with cubical complexes to quantify diagram-level uncer-
tainty in persistence diagrams and to identify statistically significant topological
features.

Let F': Q C Z? — R denote a voxel function defined on a 3D grid Q. We simulate
incomplete observations by subsampling the voxel field and reconstructing a complete
surrogate function. Specifically, for b = 1, ..., B, we generate an identically distributed
random binary mask M©® ¢ {0,1}‘QI that retains each voxel with probability p
(restricted to a region of interest to focus on anatomically relevant structures). This
produces a partially observed volume Fo(gl, where a subset of voxel values is treated as
missing. A deterministic reconstruction operator R(-), such as constant-value filling,
grayscale morphological dilation, or interpolation, is then applied to obtain a complete
surrogate field FO) = R(F O(Zg) In our implementation under a sublevel-set filtration,
dropped voxels are imputed by a value slightly larger than max(F') so that they enter
the filtration last.
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The subsampling and reconstruction procedure is repeated B times to characterize
variability induced by incomplete sampling. We quantify uncertainty either at the func-
tion level or directly at the persistence-diagram level. For function-level uncertainty,
we compute the reconstruction error under the supremum norm,

50 = |F = FOl|oe = max | F(x) - FO(z) )
z€Q

and let §;_, denote the (1 — a)-quantile of {§()}2 . We then define the confidence
bandwidth as: .
Eaq = (51,0[ (10)
Accordingly, statistical significance is determined by whether a persistence pair
remains separable from the diagonal under the ¢, bottleneck metric; we retain only
features satisfying d — b > 2¢,,.
In practice, to tightly align with discrete cubical implementations and avoid esti-
mating additional filtration-dependent constants, we adopt a diagram-level estimate
by directly computing bottleneck deviations,

A®) = dp(Dgmy(F), Dgmy(F®)) (11)
and setting A;_, as the (1 — a)-quantile of {A(b)}, with 4 = A;_,. This yields
an empirical confidence bandwidth that is filtration-consistent and implementation-
aware.

According to the stability of cubical persistence, the bottleneck distance between
Dgmy(F) and Dgmy(F®)) is controlled by the perturbation magnitude of the under-
lying voxel function. Consequently, any feature (b,d) € Dgmy(F) with lifespan
d — b < 2¢, is statistically indistinguishable from voxel-level subsampling and recon-
struction noise and is regarded as unstable or spurious. Conversely, features satisfying
d—b > 2¢, are retained as statistically significant topological signals. This criterion is
applied independently to k € {0, 1,2} to extract confidence-filtered connected compo-
nents, loops, and cavities, which are subsequently localized back to the voxel domain
and used as topology-derived inputs in our framework.

3.3 Topology-guided dual-branch network

We propose TopoNet, a topology-guided dual-branch framework for medical image
classification that integrates complementary image information with explicit topolog-
ical structures. This section is organized into two parts. First, we describe topological
structure extraction via persistent homology. Specifically, we construct a cubical-
complex sublevel set filtration to compute Hy (connected components), H; (loops),
and H (cavities). Guided by the criteria in Section 3.2, we further select statistically
significant topological features, and map the persistence-derived structures back to the
voxel space to form spatially aligned topological tissue structures consistent with the
input images. Second, we detail the TopoNet architecture, describing how the topol-
ogy modality is encoded in parallel with the image modality, and how cross-branch
interaction modules are designed to fuse topology-aware representations for robust
prediction.

11
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Fig. 4 The overview of the proposed TopoNet framework. The top panel consists of two parts.
The left part illustrates topological structure extraction, where persistent homology together with
a confidence band is used to identify statistically significant topological structures. The right part
shows the topology-guided dual-branch classification network, which comprises an image branch and a
topology branch for parallel feature encoding and topology-guided fusion. The bottom panel details
the architecture of the cross-branch interaction module (CBIM) (including the texture enhancement
module, the topology enhancement module, and the cross-attention module), as well as the attention
pooling used for feature aggregation before the MLP head.

3.3.1 Topology Structure Extraction via Cubical Persistence

We explicitly encode topological structure into volumetric representation learning by
computing persistent homology on cubical complex and extracting voxel-wise topo-
logical structures from the input intensity field. Specifically, a sublevel set filtration
is constructed to compute the persistence of Hy, Hy, and Hs. Let f : 2 — R denote
the 3D intensity field, and let K be the associated cubical complex. We represent the
input volume on a regular cubical grid and assign filtration values on lattice sites as
val(v) = f(v). Higher-dimensional cells inherit filtration values via the standard cubi-
cal rule, defined as the maximum over their incident vertices, which ensures inclusion
consistency across sublevel sets. The filtration is defined as:

K, ={o € K |val(o) <t} (12)

where wval(-) denotes the cubical filtration value of a cell o, derived from image
intensities. Following Section 3.2, statistically salient persistence pairs are identified
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using confidence bands and subsequently mapped back to the image domain, yielding
topology-derived tissue structures that are spatially aligned with the original vol-
ume. These topology-informed structures provide interpretable, scale-aware geometric
constraints and serve as an auxiliary modality for our topology-guided dual-branch
network. In the following, we describe the extraction procedures for topology-derived
structures induced by Hy, Hy, and Hs, respectively.

Hjy: Seed-guided connected component mask extraction from persistence
pairs. Under this filtration, Hy characterizes the birth and merging of connected
components. Each H persistence pair (b;, d;) indicates that a component is born at
t = b; and dies at t = d; when it merges into an older component according to the elder
rule. After identifying statistically significant persistence pairs via the confidence band,
we localize the spatial support of each selected component by taking its birth seed
s;, provided by the creator index (i.e., the birth voxel that creates the corresponding
Hj class). We then extract the seed-connected component immediately prior to the
corresponding merge event. We determine the target connected component using a
pre-merge threshold:

thioh — g, — 5 (13)
together with a birth-side stabilization threshold:
thow — b, + ¢ (14)
high

specifically, we sample the connected component containing the seed s; at t;"”", while
té"w serves to stabilize the birth-side thresholding against discretization and tie effects.
Unless otherwise stated, we set § = = 1073. Let V; = {v € Q| f(v) <t} denote the
sublevel set lattice sites at threshold ¢. We define the voxel-wise connected-component
mask as:

M; = CC(‘/thigh,Si) = {l’ € ‘/thigh | X <> Si} (15)
where <+ denotes voxel connectivfty under a chosen adjacency (e.g., 6-neighborhood).
The resulting connected set is directly interpreted as a binary voxel mask on the input
grid.

H,: Persistent 1-cycle extraction via matrix reduction. Complementary to
region-level connectivity, H; captures loop-like structures. Within the same cubical
filtration to guarantee filtration monotonicity and inclusion consistency, each cell o is
assigned a non-decreasing filtration value using the standard cubical rule:

val(v) = F(v), val(e) = max{f(v1), f(v2)}, val(g) = max{f(vr), f(v2), f(vs), F(va)}
(16)
where v, e, and g denote vertices, edges, and square faces, respectively. We obtain a
deterministic filtration order by sorting cells by val(o), with a fixed tie-breaking rule
(e.g., by cell dimension and lexicographic index) to handle equal val(o) values.
Over the field Zo, we define the chain groups and boundary operators:

81 : Cl — C0,82 : CQ — Cl (17)

The boundary matrices are implemented in a column-set form: each edge column
01 (e) contains its two incident vertices, and each face column 02(g) contains its four
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boundary edges (orientations are irrelevant over Zs). Applying the standard persis-
tent homology matrix reduction with respect to the above filtration order yields the
set of H;y persistence pairs. For each pair (b;,d;), a representative 1-cycle is recon-
structed by tracking the column operations throughout the reduction procedure, and
is returned as cycle-edge-indices, i.e., the set of supporting edge indices forming a dis-
crete loop. Subsequently, we rasterize each representative 1-cycle into a binary loop
mask. Specifically, for each persistence pair (b;,d;), we take the edge indices returned
by cycle-edge-indices and map them onto the voxel lattice by marking voxels adjacent
to the corresponding edges, resulting in a sparse loop mask. To obtain a more sta-
ble and thickness-aware structure, we optionally apply a morphological dilation with
radius r = 1, thereby forming a tubular neighborhood around the loop. Here r is mea-
sured in voxels on the native grid. Finally, we aggregate the masks associated with all
salient persistence pairs selected by the confidence band criterion to produce the H;
loop mask.

H,: Destroyer seeded cavity identification and shell mask construction.
In 3D cubical persistent homology, an Hsy class corresponds to a bounded cavity
enclosed by the object. Such cavities often align with clinically meaningful structures
in medical imaging (e.g., cystic lumens or necrotic voids), and the associated represen-
tative cycle can be interpreted as the closed shell surface that bounds the cavity. In a
sublevel set filtration, the birth of an Hy class indicates the formation of an enclosed
void space, whereas its death occurs when the cavity is filled by the inclusion of a
3-cell (cube), causing the void to vanish.

To localize the image-domain support of a specific Hy feature, we adopt a seeded
strategy analogous to the Hy extraction procedure. Specifically, after enumerating
all interior cavities in the sublevel set, we use the destroyer 3-cell coordinate asso-
ciated with the selected persistence pair to uniquely identify the target cavity. The
destroyer voxel serves as a seed for geodesic region growing within the complement
of the sublevel set object, yielding a cavity mask that is precisely aligned with the
current Hs class. To obtain a stable voxel-wise approximation of the representative
2-cycle, we further construct the object boundary adjacent to the extracted cavity
using morphological operators, and optionally refine it by seeded connectivity con-
strained within this boundary using the neighborhood of the destroyer coordinate. The
resulting cavity shell mask provides a robust discrete surrogate of the closed bound-
ing surface, capturing the topology-defining geometry more faithfully than the cavity
interior alone.

Finally, the above procedures yield binary topology masks corresponding to Hy, Hy,
and Hs. These masks are combined by union to form a unified topology representation
(with the specific fusion strategy determined through ablation studies), which is then
used to extract spatially aligned regions from the original image volume while pre-
serving the associated voxel intensity information, thereby completing the topological
structure extraction stage.

3.3.2 The architecture of TopoNet

As illustrated in Fig. 4, we propose TopoNet, a dual-branch 3D architecture for vol-
umetric medical image classification that jointly leverages image information and
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topological structural features. The overall framework comprises three stages: (1)
mono-modal feature extraction, (2) dual-modal feature fusion, and (3) classification
head.

1) Mono-modal feature extraction. Given an input image I € RPXH*xWxC
and a topology-related volume T € RP*XHXWXC ' we employ two independent
3D DenseNet121 branches, ¥img and ¥iopo, to extract modality-specific multi-scale
representations:

Fl = img (13 01), FF = Y10po(T307),0 € {1,2,3,4} (18)

where FI FT € Rdixhixwixci denotes the stage-wise feature maps (corresponding
to layer 1-4 in the implementation), and 6; and 67 are the learnable parameters
of the image branch and the topology branch, respectively. In our 3D DenseNet121
instantiation, the channel dimensions follow ¢; = {256,512, 1024, 2048}. Notably, after
projecting the persistence-derived topological structures back into voxel space, the
topology modality is typically highly sparse: responses are concentrated in a small
subset of voxels, whereas most voxels remain near zero. To enhance robustness under
such sparse activations, we replace all Batch Normalization layers in the topology
branch with Group Normalization (GN). We use a fixed group number (e.g., G = 32)
for GN across the topology branch. By eliminating reliance on mini-batch statistics
(mean and variance), GN yields more stable feature normalization and facilitates more
reliable optimization in volumetric training settings.

2) Dual-modal feature fusion. To effectively aggregate the complementary
information from the two modalities, we introduce, at stage 3 and 4 (i.e., a halfway
fusion paradigm), a cross-branch interaction module (CBIM) that consists of
three components: a texture enhancement module, a topology enhancement module,
and a cross-attention module.

First, on the image branch, we employ a lightweight texture enhancement
module to strengthen local texture features with minimal computational overhead.
Conventional spatial attention mechanisms typically incur substantial memory cost;
moreover, their strong emphasis on global context may under-model local spatial
variations, thereby weakening fine-grained detail representations. To alleviate this
limitation, we adopt a spatial gating scheme based on depth-wise convolutions that
approximates spatial self-attention using only convolutions. As illustrated in Fig. 4,
the texture enhancement module is defined as:

W = o(PW(DW(F))) (19)

Fl'=F'o(1+Ww) (20)
where DW () denotes a 3 x 3 x 3 depth-wise convolution, PW(-) denotes a 1 x 1 x 1
point-wise convolution, o(-) is the sigmoid function, and ® denotes element-wise
multiplication with broadcasting over channels. This module acts as a residual spa-
tial amplifier that selectively boosts texture-salient regions. In this way, the texture
enhancement module strengthens locally discriminative appearance information on
the image branch before it is fed into the subsequent cross-branch fusion.

15



Next, complementary to the texture enhancement module on the image branch,
we further refine the topology features by employing a sparsity-aware topology
enhancement module. Given a topology feature map F7', we first construct a binary
validity mask M from non-zero activations and restrict the subsequent depth-wise
convolution to these valid regions. The resulting responses are then normalized by
the number of valid voxels within each convolutional kernel, yielding a sparsity-aware
local aggregation that is robust to variations in activation density. Finally, a point-wise
1 x 1 x 1 convolution, followed by GN and a SiLU nonlinearity, is applied and added
back to the input in a residual fashion. This design prevents background zeros from
contaminating topology representations and enables stable, multi-scale aggregation of
topology features on their sparse spatial support. Formally, the topology enhancement
module is defined as:

M =I(|FT]; > 0) (21)
F =DW(FT © M)/(conv(M) + ¢) (22)
FT = FT 4+ SiLU(GN(PW (F))) (23)

where M is the binary validity mask derived from non-zero activations, DW(-) and
PW (-) denote depth-wise and point-wise convolutions, conv(-) is a convolution with
an all-ones kernel used to count valid voxels for normalization, GN(-) denotes Group
Normalization, SiLU(-) is the SiLU activation function, ® denotes element-wise
multiplication, and ¢ is a small constant for numerical stability.

Finally, we perform cross-modal fusion using a cross-attention operator ®,(-) that
conditions image features on topology-guided context:

FI<T = &,(F], FT;0),i € {3,4} (24)

here, ®;(-) corresponds to the implemented cross-attention module at stage i,
where image features are used to construct queries and topology features provide keys
and values to modulate the image representations. Let FI and FT denote the image
and topology feature maps after the texture enhancement rnodule and the topol-
ogy enhancement module, respectively. Both feature maps are flattened into token
sequences 17, Ty € RV*C . The topology tokens are then projected into value and key
spaces, while the image tokens are projected into the query space, as defined:

Qr=TW® Kp =Ty WE Vp =T WV (25)

where W®, WX and WV are learnable projection matrices. Notably, to control the
computational cost of 3D attention and to focus on salient topology tokens, we apply
token compression and selection before computing attention. Specifically, we downsam-
ple I, FT to a fixed token grid via max pooling (e.g., 43 at stage 3 and 33 at stage 4),
and select a fixed proportion of Top-K; topology tokens according to their I energy,
which are further used to generate T and Tr. By default, we set (K3, K4) = (0.5,0.5).
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Based on the remaining tokens, we build the cross-modal correlation matrix via
dot-product attention and obtain the topology-conditioned image representation:

QIKx
VDg

where Dy is the key dimension, and the softmax is applied row-wise so that each
image token aggregates information from the most relevant topology tokens. The
resulting fused tokens are then mapped back to the 3D feature space, and the fused
representation is written into the image branch. Concretely, we reshape Z; and upsam-
ple it back to the original stage resolution using trilinear interpolation, after which it
is added to F through a residual connection. It is defined as:

Z; = softmax(

) Vr (26)

FiT%I = Upyri(reshape(Zr)) + FiI (27)

where Upy,;(-) denotes the trilinear interpolation-based upsampling operator. Next,
instead of using simple additive fusion, concatenation followed by a 1 x 1 x 1 convolu-
tion, or ungated residual fusion, we adopt a gated residual scheme at stages 3—4. For
each fusion stage i € {3,4}, we first compute a learnable scalar gate:

g9i = 0(6:) (28)
and then update the image features as:
Fl =F +gF ! (29)

where F denotes the pre-fusion image feature map at stage i, Fl ! is the topology-
guided fused feature produced by the cross-attention, 6; is a trainable parameter,
and o(-) denotes the sigmoid function. This gated residual formulation allows the
network to adaptively control the strength of cross-branch interaction: when topology
representations are unreliable, the model can effectively fall back to the image-only
pathway, whereas informative fused features are progressively injected as g; increases
during training.

3) Classification head with attention pooling. After the final fusion stage, we
obtain the top-level fused representation 13'4[ . In volumetric medical images, a substan-
tial portion of voxels typically corresponds to background with near-zero responses.
As a result, standard global average pooling (GAP), which aggregates all voxels with
equal weights, may dilute discriminative foreground information by overwhelming
background activations. To address this issue, we draw inspiration from [27] and adopt
an attention-based pooling operator to perform adaptive, content-aware aggregation
over the feature, thereby highlighting informative spatial locations while suppressing
irrelevant background contributions. Specifically, a 1 x1x 1 convolution produces a spa-
tial attention logit map. After flattening the spatial dimensions, a softmax function
is applied to yield normalized attention weights over all voxels. The pooled represen-
tation is then computed as the attention-weighted sum of voxel features, producing a
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compact global descriptor. It is defined as:

o = softmax(flat(conv(E]))) (30)

N
n=1

where N denotes the total number of voxels in the 3D feature volume after flattening,
with N = D x H x W. Let f, € R® denote the feature vector at the n-th voxel
location, and a € RY denote the normalized attention weights. The resulting pooled
representation z is subsequently fed into a lightweight classifier:

Y = Qe1s(2;0c) (32)

where 6. are the learnable parameters of classifier, and ¢ (+) is an MLP with dropout
regularization, which outputs the final logits y for downstream prediction.

3.4 Loss function

In the proposed method, we optimize the classification objective using the categorical
cross-entropy (CE) loss, which measures the discrepancy between the ground-truth
label distribution p and the predicted class-probability distribution g. It is defined as:

c
Leg =— sz’ log(g:) (33)

i=1

where C' is the number of classes, p; denotes the ground-truth label for class i, and g;
is the predicted probability for class 3.

4 Experiments

4.1 Datasets

The MSD Task07 Pancreas dataset [28] consists of portal-venous phase, contrast-
enhanced abdominal CT scans acquired at Memorial Sloan Kettering Cancer Center
(MSKCC), comprising 420 three-dimensional volumes. As reported in [28], the cohort
includes patients who underwent surgical resection for pancreatic masses, with patho-
logical diagnoses spanning intraductal papillary mucinous neoplasm (IPMN), pancre-
atic neuroendocrine tumors (PNET), and pancreatic ductal adenocarcinoma (PDAC).
The official release provides voxel-level annotations of the pancreatic parenchyma
and pancreatic lesions to support segmentation tasks. For this study, an experienced
chief physician specializing in pancreaticobiliary surgery re-reviewed the 281 publicly
labeled training cases and curated two subsets: 82 PDAC cases and 62 IPMN cases.
Based on this curated cohort, we formulated a binary classification task to determine
whether each case corresponds to PDAC (PDAC versus non-PDAC). Notably, the
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curated cohort is relatively small (only 144 cases). Moreover, 3D volumetric classifi-
cation is high-dimensional and prone to overfitting, making it challenging to achieve
stable performance with strong generalizability on this dataset.

The Brain Tumor Segmentation Challenge (BraTS 2018) [29-31] is one of
the most widely used benchmark datasets and challenge suites for multimodal brain
tumor MRI segmentation in medical imaging. It was originally established to evaluate
tumor segmentation algorithms and has been progressively extended to related tasks
such as tumor classification and prognosis prediction. The BraTS 2018 cohort com-
prises 285 glioma subjects, including 210 high-grade gliomas (HGG) and 75 low-grade
gliomas (LGQ), providing a reliable basis for glioma grading and classification studies
using public data. For each subject, four 3D MRI modalities are available: T1, post-
contrast T1-weighted imaging (T1-Gado), T2, and fluid-attenuated inversion recovery
(FLAIR). Manual segmentations were generated by 1-4 annotators following a uni-
fied annotation protocol and were subsequently reviewed and approved by experienced
neuroradiologists. The annotations delineate enhancing tumor, peritumoral edema,
and the necrotic and non-enhancing tumor core. To facilitate cross-subject comparison
and robust model training, all images undergo standardized preprocessing, including
registration to a common template, resampling to 1 mm? isotropic resolution, and
skull stripping. Building on this dataset setting, we further evaluate the generalization
capability of our method by performing binary glioma grading (HGG versus LGG)
using the T1-Gado sequence as input.

4.2 Evaluation metrics

In medical image classification tasks, relying solely on a single evaluation metric is
insufficient for comprehensively assessing model performance. Therefore, this study
utilizes multiple evaluation metrics to ensure robust and reliable evaluation. Specif-
ically, three widely recognized metrics, including Accuracy, Recall, and F1-score,
are employed to quantitatively evaluate the effectiveness of different classification
methods. These metrics are formally defined as follows:

TP + TN
A = 4
CeUracy = Tp L FP + TN + FN (34)
TP
Recall = ———— 35
4= TP Y FN (35)
. TP
Precision = TP+ Fp TP (36)
- 2 x Recall x Precision (37)

Recall + Precision
where TP, FP, TN, and FN denote the numbers of true positives, false positives, true
negatives, and false negatives, respectively. In addition, we further evaluate model

performance using the image-level area under the receiver operating characteristic
curve (AUC).
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4.3 Implementation details

We implement TopoNet using PyTorch 2.8 and the MONAI [32]. All models are trained
on an NVIDIA GeForce RTX 5090 GPU with 32 GB of memory. We employ the
AdamW [33] optimizer with an initial learning rate of 1 x 10~% and a weight decay of
1 x 1072, The maximum number of training epochs is set to 200. To improve training
stability and convergence, we adopt a warm-up cosine annealing learning rate schedule:
during the first 8 epochs, the learning rate is linearly warmed up from 0 to the initial
value; thereafter, cosine annealing is applied for the remaining epochs, decaying the
learning rate to a minimum of 1 x 1075,

For the MSD Task07 Pancreas dataset, we first resample all volumes to an isotropic
spacing of 1mm3. To reduce irrelevant background interference, we leverage the seg-
mentation annotations to extract the pancreas region as the region of interest (ROI).
We expand the ROI boundary by 5 voxels to obtain the minimal 3D bounding box
that encloses the ROI, crop the corresponding subvolume, and then uniformly resize it
to 96 x 96 x 96. The resulting input is then intensity-normalized and fed into the net-
work for training. For the BraT$S 2018 dataset, we define the ROI as the union of three
tumor subregions, namely the enhancing tumor, peritumoral edema, and the necrotic
and non-enhancing tumor core, and apply the same preprocessing pipeline: cropping
with a 5-voxel padding, resizing to 96 x 96 x 96, followed by intensity normalization
before network training.

For topological feature extraction, we compute persistent homology using the
GUDHI library [34]. On MSD Task07 Pancreas dataset, we employ sublevel filtra-
tion to emphasize topological patterns associated with low-intensity structures. In
contrast, for the BraT$S 2018 dataset, tumor-related regions on contrast-enhanced T1
(T1-Gado) typically exhibit high signal intensity, whereas sublevel filtration inherently
emphasizes low-valued structures. Therefore, we adopt a bright-structure oriented fil-
tration strategy. Specifically, we invert the input prior to applying sublevel filtration,
enabling a more effective characterization of the topology of high-intensity enhancing
regions. To extract statistically significant topological structures, we perform B = 1000
subsampling trials within the ROI, randomly retaining a fraction of p = 0.9 ROI
voxels per trial to quantify topological uncertainty and determine the (1 — a) = 0.9
confidence-band width.

Model training is conducted using 5-fold cross-validation, and we report the mean
+ standard deviation across the five validation folds. In addition, we employ data
augmentation strategies including random rotations and random flips.

4.4 Comparison with other methods

We compared TopoNet with eight image classification baselines, including ResNet50
[35], DenseNet121 [36], SENet154 [37], SEResNet50 [37], SEResNeXt50 [37], Efficient-
NetB5 [38], ViT [39], and Swin Transformer [40]. To ensure a fair comparison, all
competing methods were implemented and trained under the MONAI framework using
their official codebases. All models were trained in the same environment without any
pretraining or fine-tuning.
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4.4.1 Comparison on the MSD Task07 Pancreas dataset

Table 1 provides a quantitative comparison between representative CNN-based archi-
tectures and Transformer-based models. As shown, the proposed TopoNet achieves the
best overall performance across most key evaluation metrics (Accuracy 0.8197+0.0587,
Fl-score 0.8443 +0.0406, AUC 0.8123 +0.1127). While DenseNet121 obtains a higher
mean Recall, TopoNet yields a highly competitive Recall (0.8412 + 0.0310) with sig-
nificantly lower variance compared to DenseNet121 (+ 0.1194), thereby exhibiting a
more balanced and stable advantage particularly in Accuracy, Fl-score, and AUC.

Compared with conventional CNN baselines, TopoNet yields consistent and notable
improvements on multiple metrics, indicating that explicitly incorporating topological
structural priors offers crucial complementary cues beyond appearance-driven repre-
sentation learning and leads to more discriminative volumetric feature representations.
Meanwhile, the dual-branch design enables parallel modeling of texture informa-
tion and topology-derived structural features, and facilitates effective cross-branch
interactions for complementary fusion, thereby enhancing robustness to anatomical
variability, lesion morphology changes, and imaging noise. Notably, although pure
Transformer-based models are inherently capable of global representation learning and
long-range dependency modeling, their performance is often constrained in data-scarce
settings, where a higher sample complexity is required to fully exploit attention mech-
anisms. These results further support the view that topology-guided learning provides
an effective and competitive pathway for improving small-sample 3D medical image
classification performance.

Table 1 Quantitative comparison of the proposed method with representative CNN- and Transformer-based
approaches for volumetric classification on the MSD Task07 Pancreas dataset. Best results are in bold.

Type Method Accuracy 1 Recall 1 F1l-score 1 AUC 1
ResNet50 [35] 0.7493 £ 0.0705 0.7779 £ 0.1655 0.7724 £ 0.0843 0.7603 £ 0.0978
DenseNet121 [36] 0.7773 £+ 0.0492 0.8684 + 0.1194 0.8142 £+ 0.0459 0.7660 + 0.0632
SENet154 [37] 0.7633 £+ 0.0820 0.7949 + 0.1462 0.7876 £ 0.0836 0.7342 + 0.1304
CNN-based

0.7567 £ 0.0629
0.7704 £ 0.0438
0.6943 £ 0.0463

SEResNet50 [37]
SEResNeXt50 [37]
EfficientNetB5 [38]

0.8272 £ 0.1347
0.7684 £ 0.0873
0.7919 £ 0.1660

0.7918 £ 0.0614
0.7916 + 0.0341
0.7409 £ 0.0543

0.7714 £ 0.0635
0.7694 £ 0.0779
0.6737 £ 0.1106

ViT [39)] 0.7012 + 0.0214
Swin Transformer [40] 0.7288 + 0.0329

Transformer-based

0.8191 £ 0.0610
0.8147 £ 0.0445

0.7593 £ 0.0142
0.7721 £+ 0.0177

0.6486 £ 0.0922
0.7295 £ 0.1096

TopoNet (ours)

0.8197 £ 0.0587 0.8412 £ 0.0310

0.8443 + 0.0406 0.8123 + 0.1127

4.4.2 Comparison on the BraTS 2018 dataset

To demonstrate the generalization and robustness of our TopoNet on MRI modalities,
we conduct volumetric glioma grading on the BraT$S 2018 dataset using the contrast-
enhanced T'1 modality. As summarized in Table 2, TopoNet achieves the best overall
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performance, reaching 0.9333 + 0.0079 in Accuracy, 0.9561 + 0.0053 in F1-score, and
0.9267 + 0.0437 in AUC, outperforming representative CNN and Transformer base-
lines. Its Recall (0.9857 4+ 0.0130) matches the highest performance achieved by the
best competing method (0.9857 + 0.0117, SEResNeXt50). Notably, while maintain-
ing high sensitivity to lesions, TopoNet shows substantially lower variability in key
metrics like Accuracy (£ 0.0079) and Fl-score (£ 0.0053) compared to other base-
lines, indicating more stable predictions across folds. Overall, these results indicate
that TopoNet generalizes well to MRI modalities and further validate that incorporat-
ing topology-guided representations can simultaneously enhance discriminability and
robustness for glioma grading.

Table 2 Quantitative comparison of the proposed method with representative CNN- and Transformer-
based approaches for volumetric classification on the BraTS 2018 dataset. Best results are in bold.

Type Method Accuracy T Recall 1 Fl-score 1 AUC 1
ResNet50 [35] 0.9053 4+ 0.0179 0.9667 + 0.0323 0.9379 4+ 0.0101 0.9095 + 0.0340
DenseNet121 [36] 0.9228 + 0.0238 0.9810 + 0.0095 0.9495 + 0.0148 0.9171 + 0.0384
SENet154 [37] 0.8842 + 0.0238 0.9714 + 0.0233 0.9254 4+ 0.0139 0.8171 + 0.0667
CNN-based

SEResNet50 [37]
SEResNeXt50 [37]
EfficientNetB5 [38]

0.8947 £ 0.0333
0.9018 £ 0.0263
0.8667 £+ 0.0306

0.9571 £ 0.0278
0.9857 + 0.0117
0.9810 £ 0.0233

0.9309 £ 0.0205
0.9369 £+ 0.0155
0.9159 £+ 0.0171

0.8581 £ 0.0727
0.8676 £+ 0.0530
0.8206 £ 0.0788

ViT [39] 0.8351 £ 0.0409

Transformer-based
Swin Transformer [40] 0.8807 £ 0.0205

0.9714 £ 0.0278
0.9524 £ 0.0261

0.8975 + 0.0211
0.9218 £ 0.0121

0.7427 £ 0.0861
0.8873 £ 0.0651

TopoNet (ours) 0.9333 £ 0.0079 0.9857 + 0.0130 0.9561 £ 0.0053 0.9267 + 0.0437

4.5 Ablation studies

In this section, we conduct a two-part ablation study to systematically evaluate the
contribution of each component within our framework. The first part investigates
the topology extraction pipeline, assessing the effect of persistent-homology-derived
topological structures. The second part examines the architectural design of TopoNet,
including the dual-branch encoding scheme and the cross-modal fusion mechanism.
All experiments are performed on the MSD Task07 Pancreas dataset under identical
training configurations to ensure fair comparison.

4.5.1 Ablation on topological structure extraction

1) Effects of confidence band-based topology retention. To evaluate how topo-
logical structure retention strategies affect classification performance, we compare two
schemes: (i) fixed-threshold selection, which retains 20%—70% of the topological struc-
tures, and (ii) an adaptive selection based on statistical significance using a confidence
band (ours). For a controlled comparison, we extract only Hy topological structures
in all settings for this experiment. The results are summarized in Table 3. Overall, the
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fixed-threshold strategy exhibits a clear non-monotonic behavior: when the threshold
is too low (e.g., 20%), insufficient topological cues are preserved, leading to infe-
rior Accuracy and Fl-score; when the threshold becomes too high (e.g., 70%), more
noisy or unstable structures may be introduced, resulting in degraded overall perfor-
mance and increased variance in metrics such as Recall and F1-score, which indicates
reduced model stability. In contrast, the confidence-band selection (ours) achieves the
best performance in Accuracy, Fl-score and AUC. Notably, while the 30% thresh-
old yields the highest Recall, it suffers from a severe degradation in AUC (0.6868);
our confidence-band selection maintains a highly competitive and more stable Recall
(0.8662 £ 0.0450) while preventing such catastrophic performance trade-offs. Over-
all, the confidence band based adaptive selection can preserve statistically salient
and stable topological structures without manual threshold tuning, thereby improv-
ing the discriminative quality of the learned representations and enhancing overall
classification performance and robustness.

Table 3 Ablation study of topology-structure retention criteria using Ho topological
structures (fixed percentile thresholds versus confidence-band selection). Best results are in
bold.

Accuracy T Recall 1 F1l-score 1 AUC 1t

20% 0.7436 £ 0.0446 0.8059 + 0.1016 0.7808 £ 0.0370
30% 0.7567 £ 0.0332 0.9272 + 0.0572 0.8133 £ 0.0148

0.7154 £ 0.0742
0.6868 £ 0.0365

40% 0.7712 £ 0.0333 0.8522 + 0.0860 0.8084 £ 0.0302 0.7334 %+ 0.0600
50% 0.7357 £ 0.0315 0.8544 + 0.1333 0.7838 £ 0.0305 0.7526 + 0.0984
60% 0.7502 £ 0.0388 0.9007 + 0.0754 0.8036 £ 0.0314 0.7612 %+ 0.0372
70% 0.7079 £ 0.0391 0.8272 + 0.1273 0.7591 £ 0.0513 0.6735 + 0.0277

confidence band (ours) 0.7985 + 0.0342 0.8662 + 0.0450 0.8310 + 0.0234 0.7773 + 0.0834

2) Effects of different topological structure combinations. To systemati-
cally assess the contributions of different topological structures to pancreatic cancer
classification, we conducted an ablation study with seven topology-input configura-
tions. Specifically, the topology branch was fed with Hy (connected components), H;
(loops), Hs (cavities), their pairwise combinations (Ho + Hy, Hy + Ha, H1 + H2), and
the full combination Hy + Hy + Hs (ours), as summarized in Table 4.

Compared with the image-only DenseNet121 baseline (Table 1), introducing a sin-
gle homology dimension consistently improves Accuracy and AUC, but does not yield
consistent improvements in Recall. In contrast, fusing multi-dimensional topologi-
cal structures generally leads to clearer and more consistent performance gains, and
H; + Hs achieves the highest AUC, suggesting that loop- and cavity-related structures
provide particularly discriminative signals. Further incorporating Hy yields the final
configuration, which delivers the best overall performance in Accuracy and Fl-score
and exhibits improved cross-fold stability.

These findings are consistent with the radiological characteristics of pancreatic duc-
tal adenocarcinoma (PDAC) on CT. PDAC often presents with hypodense necrotic or
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cystic components, ductal dilatation, and irregular gland boundaries. From a topolog-
ical perspective, these patterns can be naturally mapped to separated low-attenuation
connected regions (Hy), enclosure-induced loop structures (H7), and volumetric voids
such as cystic or necrotic cavities (Hz). Overall, the three homology dimensions provide
complementary information: H; and H, primarily enhance discriminability, whereas
Hy further contributes global connectivity and spatial distribution cues, resulting in
stronger and more robust overall performance. Therefore, we adopt Hy + Hy, + H» as
the default topology input to the topology branch in subsequent experiments.

Table 4 Ablation of topology-structure combinations for pancreatic cancer classification. Different
subsets of {Ho, H1, H2} are fed to the topology branch. Best results are in bold.

Topological structures Hy H1 Ha Accuracy T Recall 1 Fl-score 1 AUC 1

Hy v - - 0.7985 £+ 0.0342 0.8662 £ 0.0450 0.8310 £ 0.0234 0.7773 £ 0.0834

H;y - v - 0.7988 £ 0.0451 0.7779 £ 0.1109 0.8102 £ 0.0583 0.8072 £ 0.0591

Hay - - v 0.7988 £+ 0.0699 0.8662 £ 0.0718 0.8310 £ 0.0556 0.7807 £ 0.1018

Ho + Hy v v - 0.8062 £ 0.0734 0.8544 &£ 0.0469 0.8375 £ 0.0477 0.7961 £ 0.1101

Ho + Ha v - v 0.7640 £ 0.0545 0.8301 &£ 0.1317 0.7995 4 0.0344 0.7711 £ 0.0900
H, + H> - v v 0.7985 £ 0.0596 0.8390 £ 0.1298 0.8203 £+ 0.0711 0.8300 + 0.1020

Ho + Hi + Hs (ours) v v v 0.8197 + 0.0587 0.8412 + 0.0310 0.8443 + 0.0406 0.8123 + 0.1127

3) Effects of intensity inversion in topology extraction. To evaluate the
effect of intensity inversion in preprocessing (i.e., whether the topology extractor
should emphasize bright or dark structures) on topological structure extraction and
downstream classification, we conduct two strictly controlled experiments. After inten-
sity normalization, the volumetric intensity field is denoted as f € [0, 1]. In the first
setting, we construct a sublevel set filtration directly on f to extract persistent homol-
ogy structures (No inversion, ours). In the second setting, following TopoTxR [13], we
invert the intensity field as f;,, = 1 — f and perform sublevel set filtration on f;y.,
which is semantically equivalent to applying a superlevel set filtration on the original
I

As shown in Table 5, the no-inversion setting yields substantial improvements in
mean performance across all four metrics. Although it introduces a higher variance in
Accuracy and AUC, it achieves a notably higher and more stable sensitivity (Recall:
0.8412 £ 0.0310 versus 0.7794 £ 0.0945), indicating that sublevel set filtration on
f provides more discriminative topological information for pancreatic cancer classi-
fication. This result aligns with a key principle of persistent homology: the choice
of filtration function determines the anatomical and pathological semantics of the
extracted topological structures. In pancreatic CT, clinically informative cues are often
dominated by low-density dark regions, such as necrotic cavities, ductal dilatation,
and hypo perfused areas, whose spatial distribution and enclosure patterns are closely
associated with tumor growth and heterogeneity. Therefore, sublevel set filtration on
f naturally highlights and captures the topology of these dark structures. In contrast,
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intensity inversion shifts the focus toward high-density bright regions (e.g., glandu-
lar parenchyma and contrast-enhanced areas), which tend to be less stable and less
consistently discriminative for this task, thereby diminishing the overall performance.

Table 5 Ablation on intensity inversion in topology extraction. We compare sublevel set filtration on f with
filtration on fine = 1 — f (equivalently, superlevel set filtration on f). All settings are identical. Best results
are in bold.

Setting Invert Filtration Accuracy 1 Recall 1 Fl-score 1 AUC 1

No inversion (ours) X Sublevel on f 0.8197 + 0.0587 0.8412 + 0.0310 0.8443 + 0.0406 0.8123 + 0.1127
Intensity inversion v Sublevel on 1 — f 0.7569 £ 0.0379 0.7794 4+ 0.0945 0.7821 £ 0.0467 0.7471 £+ 0.0378

Notably, for tasks where enhanced bright regions constitute the primary seman-
tic signal, such as TopoTxR [13] for predicting treatment response in breast cancer,
intensity inversion is a reasonable and effective choice to emphasize bright-structure
topology. This further suggests that topology-oriented preprocessing should be tailored
to task-specific imaging semantics. Based on the above analysis and empirical evi-
dence, we adopt no inversion as the default topology extraction strategy for pancreatic
cancer classification.

4.5.2 Ablation on network architecture

1) Comparisons with different backbones. To verify the generality and cross-
backbone robustness of TopoNet, we replace the dual-branch encoders with ResNet50
[35], SENet154 [37], EfficientNetB5 [38], Swin Transformer [40], and DenseNet121
[36], while keeping the topology extraction pipeline and the cross-modal fusion design
strictly identical. As shown in Table 6, integrating our topology-guided framework con-
sistently improves the comprehensive classification performance (specifically Accuracy
and Fl-score) across all tested baseline backbones. The + ours variants maintain a
strong and stable performance range across different architectures (Accuracy: 0.7493—
0.8197; AUC: 0.7219-0.8123), indicating that the proposed topology-prior modeling
and inter-branch interaction are largely insensitive to the choice of backbone and thus
exhibit excellent plug-and-play transferability.

Moreover, DenseNet121 + ours achieves the best overall results in Accuracy (0.8197
+ 0.0587), Fl-score (0.8443 + 0.0406), and AUC (0.8123 + 0.1127). Meanwhile,
SENet154 + ours attains the highest Recall (0.8912 + 0.0705). Notably, although
DenseNet121 + ours does not yield the absolute highest Recall (0.8412), it maintains
a highly competitive sensitivity with a much lower variance (£ 0.0310 vs. £+ 0.0705),
ensuring a more reliable clinical diagnosis. Overall, these results confirm that TopoNet
can be effectively applied to a variety of mainstream CNN and Transformer backbones,
demonstrating robust cross-architecture generalization capability.

2) Effects of CBIM on cross-modal representation learning. To systemati-
cally assess how the enhancement direction and order within CBIM affect TopoNet, we
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Table 6 Ablation study on TopoNet with different backbones. Best results are in bold.

Method Accuracy 1T Recall 1 Fl-score 1 AUC 1t

ResNet50 [35] 0.7493 4+ 0.0705 0.7779 + 0.1655 0.7724 + 0.0843 0.7603 £ 0.0978
ResNet50 [35] + ours 0.7502 + 0.0495 0.7801 + 0.1001 0.7780 + 0.0546 0.7705 + 0.0515
SENet154 [37] 0.7633 4+ 0.0820 0.7949 + 0.1462 0.7876 4+ 0.0836 0.7342 + 0.1304
SENet154 [37] + ours 0.7638 + 0.0150 0.8912 + 0.0705 0.8109 + 0.0065 0.7590 + 0.0476
EfficientNetB5 [38] 0.6943 4+ 0.0463 0.7919 + 0.1660 0.7409 4+ 0.0543 0.6737 £+ 0.1106

EfficientNetB5 [38] + ours 0.7776 + 0.0477 0.7713 £+ 0.1415 0.7942 + 0.0489 0.7889 + 0.1027

Swin Transformer [40] 0.7288 £ 0.0329 0.8147 £ 0.0445 0.7721 £ 0.0177 0.7295 + 0.1096
Swin Transformer [40] + ours 0.7493 + 0.0634 0.8537 + 0.1012 0.7929 £ 0.0596 0.7219 £ 0.0747

DenseNet121 [36] 0.7773 £ 0.0492 0.8684 + 0.1194 0.8142 £ 0.0459 0.7660 £ 0.0632
DenseNet121 [36] + ours 0.8197 + 0.0587 0.8412 £ 0.0310 0.8443 + 0.0406 0.8123 + 0.1127

design four strictly controlled variants. All variants share the same backbone and train-
ing configuration. Only the direction/order of cross-modal interaction and the output
feature type are varied. Specifically, as shown in Fig. 5: (a) T'— I (ours) directly lever-
ages topological priors to guide image feature enhancement (topology-guided image
enhancement) and outputs the enhanced F T—=I which is used as the input to the
deeper network. (b) I — T enhances topology features F conditioned on image
features F! (image-guided topology enhancement), yielding the enhanced F1~7. (c)
I <+ T performs bidirectional cross-modal enhancement, producing enhanced FT—1
and FI=T which are then fused as FT=! + FI=T (d) I — T — I adopts a sequen-
tial strategy: it first updates topology representations via I — T, and then uses
the updated topology features to enhance image representations via T — I, finally

outputting the enhanced FT1.
(@ F BRI —F (© F F!
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Fig. 5 Cross-modal enhancement designs of CBIM. (a) T' — I (ours): topology-guided image
enhancement, outputting F7 1. (b) I — T image-guided topology enhancement, outputting /=7
(c) T +> T: bidirectional enhancement producing FT! and FI=T which are fused by summation.

(d) I — T — I: sequential enhancement that first performs I — T and then T' — I, outputting
FT~>I'

As shown in Table 7, T — T (ours) achieves the best performance on most key met-
rics (Accuracy 0.8197 +0.0587, Recall 0.8412 +0.0310, and F1-score 0.8443 4 0.0406).
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This suggests that, for this task, using topological structural priors to constrain and
refine image representations helps the model learn more discriminative and stable
features, leading to consistent improvements in overall classification performance.
Notably, although the bidirectional design I <+ T employs fused outputs 71+ FI=T
and achieves a higher AUC (0.8431 £ 0.0449), it underperforms T' — I (ours) across
Accuracy, Recall, and Fl-score. This suggests that the gains of our method are not
driven by increased capacity from naive feature concatenation, but rather stem from
effective selection and enhancement of image features under topological guidance,
enabling stronger generalization with a less redundant output. Overall, these results
confirm that the direction and order of cross-modal interaction are critical to TopoNet
performance, and further demonstrate the effectiveness of the proposed enhancement
strategy for volumetric classification.

Table 7 Ablation study of CBIM cross-modal enhancement designs. Best results are highlighted in
bold.

Cross-modal design Output feature Accuracy 1 Recall 1 Fl-score 1 AUC 1t

I—->T Fi=T 0.7919 + 0.0480 0.8059 + 0.0889 0.8150 £ 0.0385 0.8010 + 0.0684
I+ T FI=T 4 pT=1 0.7988 4+ 0.0113 0.8406 + 0.0813 0.8253 + 0.0194 0.8431 + 0.0449
I—>T—1 FT—1 0.7640 + 0.0587 0.8176 + 0.1087 0.7994 + 0.0282 0.7756 + 0.0502
T — I (ours) FT=1 0.8197 + 0.0587 0.8412 + 0.0310 0.8443 + 0.0406 0.8123 4+ 0.1127

3) Discussion on different input modalities. To investigate the impact of
different input-modality configurations on TopoNet representation learning, and to
further assess whether complementary modality fusion yields consistent gains, we
construct five input settings: single-modality img, single-modality topo, homogeneous
dual-branch img/img, homogeneous dual-branch topo/topo, and complementary dual-
modality img/topo (ours). For fair comparison, the image branch is activated for the
imyg input, whereas the topology branch is activated for the topo input. For dual-branch
configurations, modality-specific enhancement modules are applied within their corre-
sponding branches (e.g., the texture enhancement module for the image branch and the
topology enhancement module for the topology branch), thereby avoiding confounding
factors introduced by changes in network capacity or additional components.

As shown in Table 8, the complementary img/topo fusion achieves the best perfor-
mance in Accuracy, Fl-score, and AUC. Although the img/img setting yields a higher
mean Recall, it suffers from significantly higher variance (£ 0.0712) and lower overall
accuracy, suggesting a tendency to over-predict positives. In contrast, our img/topo
fusion maintains a highly competitive and much more stable Recall (0.8412 + 0.0310),
demonstrating that cross-modality interaction substantially strengthens discrimina-
tive representations and predictive stability. In contrast, homogeneous dual-branch
settings (img/img or topo/topo) provide only limited improvements, suggesting that
duplicated modalities introduce redundancy and fail to form effective complemen-
tarity. Overall, image feature (texture or intensity) and topology-derived structural
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priors are inherently complementary; their integration better captures lesion pheno-
type variations, achieving a more robust balance between missed detections and false
alarms, and consequently improving overall classification performance. This ablation
study quantitatively confirms that cross-modal complementary fusion is a primary
contributor to the performance gains of TopoNet.

Table 8 Ablation study on different input modality. Best results are in bold.

Input modalities Accuracy T Recall 1 F1l-score 1 AUC 1t

img 0.7773 4+ 0.0492 0.8684 + 0.1194 0.8142 4+ 0.0459 0.7660 £ 0.0632
topo 0.7426 £+ 0.0760 0.7574 + 0.1142 0.7680 £+ 0.0700 0.7035 + 0.0800
img/img 0.7852 £ 0.0441 0.8904 + 0.0712 0.8259 4 0.0290 0.7644 + 0.0572
topo/topo 0.7357 4+ 0.0492 0.7941 + 0.1048 0.7723 4+ 0.0442 0.7441 + 0.0679

img/topo (ours) 0.8197 + 0.0587 0.8412 + 0.0310 0.8443 + 0.0406 0.8123 + 0.1127

4) Importance of components and stage-wise connections. We validate
the effectiveness of each architectural component and the stage-wise connection strat-
egy in TopoNet through comprehensive ablation experiments, with results reported in
Table 9. Here, TEM, TpEM, CAM, and AP denote the texture enhancement module,
topology enhancement module, cross-attention module, and attention pooling, respec-
tively. Unless otherwise specified, all experimental settings are kept identical, and we
use the full model with TEM + TpEM + CAM + AP and fusion at Stage 3 + 4 (ours)
as the reference configuration.

In the component ablation study (fusion stages fixed to Stage 3 + 4), removing
any single module generally degrades the overall balance of classification performance,
indicating that each component contributes meaningfully. In particular, discarding
TEM leads to the most pronounced performance drop in Recall (0.7662 £+ 0.1283),
highlighting the importance of texture enhancement for maintaining high sensitiv-
ity to lesions; although its AUC marginally increases to 0.8225, such a severe loss in
Recall is highly undesirable for clinical diagnosis. Removing CAM yields the largest
decrease in Accuracy (0.7712), Fl-score (0.7961), and AUC (0.7745), demonstrat-
ing that cross-attention is the most crucial component for cross-modal alignment
and effective information interaction. Removing TpEM also results in clear decreases
in Accuracy and Fl-score, confirming that topology enhancement provides comple-
mentary structural priors beyond appearance cues. Finally, removing AP degrades
Accuracy and Fl-score, suggesting that attentive aggregation is critical for stable
decision-making.

In the stage-connection ablation (components fixed to full TEM + TpEM + CAM
+ AP), we compare three fusion schemes: Stage 4 only, Stage 3 + 4 (ours), and Stage
2 4+ 3 + 4. The results show that Stage 3 + 4 achieves the best overall stability,
specifically delivering the highest Accuracy and F1l-score. Restricting fusion to Stage
4 yields a higher mean Recall (0.8669), but it introduces extreme variance (+ 0.1195)
and weakens mid-to-high-level semantic interaction, limiting overall benefits in F1-
score and AUC. In contrast, enabling fusion as early as Stage 2 + 3 + 4 leads to a
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clear performance drop, suggesting that overly early cross-modal fusion may introduce
noise or disrupt the hierarchical abstraction of features. Overall, Table 9 quantita-
tively confirms that the synergistic design of TEM/TpEM/CAM/AP and cross-modal
interaction at mid-to-high stages (Stage 3 + 4) are key factors driving the superior
performance of TopoNet.

Table 9 Importance of components and stage-wise connections. Best results are in bold.

Components Fusion stages Metrics
TEM TpEM CAM AP Accuracy T Recall 1 F1-score 1 AUC 1t
(I) Component ablation (fusion stages fixed to Stage 3 4+ 4)
- v v v 3+4 0.7990 £ 0.0444 0.7662 + 0.1283 0.8072 £ 0.0600 0.8225 + 0.0891
v - v v 3+4 0.7919 £ 0.0570 0.8191 + 0.1062 0.8159 £ 0.0519 0.7908 + 0.0480
v v - v 3+4 0.7712 £ 0.0333 0.7912 + 0.0850 0.7961 £ 0.0359 0.7745 + 0.0588
v v v oo 3+4 0.7852 £ 0.0581 0.8662 + 0.0450 0.8219 £ 0.0457 0.7961 + 0.0493

(ITI) Stage connection ablation (components fixed to full TEM 4+ TpEM + CAM + AP)
v v v v 2+3+4 0.8057 4+ 0.0556 0.7824 £ 0.1033 0.8215 &+ 0.0417 0.8104 + 0.1001
v v v V' 344 (ours) 0.8197 £ 0.0587 0.8412 £+ 0.0310 0.8443 + 0.0406 0.8123 + 0.1127
v v v v 4 0.8123 4+ 0.0422 0.8669 £ 0.1195 0.8162 &+ 0.0454 0.8039 + 0.0691

4.6 Visualization

We employ Gradient-weighted Class Activation Mapping (Grad-CAM) [41] to visual-
ize the evidence driving PDAC versus non-PDAC decisions and to localize the most
contributive regions. Grad-CAM computes channel-wise importance by globally aver-
aging the gradients of the target class score with respect to a selected convolutional
feature map, and then forms a class-discriminative activation map via a weighted
sum of feature channels. We apply Grad-CAM after the last stage (stage 4) of the
image-branch backbone to obtain activation maps that are closely coupled to the final
prediction. In Fig. 6, column 1 shows the image-branch input (pancreatic ROI), and
column 2 shows the topology-branch input, namely statistically significant topological
structures extracted via persistent homology and confidence-band filtering. Columns
3-5 present Grad-CAM heatmaps from DenseNet121 [36], SEResNeXt50 [37], and
SENet154 [37], respectively, while column 6 corresponds to TopoNet. We highlight
two challenging cases in which all three strong baselines misclassify PDAC as non-
PDAC, whereas TopoNet correctly predicts PDAC, enabling a direct comparison of
where different models attend.

For case 1 (first row), baseline activations are relatively diffuse, spreading across
broad parenchymal regions or along organ boundaries, and they do not consistently
emphasize duct-related structural information. In contrast, TopoNet exhibits a more
coherent, structurally oriented high-response band within the pancreas, which aligns
well with the salient topological structure. Notably, the extracted topological structure
delineates a tubular pattern traversing the pancreas, consistent with loop-like patterns
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Image DenseNet121 SEResNeXt50 SENet154 TopoNet

Topological structure

Case 1

Case 2

Fig. 6 Grad-CAM comparisons across methods. Column 1 shows the pancreatic ROI, where red
arrows mark radiologically suspicious regions. Column 2 shows the corresponding significant topo-
logical structures, where red contours outline a dominant duct-like structures (associated with Hy)
and tumor lesion-related structures. Columns 3-6 present Grad-CAM heatmaps from DenseNet121,
SEResNeXt50, SENet154, and TopoNet, respectively. In both cases, TopoNet yields more coherent
activations that better align with the topological structures. The bottom row additionally includes a
tumor-focused example with CT and annotation for reference.

captured by the first homology group H7, which often manifests as duct enclosure and
connectivity in volumetric data. This is clinically plausible because PDAC commonly
induces duct-related alterations on CT, including main pancreatic duct dilatation,
abrupt ductal cutoff, and distal pancreatic atrophy. By explicitly incorporating such
structural priors, TopoNet is better positioned to capture disease-relevant duct mor-
phology, reducing errors when appearance contrast is subtle or confounded by noise.
A similar phenomenon is observed in case 2 (second row), where baseline heatmaps
remain locally responsive but unstable and fail to form attention patterns consistent
with the duct trajectory. TopoNet produces more contiguous and spatially consistent
activations that agree with the topological structures, suggesting improved robustness
under inter-case variability (e.g., anatomical differences and heterogeneous textures).
In the tumor lesion region of case 2 (third row), we additionally show the raw CT
image and the corresponding pancreas and tumor segmentation masks (top-left: raw
CT; top-right: pancreas and tumor labels) to assess lesion coverage. The baselines
show weaker or off-target responses around the tumor, whereas TopoNet more reliably
highlights regions proximal to the annotated lesion, while remaining consistent with
topology-emphasized structures.

Overall, Grad-CAM provides qualitative evidence consistent with the quantita-
tive gains: TopoNet shifts attention from diffuse texture-driven cues toward more
disease-relevant structural patterns, exhibiting strong agreement with salient topolog-
ical structures (particularly duct-like H; patterns). These observations support that
topology-guided dual-branch learning supplies stable structural priors, reduces reliance
on incidental textures, and enhances discriminability, robustness, and interpretability
for PDAC classification.
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5 Conclusion

In conclusion, we presented TopoNet, a topology-guided dual-branch framework for
volumetric medical image classification. Rather than treating topology as a global
statistic, our approach fundamentally integrates explicit structural cues into the deep
learning pipeline. By leveraging confidence-band selection and a novel dimension-aware
topology-to-voxel mapping, TopoNet effectively resolves the “spatial detachment”
issue of traditional TDA methods, identifying and localizing statistically significant
features (Hy / Hy / Hz) even under substantial noise. Through an attention-based
fusion mechanism, the framework promotes effective cross-modal interactions, mit-
igating the representational mismatch between appearance and topology. Extensive
experiments demonstrate that TopoNet achieves consistent improvements over base-
lines, validating the effectiveness of restoring spatial context to topological analysis
for robust 3D representation learning.

Despite these promising results, several limitations offer avenues for future research.
First, our current design treats homology dimensions largely independently. Future
work could employ Graph Neural Networks (GNNs) or hypergraphs to explicitly model
the synergistic interactions between loops (Hp) and cavities (Hz), which may jointly
characterize complex anatomical signatures. Second, as is common in medical imag-
ing, performance is constrained by data availability. Broader validation on larger,
multi-center cohorts is warranted to rigorously assess generalizability across diverse
scanner protocols and domain shifts. Moving forward, we aim to investigate scalable,
data-centric strategies to further enhance the interpretability and trustworthiness of
topology-guided Al in clinical practice.
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