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Abstract1

Accurate classification of 3D medical images2

is challenging due to the high dimensionality3

of volumetric data and the scarcity of well-4

annotated clinical datasets. We propose a hy-5

brid framework that couples explainable deep6

learning with topological data analysis (TDA).7

First, we compute layer-weighted Grad-CAM8

across multiple network layers, upsample and9

normalize the maps to the input grid, and10

threshold them to produce a binary region-of-11

interest (ROI) mask. We then apply this mask12

to the input volume to obtain a segmented im-13

age that suppresses irrelevant anatomy while14

preserving clinically salient structures. Within15

these attention-derived ROIs and segmented16

images, we compute cubical persistent ho-17

mology to derive compact topological descrip-18

tors that capture diagnostically meaningful fea-19

tures. Across both 3D volumes and 2D med-20

ical imaging benchmarks, this segmentation-21

guided TDA pipeline surpasses strong 3D CNN22

and Transformer baselines, yielding higher ac-23

curacy and improved robustness in limited-data24

settings while providing localized, interpretable25

evidence for clinical decision support.26

Keywords: Grad-CAM, Medical Image Anal-27

ysis, Topological Data Analysis, Cubical Persis-28

tence, Computer-aided Diagnosis, MedMNIST,29
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https://github.com/BrightonNuwagira/TopoCAM33
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1. Introduction 36

Accurate and efficient classification of 3D medical im- 37

ages remains a significant challenge for current deep 38

learning methods. While convolutional neural net- 39

works (CNNs) and Vision Transformers (ViTs) have 40

achieved remarkable successes in 2D image analysis 41

tasks, translating these successes into the domain of 42

volumetric medical scans (e.g., MRI, CT) has proven 43

difficult. The computational complexity associated 44

with processing high-dimensional 3D medical images, 45

combined with the frequent scarcity of adequately an- 46

notated datasets, limits the performance and practi- 47

cality of even advanced 3D architectures in clinical 48

scenarios (Litjens et al., 2017; Shen et al., 2017). This 49

gap highlights the need for methods that can deliver 50

strong diagnostic performance in 3D under realistic 51

data and resource constraints. 52

Topological data analysis (TDA), particularly per- 53

sistent homology, has recently emerged as a promising 54

alternative or complementary approach for medical 55

imaging due to its intrinsic robustness, interpretabil- 56

ity, and ability to succinctly encode geometric struc- 57

tures (Brito-Pacheco et al., 2025; Singh et al., 2023). 58

Persistent homology captures shape and connectivity 59

patterns through concise topological summaries, of- 60

fering robust and interpretable descriptors even with 61

limited data (Nuwagira et al., 2025). Yet, naive appli- 62

cation of TDA methods to entire volumetric datasets 63

suffers from significant noise introduced by irrele- 64

vant anatomical structures, thereby diluting diagnos- 65

tic signals and limiting predictive performance. 66

Motivated by these complementary strengths and 67

limitations, we propose a novel hybrid approach 68

that integrates the localization strengths of explain- 69

able deep learning methods with the robustness of 70
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topological data analysis (TDA). Specifically, our71

framework utilizes a multi-scale Grad-CAM atten-72

tion mechanism (Selvaraju et al., 2017) to efficiently73

isolate clinically relevant regions of interest (ROIs)74

within volumetric scans, effectively filtering out irrel-75

evant anatomical structures. We then apply cubical76

persistent homology exclusively to these ROIs, gener-77

ating concise topological descriptors that capture di-78

agnostically meaningful geometric and structural fea-79

tures.80

Our framework explicitly bridges the gap between81

visual attention-driven deep learning and rigorous82

topological summarization, addressing critical weak-83

nesses inherent in standalone DL and naive TDA84

methods. We validate our approach comprehensively85

on multiple challenging 3D and 2D medical imag-86

ing benchmarks covering diverse anatomical targets87

and imaging modalities. Experimental results consis-88

tently show that our model outperforms leading 3D89

CNN and transformer architectures, achieving state-90

of-the-art diagnostic accuracy, robustness, and com-91

putational efficiency, even under limited data condi-92

tions. Our contributions are93

• A novel hybrid framework integrating Grad-94

CAM-driven ROI localization with cubical per-95

sistent homology for high-performance medical96

image classification.97

• An efficient approach that significantly improves98

diagnostic accuracy and robustness by focus-99

ing topological analysis on clinically relevant100

anatomical regions identified via deep attention.101

• Extensive empirical evaluation on diverse 3D102

and 2D medical imaging datasets, demonstrating103

consistent performance gains over state-of-the-104

art CNN and transformer baselines in realistic,105

limited supervision scenarios.106

Our findings demonstrate the promise of combining107

topological and deep learning methods to enable ac-108

curate, reliable, interpretable, and clinically relevant109

solutions in medical imaging diagnostics.110

2. Background111

2.1. Related Work112

Grad-CAM. While CNNs have achieved state-of-113

the-art performance in image classification, their lack114

of interpretability limits deployment in high-stakes115

applications. To address this, Selvaraju et al. (Sel- 116

varaju et al., 2017) introduced Grad-CAM, which 117

generates class-discriminative localization maps by 118

leveraging the gradient information of target classes 119

flowing into the final convolutional layers. These vi- 120

sual explanations have enabled model introspection, 121

error analysis, and guided region-of-interest (ROI) 122

selection in complex visual domains. Several vari- 123

ants have extended Grad-CAM to improve localiza- 124

tion and robustness. Grad-CAM++ (Chattopadhyay 125

et al., 2018) incorporates higher-order derivatives for 126

better handling of multiple object instances and dif- 127

fuse activations. Score-CAM (Wang et al., 2020) re- 128

places gradient dependence with forward-passed class 129

scores to yield sharper and more faithful saliency 130

maps. Grad-CAM techniques have found extensive 131

use in medical image analysis, where explainability is 132

critical. For instance, they have been used to localize 133

retinal lesions in fundus images (Zhao et al., 2024) 134

and to segment tumor regions in CT scans (Schlem- 135

per et al., 2019). During the COVID-19 pandemic, 136

Grad-CAM++ was employed to visualize diagnostic 137

cues for pneumonia and COVID-19 from chest X- 138

rays (Karim et al., 2020). A recent study (Suara 139

et al., 2023) provides an overview of explainable deep 140

learning methods in medical imaging, emphasizing 141

the role of Grad-CAM in enhancing interpretability 142

and diagnostic reliability. 143

Topological Data Analysis in Medical Imaging. 144

Over the past two decades, topological methods, 145

most notably persistent homology (PH), have demon- 146

strated remarkable efficacy in pattern recognition for 147

image and shape analysis. In medical imaging, PH- 148

based techniques have driven advances in character- 149

izing cellular development processes (McGuirl et al., 150

2020), detecting tumor structures (Crawford et al., 151

2020), quantifying features in histopathological as- 152

says (Qaiser et al., 2019; Yadav et al., 2023) and in- 153

terpreting genomic profiles (Rabadán and Blumberg, 154

2019). Comprehensive reviews of TDA techniques 155

in biomedical contexts can be found in (Skaf and 156

Laubenbacher, 2022; Singh et al., 2023). More re- 157

cently, integrating topological priors into deep learn- 158

ing frameworks has gained traction (Papamarkou 159

et al., 2024), with evidence that topological descrip- 160

tors enhance convolutional neural network perfor- 161

mance in tasks such as image segmentation (Santhi- 162

rasekaram et al., 2023; Stucki et al., 2023). Concur- 163

rently, persistent topological signatures have emerged 164

as critical biomarkers in diagnostic contexts across 165
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Figure 1: For the 5 × 5 image X , the sublevel fil-
tration is the sequence of binary images
X1 ⊂ X2 ⊂ X3 ⊂ X4 ⊂ X5.

various clinical domains (Somasundaram et al., 2021;166

Hajij et al., 2021; Khramtsova et al., 2022). These167

developments underscore the growing importance of168

topological insights in advancing deep learning–based169

medical image analysis.170

2.2. Cubical Persistence171

Persistent homology (PH) is commonly applied to172

image data through cubical persistence, where a173

grayscale image X ∈ Rr×s is treated as a piecewise-174

constant function γ : ∆ij 7→ γij defined over pixel175

regions. Using an increasing sequence of intensity176

thresholds 0 = t1 < t2 < · · · < tN = 255, one177

constructs a sublevel filtration of cubical complexes178

X1 ⊂ X2 ⊂ · · · ⊂ XN , where Xn = {∆ij | γij ≤ tn}.179

At each step, pixels are activated when their grayscale180

value falls below the corresponding threshold, pro-181

ducing a nested sequence of binary images that en-182

codes topological changes in structure (see Figure 1).183

While we describe the construction for 2D grayscale184

images for clarity, the same filtration process extends185

naturally to color and volumetric data by applying186

similar operations across channels or spatial dimen-187

sions (Coskunuzer and Akçora, 2024; Brito-Pacheco188

et al., 2025).189

PH then encodes the evolution of connected com-190

ponents, loops, and higher-dimensional voids in a per-191

sistence diagram (PD), which records the birth time192

bσ and death time dσ of each k-dimensional homo-193

logical feature σ. Formally, PDk(X ) =
{

(bσ, dσ)
∣∣194

σ ∈ Hk(Xn) for bσ ≤ tn < dσ
}
, so that each point195

(bσ, dσ) reflects the thresholds at which the feature σ196

appears and disappears.197

Since persistence diagrams are unordered multisets198

of point pairs {(bσ, dσ)} ⊂ R2, a vectorization step is199

necessary to enable their effective use in ML models.200

A simple yet effective approach is the Betti function201

βk(tn), which records the number of k-dimensional202

topological features (e.g., connected components or203

loops) alive at each threshold tn. Evaluating βk204

across all thresholds yields a vector representation205

βk = [βk(t1), . . . , βk(tN )], offering a compact and in- 206

terpretable topological summary. Alternative vector- 207

izations, such as persistence images (Adams et al., 208

2017), persistence landscapes (Bubenik and D lotko, 209

2017), silhouettes (Chazal et al., 2014), and kernel- 210

based embeddings (Ali et al., 2023), provide richer 211

feature encodings, often at increased computational 212

cost. In this work, we primarily adopt Betti-sequence 213

embeddings due to their efficiency and natural com- 214

patibility with sequence-based architectures such as 215

transformers. 216

3. TopoCAM: ROI focused 217

Topological Signatures 218

We propose a modular framework that combines 219

volumetric feature encoding, explainable attention, 220

and topological summarization for efficient and inter- 221

pretable 3D medical image classification under lim- 222

ited supervision. Let D = {(Xi, yi)}Mi=1 denote a 223

training set of volumetric scans Xi ∈ RD×H×W with 224

corresponding labels yi ∈ {1, . . . , C}. Our pipeline is 225

structured as a composition of four stages: 226

ŷ = gψ ◦ ϕ ◦Aw,τ ◦ fθ(X),

where fθ extracts multi-resolution volumetric fea- 227

tures, Aw,τ constructs a spatial attention mask via 228

weighted Grad-CAM, ϕ computes topological sum- 229

maries from the attention-guided segmented volume, 230

and gψ is a lightweight classifier (See Fig. 2). Below, 231

we detail each component and its design motivation. 232

Volumetric Feature Encoding. We employ a 233

pretrained 3D ResNet-18 backbone fθ (r3d 18) with 234

weights initialized from large-scale video dataset pre- 235

training (Kinetics-400) for volumetric data analysis. 236

This mirrors our approach for 2D images, where 237

we utilize a standard 2D ResNet-18 backbone pre- 238

trained on ImageNet, ensuring architectural consis- 239

tency across both dimensional domains while leverag- 240

ing appropriate pretraining strategies for each modal- 241

ity. This initialization provides strong spatiotem- 242

poral priors that effectively mitigate overfitting in 243

our limited clinical data setting. The model retains 244

its stem and four residual stages (layer 1–4) to en- 245

code volumetric input X ∈ RD×H×W (replicated to 246

3 channels if needed) into a hierarchy of spatial fea- 247

tures {Al}l∈L, where Al ∈ RCl×Dl×Hl×Wl1. 248

1. We use L = {layer2, layer3, layer4} for multi-scale fea-
tures.
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Figure 2: TopoCAM Flowchart. The input volume is processed by a 3D CNN (e.g., 3D-ResNet) to extract volumetric
features, followed by explainable ROI localization using Grad-CAM. Topological features are then computed from
the localized regions using persistent homology. These features are summarized and passed to a classifier to produce
the final prediction.

The model is fine-tuned for 100 epochs using the249

Adam optimizer with a learning rate of 0.001 and250

cross-entropy loss. The relatively shallow depth251

of r3d 18 maintains computational efficiency during252

both fine-tuning and inference while leveraging trans-253

fer learning to achieve robust feature extraction.254

Multi-Scale Grad-CAM Attention. To guide255

downstream topological analysis toward clinically rel-256

evant structures, we employ a multi-layer attention257

mechanism based on Grad-CAM (Selvaraju et al.,258

2017). For a given input volume and its predicted259

class, we extract activation maps from the deeper tar-260

get convolutional layers L = {layer2, layer3, layer4},261

which capture more complex and class-specific fea-262

tures. For each layer l ∈ L, the algorithm computes263

a coarse localization map by first obtaining neuron264

importance weights αlc for each channel c via global265

average pooling of the gradients:266

αlc =
1

DlHlWl

∑
d,h,w

∂Sy
∂Alc,d,h,w

,

where Sy is the logit score for class y. A weighted267

combination of activations followed by a ReLU yields268

the attention map for each layer:269

M l = ReLU

(∑
c

αlcA
l
c

)
.

This results in multi-resolution maps {M2,M3,M4}270

highlighting discriminative regions across different271

abstraction levels.272

A key innovation is our data-driven fusion of these273

maps. Rather than using a simple average, we opti-274

mize the fusion coefficients w = [w2, w3, w4] to max-275

imize clinical relevance: 276

M =

4∑
l=2

wl ·Upsample(M l), subject to
∑
l

wl = 1.

The weights w are optimized by maximizing the Area 277

Under the Curve (AUC) of the fused map M . This 278

ensures the final attention map best identifies struc- 279

tures predictive of the class label. The optimized map 280

M is normalized and thresholded at level τ to produce 281

a binary mask 1M≥τ . This mask is applied directly 282

to the original scan X to obtain an attention-guided 283

segmented subvolume: 284

X′ = X⊙ 1M≥τ .

Topological Feature Extraction. Cubical per- 285

sistence (Section 2.2) captures the intrinsic shape and 286

connectivity of structures in the segmented volume 287

X′. We define a sublevel filtration over grayscale in- 288

tensities using N thresholds 0 = t1 < · · · < tN = 289

max(X′), producing a sequence of cubical complexes 290

Fn = {v | X′(v) ≤ tn}, n = 1, . . . , N.

For each homology dimension k ∈ {0, 1, 2}, we com- 291

pute the persistence diagram PDk(X′) = {(bki , d
k
i )}, 292

where (b, d) denotes the birth and death of a k- 293

dimensional topological feature across the filtration. 294

These diagrams are vectorized via Betti curves: 295

βk(tn) = rankHk(Fn), βk = [βk(t1), . . . , βk(tN )] ∈ NN

We concatenate β0,β1,β2, normalize by the number 296

of activated voxels in X′, and append the voxel count 297

itself, resulting in a compact topological descriptor 298

ϕ(X′) ∈ R3N+1. 299
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Classification and Optimization. The topologi-300

cal vector ϕ(X′) is passed to a multilayer perceptron301

gψ : R3N+1 → [0, 1]C trained with cross-entropy loss.302

While the backbone fθ remains fixed, we jointly op-303

timize the Grad-CAM fusion weights {wl}, threshold304

τ , and classifier parameters ψ to minimize the classi-305

fication objective:306

min
ψ,τ,{wl}

1

M

M∑
i=1

L (gψ (ϕ(X′
i)) , yi) .

This optimization is performed using black-box307

strategies (i.e differential evolution) due to the non-308

differentiable nature of topological features. This for-309

mulation ensures that the attention mechanism is ex-310

plicitly guided by task performance, and that topol-311

ogy is extracted from semantically meaningful seg-312

mented regions of the original scan.313

In summary, our method is interpretable by design,314

focusing analysis on class-discriminative subregions315

of the original volume, summarizing their geometric316

complexity via persistent homology, and enabling ro-317

bust classification with minimal supervision. Each318

module contributes inductive bias: volumetric pri-319

ors from pretraining, attention from Grad-CAM, and320

topological abstraction from persistent homology.321

4. Experiments322

4.1. Experimental Setup.323

Datasets. We validate our framework on a di-324

verse collection of eight 3D and two 2D medical325

imaging benchmarks to demonstrate its generality326

across modalities and anatomies. Five 3D datasets327

are drawn from MedMNIST3D (Yang et al., 2023),328

namely NoduleMNIST3D (Armato et al., 2011),329

AdrenalMNIST3D (Yang et al., 2022), FractureM-330

NIST3D (Jin et al., 2020), VesselMNIST3D (Yang331

et al., 2020) , and SynapseMNIST3D (Wei et al.,332

2020), while the Harvard OCT (Luo et al., 2023)333

dataset provides volumetric optical coherence tomog-334

raphy. We further include two brain MRI corpora,335

BraTS 2019 (Bakas et al., 2017, 2018) and BraTS336

2021 (Baid et al., 2021), for glioma classification and337

prediction of the O[6]-methylguanine-DNA methyl-338

transferase (MGMT) promoter methylation status.339

For 2D evaluation, we use two MedMNIST2D sets:340

BreastMNIST (Al-Dhabyani et al., 2020) and Pneu-341

moniaMNIST (Liu et al., 2022). Table 1 summarizes342

their key characteristics.343

Table 1: Summary of 2D and 3D datasets.
Dataset Dim. Modality Class # Images

NoduleMNIST3D 3D CT (lung nodules) 2 1,633
AdrenalMNIST3D 3D CT (adrenal glands) 2 1,584
FractureMNIST3D 3D CT (bone fractures) 3 1,370
VesselMNIST3D 3D MRA (vasculature) 2 1,908
SynapseMNIST3D 3D EM (synapses) 2 1,759
Harvard OCT 3D OCT (retinal volumes) 2 1,000
BraTS 2019 3D MRI (brain tumors) 2 335
BraTS 2021 3D MRI (brain tumors) 2 585

BreastMNIST 2D Ultrasound 2 780
PneumoniaMNIST 2D Chest X-Ray 2 5,856

Implementation. We developed a unified deep 344

learning pipeline, TopoCAM, for both 2D and 3D med- 345

ical image classification. The pipeline integrates a 346

convolutional backbone, Grad-CAM–based attention 347

to identify salient regions, persistent homology for 348

topological feature computation, and a lightweight 349

MLP classifier for the final prediction. For 2D tasks, 350

we used a ResNet18 backbone pretrained on Ima- 351

geNet (with grayscale inputs replicated to three chan- 352

nels), and for 3D tasks, a 3D ResNet18 (R3D 18) pre- 353

trained on Kinetics-400. The backbones were fine- 354

tuned on the target dataset, and their feature maps 355

were used to generate multi-scale Grad-CAM atten- 356

tion maps. Inputs were resized to 224 × 224 (2D) or 357

standardized to 64×64×64 (3D). The attention maps 358

were then used to segment relevant structures, from 359

which topological features were extracted to train the 360

downstream classifier. 361

Grad-CAM maps from layers 2–4 were fused with 362

learned weights optimized via differential evolution 363

(population size 15, 50 iterations) to maximize AUC 364

on validation data. The fused maps were thresholded 365

at 0.6 to obtain binary masks highlighting discrimi- 366

native regions. Cubical persistent homology was then 367

computed on these masks. We extracted Betti num- 368

bers for dimensions 0–2 (3D) or 0–1 (2D) and con- 369

verted persistence diagrams into Betti curve vectors 370

with 50 bins using Giotto-TDA. Curves were normal- 371

ized by nonzero pixels/voxels, and this count was ap- 372

pended as an additional feature. 373

The resulting topological feature vectors were 374

classified using a lightweight multilayer perceptron 375

(MLP). A consistent MLP architecture was employed 376

for both 2D and 3D datasets, comprising two hidden 377

layers with 128 and 64 units, respectively. This design 378

balances expressiveness and computational efficiency, 379

enabling robust feature abstraction across modalities. 380

All hidden layers employed ReLU activation func- 381

tions. The models were trained for 100 epochs using 382

the Adam optimizer with a cross-entropy loss func- 383
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tion. No gradients were propagated to the ResNet384

backbones. We followed official train/val/test splits385

for MedMNIST2D/3D and Harvard OCT, and used386

70:10:20 splits for BraTS 2019 and BraTS 2021.387

Performance Metrics. We evaluated model per-388

formance using accuracy and ROC-AUC as primary389

metrics, and additionally report F1 score, specificity,390

and sensitivity in Appendix.391

Computational Complexity and Runtime.392

Our framework is designed for computational effi-393

ciency by leveraging modular components and fo-394

cusing processing on diagnostically relevant regions.395

The volumetric feature extraction stage relies on a396

lightweight 3D ResNet-18 backbone, which maintains397

a manageable memory footprint and runtime com-398

pared to deeper architectures. The multi-scale Grad-399

CAM attention mechanism requires only a small400

number of backward passes and channel-weighted fea-401

ture aggregations at selected layers, resulting in mini-402

mal overhead beyond standard forward and backward403

propagation. Crucially, by applying the attention-404

guided mask, we restrict topological feature extrac-405

tion to a small fraction of the input volume, signifi-406

cantly reducing the cost of cubical persistent homol-407

ogy, which otherwise scales with the number of voxels408

and filtration thresholds. The complexity of comput-409

ing Betti curves for a masked subvolume is O(NV ′),410

where N is the number of filtration steps and V ′ is411

the number of voxels within the ROI, typically much412

smaller than the full scan. The final classification413

stage uses a shallow MLP with negligible cost. Over-414

all, our pipeline scales linearly with the number of415

training examples and is well suited for GPU accel-416

eration. By integrating attention-driven focus and417

topological summarization, our method delivers ro-418

bust performance with substantially reduced compu-419

tational and memory requirements compared to con-420

ventional 3D deep learning approaches that process421

entire volumes. As an example, our complete pipeline422

for the VesselMNIST3D dataset which includes Grad-423

CAM generation, Betti vector extraction, and MLP-424

based classification was executed on a single node425

equipped with an NVIDIA H100 GPU. The job was426

submitted using SLURM with one node and one task,427

and completed in approximately 23 hours and 33 min-428

utes. This highlights the practicality of our approach429

even on large volumetric datasets.430

4.2. Results 431

3D Baselines. We compare against seven strong 432

volumetric classification architectures from both the 433

convolutional and transformer literatures. To en- 434

sure fair comparison, we use open source implemen- 435

tations which can be found in our code page. First, 436

we include three standard 3D-CNNs, R3D-18, MC3- 437

18, and R(2+1)D-18, which employ full 3D convo- 438

lutions, mixed 3D/2D convolutions, and factorized 439

(2D+1D) spatio-temporal filters, respectively (Tran 440

et al., 2018). We also evaluate EfficientNet3D, a di- 441

rect volumetric adaptation of the compound-scaled 442

EfficientNet family (Tan and Le, 2019). To assess 443

the benefits of global attention, we benchmark three 444

transformer-style models: M3T, which fuses multi- 445

plane, multi-slice transformer encoding with a 3D- 446

CNN backbone (Jang and Hwang, 2022); 3D-CCT, 447

which injects convolutional tokenization into a com- 448

pact transformer architecture for volumetric inputs 449

(Hassani et al., 2021); and 3D-ViT, a 3D adaptation 450

of the original vision transformer (Dosovitskiy et al., 451

2020). Models were trained for 100 epochs with the 452

Adam optimizer (learning rate = 1e−4); the check- 453

point that achieved the highest validation AUC was 454

subsequently evaluated on the test set. 455

2D Baselines. For 2D tasks, we benchmark seven 456

pretrained backbones: ResNet-18 (He et al., 2016), 457

DenseNet-121 (Huang et al., 2017), VGG-16 (Si- 458

monyan and Zisserman, 2015), EfficientNet-B0 (Tan 459

and Le, 2019), and three transformer based models, 460

DaViT (Ding et al., 2022), Swin Transformer (Liu 461

et al., 2021), and MobileViT (Mehta and Rastegari, 462

2022). These span classic CNNs, a compound scaled 463

network, and attention based architectures. All 2D 464

baselines use the same training protocol and hyper- 465

parameters as the 3D setups. 466

Results. Table 2 shows that TopoCAM delivers 467

strong gains across a broad set of 3D benchmarks. 468

Out of eight 3D benchmark datasets, it attains the 469

best AUC on four: Vessel3D, Nodule3D, FractureM- 470

NIST3D, and BraTS 2019, exceeding the strongest 471

baselines by 1.7, 3.8, 6.3, and 7.6 points respec- 472

tively. On Synapse3D and Adrenal3D, performance 473

is close to the best CNN and transformer models, 474

within 0.1 to 2.1 AUC. On Harvard OCT, TopoCAM 475

achieves state-leading accuracy 81.4 with AUC 78.4. 476

On BraTS 2021, it reaches AUC 64.7 and accuracy 477

58.9, remaining significantly above the Topo-Original 478

baseline that computes topology over the full volume. 479
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Table 2: Performance on 3D Datasets. AUC and accuracy of CNN, ViT-based, and topological models across five
MedMNIST3D and three other 3D benchmarks. Models marked with ∗ were trained from scratch, while all others
used Kinetics-400 pretrained weights. Further performance metrics are provided in Table 9.

Vessel3D Synapse3D Nodule3D Fracture3D Harvard OCT Adrenal3D BraTS 2019 BraTS 2021

Model AUC Acc. AUC Acc. AUC Acc. AUC Acc. AUC Acc. AUC Acc. AUC Acc. AUC Acc.

Topo-Original 69.6 88.7 81.2 79.8 74.4 81.3 59.1 52.5 53.6 49.9 78.8 78.2 42.1 77.6 58.0 52.5

R3D-18 91.9 92.7 98.5 92.9 90.9 86.8 66.1 50.0 81.5 92.7 90.7 85.2 85.8 83.6 62.6 64.4
MC3-18 93.5 93.2 96.8 94.3 90.3 86.1 67.8 51.2 93.5 93.2 85.2 81.9 88.1 82.1 65.3 47.5
R(2+1)D-18 86.3 87.2 97.5 91.8 89.3 86.5 69.2 50.4 82.1 87.2 97.5 91.8 89.3 86.5 64.5 62.7
EfficientNet3D∗ 52.4 88.7 49.9 73.0 75.8 84.5 54.8 44.2 48.8 88.7 60.2 76.8 47.6 76.5 57.3 55.9
3D-CCT∗ 85.2 90.6 58.8 73.0 81.8 83.9 62.5 47.1 79.6 90.6 84.8 77.8 85.2 82.3 65.4 52.5
3D-ViT∗ 78.6 89.0 57.8 70.2 89.4 85.5 66.1 50.8 76.6 89.0 78.7 75.5 81.0 79.4 74.7 57.6
M3T 97.2 95.0 95.8 93.2 88.6 87.7 70.9 52.9 84.2 95.0 83.7 80.5 86.9 85.3 62.7 62.7

TopoCAM 98.9 97.1 98.4 81.0 99.6 98.1 77.2 66.3 78.4 81.4 95.4 91.6 94.2 98.5 64.7 58.9

Table 3: Performance on 2D Datasets. Performance of
pre-trained CNN, ViT baselines, and topological
models across two 2D medical imaging benchmarks.
Further performance metrics are given in Table 10.

Breast2D Pneumo2D

Model AUC Acc. AUC Acc.

Topo-Original 78.8 78.2 84.5 78.8

ResNet18 92.8 89.7 88.3 63.8
DenseNet121 87.8 87.8 97.5 71.3
VGG16 87.1 87.2 98.1 93.6
EfficientNetB0 87.5 85.9 83.5 71.5
DaViT 94.7 90.4 98.6 89.9
MobileViT 86.2 84.6 95.7 89.7
Swin v2 91.0 88.5 99.1 93.4

TopoCAM 99.9 98.7 100 99.4

These results support our central claim: full-480

volume topological analysis is confounded by irrele-481

vant anatomy, whereas Grad-CAM-guided ROIs con-482

centrate persistence signals on clinically meaningful483

structures. The consistently high performance across484

CT, MRI, and OCT indicates that attention-guided485

topology generalizes well across modalities. On 2D486

MedMNIST benchmarks (Table 3), TopoCAM matches487

or exceeds strong pretrained CNN and ViT base-488

lines, underscoring applicability to both volumetric489

and planar settings. For context, our MedMNIST3D490

runs use 64×64×64 inputs, while results on the offi-491

cial webpage are reported for 28×28×28.492

In summary, TopoCAM combines explainable atten-493

tion with topological descriptors to improve predic-494

tive performance and interpretability in 3D medical495

image classification, with large gains on several chal-496

lenging datasets and competitive results on the re- 497

mainder. 498

4.3. Ablation Studies 499

We evaluate two design choices within our TopoCAM 500

pipeline that computes topological descriptors on seg- 501

mented subvolumes defined by a Grad-CAM mask. 502

First, we study how the region-of-interest (ROI) bi- 503

narization threshold t affects performance when using 504

TopoCAM with fixed weighted multi-layer Grad-CAM 505

fusion. Second, we compare using only the last Grad- 506

CAM layer with the weighted multi-layer fusion when 507

constructing the attention map that defines the ROI. 508

Unless specified, topological features are extracted 509

exclusively from voxels retained by the ROI mask. 510

Let H(l) ∈ [0, 1]D×H×W denote the Grad-CAM 511

heatmap from layer l (upsampled and normalized). 512

The single-layer condition uses Hsingle = H(L). The 513

multi-layer condition forms a fused map Hfused = 514∑
l∈L wl H̃

(l) with nonnegative weights
∑
wl = 1 515

and normalized H̃(l). Given a chosen map H ∈ 516

{Hsingle, Hfused}, we build a binary ROI via Mt(x) = 517

1[H(x)≥t] and define the segmented subvolume Ωt = 518

{x : Mt(x) = 1}; TopoCAM computes topology only 519

on Ωt. 520

For the threshold sensitivity in Tables 4 and 11, 521

vary t. The results show that t = 0.6 yields the best 522

trade-off between coverage and precision across rep- 523

resentative datasets and is adopted in the final con- 524

figuration. 525

To isolate the benefit of multi-scale attention, we 526

also compare single-layer versus weighted multi-layer 527

Grad-CAM in Tables 5 and 12. Weighted fusion 528

consistently improves AUC and accuracy. These 529

results suggest that earlier layers contribute fine- 530
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Figure 3: Betti curves on ROIs. For Synapse3D, classwise Betti-0 (left), Betti-1 (center), and Betti-2 (right) curves are
shown. Solid lines denote medians within Grad-CAM ROIs with 40% confidence bands, while dotted lines are the
corresponding medians computed on full volumes. Unlike the overlapping full-volume curves, ROI-based curves and
bands show clear class separation.

Table 4: ROI threshold Impact of threshold t on
TopoCAM measured on segmented subvolumes
with H = Hfused.

Threshold t
Fracture3D Breast2D Vessel3D

AUC Acc. AUC Acc. AUC Acc.

0.5 72.6 55.0 98.1 94.9 94.6 92.4
0.6 77.2 63.3 99.9 98.7 98.9 97.1
0.7 72.1 55.4 99.9 97.4 97.6 95.5

Table 5: Grad-CAM Layers. Performance comparison of
TopoCAM using ROIs from the final Grad-CAM
layer versus a weighted combination of all layers.

Nodule3D Adrenal3D Pneum2D

Configuration AUC Acc. AUC Acc. AUC Acc.

Single layer 97.2 97.1 88.7 85.2 99.8 95.7
Weighted layers 99.6 98.1 95.4 91.6 100.0 99.4

grained structural cues that help define a more re-531

liable ROI for topology than the last layer alone.532

To ensure a fair assessment against pretrained533

baselines, we evaluate TopoCAM under two condi-534

tions: with the 3D backbone trained from scratch535

and with Kinetics-400 pretrained weights. Notably,536

in Table 2, all baseline models were initialized with537

pretrained weights except 3D-ViT, 3D-CCT, M3T,538

and EfficientNet3D. As summarized in Table 6, pre-539

training the TopoCAM backbone consistently im-540

proves AUC and accuracy by facilitating faster con-541

vergence and more stable optimization. However, the542

major performance gain originates from TopoCAM’s543

ROI-driven topological encoding, which refines fea-544

ture learning by focusing topology computation on545

clinically salient regions rather than from weight ini- 546

tialization alone. 547

We performed an ROI generator ablation on 548

three representative 3D datasets (VesselMNIST3D, 549

SynapseMNIST3D, and NoduleMNIST3D) under 550

identical training conditions, varying only the atten- 551

tion mechanism. As shown in Table 7, Grad-CAM 552

consistently achieves the best overall performance, at- 553

taining the highest AUC on Vessel3D and synapse3D 554

while remaining competitive on Nodule3D. 555

To ensure a fair comparison, we implemented a 556

segment-then-analyze baseline on the BraTS 2019 557

dataset, which includes both segmentation masks 558

and class labels. In this setup, a MONAI 3D U- 559

Net (Cardoso et al., 2022) was used to generate tu- 560

mor masks, from which Betti-vector features were ex- 561

tracted. Classification was then performed using the 562

same MLP architecture as in TopoCAM to isolate 563

the effect of segmentation. As shown in Table 8, this 564

baseline yields notably lower performance compared 565

to TopoCAM. 566

4.4. Discussion 567

Refining Topological Signatures with Grad- 568

CAM ROIs. In Tables 2 and 3, the baseline 569

Topo-Original computes Betti curves over the full 570

volume, while TopoCAM improves specificity by first 571

generating an attention map M via multi-layer Grad- 572

CAM fusion. The scan is segmented into ROIs as 573

Iroi = I ⊙ 1{M≥τ}, and Betti curves for k ∈ {0, 1, 2} 574

are computed only on Iroi. These curves are normal- 575

ized by ROI voxel count, which is also appended as a 576

feature. Across datasets, TopoCAM consistently im- 577

proves AUC and accuracy, showing that full-volume 578

8
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Table 6: Effect of Pretraining. Comparison of TopoCAM trained from scratch (∗) and with Kinetics-400 pretrained
initialization on two representative 3D datasets. Models marked with ∗ indicate that the backbone was trained from
scratch, while the other used Kinetics-400 pretrained weights.

Vessel3D Adrenal3D

Configuration AUC Acc. Sens. Spec. F1 AUC Acc. Sens. Spec. F1

TopoCAM∗ 94.6 95.4 88.4 99.1 90.4 95.0 94.3 90.5 94.1 94.0
TopoCAM 98.9 97.1 76.7 99.7 85.7 95.4 91.6 79.7 95.2 81.5

Table 7: ROI Generator Ablation. Comparison of ROI
generation methods on three 3D datasets using
identical training and evaluation settings. Grad-
CAM shows superior AUC and computational effi-
ciency.

ROI Generator Vessel3D Synapse3D Nodule3D

Grad-CAM 0.989 0.984 0.996
Grad-CAM++ 0.935 0.892 0.997
Score-CAM 0.901 0.881 0.854

Table 8: Segment-then-Analyze Baseline. Compari-
son between the segmentation-based Betti-vector
pipeline (Segment+Betti) and TopoCAM on the
BraTS 2019 dataset. TopoCAM achieves higher dis-
crimination without voxel-level supervision.

Model AUC Acc. Sens. Spec. F1

TopoCAM 94.2 98.5 100.0 93.3 99.0
Segment+Betti 83.0 88.6 86.8 46.2 78.5

topology is confounded by irrelevant anatomy, while579

Grad-CAM-guided ROIs concentrate persistence sig-580

nals on diagnostically meaningful structures.581

Interpretability. Our pipeline is interpretable at582

two levels: spatially, Grad-CAM highlights where de-583

cisions are made, producing human-readable ROIs;584

structurally, Betti curves summarize the topological585

patterns driving predictions. As shown in Figures 3586

and 5, Betti curves of masked regions (solid) ex-587

hibit clearer class separation than unmasked ones588

(dashed). For Betti-0, masking suppresses back-589

ground micro-components, leaving peaks tied to le-590

sion and vessel fragmentation, while Betti-1 and591

Betti-2 peaks shift to clinically relevant intensity592

ranges with reduced overlap between classes. The593

40% envelopes reveal lower variance and sharper dis-594

criminative peaks, and the t-SNE plots in Figures 4595

and 6 further confirm tighter, more distinct cluster-596

ing of ROI-based features. Together, these results597

show that TopoCAM decisions are both localized and598

Figure 4: t-SNE on Synapse3D. Left: t-SNE of Betti vec-
tors computed on the full volumes. Right: t-SNE
of our normalized Betti vectors (TopoCAM) on
GradCAM ROIs. TopoCAM features yield tighter,
better-separated class clusters, consistent with the
gains in Tables 2 and 3.

structurally grounded, offering transparent rationale 599

for classification. 600

5. Conclusion 601

We presented TopoCAM, a hybrid framework that com- 602

bines Grad-CAM–guided localization with cubical 603

persistence to deliver accurate, interpretable medical 604

image classification in both 2D and 3D. By restrict- 605

ing topological descriptors to task-relevant regions, 606

TopoCAM consistently outperforms state-of-the-art 607

CNN and transformer baselines across diverse bench- 608

marks, achieving near-perfect AUC on several tasks 609

and substantial gains on challenging datasets such as 610

Harvard OCT, FractureMNIST3D, and BraTS 2021. 611

Its design not only improves predictive performance 612

but also enhances interpretability by linking visual 613

attention to structural descriptors. Future directions 614

include extending TopoCAM to multimodal imaging, 615

adapting it to cross-institutional and domain-shifted 616

datasets, exploring differentiable topological layers 617

for end-to-end learning, and applying the framework 618

to broader clinical tasks where reliability and trans- 619

parency are essential. 620
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Appendix 887

Further Performance Metrics. While the main text (Tables 2 and 3) focuses on accuracy and AUC 888

for clarity, here (Tables 9 and 10) we provide additional evaluation metrics, specificity, sensitivity, and F1 889

score, for both our models and the baselines. Furthermore, in Tables 11 and 12 below, we give the additional 890

performance metrics for our ablation studies given in the main text. 891

Table 9: Performance Metrics on 3D Datasets. Diagnostic performance of CNN, ViT-based, and
topological models evaluated across four 3D medical imaging datasets.

VesselMNIST3D SynapseMNIST3D NoduleMNIST3D FractureMNIST3D

Model AUC Acc. Sens. Spec. F1 AUC Acc. Sens. Spec. F1 AUC Acc. Sens. Spec. F1 AUC Acc. Sens. Spec. F1

Topo-Original 69.6 88.7 2.3 99.7 4.4 81.2 79.8 93.0 44.2 87.1 74.4 81.3 40.6 91.9 47.3 59.1 43.3 42.4 69.7 40.5
R3D-18 91.9 92.7 51.2 97.9 61.1 98.5 92.9 97.3 81.0 95.2 90.9 86.8 68.8 91.5 68.2 66.1 50.0 46.6 72.7 46.5
MC3-18 93.5 93.2 55.8 97.9 64.9 96.8 94.3 96.9 87.4 96.1 90.3 86.1 70.3 90.2 67.7 67.8 51.2 50.8 74.5 50.2
R(2+1)D-18 86.3 87.2 51.2 91.7 47.3 97.5 91.8 94.5 84.2 94.4 89.3 86.5 64.1 92.3 66.1 69.2 50.4 48.2 73.0 47.2
EfficientNet3D 52.4 88.7 50.0 50.0 47.0 49.9 73.0 50.0 50.0 42.2 75.8 84.5 69.4 69.4 72.3 54.8 44.2 36.5 68.9 32.6
3D-CCT 85.2 90.6 64.2 64.2 68.4 58.8 73.0 50.0 50.0 42.2 81.8 83.9 65.0 65.0 68.1 62.5 47.1 39.5 70.3 35.9
3D-ViT 78.6 89.0 51.2 51.2 49.4 57.8 70.2 49.7 49.7 45.4 89.4 85.5 79.3 79.3 78.5 66.1 50.8 44.4 72.9 44.3
M3T 97.2 95.0 69.8 98.2 75.9 95.8 93.2 96.9 83.2 95.4 88.6 87.7 78.1 90.2 72.5 70.9 52.9 55.1 75.5 52.9

TopoCAM 98.9 97.1 76.7 99.7 85.7 98.4 81.0 74.3 98.9 85.1 99.6 98.1 96.9 98.4 95.4 77.2 63.3 58.9 80.3 59.0

Harvard OCT3D AdrenalMNIST3D BRATS 2019 BRATS 2021

Model AUC Acc. Sens. Spec. F1 AUC Acc. Sens. Spec. F1 AUC Acc. Sens. Spec. F1 AUC Acc. Sens. Spec. F1

Topo-Original 53.6 49.9 21.9 99.7 32.2 78.8 78.2 86.8 78.2 85.3 42.1 77.6 100.0 0.0 87.4 58.0 52.5 100.0 0.0 68.9

R3D-18 81.5 92.7 51.2 97.9 61.1 90.7 85.2 44.9 97.4 58.5 85.8 83.6 98.1 33.3 90.3 62.6 64.4 75.8 51.8 69.1
MC3-18 93.5 93.2 55.8 97.9 64.9 85.2 81.9 72.5 84.7 64.9 88.1 82.1 98.1 26.7 89.5 65.3 47.5 0.0 100.0 0.0
R(2+1)D-18 82.1 87.2 51.2 91.7 47.3 97.5 91.8 94.5 84.2 94.4 89.3 86.5 64.1 92.3 66.1 64.5 62.7 40.3 87.5 53.2
EfficientNet3D 48.8 88.7 50.0 50.0 47.0 60.2 76.8 50.0 50.0 43.5 47.6 76.5 50.0 50.0 43.3 57.3 55.9 50.0 50.0 35.9
3D-CCT 79.6 90.6 64.2 64.2 71.7 84.8 77.8 60.8 60.8 62.1 85.2 82.3 62.4 62.4 64.8 65.4 52.5 54.3 54.3 52.2
3D-ViT 76.6 89.0 51.2 51.2 49.4 78.7 75.5 64.8 64.8 65.0 81.0 79.4 65.9 65.9 66.7 74.7 57.6 50.0 50.0 36.6
M3T 84.2 95.0 69.8 98.2 75.9 83.7 80.5 20.3 98.7 32.6 86.9 85.3 84.5 84.5 78.6 62.7 62.7 62.6 62.6 62.6

TopoCAM 78.4 81.4 68.2 83.2 77.4 95.4 91.6 79.7 95.2 81.5 94.2 98.5 100.0 93.3 99.0 64.7 58.9 62.0 56.0 59.0

Table 10: Performance Metrics on 2D Datasets. Diagnostic performance of CNN, ViT-based, and
topological models evaluated across three 2D medical imaging datasets.

BreastMNIST2D PneumoniaMNIST2D

Model AUC Acc. Sens. Spec. F1 AUC Acc. Sens. Spec. F1

Topo-Original 78.8 78.2 86.8 78.2 85.3 84.5 78.8 94.6 78.8 84.8
ResNet18 92.8 89.7 98.3 66.7 93.3 88.3 63.8 51.7 51.7 42.1
DenseNet121 87.8 87.8 92.1 76.2 91.7 97.5 71.3 61.8 61.8 59.7
VGG16 87.1 87.2 94.7 66.7 91.5 98.1 93.6 92.4 92.4 93.1
EfficientNetB0 87.5 85.9 92.1 69.1 90.5 83.5 71.5 62.4 62.4 61.0
DaViT 94.7 90.4 85.9 85.9 87.3 98.6 89.9 86.8 86.8 88.6
Swin 91.0 88.5 85.3 85.3 85.3 99.1 93.4 91.3 91.3 92.7
MobileViT 86.2 84.6 79.7 79.7 80.2 95.7 89.7 89.2 89.2 89.1

TopoCAM 99.9 98.7 98.2 99.1 98.4 100.0 99.4 100.0 98.7 99.5
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Table 11: ROI threshold. Effect of ROI threshold on the performance of TopoCAM.
Fracture3D Breast2D Vessel3D

Threshold t AUC Acc. Sens. Spec. F1 AUC Acc. Sens. Spec. F1 AUC Acc. Sens. Spec. F1

0.5 72.6 55.0 49.2 76.1 48.5 98.1 94.9 91.8 85.7 93.3 94.6 92.4 44.2 98.5 56.7
0.6 77.2 63.3 58.9 80.3 59.0 99.9 98.7 98.2 99.1 98.4 98.9 97.1 76.7 99.7 85.7
0.7 72.1 55.4 57.5 76.0 57.3 99.9 97.4 92.9 96.0 96.7 97.6 95.5 76.7 97.9 79.5

Table 12: GradCAM Layers. Further performance metrics of TopoCAM using ROIs from the final GradCAM layer versus
a weighted combination of all layers.

Nodule3D Adrenal3D PneumoniaMNIST2D

Configuration AUC Acc. Sens. Spec. F1 AUC Acc. Sens. Spec. F1 AUC Acc. Sens. Spec. F1

Single layer 97.2 97.1 95.3 97.7 95.6 88.7 85.2 59.4 93.0 77.6 99.8 95.7 99.5 89.3 95.3
Weighted layers 99.6 98.1 97.0 98.4 95.4 95.4 91.6 79.7 95.2 81.5 100.0 99.4 99.1 98.7 99.3

Figure 5: Betti curves on ROIs. For Nodule3D, classwise Betti-0 (left), Betti-1 (center), and Betti-2 (right) curves are
shown. Solid lines denote medians within Grad-CAM ROIs with 40% confidence bands, while dotted lines are the
corresponding medians computed on full volumes. Unlike the overlapping full-volume curves, ROI-based curves and
bands show clear class separation.

Figure 6: t-SNE of TopoCAM descriptors on Nodule3D. Left: t-SNE of Betti vectors computed on the full volumes.
Right: t-SNE of our normalized Betti vectors (TopoCAM) on GradCAM ROIs. TopoCAM features yield tighter,
better-separated class clusters, consistent with the gains in Tables 2 and 3.

14


	Introduction
	Background
	Related Work
	Cubical Persistence

	TopoCAM: ROI focused Topological Signatures
	Experiments
	Experimental Setup.
	Results
	Ablation Studies
	Discussion

	Conclusion

