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Abstract

Gastrointestinal cancers account for more than 3.5 million deaths annually, yet

existing AI-assisted endoscopy systems reduce the clinical decision to a binary

lesion-present/absent output misaligned with published clinical practice guidelines.

We present a lightweight CNN–Transformer benchmark for four-class gastrointesti-

nal lesion risk strati}cation aligned with American College of Gastroenterology

(ACG) and European Society of Gastrointestinal Endoscopy (ESGE) guidelines.

We mapped 21 of 23 HyperKvasir }nding classes to four clinically actionable risk
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tiers—Normal, In~ammatory, Pre-malignant, and High-Risk—and trained three

lightweight architectures (DenseNet-121, E{cientNet-B0, DeiT-Tiny; all <8M pa-

rameters) under a novel Asymmetric Endoscopy Loss (AEL) that assigns a

5× misclassi}cation penalty to High-Risk lesions. CLAHE preprocessing, Weight-

edRandomSampler, and MC Dropout uncertainty quanti}cation (T = 30 passes,

τ = 0.75) complete the pipeline. DenseNet-121 achieved macro F1=0.84 on Hyper-

Kvasir; E{cientNet-B0 leads zero-shot generalization at 0.78 on the independent

Kvasir-v2 cohort. Zero High-Risk lesions were missed across all architectures un-

der the MC Dropout referral protocol—a guarantee enforced by mandatory esca-

lation of all Pre-malignant and High-Risk predictions—with 44.9% of cases auto-

cleared without endoscopist review. All models produced con}dence estimates in the

range ECE=0.08–0.09. GradCAM saliency maps con}rm that risk-tier decisions

are grounded in clinically relevant mucosal features.

Keywords: Gastrointestinal endoscopy; Risk strati}cation; Asymmetric loss function;

Lightweight neural networks; Vision Transformer

1 Introduction1

Gastrointestinal cancers—encompassing colorectal, gastric, and esophageal malignancies—2

collectively account for more than 3.5 million deaths annually and represent the second3

leading cause of cancer mortality worldwide [15]. Early-stage lesions are missed in up to4

26% of endoscopic procedures due to subtle mucosal changes, inter-endoscopist variabil-5

ity, and endoscopist fatigue during high-volume screening sessions [7]. Computer-aided6

detection (CAD) systems have demonstrated statistically signi}cant improvements in7

polyp detection in randomized controlled trials [19], leading to regulatory approval of8

the }rst AI endoscopy devices. However, the clinical utility of deployed CAD systems9

remains constrained by a fundamental design mismatch: virtually all systems reduce10

the endoscopic decision to a binary lesion-present or lesion-absent output [9].11

This binary framing does not correspond to any published clinical practice guideline.12

Both the ACG and the ESGE classify GI }ndings into tiered risk categories that map13

to distinct clinical actions: routine surveillance intervals for normal mucosa, medical14

management for in~ammatory lesions, mandatory biopsy and intensi}ed surveillance15

for pre-malignant }ndings, and immediate endoscopic resection or oncology referral for16

high-risk lesions [4, 14]. A binary AI output cannot guide these decisions, reducing the17
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technology to a simple alert with no actionable resolution. Binary systems also apply18

identical classi}cation costs to all errors, ignoring the critical asymmetry in clinical19

consequences: a missed High-Risk lesion may progress to invasive cancer within months,20

while over-triaging a Normal }nding results only in an unnecessary repeat procedure [11].21

Prior deep learning work on GI endoscopy has focused predominantly on polyp22

detection [16] and binary lesion classi}cation [9]. Multi-class staging has been explored23

in isolated contexts—such as gastric subepithelial lesion risk grading [3]—but the full GI24

tract has not been framed as a uni}ed four-class ACG/ESGE-aligned risk strati}cation25

benchmark.26

We address this gap through three interconnected design decisions. Architecturally,27

compact Vision Transformers—speci}cally DeiT-Tiny [18] (5.9M parameters)—enable28

global mucosal context modeling through patch-token self-attention without the 86M+29

parameter overhead of full ViT [2], making them deployable on clinical-grade hardware30

alongside established convolutional networks. For uncertainty quanti}cation, Monte31

Carlo Dropout [5] approximates Bayesian posterior inference by retaining dropout at32

inference time; we extend its use with a hard safety constraint that escalates all Pre-33

malignant and High-Risk predictions regardless of model con}dence, encoding clinical34

risk asymmetry directly into the referral logic. For the loss function, Focal Loss [8] ad-35

dresses class imbalance by down-weighting easy examples but does not encode inter-class36

risk asymmetry—the clinically critical distinction between missing a Normal }nding and37

missing a High-Risk lesion. Cost-sensitive learning has been applied in medical image38

classi}cation where class imbalance and asymmetric misclassi}cation costs coexist, but39

explicit survival-weighted cross-entropy formulations for multi-tier GI risk strati}cation40

have not previously been reported.41

We reframe the problem as four-class risk strati}cation aligned with published42

ACG/ESGE intervention thresholds rather than binary lesion presence. The core tech-43

nical contribution is the Asymmetric Endoscopy Loss (AEL), a weighted cross-44

entropy formulation that assigns a 5× penalty to High-Risk misclassi}cation, encoding45

the survival cost asymmetry directly into the training objective. Three lightweight46

architectures (<8M parameters each: DenseNet-121, E{cientNet-B0, DeiT-Tiny) are47

benchmarked under identical conditions and evaluated zero-shot on the independent48

Kvasir-v2 cohort. Monte Carlo Dropout uncertainty quanti}cation constructs a referral49
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protocol under which zero High-Risk lesions were missed on the internal test set.50

GradCAM saliency maps provide per-class explainability for clinical audit; an abla-51

tion study isolates the contribution of AEL against cross-entropy and Focal Loss. To52

our knowledge, this is the }rst work to cast GI endoscopy AI as an ACG/ESGE-aligned53

clinical risk tiering task, benchmarked across both convolutional and transformer ar-54

chitectures under a uniform sub-8M parameter budget. This study is positioned as a55

computational benchmark establishing feasibility, not as a validated clinical deployment.56

2 Methods57

Figure 1 provides an overview of the proposed pipeline, from raw endoscopy image58

input through CLAHE preprocessing, three parallel lightweight architectures trained59

under AEL, Monte Carlo Dropout uncertainty quanti}cation, and }nal four-class risk60

output with GradCAM explainability.61

Figure 1: Overview of the proposed GI endoscopy risk strati}cation framework. Raw endoscopy images
are preprocessed with CLAHE and fed into three lightweight architectures (<8 M parameters each)
trained under the Asymmetric Endoscopy Loss (AEL). Monte Carlo Dropout uncertainty quanti}cation
governs the referral protocol, and GradCAM heatmaps provide per-class explainability for clinical audit.

2.1 Datasets62

We used HyperKvasir [1] as the primary training and evaluation dataset. HyperKvasir63

is the largest publicly available annotated GI endoscopy dataset, comprising 110,07964

images from both upper and lower GI tract examinations collected at Baerum Hospital,65

Norway. The labelled image subset contains 10,662 images across 23 }nding classes,66

organized in a nested directory structure by GI tract region, anatomical category, and67

}nding class. Each class folder contains JPEG images of variable resolution, standard-68

ized to 224 × 224 pixels prior to training.69

For external validation, we used Kvasir-v2 [10], an independent dataset of 8,000 im-70

ages across 8 GI }nding classes collected from a dizerent patient population and imaging71

equipment. Kvasir-v2 was used exclusively for zero-shot evaluation—no Kvasir-v2 im-72
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ages were used during training or hyperparameter selection. This design tests the ability73

of models trained on HyperKvasir to generalize to a clinically and technically distinct74

cohort. The eight Kvasir-v2 classes were mapped to the four-tier schema following the75

same ACG/ESGE guidelines used for HyperKvasir; the full mapping is given in Table 776

alongside the zero-shot evaluation results in Section 3.77

The full dataset was split at the image level with strati}ed sampling into training78

(70%), validation (15%), and test (15%) sets, with reproducibility ensured by a }xed ran-79

dom seed (SEED= 42). The training set was further balanced using WeightedRandomSampler80

with weights inversely proportional to class frequencies, ensuring equal expected class81

representation per batch.82

Figure 2 shows representative images from each risk tier in both datasets, illustrat-83

ing the visual diversity within each class and the appearance dizerence between imaging84

systems. After schema mapping and excluding two non-pathological classes (bbps-0-1,85

impacted-stool), the usable HyperKvasir subset comprises 7,633 images: Normal86

(3,000), In~ammatory (645), Pre-malignant (1,836), and High-Risk (2,152). In~amma-87

tory is the smallest tier (645 images), motivating the use of WeightedRandomSampler88

and macro F1 as the primary evaluation metric. Kvasir-v2 presents a more balanced89

distribution (1,000 images per class), re~ecting a realistic cross-site deployment scenario.90

(a) HyperKvasir (training dataset) (b) Kvasir-v2 (zero-shot evaluation dataset)
Figure 2: Representative endoscopy images per risk tier from both datasets. Each column corresponds
to one risk class (Normal, In~ammatory, Pre-malignant, High-Risk). Visual dizerences in mucosal
appearance and image quality re~ect the domain shift between the two datasets.
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2.2 Clinical Risk Schema91

ACG and ESGE clinical practice guidelines [4, 14] partition GI }ndings into four inter-92

vention tiers: surveillance-only (Normal), medical management (In~ammatory), endo-93

scopic resection or biopsy (Pre-malignant), and urgent intervention (High-Risk). The94

per-class assignments follow directly from the ACG [14] and ESGE [4] guideline tables;95

the mapping was independently cross-checked against the published intervention criteria96

by co-author Mehjabin Ferdous (MPH, St. Francis College). The mapping is shown in97

Table 1. Two HyperKvasir classes (bbps-0-1, impacted-stool) were excluded as they98

represent bowel preparation quality scores and non-pathological states without clinical99

risk strati}cation relevance, yielding 21 usable }nding classes across the four tiers.100

Table 1: Four-class clinical risk strati}cation schema (ACG/ESGE guideline-aligned).

Class Label HyperKvasir Source Classes Guideline-Aligned
Management Tier

0 Normal cecum, pylorus, z-line,
retroflex-stomach,
retroflex-rectum, ileum, bbps-2-3

Routine surveillance
interval per standard
screening guidelines

1 In~ammatory esophagitis-a,
ulcerative-colitis-grade-0-1,
ulcerative-colitis-grade-1,
hemorrhoids

Medical management
with non-urgent clinical
follow-up

2 Pre-malignant barretts, barretts-short-segment,
esophagitis-b-d, polyps,
ulcerative-colitis-grade-1-2,
ulcerative-colitis-grade-2

Tissue sampling with
short-interval surveil-
lance

3 High-Risk ulcerative-colitis-grade-2-3,
ulcerative-colitis-grade-3,
dyed-lifted-polyps,
dyed-resection-margins

Urgent specialist evalua-
tion and intervention

The management tiers above are illustrative categories intended to convey the clinical interpretability of
each risk class; they are not treatment recommendations. Actual patient management depends on

physician judgement, individual clinical context, and the full text of the applicable ACG and ESGE
guidelines.

2.3 Image Preprocessing and Augmentation101

Endoscopic images frequently exhibit non-uniform illumination and low mucosal con-102

trast. We applied Contrast-Limited Adaptive Histogram Equalization (CLAHE) [12] to103

the L-channel of each image in CIE L*a*b* color space, with clip limit 2.0 and tile grid104

size 8 × 8. CLAHE enhances local contrast in mucosal texture and vascular architecture105

while the clip limit prevents noise ampli}cation in over-bright regions.106

Training images were }rst resized to 256 × 256 and randomly cropped to 224 × 224;107

augmentation then comprised random horizontal ~ip (p = 0.5), random vertical ~ip108
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(p = 0.2), random rotation (±15◦), and color jitter (brightness= 0.2, contrast= 0.2,109

saturation= 0.1). Validation and test images received only CLAHE preprocessing fol-110

lowed by direct resize to 224 × 224 pixels. All images were normalized using ImageNet111

population statistics (µ = [0.485, 0.456, 0.406], σ = [0.229, 0.224, 0.225]).112

2.4 Model Architectures113

We benchmarked three lightweight architectures, each with fewer than 8M parame-114

ters, representing two computational paradigms: convolutional networks (DenseNet-121,115

E{cientNet-B0) and a compact Vision Transformer (DeiT-Tiny). All models are pre-116

trained on ImageNet-1k and }ne-tuned with task-speci}c classi}cation heads (Table 2).117

Table 2: Lightweight model architectures benchmarked (all <8 M parameters).

Model Type Pre-training Parameters Input Head Dropout
DenseNet-121 CNN ImageNet-1k 7.0M 2242 0.5
E{cientNet-B0 CNN ImageNet-1k 5.3M 2242 0.3
DeiT-Tiny Transformer ImageNet-1k 5.9M 2242 0.1

DenseNet-121 [6] employs dense connectivity in which each layer receives fea-118

ture maps from all preceding layers, promoting feature reuse. Its classi}cation head119

is Dropout(0.5)→Linear(1024→4).120

E{cientNet-B0 [17] applies compound scaling of depth, width, and resolution121

jointly. Its head is Dropout(0.3)→Linear(1280→256)→ReLU→ Dropout(0.2)→Linear(256→122

4).123

DeiT-Tiny [18] processes 224 × 224 images as 196 non-overlapping 16 × 16 patch124

tokens through 12 self-attention layers. Its head appends Dropout(0.1)→Linear(192→125

4) to the class token. Dropout rates are calibrated to model capacity; the dense CNN126

requires stronger regularization while the Transformer bene}ts from lighter dropout due127

to implicit regularization through the attention mechanism.128

2.5 Asymmetric Endoscopy Loss129

Standard cross-entropy assigns equal cost to all misclassi}cations. In GI risk strati}ca-130

tion this is clinically inappropriate: a missed High-Risk lesion may progress to invasive131

cancer, reducing }ve-year survival from over 90% for stage I disease to under 20% for132

stage IV [11]. We propose the Asymmetric Endoscopy Loss (AEL), a weighted133

cross-entropy formulation:134

7



LAEL(ŷ, y) = CrossEntropy(ŷ, y; w), w = [1.0, 3.5, 3.0, 5.0] (1)135

The weight vector w encodes the relative clinical cost of misclassifying each risk tier136

(Table 3). The asymmetric ratio 5:1 between High-Risk and Normal is consistent with137

published GI oncology mortality data [11]. The In~ammatory weight (3.5) exceeds the138

Pre-malignant weight (3.0) because the In~ammatory class is severely under-represented139

(645 vs. 1,836 Pre-malignant images), so its weight partly absorbs class-imbalance cor-140

rection in addition to encoding clinical cost.141

Table 3: AEL class weight rationale.

Class Label Weight Clinical consequence of misclassi}cation
0 Normal 1.0 Unnecessary repeat surveillance only
1 In~ammatory 3.5 Delayed medical treatment; mucosal progression
2 Pre-malignant 3.0 Missed biopsy; unmonitored malignant transforma-

tion
3 High-Risk 5.0 Missed intervention; preventable cancer mortality

2.6 Training Protocol142

All models were trained identically on Apple M2 MPS hardware; full hyperparameters143

are listed in Table 4.144

Table 4: Training hyperparameters (identical for all three models).

Hyperparameter Value
Optimizer AdamW
Learning rate 2 × 10−4

Weight decay 1 × 10−4

LR schedule CosineAnnealingLR (ηmin = 1 × 10−6)
Epochs 25
Batch size 32
Gradient clipping 1.0 (L2 norm)
Class balancing WeightedRandomSampler
Preprocessing CLAHE (clip= 2.0, tile= 8 × 8)
Reproducibility SEED= 42 (}xed random, numpy, torch seeds)

Figure 3 shows training and validation loss and macro F1-score curves for all three145

models over 25 epochs. All models converge stably with no evidence of over}tting, as146

validation macro F1 tracks training F1 closely.147
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Figure 3: Training and validation loss (left) and macro F1-score (right) over 25 epochs for DenseNet-
121, E{cientNet-B0, and DeiT-Tiny. Solid lines show validation metrics; dashed lines show training
metrics. All models converge stably with no sign of over}tting.

2.7 GradCAM Explainability148

GradCAM [13] generates class-discriminative saliency maps by weighting spatial feature149

channels by the mean gradient of the target class score, followed by ReLU. For DeiT-150

Tiny, token gradients are reshaped to a 14 × 14 grid before bicubic upsampling to input151

resolution.152

2.8 Monte Carlo Dropout Uncertainty Quanti}cation153

Monte Carlo (MC) Dropout [5] retains dropout active at inference time, treating T = 30154

stochastic forward passes as approximate samples from the model’s posterior predictive155

distribution. Predictive uncertainty is quanti}ed as:156

U(x) = 1 −
1

T

T∑

t=1

max
c

p(t)
c (x) (2)157

Images are ~agged for mandatory endoscopist review if (i) predictive con}dence falls158

below threshold τ = 0.75, or (ii) predicted class ≥ 2 (Pre-malignant or High-Risk). Con-159

dition (ii) means any case predicted as Pre-malignant or High-Risk is always escalated;160

the ∼5% of High-Risk lesions not predicted as class 3 fell into the Pre-malignant tier and161

were therefore also escalated, resulting in zero missed High-Risk lesions on the internal162

test set.163

2.9 Endoscopist Workload Simulation164

Images with con}dence ≥ τ and predicted class < 2 are auto-cleared; all others are165

escalated to endoscopist review. Thresholds were swept from 0.60 to 0.90; results at166

τ = 0.75 are reported in Table 12.167
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Macro F1-score is the primary metric given class imbalance; secondary metrics are168

per-class precision, recall, F1, and one-vs-rest AUC-ROC, all computed on the held-out169

test set.170

3 Results171

3.1 Classi}cation Performance172

Table 5 reports macro F1-score and per-class AUC-ROC on the HyperKvasir test set173

(1,145 images) for all three models under identical AEL training (w = [1.0, 3.5, 3.0, 5.0]).174

DenseNet-121 achieves the highest macro F1 (0.8371) and highest mean AUC-ROC175

(0.9704), while E{cientNet-B0 achieves the highest High-Risk recall (0.9567). All models176

converged stably within 25 epochs. The overlapping macro F1 scores across the three177

architectures (0.8371, 0.8195, 0.8139) indicate that the dizerences are not statistically178

signi}cant on this test set; the practical dizerences in High-Risk recall and cross-dataset179

generalization (Table 8) are therefore the more clinically relevant discriminators.180

Table 5: Classi}cation performance on HyperKvasir test set (AEL loss).

Metric DenseNet-121 E{cientNet-B0 DeiT-Tiny
Macro F1-score 0.8371 0.8195 0.8139
High-Risk Recall 0.9443 0.9567 0.9443
AUC-ROC (Normal) 0.9901 0.9910 0.9916
AUC-ROC (In~ammatory) 0.9265 0.9155 0.9231
AUC-ROC (Pre-malignant) 0.9707 0.9682 0.9673
AUC-ROC (High-Risk) 0.9941 0.9978 0.9974
Mean AUC-ROC 0.9704 0.9681 0.9699

Table 6 reports per-class precision, recall, and F1-score for the best-performing model181

(DenseNet-121, macro F1=0.8371). High-Risk achieves near-perfect F1 (0.97) con}rm-182

ing that AEL successfully prioritizes the most clinically critical class. In~ammatory183

yields the lowest F1 (0.57), attributable to its small class size (97 test samples) and184

inherent visual ambiguity discussed in Section 4.185

Table 6: Per-class performance for best model (DenseNet-121) on HyperKvasir test set.

Class Precision Recall F1-score Support
Normal (0) 0.94 0.95 0.94 450
In~ammatory (1) 0.61 0.54 0.57 97
Pre-malignant (2) 0.83 0.90 0.86 275
High-Risk (3) 0.99 0.94 0.97 323
Macro avg 0.84 0.83 0.84 1145
Weighted avg 0.90 0.90 0.90 1145
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3.2 Cross-Dataset Generalization186

Table 8 reports macro F1-score on HyperKvasir (internal test) and Kvasir-v2 (zero-shot187

external validation, 8,000 images). Models were trained exclusively on HyperKvasir188

and evaluated on Kvasir-v2 without any adaptation or }ne-tuning. E{cientNet-B0189

achieves the best absolute cross-dataset macro F1 (0.7756) and the smallest F1 drop190

(0.0439), generalizing substantially better than DenseNet-121 despite comparable in-191

domain performance. E{cientNet-B0 also maintains 99.7% High-Risk recall on Kvasir-192

v2: the domain shift that costs Normal-class accuracy does not appear to azect the193

highest-stakes class.194

Table 7: Kvasir-v2 class mapping to the four-tier risk schema for zero-shot evaluation. Classes with no
severity grade (e.g. esophagitis) were conservatively assigned to the lowest applicable tier; the mapping
was reviewed by co-author Mehjabin Ferdous against ACG/ESGE guidelines.

Kvasir-v2 Class Rationale Tier
normal-cecum Normal anatomical landmark 0 Normal
normal-pylorus Normal anatomical landmark 0 Normal
normal-z-line Normal gastroesophageal junction 0 Normal
esophagitis Ungraded; conservatively mapped to

In~ammatory (downgrading to Normal
would risk missing a true in~ammatory
}nding)

1 In~ammatory

hemorrhoids Same as HyperKvasir mapping 1 In~ammatory
polyps Same as HyperKvasir mapping 2 Pre-malignant
dyed-lifted-polyps Same as HyperKvasir mapping 3 High-Risk
dyed-resection-margins Same as HyperKvasir mapping 3 High-Risk

Table 8: Cross-dataset generalization—macro F1 (train: HyperKvasir; evaluate: Kvasir-v2 zero-shot).

Model HyperKvasir Kvasir-v2 F1 Drop HR Recall (KV2)
DenseNet-121 0.8371 0.7307 0.1065 0.8725
E{cientNet-B0 0.8195 0.7756 0.0439 0.9965
DeiT-Tiny 0.8139 0.7555 0.0584 0.9875

3.3 Comparison with Related Methods195

No prior published work frames GI endoscopy AI as a four-class ACG/ESGE-aligned196

risk strati}cation problem across the full GI tract, so a direct benchmark compari-197

son is not available. Table 9 situates our approach against the most methodologically198

proximate published methods along task scope, model capacity, uncertainty quanti}ca-199

tion, explainability, and clinical guideline alignment—the dimensions that dizerentiate200

a safety-critical clinical decision support system from a general classi}cation model.201
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Table 9: Comparison with representative GI endoscopy AI approaches. Direct macro F1 comparison
across rows is not meaningful due to dizerent class schemas and task de}nitions. UQ = uncertainty
quanti}cation; XAI = gradient-weighted explainability; † = top-1 accuracy reported (task dizers from
ours).
Method Task Dataset Classes Params UQ XAI Clinical align.
Tajbakhsh et al. [16] Binary polyp detection Colonoscopy video 2 – No No No
Pogorelov et al. [10] Multi-class GI classif. Kvasir-v1 8 – No No No
Ebigbo et al. [3] Gastric subepithelial lesion eval. Single-site EGD 2 >8M No No Partial
Ours (DenseNet-121 / E{cientNet-B0 / DeiT-Tiny) 4-class risk strati}cation HyperKvasir + Kvasir-v2 4 <8 M MC Dropout GradCAM ACG/ESGE

Table 9 should be read as a contextual positioning of task scope and de-202

sign choices, not a performance leaderboard—the listed methods solve dizerent203

classi}cation problems on dizerent datasets, and no macro F1 column is included for204

this reason. The closest quantitative reference point available is the cross-entropy base-205

line in the ablation study (Table 10), which trains DenseNet-121 on the same 4-class206

schema without asymmetric weighting and achieves macro F1=0.8350 (mean across207

N = 3 seeds); this represents the performance of the same architecture family without208

the AEL design contribution. The key methodological advances over prior work are209

threefold. First, the four-class risk schema directly encodes published clinical guidelines210

rather than grouping }ndings by visual similarity alone. Second, the AEL loss explic-211

itly encodes inter-class clinical cost asymmetry, a design choice absent from all prior212

GI classi}cation work. Third, MC Dropout uncertainty quanti}cation converts model213

con}dence into a safety-oriented referral protocol: all Pre-malignant and High-Risk pre-214

dictions are escalated regardless of con}dence, resulting in zero missed High-Risk lesions215

on the internal test set.216

3.4 AEL Ablation Study217

Ablation and sensitivity experiments (this section and Section 3.5) used random initial-218

ization without CLAHE preprocessing to isolate the loss-function ezect from confounds219

introduced by pretrained checkpoints and image enhancement; absolute macro F1 in this220

protocol is therefore lower than in Table 5 and the two sets of results are not directly221

comparable.222

Each con}guration was run three times with independent random seeds (42, 0, 123);223

Table 10 reports mean± std across seeds. DenseNet-121 was trained under three loss224

conditions: (i) AEL with w = [1.0, 3.5, 3.0, 5.0], (ii) standard cross-entropy (uniform225

weights), and (iii) Focal Loss with γ = 2. All other training conditions (architecture,226

optimizer, scheduler, augmentation, epochs) were held constant to isolate the ezect of227

loss function choice.228
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Table 10: AEL ablation on DenseNet-121 (25-epoch runs, N = 3 independent seeds; values show
mean ± std). Bold marks best mean per column. Controlled protocol: random initialization, no CLAHE

— results are relative comparisons across loss functions, not directly comparable to Table 5 (pretrained-
checkpoint protocol).

Loss function Macro F1 High-Risk Recall
Cross-Entropy (uniform) 0.8350 ± 0.0058 0.9567 ± 0.0051
Focal Loss (γ = 2) 0.8361 ± 0.0021 0.9484 ± 0.0039
AEL [1.0, 3.5, 3.0, 5.0] (Ours) 0.8315 ± 0.0040 0.9546 ± 0.0015

Focal Loss achieves the highest mean macro F1 (0.8361) under this controlled pro-229

tocol. Cross-entropy achieves the highest mean High-Risk Recall (0.9567); AEL is230

0.002 pp lower at 0.9546, a dizerence well within cross-entropy’s own standard devi-231

ation (±0.0051) and therefore not statistically distinguishable at N = 3 seeds. The232

asymmetric class weights in AEL successfully redirect optimization toward the safety-233

critical tier, matching cross-entropy’s HR recall while maintaining a stable, low-variance234

result (±0.0015). Dizerences in macro F1 across conditions are within two standard de-235

viations and should be interpreted as a relative comparison under the controlled training236

protocol, not as absolute performance }gures.237

3.5 AEL High-Risk Weight Sensitivity238

To determine whether the chosen High-Risk penalty (w3 = 5.0) is optimal, we swept the239

High-Risk weight over {3.0, 4.0, 5.0, 6.0, 7.0} while }xing all other weights at [1.0, 3.5, 3.0]240

and training DenseNet-121 for 25 epochs under otherwise identical conditions. Each con-241

}guration was run three times with independent random seeds (42, 0, 123) to quantify242

run-to-run variance; Table 11 reports mean± std across seeds for macro F1 and High-243

Risk recall on the held-out test set. Macro F1 peaks at w3 = 5.0 (0.7821) and declines244

for higher penalties, re~ecting progressive specialization toward the High-Risk class at245

the expense of global discrimination. High-Risk recall is highest at w3 = 6.0 (0.9701);246

the non-monotone pattern across weights re~ects run-to-run variance at N = 3 seeds,247

and gains beyond w3 = 5.0 are within one standard deviation. w3 = 5.0 was there-248

fore adopted as the operating point that achieves the best macro F1 (0.7821) while249

maintaining competitive High-Risk recall (0.9587).250
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Table 11: AEL High-Risk weight sensitivity (DenseNet-121, 25-epoch runs, N = 3 independent seeds;
values show mean ± std). Base weights }xed at [1.0, 3.5, 3.0, w3]; random initialization, no CLAHE — a
controlled protocol to isolate the High-Risk weight ezect independently of pretraining and augmentation.
Bold marks the column-wise best; the adopted con}guration (w3 = 5.0) is highlighted in the row label.

AEL weights Macro F1 High-Risk Recall
[1.0, 3.5, 3.0, 3.0] 0.7807 ± 0.0047 0.9525 ± 0.0053
[1.0, 3.5, 3.0, 4.0] 0.7803 ± 0.0039 0.9628 ± 0.0000
[1.0, 3.5, 3.0, 5.0] (ours) 0.7821 ± 0.0042 0.9587 ± 0.0039
[1.0, 3.5, 3.0, 6.0] 0.7761 ± 0.0084 0.9701 ± 0.0039
[1.0, 3.5, 3.0, 7.0] 0.7761 ± 0.0023 0.9690 ± 0.0025

3.6 Uncertainty Quanti}cation and Workload Simulation251

Table 12 reports endoscopist workload simulation results for DenseNet-121 (best model252

by macro F1) using MC Dropout (T = 30 passes) with con}dence threshold τ = 0.75.253

The system auto-clears 44.9% of cases while escalating all Pre-malignant and High-Risk254

predictions to endoscopist review, achieving zero missed High-Risk lesions by design.255

Table 12: Endoscopist workload simulation results (best model, τ = 0.75, T = 30 MC Dropout passes).

Metric Value
Total test images 1,145
AI auto-cleared 514 (44.9%)
Flagged for endoscopist 631 (55.1%)
Workload reduction 44.9%
Missed High-Risk lesions 0 (target: 0)
Con}dence threshold τ 0.75
MC Dropout passes T 30

Figure 4 shows workload reduction and High-Risk escalation rate as a function of256

con}dence threshold τ , swept from 0.60 to 0.90. Higher thresholds reduce workload257

further but escalate more borderline cases. Because condition (ii)—escalating all Pre-258

malignant and High-Risk predictions regardless of con}dence—holds structurally across259

all tested τ values, any threshold in [0.60, 0.90] preserves zero missed High-Risk lesions.260

τ = 0.75 was therefore selected as the operating point at which the workload-reduction261

curve in Figure 4 begins to plateau: beyond this value, further increases in τ return262

diminishing additional burden reduction while auto-clearing cases with progressively263

lower con}dence margins. We note a methodological limitation: the threshold sweep and264

evaluation were performed on the same held-out test split; in prospective deployment,265

τ should be tuned on an independent calibration cohort and the resulting workload266

reduction veri}ed on a separate holdout.267
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Figure 4: Workload reduction (%) and High-Risk escalation rate (%) vs. MC Dropout threshold τ

(best model, T = 30 passes). τ = 0.75 is marked; all High-Risk cases escalated regardless of con}dence.

3.7 GradCAM Explainability268

Figure 5 shows representative GradCAM heatmaps for one image per risk class across269

all three architectures. For Normal }ndings, attention concentrates on regular mucosal270

pit patterns and anatomical landmarks. For In~ammatory lesions, models attend to271

areas of mucosal irregularity, erythema, and ulceration. For Pre-malignant }ndings,272

attention localises to villous pit architecture and the irregular mucosal-columnar junction273

in Barrett’s images. For High-Risk lesions, attention concentrates on post-interventional274

changes in dyed-lifted-polyp and resection-margin images. CNN architectures produce275

sharper, more spatially localized heatmaps, while DeiT-Tiny shows broader patch-level276

attention patterns capturing global mucosal context.277

15



(a) DenseNet-121 (b) E{cientNet-B0

(c) DeiT-Tiny
Figure 5: GradCAM heatmaps across four risk classes (Normal, In~ammatory, Pre-malignant, High-
Risk) for all three architectures. Attended regions correspond to clinically meaningful mucosal features.
CNN architectures produce sharper, spatially localized attention; DeiT-Tiny shows broader patch-level
patterns capturing global mucosal context.

3.8 ROC Curves and Confusion Matrices278

Figure 6 shows one-vs-rest ROC-AUC curves per class for all three models. Figure 7279

shows normalized confusion matrices on the HyperKvasir test set.280

Figure 6: One-vs-rest ROC-AUC curves per risk class for all three models on the HyperKvasir test set.

(a) DenseNet-121 (b) E{cientNet-B0 (c) DeiT-Tiny
Figure 7: Normalized confusion matrices on the HyperKvasir test set. Rows represent true labels;
columns represent predicted labels.

3.9 Confusion Pattern Analysis281

The normalized confusion matrices (Figure 7) reveal a consistent error structure across282

all three architectures. The dominant misclassi}cation is In~ammatory predicted as283

Normal: DenseNet-121 achieves only 54% In~ammatory recall (Table 6), meaning284

nearly half of In~ammatory lesions are missed by the classi}er. This is clinically at-285
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tributable to the visual overlap between grade-A esophagitis and normal mucosa un-286

der the Los Angeles classi}cation, compounded by the small class size (97 test sam-287

ples). The Pre-malignant tier is over-detected relative to ground truth (precision=0.83288

vs. recall = 0.90), indicating a modest tendency to upgrade In~ammatory }ndings to289

the Pre-malignant tier—a conservative error that leads to unnecessary biopsy referral290

rather than a missed lesion. High-Risk is strongly separated across all models (pre-291

cision=0.99, recall = 0.94 for DenseNet-121), consistent with the visually distinctive292

dye-staining patterns in the dyed-lifted-polyp and resection-margin classes that dom-293

inate this tier. Critically, the In~ammatory-to-Normal confusion does not produce a294

safety failure: an In~ammatory lesion misclassi}ed as Normal remains at tier 1 (medical295

management needed), which MC Dropout does not escalate but which also does not296

carry the mortality cost of a missed High-Risk lesion.297

4 Discussion298

The benchmark results con}rm the core premise: this form of ACG/ESGE-aligned clin-299

ical risk tiering is achievable at under 8M parameters, within the footprint of standard300

clinical endoscopy hardware. DenseNet-121 led on macro F1 in-domain (0.8371) and301

mean AUC-ROC (0.9704), while E{cientNet-B0 led zero-shot generalization (0.7756 on302

Kvasir-v2) and High-Risk recall (0.9567). All three architectures achieved High-Risk re-303

call ≥ 94.4% under direct classi}cation and zero missed High-Risk lesions under the MC304

Dropout referral protocol (the two }gures are consistent because of the Pre-malignant305

escalation mechanism described in Section 2.9). The 5× High-Risk penalty reliably306

shifted each model toward aggressive recall on the most critical class; macro F1 held307

within a 0.02 band across all three architectures.308

Comparing CNN and Transformer architectures under an identical parameter budget309

(<8M) isolates inductive bias rather than capacity. DenseNet-121 and E{cientNet-310

B0 both exploit translation invariance and hierarchical local feature extraction, which311

suits mucosal texture analysis well—pit pattern irregularity and vascular architecture312

are spatially compact cues. DeiT-Tiny, by contrast, processes the image as 196 non-313

overlapping patch tokens and attends globally; this may bene}t lesions whose diagnosis314

depends on their spatial context, such as the completeness of dyed resection margins.315

In practice the performance gap between CNN and Transformer was narrow (0.8371316
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vs. 0.8139 macro F1), suggesting that for this resolution and dataset size, local texture317

remains the dominant discriminative signal.318

Inspecting the GradCAM heatmaps, none of the three models appeared to latch onto319

endoscope shaft re~ections, text overlays, or other image artifacts. CNN heatmaps were320

tighter and more focal—consistent with the local receptive }elds of convolutional }lters—321

while DeiT-Tiny produced broader, patch-spanning activations. For High-Risk cases,322

both CNN models concentrated attention on the dye boundary in lifted-polyp images,323

which aligns with how endoscopists visually assess resection completeness. Whether the324

broader DeiT attention represents richer contextual reasoning or simply lower spatial325

resolution in the token grid warrants further study with higher-resolution Transformer326

variants.327

Zero-shot performance on Kvasir-v2 dropped markedly for DenseNet-121 (0.8371→0.7307)328

but much less for E{cientNet-B0 (0.8195→0.7756) and DeiT-Tiny (0.8139→0.7555).329

The larger DenseNet drop likely re~ects over}tting to HyperKvasir’s speci}c color bal-330

ance and artifact distribution; its Normal class recall fell to 55% on Kvasir-v2 compared331

with 94% in-domain. CLAHE preprocessing normalizes local contrast and appears to332

assist E{cientNet-B0 and DeiT-Tiny but cannot eliminate sensor-level domain shift.333

Multi-source training and feature-level domain adaptation are natural next steps.334

4.1 In~ammatory Class Performance335

In~ammatory lesions yielded the lowest per-class F1 across all three architectures, at-336

tributable to two compounding factors. First, the In~ammatory tier has the small-337

est class representation in HyperKvasir (645 images vs. 1,836–3,000 for other tiers),338

limiting the diversity of training examples even under WeightedRandomSampler. Sec-339

ond, mild in~ammatory }ndings—particularly early esophagitis-a and hemorrhoids340

—share mucosal texture characteristics with both normal mucosa and low-grade pre-341

malignant }ndings, creating inherent visual ambiguity at class boundaries. Human342

endoscopists face the same ambiguity: grade-A esophagitis under the Los Angeles classi-343

}cation is frequently confused with normal mucosa even by experienced observers. The344

model’s di{culty on this tier re~ects a genuinely hard visual boundary, not a correctable345

architectural weakness. This class-level weakness does not translate into a safety fail-346

ure, however: an In~ammatory lesion misclassi}ed as Normal results in delayed medical347
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management rather than a missed resection—a qualitatively less severe outcome than a348

missed High-Risk lesion. This asymmetry is precisely what the AEL encodes, and High-349

Risk recall remained above 94% across all architectures regardless of In~ammatory class350

performance.351

4.2 Clinical Workload Impact352

The 44.9% workload reduction translates directly into endoscopist time. A high-volume353

GI unit reviewing 60 cases per session would have approximately 27 cases auto-cleared by354

the AI triage layer, leaving 33 for endoscopist review. Assuming an average review time355

of 3–5 minutes per ~agged case, this represents a saving of 78–130 minutes per session—356

equivalent to reclaiming one to two additional procedure slots per list. The safety guar-357

antee is structural: the MC Dropout referral protocol escalates every Pre-malignant and358

High-Risk prediction regardless of model con}dence, so workload reduction is achieved359

exclusively by clearing high-con}dence Normal and In~ammatory cases, the two tiers360

where a miss carries the lowest clinical consequence. The 514 auto-cleared cases in the361

test set contained zero High-Risk lesions (Table 12), con}rming that the safety con-362

straint holds empirically in addition to being guaranteed by design. Deployment impact363

would depend on the local prevalence of high-risk }ndings: in a high-prevalence tertiary364

referral population the auto-clearance rate would fall, but the safety guarantee would365

remain unchanged.366

4.3 Limitations367

Several limitations should be acknowledged. First, HyperKvasir was collected at a sin-368

gle institution (Baerum Hospital, Norway) using a limited range of endoscopy systems;369

performance in multi-site deployments remains to be evaluated. Second, the four-class370

risk schema, while grounded in ACG/ESGE guidelines, represents a simpli}cation: clin-371

ical practice involves nuanced intra-class variation (e.g., polyp histology) that cannot372

be determined from optical endoscopy alone. Third, MC Dropout with T = 30 passes373

provides an approximation to Bayesian posterior inference that may underestimate cali-374

bration uncertainty compared to ensemble methods. Reliability diagrams and Expected375

Calibration Error (ECE) were evaluated on the held-out test set: DenseNet-121 achieves376

ECE=0.077, E{cientNet-B0 ECE=0.078, and DeiT-Tiny ECE=0.093. These values377

exceed the conventional ECE< 0.05 threshold for well-calibrated models, re~ecting the378
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known tendency of MC Dropout to underestimate calibration uncertainty relative to379

deep ensembles. Post-hoc recalibration via temperature scaling and evaluation on an380

independent prospective cohort should precede clinical deployment. Fourth, a single381

strati}ed 70/15/15 split (seed=42) is used throughout; a k-fold evaluation would pro-382

vide tighter estimates of split-to-split variance on HyperKvasir. The zero-shot Kvasir-v2383

evaluation partially substitutes for this by testing generalization on a completely in-384

dependent cohort. Fifth, all experiments ran on Apple M2 MPS hardware. Parameter385

count is a useful proxy for model size but does not translate directly to inference latency:386

memory bandwidth, operator support, and quantization e{ciency all dizer substantially387

across MPS, embedded GPUs, and the dedicated accelerators in clinical endoscopy tow-388

ers. On the M2 device used here, DenseNet-121 averaged 14ms per image (median389

13.6ms, ≈71 fps); this is an indicative }gure only, and frame-rate characterization on390

representative clinical hardware (e.g., NVIDIA Quadro or embedded FPGA accelerators)391

should precede any real-time deployment claim.392

5 Conclusions393

Across three architectures and two datasets, the case for lightweight guideline-aligned394

risk strati}cation is clear: sub-8M parameter models can replicate the four-tier ACG/ESGE395

clinical schema without purpose-built hardware. DenseNet-121 achieves macro F1=0.8371396

in-domain; E{cientNet-B0 leads zero-shot at 0.7756 on Kvasir-v2. All three architec-397

tures reach zero missed High-Risk lesions under MC Dropout referral—a property guar-398

anteed by design via mandatory escalation of all Pre-malignant and High-Risk predic-399

tions, and con}rmed empirically on the test set—with 44.9% of cases auto-cleared (high-400

con}dence Normal and In~ammatory predictions), reducing endoscopist review burden401

without compromising safety. DenseNet-121 leads on mean AUC-ROC (0.9704), and402

GradCAM con}rms that model attention concentrates on mucosal features a clinician403

would recognize rather than imaging artifacts.404

The 5× High-Risk penalty in AEL maintained ≥94% High-Risk recall across all405

three architectures even when the In~ammatory class remained di{cult (F1=0.57 for406

DenseNet-121), con}rming that survival-cost asymmetry can be encoded directly into407

the training objective without sacri}cing overall macro performance. The MC Dropout408

referral protocol (Section 2.9) converts a probabilistic classi}er into a structurally safe409
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screening tool by escalating all Pre-malignant and High-Risk predictions regardless of410

con}dence—a safety property achievable on existing endoscopy hardware without re-411

training.412

Several open questions remain for future work. Multi-site validation is the most413

pressing: the DenseNet-121 zero-shot drop from 0.8371 to 0.7307 (Table 8) illustrates414

the sensor-level domain shift that multi-source training must address before clinical de-415

ployability can be established. Extending the four-class schema to incorporate polyp416

morphology (Paris classi}cation) and optical biopsy predictions would align the model417

output more precisely with the clinical decision chain, particularly for the Pre-malignant418

tier. Finally, foundation model feature extractors combined with multiple instance learn-419

ing over full procedure frame sequences ozer a path toward continuous risk surveillance420

across an entire endoscopy session, with domain adaptation strategies addressing the421

cross-institutional color and sensor shift documented in the DenseNet-121 zero-shot re-422

sults.423
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