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Abstract

This study investigates how the learning order between segmentation and classification
tasks influences performance and generalization in medical image analysis. We propose
a Sequential Swin Transformer framework that reuses a shared Transformer backbone
with alternating task-specific heads to compare two sequential strategies: (i) segmentation
followed by classification and (ii) classification followed by segmentation. Unlike con-
ventional multitask or preprocessing-based pipelines, the proposed framework isolates
the impact of task ordering on feature transfer under an identical architecture. Evaluated
on the HAM10000 skin lesion dataset, the segmentation-then-classification configuration
achieves the highest multiclass accuracy (up to 86.9%) while maintaining strong segmenta-
tion performance (Jaccard index ~ 86%). Statistical tests confirm its superiority in accuracy
and macro F1 score, whereas Grad-CAM and t-distributed stochastic neighbor embedding
(t-SNE) analyses reveal that segmentation-first training yields more lesion-centered atten-
tion and a more discriminative latent space. Cross-domain evaluation on gastrointestinal
endoscopy images further demonstrates robust segmentation (Jaccard index ~ 91%) and
multiclass accuracy (~94.5%), confirming the generalizability of the sequential paradigm.
Overall, the proposed method provides a theoretically grounded, clinically interpretable,
and reproducible alternative to joint multitask learning approaches, enhancing feature
transfer and generalization in medical imaging.

Keywords: deep learning; medical imaging; segmentation and classification; sequential
learning; skin lesion analysis; swin transformer; transfer learning; gastrointestinal
disease detection

1. Introduction

Skin cancer is highly prevalent worldwide, and earlier diagnosis markedly improves
prognosis: five-year survival reaches 95-100% for early-stage melanoma but drops to
25-35% in advanced stages [1-3]. In this context, medical images can be viewed as struc-
tured biomedical signals whose spatial patterns encode clinically relevant information.

Deep Learning (DL) has become central to automated skin lesion analysis, providing
accurate diagnostic support through data-driven feature learning. Among recent archi-
tectures, convolutional neural networks (CNNs) initially dominated the field, achieving
strong results in both lesion segmentation and classification tasks. However, their reliance
on local receptive fields limits their capacity to capture long-range contextual relationships
that are often critical in medical imaging. To overcome these constraints, attention-based
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architectures—particularly Transformers—have been introduced. Among them, Swin
Transformers (SWIN) have demonstrated excellent performance in capturing both global
and fine-grained lesion patterns essential for accurate diagnosis [4].

Despite these advances, reproducibility and generalization remain challenging issues,
often restricted by heterogeneous dataset splits and non-standard evaluation protocols.
The HAM10000 dataset [5] (HAM) represents a notable exception, offering standardized
partitions and an external test set that enable fair and transparent benchmarking in derma-
tological image analysis.

Segmentation has often been employed as a preprocessing step to assist classification,
yet empirical evidence indicates that this approach does not consistently improve diagnostic
accuracy [6]. These limitations have motivated the exploration of transfer learning between
segmentation and classification tasks [7], seeking to leverage their complementary nature.
However, a critical question remains: how does the order in which these tasks are learned
affect the transfer of useful representations?

Multitask CNN frameworks, such as the one proposed by He et al. [8], showed
that jointly learning segmentation and classification can enhance lesion understanding
and diagnostic accuracy. Nevertheless, their convolutional inductive biases restrict the
modeling of global dependencies, leaving Transformers better suited for integrating both
local and global contextual cues. Yet, it is still unclear whether the sequence in which
segmentation and classification are learned influences how Transformers form and transfer
such representations. Previous studies that combined these tasks sequentially [9,10] did
not explicitly compare training orders, and no systematic analysis has yet been conducted
for Transformer-based models.

To address this gap, we propose the Sequential Swin Transformer (SST), a modular
framework that features a shared Transformer backbone and task-specific heads, isolating
the role of task sequencing. Here, “sequential” refers to a training strategy—not a pipeline
where one task’s output feeds the next—where tasks are learned consecutively (starting
from segmentation or classification) while reusing the backbone weights. This form of se-
quential transfer learning, detailed in Section 3, enables us to quantify how ordering affects
representation transfer and out-of-distribution robustness—key objectives in biomedical
signal interpretation and clinical decision support.

Beyond quantitative metrics, we employ Gradient-weighted Class Activation Mapping
(Grad-CAM) [11] to qualitatively assess interpretability and evaluate whether different
training orders lead the model to focus more precisely on lesion-relevant regions rather
than background features.

To evaluate performance and generalizability, we target datasets providing both classi-
fication labels and segmentation masks. The HAM dataset [5], with pixel-wise annotations
from the ISIC challenge [12], enables consistent within-domain assessment of both tasks.
We further probe cross-domain generalization in gastrointestinal imaging using Kvasir [13],
which uniquely offers paired labels for classification and segmentation. This evaluation
does not aim to compare unrelated clinical contexts but to test the robustness, adaptability,
and domain-transfer potential of the proposed sequential learning strategy.

The main contributions of this study are as follows:

*  The Sequential Swin Transformer (55T) framework is proposed, supporting both seg-
mentation and classification via task-specific heads and a shared Transformer backbone.

* A systematic comparison is conducted between two sequential configurations:
segmentation-then-classification (SST_SC) and classification-then-segmentation (SST_CS),
using standardized benchmarks for skin lesion classification and segmentation.
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¢  The framework’s generalizability is further assessed through cross-domain evaluation
on the gastrointestinal lesion dataset [13], complemented by Grad-CAM analyses to
qualitatively examine spatial attention and model interpretability.

The remainder of this paper is organized as follows: Section 2 reviews related work and
current limitations. Section 3 describes the proposed framework. Section 4 presents the
datasets and experimental results on skin lesion analysis. Section 5 reports the cross-domain
generalization results on the gastrointestinal dataset. Finally, Section 6 concludes with a
discussion and future research directions.

2. Related Work

Automated skin lesion analysis involves two main tasks: segmentation and clas-
sification. The first delineates lesion boundaries, while the second assigns diagnostic
categories. Deep learning methods have evolved from convolutional networks (CNNs) to
Transformer-based architectures, achieving increasing accuracy and robustness.

Segmentation. Early methods used encoder-decoder CNNs such as DeepLabV3+ [14],
which achieved an mloU of 78.6% on ISIC data [12]. Attention and multi-scale mechanisms
were later introduced to handle lesion heterogeneity and low contrast. Masood et al. [15]
combined ASSP-based DeepLabV3+ with UNet variants and DenseNet encoders, obtaining
91% Dice and 84% Jaccard across ISIC challenges. CA-Net [16] integrated spatial, channel,
and scale attention (92.08% Dice), while FAT-Net [17] embedded Transformer branches into
a lightweight CNN for improved contextual reasoning. Transformer-based models such
as BAT [18] and SkinSAM [19] further enhanced boundary precision, the latter achieving
88.79% Dice on HAM. Despite these improvements, segmentation remains challenging
due to irregular lesion shapes, color variability, and blurred borders—factors limiting
cross-dataset generalization.

Classification. Esteva et al. [20] first demonstrated dermatologist-level performance
(AUC 0.91) using a CNN on over 130,000 images. Subsequent works integrated attention
and feature fusion: Ali et al. [21] reported 91.93% accuracy on HAM, Datta et al. [22]
achieved 93.7% with soft attention, and Transformer-based models [23,24] exceeded 90%
accuracy on ISIC 2019 [25]. Capsule-based FixCaps [26] reached 96.49% accuracy on HAM
using large-kernel convolutions and CBAM attention. Nonetheless, class imbalance, visual
similarity, and inconsistent splits still hinder fair comparison [4,27].

Joint or sequential learning. Most methods treat segmentation as a preprocessing step
that crops or localizes lesions before classification [28-30], without analyzing architectural
integration or training order. He et al. [8] proposed a multitask CNN with a shared encoder
and dual decoders, showing gains from joint optimization but leaving the effect of task
order unexplored and restricted to CNN-based designs. Coupled learning strategies can be
synergistic [31], yet the mechanisms driving such synergy remain unclear.

Recent Transformer-based frameworks have similarly adopted sequential paradigms.
Manzoor et al. [32] introduced a two-stage approach in which a VGG16-based U-Net,
trained on ISIC2018, segments lesions whose cropped regions are later classified on HAM
using EfficientFormerV2 and SwiftFormer. Although this design improves accuracy, the
segmentation and classification stages are trained independently, and dataset splits for
classification are not explicitly defined, limiting reproducibility and generalization analysis.
Himel et al. [33] combined the Segment Anything Model with a ViT classifier, reformulating
HAM as a binary benign—-malignant task. Despite reporting high Dice and accuracy, the
study lacks details on data partitioning and external validation, making it difficult to
assess generalization beyond the binary setting. Overall, these Transformer pipelines
remain sequential or decoupled, often relying on incomplete or dataset-specific evaluation
protocols that obscure the role of task interaction and execution order.
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Motivation. Addressing these gaps, our work systematically investigates the order of
task execution within a unified Swin Transformer framework, comparing segmentation-
first and classification-first configurations to clarify how sequential learning influences
feature transfer and downstream performance. Unlike prior dual-stage approaches [32,33],
we ensure consistent data splits, shared backbones, and cross-domain validation, providing
the first controlled assessment of task ordering. Furthermore, we evaluate cross-domain
generalization on the Kvasir dataset [34], which offers paired segmentation and classifi-
cation labels for gastrointestinal endoscopy [35-37], extending the analysis beyond the
dermatological domain.

3. Sequential Learning Framework

This section introduces the Sequential SST framework, designed to evaluate the effect
of task ordering in skin lesion analysis. The proposed architecture is modular, enabling the
sequential execution of segmentation and classification tasks while maintaining a shared
representation space.

3.1. Model Architecture

The SST is designed to isolate the effect of task ordering in medical image analysis. It
reuses a single Swin backbone across segmentation and classification, allowing a controlled
study of how knowledge flows between tasks when trained sequentially. SST comprises a
shared Swin backbone and two lightweight, interchangeable heads for segmentation and
classification. Swapping the heads does not alter the backbone; thus, any performance
difference stems solely from the training order and representation transfer, rather than from
architectural changes.

Formally, given an input image x € R©*#*W  the backbone (swin_large_patch4 win-
dow?7_224) [38] divides the image into non-overlapping 4 x 4 patches, embeds them linearly,
and processes them through four hierarchical stages with shifted-window attention. Each
stage halves spatial resolution and doubles channel depth, producing a final feature map
of size H = W' = 7 with D = 1536 channels for 224 x 224 inputs. Removing the default
classification head yields a feature extractor:

F=B(x), FeRP*H*W (1)

where B(-) includes patch embedding, shifted-window attention, and MLP blocks that
produce multi-scale semantic and spatial features shared across tasks.

3.1.1. Segmentation Head

The segmentation head reconstructs spatial detail by upsampling F back to input reso-
lution through five transposed convolutions that double spatial size and reduce channels as

1536 — 512 — 256 — 128 — 64 — 32 — 1.

Each layer is followed by BatchNorm and ReLU, ending with a 1x1 convolution generating
a one-channel mask:
M € RIFXW, )

For each transposed convolution, the output size O is given by
O=(I-1)-S—-2P+K+OP, 3)

where S = 2 is the stride, P the padding, and K the kernel size. The final mask is resized
via bilinear interpolation to match (H, W).
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3.1.2. Classification Head

The classification head processes the same representation. After permuting [H', W', D] —
[D, H',W'] and applying adaptive average pooling and flattening, we obtain the pooled
descriptor:

1 H W b
£= i L Ry € B (4)
i=1j=

A dropout layer precedes two fully connected layers arranged in cascade, corresponding to
Linear(D — C_multi) and Linear(C_multi — 2).

Multiclass head:
=W f+Db . W . ]RcmultiXD
Zmulti multi T+ Pmultis multi € ’ (5)
Yl = SOftmaX(zmulti) € [0/ ”Cmulti'
Binary head (cascaded from multiclass logits):
.= W . . b . W . Rcbinxcmulfi
Zpin bin Zmulti T Pbin, bin € ’ (6)

Vbin = Softmax(zpiy) € [0,1]n,  Cpin = 2.

Here, Cpyyi is the number of diagnostic categories and Cp;,, = 2 corresponds to benign vs.
malignant classification. The cascaded structure mirrors the implemented architecture and
supports hierarchical reasoning, where multiclass logits guide binary prediction.

3.2. Task Modularity

SST’s modular design enables seamless switching between tasks while preserving
backbone weights:

. SST_SC: segmentation head — classification head;
. SST_CS: classification head — segmentation head.

This design isolates the effect of training order on feature transfer, as illustrated in Figure 1.

Input Image

Shared Swin
Transformer Backbone

| Segmentation Classification
@ Head Head
Iy
Vseg l Binary Layer Ib
Classification ¢
Head
lla Binary Layer Multi-class Layer llb
v o s
Ybinary | Ymulti
llla Multi-class Layer
Segmentation b
Head
A N
Ybinary | Ymulti l f,seg
[ Output ]

Figure 1. Visual overview of the two sequential training strategies investigated in this study. Left
(SST_SC): the model is first trained on segmentation (Ia), then transferred to binary classification
(ITa), and finally fine-tuned for multiclass classification (Illa). Right (SST_CS): training starts with
binary classification (Ib), followed by multiclass classification (IIb), and ends with segmentation (IIIb).
In both settings, the SWIN backbone is shared across tasks, and task-specific heads are modularly
swapped to enable sequential transfer learning.
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3.3. Training Pipeline

Two sequential strategies are compared under identical data, backbone, and optimiza-
tion settings:

*  SST_SC: segmentation — binary classification — multiclass fine-tuning;
¢  SST_CS: binary classification — multiclass fine-tuning — segmentation.

At each stage, the best validation checkpoint (IoU or accuracy) initializes the next.

SST_SC. The model first learns lesion boundaries using Binary Cross-Entropy (BCE)
for masks with Adam optimizer. The checkpoint with the highest validation IoU is retained,
then used to initialize the binary classification stage, optimized with two-class Cross-
Entropy (consistent with the 2-way Softmax). A final fine-tuning phase performs multiclass
classification with Cross-Entropy loss, updating all weights. This sequence assesses whether
spatial localization enhances later discriminative learning.

SST_CS. Training starts with binary classification (two-class Cross-Entropy), proceeds
to multiclass fine-tuning (Cross-Entropy), and concludes with segmentation (BCE). Each
stage reuses the best-performing checkpoint from the previous one, ensuring consistent
knowledge transfer.

Joint loss during classification. When both outputs are active (e.g., during multiclass
training), the total loss is

Etotal = /\multi‘cmulti + /\bin/:'bin/ (7)

where L1y and Ly, are Cross-Entropy losses for multiclass and binary predictions, respec-
tively, and A1, Apin are fixed balancing coefficients. At stages where only one head is opti-
mized, the inactive output is forward-propagated but excluded from gradient computation.

Model selection and metrics. Model selection is metric-driven: the checkpoint with
the highest validation IoU is retained for segmentation, and the highest validation accuracy
for classification. The adopted metrics are

Correct Predictions

Accuracy g = Total Samples ®)
Intersection

IoU= ——— 9

© Union ©)

Dice — 2 - Intersection (10)

Prediction Size + Ground Truth Size
Unlike traditional multitask learning—which optimizes tasks jointly and often suffers
from gradient interference—SST optimizes them sequentially, allowing each task to shape
the shared backbone independently. This design isolates the causal role of task order in
feature transfer and reflects realistic clinical workflows, where localization and diagnosis
occur in sequence.

3.4. Implementation Details

Experiments use PyTorch 2.1.0 (CUDA 11.8). Inputs are resized to 224 x 224; images
are normalized with ImageNet mean/std. Data partitioning was performed randomly with
subject-level independence, ensuring that all images from the same patient (including multi-
view acquisitions of the same lesion) were assigned to a single subset. Segmentation masks
were consistently paired with their corresponding image IDs across all splits. Patient-level
metadata from HAM were used to enforce this grouping. No image-level deduplication or
near-duplicate filtering was performed, as multi-view samples represent natural clinical
variability and were intentionally preserved to enrich the diversity of the training set.
Since the external HAML test set is fully independent, duplicates do not affect external
evaluation; potential optimism could arise only in internal splits, but subject-level grouping



Appl. Sci. 2025, 15, 12614

7 of 25

prevents this scenario. Metadata regarding acquisition site or device were not available
and could not be used for stratification. Training augmentation was applied stochastically
to each image at every epoch, ensuring that the model never sees the exact same sample
twice. Transformations included random resize (shortest side in [224,280]), random crop
224 x 224, horizontal flip (prob. 0.5), affine translation up to 10% (prob. 0.5), and rotation
in [—180°,180°] (prob. 0.99). This dynamic augmentation strategy substantially increases
data diversity, mitigates class imbalance, and improves robustness to variations in scale,
orientation, and illumination, thereby enhancing adaptability to real-world clinical imaging
conditions. Validation uses deterministic resize to 224 x 280 and center crop 224 x 224.
Test resizes to 224 x 224 without cropping. Unless stated otherwise, we use Adam with
learning rate 1-10~* and a LambdaLR scheduler with exponential decay 0.95° at epoch e.
The best checkpoints (as above) initialize subsequent stages. Additional hyperparameters
(batch size, epochs) are in Section 4.

3.5. Grad-CAM Protocol

To qualitatively assess the interpretability of the proposed framework, we employ
Gradient-weighted Class Activation Mapping (Grad-CAM) [11] to visualize the image
regions that influence the model’s predictions the most. This method provides post hoc
spatial attention maps, highlighting whether the model focuses on lesion-relevant areas
rather than background regions.

In this study, Grad-CAM is applied to the SST framework to analyze how task ordering
affects the learned spatial representations in the two sequential configurations previously
described (SST_SC and SST_CS).

Since the main goal is to explore class-discriminative behavior, Grad-CAM is ap-
plied exclusively to the multiclass classification head. For each input image, the feature
maps F € RE*HXW are extracted from the Swin backbone, and gradients are computed
with respect to the target class logit y;. The channel-wise importance weights are then

calculated as

1

w ——iﬁ %t (11)
¢ HW =~ =~ 9F,;.

T

and the Grad-CAM heatmap is obtained as

c=1

C
H; = ReLU(Z aCFC> , (12)

where F. denotes the c-th feature channel of the backbone output, a, is the corresponding
channel weight obtained from Equation (11), and ReLU(-) ensures that only positive class
contributions are retained. The resulting activation map H; is normalized to the [0, 1] range,
bilinearly upsampled to match the input resolution, and superimposed on the original
image to visualize attention intensity.

To ensure consistent interpretation, Grad-CAM is computed using a memory-efficient
implementation adapted for Transformer backbones, with multi-crop smoothing (ten
random crops per image) to reduce variability.

Qualitative analyses are performed on the HAM dataset. These visualizations com-
plement the quantitative evaluation in Section 4, providing insight into how task order
influences the model’s spatial attention.

3.6. Centroid-Based Feature Analysis

For the multiclass head, we extract penultimate-layer features on the validation set,
compute class-wise centroids, and measure (i) the mean inter-class centroid distance and



Appl. Sci. 2025, 15, 12614

8 of 25

(ii) the minimum pairwise centroid distance. We report values at representative checkpoints
to quantify the temporal evolution of the feature space.

4. Experiments and Results

This section describes the datasets, experimental setups, and evaluation metrics used
to assess how task ordering in the proposed SST framework affects segmentation and
classification performance under the STL paradigm.

4.1. Datasets

Experiments are conducted on the ISIC 2018 Challenge dataset [39], which is primarily
based on the HAM collection [5]. It includes 10,015 dermoscopic images categorized into
seven diagnostic classes: MEL, NV, BCC, AKIEC, BKL, DF, and VASC (Figure 2 illustrates a
representative lesion example for each class). The official training, validation, and test splits
provided by the ISIC 2018 organizers are adopted for both segmentation and classification
tasks. Class imbalance remains substantial, with NV accounting for more than 60% of the
samples—reflecting clinical prevalence but posing challenges for multiclass training.

B | | . [ F
o | g e

" - 5 ) -
e | \ %
NV BCC DF AKIEC VASC

Figure 2. Representative skin lesion images from the HAM dataset, annotated with their respec-
tive diagnostic classes. In order, from left to right, we have Nevus (NV), Benign Keratosis-like
Lesions (BKL), Melanoma (MEL), Basal Cell Carcinoma (BCC), Dermatofibroma (DF), Actinic Kerato-
sis/Intraepithelial Carcinoma (AKIEC), and Vascular Lesions (VASC).

For segmentation, we rely on the subset of 2594 images with pixel-wise lesion anno-
tations from ISIC 2018 Task 1, reporting results on the official 1000-image test set. For
classification generalization, the HAMt dataset [40], released in 2023 and containing
1512 previously unseen dermoscopic images, is employed exclusively as an external test
set for models trained on ISIC 2018. Together, ISIC 2018 (for training and internal evaluation)
and HAMt (for external testing) provide standardized and complementary benchmarks for
assessing the generalizability of the proposed sequential learning framework. All datasets
used in this study are publicly available and were collected and anonymized by their
original authors, following the appropriate ethical approval. The ISIC and HAM collections
are released for research purposes under open data licenses. However, it is important to
acknowledge that these datasets are not demographically balanced, with lighter skin tones
being predominant, which may limit the generalizability of trained models across diverse
populations. Skin-tone or demographic labels are not provided in these datasets, and
performance could therefore not be stratified by subgroup. As a result, potential disparities
across skin tones may exist but cannot be quantified with the available data.

4.2. Experimental Settings

Two sequential configurations are evaluated: (i) segmentation followed by classifica-
tion (binary and then multiclass), and (ii) classification followed by segmentation. Each is
tested under two conditions.
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In the first, models are trained, validated, and tested on HAM (75%/15%/10%) using
stratified random sampling to preserve class balance. In the second, models are trained and
validated on the official HAM division (80% /20%) and evaluated on the external HAMt
test set. Segmentation performance is consistently computed on the 1000 fixed ISIC 2018
test images to ensure reproducibility.

To simplify notation, we define the following configurations:

*  Our_A: Segmentation — Classification (HAM internal split);
*  Our_B: Classification — Segmentation (HAM internal split);
. Our_C: Classification — Segmentation (trained /validated on HAM, tested on HAMt);
. Our_D: Segmentation — Classification (trained /validated on HAM, tested on HAMLt).

All models share the same architecture (Swin backbone with task-specific heads) and
hyperparameters: input resolution 224 x 224, learning rate 1 X 10_4, and 100 training
epochs. The batch size was 144 for the segmentation-first and 128 for the classification-
first setups, chosen empirically to optimize GPU utilization. Each experiment was re-
peated five times, and we report the mean and standard deviation of all metrics to ensure
statistical reliability.

4.3. Evaluation Metrics

Segmentation performance is assessed using the IoU (9) and Dice coefficients (10). For
classification, both binary and multiclass tasks are evaluated using standard metrics:

Accuracy = TP+ IN Precision = L
Y~ Total Samples’ ~ TP+ FP’ )
TP Precision - Recall
Recal= ——, F1=2X —i—————,
eca TP+ FN’ x Precision + Recall

We further report the Area Under the ROC Curve (AUC) using a one-vs.-all approach.
Both macro- and weighted-averaged AUC values are computed to account for class imbal-
ance and to evaluate per-class discrimination.

In the following subsections, we present and analyze the results for all configurations
(Our_A-Our_D), discussing how task order, dataset partitioning, and inter-task transfer
affect segmentation and classification performance.

4.4. Quantitative Evaluation and Analysis

Table 1 summarizes segmentation and classification results across the four experimen-
tal setups. We analyze how task order and dataset composition affect performance. In
addition, ROC curves and confusion matrices provide class-wise insights.

Table 1. Benchmark results of the SST model on the HAM dataset. TA denotes test accuracy, with the
Dataset column distinguishing between HAM (full dataset) and HAMt (external test set). Jaccard and
Dice scores evaluate segmentation performance, while TAb and TAm report binary and multiclass
classification accuracy, respectively. TPm, TRm, and TF1m correspond to multiclass precision, recall,
and F1 score. All values are averaged over five runs.

Author Dataset Jaccard (%) Dice (%) TAD (%) TAm (%) TPm (%) TRm (%) TF1m (%)

Our_A HAM 86.13+0.27 89.61+0.15 9323+059 9216+0.69 89.754+0.98 8490+0.89 86.44+1.13
Our_B HAM 86.03 +0.18 89.484+022 93764029 91944049 8954+140 8645+1.14 87.68+1.24
Our_C HAM+Ht 86.58+0.19 89.50+0.25 90.80+055 86.63+039 8237+051 79424030 79.74+1.80
Our_D HAM+Ht 8626 +0.16 89.48+0.23 91.07+0.52 86.87+045 8494+0.69 78474148 80.57+0.10
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Segmentation. Jaccard and Dice are stable across orders. On HAM, Our_A (SST_SC)
and Our_B (SST_CS) are nearly identical (Jaccard ~ 86.1% vs. 86.0%). With the external
setting, Our_C (SST_CS) is marginally higher than Our_D (SST_SC) (Jaccard 86.58% vs.
86.26%), indicating that classification may provide features that slightly aid subsequent
segmentation. Qualitative examples in Figure 3 confirm sharp and well-localized masks in
both orders, corroborating the quantitative stability.

Ground-truth Mask

Original Image Segmentation (best IoU model)

(a) SST_SC (Our_D)

Original Image Segmentation (best IoU model) Ground-truth Mask

s

(b) SST_CS (Our_C)

Figure 3. Visual comparison of segmentation results for a representative lesion from the test set,
evaluated under two sequential learning configurations. Each row presents, from left to right,
the original input image, the predicted segmentation map from the best-performing model, and
the ground-truth mask. (a) SST_SC (Our_D): segmentation followed by classification. (b) SST_CS
(Our_Q): classification followed by segmentation.

Classification. Task order has a clearer impact on multiclass accuracy, especially
under domain shift. On HAMt, Our_D (SST_SC) achieves the best TAm (86.87% =+ 0.39)
compared to Our_C (SST_CS, 86.63% = 0.36), with corresponding macro F1 of 80.57% 4 0.10
vs. 79.74% £+ 1.80. A one-sided Wilcoxon signed-rank test over five runs supports the
advantage of SST_SC: for accuracy, W = 15.0, p = 0.03125; for macro F1, W = 15.0,
p = 0.03125. Importantly, these tests were computed across independent runs (i.e., across
random seeds) rather than across individual predictions, so statistical significance reflects
experiment-level variability. Figures 4 and 5 show stronger class-wise ROC behavior for
SST_SC, notably on challenging classes (e.g., MEL, AKIEC), with fewer malignant false
positives in external evaluation.

Internal vs. external evaluation. Performance drops from HAM to HAMt highlight
optimistic bias in internal-only tests. Focusing statistics on Our_C and Our_D (HAMLt)
provides a more reliable estimate of generalization and isolates the effect of ordering under
realistic shift.
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Figure 4. Confusion matrices, per-class ROC curves (with legend), and macro/weighted ROC curves
(top to bottom) for the models Our_A (left) and Our_B (right), as reported in Table 1. Each row
corresponds to an experimental setup using the best validation checkpoint. In the confusion matrices
(top), the true labels are on the vertical axis and the predicted labels on the horizontal axis; class
indices 0-6 correspond to MEL, NV, BCC, AKIEC, BKL, DE, and VASC. The middle row displays
per-class ROC curves, showing True Positive Rate (TPR, sensitivity) versus False Positive Rate
(FPR), while the bottom row reports macro and weighted average ROC curves, plotting sensitivity
against specificity.

4.5. Qualitative Analysis via Grad-CAM

Grad-CAM maps (Figure 6) for the multiclass head provide a qualitative view of
how task ordering shapes spatial attention. In the SST_SC configuration, activations are
consistently centered on the lesion core and conform to its morphological boundaries and
texture, while SST_CS shows broader and less discriminative responses extending into
peri-lesional skin. These observations highlight that learning segmentation first promotes
spatially constrained and pathology-relevant activations.
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Figure 5. Confusion matrices, per-class ROC curves (with legend), and macro/weighted ROC curves
(top to bottom) for models Our_C (left) and Our_D (right), as reported in Table 1. Each row represents
an experimental setup using the best validation checkpoint. In the confusion matrices (top), the true
labels are on the vertical axis and the predicted labels on the horizontal axis; classes 0-6 correspond
to MEL, NV, BCC, AKIEC, BKL, DF, and VASC. The middle row displays per-class ROC curves,
showing True Positive Rate (TPR, sensitivity) versus False Positive Rate (FPR), while the bottom row
reports macro and weighted average ROC curves, plotting sensitivity against specificity.
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Figure 6. Grad-CAM visualizations on two representative HAM cases comparing SST_SC and SST_CS.
From left to right: input image with the ground-truth mask overlaid in red for visualization purposes,
predicted binary mask, and Grad-CAM maps for the two sequential configurations.
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Two effects are evident: (i) focus tightening, where SST_SC concentrates saliency
within lesion areas; (ii) background spillover reduction, with fewer activations outside
the lesion contour compared to SST_CS. These qualitative patterns align with the external
performance gains in Table 1 and the improved class-wise ROC behavior in Figures 4 and 5.

Figure 7 illustrates the temporal evolution of Grad-CAM activations across training epochs
for two representative lesions. The maps show how saliency progressively contracts toward
the diagnostically relevant core, confirming that spatial priors learned through segmentation
guide and stabilize feature learning during classification. The final epoch reveals compact,
lesion-centered activations, providing visual evidence of effective task-to-task transfer.

Input (GT overlay) Early epoch Mid epoch Late epoch Best epoch
B -

Figure 7. Temporal evolution of Grad-CAM activations for two representative HAM cases shown
in Figure 6. Each row corresponds to one lesion. From left to right: input with ground-truth
mask overlay, and Grad-CAM maps extracted at early, mid, late, and best training epochs for
SST_SC configuration.

Residual activations occasionally persist around illumination artifacts or texture-rich
regions, suggesting that part of the network still captures superficial cues. Incorporating
stronger spatial constraints—e.g., boundary-aware decoders or adaptive gating—could
further mitigate this effect. Overall, these results confirm that segmentation-first training
enhances interpretability and offers a clear mechanistic explanation for the superiority of
SST_SC on HAMLt.

These attention dynamics are consistent with the latent-space analysis presented next,
where t-SNE projections show how refined, lesion-focused activations evolve into more
compact and discriminative class clusters.

4.6. Feature Space Visualization

We analyze representation geometry via t-SNE projections of the penultimate mul-
ticlass layer on HAMt (Figure 8). Compared with a Swin baseline trained only for clas-
sification, the sequential model (SST_CS, Our_C in the Figure 8) exhibits tighter clus-
ters and wider inter-class margins, with reduced overlap among visually similar classes
(NV, MEL, BKL). Although t-SNE is non-metric and depends on perplexity and initializa-
tion, the qualitative separation is consistent across multiple runs and mirrors the external
accuracy/macro-F1 trends in Table 1.

We further inspect the temporal evolution of embeddings at checkpoints with im-
proving validation accuracy (Figure 9). Clusters progressively exhibit reduced intra-class
distance and increased inter-class separation, indicating that sequential transfer promotes a
more structured and discriminative latent space as training progresses. This effect is most
visible for classes with initially entangled boundaries (e.g., MEL vs. BKL), suggesting that
spatial priors learned earlier help disentangle borderline phenotypes.
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Figure 8. t-SNE projections of the latent features on the external HAMt test set. (Left) Swin Trans-
former trained for classification only. (Right) Sequential Swin Transformer (SST) trained with the
classification-segmentation order. Each color corresponds to one of the seven diagnostic classes.

Two caveats apply. First, class imbalance can still induce partial overlap, even under
sequential transfer, as reflected by the remaining confusion in ROC and F1 for difficult
classes. Second, t-SNE provides a qualitative view; future work could complement it with
quantitative alignment metrics (e.g., class-wise centroid distances, between- and within-
scatter) or representation similarity analysis to more rigorously assess how ordering alters
feature geometry. Despite these caveats, the observed trajectories align with the superiority
of segmentation-first under domain shift.

t-SNE Epoch 1 t-SNE Epoch 6
Class. Class

MEL MEL
NV NV
BCC BCC

° AKIEC ° AKIEC
BKL BKL

DF

VASC

DF
VASC

t-SNE Epoch 32

Class
MEL
NV

. BCC

AKIEC e AKIEC

BKL BKL

) VASC . VASC

Figure 9. t-SNE projections of multiclass feature embeddings on the HAMLt validation set at different
training stages of the SST model. As training progresses, clusters become more compact and inter-
class separation increases, confirming the effectiveness of sequential transfer learning in shaping the
latent space.

4.7. Centroid-Based Quantification of Feature Space

To complement the qualitative analysis based on t-SNE, a quantitative evaluation of
the latent feature geometry through class-wise centroid distances has been introduced. For
each validation checkpoint, the feature vectors from the penultimate layer of the multiclass
head are collected and grouped by class. The centroid of each class is then computed as
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the mean of its feature vectors, and pairwise Euclidean distances between centroids are
used to measure both (i) the mean inter-class separation and (ii) the minimum pairwise
distance across all class pairs. These metrics quantify how the shared representation
evolves as training progresses and reveal how the segmentation-first sequence shapes a
more discriminative embedding space.

As reported in Table 2, the mean inter-class centroid distance increases from 28.64
(epoch 1) to 53.42 (epoch 32), indicating progressively wider margins between lesion
categories. Similarly, the minimum distance between the closest class centroids rises
from 8.05 to 22.57, suggesting that classes with overlapping characteristics become more
separable over time. These results quantitatively substantiate the qualitative observations
obtained through t-SNE and Grad-CAM analyses, showing that early segmentation training
drives the model toward a more structured and discriminative feature space.

Table 2. Centroid-based quantification for the segmentation-followed-by-classification configuration.
The reported distances are computed on the validation set at representative training epochs.

Epoch Mean Inter-Class Distance Closest Class Pair Minimum Distance
1 28.64 AKIEC-DF 8.05
6 4498 AKIEC-BCC 13.97
18 47.01 AKIEC-BCC 18.50
32 53.42 BKL-DF 22.57

4.8. Comparison with Literature

To evaluate the effectiveness of our SST framework, we benchmark it against state-of-
the-art (SOTA) methods in both segmentation and classification on the HAM dataset.

Segmentation. Table 3 shows that the proposed SST achieves highly competitive
segmentation performance on HAM. Both Our_A and Our_B configurations reach a Jaccard
index around 86%, surpassing traditional convolutional architectures such as GAN-UNET
(77.0%) and DeepLabV3+ (82.8%). Although Transformer-based or hybrid methods like
BAT [18], CA-Net [16], and the Polar transformation approach [41] achieve slightly higher
Dice scores (up to 92.5%), SST reduces the gap to within 1-2 percentage points despite
not being specifically optimized for segmentation. This demonstrates that the unified
Swin backbone can provide robust localization capabilities while maintaining architectural
simplicity. When trained on the combined HAM+HAMLt dataset (Our_C/Our_D), the
results show a slight gain in both Jaccard and Dice scores, suggesting that additional data
diversity enhances generalization stability. Overall, the SST framework achieves near SOTA
segmentation performance without requiring task-specific tuning.

Table 3. Segmentationbenchmark on the HAM dataset. All values are percentages. Asterisks (*) denote
values as originally reported. The Jaccard index refers to the Intersection over Union (IoU) metric.

Method Jaccard (%) Dice (%)
GAN-UNET [15] 77.00 85.20
SkinSAM [19] 78.43 * 88.79 *
DenseNet121-UNET [15] 83.50 89.70
DeepLabV3+ [15] 82.80 89.80
CA-Net [16] - 92.08
BAT [18] 84.30 92.10
Polar Image Transformation [41] 87.43 92.53
SST_SC (Our_A) 86.13 +0.27 89.61 +0.15
SST_CS (Our_B) 86.03 +0.18 89.48 +0.22
SST_CS (HAM+Ht, Our_C) 86.58 +0.19 89.50 + 0.25

SST_SC (HAM+Ht, Our_D) 86.26 = 0.16 89.48 +£0.23
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Classification. From Table 4, SST_SC achieves 92.16% accuracy on the internal HAM
split and 86.87% on the external HAMt test set. At first glance, these figures may appear
modest compared with the > 96% accuracy reported by methods such as FixCaps [26] or
Medical Vision Transformers [42]. A broader comparison, including recent Transformer-
based and multitask architectures such as the SAM-ViT framework [33] and the dual-stage
VGG16-UNet pipeline [32], further confirms the competitiveness of the proposed SST.
While these approaches report comparable internal accuracies (=91-93%), they often
rely on domain-specific or non-standard evaluation settings, making direct cross-study
comparison challenging. However, direct comparison is not straightforward: most studies
rely on non-standard or undocumented splits, often evaluating on data highly similar to
the training set. However, direct comparison is not straightforward: most studies rely
on non-standard or undocumented splits, often evaluating on data highly similar to the
training set. When FixCaps is re-evaluated under our same external protocol (Exp1-3),
performance drops to 75-76%, a decline of roughly 20 percentage points. This highlights
the difficulty of reproducing such high scores and underscores the importance of fair,
external testing for assessing true generalization. Under these standardized conditions, the
proposed SST ranks among the strongest and most reproducible models, demonstrating
stable accuracy and F1 scores across domains while maintaining a transparent and unified
evaluation framework.

Table 4. Multiclass classification benchmark results on the HAM dataset (HAM_b stay for the use of
HAM as a binary dataset). The “Split” column indicates the dataset partitioning into training, validation,
and test sets. For entries with parentheses (e.g., “80 (90/10) — 20”), the portion inside represents the
training /validation split, while the value outside refers to the test set. An asterisk (*) indicates that no
test set was used or reported. TA_multiclass (%) reports the accuracy for multiclass classification.

Author Method Dataset Split TA_Multiclass (%)
Mushtaq et al. [43] Ensemble VGG16 HAM 80-20 + 15% not duplicate in Test 89
Jain et al. [44] TL on Xception HAM 80 (90-10) — 20 89.66
Himel et al. [33] SAM + VT (binary-multiclass 0 o 80-20 * 91.80
transfer)
Chaturvedi et al. [45] InceptionV3 HAM 88-12 * 91.56
VGG16-UNet +
Manzoor et al. [32] EfficientFormerV2/ HAM 8020 * 92.50
SwiftFormer
Chaturvedi et al. [45] InceptionResNetV2 HAM 88-12 * 93.20
Shetty et al. [46] CNN models HAM 80-20 95.18
Aladhadh et al. [42] Medical Vision Transformer HAM 70-20-10 96.14
Lan et al. [26] FixCaps HAM 85-15 96.49
Expl FixCaps HAM+HAMt 80 + HAMt 76.19
Exp2 FixCaps HAM+HAMt 80 + HAMt 75.28
Exp3 FixCaps HAM+HAMt 80 + HAMt 75.60
Our_A SST_SC HAM 75-15-10 92.16 + 0.69
Our_B SST_CS HAM 75-15-10 91.94+0.49
Gallazzi et al. [4] Swin Transformer Large Dataset 80-20 + HAMt 86.37
Our_C SST_CS HAM+HAMt 80-20 + HAMt 86.63 +0.39
Our_D SST_SC HAM+HAMt 80-20 + HAMt 86.87 +0.45

Against our prior preprocessing pipeline. Compared with the preprocessing-based
approach in [6], the sequential SST consistently improves both segmentation and mul-
ticlass classification (Table 5). Notably, Our_D reaches 86.87% on HAMt vs. 84.13%
in the previous best pipeline, confirming the benefit of learning shared features and
transferring them sequentially.
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Table 5. Comparative results between our previous preprocessing-based pipeline [6]—which used
segmentation outputs as inputs to classification—and the proposed sequential SST models trained on
HAM and tested on HAMLt. The first three rows report the baseline strategy, while SST_CS and SST_SC
represent the joint sequential learning configurations from Table 1. Metrics include segmentation
performance (Jaccard %) and multiclass classification results: accuracy (TAm %), precision (TPm),
recall (TRm), and F1 score (TF1m).

Author Method Jaccard (%) TAm (%) TPm (%) TRm (%) TF1m (%)
Gallazzi et al. [6)] HAM+YOLO 77.00 84.01 84.09 84.12 83.53
Gallazzi etal. [f)] HAM+DeepLabV3 81.66 84.12 84.38 84.12 83.75
Gallazzietal. [6] HAM+ST 82.75 84.13 84.41 84.12 83.58
Our_C SST_CS 86.58 £0.19 86.63£0.39 8237£0.51 79.42+£030 79.74+1.80
Our_D SST_SC 86.26 £0.16 86.87£0.45 84.94+0.69 7847+148 80.57+0.10

4.9. Ablation and Interpretative Analysis

Unlike conventional ablations that modify hyperparameters or the depth of the archi-
tecture, our analysis focuses on understanding the interplay between data availability, ex-
perimental reproducibility, and the qualitative and quantitative evidence gathered through
statistical and feature space analyses.

Dataset constraints and reproducibility. Ensuring fair comparisons in medical im-
age analysis remains a major challenge. Public datasets often vary in structure, labeling
accuracy, and predefined splits, making reproducibility across studies challenging and
potentially leading to biased results. Smaller datasets, such as ISIC-2017 or ISIC-2016 [47],
include both segmentation masks and classification labels but are too limited in size for
reliable multiclass evaluation. These discrepancies hinder direct cross-study comparison
and emphasize the need for standardized, transparent, and reproducible evaluation pro-
tocols. To address this issue, our work adopts fixed and publicly available test sets for
both segmentation and classification, ensuring consistent benchmarking and enabling fair
performance assessment across models. Furthermore, the complete training configuration,
including epochs, learning rate, and augmentation policies, is standardized and reported
earlier to facilitate reproducibility and support deployment-oriented Sections 3.3 and 4.

Sequential order and statistical validation. A joint multitask baseline with a shared
backbone and simultaneous optimization of segmentation and classification was not in-
cluded in this study. Our focus was to isolate the causal effect of task ordering under
strictly identical architectural and optimization conditions; nonetheless, we acknowledge
that a well-tuned multitask baseline would constitute a valuable point of comparison and
represents a limitation of the current work.

As shown in Section 4.4, SST_SC significantly outperforms SST_CS on HAMt multiclass
accuracy and macro F1, with the Wilcoxon signed-rank test (W = 15.0, p = 0.03125) computed
across independent runs (i.e., across random seeds) rather than across individual predictions,
ensuring that statistical significance reflects experiment-level variability, and supporting the
hypothesis that spatial priors learned first enhance downstream discrimination.

Interpreting Grad-CAM and t-SNE results. The Grad-CAM analysis (Section 4.5)
provides clear qualitative evidence of the benefits of learning segmentation before classifica-
tion. In the SST_SC configuration, attention maps consistently concentrate within the lesion
core, accurately aligning with diagnostically meaningful regions and capturing the morpho-
logical structure of the lesion. In contrast, SST_CS exhibits broader and less discriminative
activation patterns that often extend into surrounding healthy skin, indicating weaker
localization of disease-specific features. These findings confirm that segmentation-first
training explicitly guides the model toward pathology-relevant cues, enhancing inter-
pretability and offering a transparent understanding of what the network attends to during
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decision-making. Nonetheless, residual activation zones unrelated to pathological areas
can still be observed. These secondary responses suggest that a portion of the learned
attention continues to capture superficial texture variations rather than purely diagnostic
features. This behavior corresponds to the partial class overlaps identified in the t-SNE
projections (Figure 8), where embeddings of visually similar categories—such as MEL and
BKL—remain partially entangled. Together, these qualitative and latent-space observations
demonstrate that while segmentation-first learning significantly improves spatial focus and
interpretability, further refinement is needed to suppress residual background activations
and fully disentangle feature representations across closely related classes.

Implications for segmentation-head design. Since the segmentation decoder shapes
the spatial priors transferred to classification, refining its design (e.g., richer decoders,
boundary-aware modules, adaptive gating) is a promising direction for further stabilizing
attention and filtering irrelevant cues before they propagate to the classifier. Building on
these analyses, the following discussion extends the comparison to recent Transformer-
based approaches and outlines the broader interpretative and clinical implications of
sequential learning.

Comparison with prior Transformer-based frameworks. In contrast to recent
Transformer-based dual-stage pipelines [32,33], which sequentially applied segmenta-
tion and classification without controlling for dataset overlap or optimization consistency,
the SST framework isolates task ordering as the only varying factor within a unified back-
bone. This controlled formulation eliminates cross-dataset bias and training dependency,
enabling a direct and reproducible assessment of how segmentation-first learning reshapes
the downstream feature space and classification behavior.

Ethical and clinical interpretability considerations. Beyond quantitative improve-
ments, interpretability plays a central role in establishing model reliability and clinical
usability. The transparent behavior observed through Grad-CAM facilitates expert verifica-
tion, ensuring that the network’s focus corresponds to diagnostically meaningful regions
and enabling the identification of potential biases or spurious correlations. Building upon
this interpretability layer, sequential frameworks such as SST could be further coupled with
multimodal [48] or large language models to combine visual reasoning with contextual
clinical knowledge [49,50], ultimately improving diagnostic accuracy, traceability, and
decision support in real-world dermatology workflows. Recent evaluations have also
shown that general-purpose, non-fine-tuned large language models can provide clinically
meaningful, albeit imperfect, dermatology-related assistance [51,52]. These findings com-
plement evaluations of fine-tuned models and support the broader claim that integrating
vision-specific components—such as the sequential backbone investigated here—could
strengthen emerging multimodal clinical workflows.

5. Generalization to a Different Medical Domain: The Kvasir Dataset

To further assess the robustness and versatility of the proposed SST framework,
we evaluated its generalization to a different medical imaging domain. Among the few
datasets providing both segmentation masks and classification labels, the Kvasir dataset [13]
is particularly suitable due to its well-structured composition and clinical relevance in
gastrointestinal endoscopy.

5.1. Kvasir Dataset Overview
Kvasir is a publicly available benchmark widely used for gastrointestinal image analysis,

supporting both classification and segmentation. It comprises two complementary subsets:

¢  Kbvasir-Classification (KvasirC) [13]: 8000 endoscopic images evenly distributed
across eight diagnostic categories.
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¢  Kvasir-Segmentation (KvasirS) [34]: 1000 high-resolution images with binary polyp masks.

Figure 10 shows representative KvasirC samples, including Dyed Lifted Polyps, Dyed
Resection Margins, Esophagitis, Normal Cecum, Normal Pylorus, Normal Z-line, Polyps,
and Ulcerative Colitis. The balanced class distribution and high-quality images make
KvasirC well-suited for multiclass classification, while KvasirS focuses on polyp segmenta-
tion—crucial for colorectal cancer screening.

Dyed Lifted Polyps Dyed Resection Margins Esophagitis Normal Pylorus Normal Z Line Polyps Ulcerative Colitis

Figure 10. Representative gastrointestinal images from the Kvasir dataset, each annotated with its
corresponding class label.

The two subsets are independent and do not share any overlapping images. We evaluated
SST separately on KvasirC and KvasirS, following the same sequential setup as in HAM,
to verify whether the benefits of task ordering persist across different imaging modalities.
Both datasets were divided into 75% training, 15% validation, and 10% testing. Stratified
sampling preserved class balance in KvasirC, and random splitting was applied to KvasirS. In
the absence of an external test set, reproducibility was ensured by fixing random seeds.

5.2. Experimental Setup on Kvasir

We adopted the same STL-based training strategy used for HAM (Section 3), testing
two task-order configurations:

*  Our_E: Classification followed by segmentation.
*  Our_F: Segmentation followed by classification.

Each configuration was trained independently, using the best validation checkpoint
from the first task to initialize the second. Model architecture and training hyperparameters
were kept identical to those optimized on the dermatology domain (HAM), without any
further tuning on Kvasir, to ensure that observed gains were not driven by dataset-specific
adjustments. Dataset partitioning for Kvasir followed the subject-level splits adopted in
the previous literature to prevent data leakage across patients. All models were trained
for 100 epochs per task, with an input size of 224 x 224, a learning rate of 1 x 107, and a
batch size of 144. Results were averaged over five runs to ensure statistical reliability.

5.3. Quantitative Evaluation and Analysis

Table 6 reports the results on Kvasir, while Figure 11 shows confusion matrices and
ROC curves. Evaluation metrics include Jaccard and Dice scores for segmentation, as well
as accuracy, precision, recall, F1 score, and AUC for classification.

Table 6. Overall benchmark results of the SST model on the Kvasir datasets. TA denotes test accuracy.
Jaccard and Dice scores evaluate segmentation performance, while TAb and TAm indicate binary and
multiclass classification accuracy. TPm, TRm, and TFIm represent multiclass precision, recall, and

F1 score.
Author Jaccard (%) Dice (%) TAD (%) TAm (%) TPm (%) TRm (%) TF1m (%)
Our_E 90.95 £ 0.21 93.12 £0.39 99.4£0.14 94.41 £0.37 94.54 £0.38 94.40 +0.38 94.38 £0.38
Our_F 91.12+ 045 93.60 +£0.17 98.9+0.14 94.59 +0.41 94.16 + 0.59 94.05 + 0.60 94.03 + 0.60

Segmentation: SST_SC achieved the best segmentation results, with 91.12% Jaccard
and 93.60% Dice, slightly surpassing SST_CS (90.95% and 93.12%). Although the perfor-
mance difference is modest, the consistency across runs suggests that learning segmentation
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first improves the model’s ability to capture fine-grained spatial structures such as polyp
boundaries. This supports the hypothesis that early spatial learning benefits downstream
feature extraction and classification stability.

Classification: Both configurations delivered strong classification results, with SST_SC
achieving 94.59% multiclass accuracy and SST_CS 94.41%. Despite the small gap, the
segmentation-first setup again shows an advantage, reinforcing the trend observed in
HAM. ROC analyses (Figure 11) confirm these results, with both models yielding macro-
and per-class AUCs above 0.97, and SST_SC displaying slightly improved discrimination
in harder classes. These findings demonstrate that task ordering continues to influence rep-
resentational focus, favoring spatial alignment and feature consistency, even in a different
imaging context.
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Figure 11. Confusion matrices, per-class ROC curves (with legend), and macro/weighted ROC curves
(from top to bottom) for the models Our_E (left column) and Our_F (right column), as reported in
Table 6. Each row corresponds to the respective experimental setup, based on the best-performing
checkpoint on the validation set. In the confusion matrices (top row), true labels are shown on the
vertical axis and predicted labels on the horizontal axis; classes are indexed from 0 to 6, corresponding
to MEL, NV, BCC, AKIEC, BKL, DF, and VASC, respectively. The ROC curves in the middle row
display the True Positive Rate (TPR, sensitivity) on the y-axis versus the False Positive Rate (FPR) on
the x-axis for each class. In the bottom row, macro and weighted average ROC curves are reported
with the y-axis representing sensitivity and the x-axis representing specificity.
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5.4. Comparison with Literature

To evaluate the competitiveness of SST beyond dermatology, we compared its perfor-
mance with recent SOTA methods.

Segmentation: As reported in Table 7, SST_SC achieved the highest Jaccard (91.12%)
and competitive Dice (93.60%), outperforming DUCK-net (90.51%) and all EffiSegNet
variants [36]. While differences are limited to 0.5-1 percentage points, they are consistent
and statistically stable, confirming the advantage of introducing segmentation first. These
results highlight SST’s ability to reach top-tier performance despite not being explicitly
tailored for this task.

Table 7. Segmentation benchmark on the KvasirS dataset. Evaluation based on Jaccard and
Dice metrics.

Method Jaccard (%) Dice (%)
DUCK-net [35] 90.51 95.02
EffiSegNet-B4 [36] 90.56 94.83
EffiSegNet-B6 [36] 90.60 94.77
EffiSegNet-B5 [36] 90.65 94.88
SST_CS (Our_E) 90.95 + 0.21 93.12 +0.39
SST_SC (Our_F) 91.12 +0.45 93.60 +0.17

Classification: Table 8 shows that SST_SC reached 94.59% accuracy, slightly surpass-
ing SST_CS (94.41%) and outperforming several recent methods by Fonolla et al. [53]
(90.20%), Zhang et al. [54] (90.40%), and Demirbas et al. [37] (93.37%). Although these
margins are narrow, they consistently favor the segmentation-first approach, suggesting
that integrating spatial priors early in training improves discriminative representation and

domain robustness.

Table 8. Multiclass classification accuracy on the KvasirC dataset. TA_multiclass (%) indicates

classification accuracy.

Method TA_multiclass (%)
Multi-model classification [53] 90.20

Single Shot MultiBox Detector [54] 90.40
Transfer Learning framework [55] 93.00

Deep CNN-based SAM [56] 93.19
Spatial-attention ConvMixer [37] 93.37
SST_CS (Our_E) 94.41 +0.37
SST_SC (Our_F) 94.59 + 0.41

6. Conclusions

This study introduced a sequential learning framework that systematically examines
how the order of segmentation and classification affects representation learning in medical
image analysis. Unlike traditional multitask approaches that optimize tasks jointly, the
proposed method isolates task ordering within a shared Transformer backbone, providing a
controlled setting to analyze inter-task feature transfer. Across experiments in dermatology
(HAM) and gastrointestinal imaging (Kvasir), the configuration in which segmentation
precedes classification consistently achieved higher accuracy, stronger cross-domain gener-
alization, and more interpretable activations.

Quantitative metrics confirmed its advantage in both accuracy and F1 score, while
Grad-CAM and t-distributed stochastic neighbor embedding (t-SNE) analyses revealed
lesion-centered attention and well-separated feature clusters, indicating the learning of
pathology-relevant representations. Compared to traditional preprocessing-based pipelines,
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the proposed sequential strategy efficiently reuses shared parameters, maintains robust
external performance, and emphasizes the importance of standardized and reproducible
evaluation protocols in medical imaging.

From a theoretical perspective, this framework establishes a reproducible paradigm
for studying inter-task transfer in deep networks, bridging the gap between single-task
and multitask learning. Clinically, its ability to generate localized and transparent pre-
dictions enhances interpretability and diagnostic accountability. The current framework
is not intended as a deployment-ready system. Key components needed for clinical de-
ployment—such as probability calibration, uncertainty estimation, or gating, and resource-
efficient variants of the backbone (e.g., distilled or quantized models)—were beyond the
scope of this study and remain important directions for future work.

Current limitations primarily concern the partial alignment between segmentation
and classification datasets, which constrains the full exploitation of shared spatial priors.
Future work will focus on extending dataset coverage, refining task-specific heads, and
exploring self-supervised or multimodal extensions to further improve generalization
under data scarcity.

In summary, the proposed sequential approach offers a principled and inter-
pretable route toward transferable and clinically reliable medical Al, demonstrating that
segmentation-first learning fosters both stronger generalization and enhanced interpretabil-
ity in deep visual analysis.
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