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 A B S T R A C T

Background and Objective: Tumor-infiltrating lymphocytes (TILs) are an important indicator of immune 
activity in breast cancer, yet scoring them consistently on H&E slides remains challenging in routine pathology. 
This work presents a modular deep learning pipeline that delivers fully automated and continuous stromal TILs 
(sTILs) scores in line with the International Immuno-Oncology Biomarker Working Group (IIOBWG) guidelines.
Methods: The pipeline combines three components: a TIL segmentation model refined through pathologist-
guided active learning, a robust stroma segmentation network based on an enhanced DeepLabV3+, and a 
lightweight regression module that learns how TILs distribute within stromal regions. A new adaptive aggre-
gation strategy integrates patch-level predictions into a single, clinically meaningful score while accounting 
for heterogeneous infiltration.
Results: The system was evaluated on two independent datasets (60 and 112 WSIs) with expert-annotated 
ROIs, achieving strong agreement with pathologists (Pearson of 0.814; ICC of 0.808).
Conclusions: Importantly, the pipeline is interpretable: each stage produces human-readable outputs (stroma 
masks, TIL-in-stroma maps), and SegGradCAM visualizations confirm that predictions rely on biologically 
relevant tissue regions. These findings demonstrate the pipeline’s potential as a reliable and clinically adaptable 
tool for standardized, fully automated TILs quantification in breast cancer pathology. The source code and 
pretrained models are publicly available at https://github.com/Shrief-Abdelazeez/TILs-Scoring.
1. Introduction

Breast cancer remains one of the most common malignancies among 
women worldwide and a leading cause of cancer-related mortality [1]. 
Tumor-infiltrating lymphocytes (TILs), a key component of the tumor 
microenvironment, play a critical role in orchestrating the immune 
response against cancer. Numerous studies have demonstrated that the 
density and spatial dispersion of TILs are associated with treatment 
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response and patient survival, particularly in triple-negative and HER2-
positive breast cancer subtypes [1,2]. Because pathologists require 
confidence in AI-assisted scoring, any automated method must also 
provide interpretable intermediate results that can be visually verified, 
rather than functioning as a black-box system. Interpretability has 
therefore become an important research direction in medical artificial 
intelligence to improve transparency and clinical trust in deep learning 
models [3,4].
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The manual assessment of TILs on hematoxylin and eosin (H&E)-
stained slides, while clinically informative, is inherently subjective, 
labor-intensive, and prone to inter-observer variability [1]. With the 
growing adoption of whole slide imaging (WSI) and digital pathology, 
computational methods have been increasingly developed to automate 
or support TILs evaluation, aiming to improve reproducibility and 
subjectivity of quantification results [5].

The IIOBWG has introduced standardized guidelines for TILs eval-
uation in breast cancer to ensure reproducible and clinically manual 
assessments across studies and institutions [6]. According to these rec-
ommendations, TILs should be quantified as the percentage of stromal 
area infiltrated by mononuclear inflammatory cells within the borders 
of invasive tumors, and the degree of immune infiltration is commonly 
categorized as low, moderate, or high. While this categorical approach 
facilitates clinical adoption, it may overlook subtle differences in im-
mune response intensity. In contrast, continuous TILs scoring offers 
finer granularity and has the potential to improve prognostic mod-
eling and therapy-response stratification by capturing more nuanced 
variations in immune infiltration.

Over the past few years, several computational studies have ex-
plored machine learning and deep learning techniques for automated 
TILs quantification in histopathological images. Early works relied on 
handcrafted features and conventional classifiers to estimate immune 
infiltration levels [2,7], whereas recent approaches have utilized con-
volutional neural networks (CNNs) and attention-based architectures 
to segment lymphocytes or directly estimate TILs scores from image 
tiles [8–10]. These methods have shown promising correlations with 
expert visual assessments, demonstrating the feasibility of artificial 
intelligence (AI) in reducing subjectivity in TILs evaluation.

However, despite these advances, most existing methods remain 
limited to isolated tasks such as lymphocyte detection, stroma segmen-
tation, or categorical TILs grading. Few approaches incorporate both 
tissue context and immune distribution to yield a continuous, stroma-
constrained quantitative score. Moreover, most pipelines rely on fixed 
mathematical formulations for score aggregation, lack explicit explain-
ability, or are not easily adaptable across datasets with varying image 
quality and staining conditions. This highlights the need for a unified, 
transparent framework in which each computational step, i.e., seg-
mentation, localization, and scoring, produces human-understandable 
outputs that align with pathologists’ reasoning.

To address these gaps, this study proposes a modular deep learn-
ing pipeline for continuous stromal TILs (sTILs) scoring in breast can-
cer H&E slides. The pipeline integrates complementary modules for TILs 
segmentation, stroma segmentation, and regression-based continuous 
score prediction within a unified framework designed for transparency 
and adaptability. The modular design enables independent optimiza-
tion and fine-tuning of each component, facilitating generalization 
across datasets and clinical settings. Because each module outputs visu-
ally interpretable masks and heatmaps, the framework allows clinicians 
to inspect how the final score is derived, increasing its usability for 
real-world pathology workflows.

The main contributions of this work are summarized as follows:

• We present the first modular deep learning pipeline that inte-
grates a regression-based scoring module capable of predicting 
continuous TILs scores by learning discriminative features from 
binary TILs and stroma maps, rather than relying on predefined 
mathematical ratios.

• The proposed pipeline incorporates a TILs segmentation module 
with active learning [11,12] to iteratively improve model per-
formance and increase the precision of TIL detection through 
expert-guided refinement of difficult or ambiguous regions.

• A robust preprocessing and patch-level quality control strategy 
is employed to exclude irrelevant or unstained regions, enabling 
accurate scoring at both the ROI level, as defined by expert 
pathologists, and the whole-slide level.
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• A novel adaptive aggregation strategy combining stromal area 
weighting and percentile scaling is introduced to translate patch-
level predictions into biologically meaningful continuous scores.

• Comprehensive validation was performed across two independent 
patient subsets, including one used for internal validation, sup-
ported by SegGradCAM-based explainability analysis to ensure 
transparency and clinical trustworthiness.

The remainder of this paper is organized as follows. Section 2 
reviews existing computational approaches for stromal TILs quan-
tification. Section 3 presents the materials and methods, including 
dataset descriptions, preprocessing strategies, and the proposed mod-
ular pipeline. Section 4 reports and discusses the experimental results 
in detail. Section 5 outlines the main limitations of the study. Finally, 
Section 6 provides the overall conclusion together with key directions 
for future work, followed by the Acknowledgments section recognizing 
funding sources and contributions.

2. Related work

In recent years, deep learning has substantially advanced com-
putational pathology, particularly in automating the assessment of 
tumor-infiltrating lymphocytes (TILs) in breast cancer. Although stan-
dardized guidelines exist for TILs evaluation [6], manual assessment on 
H&E-stained slides remains laborious and inherently subjective. This 
motivates the development of reproducible, automated quantification 
approaches.

Several computational studies have addressed this challenge. Saltz 
et al. [2] developed a deep learning framework using convolutional 
neural networks (CNNs) to identify and spatially map TILs across 
The Cancer Genome Atlas (TCGA) dataset. Their large-scale analysis 
demonstrated the prognostic significance of immune cell spatial orga-
nization but relied on patch-level classification without providing direct 
TILs scoring. Similarly, Lu et al. [13] employed an attention-based 
multiple instance learning (MIL) approach to predict molecular features 
and immune infiltration at the tissue level. While effective for slide-
level inference, the method required weak labels and lacked spatial 
interpretability at the cellular or regional level. These approaches 
highlight the potential of AI for immune profiling but also show that 
most existing systems provide limited control over how predictions are 
generated, reducing their transparency for clinical use.

Other researchers explored weakly supervised learning for
histopathological analysis. Campanella et al. [5] demonstrated the 
feasibility of large-scale WSI classification using MIL, but their frame-
work did not address TIL-specific quantification. Bandi et al. [14] 
later introduced a context-aware model that incorporated neighboring 
tissue information to enhance TIL detection. Although this approach 
improved spatial awareness, it involved complex preprocessing and 
did not generate interpretable or continuous TILs scores. In addition, 
most weakly supervised pipelines do not explicitly separate stromal and 
tumoral compartments, which is essential for guideline-compliant sTILs 
scoring.

AI-assisted quantification has also been reported to enhance scoring 
consistency. Heindl et al. [15] showed that automated spatial analysis 
could improve the reproducibility of sTILs scoring and facilitate broader 
clinical adoption. Saltz et al. [2] similarly demonstrated high con-
cordance between AI-predicted immune infiltration and pathologists’ 
evaluations, underscoring the potential of computational systems to 
standardize TILs assessment across institutions.

More specialized frameworks have been proposed for distinct histo-
logical components. Makhlouf et al. [16] developed a two-stage deep 
learning pipeline that employed U-Net [17] for tumor and stroma 
segmentation and HoVer-Net [18] for immune cell detection. Although 
the model performed well for luminal breast cancer, it lacked validation 
across other molecular subtypes, limiting its clinical generalizability. 
Choi et al. [19] proposed a multi-model framework combining Faster 
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R-CNN [20] for lymphocyte detection and DeepLabV3 [21] for tissue 
segmentation. Despite achieving good correlation with three expert 
pathologists, the absence of external validation restricted its real-world 
applicability. Moreover, these multi-model approaches do not provide 
a unified, end-to-end scoring mechanism, making their outputs harder 
to interpret and compare across datasets.

Yosofvand et al. [22] introduced a two-stage architecture using U-
Net for stromal segmentation and Mask R-CNN [23] for TIL detection. 
While high accuracy was reported, both training and evaluation were 
conducted on the same dataset, raising concerns about overfitting 
and lack of independent validation. Similarly, Kim et al. [24] ap-
plied self-supervised pretraining (SimCLR [25] and SwAV [26]) for 
feature extraction in histopathological images. Although the framework 
leveraged large-scale public datasets to improve representation learn-
ing, it relied exclusively on resized WSIs, which can lead to spatial 
information loss and hinder clinical interpretability.

More recently, Liu et al. [27] proposed MuTILs, a concept-
bottleneck neural network that jointly performs lymphocyte detection 
and tumor-associated stroma segmentation in accordance with IIOBWG 
guidelines. MuTILs introduced interpretability through intermediate 
‘‘concepts’’ and achieved strong results on the PanopTILs dataset. How-
ever, its evaluation was confined to HER2-positive and triple-negative 
breast cancer subtypes, limiting generalization to the full spectrum 
of molecular phenotypes. Furthermore, concept-bottleneck models still 
rely on fixed heuristic ratios for final scoring, whereas our approach 
learns a continuous scale directly from data and integrates an adaptive 
aggregation strategy.

In summary, previous research has demonstrated the promise of 
deep learning for TILs quantification but remains constrained by frag-
mented pipelines, limited subtype coverage, and scarce external valida-
tion. Most importantly, few approaches offer a combination of stroma-
aware TIL localization, continuous score prediction, and interpretable 
intermediate outputs within a single, modular framework. Addressing 
these challenges, the present study proposes a modular deep learning 
pipeline that integrates TILs segmentation, stroma segmentation, and 
regression-based score prediction within a unified architecture. The 
proposed method directly predicts spatially and numerically continuous 
TIL assessment scores in the ROI from hematoxylin and eosin-stained 
images and complies with the IIOBWG guidelines. At the same time, 
it offers a scalable and interpretable solution for standardized TIL 
quantification across molecular subtypes and can support inference 
based on the entire WSI.

3. Materials and methods

3.1. Data description

3.1.1. Private data
The private dataset consists of hematoxylin and eosin (H&E)-stained 

whole-slide images (WSIs) from breast cancer patients collected by 
the Oncological Pathology and Bioinformatics Research Group at the 
Institut d’Investigació Sanitària Pere Virgili, Tortosa, Spain. All slides 
were digitized at 20× magnification with a spatial resolution of 0.2433
μm/pixel. Expert pathologists manually identified and annotated the 
regions of interest (ROIs) using the GeoJSON format. These ROIs fo-
cused on tissue compartments including tumor, stroma, and other 
components such as necrosis and glands.

The dataset is divided into two subsets:
Subset 1 (60 WSIs): This subset includes 60 WSIs representing multiple 
breast cancer molecular subtypes: Luminal A, Luminal B (HER2+/-), 
HER2-enriched, and Triple Negative, as summarized in Table  1. ROIs 
were annotated for tumor, stroma, and other tissue classes. Among 
these, 10 ROIs were further annotated for tumor-infiltrating lympho-
cytes (TILs), including both lymphocytes and plasma cells.
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Each ROI was visually evaluated by two expert pathologists inde-
pendently and in a blinded manner, following the standardized rec-
ommendations of Salgado et al. [6]. For each ROI, both pathologists 
assigned a TILs score reflecting the extent of stromal immune infil-
tration, categorized as Low, Moderate, or High. This independent dual 
assessment minimized observer bias and ensured reproducibility of the 
reference annotations. The aggregated distribution of visually assigned 
TILs categories is reported in Table  1.

Subset 2 (112 WSIs): This subset contains 112 WSIs encompassing the 
major breast cancer molecular subtypes (Table  1). Each ROI was visu-
ally assessed by a single expert pathologist according to the IIOBWG 
standardized guidelines [6], establishing a gold standard for model 
evaluation.

This subset was exclusively reserved as an independent hold-out 
cohort for internal validation of the proposed pipeline to assess its 
generalization performance on unseen patient samples that were not 
used during model development. The distribution of TILs scores in this 
subset is also summarized in Table  1.

3.1.2. Public data
We used the TIGER dataset,1 consisting of 151 H&E-stained WSIs 

of triple-TNBC in TIF format at a resolution of 0.5 μm/pixel. Each 
WSI includes ROIs and corresponding masks annotated with pixel-
level information for seven tissue compartments: invasive tumor, in-situ 
tumor, tumor-associated stroma, inflamed stroma, healthy glands, necro-
sis (non–in-situ), and remaining tissue areas. In our experiments, we 
considered tumor-associated stroma and inflamed stroma as stroma, and 
the remaining tissue regions as background, following the IIOBWG 
guidelines.

3.2. Model architecture

The proposed pipeline comprises three main modules, designed to 
process 256 × 256 histopathology image patch and predict a contin-
uous TILs score. These modules are: a TILs segmentation module, a 
stroma segmentation module, and a quantification module. The overall 
architecture is illustrated in Fig.  1.

TILs Segmentation Module: A binary semantic segmentation
model specialized in identifying tumor-infiltrating lymphocytes (TILs), 
including lymphocytes and plasma cells, within the input patch. Active 
learning is integrated to mitigate annotation bias and improve detection 
precision. The module outputs a binary mask highlighting TIL-positive 
regions.

Stroma Segmentation Module: A parallel segmentation model 
trained to identify stromal regions in the same image. It outputs a 
binary mask corresponding to stroma tissue.

TILs-in-Stroma Map Generation (Intermediate Step): The out-
puts of the TILs and stroma segmentation modules are combined using 
a pixel-wise logical AND operation to generate a binary mask represent-
ing only the TILs located within the stroma. Although not a trainable 
module, this step plays a critical role in preparing the input for the 
regression model.

TILs Quantification Module: The TILs-in-stroma map is concate-
nated with the stroma mask, forming a two-channel input tensor. This 
is fed into a CNN-based regression model, which predicts a continuous 
TILs score for the input patch, reflecting the extent of immune cell 
infiltration in stromal regions.

Each of the three core modules (TILs segmentation, stroma segmen-
tation, and regression) is independently trained using task-specific data 
and loss functions, as described in the next sections.

1 https://tiger.grand-challenge.org/

https://tiger.grand-challenge.org/
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Table 1
Distribution of breast cancer molecular subtypes and visual TILs score categories in the private dataset.
 Category Subset 1 (60 WSIs) Subset 2 (112 WSIs) 
 Molecular Subtypes
 Luminal A 27 49  
 Luminal B (HER2+/-) 29 49  
 HER2-enriched 1 4  
 Triple Negative 3 10  
 Visual TILs Score Categories
 Low (≤10%) 44 73  
 Moderate (10%–40%) 12 26  
 High (>40%) 4 13  
Fig. 1. Overview of the proposed model architecture, including segmentation modules for TILs and stroma, the intermediate TILs-in-stroma map generation step, 
and the regression module.
3.3. TILs segmentation module

The TILs segmentation module is responsible for detecting tumor-
infiltrating lymphocytes (TILs)—including lymphocytes and plasma 
cells—in breast cancer histopathology images. This component isolates 
immune-related cellular structures within the stroma and provides the 
foundation for subsequent TILs quantification. To improve segmenta-
tion precision and mitigate annotation bias, a pathologist-guided active 
learning strategy was incorporated into the training pipeline.

Data Utilized: The dataset used for training this module consists 
of the 10 manually annotated ROIs described in Section 3.1.1. Each 
ROI was converted into a binary mask identifying all TILs. This curated 
collection served as the basis for both model training and evaluation.

Model Architectures: Three architectures were evaluated for TILs 
segmentation: UNet [28], Attention UNet [29], and TransUNet [30]. 
UNet provides a strong encoder–decoder baseline with skip connections 
for preserving fine detail. Attention UNet adds attention gates to better 
highlight sparse lymphocytes and suppress irrelevant regions. Tran-
sUNet combines CNN features with transformer-based global context, 
enabling richer spatial representation. All models were trained end-to-
end with ImageNet-pretrained encoders to support stable convergence 
and improve feature quality.

Preprocessing Strategy: A unified preprocessing pipeline was ap-
plied throughout the study to ensure consistent experimental conditions 
across all training stages. To prevent data leakage and guarantee a 
fair evaluation of model performance, the dataset was split at the ROI 
(patient) level into 60% training, 20% validation, and 20% testing. The 
same held-out test set was preserved for both the initial training phase 
and the subsequent active learning stage.

Each ROI was partitioned into overlapping image patches of size 
256 × 256 pixels using a stride of 64 pixels. This tiling strategy 
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increases the effective sampling of local tissue patterns while preserving 
contextual continuity between neighboring patches. For each extracted 
patch, the corresponding binary TIL mask was generated from the 
annotation mask. Patches that did not contain TILs were excluded from 
the training set to reduce class imbalance and focus the learning process 
on biologically relevant regions.

To further refine cell-level annotations in densely populated ar-
eas, a watershed segmentation algorithm was applied to the binary 
masks. This step enabled separation of touching or overlapping lympho-
cytes, which commonly occur in regions with high immune infiltration, 
thereby improving the quality and accuracy of the training labels used 
for model learning.

Data Augmentation: Data augmentation was employed to im-
prove model generalization and robustness to variations commonly 
encountered in digital pathology images. Augmentation was applied 
exclusively to the training set to avoid introducing artificial variability 
into validation and test data.

Offline augmentations were first applied to the training dataset to 
increase sample diversity, effectively expanding the dataset size by 
approximately four times. These transformations included horizontal 
and vertical flipping, 90◦ rotations, transpositions, affine transforma-
tions (including shifts, scaling, and rotations), Gaussian blurring, and 
brightness and contrast adjustments.

To simulate scanner-related variability observed across different 
acquisition systems, a custom magnification augmentation strategy was 
implemented. This operation downsampled image patches followed 
by upscaling them back to the original resolution, thereby mimicking 
variations in optical magnification and scanner resolution that may 
occur across institutions.

In addition, stain variability was addressed using the RandStainNA 
method [31], which was applied as an online stain augmentation 
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during training. This technique randomly perturbs stain distributions 
in hematoxylin and eosin images, enabling the model to learn features 
that are robust to staining variations.

Representative examples of the applied augmentation strategies 
are provided in the Supplementary Material (Figure S1). By introduc-
ing controlled variability during training, this augmentation protocol 
improves the model’s ability to generalize to unseen data while preserv-
ing the morphological characteristics of lymphocytes and surrounding 
cellular context.

Active Learning Integration: To refine annotations and improve 
TIL detection performance, a pathologist-guided active learning strat-
egy was implemented at the ROI level. The objective of this step was to 
correct systematic model errors and improve annotation quality using 
targeted expert feedback.

The active learning procedure consisted of a single refinement 
iteration. First, the best-performing model obtained from the initial 
training stage was applied to all ROIs to generate predicted TIL seg-
mentation masks. These predictions were subsequently post-processed 
using watershed segmentation to separate touching lymphocytes and 
enable cell-level analysis.

Potential model errors were then identified using a false posi-
tive (FP) and false negative (FN) detection framework. FP masks cor-
responded to structures incorrectly detected as lymphocytes by the 
model, whereas FN masks indicated lymphocytes present in the ground 
truth but missed by the model. These FP and FN masks were converted 
into GeoJSON format and overlaid on the corresponding whole-slide 
images using QuPath, allowing efficient expert review within a digital 
pathology environment.

Pathologists inspected these candidate regions and provided feed-
back by confirming true lymphocytes among FP detections and re-
moving incorrectly annotated structures from FN regions that did not 
correspond to true TILs. The review was performed at the ROI level 
rather than the patch or tile level to preserve spatial context and 
to avoid the substantial annotation burden associated with inspect-
ing a large number of extracted patches. In practice, a single ROI 
typically contains many overlapping tiles, which would significantly 
increase annotation time if reviewed individually. Presenting model 
predictions directly on the whole-slide image also aligns with the 
standard workflow used by pathologists in digital pathology software, 
facilitating efficient verification and correction of candidate detections. 
On average, expert review required approximately one hour per ROI.

Based on this validated feedback, corrected annotation masks were 
generated by updating the original ground-truth masks. These refined 
masks were subsequently reprocessed using watershed segmentation to 
maintain accurate separation of neighboring lymphocytes. The updated 
annotations were then incorporated into the training dataset, and the 
model was retrained using the same training protocol as the initial 
stage.

Since the primary objective of the active learning step was to 
correct annotation inconsistencies and improve label quality, a single 
refinement iteration was considered sufficient once the expert-reviewed 
annotations were integrated into the training dataset.

An overview of the complete active learning workflow is illustrated 
in Fig.  2.

Explainability: To provide interpretable outputs and support ver-
ification by pathologists, SegGradCAM [32] was applied to visualize 
features influencing model predictions. Because predicted masks often 
contain multiple TILs, each instance was first isolated and processed 
separately. SegGradCAM heatmaps were generated for each instance 
and then combined using a pixel-wise maximum to create a global in-
terpretability map. This instance-aware approach provides fine-grained 
insights into the model’s decision-making process, highlighting rele-
vant cellular structures and aiding interpretation in densely populated 
regions.
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3.4. Stroma segmentation module

The stroma segmentation module identifies stromal regions sur-
rounding tumor areas and provides the spatial context required for ac-
curate TILs quantification. The stroma comprises both tumor-
associated and inflamed stromal regions, and both are considered as 
part of the total stromal area used for downstream scoring.

Data Utilized: Model development was performed using the public 
dataset described in Section 3.1.2. To assess generalization beyond 
the training domain, the trained models were further evaluated on 
an independent in-house dataset consisting of 60 manually annotated 
ROIs from breast cancer WSIs (Section 3.1.1). This two-stage evaluation 
enabled a rigorous assessment of cross-domain robustness.

Preprocessing & Training Strategy: Initial inspection of the binary 
annotation masks in the public dataset revealed that 48 of the 151 
annotated ROIs were rotated relative to the horizontal axis. When such 
regions are extracted, the resulting bounding rectangles contain large 
non-informative black margins. These artifacts introduce irrelevant 
background pixels that may negatively affect the learning process and 
bias the segmentation model. To mitigate this issue, the rotated ROIs 
were excluded from the dataset, resulting in 103 valid samples used for 
model training and evaluation.

To prevent data leakage and ensure reliable performance estima-
tion, the dataset was partitioned at the ROI (patient) level into 80% 
training and 20% testing subsets. Within the training subset, stratified 
5-fold cross-validation was applied to optimize model training and 
hyperparameter selection. For each fold, 80% of the ROIs were used 
for training and the remaining 20% for validation, ensuring that all 
samples contributed to the validation process across folds.

During training, each ROI was divided into patches of size 256 × 256
pixels extracted on the fly with 50% overlap (128 pixels). This over-
lapping tiling strategy increases spatial sampling of stromal structures 
while preserving contextual continuity between neighboring patches. 
Patches containing only background pixels were discarded to focus the 
learning process on biologically relevant tissue regions.

Data Augmentation: Data augmentation was applied during train-
ing to increase sample diversity and improve the robustness of the seg-
mentation model to variations commonly encountered in histopatho-
logical images. Augmentation was performed on the fly to generate 
diverse training samples while preserving the original dataset distribu-
tion.

The augmentation strategy included geometric transformations such 
as horizontal and vertical flips as well as random rotations. Photometric 
transformations were also applied, including brightness adjustments 
and hue–saturation–value (HSV) shifts, allowing the model to learn 
features that are invariant to staining intensity variations. In addition, 
resolution scaling was introduced to simulate variability in scanner 
magnification and acquisition settings across different institutions.

Representative examples of the applied augmentation strategies 
are provided in the Supplementary Material (Figure S2). These trans-
formations introduce controlled variability during training, enabling 
the model to better generalize to unseen tissue appearances while 
preserving the morphological characteristics of stromal structures.

Proposed Model Architecture: Stroma segmentation was
performed using an enhanced DeepLabV3+ architecture [21] equipped 
with Squeeze-and-Excitation (SE) blocks [33]. SE modules were in-
tegrated at two key locations in the decoder: (1) after feature con-
catenation following the upsampling stage, and (2) after the final 
convolutional layer before the final upsampling step.

This design enables channel-wise recalibration of feature responses, 
allowing the decoder to emphasize informative stromal patterns while 
suppressing irrelevant background signals. By adaptively weighting 
feature channels, the network can better capture complex stromal tex-
tures and structural variations commonly observed in histopathological 
images. The overall architecture of the proposed model is illustrated in 
Fig.  3.
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Fig. 2. Overview of the active learning integration process, illustrating the inference, annotation conversion, FP/FN detection, pathologist feedback, and updated 
ground truth mask generation.
Fig. 3. Overview of the proposed DeepLabV3+ architecture enhanced with Squeeze-and-Excitation (SE) blocks at two positions in the decoder.
Four encoder backbones were incorporated into the SE-DeepLabV3+ 
framework to explore the trade-offs between accuracy, computational 
cost, and generalization: ResNet101 [34], ResNeSt101 [35], Mobile-
ViT [36], and EfficientViT [37].

These architectures were selected, as they are the most known 
backbones used in the literature in order to assess performance across a 
spectrum of model complexities. An overview of the decoder-enhanced 
architecture is shown in Fig.  3.

Evaluation Strategy: Evaluation was conducted in two stages. First, 
each of the five models obtained from 5-fold cross-validation was tested 
on the held-out public test ROIs to establish in-domain performance. 
Second, the same models were evaluated directly on the 60 private 
ROIs without fine-tuning. This external validation enabled objective 
assessment of cross-domain generalization and guided selection of the 
optimal backbone for integration into the TILs scoring pipeline.

Explainability: To interpret model predictions and enhance trans-
parency, SegGradCAM [32] was applied to the predicted masks. This 
gradient-based technique highlights spatial regions that contribute 
most to the model’s classification of stromal tissue. The resulting 
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heatmaps allow verification that the model focuses on histologically 
relevant structures and provide an additional layer of interpretability 
for downstream clinical evaluation.

3.5. TILs quantification module

The TILs quantification module predicts a continuous TILs score at 
the tile level by leveraging spatial information derived from binary 
masks. The model receives a two-channel input: (1) a binary mask of 
TILs located within stromal regions, and (2) a binary mask of the stroma 
itself. This representation ensures that the regression model focuses 
exclusively on lymphocytes residing within stromal tissue, thereby 
capturing the biologically relevant context required for accurate TILs 
scoring.

Data Utilized: This module was developed using 60 ROIs from 
the private dataset described in Section 3.1.1. Each ROI was assigned 
a visual TILs score by an expert pathologist following the IIOBWG 
guidelines, and these ROI-level continuous scores served as ground 
truth for regression.
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Fig. 4. Comparison of automated and expert-validated TILs score distributions at the patch level.
Data Preparation: Because pathologist-derived TILs scores are pro-
vided at the ROI level, whereas the regression model operates on fixed-
size image patches, a dedicated preparation pipeline was implemented 
to generate patch-level training samples.

For each ROI, 500 random crops of size 256 × 256 pixels were 
extracted. Corresponding stroma masks were obtained directly from 
manual annotations, while TILs masks were generated using the best-
performing segmentation model refined via active learning
(Section 3.4). This approach was necessary because only 10 ROIs 
contained manual TILs annotations, and high-precision predictions 
enabled meaningful dataset expansion.

Crops with empty stroma masks were discarded. For each remaining 
crop, a TILs-inside-stroma mask was created by intersecting the pre-
dicted TILs mask with the stroma mask. A continuous TILs score was 
then computed following the area-based metric in [24], defined as the 
ratio of TILs area to total stromal area within the crop. These scores 
were subsequently categorized into low, moderate, and high infiltration 
levels based on the Salgado criteria.

To ensure balanced representation, up to 15 crops per category 
were sampled from each ROI, resulting in a maximum of 45 crops 
per ROI. When fewer valid samples were available for a category, 
all were included. Due to the predominance of non-inflamed stroma, 
the resulting dataset was naturally skewed toward low infiltration. In 
total, 1963 valid crops were retained. Each crop was stored as both an 
RGB image and a two-channel NumPy array containing the TILs-inside-
stroma and stroma masks. The distribution of automated patch-level 
scores is shown in Fig.  4(a).

Expert Validation of Patch-Level Score: To assess the reliability of 
the automatically generated patch-level TILs scores, an expert pathol-
ogist independently reviewed 450 randomly selected crops. For each 
crop, the expert counted the number of TILs, and a new TILs score 
was computed using the same area-based metric. These scores were 
categorized into low, moderate, and high infiltration levels according 
to the Salgado criteria. The distribution of expert-validated scores is 
presented in Fig.  4(b).

Given the non-normal distribution of scores, Spearman’s rank cor-
relation was used to compare automated and expert-derived scores. A 
strong positive correlation was observed (𝑟 = 0.762, 𝑝 = 1.3164×10−86), 
confirming the reliability of the automated scoring pipeline.

Data Preprocessing: The final dataset of 1963 crops was split into 
80% for training and 20% for validation. Because the dataset was 
highly imbalanced — with the majority of samples belonging to the 
low-infiltration category — a stratified splitting strategy was used to 
preserve the original category proportions in both subsets. The resulting 
class distributions for the training and validation sets are shown in 
Supplementary Material (Figure S3).

Proposed Model Architecture: To predict continuous TILs scores 
from the two-channel input, a lightweight convolutional neural net-
work (CNN) was designed (Fig.  5). The model accepts a 256 × 256 × 2 
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tensor and processes it through a compact sequence of convolutional 
blocks:

• A 3 × 3 convolution with 32 filters (ReLU), followed by max 
pooling.

• A second convolutional block with 64 filters and max pooling.
• A third convolutional block with 128 filters, followed by global 
average pooling.

The resulting feature vector is passed through a dense layer with 
128 units and ReLU activation, followed by dropout (rate = 0.3) to 
reduce overfitting. A final dense layer with a single sigmoid-activated 
neuron outputs a normalized continuous TILs score in the range [0, 1]. 
This architecture was intentionally kept lightweight to prevent over-
fitting given the moderate dataset size, while still capturing relevant 
spatial relationships.

3.6. Evaluation pipeline

To obtain an ROI-level TILs score from local patch predictions, we 
developed a dedicated aggregation pipeline that integrates patch-wise 
scores using an adaptive strategy. As illustrated in Fig.  6, each ROI 
was tiled into non-overlapping 256 × 256 patches, consistent with 
the regression model’s input size. Patches lacking stromal tissue were 
excluded to ensure that the global score reflects only anatomically and 
clinically meaningful regions.

Each valid patch was processed by the regression model to produce 
a continuous TILs score. Let the resulting vector of local TILs scores of 
patch images within the ROI be
𝐒 = [𝑠1, 𝑠2,… , 𝑠𝑁 ],

where 𝑁 denotes the number of stroma-containing patches. For each 
patch, a stromal area weight 𝑤𝑖 was computed as the ratio of stromal 
pixels to the total patch area, forming the vector
𝐰 = [𝑤1, 𝑤2,… , 𝑤𝑁 ].

To characterize the overall infiltration density within the ROI, we 
defined the proportion of moderately or highly infiltrated patches as

𝑇 =
|{𝑠𝑖 ∈ 𝐒 ∣ 𝑠𝑖 > 0.1}|

𝑁
.

Based on this metric, the global ROI-level TILs score 𝐺 was com-
puted using an adaptive aggregation rule:

𝐺(𝐰,𝐒, 𝑇 ) =
⎧

⎪

⎨

⎪

⎩

𝐰⊤𝐒
∑𝑁

𝑖=1 𝑤𝑖
, if 𝑇 ≤ 𝑇𝑟,

𝑃𝑥(𝐒), if 𝑇 > 𝑇𝑟,

where 𝑇𝑟 is a tunable infiltration-density threshold and 𝑃𝑥(𝐒) denotes 
the 𝑥th percentile of the local scores (e.g., 𝑃 , 𝑃 , 𝑃 ).
90 95 99



S. Abdelazeez et al. Computer Methods and Programs in Biomedicine 282 (2026) 109374 
Fig. 5. Lightweight CNN architecture for continuous TILs score prediction. The model processes two-channel inputs representing TILs-inside-stroma and stroma 
masks.
Intuition Behind the Aggregation Strategy: Patch-level TILs
scores within an ROI typically follow a highly skewed distribution, 
where most stromal patches exhibit very low infiltration and only a 
minority contain moderate or densely infiltrated regions. As a result, 
simple averaging approaches are dominated by low-valued patches 
and systematically suppress the contribution of clinically meaningful 
immune hotspots. This leads to global scores that underestimate the 
true infiltration level and artificially reduce score variance, weakening 
agreement metrics such as ICC and CCC even when rank-based correla-
tions remain high. The proposed adaptive strategy explicitly addresses 
this imbalance: when infiltration is sparse, a stromal-weighted mean 
yields a stable estimate, while in ROIs where moderate or high infiltra-
tion is more prevalent, a percentile-based statistic amplifies the impact 
of densely infiltrated patches in a manner that more closely mirrors 
expert visual scoring.

Threshold values of 𝑇𝑟 = 0.15, 0.20, and 0.25 were empirically 
evaluated, along with percentile values 𝑃90, 𝑃95, and 𝑃99. The resulting 
global scores were compared to pathologist-derived ROI-level TILs 
scores using the correlation and agreement metrics described below.

Validation Metrics: To evaluate the agreement between the auto-
mated global TILs scores and the reference scores provided by expert 
pathologists, we used a set of well-established statistical measures. 
Pearson and Spearman correlations were computed to assess linear 
and rank-based relationships between predicted and reference values. 
For absolute agreement, we used the Intraclass Correlation Coefficient 
(ICC), following the ICC(2,1) formulation described by Shrout and 
Fleiss [38], and the Concordance Correlation Coefficient (CCC) intro-
duced by Lin [39]. In addition, Cohen’s Kappa [40] was calculated after 
mapping continuous scores into low, moderate, and high categories 
according to the criteria of Salgado et al. [6]. These metrics were 
applied across all threshold and percentile configurations to identify 
the settings that provided the most reliable alignment with expert 
assessments.
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3.7. Ablation study design

To assess the contribution of each component of the proposed 
hybrid aggregation scheme, we conducted an ablation study comparing 
four aggregation strategies:

1. Global average: simple arithmetic mean of local scores, serving 
as a baseline following prior work [24].

2. Stroma-weighted average — local scores weighted solely by 
stromal area, emphasizing tissue composition without adaptive 
logic.

3. Percentile-based aggregation: the 𝑥th percentile of patch
scores, highlighting highly infiltrated regions.

4. Proposed hybrid method: adaptive switching between stroma-
weighted averaging and percentile-based aggregation depending 
on infiltration density 𝑇 .

Each method was evaluated on the same ROI datasets using identi-
cal continuous and categorical agreement metrics (Pearson, Spearman, 
ICC, CCC, and Cohen’s Kappa). This controlled comparison isolates 
the effect of the adaptive switching criterion and demonstrates how 
the hybrid design yields progressively improved alignment with expert 
assessments relative to simpler, non-adaptive baselines.

3.8. Experimental setup

All experiments were implemented in Python 3.9.18 using the
TensorFlow 2.10.1 deep learning framework with the Keras 2.10.0
API. The same software environment was used for all modules of the 
proposed pipeline to ensure experimental consistency and reproducibil-
ity.

The experiments were conducted on a workstation equipped with 
an NVIDIA GeForce RTX 4080 GPU with 16 GB of memory, an Intel 
13th Gen Core i5-13600KF CPU (3.50 GHz), and 32 GB of system 
RAM. This hardware configuration was used throughout the study for 
model training, inference, and evaluation.
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Fig. 6. Overview of the ROI-level evaluation pipeline, illustrating patch extraction, local score prediction, infiltration-density estimation, and adaptive global 
score computation.
3.8.1. TILs segmentation module
TILs segmentation was treated as a binary semantic segmentation 

task, using image patches from expert-annotated regions of interest 
(ROIs). As previously mentioned, to prevent data leakage, the dataset 
was initially split at the ROI level into training, validation, and testing 
sets. Then, image tiles of size 256 × 256 pixels were extracted from 
each dataset split with a 25% overlap relative to the tile size.

Three deep learning architectures were evaluated for this task: U-
Net, Attention U-Net, and TransUNet. All models were initialized with 
ImageNet-pretrained weights and trained under the same configuration 
to ensure a fair comparison of learning behavior and computational re-
quirements. During training, the full network — including both encoder 
and decoder components — was fine-tuned.

To address class imbalance and improve delineation of small lym-
phocyte regions, a composite loss function combining Tversky fo-
cal loss [41] and IoU loss was employed. Model optimization was 
performed using the Adam optimizer with an adaptive learning rate 
schedule based on validation performance.

Table  2 summarizes the dataset composition and training hyperpa-
rameters used for the TILs segmentation models, while Table  3 reports 
the model size and training time of the evaluated architectures.

3.8.2. Stroma segmentation module
Stroma segmentation was formulated as a binary semantic segmen-

tation task using image tiles extracted from the ROI images. Tiles were 
generated with 50% overlap to preserve spatial continuity between 
neighboring regions. A stratified five-fold cross-validation strategy was 
adopted for model development, resulting in slight variations in the 
number of training and validation tiles across folds. All backbone 
networks were initialized with ImageNet-pretrained weights, and the 
entire network, including both encoder and decoder components, was 
fine-tuned during training.
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Class imbalance between stromal and non-stromal regions was 
addressed using Dice loss to emphasize overlap between predicted 
and ground-truth masks. Model optimization was performed using 
the Adam optimizer with an adaptive learning schedule, and early 
stopping was applied to prevent overfitting. Segmentation performance 
was evaluated using Accuracy, Intersection over Union (IoU), and 
Dice score. The dataset composition and training configuration are 
summarized in Table  4.

Table  4 summarizes the dataset composition and training configu-
ration used for the stroma segmentation models, while Table  5 reports 
the model size and training time of the evaluated architectures.

3.8.3. TILs quantification module
TILs quantification was formulated as a regression task that predicts 

a continuous stromal TIL score from spatial representations of immune 
infiltration. The model receives two-channel binary maps as input, rep-
resenting the predicted TILs-within-stroma mask and the corresponding 
stroma mask for each tile. These maps capture the spatial relationship 
between lymphocytes and stromal regions, enabling the network to 
learn discriminative patterns associated with stromal TIL density.

The regression network operates on 256 × 256 tiles with two input 
channels. Model optimization was performed using the Adam optimizer 
with an initial learning rate of 1 × 10−4. Mean Squared Error (MSE) 
was used as the loss function, while Mean Absolute Error (MAE) served 
as the primary evaluation metric. Training was conducted with early 
stopping to prevent overfitting, and the model achieving the lowest val-
idation loss was retained for final evaluation. The dataset composition 
and training configuration are summarized in Table  6.

Table  6 summarizes the dataset composition and training configu-
ration used for the TILs quantification model, while Table  7 reports the 
model size and training time.
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Table 2
Dataset composition and training hyperparameters for the TILs segmentation models.
 Parameter Value  
 Input patch size 256 × 256  
 Training tiles 22,695  
 Validation tiles 1766  
 Testing tiles 2087  
 Batch size 8  
 Optimizer Adam  
 Initial learning rate 1 × 10−4  
 Learning rate scheduler ReduceLROnPlateau  
 Maximum epochs 100  
 Early stopping patience 10 epochs  
 Loss function Tversky focal loss + IoU loss  
 Tversky parameters 𝛼 = 0.8, 𝛽 = 0.2  
 Focal parameter 𝛾 = 4

3
 

 Evaluation metrics Accuracy, Dice, Tversky, Precision, Recall, F1-score 
Table 3
Model parameters and training time of the evaluated TILs segmentation architectures.
 Model Parameters (M) Training time (h) 
 U-Net 37.67 3.66  
 Attention U-Net 34.88 3.85  
 TransUNet 42.72 9.20  
Table 4
Dataset composition and training configuration for the stroma segmentation 
models. Training and validation tile counts are reported as mean ± standard 
deviation across the five cross-validation folds, while the test set is fixed.
 Parameter Value  
 Input tile size 256 × 256  
 Training tiles (per fold) 12902 ± 372  
 Validation tiles (per fold) 3225 ± 372  
 Test tiles (fixed) 5125  
 Batch size 32  
 Optimizer Adam  
 Initial learning rate 1 × 10−4  
 Maximum epochs 50  
 Early stopping patience 10 epochs  
 Loss function Dice loss  
 Backbone initialization ImageNet pretrained  
 Evaluation metrics Accuracy, IoU, Dice score 
Table 5
Model complexity and training time for the evaluated stroma segmentation architectures. Training time per fold is reported as 
mean ± standard deviation across the five folds.
 Model Parameters (M) Train time/Fold (h) Total training time (h) 
 ResNet101-DeepLabV3+ 30.96 0.59 ± 0.09 2.96  
 ResNeSt-DeepLabV3+ 63.25 1.18 ± 0.30 5.89  
 MobileViT-DeepLabV3+ 7.70 1.04 ± 0.33 5.20  
 EfficientViT-DeepLabV3+ 19.52 0.58 ± 0.17 2.92  
Table 6
Dataset composition and training configuration for the TILs quantification model.
 Parameter Value  
 Input tile size 256 × 256  
 Input channels 2 (TILs within stroma mask, Stroma mask) 
 Training samples 1570  
 Validation samples 393  
 Batch size 16  
 Optimizer Adam  
 Initial learning rate 1 × 10−4  
 Maximum epochs 100  
 Early stopping patience 20 epochs  
 Loss function Mean Squared Error (MSE)  
 Evaluation metric Mean Absolute Error (MAE)  
10 
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Table 7
Model complexity and training time for the TILs quantification network.
 Model Parameters (M) Total training time (h) 
 CNN Regression model 0.11 0.64  
Table 8
Baseline performance of segmentation models before active learning. Best values in bold.
 Model Segmentation metrics Cell detection metrics
 Dice Tversky Precision Recall F1 Score 
 U-Net 0.667 0.718 0.708 0.724 0.716  
 Attention U-Net 0.668 0.703 0.733 0.708 0.720  
 TransUNet 0.665 0.687 0.692 0.705 0.698  
Table 9
False positives and false negatives before and after active learning refinement.
 Error type Before After  
 False Positives 2732 1494 (−45.3%) 
 False Negatives 1769 1228 (−30.6%) 
4. Results & discussion

This section presents the experimental results of the proposed mod-
ular pipeline for automated TILs scoring in breast cancer H&E slides. 
Results for each module—TILs segmentation, stroma segmentation, and 
regression-based TILs quantification—are reported independently to 
ensure interpretability and transparency. Quantitative and qualitative 
evaluations highlight each component’s contribution to the overall 
system. Finally, the complete pipeline is assessed at the ROI level by 
comparing global predicted scores with expert annotations using the 
validation metrics.

4.1. TILs segmentation module results

This section summarizes the performance of the three evaluated 
architectures—U-Net, Attention U-Net, and TransUNet—before and af-
ter the active learning refinement step. Both pixel-wise segmenta-
tion metrics and cell-level detection metrics are reported to provide a 
comprehensive assessment of model behavior.

4.1.1. Baseline results before active learning
Before applying active learning, all models were trained on the 

initial annotations and evaluated on the held-out test set. The pixel-
wise segmentation results in Table  8 show that U-Net and Attention 
U-Net achieved very similar Dice Scores (0.667–0.668). U-Net provided 
the highest Tversky Score (0.718), suggesting slightly better balance 
between false positives and false negatives. TransUNet obtained slightly 
lower scores, which may reflect its greater dependence on high-quality 
supervision when trained on limited data.

Cell-level detection results (Table  8) indicate that Attention U-Net 
achieved the strongest overall performance, reaching the highest F1 
Score (0.720) and strongest precision. U-Net showed comparable per-
formance, whereas TransUNet tended to produce more false positives 
at this early stage.

These results suggest that all models were able to learn meaningful 
representations, but that TransUNet — being the most complex archi-
tecture — would likely benefit the most from improved annotations. 
This motivated the use of expert-guided active learning.

4.1.2. Active learning findings
Active learning was performed on 10 ROIs using the best baseline 

model (Attention U-Net). The expert corrected systematic false positives 
and false negatives, producing a more reliable training set. Table  9 
summarizes the reduction in errors.

The expert corrections mainly addressed over-segmentation of
densely packed lymphocytes and missed detections of small or faint 
cells. These refinements were particularly valuable for TransUNet, 
which responds more strongly to improved supervision.
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4.1.3. Results after active learning
After retraining with the refined annotations, all three models 

showed measurable improvements in pixel-wise segmentation
(Table  10). Dice Scores increased and became more consistent across 
models. TransUNet achieved the highest Dice Score (0.719), while 
U-Net achieved the highest Tversky Score (0.726).

Cell-level performance improved for all three models (Table  10). 
TransUNet achieved the highest post–active learning precision (0.821), 
reflecting a notable reduction in false positives. All architectures
reached similar F1 Scores around 0.776–0.780.

A before/after comparison is provided in Table  11. All models ben-
efited from the refined annotations, but TransUNet showed the largest 
relative gains across precision, recall, and F1 Score. This suggests that 
the expert corrections were particularly valuable for architectures that 
rely heavily on fine-grained supervision.

Beyond segmentation accuracy, we also evaluated the computa-
tional efficiency of the evaluated architectures to better understand 
their practical deployment characteristics.

4.1.4. Inference efficiency
Inference time was measured during GPU forward passes using 

256 × 256 input tiles. This metric reflects the computational cost of 
the segmentation models when processing individual image tiles during 
inference.

Table  12 reports the average inference time per tile for the evalu-
ated architectures.

In summary, active learning played a key role in improving segmen-
tation quality, particularly for the TransUNet model. The expert-guided 
corrections helped address systematic errors and led to increased pre-
cision and more stable detection performance across all architectures. 
Among the evaluated models, TransUNet achieved the highest preci-
sion in TILs detection after active learning and was therefore selected 
for subsequent stages of the pipeline. In terms of computational effi-
ciency, all architectures demonstrated comparable tile-level inference 
times (approximately 4.6–5.0 ms per tile). While U-Net and Atten-
tion U-Net exhibited slightly faster inference, the difference remained 
small, indicating that the additional transformer components in Tran-
sUNet introduce only a minor computational overhead while providing 
improved detection precision.

4.1.5. Explainability results
Fig.  7 illustrates example SegGradCAM visualizations for TransUNet 

after active learning. The heatmaps highlight spatial regions that most 
strongly influence the model’s decisions.

The explainability results confirm that TransUNet attends to ap-
propriate histological structures, supporting model trustworthiness and 
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Table 10
Baseline performance after active learning. Best values in bold.
 Model Segmentation metrics Cell detection metrics
 Dice Tversky Precision Recall F1 Score 
 U-Net 0.718 0.726 0.768 0.792 0.780  
 Attention U-Net 0.715 0.712 0.776 0.779 0.778  
 TransUNet 0.719 0.703 0.821 0.735 0.776  
Table 11
Comparison of cell-level detection metrics before and after active learning (updated results). Percentage changes shown in 
parentheses.
 Model Before After

 Precision Recall F1 Precision Recall F1  
 U-Net 0.708 0.724 0.716 0.768 (+8.5%) 0.792 (+9.4%) 0.780 (+9.0%)  
 Attention U-Net 0.733 0.708 0.720 0.776 (+5.9%) 0.779 (+10.0%) 0.778 (+8.1%)  
 TransUNet 0.692 0.705 0.698 0.821 (+18.7%) 0.735 (+4.3%) 0.776 (+11.2%) 
Table 12
Tile-level inference time of the evaluated TILs segmentation models measured 
on 256 × 256 input tiles. Values are reported as mean ± standard deviation in 
milliseconds.
 Model Inference/Tile (ms) 
 U-Net 4.73 ± 0.14  
 Attention U-Net 4.58 ± 0.08  
 TransUNet 4.97 ± 0.07  
Fig. 7. SegGradCAM explainability. From left: input patch, ground truth, prediction, heatmap, overlay on prediction, and overlay on input. The model’s attention 
focuses on morphologically relevant lymphocyte regions.
clinical interpretability. Instance-wise heatmaps enable localized in-
spection of TIL detections, which is particularly important in dense or 
ambiguous tissue regions.

4.2. Stroma segmentation module results

This section presents the quantitative and qualitative results of the 
proposed stroma segmentation framework. Four SE-enhanced
DeepLabV3+ variants — using ResNet101, ResNeSt101, MobileViT, and 
EfficientViT encoders — were trained following the methodology de-
scribed in Section 3.4. Performance was assessed on (a) the held-out test 
subset of the public dataset to evaluate in-domain segmentation quality, 
and (b) the private dataset to measure cross-domain generalization.
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4.2.1. Performance on the public dataset
Table  13 summarizes segmentation performance on the public 

dataset. All four backbones achieved similarly high accuracy, IoU, and 
Dice scores, with mean Dice values above 0.83 and IoU values above 
0.74. The small performance differences indicate that the SE-enhanced 
DeepLabV3+ decoder provides strong and stable feature extraction 
regardless of encoder choice in this well-standardized dataset.

Among the backbones, EfficientViT achieved the highest mean 
IoU (0.753) and Dice score (0.845), followed closely by ResNeSt101
and MobileViT. This slight advantage is likely due to EfficientViT’s 
ability to capture broader contextual information in homogeneous, 
high-quality images, giving it a small edge when domain variability is 
minimal.
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Table 13
Quantitative performance of different backbones on the public dataset (test subset). Metrics represent 
mean ± standard deviation across five folds. Best values in bold.
 Backbone Accuracy IoU Dice  
 ResNet101 0.855 ± 0.008 0.742 ± 0.015 0.836 ± 0.012  
 ResNeSt101 0.862 ± 0.007 0.749 ± 0.013 0.842 ± 0.009  
 MobileViT 0.863 ± 0.009 0.751 ± 0.007 0.841 ± 0.005  
 EfficientViT 0.859 ± 0.024 0.753 ± 0.024 0.845 ± 0.018 
Table 14
Cross-domain evaluation results on the private dataset. Metrics represent mean ± standard deviation 
across five folds. Best values in bold.
 Backbone Accuracy IoU Dice  
 ResNet101 0.689 ± 0.031 0.589 ± 0.072 0.715 ± 0.068  
 ResNeSt101 0.707 ± 0.055 0.595 ± 0.088 0.725 ± 0.077  
 MobileViT 0.736 ± 0.029 0.646 ± 0.046 0.769 ± 0.039 
 EfficientViT 0.693 ± 0.094 0.581 ± 0.159 0.702 ± 0.156  
Table 15
Tile-level inference time of the evaluated stroma segmentation backbones mea-
sured on 256 × 256 input tiles. Values are reported as mean ± standard deviation 
in milliseconds.
 Backbone Inference/Tile (ms) 
 ResNet101 2.16 ± 0.67  
 ResNeSt101 3.16 ± 0.85  
 MobileViT 2.46 ± 1.00  
 EfficientViT 2.29 ± 1.05  
4.2.2. Cross-domain evaluation on the private dataset
To assess robustness under real clinical variability, the trained 

models were evaluated on 60 private ROIs from a different institution 
without any fine-tuning. As shown in Table  14, performance decreased 
for all models due to domain shift resulting from differences in stain-
ing, scanners, and tissue preparation. However, the MobileViT-based 
model achieved the highest cross-domain IoU (0.646) and Dice score 
(0.769), with the lowest variance across folds.

In contrast, EfficientViT — despite achieving the best in-domain
results — experienced the largest degradation on private data. This 
suggests that EfficientViT’s strong reliance on attention-driven global 
context makes it more sensitive to color and staining disparities across 
institutions. MobileViT, which combines convolutional inductive bi-
ases with lightweight transformer blocks, appears more robust to such 
variability and better able to preserve discriminative local texture 
information.

These results show that although all backbones perform similarly in-
domain, MobileViT is the only architecture that maintains strong 
performance under distributional shift. Its hybrid CNN–Transformer 
design allows it to retain robust local feature extraction while still cap-
turing enough global structure to generalize across imaging conditions. 
This makes it the most reliable choice for multi-center deployment.

4.2.3. Inference efficiency
In addition to segmentation accuracy, the computational efficiency 

of the evaluated backbones was analyzed to assess their practical appli-
cability. Inference time was also measured during GPU forward passes 
using 256 × 256 input tiles. This metric reflects the computational cost 
of each architecture when processing individual tiles during inference.

Table  15 summarizes the average inference time per tile for the 
evaluated stroma segmentation backbones.

4.2.4. Backbone selection
Considering both segmentation performance and computational ef-

ficiency, the MobileViT-based DeepLabV3+ model was selected as 
the final stroma segmentation module for the end-to-end TILs scoring 
pipeline. It achieved the highest cross-domain Dice and IoU with low 
variance across folds while maintaining efficient tile-level inference, 
providing a strong balance between robustness and computational cost.
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4.2.5. Explainability results
Explainability analysis using SegGradCAM [32] was performed on 

the MobileViT-based model. Representative heatmaps in Fig.  8 show 
that the model consistently focuses on stromal structures such as fibrous 
extracellular matrix and elongated fibroblasts. Activation overlays align 
well with ground truth boundaries, indicating that the model relies on 
biologically meaningful features rather than artifacts.

These visualizations confirm the interpretability and reliability of 
the selected backbone for integration into the TILs scoring pipeline.

4.3. TILs quantification module results

This section reports the behavior and performance of the regression 
module responsible for predicting continuous TILs scores from the 
stroma and TILs-inside-stroma binary masks.

4.3.1. Training and convergence behavior
The model was trained for up to 100 epochs using the config-

uration described in Section 3.5. Training and validation curves for 
MAE and MSE showed smooth and parallel convergence, indicating 
stable learning without overfitting. Detailed curves are included in the 
Supplementary Material (Figures S4 & S5).

4.3.2. Quantitative evaluation on validation data
Performance on the held-out validation set was assessed using Mean 

Squared Error (MSE), Mean Absolute Error (MAE), and the coefficient 
of determination (𝑅2). Results are provided in Table  16.

The low MSE (0.003) and MAE (0.033) indicate that predicted 
scores closely match expert annotations. The 𝑅2 value of 0.8977 shows 
that the model explains nearly 90% of the variance in true scores. Fig.  9 
further confirms strong agreement through tight clustering around the 
identity line.

4.3.3. Inference efficiency
In addition to predictive accuracy, the computational efficiency 

of the regression model was evaluated to assess its suitability for 
integration within the proposed pipeline. Inference time was measured 
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Fig. 8.  SegGradCAM visualization of the MobileViT-based DeepLabV3+ model. From left to right: original histopathological image, ground truth mask, 
predicted mask, GradCAM heatmap, overlay on predicted mask, and overlay on the original image. The highlighted regions correspond to areas that most 
strongly influenced the model’s prediction, showing that the model attends to stromal structures consistent with histopathological features.
Table 16
Performance of the TILs regression model on the validation dataset.
 Metric MSE MAE 𝑅2 Score 
 Value 0.003 0.033 0.8977  
Fig. 9. Predicted versus true TILs scores. Each point corresponds to a predicted patch-level score and its ground truth value. The red dashed line represents 
the ideal 𝑦 = 𝑥 relation.
14 
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Table 17
Agreement analysis of the automated TILs scoring pipeline on Subset 1 (60 WSIs) for the best configuration 
(𝑇𝑟 = 0.15, 𝑃95). Continuous agreement metrics (Pearson, Spearman, ICC, CCC) and categorical agreement 
(Cohen’s Kappa) are reported. Best values in bold.
 Reference Pearson Spearman ICC CCC Kappa 
 Pathologist 1 0.785 0.725 0.714 0.711 0.768 
 Pathologist 2 0.691 0.652 0.663 0.659 0.738  
 Mean (1 & 2) 0.784 0.738 0.743 0.740 0.665  
during GPU forward passes using 256 × 256 input tiles containing the 
two-channel binary masks.

The regression network demonstrated highly efficient inference, 
requiring an average of 1.32 ± 0.75 ms per tile. This low compu-
tational cost is expected given the lightweight architecture of the 
network (0.11M parameters) and confirms that the regression stage 
adds minimal overhead to the overall pipeline.

These results indicate that the TILs quantification module can effi-
ciently process large numbers of tiles while maintaining accurate score 
prediction, supporting its applicability in practical digital pathology 
workflows.

4.3.4. Interpretation
Despite using only binary inputs, the regression model achieves 

strong predictive performance because the masks encode all clinically 
relevant information for stromal TILs assessment. The stroma mask 
restricts prediction to the appropriate anatomical compartment, while 
the TILs-inside-stroma mask captures both the density and spatial 
distribution of infiltrating lymphocytes, the primary determinants of 
TILs scoring according to IIOBWG guidelines. Moreover, binary masks 
suppress irrelevant appearance variations (e.g., staining differences or 
illumination changes), reducing noise and improving generalization.

These findings validate the use of a lightweight CNN for regression, 
demonstrating that the model effectively learns the quantitative rela-
tionship between stromal immune infiltration patterns and continuous 
TILs scores.

4.4. Evaluation results

This section reports the performance of the proposed ROI-level TILs 
scoring framework on the two independent datasets described in Sec-
tion 3.1.1. The evaluation includes correlation-based metrics (Pearson, 
Spearman, ICC, CCC) and categorical agreement (Cohen’s Kappa).

4.4.1. Subset 1 (60 WSIs, dual expert assessment)
Subset 1 contains 60 ROIs independently evaluated by two ex-

pert pathologists. The best-performing configuration was obtained at 
𝑇𝑟 = 0.15 and 𝑃95. Although the agreement metrics remained broadly 
consistent across the evaluated threshold and percentile combinations 
(Supplementary Tables S3–S5), this configuration yielded the highest 
overall agreement with the expert reference and was therefore selected 
for reporting. As shown in Table  17, the model achieved strong corre-
lations with both readers, with Pearson values of 0.785 (Pathologist 1) 
and 0.691 (Pathologist 2). Agreement with the averaged reference was 
highest (Pearson 0.784, ICC 0.743, CCC 0.740), indicating that the 
automated scores closely match consensus expert grading.

Substantial categorical agreement was also obtained, with Kappa 
values of 0.768 (Pathologist 1), 0.738 (Pathologist 2), and 0.665 for the 
averaged assessment. These results confirm that the model is consistent 
across both continuous and categorical evaluation perspectives. In ad-
dition, the average end-to-end processing time of the proposed pipeline 
was 𝟏𝟐.𝟗𝟐±𝟐.𝟏𝟒 s per ROI on Subset 1 when executed on a single GPU, 
demonstrating that the framework can perform automated ROI-level 
assessment within a few seconds. Further reductions in processing time 
could be achieved through parallel execution or multi-GPU deployment 
when analyzing large batches of slides.
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Overall, Subset 1 results demonstrate strong agreement with both 
individual and averaged expert assessments, showing that the frame-
work is robust to inter-observer variability and accurately reproduces 
expert scoring trends.

Molecular Subtype Analysis: To further investigate the robustness 
of the proposed framework across different biological contexts, we 
performed a correlation analysis stratified by molecular subtype using 
the averaged reference scores of the two pathologists. The results are 
summarized in Table  18.

For the Luminal A subtype (𝑁 = 27), the automated scores showed 
strong agreement with the expert reference, achieving a Pearson cor-
relation of 0.834 and an ICC of 0.835, indicating a high level of 
consistency between automated and expert assessments.

For Luminal B (HER2±) tumors (𝑁 = 29), moderate correlations 
were observed, with Pearson and Spearman coefficients of 0.632 and 
0.640, respectively. Although agreement metrics were lower compared 
to Luminal A, the results still demonstrate a meaningful relationship 
between automated and expert scoring in this subtype.

For the Triple-Negative subtype (𝑁 = 3), very high correlations 
were obtained (Pearson = 0.972, Spearman = 1.000). However, these 
values should be interpreted with caution due to the limited number of 
available samples in this subset.

Only a single HER2-enriched case was present in Subset 1; therefore, 
a reliable statistical correlation analysis could not be performed for this 
subtype.

Overall, these findings suggest that the proposed framework main-
tains strong agreement with expert assessments across the major molec-
ular subtypes represented in the dataset. However, the distribution of 
molecular subtypes within Subset 1 is not uniform, with Luminal A 
and Luminal B tumors representing the majority of samples (𝑁 = 27
and 𝑁 = 29, respectively), while Triple-Negative and HER2-enriched 
subtypes are underrepresented. Consequently, the strong correlations 
observed for Luminal A tumors provide more reliable evidence of the 
model’s performance in this subtype due to the relatively larger sample 
size.

In contrast, the very high correlation observed for the Triple-
Negative subgroup should be interpreted cautiously, as it is based on 
only three samples, which may artificially inflate correlation metrics. 
Similarly, the presence of only a single HER2-enriched case prevents 
meaningful statistical evaluation for this clinically important subtype. 
These limitations highlight the challenges associated with evaluating 
automated TIL scoring systems on subtype-stratified cohorts, where 
certain molecular subtypes may be sparsely represented.

Nevertheless, the consistent agreement observed in the well-
represented Luminal subtypes suggests that the proposed framework 
captures biologically relevant patterns of stromal lymphocyte infiltra-
tion. Future studies incorporating larger and more balanced subtype 
distributions will be important to further validate the generalizability 
of the model, particularly for subtypes such as HER2-enriched and 
Triple-Negative breast cancer, where TILs assessment has strong 
prognostic and therapeutic relevance.

4.4.2. Subset 2 (112 WSIs, single expert assessment)
Subset 2 provides a larger independent cohort for assessing gener-

alization. The best-performing configuration was 𝑇𝑟 = 0.15 and 𝑃99. 
Although correlation metrics remained relatively stable across the eval-
uated threshold and percentile combinations (Supplementary Table S6), 
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Table 18
Correlation analysis between automated TIL scores and the averaged expert reference across molecular 
subtypes in Subset 1.
 Subtype N Pearson Spearman ICC CCC  
 Luminal A 27 0.834 0.735 0.835 0.829 
 Luminal B (HER2+/-) 29 0.632 0.640 0.492 0.517 
 Triple Negative 3 0.972 1.000 0.847 0.786 
Table 19
Agreement analysis of the automated TILs scoring pipeline on Subset 2 (112 WSIs) for the best config-
uration (𝑇𝑟 = 0.15, 𝑃99). Continuous agreement metrics (Pearson, Spearman, ICC, CCC) and categorical 
agreement (Cohen’s Kappa) are reported.
 Configuration Pearson Spearman ICC CCC Kappa 
 (0.15, 99) 0.814 0.800 0.808 0.807 0.749  
Table 20
Correlation analysis between automated TIL scores and the expert reference across molecular subtypes in 
Subset 2.
 Subtype N Pearson Spearman ICC CCC  
 Luminal A 49 0.704 0.636 0.699 0.694 
 Luminal B (HER2±) 49 0.811 0.772 0.803 0.801 
 HER2-enriched 4 0.666 0.949 0.591 0.536 
 Triple Negative 10 0.770 0.579 0.789 0.768 
this configuration achieved the highest agreement with the expert 
reference and was therefore selected for reporting. As shown in Table 
19, the model achieved high correlations with the expert reference 
(Pearson 0.814, Spearman 0.800, ICC 0.808, CCC 0.807). These values 
are slightly higher than those observed in Subset 1, indicating good 
generalization to unseen tissue and staining variations.

The corresponding categorical agreement is also substantial (Kappa 
0.749), confirming that the best configuration not only maximizes 
numerical correlation but also preserves interpretive consistency in 
category assignments. In addition, the average end-to-end processing 
time of the proposed pipeline on Subset 2 was 15.91 ± 4.75 s per 
ROI when executed on a single GPU. Similar to Subset 1, the runtime 
remains within a few seconds per ROI, and further reductions could be 
achieved through parallel or multi-GPU execution.

In summary, Subset 2 results highlight the model’s strong general-
ization ability, with consistently high correlation and agreement values 
across a larger and heterogeneous dataset.

Molecular Subtype Analysis: Correlation analysis stratified by 
molecular subtype was performed to examine the behavior of the 
proposed framework across different tumor subgroups. The results are 
summarized in Table  20.

For Luminal A tumors (𝑁 = 49), the automated scores showed 
moderate to strong agreement with the expert reference, with Pearson 
and ICC values of 0.704 and 0.699, respectively, indicating consistent 
estimation of stromal TIL levels within this subtype.

Luminal B (HER2±) tumors (𝑁 = 49) exhibited the highest agree-
ment among the evaluated subtypes, achieving Pearson and Spearman 
correlations of 0.811 and 0.772, respectively, together with strong 
ICC (0.803) and CCC (0.801) values. These results suggest particularly 
reliable performance of the pipeline in this subgroup.

For HER2-enriched tumors (𝑁 = 4), moderate correlations were 
observed (Pearson 0.666, ICC 0.591). However, these values should be 
interpreted cautiously due to the limited number of samples available 
for this subtype.

For Triple-Negative breast cancer (TNBC) (𝑁 = 10), strong Pearson 
(0.770) and ICC (0.789) values were obtained, although the Spearman 
correlation was comparatively lower (0.579). Overall, the automated 
scores remained in good agreement with the expert reference within 
this subtype.

Overall, the subtype-stratified analysis in Subset 2 provides a more 
comprehensive evaluation due to the larger cohort size compared with 
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Subset 1. In particular, the Luminal A and Luminal B subtypes are well 
represented (𝑁 = 49 each), allowing a more reliable assessment of 
model behavior within these groups. The strong correlations observed 
for Luminal B tumors, together with the consistent performance in Lu-
minal A cases, suggest that the proposed framework effectively captures 
variations in stromal lymphocyte infiltration across these commonly 
occurring breast cancer subtypes.

The increased number of Triple-Negative cases in this subset (𝑁 =
10) also provides a more informative evaluation compared with Sub-
set 1. The observed Pearson and ICC values indicate good agreement 
with expert assessment, supporting the applicability of the framework 
to this biologically distinct subtype. Nevertheless, the sample size re-
mains relatively modest, and further validation on larger TNBC cohorts 
would be beneficial to confirm the robustness of these findings.

HER2-enriched tumors remain underrepresented (𝑁 = 4), which 
limits the statistical confidence of the corresponding correlation met-
rics. As a result, the performance of the proposed framework in this 
subtype should be interpreted with caution.

Taken together, these results suggest that the proposed pipeline 
demonstrates consistent performance across the major molecular sub-
types represented in the dataset, while also highlighting the importance 
of larger and more balanced subtype distributions to further strengthen 
conclusions regarding subtype-specific generalizability.

4.4.3. Agreement and calibration analysis
A quantitative summary of the numerical agreement and calibration 

results for both evaluation subsets is presented in Table  21. Across the 
two datasets, the model shows small mean biases, acceptable limits of 
agreement, and stable linear calibration behavior. These findings com-
plement the previously reported correlation and categorical agreement 
results and indicate that the system produces reliable and interpretable 
continuous TILs estimates.

To illustrate these findings, the Bland–Altman plots in Fig.  10 show 
the distribution of prediction differences across the range of reference 
scores. Both subsets exhibit modest bias and consistent limits of agree-
ment. The calibration curves in Fig.  11 provide a visual assessment of 
numerical alignment with expert scores, demonstrating a clear linear 
relationship and slightly improved calibration on the larger second 
subset.
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Table 21
Summary of agreement and calibration metrics for both subsets.
 Metric Subset 1 (60 WSIs) Subset 2 (112 WSIs) 
 Bland–Altman Analysis
 Mean Bias (%) −3.93 −2.04  
 95% CI Mean Bias (%) [−6.33, −1.54] [−4.47, 0.38]  
 SD of Differences (%) 9.47 13.07  
 Upper LoA (%) 14.63 23.57  
 Lower LoA (%) −22.50 −27.66  
 Calibration Analysis
 Linear Slope 0.647 0.741  
 Linear Intercept 0.498 1.843  
 𝑅2 (Linear Fit) 0.615 0.663  
 𝑝-value < 0.001 < 0.001  
 
(a) Bland–Altman plot for Subset 1

  
(b) Bland–Altman plot for Subset 2

 

Fig. 10. Bland–Altman analysis of ROI-level TILs predictions for both subsets. Mean biases and limits of agreement (LoA) are shown.
 
(a) Calibration curve for Subset 1

  
(b) Calibration curve for Subset 2

 

Fig. 11. Linear calibration analysis comparing predicted and expert TILs scores. The dashed line indicates perfect calibration; the solid line shows the fitted 
regression.
4.4.4. Ablation study: Hybrid method validation
To assess the contribution of each aggregation component and to 

validate the proposed adaptive selection mechanism, we compared 
four global TILs scoring strategies: (1) global averaging [24], (2) 
stroma-weighted averaging, (3) fixed percentile aggregation, and (4) 
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the proposed hybrid method, which switches between weighted and 
percentile-based scoring depending on infiltration density.

Patch-Level Score Distribution: To empirically validate the in-
tuition described in the methodology — that patch-level TILs scores 
within an ROI are typically highly skewed — we first examined the 
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Fig. 12. Patch-level TILs score distribution across all ROIs in Subset 1. The strong skew toward low infiltration highlights why mean-based aggregation suppresses 
clinically meaningful regions and motivates adaptive percentile-aware strategies.
Table 22
Comparative performance of global TILs scoring methods on Subset 1 (60 WSIs, averaged across two experts).
 Method Pearson Spearman ICC CCC Kappa 
 Global Average [24] 0.782 0.627 0.295 0.293 0.609  
 Stroma-Weighted Average 0.790 0.735 0.282 0.280 0.609  
 Percentile (𝑃95) 0.789 0.640 0.717 0.714 0.542  
 Hybrid (Proposed) 0.784 0.738 0.743 0.740 0.665 
distribution of predicted patch scores across all ROIs in Subset 1. As 
shown in Fig.  12, more than 85%–90% of stromal patches fall within 
the low-infiltration range (≤ 0.1), while only a small fraction exhibit 
moderate or high infiltration. This confirms that the majority of patches 
contribute minimal immune signal, causing mean-based aggregation 
methods to be dominated by low scores. As anticipated, this leads to 
compressed global-score variance and weak absolute agreement metrics 
(ICC, CCC), even when Pearson or Spearman correlations remain rela-
tively high. The observed skewness therefore provides direct evidence 
supporting the need for percentile-aware or hybrid aggregation strate-
gies that give appropriate weight to infiltrated regions. A similar score 
distribution pattern is observed in Subset 2, and the corresponding plot 
is provided in the Supplementary Material (Figure S6).

Subset 1 (60 WSIs) Ablation Results: Table  22 summarizes the 
performance of all four aggregation strategies. Both global averaging 
and stroma-weighted averaging achieved reasonable Pearson correla-
tion (0.782–0.790) but very poor ICC/CCC (≤0.30), confirming that 
mean-based methods fail to capture clinically meaningful agreement. 
The 𝑃95 percentile method substantially improved ICC (0.717) and CCC 
(0.714) but reduced Spearman correlation (0.640).

The hybrid method achieved the most balanced performance across 
all metrics (Pearson 0.784, ICC 0.743, CCC 0.740, Kappa 0.665), out-
performing all baselines and offering a 43% ICC improvement over 
global averaging and a further gain over the percentile method. These 
results demonstrate that adaptively emphasizing infiltrated patches 
yields stronger agreement with expert assessment than any fixed ag-
gregation rule.

Subset 2 (112 WSIs) Ablation Results: Results on the larger inde-
pendent dataset (Table  23) closely mirrored the findings on Subset 1. 
Both averaging methods again showed good correlation (0.771–0.786) 
but extremely weak ICC/CCC (≤0.26). The percentile method (𝑃99) sub-
stantially improved agreement (ICC 0.704), but categorical agreement 
(Kappa 0.264) remained unstable.

The hybrid method once more provided the strongest and most 
stable performance across all metrics (Pearson 0.814, ICC 0.808, CCC 
0.807, Kappa 0.749). Notably, it achieved a 227% improvement in ICC 
over global averaging and a 218% improvement over stroma-weighted 
averaging, while also outperforming the percentile method.

Comprehensive Interpretation: Across both datasets, mean-based 
methods consistently failed to achieve acceptable absolute agreement, 
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confirming that correlation alone is insufficient for clinically reliable 
scoring. Percentile aggregation improved ICC/CCC but showed instabil-
ity across datasets. Only the hybrid method achieved consistently high 
correlation, strong absolute agreement, and robust categorical align-
ment. These findings validate that adaptive weighting — guided by 
the distribution of local infiltration — is essential for reliable ROI-level 
TILs quantification. The Subset 2 patch-distribution plot supporting this 
conclusion is provided in the Supplementary Material.

4.5. Comparison with state-of-the-art method

To further evaluate the effectiveness of the proposed framework, 
we compared its performance with the method introduced by Kim 
et al. [24]. For a consistent and fair comparison, the method described 
in [24] was reimplemented and applied to our in-house datasets, using 
the same ROI inputs and evaluation metrics as those used for the 
proposed framework.

Performance was assessed using correlation analysis for continuous 
TILs-score predictions and Cohen’s Kappa coefficient for discretized 
infiltration categories on Subsets 1 and 2. Subset 1 contains indepen-
dent visual TILs assessment from two expert raters, whereas Subset 2 
includes visual scores from a single expert pathologist.

For the proposed framework, global TILs scores were computed 
using the parameter configurations identified as optimal in the previous 
sections: 𝑇𝑟 = 0.15, 𝑃95 for Subset 1 and 𝑇𝑟 = 0.15, 𝑃99 for Subset 2. The 
comparative results are summarized in Table  24.

As shown in Table  24, the proposed framework consistently
achieves higher agreement with expert assessments across both
datasets. On Subset 1, the proposed method obtained a Pearson cor-
relation of 0.784 compared with 0.534 for the baseline, while the 
categorical agreement improved from a Kappa value of 0.333 to 0.665. 
Similarly, on Subset 2 the proposed framework achieved Pearson and 
Kappa values of 0.814 and 0.749, respectively, compared with 0.358 
and 0.191 for the baseline approach.

These improvements can be attributed to several design compo-
nents of the proposed pipeline. The active-learning–driven refinement 
of the TILs segmentation module improves the quality of lympho-
cyte detection and reduces annotation inconsistencies. In addition, 
the regression-based quantification module enables continuous estima-
tion of stromal TILs density, while the hybrid aggregation strategy 
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Table 23
Comparative performance of global TILs scoring methods on Subset 2 (112 WSIs with single expert assessment).
 Method Pearson Spearman ICC CCC Kappa 
 Global Average [24] 0.786 0.768 0.247 0.246 0.637  
 Stroma-Weighted Average 0.771 0.797 0.254 0.252 0.637  
 Percentile (𝑃99) 0.810 0.768 0.704 0.703 0.264  
 Hybrid (Proposed) 0.814 0.800 0.808 0.807 0.749 
Table 24
Comparative performance of Global TIL-score quantification methods.
 Dataset Method Pearson Spearman ICC CCC Kappa 
 Subset 1 Kim et al. [24] 0.534 0.240 0.252 0.249 0.333  
 Proposed 0.784 0.738 0.743 0.740 0.665 
 Subset 2 Kim et al. [24] 0.358 0.334 0.114 0.113 0.191  
 Proposed 0.814 0.800 0.808 0.807 0.749 
 

used to derive ROI-level scores from patch-level predictions enhances 
robustness to heterogeneous spatial distributions of immune cells.

4.5.1. Discussion and clinical adaptability
The proposed TILs scoring pipeline consistently demonstrated strong

quantitative and categorical agreement with independent assessments 
from dual experts and single-expert evaluations. The best-performing 
configurations—(𝑇𝑟 = 0.15, 𝑃95) for Subset 1 and (𝑇𝑟 = 0.15, 𝑃99)
for Subset 2—achieved Pearson correlations above 0.78, ICC values 
exceeding 0.74, and Kappa scores within the substantial agreement 
range (0.65 < 𝜅 < 0.80).

Although the optimal percentile parameter differed slightly between 
the two evaluation subsets, the correlation metrics remained relatively 
stable across the tested parameter combinations (see Supplementary 
Tables S3–S6). This observation indicates that the pipeline is not highly 
sensitive to the exact percentile choice. In practice, the percentile 
parameter primarily controls how strongly the scoring emphasizes the 
highest TIL-density regions within a slide. Selecting a higher percentile 
therefore prioritizes the most inflamed stromal areas, which are often 
the regions of greatest biological relevance. Consequently, using a high 
percentile value (e.g., 𝑃95–𝑃99) provides a practical and robust choice 
for deployment.

In contrast, the density threshold parameter 𝑇𝑟 plays a more crit-
ical role in determining the scoring strategy. This parameter con-
trols the transition between the weighted-average aggregation and 
the percentile-based aggregation of patch scores. By evaluating the 
proportion of patches with elevated TIL density, the threshold effec-
tively determines whether a slide exhibits sufficiently dense immune 
infiltration to justify emphasizing high-intensity regions. As a result, 𝑇𝑟
governs how the pipeline highlights biologically meaningful areas with 
high lymphocyte concentration and therefore represents the key param-
eter that may require modest dataset-specific tuning when adapting the 
pipeline to new clinical cohorts.

These results confirm that the proposed pipeline can reproduce 
expert-level TILs scoring with high reliability across various datasets. 
The correlation and Kappa consistency between subsets further sup-
ports the pipeline’s adaptability to varying tissue heterogeneity and 
staining conditions.

From a clinical perspective, the pipeline offers several advantages:

• Automation: The pipeline automates TILs quantification from 
histopathological images, effectively reducing human subjectivity 
and inter-observer bias inherent in visual scoring. By replacing 
manual assessment with objective computational analysis, it pro-
vides consistent, reproducible scoring independent of individual 
pathologist expertise or fatigue.
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• Adaptability: The inclusion of configurable parameters (𝑇𝑟, 𝑃𝑥) 
allows the pipeline to be adapted to different staining conditions, 
tissue preparation protocols, or dataset characteristics without 
requiring model retraining. In practical deployment, the density 
threshold 𝑇𝑟 serves as the primary parameter controlling the sensi-
tivity to high TIL-density regions, while the percentile parameter 
can typically be set to a high value (e.g., 𝑃95–𝑃99) to consistently 
capture the most inflamed stromal areas.

• Scalability: While the pipeline currently operates on expert-
defined ROIs, its modular architecture enables future extension to 
slide-level analysis. Once automated ROI selection methods are 
developed following IIOBWG guidelines (as outlined in Future 
Work), the patch-based aggregation framework can be applied 
systematically across entire slides, enabling high-throughput anal-
ysis of large histopathological datasets. This would transform 
TILs quantification from a labor-intensive manual process to a 
scalable, automated workflow suitable for multicenter studies and 
clinical trials.

Overall, the strong alignment with expert assessments and stable 
performance across independent datasets demonstrate that the pro-
posed modular pipeline provides a reproducible, interpretable, and 
clinically adaptable solution for automated TILs quantification in breast 
cancer pathology. The pipeline’s ability to balance correlation strength 
with absolute agreement — as demonstrated in the ablation study — 
positions it as a reliable tool for supporting pathologists in routine 
practice and facilitating the integration of artificial intelligence into 
digital pathology workflows.

5. Limitations

Although the proposed pipeline demonstrates strong performance 
and produces clinically meaningful outputs, several limitations should 
be acknowledged from both technical and pathological perspectives.

First, the dataset used for training the TILs segmentation module 
remains relatively modest in size. Detailed cell-level annotation is 
time-consuming and requires sustained expert involvement. Although 
the active learning strategy improved annotation quality and reduced 
false detections, some inaccuracies persist in challenging regions where 
lymphocytes cluster densely or where tissue structures introduce visual 
ambiguity. These local segmentation errors can lead to small variations 
in the derived TILs-in-stroma mask. Representative examples are visible 
in the explainability analysis (Fig.  7), where certain structures occa-
sionally receive spurious activations. Nevertheless, the regression and 
aggregation components of the pipeline demonstrated robustness, and 
the resulting ROI-level scores remained stable. Expanding annotated 
datasets and incorporating semi-supervised learning or multi-observer 
annotations could further improve detection robustness.
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Second, while the stroma segmentation module generalized well 
across datasets, occasional over- or under-segmentation occurs at stro-
mal boundaries. Such boundaries can be difficult to delineate even 
for experienced pathologists due to variability introduced by fibro-
sis, tumor subtype, or inflammatory processes. These deviations may 
slightly affect the stroma–TILs intersection mask used during TIL quan-
tification. Despite this, the system consistently captured the dominant 
spatial patterns within each ROI, and the impact on final scoring was 
limited. Future improvements could include multi-scale modeling, im-
proved stain normalization, or domain adaptation techniques to further 
enhance boundary consistency.

Third, the reference scores used for ROI-level evaluation were gen-
erated by two experienced breast cancer pathologists. Although their 
independent assessments provide a strong reference standard, a larger 
and more diverse panel of experts would allow a more comprehen-
sive characterization of inter-observer variability, which is an inherent 
challenge in manual TILs scoring. Incorporating consensus-based an-
notations or pathologist-in-the-loop refinement strategies could further 
strengthen the reliability of reference labels.

Fourth, the Bland–Altman analysis (Fig.  10) revealed a slight com-
pression of the predicted score range, particularly for highly infil-
trated regions. This type of pattern is commonly observed in biological 
datasets with skewed distributions dominated by low-infiltration sam-
ples. Although this effect did not substantially affect the observed 
agreement and correlation metrics, improved calibration strategies or 
distribution-aware regression losses may help preserve finer variability 
in predicted scores.

From a data generalization perspective, the evaluation included an 
independent hold-out cohort (Subset 2); however, both subsets orig-
inated from the same institutional setting. Consequently, the current 
validation represents internal validation across unseen patient samples 
rather than true multi-center validation. Differences in staining proto-
cols, scanner characteristics, and patient populations across institutions 
may influence model performance. Future studies should therefore 
assess the proposed framework using multi-institutional datasets to 
further confirm its robustness.

Another limitation concerns the use of expert-defined regions of 
interest (ROIs) rather than fully automated whole-slide image (WSI) 
analysis. In this study, ROIs were manually identified according to 
IIOBWG guidelines to ensure that the analyzed areas contained repre-
sentative tumor-associated stroma. While this approach reflects current 
clinical practice for TILs assessment, it does not represent a fully 
automated end-to-end workflow. A complete WSI-level pipeline would 
require an additional module to identify informative tumor-associated 
stromal regions automatically. These automatically detected ROIs could 
then be processed by the proposed pipeline, followed by aggregation 
of ROI-level predictions to derive a slide-level TILs score. Variability 
in ROI detection or automated region selection could influence the 
final TILs estimates, and integrating robust ROI detection and slide-
level aggregation strategies represents an important direction for future 
work.

Finally, the dataset used in this study originates from a limited 
number of institutions. Although augmentation strategies were used to 
simulate staining and acquisition variability, such techniques cannot 
fully replicate the diversity encountered in real multi-center clinical en-
vironments. Broader validation across additional laboratories, staining 
protocols, and imaging devices will therefore be necessary to further 
support clinical translation.

In summary, these limitations highlight several opportunities for 
continued development. Despite these constraints, the proposed
pipeline achieved strong agreement with expert scoring, demonstrated 
robust generalization to independent internal validation data, and 
provided interpretable outputs at each stage of the analysis. Expanding 
data diversity, improving segmentation robustness, and conducting 
larger multi-center validation studies represent important next steps 
toward clinical deployment.
20 
6. Conclusion & future work

In this study, we addressed the challenge of producing consistent 
and clinically meaningful stromal TILs scores in breast cancer H&E 
slides by developing a modular deep learning pipeline aligned with 
IIOBWG recommendations. The system integrates three complemen-
tary components: a TransUNet-based TILs segmentation model, an 
SE-enhanced DeepLabV3+ stroma segmentation module, and a regres-
sion model guided by an adaptive aggregation strategy. The use of 
unified preprocessing, targeted augmentation, and ROI-level active 
learning allowed the TILs module to focus on ambiguous or diffi-
cult regions, while SegGradCAM visualizations demonstrated that the 
model consistently attends to morphologically meaningful lymphocyte 
patterns. Likewise, the stroma module showed stable behavior across 
both public and private datasets, with explainability analyses con-
firming that relevant stromal boundaries were reliably identified. To 
translate these patch-level insights into clinically interpretable ROI-
level scores, we introduced a percentile-weighted aggregation approach 
tailored to the skewed distribution of TILs infiltration, where only 
a minority of patches carry significant biological signal. Across two 
independent cohorts, the full pipeline achieved strong correlation, sub-
stantial agreement, and minimal numerical bias relative to expert 
pathologists. The modular design and transparent intermediate out-
puts offer practical advantages, supporting pathologist review, quality 
control, and integration into existing diagnostic workflows.

Future work will focus on extending the pipeline toward a fully au-
tomated whole-slide workflow, allowing the system to identify tumor-
rich regions and select diagnostically relevant stromal areas without 
manual intervention. Strengthening generalizability will also require 
larger and more diverse multi-center datasets that capture real vari-
ations in staining, scanners, and laboratory workflows. In parallel, 
expanding the reference panel to include more pathologists would help 
refine the clinical ground truth and reduce inter-observer uncertainty. 
Beyond technical improvements, future work will investigate how au-
tomated TILs scores relate to treatment response and patient outcomes, 
paving the way for integration into prognostic or therapy-guidance 
models.
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