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 A B S T R A C T

The tumor microenvironment (TME) plays a pivotal role in immuno-oncology, influencing cancer progression 
and treatment outcomes. Among its components, stromal tumor-infiltrating lymphocytes (sTILs) represent 
important prognostic and predictive biomarkers in breast cancer. However, visual assessment of sTILs is 
complex, time-consuming, and subject to inter-observer variability. To address these challenges, we propose 
an AI-based framework for sTILs quantification in hematoxylin and eosin (H&E)-stained breast cancer 
histopathological images across different molecular subtypes, in accordance with the recommendations of 
the International Immuno-Oncology Biomarker Working Group (IIOBWG). The framework integrates two 
parallel and explainable segmentation models trained on multi-center data: an attention-based model for TILs 
detection and a stroma segmentation model designed to identify both tumoral and infiltrated stromal regions 
as a unified clinically relevant compartment. The resulting segmentation outputs are combined through a 
scanner resolution-aware quantification algorithm, enabling robust sTILs scoring across data acquired from 
different scanners and institutions. The proposed framework was externally validated on two independent 
private datasets comprising 60 and 112 whole-slide images with expert-annotated Region Of Interests (ROIs). 
Strong agreement with expert pathologist scoring was achieved (Pearson correlation up to 0.73; Concordance 
Correlation Coefficient (CCC) up to 0.72), and the framework consistently outperformed state-of-the-art 
approaches when evaluated on the same data. These results demonstrate that the proposed framework provides 
a reliable, efficient, and scalable solution for standardized sTILs quantification, supporting its potential utility 
in both clinical practice and translational research.
1. Introduction

Breast cancer (BC) remains a leading cause of cancer-related mor-
bidity and mortality worldwide, accounting for a significant proportion 
of neoplastic diagnoses and deaths annually [1–4]. This disease is 
characterized by its complexity and heterogeneity, presenting unique 
challenges in diagnosis, treatment, and prognosis. Beyond the intrinsic 
properties of tumor cells, the tumor microenvironment (TME) plays a 
pivotal role in shaping disease progression, metastasis, and response to 
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therapy [5,6]. The TME consists of a diverse range of non-cancerous 
components, including immune cells, stromal cells, blood vessels, and 
the extracellular matrix. Together, these elements create a dynamic 
ecosystem that interacts with tumor cells, influencing their behavior 
and modulating the effectiveness of therapeutic interventions [7,8].

Among the various components of the TME, tumor-infiltrating lym-
phocytes (TILs) have garnered considerable attention due to their criti-
cal role in cancer biology. TILs, primarily composed of T cells, represent 
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the host immune response to malignancies and infiltrate both tumor 
tissue and the surrounding stroma. Through complex interactions with 
cancer cells and other components of the TME, TILs significantly in-
fluence tumor behavior and disease progression. Their presence and 
activity are particularly relevant in BC, where they have been shown 
to affect tumor growth, metastasis, and improve patient outcomes [9].

In BC, TIL infiltration is most strongly associated with two molecu-
lar subtypes: triple-negative breast cancer (TNBC) and human epider-
mal growth factor receptor 2 (HER2)-positive BC. In TNBC, which lacks 
expression of estrogen, progesterone, and HER2 receptors, high levels 
of stromal TILs correlate with improved responses to chemotherapy 
and enhanced overall survival [10]. Similarly, in HER2-positive breast 
cancer, stromal TILs serve as favorable prognostic biomarkers, partic-
ularly in patients receiving anti-HER2 therapies [11]. These findings 
underscore the clinical relevance of sTILs as biomarkers capable of 
informing therapeutic decision-making.

Quantification of sTILs provides valuable prognostic and predic-
tive insights, enabling clinicians to stratify patients according to their 
immune response and tailor treatment strategies accordingly. A high 
density of TILs within the stromal compartment is generally associated 
with a more robust anti-tumor immune response, improved tumor con-
trol, and a greater likelihood of therapeutic success [12]. Consequently, 
sTILs assessment has become an integral component of contemporary 
oncology practice, guiding immunotherapy and chemotherapy deci-
sions. Moreover, sTILs quantification has emerged as an important 
biomarker in clinical trials, facilitating patient selection and monitoring 
the efficacy of immune-based therapies [13].

Despite its clinical importance, visual quantification of sTILs by 
pathologists presents several challenges. This manual process requires 
examination of H&E-stained whole-slide images (WSIs) within regions 
strictly defined by international guidelines [11] to assess the density 
and spatial distribution of lymphocytes. Variability in staining quality, 
tumor morphology, and tumor biology, which contributes to hetero-
geneity in the immune response surrounding the tumor, as well as 
inter- and intra-observer subjectivity among pathologists, can lead to 
inconsistent assessments by human eye and raise concerns regard-
ing reliability [11]. Furthermore, the labor-intensive nature of this 
task imposes a substantial workload on pathologists, potentially de-
laying clinical decision-making and increasing the risk of diagnostic 
errors [14].

These challenges underscore the need for standardized, objective, 
and reproducible methods for evaluating sTILs. Recent advances in 
digital pathology and artificial intelligence (AI) provide promising so-
lutions by enabling automated and quantitative assessment of sTILs. By 
overcoming the limitations of manual evaluation, AI-based approaches 
have the potential to enhance the reliability and efficiency of sTILs 
quantification, paving the way for more precise and personalized breast 
cancer management.

The main contributions of this study can be summarized as follows:

• We propose a comprehensive AI-based framework for automated 
sTILs quantification in H&E-stained breast cancer whole-slide 
images, designed to be applicable across all major molecular 
subtypes.

• The framework integrates two specialized segmentation path-
ways: an attention-based model for accurate TILs detection and 
a dedicated stroma segmentation model capable of jointly identi-
fying tumoral and infiltrated stromal regions in accordance with 
IIOBWG guidelines.

• We introduce a scanner resolution-aware sTILs quantification 
algorithm that incorporates scanner-specific metadata to provide 
consistent and comparable sTILs estimates across images acquired 
with different scanning resolutions and hardware.

• To enhance robustness and scanner invariance, extensive data 
augmentation strategies — including geometric, color, stain-like, 
elastic deformation, and resolution-scaling augmentations — are 
applied during training to account for inter-scanner, inter-
institutional, and staining variability.
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• The segmentation models are trained using multi-institutional 
public datasets and are externally validated on independently 
collected in-house datasets, demonstrating strong generalization 
beyond the training domain.

• The proposed framework supports flexible deployment at multiple 
spatial scales, enabling sTILs quantification on ROIs chosen by 
pathologists within the same whole-slide image.

• Finally, model interpretability is enhanced through the integra-
tion of SegGrad-CAM [15], providing visual explanations for both 
TILs and stroma segmentation outputs and supporting transparent 
clinical interpretation.

The remainder of this paper is organized as follows. Section 2 
presents a review of related work on sTILs quantification. Section 3 
describes the materials and methods, including the datasets and the 
proposed AI-based framework pipeline. The experimental results are 
presented and discussed in Section 4. Finally, Section 5 summarizes the 
main limitations of the study, while Section 6 outlines the conclusion 
and directions for future research.

2. Related work

sTILs have been recognized as prognostic markers, particularly 
in aggressive subtypes of BC. The International Immuno-Oncology 
Biomarker Working Group (IIOBWG) on BC established standardized 
guidelines for evaluating sTILs [11], emphasizing their prognostic 
value in clinical practice. According to these guidelines, patients are 
categorized into three groups based on their sTILs scores: low immune 
infiltrate response, with scores ranging from 0% to less than 10%; 
moderate immune infiltrate response, with scores ranging from 10% to 
less than 40%; and high immune infiltrate response, with scores ranging 
from more 40%.

Several studies have demonstrated that a higher percentage of sTILs 
is associated with better outcomes in TNBC and HER2-positive cases. 
For example, Denkert et al. [16] showed that sTILs levels correlate 
with pathological complete response (pCR) rates following neoadjuvant 
chemotherapy.

Immunotherapies, such as immune checkpoint inhibitors, have fur-
ther highlighted the role of sTILs as predictive biomarkers [17]. Pa-
tients with high sTILs levels exhibit stronger responses to immune-
based therapies [18]. Thus, sTILs quantification is pivotal for stratifying 
patients and making therapeutic decisions.

Manual sTILs assessment remains the gold standard, but it poses 
significant drawbacks, including inter- and intra-observer discrepan-
cies, as well as the time-consuming nature of the process. Addition-
ally, variability in slide quality and tumor heterogeneity contribute to 
inconsistent evaluations [11]. Moreover, visual quantification is time-
consuming because it requires pathologists to analyze numerous slides 
with high precision [19]. These challenges necessitate the development 
of automated methods to standardize and expedite the assessment of 
sTILs.

Advancements in digital pathology and artificial intelligence (AI) 
have paved the way for the automated quantification of sTILs.
Bankhead et al. [20] present QuPath, an open-source, extensible soft-
ware platform for digital pathology and whole-slide image analy-
sis, offering tools for tumor identification, biomarker evaluation, and 
customizable workflows that can also support TILs assessment. F. 
Klauschen et al. [19] explored the idea of using AI-based systems to 
analyze whole slide images (WSIs) to detect and quantify lymphocytic 
infiltration in tumor and stromal regions.

Automated systems to be clinically viable must align with estab-
lished guidelines. IIOBWG has emphasized the need for validation of 
AI tools against visual assessments by expert pathologists [11]. In this 
context, Thagaard, Broeckx et al. [21] critically reviewed current ML-
based approaches for TILs assessment in BC, highlighting both their 
potential and the pitfalls — such as false-positive detections, technical 
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slide issues, and validation challenges — that must be addressed before 
reliable computational TILs reporting can be incorporated into clinical 
practice.

Research findings of A. Heindl et al. [22] have reported that AI-
assisted quantification can enhance the consistency and reproducibility 
of sTILs scoring, facilitating broader adoption in clinical practice. A 
study by J. Saltz et al. [23] employed convolutional neural networks 
(CNNs) to analyze TILs in BC, showing that AI models can achieve high 
concordance with pathologists’ evaluations. This automated system also 
enables the analysis of larger regions of interest, thereby reducing the 
risk of missing subtle patterns of immune infiltration.

Makhlouf et al. [24] developed a deep learning framework for 
quantifying both tumoral TILs (tTILs) & sTILs in luminal BC. The 
framework utilized the UNet [25] model for tumor and stroma area 
region segmentation and the HoVer-Net [26] model for immune cell 
segmentation. The models were trained on their own dataset and 
evaluated on 300 cases. However, this study was limited to luminal 
B and lacked validation across other molecular subtypes, restricting its 
broader clinical applicability.

Additionally, Choi et al. [27] developed a deep learning framework 
for evaluating sTILs in BC and enhancing therapeutic response predic-
tion. The framework comprised two models: a Faster R-CNN [28] with 
a ResNet-34 backbone for detecting tumor and lymphocyte cells, and 
DeepLabv3 [29] with an EfficientNet-B3 backbone for tissue segmenta-
tion. The models were trained and evaluated on a dataset of 402 slides. 
The evaluation have been done by comparing the framework’s perfor-
mance against the average scores of three pathologists. However, the 
framework’s generalizability remains uncertain due to the absence of 
external validation on independent datasets or diverse clinical settings, 
which is critical for real-world applicability.

While Yosofvand et al. [30] proposed a two-stage deep learn-
ing framework for automated detection and scoring of sTILs in BC 
histopathology slides. The first stage employed a U-Net [25] model for 
stroma segmentation, while the second stage utilized Mask R-CNN [31] 
with a ResNet-101 backbone for TILs detection. The framework was 
developed and evaluated using a dataset of 63 slides, which were 
utilized for both training and evaluation. However, the reported high 
accuracy may reflect overfitting to the specific dataset rather than true 
generalizability, since the same slides were used for both training and 
evaluation without independent external validation.

Moreover, Kim et al. [32] developed a self-supervised learning 
framework for TILs scoring, training SimCLR [33] and SwAV [34] 
models on large-scale pathological datasets from different organs [26,
35–45] to pre-train encoder weights, instead of relying on ImageNet-
pretrained weights. These pre-trained encoders were transferred to 
downstream models for tissue segmentation using DeepLabv3 [29] 
and lymphocyte detection using U-Net [25], with the encoder weights 
frozen during training. The framework was trained and evaluated using 
the publicly available TIGER challenge datasets, and TILs scores were 
calculated based on feature maps generated from tissue segmentation 
and lymphocyte detection outputs. However, this approach has two key 
limitations: (1) the evaluation using uniformly resized WSIs (256 × 256 
pixels) leads to significant information loss, potentially making the 
reported scores misleading compared to the original WSI-level ground 
truth; and (2) the exclusive reliance on public benchmark data without 
external validation raises concerns about clinical applicability across 
diverse real-world datasets.

Recently, Liu et al. [46] proposed MuTILs, a concept bottleneck 
neural network that jointly performs lymphocyte detection and tumor-
associated stroma segmentation in line with IIOBWG guidelines. The 
model was developed and evaluated on the PanopTILs dataset, a large 
region- and cell-level annotation resource that includes over 800,000 
nuclei from BC patients. MuTILs demonstrated strong performance for 
both tasks and introduced interpretability through concept bottlenecks, 
making it clinically relevant for TILs assessment. However, the study 
considered only HER2-positive and TNBC subtypes, without covering 
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the full range of molecular subtypes, and its validation was limited to 
public datasets, which may restrict generalizability.

To address the limitations identified in previous studies — includ-
ing restricted molecular subtype coverage, limited external validation, 
disregarding to the characteristics of various scanners, and the lack of 
transparent interpretability — we propose a robust AI-based framework 
for comprehensive sTILs quantification in breast cancer. Our approach 
combines precise TILs and stoma segmentation, scanner resolution-
aware quantification, extensive augmentation for scanner and stain 
invariance, and systematic external validation on independent multi-
center datasets. By integrating explainability through SegGrad-CAM 
and enabling multi-scale analysis across ROIs and whole-slide images, 
the proposed framework aims to provide a standardized, reproducible, 
and clinically relevant solution that overcomes key shortcomings of 
existing automated sTILs assessment methods.

3. Materials and methods

3.1. Data description

In this study, we employed two datasets: a publicly available dataset 
for model training and a private dataset for external validation. A 
detailed description of both datasets is provided in the following sub-
sections.

3.1.1. Public data
As the initial step in model development, we employed the publicly 

available PanopTILs dataset [47] for training.1 PanopTILs represents 
a unique large-scale resource that integrates and extends two existing 
datasets, BCSS [48] and NuCLS [49], to support in-depth analysis of 
the TME in WSIs of H&E-stained BC tissue. The dataset provides com-
prehensive annotations, including histologic region boundaries, nuclear 
locations, nuclear classification labels, and segmentation boundaries, 
thereby enabling panoptic segmentation of tissue and nuclei. Such an 
integrated representation is particularly valuable for the study of TILs, 
as it aligns with established clinical guidelines and allows the devel-
opment of deep learning models that produce biologically meaningful 
and clinically relevant predictions.

The PanopTILs dataset encompasses the Cancer Genome Atlas
(TCGA) invasive BC cases collected from 151 patients across multiple 
hospitals, covering a total of 1709 annotated ROIs and 814,886 nuclei. 
Each ROI is provided at a size of 1024 × 1024 pixels with 0.25 μm
per pixel, corresponding to a 40× magnification in standard digital 
pathology practice. For each ROI, a paired RGB image and a three-
channel segmentation mask are provided. The first channel encodes 
histologic region segmentation, including categories such as cancerous 
epithelium, tumoral stroma, TILs dense regions, and other tissue struc-
tures. The second channel contains nuclear-level annotations, covering 
a broad range of cell types, including cancer, stromal, lymphocyte, 
and plasma cell nuclei. The third channel provides a binary map high-
lighting nuclear boundaries, which supports the accurate delineation 
of individual nuclei. This comprehensive annotation structure ensures 
that all relevant elements within the tumor microenvironment are 
exhaustively represented.

PanopTILs combines both region-level and nucleus-level annota-
tions from the same areas of tissue, which makes it a consistent and 
reliable dataset for studying the tumor microenvironment. Its large 
size and detailed annotation make PanopTILs especially valuable for 
training deep learning models. In this study, models were trained for 
two main tasks: detecting and segmenting TILs, and segmenting stromal 
regions.

1 https://sites.google.com/view/panoptils/home

https://sites.google.com/view/panoptils/home
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Fig. 1. Distribution of patient samples in the first private validation subset according to molecular subtype and sTILs score category.
3.1.2. Private data
The private dataset was prepared collaboratively by the Molecu-

lar Biology and Research Section and the Pathology Department of 
Hospital de Tortosa Verge de la Cinta, IISPV, URV (Tortosa, Spain), 
following the methodology described in [50]. These data were used 
exclusively for external validation of the proposed framework and were 
not involved in model training.

The private dataset comprises three independent subsets, each de-
signed to evaluate a specific aspect of the framework, including gen-
eralizability across molecular subtypes and robustness to scanner vari-
ability.

Subset 1: The first subset consists of 60 H&E-stained whole-slide 
images (WSIs) from BC patient samples covering different molecular 
subtypes, namely Luminal A, Luminal B, HER2-positive, and triple-
negative breast cancer (TNBC). These data were used for model eval-
uation and external validation of the complete framework. All slides 
were digitized using a 3DHISTECH Panoramic scanner at a resolution of 
0.2433 μm/px to ensure high-quality imaging for quantitative analysis.

For each slide, a team of expert pathologists annotated the tumor-
dominant region of interest (ROI). Within each ROI, lymphocytes and 
plasma cells were annotated separately; both cell types were considered 
as TILs for the purpose of sTILs quantification. In addition, tumoral and 
infiltrated stroma regions, tumor areas, and other tissue structures such 
as glands, fibroblasts, and necrotic regions were carefully delineated. 
All annotations were performed using QuPath and stored in GeoJSON 
format for subsequent preprocessing.

The sTILs score for each ROI was independently and blindly assessed 
by two expert pathologists, and the average of their evaluations was 
used as the reference standard for validation. Based on these reference 
scores, ROIs were categorized into low, moderate, and high immune 
infiltrate groups according to the Salgado criteria [11] described in 
Related Work section. The distribution of patient samples across molec-
ular subtypes and sTILs score categories for this subset is shown in Fig. 
1.

Subset 2: The second subset includes 112 H&E-stained WSIs from 
BC patient samples representing the same molecular subtypes (Luminal 
A, Luminal B, HER2-positive, and TNBC). All slides were scanned using 
a 3DHISTECH Panoramic scanner at a resolution of 0.2433 μm/px.

In this subset, ROIs were annotated using SlideMaster, with annota-
tions stored in XML format. The sTILs score for each ROI was visually 
assessed by a single expert pathologist and considered as the ground 
truth for external framework evaluation. The distribution of patient 
samples by molecular subtype and sTILs score category is presented in 
Fig.  2.

Subset 3: The third subset consists of 50 H&E-stained WSIs from 
breast cancer patient samples and was specifically designed to as-
sess the scanner invariance of the proposed framework. Slides in this 
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subset were digitized at two different institutions using whole-slide 
imaging systems from distinct vendors: a 3DHISTECH Panoramic 250 
Flash III scanner (3DHISTECH Ltd., Hungary) with a spatial resolution 
of 0.2433 μm/px at Hospital de Tortosa Verge de la Cinta, IISPV, 
URV (Tortosa, Spain), and a Hamamatsu NanoZoomer 2.0 HT scanner 
(model C9600; Hamamatsu Photonics, Japan) with a spatial resolution 
of 0.227 μm/px at Université Bourgogne, Dijon, France.

For each case, the same tumor-dominant ROI was identified and 
consistently annotated across scanners, with annotations stored in Geo-
JSON format. The corresponding sTILs score was visually assessed by 
an expert Pathologist and used as the reference standard for evaluation. 
This subset enables a systematic assessment of the robustness of the pro-
posed framework to variations in scanner hardware, spatial resolution, 
and institutional acquisition settings, which is a critical requirement for 
real-world clinical deployment.

3.2. Data preprocessing

3.2.1. Public data
A consistent preprocessing pipeline was applied to the public dataset 

for both tasks, namely TILs segmentation and stromal binary segmenta-
tion. Given that the provided ROI annotations consist of three-channel 
masks, task-specific binary masks were generated by selecting and 
merging relevant annotation classes.

For the TILs segmentation task, the second channel of the ROI 
masks, which contains nuclear-level annotations, was processed by 
extracting lymphocyte and plasma cell classes only. These two cell 
types were subsequently merged and converted into a single binary 
mask representing TILs.

For the stroma segmentation task, the first channel of the ROI 
masks, which encodes region-level tissue annotations, was used. Guided 
by an expert pathologist, the tumoral stroma and TILs-dense region 
labels were selected and merged into a single stromal category. This 
merging strategy was adopted to represent the stromal compartment 
as a whole, since both tumoral and inflamed stroma constitute clini-
cally relevant microenvironmental regions that are difficult to separate 
reliably in an automated segmentation setting. Binary masks were then 
generated accordingly for all ROIs.

To address cases of touching or overlapping nuclei in the TILs 
masks, a watershed-based separation strategy was applied. Specifically, 
the watershed algorithm was implemented on the distance transform of 
the inverted binary masks, with minima imposition used to suppress 
shallow local minima. This procedure effectively separated adjacent 
or overlapping nuclei, resulting in improved delineation of individual 
cells. Following watershed refinement, the total number of detected 
TILs increased from 166,119 to 191,894, corresponding to an additional 
25,775 TILs that were previously merged in the raw masks. A quantita-
tive comparison of TILs counts before and after watershed segmentation 
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Fig. 2. Distribution of patient samples in the second private validation subset according to molecular subtype and sTILs score category.
Table 1
Number of detected TILs before and after applying watershed-based 
separation at the ROI level.
 Number of TILs 
 Before watershed segmentation 166,119  
 After watershed segmentation 191,894  
 Difference 25,775  

at the ROI level is summarized in Table  1, while a schematic illustration 
of the watershed procedure is provided in the supplementary material 
(Figure S1).

For both segmentation tasks, the dataset was split into 80% for 
training and 20% held out for testing, with the split performed at the 
hospital level to prevent data leakage. Specifically, all ROIs originating 
from the same hospital were assigned exclusively to either the training 
or testing set, ensuring that ROIs from the same patient cohort or 
acquisition center did not appear in both sets. Within the training set, 
a five-fold cross-validation strategy was employed following the same 
hospital-level separation criteria, such that ROIs from a given hospital 
were contained entirely within a single fold.

During training, each ROI was tiled on-the-fly into patches of size 
256 × 256 pixels with an overlap of 128 × 128 pixels, corresponding 
to 50% overlap between adjacent tiles. Tiles corresponding to empty 
TIL masks in the TILs segmentation task or empty stromal masks in the 
stromal segmentation task were discarded to ensure that the models 
were trained only on informative regions.

To enhance model generalization and mitigate overfitting, a range 
of data augmentation techniques was applied dynamically during train-
ing. These augmentations included: (i) geometric transformations such 
as random horizontal and vertical flips and rotations of 90◦, 180◦, 
or 270◦; (ii) brightness adjustments through random intensity scaling 
to simulate variations in staining and illumination; (iii) color pertur-
bations in the HSV color space, including random hue shifts, satu-
ration scaling, and value scaling to account for inter-slide and inter-
scanner variability; (iv) stain-like augmentation via independent per-
channel affine transformations of the RGB channels to model stain and 
color variations across laboratories [51]; (v) elastic deformation using 
smooth random displacement fields applied consistently to images and 
masks to mimic realistic tissue distortions [52]; and (vi) resolution scal-
ing (magnification augmentation), where images were down-sampled 
to simulate lower scanning resolutions and subsequently resized back 
to the original input size.

These augmentation strategies ensured exposure of the models to 
diverse visual appearances during training, thereby improving robust-
ness and performance across different ROIs, staining conditions, and 
scanner settings. Representative examples of the applied augmentations 
are provided in the supplementary material (Figures S2 & S3).
5 
3.2.2. Private data
To prepare the private datasets for external validation, a set of 

preprocessing steps was applied, tailored to the annotation format and 
intended use of each subset.

For the first private subset, regions of interest (ROIs) were ex-
tracted from the whole-slide images together with their corresponding 
binary masks for TILs and stroma regions. These masks were gener-
ated from the expert annotations provided in GeoJSON format. The 
extracted ROIs and masks were subsequently prepared for direct use 
in the evaluation of both the segmentation models and the complete 
framework.

For the second private subset, preprocessing was limited to the 
extraction of ROI images from the whole-slide images based on the XML 
annotation files. Since this subset was used exclusively for external val-
idation, no additional mask generation or modification was performed 
beyond preparing the extracted ROIs for inference and evaluation.

For the third private subset, preprocessing followed the same pro-
cedure as for the second subset. ROIs were extracted from whole-slide 
images acquired using each scanner, based on the corresponding Geo-
JSON annotation files. The extracted ROIs were then prepared for 
the validation phase, enabling assessment of the framework’s robust-
ness and scanner invariance across different scanning devices and 
resolutions.

3.3. Framework architecture

The proposed framework adopts a dual-pathway approach for an-
alyzing ROIs in H&E-stained BC WSI acquired from digital scanners. 
In the first pathway, a dedicated segmentation model detects and 
delineates TILs within the ROI, irrespective of their spatial distribution. 
In parallel, the second path focuses on segmenting stromal tissue re-
gions within the same ROI. The outputs from both pathways are then 
combined with scanner resolution metadata through a tailored quantifi-
cation algorithm, which estimates the overall sTILs score. This design 
aims to provide a systematic and adaptable method for sTILs assess-
ment, while acknowledging that further refinements may enhance its 
robustness across diverse datasets. Fig.  3 illustrates the complete frame-
work pipeline. The subsequent sections provide a detailed description 
of each component within the framework.

3.3.1. TILs segmentation path
For the task of TILs segmentation and detection, three state-of-the-

art deep learning architectures were investigated: UNet [25], Attention-
UNet [53], and TransUNet [54]. UNet was selected as a baseline model 
due to its widespread adoption in medical image segmentation and 
its proven effectiveness in producing accurate pixel-level predictions 
through an encoder–decoder structure with skip connections. Attention 
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Fig. 3. Overall framework pipeline architecture.
Table 2
Training hyperparameter configurations used during five-fold cross-validation for TILs segmentation.
 Config. Optimizer Learning rate Batch size Momentum Nesterov 𝝆 (RMSProp) 
 1 Adam 5 × 10−4 8 – – –  
 2 SGD 1 × 10−4 16 0.9 True –  
 3 RMSProp 1 × 10−4 8 – – 0.9  
 4 Adagrad 3 × 10−4 16 – – –  
 5 Adamax 2 × 10−4 8 – – –  
U-Net was included as an extension of this baseline, incorporating 
attention mechanisms that enable the model to emphasize informa-
tive regions while suppressing irrelevant background. This function is 
particularly beneficial in histopathological images where TILs often 
appear within complex tissue environments. TransUNet was evaluated 
as a more recent architecture that integrates convolutional layers with 
transformer-based encoders, allowing the model to capture both lo-
cal texture information and long-range contextual dependencies. This 
capability is especially relevant in breast cancer pathology, where 
the spatial distribution of TILs within the stromal compartment can 
influence clinical interpretation.

By evaluating these three representative architectures — spanning 
conventional convolutional networks, attention-enhanced models, and 
transformer-based designs — the study aimed to identify the most effec-
tive approach for TILs segmentation and detection. The best-performing 
model was subsequently selected for integration into the proposed 
framework.

To ensure a fair comparison between models and to reduce bias as-
sociated with a single train–validation split, a five-fold cross-validation 
strategy was adopted. This approach allowed each subset of the dataset 
to contribute to both training and validation across different folds, 
thereby improving the robustness and generalizability of the evalua-
tion.

For each fold, the candidate models were trained on the prepro-
cessed ROIs from the public dataset using distinct, randomly assigned 
hyperparameter configurations. Employing diverse optimization strate-
gies aimed to enhance generalization and reduce sensitivity to specific 
hyperparameter choices. All models were initialized with ImageNet-
pretrained weights, and both encoder and decoder parameters were 
optimized during training. The number of training epochs was set to 
100, and early stopping was applied with a patience of 10 epochs based 
on validation loss. For each fold, the model weights corresponding 
to the minimum validation loss were retained. The hyperparameter 
configurations used during five-fold cross-validation are summarized in 
Table  2.
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To address the pronounced class imbalance between background 
and foreground pixels in the TILs segmentation task, a hybrid loss func-
tion defined as the sum of Tversky Focal Loss (TFL) [55] and Jaccard 
Loss (JL) was consistently employed during training. TFL introduces 
three parameters: 𝛼 and 𝛽, which control the relative penalties for false 
negatives and false positives (with 𝛼+𝛽 = 1), and 𝛾, which increases the 
emphasis on harder-to-classify examples. In this study, 𝛾 was fixed to 
4∕3 as suggested in [55], while the optimal value of 𝛼 was empirically 
determined to be 0.8, as illustrated in Fig.  4.

Model performance was evaluated on both the validation folds 
and the held-out test set of the public dataset using complementary 
segmentation and detection metrics. Segmentation quality was assessed 
using pixel-wise accuracy, the Dice coefficient, and the Tversky index. 
Detection performance was evaluated by counting true positive, false 
positive, and false negative TILs, from which precision, recall, and F1-
score were derived. This evaluation strategy ensured a comprehensive 
assessment of both the segmentation quality and the ability of the 
models to accurately detect individual TILs.

Finally, to gain insight into the discriminative features underly-
ing model predictions, SegGrad-CAM [15] was applied to the best-
performing TILs segmentation model to visualize the regions that con-
tributed most strongly to the detection decisions.

3.3.2. Stroma segmentation path
For the task of stroma region segmentation, three state-of-the-art 

semantic segmentation architectures were investigated: U-Net [25], 
LinkNet [56], and PSPNet [57]. Each architecture was evaluated using 
different backbone encoders, namely VGG16, InceptionResNetV2, and 
DenseNet169, to assess their ability to capture both low-level spatial 
details and high-level contextual features that are critical for accurate 
stromal segmentation.

U-Net has become a widely adopted benchmark in medical im-
age segmentation due to its symmetric encoder–decoder architecture 
and skip connections, which facilitate effective propagation of fine-
grained spatial information from early to deeper layers. This design 
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Fig. 4. Empirical analysis of the Tversky Focal Loss parameter 𝛼 for TILs segmentation.
is particularly well suited for histopathology images, where precise 
delineation of tissue boundaries is required. LinkNet also follows an 
encoder–decoder paradigm but incorporates residual connections in 
both components, enabling efficient feature reuse while reducing com-
putational complexity. Its lightweight architecture makes it an attrac-
tive choice when balancing segmentation accuracy and computational 
efficiency for large-scale image analysis. In contrast, PSPNet empha-
sizes multi-scale contextual representation through pyramid pooling, 
allowing the integration of both local and global contextual informa-
tion. This characteristic is especially beneficial for stromal region seg-
mentation, where accurate identification of tissue structures requires 
understanding both fine boundaries and broader tissue organization.

The evaluation was further strengthened by the use of diverse 
backbone encoders. VGG16 provides a simple yet effective baseline for 
hierarchical feature extraction, InceptionResNetV2 combines residual 
learning with inception modules to enrich contextual representations, 
and DenseNet169 leverages dense connectivity to promote feature 
reuse and alleviate gradient vanishing. Together, these architecture–
backbone combinations enabled a comprehensive comparison of differ-
ent strategies for stromal segmentation.

Consistent with the TILs segmentation task, the best-performing 
model and backbone combination was selected based on quantitative 
segmentation metrics and subsequently adopted for stromal segmenta-
tion within the proposed framework.

The training strategy for stromal region segmentation closely fol-
lowed that used for TILs segmentation (see Section 3.3.1). A five-fold 
cross-validation scheme was employed, with each fold trained on the 
preprocessed public dataset using distinct hyperparameter configura-
tions, as summarized in Table  2. This strategy was adopted to improve 
model robustness and generalizability.

A pronounced class imbalance was observed in the stroma seg-
mentation task, with stromal regions (foreground) being substantially 
less represented than non-stromal regions (background). To address 
this challenge, a hybrid loss function defined as the sum of Dice Loss 
(DL) and Binary Focal Loss (BFL, 𝛾 = 2) was employed. Dice Loss 
encourages accurate spatial overlap between predicted and reference 
regions, while Binary Focal Loss emphasizes harder-to-classify pixels 
and reduces the influence of the dominant background class. Their 
combined use helps balance gradient contributions during training 
and improves segmentation performance on underrepresented stromal 
regions.

For model initialization, encoder weights were initialized using 
ImageNet-pretrained parameters, and both encoder and decoder
weights were optimized during training. Model performance was eval-
uated on both the validation folds and the held-out test set using three 
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complementary metrics: pixel-wise accuracy, intersection over union 
(IoU), and Dice score. This evaluation protocol provided a comprehen-
sive assessment of each model’s ability to accurately segment stromal 
regions.

Finally, to enhance interpretability and better understand the fea-
tures driving model predictions, the same explainability approach 
based on SegGrad-CAM [15] was applied to the selected stroma seg-
mentation model.

3.3.3. sTILs quantification algorithm
The proposed sTILs quantification algorithm is designed to estimate 

the sTILs score by jointly analyzing the outputs of the TILs segmen-
tation model and the stroma region segmentation model. Specifically, 
the algorithm operates on two binary maps: a TILs mask and a stroma 
mask, both generated at the ROI level.

To identify TILs located within stromal regions, a pixel-wise logical
AND operation is applied between the two binary masks. This operation 
retains only those TIL pixels that overlap with stromal regions, while 
excluding TILs located outside the stroma from further analysis. This 
strategy is consistent with the recommendations of the IIOBWG, which 
define sTILs as lymphocytes present within the stromal compartment.

The sTILs score is defined as the percentage of stromal area occupied 
by TILs. To estimate the area covered by individual lymphocytes, 
the average lymphocyte diameter in breast cancer tissue — typically 
reported to range between 6 and 8 μm [58] — is converted from 
physical units to pixel units based on the scanner resolution. Let 𝑑
denote the assumed lymphocyte diameter in micrometers and 𝑡 the 
scanner resolution in micrometers per pixel (μm/px). The lymphocyte 
diameter in pixel units, 𝐷, is then given by: 

𝐷 = 𝑑
𝑡

(pixels). (1)

The area of a single TIL, denoted as 𝑋, is approximated using the 
area of a square bounding box that fully encloses the lymphocyte, with 
both width and height equal to the diameter in pixels: 
𝑋 = 𝐷2. (2)

Bounding box-based area estimation was adopted instead of
contour-based measurements due to the observed systematic under-
estimation of TIL surface area by the segmentation model during 
inference, as reflected by a Tversky score of approximately 0.69 ±
0.01 (see Section 4.1). This behavior is partly attributable to the 
intrinsic imaging characteristics of histopathology: lymphocytes are 
three-dimensional, opaque cellular structures that are visualized in 
H&E slides as two-dimensional projections under transmitted light 
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Fig. 5. Overview of the proposed sTILs quantification algorithm. The workflow illustrates the combination of TILs and stromal segmentation outputs, identification 
of stromal TILs, resolution-aware area estimation, and computation of the final sTILs score.
microscopy. As a result, optical effects such as halo formation, edge 
blurring, and gradual intensity transitions can introduce ambiguity 
in defining precise cell boundaries in the imaging plane, even for 
expert annotators. These factors make contour-based area estimation 
particularly sensitive to small segmentation inaccuracies.

In contrast, approximating lymphocyte area using fixed-size bound-
ing boxes provides a more stable and robust estimate that is less af-
fected by boundary uncertainty, local staining variability, and scanner-
dependent optical differences. This choice improves consistency of 
TIL area estimation across ROIs and scanners, thereby enhancing the 
robustness of the downstream sTILs quantification algorithm.

The total TIL area within stromal regions is computed by multi-
plying the number of detected TILs located within the stroma, 𝑁 , by 
the estimated area of a single TIL, 𝑋. The stromal area, denoted as 𝑌 , 
is calculated by summing the number of foreground (white) pixels in 
the stromal binary mask. Using these quantities, the sTILs score 𝑆 is 
computed as: 

𝑆(%) = 𝑁 ×𝑋
𝑌

× 100. (3)

A schematic overview of the complete quantification workflow, 
illustrating the sequential steps from binary segmentation masks to the 
final sTILs score estimation, is provided in Fig.  5.

3.4. Validation phase

The validation of the proposed framework was conducted in a 
stepwise manner to assess both the performance of the individual 
segmentation models and the overall accuracy of the sTILs quantifi-
cation pipeline. First, the TILs segmentation model and the stromal 
segmentation model were independently validated using the first pri-
vate external dataset (Subset 1). The best-performing models identified 
during development were directly evaluated on this dataset in a zero-
shot manner, without any fine-tuning, using the evaluation metrics 
previously defined for each task.

Subsequently, the complete framework was validated against visual 
sTILs scores provided by expert pathologists from the IISPV, Universitat 
Rovira i Virgili (URV), and the Medical University of Bialystok. The 
ROIs prepared as described in Section 3.2.2 were analyzed individually. 
Each ROI image was processed through the proposed framework to 
generate a predicted sTILs score.
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The framework validation process began by generating binary seg-
mentation maps for TILs and stromal regions. The TILs segmentation 
model and the stromal segmentation model with the best reported per-
formance (described in the following section) were used for inference. 
Since both models operate on fixed-size image patches rather than full-
resolution ROIs, each ROI was divided into overlapping tiles prior to 
inference. Predictions were generated for each tile independently and 
subsequently recombined to reconstruct full-resolution binary maps 
for TILs and stromal regions. Overlapping regions were resolved us-
ing a maximum voting strategy to ensure consistent and seamless 
reconstruction.

The resulting binary maps were then passed to the sTILs quantifica-
tion algorithm to compute the final sTILs score for each ROI. Assuming 
a uniform lymphocyte diameter of 𝑑 = 8 μm in breast cancer tissue 
and using the scanner-specific sampling resolution 𝑡 for each dataset, 
as reported in Section 3.1.2, the sTILs score was calculated according 
to Eq. (3).

The predicted sTILs scores for all ROIs were subsequently recorded 
and compared with the visual scores assigned by expert pathologists. A 
schematic overview of the complete framework validation workflow is 
presented in Fig.  6.

To quantitatively evaluate the performance of the proposed frame-
work for sTILs scoring, several statistical analyses were performed. 
Linear regression analysis was first applied to assess the goodness of fit 
between the framework-predicted scores and the pathologist-provided 
scores. In addition, multiple correlation metrics were computed to ex-
amine the strength and consistency of the relationship between the two 
scoring approaches. These included Pearson correlation, Spearman rank 
correlation, the Intraclass Correlation Coefficient (ICC) [59], and the 
Concordance Correlation Coefficient (CCC) [60]. Finally, the Cohen’s 
kappa index [61] was calculated to evaluate the level of agreement 
between the framework-generated sTILs scores and the pathologists’ 
visual assessments when scores were categorized into low, moderate, 
and high infiltrate groups according to the IIOBWG guidelines.

3.5. Computational setup

All experiments were conducted using the TensorFlow deep learning 
framework. The models developed for TILs segmentation were trained 
on an NVIDIA GeForce RTX 4080 graphics processing unit (GPU) 
equipped with 16 GB of memory. Due to the higher computational re-
quirements of stromal region segmentation, these models were trained 
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Fig. 6. Overview of the validation workflow for the proposed sTILs quantification framework, illustrating binary map generations, resolution-aware quantification, 
and comparison with pathologists’ visual scores.
Table 3
Pixel-wise TILs segmentation performance on the validation data (mean ± std 
across five folds).
 Model Accuracy Dice Tversky  
 UNet 0.94 ± 0.01 0.59 ± 0.04 0.67 ± 0.03 
 Attention-UNet 𝟎.𝟗𝟓 ± 𝟎.𝟎𝟏 𝟎.𝟔𝟎 ± 𝟎.𝟎𝟑 0.66 ± 0.03 
 TransUNet 0.94 ± 0.01 0.59 ± 0.02 0.67 ± 0.03 

Table 4
Pixel-wise TILs segmentation performance on the held-out test set (mean ±
std).
 Model Accuracy Dice Tversky  
 UNet 0.95 ± 0.01 0.62 ± 0.02 0.70 ± 0.02 
 Attention-UNet 𝟎.𝟗𝟓 ± 𝟎.𝟎𝟎𝟑 𝟎.𝟔𝟐 ± 𝟎.𝟎𝟏 0.69 ± 0.01 
 TransUNet 0.94 ± 0.004 0.62 ± 0.02 0.70 ± 0.01 

on an NVIDIA RTX A5000 GPU with 24 GB of memory. This hardware 
configuration enabled efficient training and evaluation of the proposed 
framework.

4. Results & discussion

4.1. TILs segmentation results

The performance of the three TILs segmentation models — UNet, 
Attention-UNet, and TransUNet — was evaluated using both pixel-
wise segmentation metrics and cell-level detection metrics. Results are 
reported for the validation data aggregated across five cross-validation 
folds, as well as for the held-out test set, which was fixed and identical 
for all models. This evaluation strategy enables assessment of both 
model robustness during training and generalization to unseen data.

As shown in Tables  3 and 4, all three architectures achieved compa-
rable pixel-wise segmentation performance on both the validation and 
held-out test datasets. High accuracy values were consistently observed 
across models; however, this metric should be interpreted with caution 
due to the pronounced class imbalance in TILs segmentation, where 
background pixels substantially outnumber lymphocyte pixels. In such 
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Table 5
Cell-level TILs detection performance on the validation data (mean ± std across 
five folds).
 Model Precision Recall F1-score  
 UNet 0.58 ± 0.08 0.53 ± 0.07 0.55 ± 0.07 
 Attention-UNet 𝟎.𝟔𝟎 ± 𝟎.𝟎𝟑 0.53 ± 0.06 𝟎.𝟓𝟔 ± 𝟎.𝟎𝟒 
 TransUNet 0.58 ± 0.05 0.54 ± 0.06 0.56 ± 0.04 

Table 6
Cell-level TILs detection performance on the held-out test set (mean ± std).
 Model Precision Recall F1-score  
 UNet 0.62 ± 0.04 0.59 ± 0.07 0.60 ± 0.05 
 Attention-UNet 𝟎.𝟔𝟑 ± 𝟎.𝟎𝟐 0.59 ± 0.03 𝟎.𝟔𝟏 ± 𝟎.𝟎𝟐 
 TransUNet 0.61 ± 0.02 0.60 ± 0.03 0.61 ± 0.03 

settings, high accuracy largely reflects correct classification of back-
ground regions rather than precise delineation of the relatively sparse 
TIL regions.

Therefore, overlap-based metrics such as the Dice score and Tversky 
index provide a more informative assessment of segmentation quality, 
as they explicitly quantify agreement between predicted and refer-
ence foreground regions. The comparable Dice and Tversky values 
across models indicate similar capability in capturing TIL regions, 
with Attention-UNet exhibiting slightly lower standard deviations for 
Dice score across both datasets, suggesting more stable and consistent 
foreground segmentation across folds. Overall, these results indicate 
that while pixel-wise accuracy remains high due to class imbalance, 
Dice and Tversky metrics more reliably reflect the true segmentation 
performance relevant for downstream sTILs quantification.

The close agreement between validation and test performance for all 
pixel-wise metrics further indicates good generalization and suggests 
that none of the models suffered from substantial overfitting during 
training. However, given the minimal differences observed at the pixel 
level, pixel-wise metrics alone were insufficient to clearly distinguish 
the most suitable architecture for reliable TILs detection.

To further differentiate model performance in a clinically meaning-
ful manner, cell-level detection metrics were therefore evaluated, as 
reported in Tables  5 and 6. At this level, clearer differences emerged 
among the models. Attention U-Net consistently achieved the highest 
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precision and F1-score on both the validation and test datasets, in-
dicating a more reliable identification of true lymphocyte instances 
while reducing false-positive detections. Recall values were comparable 
across all models, suggesting a similar ability to capture the majority 
of TIL instances.

As with the pixel-wise analysis, the consistency between validation 
and test results at the cell-detection level supports the robustness 
and generalizability of the evaluated models. Based on its consis-
tently strong and stable performance across both segmentation-level 
and cell-detection-level metrics, Attention-UNet was selected as the 
TILs segmentation component of the proposed framework.

Detailed training curves and fold-wise performance metrics for the 
selected model are provided in the Supplementary Material (Fig. S4 and 
Tables S1–S4).

To further interpret the segmentation and detection performance 
of the selected Attention-UNet model for TILs, SegGrad-CAM was 
employed to visualize the image regions that most strongly influ-
enced the model’s predictions. To improve robustness and reduce 
fold-specific variability, the final TILs predictions and corresponding 
attention maps were generated using an ensemble strategy across all 
five cross-validation folds. Specifically, pixel-wise probability maps 
from each fold were aggregated by taking their maximum, thereby 
emphasizing regions of consistent and confident agreement among the 
models.

Fig.  7 illustrates representative examples from four image samples 
selected from the held-out test set. For each sample, the original H&E 
image, the ground truth mask, the predicted TILs mask, the SegGrad-
CAM heatmap, and overlays of the heatmap on both the predicted 
mask and the original image are shown. The visualizations indicate 
that the model predominantly focuses on lymphocyte-rich regions when 
generating predictions, which is consistent with the intended TILs 
segmentation task. Some uncertainty is observed in regions with low 
contrast, dense cellular packing, or ambiguous nuclear morphology, 
reflecting the inherent difficulty of lymphocyte detection in challenging 
histopathological contexts. In addition, a false-positive detections can 
be observed. These may originate from two primary sources: (i) anno-
tation variability or ambiguity in the public training data, where small 
or borderline lymphocytic structures may be inconsistently labeled, 
and (ii) intrinsic model prediction errors in visually complex regions. 
Despite these cases, the attention maps provide meaningful insight into 
the model’s decision-making process and support its overall reliability 
for TILs detection.

Overall, the combination of ensemble-based predictions and
SegGrad-CAM visualization provides complementary qualitative evi-
dence supporting the reliability of the proposed TILs segmentation 
approach, while also offering increased transparency into the model’s 
decision-making process.

4.2. Stroma segmentation results

The performance of the stroma segmentation models was evaluated 
on both the validation and held-out test sets using a five-fold cross-
validation strategy to assess robustness and generalizability. Accuracy, 
intersection over union (IoU), and Dice score were used as evaluation 
metrics, with quantitative results summarized in Tables  7 and 8.

Across all evaluated architectures and backbone combinations, the 
U-Net model with a VGG16 backbone consistently achieved the best 
overall performance on both datasets, yielding the highest accuracy, 
IoU, and Dice score, along with relatively low variability across folds. 
The close agreement between validation and test results indicates good 
generalization and limited overfitting. This performance can likely be 
attributed to two reasons. The first it is the balanced representational 
capacity of the VGG16 encoder, which appears to generalize more 
effectively on histopathological data than deeper backbones. The sec-
ond it is the skip connections of the U-Net architecture that facilitate 
precise delineation of heterogeneous stromal regions. Importantly, the 
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selected model was able to accurately segment both tumoral and infil-
trated stromal regions, which is essential for reliable downstream sTILs 
quantification.

Detailed training curves and fold-wise performance metrics for both 
the validation and test sets of the best performing model are provided 
in the Supplementary Material (Fig. S5 and Tables S5 and S6).

To further investigate the behavior of the best-performing stroma 
segmentation model, an explainability analysis was conducted using 
SegGrad-CAM. To enhance robustness and reduce fold-specific variabil-
ity, an ensemble strategy was employed across the five cross-validation 
folds by computing the pixel-wise maximum of the predicted proba-
bility maps. This approach emphasizes regions of consistent agreement 
among the models.

Representative qualitative results from the held-out test set are pre-
sented in Fig.  8, including the input H&E image, ground truth stroma 
mask, model prediction, SegGrad-CAM heatmap, and overlays of the 
heatmap on both the predicted mask and the original image. The visual-
izations show that the model predominantly attends to stromal regions, 
with particular emphasis on areas infiltrated by lymphocytes, which is 
consistent with the intended segmentation objective and supports its 
suitability for downstream sTILs quantification. In the presented masks, 
white regions correspond to stroma, while black regions represent other 
tissue structures.

Some over- and under-segmentation can be observed at stromal 
boundaries. These discrepancies are partly attributable to the intrinsic 
difficulty of precisely delineating stromal borders, even for expert 
pathologists, due to gradual transitions and morphological hetero-
geneity within the tissue. In addition, some errors reflect inherent 
model limitations. Importantly, these localized inaccuracies did not 
substantially affect the overall sTILs scoring performance.

4.3. Validation results

The proposed framework was externally validated using three pri-
vate datasets collected at a single institution under different annotation 
and acquisition settings (see Section 3.1.2). Each subset provides a com-
plementary validation perspective based on the availability of reference 
annotations and the intended evaluation objective. The first subset 
enables direct assessment of both segmentation performance and sTILs 
scoring against expert annotations, while the second and third subsets 
support validation of the sTILs scoring component alone, including an 
evaluation of robustness to scanner-related variability.

4.3.1. External validation on Subset 1: Segmentation and sTILs scoring
The first private validation subset enables direct external evaluation 

of the segmentation components and the complete sTILs quantifica-
tion framework against expert annotations. Zero-shot evaluation was 
performed using the best-performing models identified during develop-
ment, namely Attention U-Net for TILs segmentation and VGG16-UNet 
for stroma segmentation.

TILs segmentation performance: Table  9 reports the pixel-wise 
performance of the Attention-UNet model under zero-shot evaluation 
on Subset 1. As expected in TILs segmentation, accuracy remains very 
high due to the strong imbalance between background and lymphocyte 
pixels, and therefore mainly reflects correct background classification. 
More informative overlap-based metrics, including Dice and Tversky, 
indicate that the model maintains reliable delineation of TIL regions 
when applied to unseen private data. These results support the gen-
eralization of the segmentation component beyond the public training 
cohort.

At the cell-detection level, the model demonstrated balanced perfor-
mance, as summarized in Table  10. Precision and recall values indicate 
a stable ability to identify lymphocytes while limiting false-positive 
detections, supporting the suitability of the model for downstream sTILs 
quantification.
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Fig. 7. Qualitative visualization of TILs segmentation and explainability using SegGrad-CAM on representative samples from the held-out test set. For each 
example, the original H&E image, ground truth mask, predicted TILs mask, SegGrad-CAM heatmap, and overlays on both the predicted mask and the original 
image are shown. The heatmaps indicate the relative contribution of image regions to the model’s predictions, with lower relevance shown in cooler colors (light 
blue) and higher relevance highlighted in warmer colors (red).
Table 7
Stroma segmentation performance on the validation dataset (mean ± standard deviation).
 Model Backbone Accuracy IoU Dice  
 
UNet

VGG16 0.83 ± 0.03 0.54 ± 0.05 0.67 ± 0.04 
 InceptionResNetV2 0.81 ± 0.03 0.48 ± 0.04 0.62 ± 0.04  
 DenseNet169 0.82 ± 0.03 0.49 ± 0.06 0.63 ± 0.05  
 
LinkNet

VGG16 0.83 ± 0.03 0.52 ± 0.04 0.65 ± 0.04  
 InceptionResNetV2 0.81 ± 0.04 0.48 ± 0.06 0.62 ± 0.06  
 DenseNet169 0.82 ± 0.03 0.50 ± 0.06 0.63 ± 0.05  
 
PSPNet

VGG16 0.77 ± 0.15 0.51 ± 0.11 0.64 ± 0.10  
 InceptionResNetV2 0.78 ± 0.04 0.48 ± 0.08 0.61 ± 0.08  
 DenseNet169 0.82 ± 0.03 0.52 ± 0.07 0.65 ± 0.06  
Table 8
Stroma segmentation performance on the held-out test dataset (mean ± standard deviation).
 Model Backbone Accuracy IoU Dice  
 
UNet

VGG16 0.84 ± 0.01 0.57 ± 0.02 0.69 ± 0.01 
 InceptionResNetV2 0.82 ± 0.01 0.52 ± 0.02 0.65 ± 0.02  
 DenseNet169 0.83 ± 0.01 0.53 ± 0.04 0.66 ± 0.03  
 
LinkNet

VGG16 0.84 ± 0.01 0.55 ± 0.01 0.68 ± 0.01  
 InceptionResNetV2 0.82 ± 0.02 0.51 ± 0.04 0.64 ± 0.03  
 DenseNet169 0.83 ± 0.01 0.53 ± 0.03 0.66 ± 0.02  
 
PSPNet

VGG16 0.78 ± 0.14 0.54 ± 0.11 0.66 ± 0.10  
 InceptionResNetV2 0.80 ± 0.03 0.51 ± 0.08 0.64 ± 0.06  
 DenseNet169 0.82 ± 0.02 0.55 ± 0.03 0.67 ± 0.03  
Table 9
Pixel-wise TILs segmentation performance on 
Subset 1 using Attention U-Net (zero-shot evalu-
ation).
 Metric Mean ± Std 
 Accuracy 0.98 ± 0.003  
 Dice 0.67 ± 0.06  
 Tversky 0.70 ± 0.10  
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Table 10
Cell-level TILs detection performance on Sub-
set 1 using Attention U-Net (zero-shot evalua-
tion).
 Metric Mean ± Std 
 Precision 0.69 ± 0.10  
 Recall 0.77 ± 0.18  
 F1-score 0.71 ± 0.07  
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Fig. 8. Qualitative visualization of stroma segmentation and explainability using SegGrad-CAM. For each example, the input H&E image, ground truth stroma 
mask, predicted mask, SegGrad-CAM heatmap, and overlays on both the prediction and the original image are shown. The heatmaps indicate the relative 
contribution of image regions to the model’s predictions, with warmer colors (red/yellow) corresponding to higher relevance and cooler colors (blue) indicating 
lower relevance. White regions indicate stroma, while black regions denote other tissue structures.
Table 11
Pixel-wise stroma segmentation performance on 
Subset 1 using VGG16-U-Net (zero-shot evalua-
tion).
 Metric Mean ± Std 
 Accuracy 0.74 ± 0.03  
 IoU 0.55 ± 0.04  
 Dice 0.70 ± 0.03  

Table 12
Average processing time of the full framework per ROI 
on Subset 1.
 Number of ROIs Processing time (min) 
 60 0.52 ± 0.09  

Stroma segmentation performance: The zero-shot performance of 
the stroma segmentation model (VGG16-UNet) on Subset 1 is summa-
rized in Table  11. The obtained Dice and IoU values indicate robust 
identification of stromal regions in externally collected data, supporting 
reliable downstream sTILs computation.

Detailed fold-wise segmentation results for both TILs and stroma 
models are provided in the Supplementary Material (Tables S7–S9).

sTILs scoring performance: Following segmentation validation, 
the complete framework was evaluated for sTILs scoring by comparing 
predicted scores against independent visual assessments provided by 
two expert pathologists, as well as their averaged reference score. In ad-
dition, the computational efficiency of the full framework was assessed 
by measuring the processing time per ROI. On average, the frame-
work required approximately half a minute per ROI, demonstrating its 
practical feasibility for routine analysis (see Table  12).

Fig.  9 presents scatter plots comparing framework-predicted sTILs 
scores with scores assigned by Pathologist 1, Pathologist 2, and their 
average. The corresponding linear regression analyses are shown in 
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Fig.  10, demonstrating clear positive associations across all compar-
isons. Stronger agreement was consistently observed when benchmark-
ing against the averaged reference, indicating closer alignment with 
consensus expert judgment.

Table  13 summarizes the correlation and agreement analyses be-
tween the framework-predicted sTILs scores and expert visual assess-
ment on Subset 1. When compared with the averaged reference of both 
pathologists, the framework demonstrated consistent agreement across 
correlation and reproducibility metrics, indicating stable alignment 
with expert consensus.

Higher agreement was observed with Pathologist 1 than with
Pathologist 2, which is consistent with the known variability inherent 
to manual sTILs evaluation. In addition to continuous score agreement, 
categorical consistency was evaluated using the kappa statistic, which 
measures agreement between the framework and pathologists when 
classifying cases into low, moderate, and high immune infiltrate cat-
egories. The resulting kappa values indicate meaningful categorical 
agreement, supporting the framework’s potential for clinically relevant 
patient stratification.

Subtype-specific correlation analysis against the averaged reference 
is reported in Table  14. Strong agreement was observed for Luminal A 
cases, while moderate correlations were obtained for Luminal B tumors. 
Although high correlation values were observed for TNBC cases, these 
results should be interpreted with caution due to the very limited 
number of samples in this subgroup. HER2+ cases were excluded from 
this analysis because of insufficient sample size.

In addition to subtype-specific analysis, we investigated the sen-
sitivity of the sTILs scoring framework to variations in the assumed 
lymphocyte diameter used in the quantification algorithm. Although 
lymphocyte diameters in breast cancer are commonly reported to range 
between approximately 6 and 8 μm [58], inter-cellular variability and 
the presence of larger activated lymphocytes motivated the evaluation 
of a broader, yet biologically plausible, diameter range. Specifically, 
correlation and agreement metrics were computed using three repre-
sentative diameters (6, 8, and 10 μm), corresponding to a nominal 
diameter of 8 μm with a ±2 μm margin to assess the robustness of the 
scoring procedure.
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Fig. 9. Comparison between framework-predicted sTILs scores and expert visual assessment on Subset 1. Scatter plots show agreement with Pathologist 1 (left), 
Pathologist 2 (middle), and the averaged reference of both pathologists (right).
Fig. 10. Linear regression analysis between framework-predicted sTILs scores and expert visual assessment on Subset 1. Regression plots correspond to 
Pathologist 1 (left), Pathologist 2 (middle), and the averaged reference of both pathologists (right). Shaded regions indicate 95% confidence intervals.
Table 13
Correlation and agreement analysis between framework-predicted sTILs scores and expert visual assessment on Subset 1. 
The kappa statistic evaluates agreement in categorical sTILs classification (low, moderate, high immune infiltrate).
 Comparison Pearson Spearman ICC CCC Kappa 
 Framework vs Pathologist 1 0.71 0.61 0.70 0.70 0.74  
 Framework vs Pathologist 2 0.60 0.51 0.54 0.54 0.59  
 Framework vs Average P1 & P2 0.70 0.62 0.66 0.66 0.61  
Table 14
Subtype-specific correlation analysis between framework-predicted sTILs scores and averaged expert reference on Subset 1.
 Subtype N Pearson Spearman ICC CCC 
 Luminal A 27 0.72 0.59 0.65 0.64 
 Luminal B 29 0.50 0.51 0.49 0.48 
 TNBC 3 0.78 1.00 0.74 0.66 
The results are summarized in Table  15. Using a diameter of 8 μm
yielded the most balanced and consistent performance across corre-
lation and agreement metrics, supporting its selection as the default 
parameter in this study. Reducing the assumed diameter to 6 μm
resulted in higher Pearson correlation but was associated with a notice-
able decrease in agreement metrics (ICC and CCC), indicating reduced 
consistency with expert scoring. Conversely, increasing the diameter 
to 10 μm led to a general decline in both correlation and agreement 
measures. Overall, these findings suggest that while sTILs scores are 
moderately sensitive to lymphocyte size assumptions, the selected di-
ameter of 8 μm provides a robust compromise between correlation 
strength and agreement with pathologist assessments.

4.3.2. External validation on Subset 2: sTILs scoring
The second private validation subset was used to externally evaluate 

the sTILs scoring component of the proposed framework. This subset 
includes ROI-level sTILs scores provided by a single expert pathologist, 
without pixel-level segmentation annotations. Accordingly, validation 
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focused exclusively on score-level agreement between the framework 
predictions and the visual reference.

In addition to accuracy, the computational efficiency of the frame-
work was assessed on this subset. The average processing time per ROI 
was measured to evaluate practical applicability, indicating that the 
framework maintains stable runtime performance when applied to a 
larger number of samples (see Table  16).

Fig.  11 presents scatter plots and corresponding regression analysis 
comparing the framework-predicted sTILs scores with the pathologist-
provided scores. A clear positive association is observed across the 
dataset, indicating consistent alignment between automated and visual 
assessments.

Quantitative correlation and agreement metrics are summarized in 
Table  17. The framework achieved strong Pearson and Spearman cor-
relations, alongside good agreement as reflected by the ICC and CCC, 
indicating reliable and reproducible continuous sTILs score estimation 
on independently collected data.

In addition, categorical agreement was assessed using the kappa 
statistic, which evaluates the consistency between the framework and 
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Table 15
Sensitivity analysis of sTILs scoring with respect to assumed lymphocyte diameter (Subset 1, averaged 
reference).
 TIL Diameter (μm) Pearson Spearman ICC CCC 
 6 0.83 0.62 0.54 0.54 
 8 0.70 0.62 0.66 0.66 
 10 0.60 0.61 0.46 0.46 
Fig. 11. External validation of sTILs scoring on Subset 2. Left: scatter plot comparing framework-predicted sTILs scores with the pathologist reference. Right: 
corresponding linear regression analysis with 95% confidence interval.
 

Table 16
Average processing time of the full framework per ROI 
on Subset 2.
 Number of ROIs Processing time (min) 
 112 0.58 ± 0.20  

the pathologist in classifying cases into low, moderate, and high im-
mune infiltrate categories based on established sTILs scoring thresh-
olds. The obtained kappa value indicates substantial agreement at 
the categorical level, further supporting the clinical relevance of the 
proposed framework.

To further assess robustness across breast cancer molecular sub-
types, a subtype-specific correlation analysis was performed, as sum-
marized in Table  18. Strong agreement was observed for Luminal B 
cases, while moderate to good correlations were obtained for Luminal A 
tumors. For HER2-positive and TNBC subtypes, correlation estimates 
should be interpreted with caution due to the limited number of 
available cases; nevertheless, the observed trends suggest consistent 
framework behavior across subtypes.

Again, to study the sensitivity of the sTILs scoring framework to 
variations in the assumed lymphocyte diameter was evaluated on Sub-
set 2. Correlation and agreement metrics were computed using three 
representative diameters (6, 8, and 10 μm), reflecting biologically plau-
sible lymphocyte size variability.

The results are reported in Table  19. Consistent with observations 
from Subset 1, assuming a uniform lymphocyte diameter of 8 μm
yielded the most balanced and stable performance across both correla-
tion and agreement metrics. While slightly higher Pearson correlation 
values were obtained when increasing the diameter to 10 μm, this was 
accompanied by a reduction in agreement measures (ICC and CCC). 
Conversely, reducing the diameter to 6 μm led to a marked decrease in 
agreement despite moderate correlation values. Overall, these findings 
further support the selection of 8 μm as a robust compromise that 
ensures consistency between framework predictions and expert visual 
assessment.
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Overall, the results obtained on Subset 2 demonstrate that the pro-
posed framework maintains good agreement with expert visual scoring 
in an independent cohort. Despite limited sample sizes for certain 
molecular subtypes, the framework shows consistent and robust sTILs 
quantification performance across breast cancer subgroups.

4.3.3. External validation on Subset 3: Scanner invariance analysis
The third private validation subset was designed to evaluate the 

robustness of the proposed framework to scanner-related variability, 
with a particular focus on differences in imaging hardware and spatial 
resolution. This subset includes WSIs digitized using two whole-slide 
imaging systems from distinct vendors and institutions, enabling an as-
sessment of the framework’s invariance to scanner-specific acquisition 
characteristics in sTILs scoring.

Table  20 summarizes the correlation and agreement metrics ob-
tained when comparing framework-predicted sTILs scores with the 
expert visual reference for each scanner. Consistent levels of agreement 
were observed across both scanning systems, as reflected by compara-
ble Pearson and Spearman correlation coefficients, as well as ICC and 
CCC values.

The results indicate that the framework maintains stable perfor-
mance across scanners from different vendors and operating at slightly 
different spatial resolutions. While minor variations in agreement met-
rics were observed, the overall consistency suggests that the proposed 
segmentation and resolution-aware quantification strategy effectively 
mitigates scanner-related variability. These findings support the ap-
plicability of the framework in multi-scanner and multi-institutional 
clinical settings.

4.4. Comparison to the state of the art

To assess the proposed framework in relation to existing approaches,
we conducted a comparative evaluation with the recently introduced 
MuTILs model by Liu et al. [46]. As MuTILs was originally developed 
for panoptic segmentation with multiple tissue and cell labels, we 
reimplemented it as a single multi-task model producing two binary 
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Table 17
Correlation and agreement analysis between framework-predicted sTILs scores and expert visual assessment on 
Subset 2. The kappa statistic reflects agreement in categorical sTILs classification (low, moderate, high immune 
infiltrate).
 Comparison Pearson Spearman ICC CCC Kappa 
 Framework vs Pathologist 0.73 0.75 0.72 0.72 0.73  
Table 18
Subtype-specific correlation analysis between framework-predicted sTILs scores and expert reference on 
Subset 2.
 Subtype N Pearson Spearman ICC CCC 
 Luminal A 49 0.63 0.65 0.49 0.48 
 Luminal B 49 0.75 0.66 0.69 0.69 
 HER2+ 4 0.69 0.95 0.70 0.63 
 TNBC 10 0.49 0.52 0.51 0.47 
Table 19
Sensitivity analysis of sTILs scoring with respect to assumed lymphocyte diameter on Subset 2.
 TIL diameter (μm) Pearson Spearman ICC CCC 
 6 0.67 0.75 0.42 0.42 
 8 0.73 0.75 0.72 0.72 
 10 0.74 0.75 0.69 0.69 
Table 20
Scanner-specific correlation and agreement analysis for sTILs scoring on Subset 3.
 Vendor Scanner model Resolution (μm/px) Pearson Spearman ICC CCC 
 Hamamatsu Photonics NanoZoomer 2.0 HT (C9600) 0.2270 0.76 0.75 0.62 0.62 
 3DHISTECH Ltd. Panoramic 250 Flash III 0.2433 0.73 0.67 0.72 0.72 
Table 21
Comparison of TILs segmentation performance (Dice score, mean ± std) 
between MuTILs and the proposed Attention-UNet.
 Model Public test data Private data 
 MuTILs [46] 0.47 ± 0.01 0.21 ± 0.04  
 Proposed Attention-UNet 𝟎.𝟔𝟐 ± 𝟎.𝟎𝟏 𝟎.𝟔𝟕 ± 𝟎.𝟎𝟔  

outputs, corresponding to TILs and stroma segmentation, to enable a 
fair and consistent comparison. Both approaches were trained using 
the same public training dataset under a five-fold cross-validation 
scheme and evaluated on the same held-out public test set. In addi-
tion, zero-shot evaluation was performed on the private datasets to 
assess generalization to unseen data. Segmentation performance was 
compared using the Dice score.

TILs segmentation comparison: Table  21 reports the Dice scores 
obtained for TILs segmentation on both public test data and private 
data. On the public test set, the proposed Attention-UNet outperformed 
the adapted MuTILs model, achieving higher Dice scores with lower 
variability. This performance difference became more evident on the 
private data, where the MuTILs model exhibited a notable decrease 
in segmentation accuracy, while the proposed model maintained ro-
bust performance. These findings suggest improved generalization of 
the proposed approach to external data with different characteristics. 
Detailed fold-wise results for the MuTILs model on both the public test 
set and private data are provided in Supplementary Table S10.

Stroma segmentation comparison: A similar trend was observed 
for stroma segmentation, as summarized in Table  22. While MuTILs 
achieved reasonable performance on the public test set, the proposed 
VGG16-UNet consistently yielded higher Dice scores on both public and 
private datasets. Notably, the proposed model demonstrated improved 
robustness on private data, suggesting better adaptability to variations 
in staining, tissue morphology, and acquisition conditions. Detailed 
fold-wise Dice scores for the MuTILs stroma segmentation results on 
both datasets are provided in Supplementary Table S11.
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Table 22
Comparison of stroma segmentation performance (Dice score, mean ± std) 
between MuTILs and the proposed VGG16-UNet.
 Model Public test data Private data 
 MuTILs [46] 0.63 ± 0.01 0.56 ± 0.04  
 Proposed VGG16-UNet 𝟎.𝟔𝟗 ± 𝟎.𝟎𝟏 𝟎.𝟕𝟎 ± 𝟎.𝟎𝟑  

Overall, the proposed segmentation models demonstrated consis-
tently stronger performance than the adapted MuTILs baseline across 
both public and private datasets. The improved generalization observed 
on private data suggests that the proposed framework, supported by 
targeted architecture selection and robust data augmentation, is better 
suited for deployment in heterogeneous, real-world clinical settings.

sTILs scoring comparison: In addition to segmentation perfor-
mance, we compared the full sTILs scoring capability of the pro-
posed framework against the adapted MuTILs approach on the pri-
vate validation datasets. For this analysis, sTILs scores were com-
puted using the TILs and stroma segmentation outputs generated by 
each method and compared against expert visual assessments using 
correlation, agreement, and categorical consistency metrics.

Table  23 summarizes the results obtained on Subset 1 and Subset 2. 
On both datasets, the proposed framework consistently achieved higher 
Pearson and Spearman correlations, as well as improved ICC and CCC 
values, indicating stronger agreement with expert reference scores. 
Moreover, categorical agreement, assessed using the kappa statistic 
for low, moderate, and high immune infiltrate classification, was also 
higher for the proposed framework across both subsets.

These results suggest that improvements in segmentation accu-
racy and robustness translate into more reliable downstream sTILs 
quantification. While both approaches show reasonable performance, 
the proposed framework demonstrates more consistent alignment with 
expert assessment, particularly in terms of score reproducibility and 
categorical stratification on independent data.
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Table 23
Comparison of sTILs scoring performance between MuTILs and the proposed framework on private validation subsets.
 Subset Method Pearson Spearman ICC CCC Kappa 
  Subset 1 MuTILs [46] 0.66 0.53 0.45 0.44 0.51  
 Proposed Framework 0.70 0.62 0.66 0.66 0.61  
  Subset 2 MuTILs [46] 0.70 0.62 0.39 0.38 0.56  
 Proposed Framework 0.73 0.75 0.72 0.72 0.73  
Table 24
Benchmarking of the proposed sTILs quantification framework against recent state-of-the-art studies. N.A. indicates metrics not 
reported in the corresponding work.
 Method Evaluation data #Cases #Path. Pearson Spearman ICC CCC Kappa 
 Makhlouf et al. [24] Private 300 1 N.A. N.A. 0.70 N.A. N.A.  
 Choi et al. [27] Private 402 3 N.A. N.A. N.A. 0.73 N.A.  
 Yosofvand et al. [30] Private 63 2 0.98 N.A. N.A. N.A. N.A.  
 Kim et al. [32] TIGER 82 1 0.72 N.A. N.A. N.A. N.A.  
 Liu et al. [46] PanopTILs 305 2 N.A. 0.58 N.A. N.A. N.A.  
 Proposed Framework Private (Subset 1) 60 2 0.70 0.62 0.66 0.66 0.61  
 Private (Subset 2) 112 1 0.73 0.75 0.72 0.72 0.73  
4.5. Benchmarking

To position the proposed framework with respect to existing ap-
proaches, a comparative benchmarking analysis was conducted against 
representative state-of-the-art methods for sTILs quantification reported 
in recent literature (Section 2). The comparison considers correlation- 
and agreement-based metrics, while explicitly accounting for differ-
ences in evaluation datasets, cohort sizes, and the number of ex-
pert pathologists involved, in order to provide a fair and transparent 
assessment.

Table  24 summarizes the reported performance of existing frame-
works alongside the results obtained by the proposed method on two 
independent private cohorts. Prior studies have demonstrated promis-
ing correlations with pathologist scoring; however, these results were 
often derived from limited datasets, lack of explainability, or experi-
mental setups without strict separation between training and evaluation 
data.

Among the compared methods, Yosofvand et al. [30] reported a no-
tably high Pearson correlation (0.975). Nevertheless, this performance 
was achieved under an evaluation protocol where the same slides were 
used for both training the segmentation models and scoring assessment, 
which may result in optimistic estimates and does not reflect true 
generalization performance on unseen data.

In comparison, Kim et al. [32] reported a Pearson correlation of 
0.718 on the TIGER dataset using whole-slide-level scoring by a single 
pathologist. The proposed framework demonstrated consistent per-
formance on the 60-sample cohort (Pearson = 0.70) and improved 
correlation on the larger 112-sample cohort (Pearson = 0.73), despite 
operating at the ROI level. ROI-based evaluation focuses on tumor-
relevant regions explicitly selected by expert pathologists and mitigates 
dilution effects that arise in whole-slide scoring due to the inclusion 
of heterogeneous tissue areas. In particular, whole-slide analysis may 
average over diverse stromal compartments, including non-tumoral 
stroma, adipose tissue, and benign structures, which can obscure lo-
calized immune infiltration patterns and reduce the sensitivity of sTILs 
quantification.

Additionally, unlike approaches that rely on uniformly resized WSIs, 
the proposed method preserves spatial resolution and incorporates 
scanner-aware quantification.

The recently introduced MuTILs-based approach by Liu et al. [46], 
evaluated on the PanopTILs dataset, reported a Spearman correlation of 
0.580. In contrast, the proposed framework achieved higher rank-based 
correlations of 0.615 and 0.750 on the two private cohorts, indicating 
a stronger ability to preserve the relative ordering of sTILs scores under 
external validation conditions. With respect to agreement metrics, the 
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proposed framework achieved ICC and CCC values of 0.72 on the 112-
sample cohort, comparable to or exceeding those reported by Makhlouf 
et al. [24] and Choi et al. [27]. These results indicate not only strong 
correlation with expert scoring but also reliable reproducibility across 
a larger evaluation cohort.

Importantly, the proposed framework is the only method among 
those compared to report Cohen’s kappa index based on clinically 
relevant categorization of sTILs into low, moderate, and high infil-
tration groups following established guidelines. The achieved kappa 
values (0.61 and 0.73) indicate substantial categorical agreement with 
expert pathologists, underscoring the framework’s clinical relevance for 
patient stratification and decision-making.

Overall, the benchmarking results demonstrate that the proposed 
framework achieves competitive or superior performance relative to 
existing methods, while uniquely combining strict external valida-
tion, scanner-aware quantification, and categorical agreement analysis. 
These characteristics support its robustness and suitability for clinical 
trials and for future real-world clinical deployment.

5. Limitations

Although the proposed framework demonstrates strong performance 
and produces clinically meaningful sTILs estimates, several limita-
tions should be acknowledged from a technical and methodological 
perspective.

First, with respect to the TILs segmentation model, watershed-based 
preprocessing was applied prior to training to encourage the separation 
of touching lymphocytes into individual cell instances. In several cases, 
the model successfully distinguishes partially connected lymphocytes, 
as illustrated in Fig.  12(a). However, when lymphocytes are fully 
overlapping or densely compacted, separation remains challenging and 
such cells may be detected as a single instance, as shown in Fig. 
12(b). This limitation can affect the total number of detected TILs and, 
consequently, influence the robustness of the sTILs quantification.

In addition, occasional false-positive lymphocyte detections were 
observed, as highlighted by the explainability visualizations in Fig. 
7. These detections may further contribute to variability in the esti-
mated TIL counts. Future work will explore instance-aware segmenta-
tion approaches, such as StarDist-based models, to better address fully 
overlapping lymphocytes and improve the accuracy of TILs instance 
detection.

Second, although the stroma segmentation model generalized well 
across both public and private datasets, minor over- and under-
segmentation was observed at stromal boundaries in some cases. These 
boundary regions are inherently challenging to delineate due to the 
high morphological variability of stroma and the gradual transitions 
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(a) Partially touching lymphocytes successfully separated by the model.

 

 
(b) Fully overlapping lymphocytes where separation remains challenging.

 

Fig. 12. Illustration of limitations in TILs instance separation. While watershed preprocessing and the segmentation model can resolve partially connected 
lymphocytes (a), fully overlapping cells may still be detected as a single instance (b), which can affect TILs counting and downstream sTILs quantification.
between tissue compartments, which can also pose difficulties for 
expert pathologists. While these local inaccuracies did not substantially 
affect the overall sTILs scoring, further refinement of boundary mod-
eling remains an important direction for improvement. Future work 
will investigate multi-scale feature modeling and the incorporation of 
squeeze-and-excitation blocks to enhance contextual awareness and 
improve boundary consistency in complex stromal regions.

Finally, the reference sTILs scores used for external validation were 
visually assessed by two expert pathologists. While this provides a 
strong and reliable baseline, involving a larger and more diverse panel 
of experts would allow for a more comprehensive characterization of 
inter-observer variability, which is an inherent challenge in manual 
TILs assessment. In addition, scanner invariance was evaluated using 
data acquired from two digital slide scanners. Although encouraging 
results were obtained, extending validation to a broader range of 
scanner vendors and acquisition settings would further strengthen the 
generalizability of the framework.

In summary, these limitations highlight natural directions for con-
tinued development rather than fundamental shortcomings. Despite 
them, the proposed pipeline achieved good agreement with expert 
visual assessment and demonstrated robust generalization on external 
data. Future efforts will focus on refining instance-level segmentation, 
expanding expert involvement, and validating the framework across 
a wider range of scanners and multi-institutional cohorts to further 
enhance clinical readiness and scalability.

6. Conclusions & future work

This study presents an AI-based framework for the detection and 
quantification of stromal tumor-infiltrating lymphocytes (sTILs) in
H&E-stained breast cancer histopathology images. The proposed frame-
work was developed in alignment with the recommendations of the 
IIOBWG for breast cancer. It is important to note that these guidelines 
are cancer-type specific and cannot be directly generalized to other 
malignancies, where TILs assessment criteria and clinical relevance 
may differ.

The proposed solution integrates two complementary segmentation 
components: an attention-based network for TILs detection, designed 
to capture fine-grained lymphocytic features through attention mech-
anisms, and a UNet with VGG16 beckbone-based model for stroma 
segmentation, optimized to identify both tumoral and infiltrated stroma 
as a single clinically relevant compartment. To enhance robustness 
and generalizability, both models were trained using a comprehensive 
augmentation strategy that includes geometric transformations, stain-
like augmentation, elastic deformation, and resolution scaling. These 
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augmentations were explicitly designed to simulate variability in stain-
ing protocols and scanner resolutions, thereby improving adaptability 
across multi-institutional datasets.

To further ensure generalizability and minimize data leakage, data 
splitting and cross-validation were performed at the hospital level. The 
framework was evaluated on both a held-out public test set and mul-
tiple private external datasets. This validation strategy demonstrates 
that the proposed system maintains stable performance when applied 
to unseen data, which is a critical requirement for clinical deployment.

Explainability was incorporated into both segmentation components 
to support interpretability of model predictions, while a scanner-aware 
resolution-based quantification algorithm was introduced to enable 
robust sTILs estimation across data acquired with different scanning 
devices. Beyond quantitative performance, the framework provides 
practical benefits for pathologiest and in consequence for their patients.

For pathologists, it offers a standardized, reproducible, and efficient 
tool for sTILs scoring, reducing inter-observer variability and support-
ing diagnostic decision-making. The framework follows a pathologist-
in-the-loop paradigm, in which expert pathologists define one or mul-
tiple relevant ROIs per whole-slide image based on tumor localization 
and dispersion, after which sTILs are automatically quantified through 
parallel TILs and stroma segmentation pathways combined in a unified 
scoring algorithm. The complete computational processing from ROI 
input to final score requires on average 0.5 ± 0.05 minutes per ROI 
on a single GPU, with potential for further acceleration in multi-GPU 
environments due to the parallel architecture. For patients, reliable 
and reproducible sTILs quantification may contribute to improved prog-
nostication and support personalized treatment strategies, particularly 
in breast cancer subtypes where immune infiltration has established 
predictive or prognostic value [62].

Overall, this work lies within the scope of translational research, 
as it bridges advanced AI-based methodological developments with 
practical clinical needs, supporting the integration of automated sTILs 
quantification into real-world breast cancer pathology workflows.

Building on the current framework and addressing its limitations, 
several directions for future work can be envisaged. First, instance-
aware segmentation approaches, such as StarDist-based models, will be 
investigated to better address cases of fully overlapping lymphocytes 
that remain challenging for pixel-wise segmentation, thereby improving 
the accuracy of individual TIL detection. In addition, incorporating 
active learning strategies may help reduce false-positive detections 
and further improve precision by iteratively guiding expert review 
toward the most uncertain or error-prone regions, enhancing model 
performance while minimizing additional annotation effort.

Second, to further improve stroma segmentation — particularly at 
challenging stromal boundaries — future work will investigate the 
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incorporation of multi-scale feature representations and squeeze-and-
excitation (SE) blocks. Multi-scale modeling can enhance the capture 
of both local texture details and broader contextual information, which 
is essential for accurately delineating heterogeneous stromal regions. 
SE blocks, by adaptively recalibrating channel-wise feature responses, 
may further strengthen the model’s sensitivity to clinically relevant 
stromal patterns and improve boundary consistency across varying 
tissue morphologies.

Third, beyond ImageNet-pretrained backbones, future studies
should explore foundation models specifically developed for
histopathology, which are expected to provide richer domain-specific 
representations and further improve both TILs and stroma segmentation 
accuracy. These directions align with the improvements identified in 
the limitation analysis.

Finally, expanding validation to include a broader range of scan-
ners and multi-institutional cohorts will be essential to support future 
clinical translation of the proposed framework. Such validation will 
allow systematic assessment of robustness across diverse acquisition 
protocols, institutional practices, and patient populations, which is crit-
ical for regulatory acceptance and real-world deployment. Ultimately, 
integrating the framework into routine digital pathology workflows — 
while preserving the pathologist-in-the-loop paradigm — will facilitate 
prospective clinical studies aimed at evaluating its impact on diagnostic 
efficiency, reproducibility, and clinical decision-making.

Overall, these proposed above complementing development direc-
tions will contribute to a more robust, scalable, and clinically applicable 
solution for automated sTILs quantification. Given its efficiency and re-
producibility, the proposed framework represents a promising and po-
tentially cost-effective complement to manual microscopic evaluation 
in routine clinical practice.
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