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Background: Renal lymphatic vessel density is clinically relevant in kidney disease but is still assessed by slow, subjective visual estimation. We
evaluated a weakly supervised, attention-based multiple-instance learning framework for automated detection and quantification of renal lym-
phatic vessel density on D2-40-stained whole-slide images (WSIs). Methods: Two independent internal datasets from Tongji Hospital were col-
lected, including 198 cases of chronic kidney disease (CKD) and 50 cases of hypertensive nephropathy (HTN). All biopsies were immunohisto-
chemically stained for D2-40 and digitized as WSIs. Pathologists provided only slide-level labels (D2-40 high vs. D2-40 low). Tissue regions were
automatically segmented, tiled into patches, and encoded using a pretrained convolutional neural network. Patch embeddings were then ana-
lyzed with a clustering-constrained attention multiple-instance learning (CLAM) model. Unlike conventional multiple-instance learning (MIL)
methods that only weight instances, CLAM jointly performs attention-based instance selection and instance-level clustering to distinguish posi-
tive from negative evidence within each slide, yielding more discriminative slide-level features and interpretable attention maps. Performance
was compared with a classic MIL model trained on the same features. Results: CLAM achieved area under the receiver operating characteristic
curves of 0.942 and 0.858 on the CKD and HTN datasets, respectively, outperforming classic MIL (0.866 and 0.801). Attention maps highlighted
lymphatic-rich regions consistent with renal pathologists’ assessments. Conclusions: This clustering-constrained, attention-based weakly super-
vised framework enables fully automated, reproducible quantification of renal lymphatic vessel density from WSIs, providing renal pathologists
with rapid visual and numerical support for diagnosis and risk stratification in CKD and HTN.

Keywords: Deep-learning; Pathology; Kidney; Lymphatic vessels

INTRODUCTION In this context, digital pathology is transforming traditional
pathology workflows [4,5]. Histopathological images—long

Artificial intelligence is increasingly used in medical image  considered the diagnostic gold standard, especially in oncol-

classification [1], bringing clear benefits to clinical care [2,3].  ogy [6]—are typically examined manually by pathologists on
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hematoxylin and eosin (H&E), periodic acid-Schiff, and Mas-
son-stained slides, a process that is highly time-consuming,
labor-intensive, and dependent on extensive expert training [6].

Whole-slide scanning converts tissue on glass slides into
high-resolution digital whole-slide images (WSIs), which are
now widely used for diagnosis in clinical practice. Because
disease-positive regions often occupy only a small fraction of
the tissue, WSIs contain a large number of disease-negative
patches, and their typical gigapixel resolution (e.g., 30,000 x
30,000) makes direct analysis challenging. To address this issue,
recent work has focused on multi-level attention-based frame-
works that aim to solve clinical problems using substantially
fewer annotations. Notably, seminal multiple-instance learning
(MIL)-based approaches—including iterative MIL, task-spe-
cific multi-level MIL, and deep hierarchical MIL—as well as
techniques such as digital pathology image deblurring, have
substantially advanced WSI preprocessing and downstream
model performance [7-12].

Through a series of advanced processes, including image
auto-detection, annotation, segmentation, training, and evalu-
ation, it progressively extracts features from the input images.
This technology transforms imaging information into struc-
tured data, ultimately yielding valuable diagnostic insights [13].
Such innovations markedly reduce the workload for patholo-
gists and enhance the efficiency of clinical practice, enabling
more timely and accurate diagnoses [14].

Lymphatic vessels serve as a crucial conduit between adaptive
immunity and renal pathology [15,16]. An expanding body of re-
search has confirmed close associations between lymphatic vessels
and multiple organ systems, including the central nervous system
and the cardiovascular system [17-19]. Similarly, renal lymphatic
vessel density is linked to a variety of kidney diseases [15]. For
example, increased renal lymphatic density in IgA nephropathy
is closely associated with poor prognosis [20]. Our group has also
shown correlations between renal lymphatics and IgA nephrop-
athy, membranous nephropathy, and lupus nephritis, and found
that lymphatic expansion increases the risk of adverse outcomes
such as crescentic glomerulonephritis [15,16].

This study integrates computer vision with weakly super-
vised learning to analyze renal immunohistochemical WSIs:
two independent internal cohorts were collected, all slides were
stained for the lymphatic marker D2-40 and digitized, and pa-
thologists provided slide-level annotations classifying WSIs as
D2-40 high or D2-40 low; an open-source WSI pipeline auto-

matically segmented tissue and extracted patches, which were
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passed through a pre-trained convolutional neural network
(CNN) to obtain feature vectors that were then fed into an
attention-based model, and finally the clustering-constrained
attention multiple-instance learning (CLAM) algorithm aggre-
gated local patch information into a global slide representation
to distinguish slides with high versus low D2-40 expression.

MATERIALS AND METHODS

Renal biopsy specimens

This study complied with the Declaration of Helsinki and
was approved by the Clinical Research Ethics Committee
of Huazhong University of Science and Technology (T]-
IRB202303121); all human kidney biopsy specimens were ob-
tained from hospitalized patients in the nephrology department
of Tongji Hospital with written informed consent. The cohort
comprised 320 chronic kidney disease (CKD) patients and 122
hypertensive nephropathy patients. The inclusion and screen-

ing flow of the cohort is shown in Fig. 1.

Immunohistochemistry

Paraffin sections were baked at 60°C for 1 hour, dewaxed
through graded xylene/ethanol immersions, and subjected to
microwave-mediated antigen retrieval. Endogenous peroxidase
was blocked with H,O,, followed by serum blocking. Slides
were incubated with D2-40 antibodies, then treated with sec-
ondaries. Imaging employed an Olympus DP73 microscope
(Tokyo, Japan); digitization utilized a 3DHistech Pannoramic
SCAN platform (3DHISTECH Ltd., Budapest, Hungary).

Manual annotation

Three pathology experts independently reviewed and annotat-
ed all stained slides. A diagnosis was accepted as ground truth
when at least two pathologists agreed. WSIs were labeled as high

or low renal lymphatic expression based on D2-40 staining.

WSISs preprocess

Segmentation

WSIs were downsampled by 32x and converted from RGB to
HSV. Tissue masks were generated using saturation thresholds,
refined with median blur and morphological closing. Slides
with failed segmentation were excluded, removing 122 slides
from dataset 1 and 72 from dataset 2.
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CKD (N = 320) and HTN datasets (N = 122)

After extracting features
from the WSI

[ |
CKD HTN
(N =198 patients) (N = 50 patients)
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Test cohort: 60 (30%)

Fig. 1. The inclusion and screening flow of the cohort. CKD, chronic
kidney disease; HTN, hypertensive nephropathy; WSI, whole slide
image.

Patching and feature extracting

From each tissue mask, 256 x 256 pixel patches were extracted
and stored with coordinates and metadata in .h5 files. We used
a ResNet-50 pretrained on ImageNet to extract image features
during training. Patch size and stride were 256 x 256 and 256,
respectively. Each patch was converted into a 1,024-dimensional
feature vector. Training was performed on a single consum-
er-grade GPU with a batch size of 8 (Fig. 2).

Deep-learning algorithm

We trained a CLAM framework on slide-level labels and, for
comparison, a classical MIL model on the same data. During
training, patches were randomly sampled with a batch size of
512. For validation and testing, per-patch predictions within
each slide were computed and averaged to obtain slide-level
scores. Performance was evaluated every 100,000 patches; early
stopping was triggered after 20 epochs without improvement in
validation loss. The checkpoint with the lowest validation loss
was used for test evaluation for both CLAM and MIL. We uti-
lized the cross-entropy loss function and optimized model pa-
rameters using stochastic gradient descent with the Adam opti-
mizer, setting the learning rate at 2 x 10™* and a weight decay of
1 x 107, The hyperparameters were configured as follows: p1 =
0.9, B2 = 0.999, and € = 1 x 10°%. All models were trained for a
minimum of 50 epochs, with the potential to extend training up

to 200 epochs if the early stopping criterion was not met. The
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validation loss was continuously monitored, and early stopping
was triggered if no decrease was observed from a previous low

for more than 20 consecutive epochs.

Computational hardware and software

Segmentation and stitching ran on an Intel i19-13900K CPUj
feature extraction and model training used a single NVIDIA
RTX 4090 GPU with batch parallelization and SSD-backed
streaming. The pipeline was implemented in Python 3.10 us-
ing OpensSlide 3.4.1, OpenCV 4.9.0.8, and Pillow 10.3.0. Deep
learning models were implemented in PyTorch (CUDA 12.1).
Visualizations used matplotlib 3.8.4 and seaborn 0.13.2. The
complete processing pipeline for WSIs, alongside the training
and evaluation of deep learning models, is accessible at https://
github.com/mahmoodlab/CLAM.

Interpretability and visualization

Model performance was assessed by area under the receiver
operating characteristic (ROC) curve (AUC) and average classi-
fication error. Principal component analysis (PCA) was applied
to patch-level features to visualize separation between D2-40
high and low WSIs. Data efficiency was examined using 25%,
50%, 75%, and 100% subsets. To illustrate discriminative re-
gions, attention-derived heatmaps were generated to map lym-

phatic-rich areas across high and low D2-40 expression slides.

Statistical analysis

The AUC of the receiver-operating-characteristic curve was
estimated using the Mann-Whitney U statistic, for which the
algorithmic implementation is provided in the scikit-learn sci-
entific computing library. For comparisons of multiple AUCs,

we used the nonparametric Friedman test.

RESULTS

Model performance

To evaluate the CLAM algorithm with different attention
branches, we trained models using a single attention branch
(CLAM_SB) and multiple attention branches (CLAM_MB).
On a WSI dataset of CKD, CLAM_MB achieved an AUC of
0.942 (0.913-0.971) (Fig. 3D), while CLAM_SB reached an
AUC of 0.927 (0.887-0.968); the classic MIL method obtained
an AUC of 0.866 (0.819-0.914). Although CLAM_MB yielded
the highest AUC, CLAM_SB produced better sensitivity and
specificity across datasets (Fig. 3A-C, F) and a lower balanced

https://doi.org/10.4132/jptm.2025.12.15
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Fig. 2. Workflows for recognizing renal lymphatic vessel immunohistochemical whole slide images (WSIs) using deep learning methods. (A)
Immunohistochemical WSIs marked with D2-40 undergo WSI image preprocessing through automatic patching. (B) The extracted patches
are processed using a pre-trained convolutional neural network (CNN) to extract feature information. Each feature vector from the patches
is then fed into an attention-based model for training and inference, ultimately separating positive and negative instances based on the
attention scores. (C) The CLAM algorithm aggregates local information from the slide-level labels into an overall representation, distin-
guishing between kidney sections with high D2-40 expression (dark, top right) and low D2-40 expression (light, bottom left). Finally, the
attention scores can be visualized as a heat map (right). CLAM, clustering-constrained attention multiple-instance learning.

error (Fig. 3E) compared with both CLAM_MB and MIL (Fig.
3F). We also compared the performance of two additional at-
tention-mechanism variants—dual-stream MIL (DSMIL) and
Transformer MIL (TransMIL)—on the CKD dataset. Their
AUCs were 0.769 (0.620-0.918) and 0.843 (0.667-1.000), re-

https://doi.org/10.4132/jptm.2025.12.15

spectively, and both showed higher balanced error than CLAM
(Fig. 3G, H).

To assess the effect of data volume on performance, we com-
pared the CLAM model trained with 50 (25%), 99 (50%), 148
(75%), and 198 (100%) cases. The model exceeded an AUC of
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Fig. 3. Model performance analysis on dataset of chronic kidney disease (CKD). (A-D) The chronic kidney disease dataset is stratified into
25%, 50%, 75%, and 100% proportions, then the performances of the CLAM_SB, CLAM_MB, and MIL algorithms are compared sequen-
tially. (E, F) The boxplot shows area under the receiver operating characteristic curve differences among the three algorithms across varying
data amounts, and their performance is additionally compared in terms of balanced error. (G, H) Comparison of the performance of five
models—CLAM_SB, CLAM_MB, MIL, DSMIL, and TransMIL—on the CKD dataset. CLAM_SB, clustering-constrained-attention multiple-in-
stance single branch; CLAM_MB, clustering-constrained-attention multiple-instance multiple attention branches; MIL, multiple-instance
learning; DSMIL, dual-stream MIL; TransMIL, transformer MIL. (Continued to next page)
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90% on the CKD dataset only when trained with the full dataset
(198 cases) (Supplementary Fig. S1). PCA visualization showed
that after using more than 75% of the data (148 cases), classi-
fication of high-expression and low-expression D2-40 WSIs
reached saturation, with no appreciable difference in category
separation between the 75% and 100% training sets.

Model generalization

To evaluate generalization across datasets, we collected an in-
dependent set of hypertensive nephropathy WSIs stained with
the lymphatic marker D2-40 and scanned at pixel resolution.
The CLAM algorithm showed comparable discriminative per-
formance on this hypertensive nephropathy cohort, achieving
an AUC of 0.854 (0.742-0.965) (Fig. 4C) and a low balanced
error of ~0.22 (Fig. 4D), regardless of whether CLAM_SB or
CLAM_MB was used. When comparing models trained with
75% versus 100% of the data, CLAM_SB had an AUC of 0.690
(0.547-0.837), lower than CLAM_MB which reached 0.734
(0.593-0.875) at 75% (Fig. 4A, B); however, CLAM_SB outper-
formed CLAM_MB when trained on the full dataset, a differ-
ence that may reflect the small sample size. Overall, the weakly
supervised CLAM algorithm demonstrated strong generaliza-
tion across model variants. In contrast, the MIL model yielded
an AUC of 0.801 (0.680-0.922) with a balanced error near 0.3.
Because of sample-size constraints, PCA visualization was gen-
erated only for the 75% and 100% scenarios (Supplementary
Fig. S2); notably, CLAM maintained robust discrimination even

with as few as 50 cases.
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Interpretation and visualization

Clinical pathologists base their diagnoses on staining patterns
and cellular morphology observed under high magnification.
To clarify how our deep learning model differentiates patholog-
ical slides, we incorporated an attention mechanism. Patches
with high attention scores from CLAM were converted into
percentages to create a normalized focus map that was mapped
back to the original WSI coordinates, corresponding to high
D2-40 expression regions, while low-attention areas corre-
sponded to low D2-40 expression. This spatial attention map
closely matched assessments made by simulated renal patholo-
gists. From the automatically segmented D2-40 high and D2-40
low WSI labels, we selected nine high-magnification views for
comparison: the nine high-attention patches showed markedly
more prominent and darker lymphatic structures and staining
than the low-attention patches (Fig. 5). To further demonstrate
discriminative performance for the binary task, we overlaid
heat maps to highlight color-coded regions; these heat maps of-
fer supplementary diagnostic information that can aid patholo-

gists’ interpretation.

DISCUSSION

This study employed a weakly supervised learning algorithm
to identify renal lymphatic vessel density in a CKD dataset
and found that this deep learning approach outperformed tra-
ditional MIL algorithms as well as MIL variants DSMIL and
TransMIL in terms of model performance. It offers a potential

alternative to the current inefficient and subjective manual an-
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notation of pathology slides.

Since the introduction of large language models like ChatGPT
in 2022 [17], a new era of artificial intelligence in computation-
al pathology has begun. Open-source WSI-based pathology
models such as cPath, TriPath, and Prov-GigaPath have sped
up progress and reduced the need for manual annotations [18-
21]. However, these models are mainly trained on H&E-stained
tumor slide databases (e.g., TCGA, CAMELYON16/17) [22-24].
In renal pathology, most cases are non-tumor CKDs—such as
IgA nephropathy, membranous nephropathy, and hypertensive
nephropathy—and their diagnosis still depends on detailed
pathological evaluation.

Lymphatic vessels serve as key immune conduits in kidney
disease. Our 2019 study showed that renal injury triggers lym-
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phatic endothelial cells to secrete CCL21 (C-C motif chemo-
kine ligand 21), recruiting CCR7+ (C-C chemokine receptor
type 7-positive) dendritic cells from renal lymph nodes. These
dendritic cells activate lymph node-resident immune cells that
return to the kidney via lymphatics, exacerbating inflammation
and fibrosis [15]. Lopez Gelston et al. [25] further demonstrat-
ed that renal lymphatic expansion in hypertension promotes
sodium and water excretion, reducing blood pressure. These
findings highlight the dual roles of lymphatic vessels in im-
mune signaling and fluid homeostasis in renal pathophysiology.
Between 2020 and 2021, several studies elucidated key func-
tions of renal lymphatic vessels in disease pathogenesis [26,27].
Increased renal lymphatic vessel density serves as an immune

sentinel and is closely associated with fibrosis and inflamma-
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Fig. 5. Model of interpretability and visualization. (A, D) Automated segmentation of regions was performed for each slice. (B, E) Region of
interest heatmaps were generated within the automatically segmented areas based on predicted attention scores. (C, F) Morphology of cells
with high expression of D2-40 and low expression of D2-40 were predicted.

tion. Recent investigations show that lymphangiogenesis regu-
lates blood pressure in salt-sensitive hypertension by promoting
renal sodium excretion [28]. Enhanced lymphatic vessel forma-
tion accelerates sodium ion excretion, thereby lowering blood
pressure [29]. Therefore, renal lymphatic vessel expression is
clinically important for diagnosing and treating CKD.

In routine practice, pathologists select several fields for im-
munostaining rather than reviewing every high-magnification
field, introducing subjectivity. To reduce bias and workload, we

integrated machine learning with pathology using a CNN with

https://doi.org/10.4132/jptm.2025.12.15

attention scoring to predict pixel-level signals on WSIs. We ap-
plied the Mahmood lab's CLAM algorithm to an internal CKD
dataset for the first time [30]. This high-throughput, interpre-
table method classifies WSIs with slide-level labels, avoiding
region of interest extraction and patch annotations [31,32].
CLAM achieved an ROC of 0.99 on H&E renal tumor slides
and supports binary and multiclass tasks with ROCs above 0.95
[33]. On CKD datasets, CLAM performed with ROC values
near 0.95 and consistently outperformed classical MIL methods

across different data sizes [33-36]. Similar advantages were ob-
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served in an internal hypertensive nephropathy dataset. Over-
all, CLAM generalizes well across datasets with different distri-
butions and sample sizes, demonstrating successful integration
of deep learning with CKD research.

Although our CKD slides are limited, studying renal lym-
phatic vessels is important. Our dataset can serve as an internal
resource to boost future large-scale models for lymphatic anal-
ysis in kidney disease. Clinically, lymphatic vessel expression
is still scored manually; integrating our model into workflows
could aid pathologists and save resources. This workflow can
be broadly divided into the following components: First, we can
label and scan patients' renal lymphatic-stained slides. Next,
import the WSI pixel data into an image-analysis pipeline built
on a pretrained model to perform patching, feature extraction,
semantic segmentation, attention scoring, and visualization
with heatmaps on renal biopsy specimens. Finally, the system
provides lymphatic vessel count grading and risk stratification.
This approach not only reduces patients' waiting time for re-
sults but also assists experienced pathologists in analyzing more
challenging images.

However, this work still has certain limitations. For example,
the WSI data come from a single center and there is staining
variability between slides; finally, the determination of lym-
phatic vessel counts involves a degree of subjectivity.

In summary, this study applied a weakly supervised learning
algorithm to a CKD dataset to quantify renal lymphatic vessel
density, yielding a tool that can support clinical diagnosis and

risk stratification in kidney disease.
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