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OPEN CLWD: a Chinese histopathology
patapescriptor - dataset for lung adenocarcinoma
subtype classification
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. PeirenTang?, Ying Li%, Jun Ni*™, Dapeng Tao*™, Jie Li*™ & Jun Peng>™

Effective diagnosis and treatment of lung adenocarcinoma depends on accurate typing, subtyping,
and grading. Herein, we present the CLWD dataset, a valuable resource for the lung cancer pathology

. community, comprising 408 whole-slide images (WSls) from 210 patients specifically curated for

. the study of lung adenocarcinoma subtypes. Scanned at 80 X magnification, it is one of the largest

. datasets in Asia, with a particular emphasis on Chinese patient demographics. Notably, the dataset

. includes comprehensive clinical information, such as age, sex, and diagnosis, providing a robust

. foundation for diverse research needs. Publicly accessible, it supports a range of applications, including
machine learning model development and validation. An initial evaluation of lung adenocarcinoma
subtype classification using a multi-instance learning framework demonstrated that this dataset can
substantially advance global research and improve the accuracy of subtype diagnosis.

Background & Summary
Lung cancer is the leading cause of cancer-related mortality worldwide, with an estimated 1.8 million deaths
in 20202, Owing to China’s large population, the number of new lung cancer cases and deaths far exceeds that
of any other country. Lung adenocarcinoma (LUAD), which accounts for approximately 50% of all lung cancer
. diagnoses’, represents the most prevalent subtype. LUAD exhibits distinct histologic and molecular characteris-
© tics, and its pronounced heterogeneity arises from the complex mixture of multiple coexisting growth patterns®.
. The 2015 World Health Organization (WHO) guidelines refined the classification of LUAD by emphasizing
. its predominant growth pattern and overall pattern of invasion®*. LUADs that are predominantly lepidic and
© non-mucinous are classified according to their infiltration pattern as pre-invasive adenocarcinoma in situ (AIS),
° minimally invasive adenocarcinoma (MIA), or fully invasive adenocarcinoma (IA) with a lepidic component.
. In contrast, other invasive, non-adherent LUAD with distinct morphologic features are classified based on their
. predominant growth pattern’. Growing evidence indicates that different histologic subtypes of LUAD are closely
: associated with distinct risks of recurrence and overall prognosis®. Among these, the lepidic growth pattern is
considered the least invasive, whereas the micropapillary and solid patterns are classified as the most invasive and
. are linked to higher recurrence rates and poorer survival outcomes. Meanwhile, the papillary and acinar growth
. patterns exhibit intermediate levels of invasiveness’. Early-stage LUADs are a heterogeneous group, and iden-
: tifying IA subtypes with a high risk of recurrence, such as acinar, micropapillary, lepidic, solid, and cribriform
© patterns, is critical, as these patients may benefit from closer surveillance and potentially even adjuvant therapy®.
Genomic, transcriptomic, and proteomic analyses have become the focal point of cancer research in the past
decades”!?. Meanwhile, histological phenotyping provides an additional key layer of information that comple-
ments genomic, transcriptomic, and proteomic data, and the integration of these modalities is essential for accu-
rate cancer diagnosis''. Computational pathology refers to quantitative and algorithmic analysis of pathology
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Fig. 1 Data collection and digitization workflow of CLWD. (A) LUAD tissue slides were collected and subjected
to an initial quality control (QC) check, followed by digitization into WSIs and a second round of QC, and those
passing QC proceeded to the next step. (B) A deep learning-based multi-instance learning (MIL) framework
was applied to classify lung adenocarcinoma (LUAD) subtypes. A pre-trained neural network extracted patch-
level features, which were aggregated into slide-level representations using a feature pooling approach. These
aggregated features were then used by the TransMIL, CLAM, and Graph Transformer models for LUAD subtype
classification. Abbreviations.

images, including classical image analysis as well as machine-learning and deep-learning approaches, to extract
clinically and biologically meaningful information from histologic phenotypes.

Histopathological analysis of tumor specimens involves several standardized procedures, including formalin
fixation, tissue sectioning, paraffin embedding, and hematoxylin and eosin (H&E) staining, followed by micro-
scopic examination by a trained pathologist. Using established diagnostic criteria, the pathologist determines
the presence of tumor tissue, identifies the subtype, and evaluates key histological features. In addition, for many
tumor types, quantitative assessments, such as tumor grading, evaluation of mitotic activity, quantification of
tumor-infiltrating lymphocytes, and estimation of tumor burden, are routinely performed'?. In clinical practice,
microscopic examination of tissue slides is labor-intensive, time-consuming, and susceptible to inter-observer
variability’®. For example, in certain atypical breast cancer cases, the diagnostic concordance between patholo-
gists can be as low as 48%'. Recent advances in scanning technology have enabled the digitization of slides into
high-resolution images, facilitating the integration of digital pathology (DP) into routine pathological practice'?.
For instance, convolutional neural networks (CNNs) extend the capabilities of computer-based image analysis
for many routine histopathology tasks, including tumor detection in breast, prostate, and esophageal cancers'>'°.
CNNs have also been applied to the subtype analysis of lung and kidney cancers'”%. A lightweight CNN, based
on the AlexNet architecture, has been developed to assess the accuracy of identifying four LUAD subtypes, acinar,
micropapillary, solid, and cribriform, in surgically resected specimens®®. Moreover, DP enables the classification of
cancers of unknown primary origin, which are often challenging to diagnose and treat®. The advancement of these
technologies now makes it feasible to evaluate early-stage lung adenocarcinoma subtypes directly from DP images.

To support the need for diverse data in lung adenocarcinoma research, we present the Chinese Lung
Adenocarcinoma WSI Dataset (CLWD), comprising digitized H&E whole-slide images (WSIs) from a Chinese
patient cohort, each accompanied by detailed clinical information. Rigorous manual review ensures high image
quality and reliable diagnostic accuracy. The dataset represents a valuable resource for digital and computa-
tional pathology, specifically curated to support the identification of lung adenocarcinoma subtypes, including
acinar, cribriform, in situ, lepidic, micropapillary, papillary, and solid patterns. Figure 1 provides an overview
of the data collection process and the deep learning pipeline. Otherwise, several publicly available LUAD his-
topathology resources have enabled method development and benchmarking. Notably, the Dartmouth Lung
Cancer Histology Dataset (DHMC) provides de-identified LUAD whole-slide images with predominant-pattern
annotations established by consensus review from three pathologists?'. We include DHMC as a closely related
reference cohort for comparative benchmarking against CLWD. Comprising 408 WSIs, the CLWD dataset aims
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to facilitate global collaboration in lung cancer research, expand the diversity of existing cohorts, and provide a
foundation for the development of early diagnostic tools for lung adenocarcinoma subtypes.

Methods

Data acquisition. The present study retrospectively collected H&E-stained slides of various lung adenocarci-
noma subtypes between 2020 and 2023. A total of 408 slides from 210 patients were obtained from hospital records.
Of these, 80 slides were classified as in situ, 31 as cribriform, 30 as lepidic, 64 as micropapillary, 84 as papillary,
50 as acinar, and 69 as solid subtype (WHO 2015). We additionally provide a WHO 2021-compatible annotation
layer. Specifically: (i) In the WHO 2021-compatible mode labels, the cribriform pattern has been merged into the
acinar pattern, but cribriform remains as an optional morphological pattern in the original benchmarking field; (ii)
Mucinous/non-mucinous status. The study was approved by the Ethics Committee of the First People’s Hospital
of Yunnan Province (For a retrospective analysis of archival pathological materials and associated clinical meta-
data. The Ethics Committee of The First People’s Hospital of Yunnan Province approved the study with a waiver
of informed consent because the research posed minimal risk to participants and used de-identified retrospective
data. IRB Number: KHLL2025-KY126). To protect patient privacy, all identifying information was anonymized and
replaced with unique sample identifiers. As illustrated in Figure 1A, the data collection and digitization workflow
begins with tissue sectioning, followed by an initial quality control (QC) step. After digitization into WSI, a second
round of QC is performed. Manual QC included microscope-based review of staining adequacy and tissue integ-
rity, and WSI-level inspection of focus, color/stain uniformity, folds/bubbles/pen marks, and tissue completeness;
slides failing QC were rescanned when feasible or excluded. For the classification of LUAD subtypes, a deep learn-
ing-based multiple instance learning (MIL) framework is employed (Figure 1B). A pre-trained neural network was
employed to extract patch-level features, which were then aggregated into slide-level representations using a feature
pooling method. These aggregated features were subsequently used to classify LUAD subtypes.

H&E-stained slides from all LUAD patients with histologic subtype labels were assigned based on routine
diagnostic pathology review by board-certified lung cancer pathologists at our institution, following established
LUAD predominant-pattern criteria. Inmunohistochemistry was used when clinically indicated to support
diagnosis. For each case, slides exhibiting the most representative histopathological features were selected for
digitization, and cases considered diagnostically ambiguous for subtype assignment were excluded from the
dataset during quality control. To ensure high-quality WSIs, representative sections were recut from the FFPE
tissue blocks and restained prior to digitization. Slides were digitized using an SQ600P scanner at 80 X magni-
fication, yielding a level of detail comparable to that of conventional microscopic observation. Manual quality
control was performed to ensure high fidelity in the digital representations. Figure 2 illustrates WSIs of the
various histologic subtypes of LUAD. The digitized images were exported and stored in .svs format.

Slide selection criteria. For each case, representative slides were selected by board-certified lung cancer pathol-
ogists to best reflect the LUAD subtypes used for dataset labeling. Representative slides were defined as those that:
(i) contain sufficient viable tumor tissue with preserved architecture (avoiding extensive necrosis/hemorrhage/crush
artefact); (ii) show clear pattern-defining structures (e.g., lepidic growth, acinar structures, papillary structures, micro-
papillary tufts, solid sheets formation); (iii) include diagnostically informative regions (e.g., invasive component when
applicable); and (iv) exhibit adequate H&E staining quality and section integrity. When the initially available slide was
suboptimal for digitization, representative slides were recut from FFPE blocks and restained prior to scanning.

Clinical data acquisition. Clinical information, including age, sex, and pathological subtype, was obtained
from the pathological archives of the First People’s Hospital of Yunnan Province. The variables included in the
database are summarized in Table 1. To protect patient privacy, all personal identifiers were removed, and data
aggregation techniques were applied to ensure anonymization and prevent potential re-identification.

Data preprocessing. The preprocessing workflow begins with segmenting tissue regions in the digitized
WSIs. Following image smoothing, the slides are converted to the HSV color space, and a mask is created by
thresholding the saturation channel. Tissue regions of the WSI are then segmented into non-overlapping patches
according to the specified magnification, with each patch measuring 256 x 256 pixels (All slides were digitized
into WSIs with a resolution of 0.1 yum/pixel using the SQS-600P slide scanner from Guangzhou Shengqian
Biotechnology Co., Ltd.). WSIs may contain occasional digitization artefacts (e.g., dust/hair, scanner-related
striping, and large background margins). These artefacts are mainly observed in non-tissue background regions.
Prior to patch extraction, we perform tissue detection to generate a tissue mask and exclude background/blank
regions; only tissue-containing tiles are retained for feature extraction and MIL training/inference. Consequently,
background artefacts (including striping and margins) are removed before model input.

Baseline models. This section describes the benchmark models used for the classification task on our
dataset. Given the high resolution of histopathological images and the lack of detailed slide-level annotations,
the models are implemented within a weakly supervised MIL framework. Unlike conventional supervised
approaches that require precise instance-level labels (e.g., at the pixel or patch level), MIL treats each slide as a
“bag” of instances, with labels assigned at the bag (slide) level based on the aggregate features of its constituent
patches. This approach effectively transforms a fully supervised problem into a weakly supervised learning task.
The MIL framework generally comprises two stages: (i) feature extraction and (ii) feature aggregation. To bench-
mark our dataset, we employed three classical classification networks commonly used in digital histopathology.
These methods, briefly described below, are all based on self-attention mechanisms and are applied to classify
LUAD WSIs into subtypes, including papillary, cribriform, in situ, solid, micropapillary, lepidic, and acinar.
By evaluating these diverse approaches, we aim to comprehensively assess their generalization performance on
the LUAD pathology dataset.
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Fig. 2 Representative WSIs of different LUAD subtypes. (A) in situ subtype. (B) papillary subtype.
(C) cribriform subtype. (D) solid subtype. (E) acinar subtype. (F) lepidic subtype. (G) micropapillary subtype.

Variable name Description

SampleNumber unique identifier for each patient

WSI_ID Anonymized unique identifier for each WSI
Sex Sex of the patient (Male, Female)

Age Age of the patient at diagnosis

Pathological diagnosis based on whole slide images (Adenocarcinoma in situ (AIS); invasive adenocarcinoma (IA); minimally

Pathological_Diagnosis invasive adenocarcinoma (MIA))

Pathological_Subspecies Main subtype of diagnosis based on whole slide images (In situ; Acinar; Cribriform; Lepidic; Micropapillary; Papillary; Solid)

Multi.Subtypes }l?ete}iled mulFi— subtypes of diagnosis based on whole slide images (In situ; Acinar; Cribriform; Lepidic; Micropapillary;
apillary; Solid)

WHO2015_GrowthPattern Subtype diagnosis based on WHO 2015 (In situ; Acinar; Cribriform; Lepidic; Micropapillary; Papillary; Solid)

WHO2021_GrowthPattern Subtype diagnosis based on WHO 2021(In situ; Acinar; Lepidic; Micropapillary; Papillary; Solid)

Pathological diagnosis based on WHO 2021(Adenocarcinoma in situ (AIS); invasive adenocarcinoma (IA); minimally invasive
adenocarcinoma (MIA))

‘WHO2021_MucinousStatus Mucinous Status

‘WHO2021_category

Benchmark_Label_7class 7 subtypes Label (In situ; Acinar; Cribriform; Lepidic; Micropapillary; Papillary; Solid)

Benchmark_Label _2021_6class | 6 subtypes Label (In situ; Acinar; Lepidic; Micropapillary; Papillary; Solid)

Table 1. Description of clinical variables in CLWD dataset.

CLAM. CLAM (Clustering-constrained Attention Multiple Instance Learning) is a user-friendly; high-throughput,
and interpretable approach for WSI-level analysis!”. Operating under a weakly supervised paradigm, CLAM requires
only slide-level labels while maintaining high data efficiency and adaptability. It is particularly well-suited for complex
multi-class subtyping tasks. CLAM utilizes an attention-based deep learning framework to automatically identify
diagnostically relevant subregions within whole-slide images, enabling accurate slide-level classification. It incor-
porates instance-level clustering on the representative regions selected by the attention mechanism. This clustering
constraint refines the feature space, improving both model interpretability and classification performance.
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Variable ‘ Value

Sex

Female 131 (62.4%)
Male 79 (37.6%)
Age 55.3+10.4
Pathological Subspecies

Acinar 50 (12.3%)
Cribriform 31 (7.6%)
In situ 80 (19.6%)
Lepidic 30 (7.4%)
Micropapillary 64 (15.7%)
Papillary 84 (20.6%)
Solid 69 (16.9%)
Pathological Diagnosis

Adenocarcinoma in situ (AIS) 80 (19.6%)
invasive adenocarcinoma (IA) 321 (78.7%)
minimally invasive adenocarcinoma (MIA) | 7 (1.7%)

Table 2. Statistics of CLWD histopathology dataset.

TransMIL. To better capture the relational information among instances, TransMIL, a Transformer-based
Multiple Instance Learning framework, was developed®. TransMIL leverages morphological and spatial features
in WSIs, effectively addressing the inherent limitations of conventional MIL approaches, which often neglect
structural relationships. By leveraging the self-attention mechanism of Transformers, TransMIL can model
long-range dependencies across image patches, enabling more comprehensive feature interactions. This frame-
work exhibits robust performance on both balanced and imbalanced datasets and supports binary as well as
multi-class classification tasks. Experimental results demonstrate that TransMIL achieved higher classification
accuracy and faster convergence compared with previous methods.

Graph Transformer. The Graph Transformer combines graph neural networks with Transformer mech-
anisms, introducing relational graph structures into the multiple instance learning framework®. It constructs
a graph among image patches to model their spatial and semantic relationships. Using graph-based attention
mechanisms, the model assigns adaptive weights to each node, allowing weighted aggregation and the generation
of graph-level representations for slide-level multi-class classification. This architecture incorporates structural
priors, enhancing the modeling of interactions among instances.

Experimentation setup. The employed deep learning models were implemented with high fidelity, closely follow-
ing the official repositories to ensure methodological consistency. Before model training, a comprehensive evaluation of
the dataset was performed to establish baseline performance metrics across all feature extraction and aggregation strat-
egies. To rigorously prevent data leakage, we first perform a patient-level 9:1 split into a training set (90%) and an inde-
pendent held-out test set (10%). Within the 90% training set, we then perform 5-fold cross-validation, splitting it into
five equal folds: in each round, one fold is used as the validation set and the remaining four folds are used for training.

(To maintain robust results, in another experiment, patients were stratified and assigned exclusively to
the training (80%), validation (10%), or test (10%) cohorts, ensuring that all image slices from a single sub-
ject remained within the same data partition.) Furthermore, all experiments were conducted using five-fold
cross-validation to enhance the robustness and generalizability of the results. Model training was carried out
for a minimum of 50 epochs and a maximum of 200 epochs, with early stopping applied if no improvement in
validation loss was observed over 25 consecutive epochs. Aggregation modules were optimized using hyperpa-
rameters consistent with their original publications: TransMIL was trained with a learning rate of 2 x 10—4 and
a weight decay of 5 x 10—*, CLAM used a learning rate of 2 x 10—* and a weight decay of 1 x 10—?, and Graph
Transformer employed a learning rate and weight decay of 1 x 10—* each. All computational experiments were
conducted on a server equipped with four Nvidia V100 32GB GPUs and an Intel Xeon Gold 6240 CPU, with
187 GB of RAM. Models were implemented in Python 3.8.20 using PyTorch 2.3.0. A full list of software depend-
encies and their versions is provided in the requirements.txt file in our GitHub repository.

Data Records

The dataset is publicly available via Figshare** and can also be accessed directly through our Pathology Image
Repository (https://leelab.kmmu.edu.cn/PathologyRepository). It contains high-resolution histopathological images
intended to support researchers and clinicians in studying lung tumors, particularly LUAD subtypes. Key statistics
from the CLWD dataset are summarized in Table 2. The repository facilitates a range of research applications, includ-
ing machine learning model development and histopathological analysis. The dataset is organized as follows:

CWLD.csv. A detailed spreadsheet containing clinical information for each slide.

WSI_X.svs. H&E-stained WSIs in .svs format.
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Fig. 3 Mean ROC curves under a patient-level 9:1 split with internal 5-fold validation. (A-C) CLWD cohort
(7 classes). (D-F) DHMC cohort (5 classes). For each cohort, we reserved 10% of patients as an independent
held-out test set and used the remaining 90% for model development, where the training set was partitioned
into five equal folds and one fold was rotated as the validation set (four folds for training) for early model

selection. Panels show mean one-vs-rest ROC curves for each class for (A,D) CLAM, (B,E) Graph Transformer,
and (C,F) TransMIL. Shaded bands indicate variability across repeated runs/folds (mean & SD). The dashed
diagonal line denotes random performance. Class-wise AUC values are reported as mean & SD on the held-out
test set.

All WSIs in the dataset are labeled as “WSI-X,” where “X” represents a sequentially assigned de-identified
patient identifier (e.g., WSI-1, WSI-2, WSI-3). This naming convention ensures patient anonymity.
Corresponding clinical metadata for each WSI is provided in the “CLWD.csv” file. A comprehensive summary
of the clinical information is presented in Tables 1,2.
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Fig. 4 Baseline benchmarking under another stratified method (8:1:1). Panels show one-vs-rest ROC curves
for the evaluated classes for (A,D) CLAM, (B,E) Graph Transformer, and (C,F) TransMIL on (A to C) CLWD
dataset and (D to F) DHMC dataset. Shaded regions indicate variability across repeats (mean & SD). The
diagonal dashed line indicates chance-level performance.

To ensure the reliability and diagnostic utility of the dataset, a stringent quality assurance protocol was
implemented. This process was overseen by board-certified lung cancer pathologists with extensive diagnos-
tic experience. This protocol included (i) pre-scan microscopic inspection to confirm staining adequacy and
representativeness, (ii) post-scan digital QC with rescanning when needed, and (iii) systematic exclusion of
slides deemed diagnostically ambiguous or likely to cause subtype misinterpretation. This careful curation strat-
egy maintains the integrity of the dataset and maximizes its suitability for downstream research applications.
The JPG version of the dataset also available at the Hugging Face repository® (https://huggingface.co/datasets/
kmmuleelab/Lung_Pathology_Image_JPG).
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To contextualize CLWD relative to existing public LUAD WSI resources, we additionally provide a compar-
ison with the Dartmouth/DHMC LUAD dataset, including dataset characteristics and standardized baseline
performance under matched evaluation protocols (Supplementary Table S1).

Technical Validation

Quality assurance procedures were applied at multiple stages of the data preparation pipeline. Before digitiza-
tion, each histological slide was manually inspected under a light microscope to evaluate staining quality and
ensure that the scanned images accurately represented the histopathological features critical for downstream
analysis. After digitization, the WSIs were reviewed, and suboptimal images were either rescanned or excluded
as needed. Notably, the dataset includes comprehensive clinical metadata, such as patient age, sex, diagnostic
interpretation, and assessments of tissue integrity and accuracy. To validate the reliability of these annotations,
arandomly selected subset was independently reviewed. This quality control process involved cross-referencing
the original metadata with expert pathological assessments (performed by Y.C., L.W,, R.S.L., and Y.H.J.) to con-
firm label accuracy. Such verification strengthens the dataset’s credibility and enhances its utility for developing
and validating computational diagnostic models. This independent review was conducted as a label verification
step for public release by cross-referencing the released metadata with expert slide interpretation. Because the
full dataset labels primarily reflect finalized clinical sign-out diagnoses and we did not perform a fully crossed
multi-rater design on all slides, we do not report inter-rater agreement statistics (e.g., Cohen’s kappa) in the
current release, this is now explicitly stated as a limitation.

Performance metrics for baseline models. The primary evaluation metric across all experiments was
the area under the receiver operating characteristic curve (AUC), chosen for its robustness and for providing an
aggregate measure of model discrimination, particularly in the presence of class imbalance. Complementary met-
rics included slide-level accuracy (ACC), recall, precision, and F1 score, enabling a comprehensive assessment of
classifier performance. Specifically, the AUC quantifies the model’s ability to distinguish between different classes.
Precision measures the proportion of predicted positive instances that are true positives, assessing the reliability
of positive predictions. Recall, in contrast, represents the proportion of actual positive cases correctly identified
by the classifier, reflecting the model’s sensitivity. The F1 score, as the harmonic mean of precision and recall,
provides a balanced metric, particularly useful for datasets with imbalanced class distributions, as it accounts
for both false positives and false negatives. All models were evaluated using five-fold cross-validation (folds
0-4) to ensure robust performance assessment. For multi-class evaluation, we report macro-averaged metrics.
Specifically, precision, recall, and F1 score are computed for each class and then averaged with equal weight across
classes (macro averaging). To reporting baseline performance on CLWD, we benchmarked the same MIL pipe-
lines on the publicly available Dartmouth/DHMC LUAD WSI dataset using identical preprocessing and evalua-
tion protocols (the clinical information of DHMC dataset is presented in Supplementary Table S2). Comparative
results across CLWD and DHMC are summarized in Supplementary Table S1.

LUAD subtype. Figure 3 and Supplementary Table S1 summarize the performance results of three established
deep learning models for classifying lung adenocarcinoma subtypes using the CLWD dataset and DHMC dataset.
Using a patient-level split strategy, we first reserved 10% of patients as an independent held-out test set and used
the remaining 90% for model development, where a 5-fold rotation within the training set was used to select the
validation fold for early stopping and model selection (one fold as validation, four folds as training). Figure 3
summarizes the mean one-vs-rest ROC curves (mean 4 SD) and class-wise AUCs on the held-out test set for
both cohorts. CLWD generally yielded stronger discrimination than the external DHMC cohort, indicating that
the released CLWD WSIs and labels support robust learnability under standard MIL pipelines. In particular, on
CLWD, all three baselines achieved high AUCs for in situ (CLAM: 94.02 4 2.15; Graph Transformer: 88.08 £ 1.57;
TransMIL: 96.16 & 2.12) and maintained consistently competitive performance for multiple invasive patterns
(e.g., lepidic, solid, and cribriform) (Fig. 3A,C). By contrast, performance on DHMC showed larger class- and
model-dependent variability, with several classes exhibiting notably lower AUCs under the same pipelines (e.g.,
papillary and/or acinar for CLAM/Graph Transformer). While TransMIL performed strongly on DHMC - achiev-
ing high AUC:s for solid (93.72 £ 2.19) and micropapillary (91.01 £ 11.43) (Fig. 3D,F) - the overall trend remained
that CLWD provides equal or higher class-wise separability across most models and classes, supporting its utility
as a high-quality LUAD WSI benchmark and a complementary resource for cross-cohort generalization studies.

To further assess robustness under a fixed partitioning strategy, we conducted an additional experiment
in which patients were stratified and assigned at the patient level to training (80%), validation (10%), and test
(10%) cohorts, ensuring that all WSIs from a single patient remained within the same partition. This procedure
was repeated five times (different random seeds), and results are summarized as mean =+ SD of held-out test-set
performance in Fig. 4. In particular, CLWD consistently yielded high discrimination for readily identifiable pat-
terns (e.g., in situ and several invasive patterns) (Fig. 4A,C), whereas DHMC exhibited larger class-dependent
fluctuations and reduced separability for certain patterns in some models (Fig. 4D,F). Although TransMIL
remained comparatively robust on DHMC, the overall trend across models indicates that CLWD provides equal
or superior test-set performance relative to DHMC under the stratified 8:1:1 setting, supporting CLWD as a
strong benchmark resource and a complementary cohort for cross-dataset generalization analyses.

To examine how label granularity affects model performance on CLWD, we conducted patient-level 5-fold
cross-validation under two classification settings: a 6-class predominant-pattern (WHO 2021) task (aci-
nar, lepidic, papillary, micropapillary, solid, and in situ) and a 3-class invasion-status task (AIS, MIA, IA).
Supplementary Fig. S1 reports mean one-vs-rest ROC curves and class-wise AUCs (mean = SD across folds).

In the 6-class setting, all baselines achieved strong discrimination for in situ and solid, while performance
was comparatively lower for papillary and acinar, consistent with the known morphological overlap among
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intermediate-risk patterns. In the 3-class (AIS/MIA/IA), AIS and IA were consistently well separated across
methods (AUCs > 87), whereas MIA remained the most challenging class, with substantial model-dependent
variability (may be partially attributable to its smaller sample size, which can increase estimation variance and
reduce model stability under cross-validation).

Overall, across these evaluation experiments, CLWD consistently supports strong and reproducible baseline
learnability, highlighting its value as a high-quality LUAD WSI dataset and a practical foundation for future
cross-cohort generalization studies and clinically relevant model development.

Usage Notes

All 408 WSIs in this dataset are stored in the standardized .svs format. Accompanying clinical metadata are
provided in spreadsheet form and are accessible via Figshare. The dataset holds potential for integration with
other publicly available resources to support deep learning model development and educational applications.
Nonetheless, several limitations should be noted. All images were acquired at a single institution using a uni-
form scanning platform (SQS600P). Notably, class imbalance among LUAD subtypes may pose challenges for
model training and affect generalizability. Moreover, individual WSIs may contain multiple histological sub-
types, further complicating analysis. The absence of immunohistochemistry (IHC) marker-stained slides limits
the dataset’s utility for analyses involving molecular biomarkers. Furthermore, because all images were acquired
at a single institution using a uniform scanning platform, the resulting models may have reduced external valid-
ity. Additionally, LUAD subtypes are subject to inter-observer variability, while we performed expert QC and
independent subset verification, formal inter-rater reliability metrics (e.g., Cohen’s kappa) across the full cohort
are not provided in the current release. Researchers should consider these limitations when utilizing the dataset.

Data availability

The dataset is publicly available via Figshare?* and can also be accessed directly through our Pathology Image
Repository (https://leelab.kmmu.edu.cn/PathologyRepository). Otherwise, the JPG version of the dataset also
available at the Hugging Face repository (https://huggingface.co/datasets/kmmuleelab/Lung_Pathology_Image_JPG).

Code availability
The code for preprocessing and deep learning models is publicly available on GitHub: https://github.com/
DrNeilChen/CLWD.
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