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Abstract

Multi-class tissue-type classification of colorectal cancer (CRC) histopathologic
images is a significant step in the development of downstream machine learning
models for diagnosis and treatment planning. However, publicly available CRC
datasets used to build tissue classifiers often suffer from insufficient morphologic
diversity, class imbalance, and low-quality image tiles, limiting downstream model
performance and generalizability. To address this research gap, we introduce
STARC-9 (STAnford coloRectal Cancer), a large-scale dataset for multi-class
tissue classification. STARC-9 comprises 630,000 histopathologic image tiles
uniformly sampled across nine clinically relevant tissue classes (each represented
by 70,000 tiles), systematically extracted from hematoxylin & eosin-stained whole-
slide images (WSI) from 200 CRC patients at the Stanford University School of
Medicine. To construct STARC-9, we propose a novel framework, DeepCluster++,
consisting of two primary steps to ensure diversity within each tissue class, fol-
lowed by pathologist verification. First, an encoder from an autoencoder trained
specifically on histopathologic images is used to extract feature vectors from all
tiles within a given input WSI. Next, K-means clustering groups morphologically
similar tiles, followed by an equal-frequency binning method to sample diverse
patterns within each tissue class. Finally, the selected tiles are verified by expert
gastrointestinal pathologists to ensure classification accuracy. This semi-automated
approach significantly reduces the manual effort required for dataset curation
while producing high-quality training examples. To validate the utility of STARC-
9, we benchmarked baseline convolutional neural networks, transformers, and
pathology-specific foundation models on downstream multi-class CRC tissue classi-
fication and segmentation tasks when trained on STARC-9 versus publicly available
datasets, demonstrating superior generalizability of models trained on STARC-9.
Although we demonstrate the utility of DeepCluster++ on CRC as a pilot use-case,
it is a flexible framework that can be used for constructing high-quality datasets
from large WSI repositories across a wide range of cancer and non-cancer applica-
tions. https://huggingface.co/datasets/Path2AI/STARC-9/tree/main
https://github.com/Path2AI/STARC-9/

1 Introduction

Colorectal cancer (CRC) is the 3rd most common cancer and the 2nd leading cause of cancer-related
death worldwide [27]. Histologic evaluation of CRC is essential for diagnosis, prognostication,
and therapeutic decision-making. With the growing adoption of digital pathology, computational
approaches, particularly those leveraging deep learning, will play an increasingly important role in
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Figure 1: Overview of STARC-9 large-scale dataset generation.

automating and augmenting pathology workflows. Deep learning-based multi-class tissue classifica-
tion represents one such foundational task in pathology [17], [30], enabling models to distinguish
between diverse tissue types such as tumor, normal epithelium, muscle, and necrotic regions, and
supporting downstream applications such as tissue segmentation [4], tissue composition analysis [13],
biomarker status prediction [46], and survival analysis [15]. Providing pathologists with visually
intuitive tissue maps also reduces the mental burden of diagnosis, while enhancing the interpretability
of AI-driven insights. However, publicly available CRC datasets for machine learning are limited.
The NCT-CRC-HE-100K dataset from Kather et al. [15] represented a significant contribution for
multi-class CRC tissue classification. Recently, another dataset (HMU-GC-HE-30K) [24] was made
public with different tissue types for developing tissue classifiers. Although this dataset contains
images obtained from gastric cancer specimens, many of the tissue classes overlap with those found
in CRC. Additional publicly available CRC datasets include the TCGA COAD and READ (The
Cancer Genome Atlas - Colorectal Adenocarcinoma and Rectal Adenocarcinoma) [40] whole-slide
image (WSI)-level datasets. Despite representing important contributions to the field, these and other
currently available histopathologic datasets have been insufficient for building robust, generalizable
models for tissue-type classification and other downstream applications for several reasons, including:
(1) lack of morphologic diversity, with insufficient representation of the broad range of appearances
of different tissue classes [39], (2) class imbalance, where samples from dominant tissue types (e.g.,
tumor epithelium) far outnumber other clinically significant classes (e.g., mucin or necrosis) [11], and
(3) inclusion of non-representative (incorrectly classified) tiles and low-quality (artifact-containing)
tiles [18], which hinder model interpretability and degrade downstream task-specific performance.
Furthermore, the construction of new pathology datasets is labor intensive, with no standardized
framework for capturing sufficient tissue diversity and morphologic variation. All of these represent
significant barriers to the development of robust, generalizable tissue classification models.

To address these limitations, we introduce STARC-9 (STAnford coloRectal Cancer), a large-scale,
high-quality dataset specifically designed for multi-class tissue classification for CRC histopathology,
as well as a novel framework, DeepCluster++, used to construct STARC-9, which can readily be
applied to other types of histopathologic WSI. STARC-9 comprises 630,000 non-overlapping tiles
(256x256 pixels) systematically extracted using DeepCluster++ from hematoxylin & eosin (H&E)-
stained WSI from approximately 200 CRC patients who underwent surgical resection of their CRC at
the Stanford University School of Medicine. The following nine clinically relevant tissue classes are
uniformly represented in the dataset: adipose tissue (ADI), lymphoid tissue (LYM), muscle (MUS),
fibroconnective tissue (FCT), mucin (MUC), necrosis (NCS), blood (BLD), tumor (TUM), and
normal mucosa (NOR), with each class containing 70,000 tiles. The overall DeepCluster++ workflow
for constructing STARC-9 is illustrated in Figure 1. Initially, tiles were extracted from the WSI and
preprocessed to remove background and artifact tiles. Then, feature vectors for the remaining infor-
mative tiles were extracted using a CRC-specific autoencoder, pretrained on 100,000 histopathology
images. K- means clustering was then employed to group the tiles based on morphologic similarity,
wherein each cluster might represent a particular tissue type. To avoid oversampling in dense centroid
regions, we partitioned each cluster into equal-frequency distance bins. Sampling across these bins
ensured balanced intra-cluster diversity for robust classifier training. Repeating this pipeline across
all WSI yielded 70,000 tiles per tissue type, resulting in 630,000 total high-quality tiles. Experienced
pathologists then reviewed these samples to verify tissue-type classification accuracy, resulting in a
robust, clinically relevant dataset.

The DeepCluster++ framework for dataset construction significantly reduces the time and effort
required for tile selection, compared to manual annotation using open-source tools such as QuPath [2].
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Traditional region-based sampling often leads to limited morphologic diversity, as pathologists tend to
focus on visually similar regions within WSI, resulting in class imbalance and reduced generalizability
of downstream models. Manual annotation is also subjective and inconsistent, relying heavily on the
pathologist’s impression of whether a new region is sufficiently different from a previously annotated
region to warrant inclusion in the dataset, making it difficult to ensure comprehensive representation
of the entire morphologic spectrum within a WSI. In contrast, DeepCluster++ employs unsupervised
clustering to group structurally similar tiles into coherent clusters, regardless of their location within
a WSI. As a result, each cluster contains tissue tiles of a similar appearance sampled from diverse
regions within the WSI. Sampling tiles from clusters corresponding to the same tissue type in this
way enhances intra-class heterogeneity and tissue morphologic diversity (for instance, NOR, TUM,
NCS in Figure 1). This enhances dataset quality and increases the generalizability of models trained
on the dataset by exposing them to a broad range of tissue morphologies important for downstream
clinical applications. Although minimal manual review is still required, this method streamlines
the overall dataset collection process, producing high-quality training examples for robust model
development. Furthermore, DeepCluster++ is a flexible framework for constructing high-quality
datasets which can be applied to both cancer and non-cancer WSI.

In a comprehensive evaluation, we trained both baseline and advanced multi-class classification
models on the STARC-9, HMU-GC-HE-30K [24], and NCT-CRC-HE-100K [15] datasets and
evaluated their performance on independent Stanford and TCGA-CRC datasets using standard
evaluation metrics, including precision, recall, F1-score, and accuracy. The baseline models included
ResNet-50, EfficientNet-B7, KimiaNet, and ViT-base, as well as state-of-the-art (SOTA) transformer
models such as DeiT-B, Swin Transformer-base, and ConvNeXT-Base. Pathology-specific foundation
models, including CTransPath, HiPT, Prov-Gigapath, Path-DINO, CONCH, UNI, Virchow, and
VIM4Path, were also benchmarked to evaluate their generalizability after fine-tuning on our dataset.
In addition, a custom convolutional neural network (CNN) and a Histo-ViT model (DeiT-B) trained
from scratch were also included in the analysis. In addition to these quantitative evaluations, we
validated the practical utility of STARC-9 for tile-level segmentation on an independent TCGA-CRC
dataset. In summary, our manuscript describes the following contributions:

• STARC-9 dataset with 630,000 high-quality tiles across nine tissue types for model training
• Stanford (independent from STARC-9) and TCGA-CRC tile-level validation datasets
• Domain-specific feature extractor based on a custom-trained autoencoder
• Code repository for DeepCluster++ for generating datasets from any WSI
• All models trained on the STARC-9 dataset

2 Related Works

Publicly available tile-level CRC Datasets: Despite the growing interest in computational pathology,
there are relatively few publicly available H&E-stained tile-level CRC datasets for multi-class tissue
classification. A significant contribution was made in [16] with a dataset containing 5,000 non-
overlapping 150×150 pixel image tiles across eight tissue categories. This was later expanded to
100,000 tiles in the NCT-CRC-HE-100K dataset [15], with 224×224 pixel patches covering nine
tissue types from 86 WSI and an additional 7,180 images from 50 WSI for the validation set. These
datasets have been widely adopted for various downstream tasks such as tissue classification [33],
segmentation [4], and MSI prediction [43]. Recently, the HMU-GC-HE-30K dataset [24] was released,
containing 30,000 224×224 pixel patches of gastric cancer with detailed tumor microenvironment
(TME) annotations. While a few additional CRC datasets exist online [36], many of them either
lack direct public access or do not provide comprehensive annotations or tissue-level labels. In
contrast, datasets like TCGA-COAD/READ [40] provide only unannotated WSI, requiring manual
tile extraction for machine learning applications.

Existing methodologies for building histopathologic image datasets: Manual annotation (e.g., using
QuPath [2]) of regions of interest (ROI) is slow and subjective and tends to favor easy regions, making
it difficult to capture rare morphologies and maintain class balance as WSI size and complexity
increase [31], [19]. Random sampling is susceptible to sampling error, wherein rare but clinically
important morphologies are frequently missed, yielding imbalanced representations of tissue hetero-
geneity across WSI. Similarly, deep clustering (e.g., k-means on transfer-learned features [5], [9])
automates cluster formation, but sampling near cluster centroids biases toward common morphologies
and under-represents intra-class variability required for robust supervised learning. Furthermore,
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active learning [20] improves diversity by targeting model-uncertain samples, but requires iterative
labeling and a seed of pre-labeled data.

Research gaps identified: Multi-class tissue classification for histopathology requires balanced,
morphologically diverse datasets free of non-representative and low-quality tiles. However, existing
datasets like NCT-CRC-HE-100K suffer from JPEG compression artifacts [11], and HMU-GC-HE-
30K includes non-representative (e.g., incorrectly classified) tiles, leading models to learn spurious
features. Similarly, TCGA-derived datasets exhibit sampling disparities and staining batch effects
that affect model accuracy [18]. While techniques like cross-entropy uncertainty and probabilistic
local outlier detection [39] can improve label quality, no cohesive pipeline exists for large-scale,
balanced dataset curation. This limitation impacts downstream task performance, as observed in our
initial experiments where models trained on HMU-GC-HE-30K and NCT-CRC-HE-100K achieved
less than 90% accuracy, reducing classification effectiveness on the independent Stanford dataset. In
addition, existing dataset construction methods are slow, biased, and fail to capture rare morphologies
effectively.

3 DeepCluster++ for STARC-9 Construction

To address the limitations of existing CRC datasets, we developed a semi-automated framework,
DeepCluster++ (Figure 2), to construct the STARC-9 dataset with 630,000 tiles across nine tissue
types (ADI, LYM, MUS, FCT, MUC, NCS, BLD, TUM, NOR) shown in Figure 1, from over 200
WSI (patient demographic details are provided in Technical Appendices Section A) representing
a diverse morphologic spectrum of CRC surgical resection specimens. This approach integrates
unsupervised feature extraction, clustering to group similar tiles, equal-frequency binning for tissue
diversity, and an expert verification phase, resulting in the creation of a high-quality dataset for
downstream tasks such as classification, tumor segmentation, and prognostication.

3.1 Phase 1: Autoencoder Training

The first phase of our framework involves training an autoencoder (AE_CRC) to learn domain-specific
feature representations from histopathologic tiles. Autoencoders are unsupervised learning models
that encode input images into low-dimensional latent vectors through a convolutional encoder, then
reconstruct them via a symmetrical decoder. This process forces the encoder to capture compact,
informative features which preserve critical structural and visual details. While autoencoders have
been used for small grayscale image collections [12], they have not been used to maximize diversity
during tissue sample selection. For training AE_CRC, we sampled 100,000 tiles of size 256×256
pixels from 10 representative WSI (5 tumor and 5 normal) independent of the STARC-9 training
and validation sets, covering all nine histologic tissue types. Tile extraction was performed using
histogram-based thresholding at a 32 down-sample factor with a 25% tissue threshold to retain sparse
tissues like ADI and MUC. Tile preprocessing included artifact removal and blank tile exclusion
to create a high-quality ground truth set. Data augmentation techniques such as random rotations,
flips, affine transformations, color jittering, and Gaussian blur were used to increase morphologic
variability. The encoder consists of six convolutional layers with batch normalization and Leaky ReLU
activations, producing a 32,768-dimensional latent vector. The decoder mirrors this architecture,
using deconvolutional layers with a sigmoid activation in the final layer to reconstruct the input image.
The AE_CRC was trained using a structural similarity index (SSIM) loss function (see Technical
Appendices Section C for details), which captures structural features crucial for histopathology. The
reconstruction quality of AE_CRC (as shown in Figure 2(a) for NCS, NOR, LYM) was checked
to ensure that the autoencoder learned a representation of diverse histologic patterns. We chose
a custom autoencoder because its domain-specific, reconstruction-driven features produce finer
morphology-sensitive embeddings with lower compute requirements than broad foundation and
pretrained models, yielding more coherent clusters and better prototypical and edge-case coverage
(see Technical Appendices Section B for details).

3.2 Phase 2: Clustering and Sampling Tiles

We used only the frozen encoder of AE_CRC to generate unsupervised embeddings for clustering
candidate tiles in each WSI. These embeddings served solely to guide morphology-aware tile sam-
pling; they were not fed into any downstream classification or segmentation applications. Let the
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Figure 2: DeepCluster++ framework (Phases 1 and 2) followed by pathologist verification (Phase 3).
[AE-CRC – AutoEncoder for CRC feature extraction, GAP – Global Average Pooling to reduce the
feature vector size, PCA – Principal Component Analysis]

extracted tile set for a WSI be T = {s1, s2, . . . , s|T |}, in which each tile si was preprocessed as in
Phase 1 and passed through the encoder to generate a 32,768-dimensional latent vector vi. To reduce
computational complexity and improve clustering performance, global average pooling (GAP) was
applied to compress the feature vector to 512 dimensions, as shown in Figure 2(b). We subsequently
applied principal component analysis (PCA) to further reduce the latent dimensionality to 256, thereby
decreasing computational complexity and improving efficiency. These feature vectors were then
clustered using the K-means algorithm [5], as in [32], to group tiles with similar morphology. We set
the number of samples per cluster (m) to 400 to balance tissue diversity and representation quality,
based on our empirical evaluation (see Technical Appendices Section G for details), as higher values
(e.g., 800) risk including mixed tissue types, while lower values (e.g., 100) may reduce morphologic
variation. Additionally, K-means was preferred over methods like DBSCAN, which lacks consistent
cluster sizing. This approach also preserved local morphologic coherence, as adjacent clusters often
contained similar tissue types, facilitating efficient sampling of diverse tissue patterns. The next
step involved sampling tiles from each cluster to preserve morphologic diversity. For each cluster
(e.g., cluster_48), we first computed the cluster centroid c and calculated the Euclidean distance from
centroid for each tile as di = ∥vi − c∥, as shown in Figure 2(c). These distances were normalized
to the range [0, 1] to ensure consistency across clusters of varying densities. Tiles were then sorted
by distance, and equal-frequency binning was applied to divide the samples into five distance-based
groups (g = 5). This approach ensures that each group contains an equal number of tiles, preventing
over-representation of dense regions near the cluster center and capturing a broad range of tissue
patterns. Unlike equal-width binning, which often leads to imbalanced groups, this method maintains
a uniform distribution of samples from near-centroid (homogeneous) to edge-of-cluster (diverse)
tiles. Increasing (e.g., to 10) and decreasing (e.g., to 2) the number of bins respectively enhances and
reduces variation, offering flexibility based on downstream requirements.

We sampled 20% of the tiles from each bin to ensure a comprehensive representation. The sampled
tiles were then stored in separate class folders based on tissue type. Because these clusters did
not carry semantic labels (e.g., “TUM” or “LYM”), we manually reviewed each output cluster to
identify which tissue type it best reflected. To associate clusters with particular tissue types, once
a cluster was labeled (for example, cluster_48 in Figure 2(b) was confirmed as “TUM”), we used
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the embedding space proximity to find adjacent clusters, such as 2, 97, 53, and 112, sharing similar
feature representations implying similar histologic patterns. In our experiments, these neighboring
clusters consistently contained the same tissue morphology, allowing us to extend the “TUM” label
across additional clusters with minimal additional time and effort. This local continuity within the
feature space enabled more efficient exploration and sampling of tissue diversity. By iterating through
this process (labeling a seed cluster and propagating its label to nearby clusters), we efficiently
mapped appropriate clusters to the nine target tissue classes with modest manual effort.

3.3 Phase 3: Pathologist Verification and Final Dataset Assembly

The samples collected for all tissue types were mapped back to their original WSI location using
QuPath [2] (Figure 2(c)) for pathologist verification of tissue-type classification. To support robust
multi-tissue type classification, we fixed the number of tiles per tissue type at 70,000, resulting in a
final STARC-9 dataset of 630,000 high-quality samples. While this decision might be debated, it
was necessary for the consistent evaluation of 21,000 internal WSI. However, for other real-world
applications, the number of tiles per class can be adjusted based on available data and downstream task
requirements. All images were reviewed for classification accuracy by board-certified pathologists
with subspecialty expertise in gastrointestinal (GI) pathology. In total, three board-certified GI
pathologists participated in the review process: two pathologists with 13 and 41 years of experience,
respectively, evaluated subsets of the dataset, while a third pathologist with 15 years of experience
conducted a comprehensive final review of the entire dataset comprising 630,000 images.

4 Experiments and Results

Dataset description: STARC-9 is a comprehensive multi-tissue classification dataset consisting
of 630,000 high-resolution non-overlapping 256×256 pixel tiles extracted from 40x magnification
(0.25 micrometers/pixel) WSI. It includes nine clinically relevant tissue types: ADI, LYM, MUS,
FCT, MUC, NCS, BLD, TUM, and NOR, capturing diverse, fine-grained tissue morphologies. To
facilitate rigorous validation of models trained on STARC-9, two independent validation sets were
prepared. (i) STANFORD-CRC-HE-VAL-SMALL contains 18,000 tiles (2,000 per tissue type)
obtained from 20 WSI separate from the cases used in STARC-9 and was used for preliminary model
testing, yielding 79.59% and 85.9% accuracy for models trained on NCT-CRC-HE-100K (NCT)
[15] and HMU-GC-HE-30K (HMU) [24], respectively. This highlighted the need for larger, more
diverse training sets, as these models struggled with mixed tissue-type tiles, achieving only 60%
overall per-WSI tissue mapping accuracy. (ii) The primary validation set, STANFORD-CRC-HE-
VAL-LARGE, includes 54,000 tiles (6,000 per class) from 50 WSI independent from STARC-9
and STANFORD-CRC-HE-VAL-SMALL for performance evaluation. Training (STARC-9) and
validation (STANFORD-CRC-HE-VAL-SMALL and STANFORD-CRC-HE-VAL-LARGE) datasets
were drawn from different patients, with no overlap between any of the datasets. Additionally, an
external CURATED-TCGA-CRC-HE-VAL-20K dataset was prepared with 20,000 tiles extracted
from 30 TCGA-CRC WSI to assess the robustness and generalizability of models trained on STARC-
9. During benchmarking, models trained on STARC-9 (630,000 tiles, 9 classes), NCT (100,000 tiles,
9 classes), and HMU (30,000 tiles, 8 classes) were validated on seven overlapping tissue types (ADI,
LYM, MUS, MUC, NCS, TUM, and NOR), ensuring fairness in performance evaluation.

Model description: To evaluate the utility of STARC-9, we conducted a series of benchmarking
experiments using a diverse set of deep learning models, including baseline CNNs, SOTA trans-
former models, and pathology-specific foundation models. The objective was to assess classification
performance, generalizability, and practical utility compared to models trained (fine-tuned) on
publicly available datasets like NCT and HMU. Baseline models included ResNet-50, EfficientNet-
B7, KimiaNet, and ViT-base, while SOTA models included DeiT-B, Swin Transformer-Base, and
ConvNeXT-Base. Pathology-specific foundation models such as CTransPath, HiPT, Prov-Gigapath,
Path-DINO, CONCH, UNI, Virchow, and VIM4Path were also tested to assess their generalizability
on diverse tissue morphologies. Each model was trained on the STARC-9, NCT, and HMU datasets
with Macenko normalization [26]. All models were fine-tuned with a batch size of 32, learning rate
of 0.0001, weight decay of 1e-5, Adam optimization, and data augmentation (horizontal/vertical flips,
random rotation, and color jittering) for 10 epochs. Maintaining identical training configurations,
including batch size and optimizer settings, across datasets was important for a fair and unbiased
model comparison. As our primary objective was to isolate the impact of the dataset on model
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performance, we kept the training configurations consistent to avoid possible confounding introduced
by different hyperparameters being applied to the datasets. Model performance was evaluated using
precision, recall, macro F1 score, accuracy, and the number of trainable parameters. STARC-9-trained
models consistently outperformed models trained on other datasets, exhibiting better generalizability.

Resource description: All experiments were conducted on the following platforms: (i) a local
server with 8x NVIDIA L40S 48GB GPUs, and the Stanford (ii) Carina [35] and (iii) Marlowe
high-performance computing platforms [14].

4.1 Multi-Class Tissue Classification

All models trained on STARC-9 demonstrated exceptional performance on the STANFORD-CRC-
HE-VAL-LARGE validation dataset (Table 1). Among the baseline models, EfficientNet-B7 trained
on STARC-9 achieved the highest overall accuracy (98.80%), with a 14.7% improvement over the
best model trained on NCT (84.25%) and an 8.6% improvement over the best model trained on
HMU (90.29%). In the SOTA category, Swin Transformer (Swin Trans-base) trained on STARC-9
achieved 98.79% accuracy, a 16.1% improvement over ConvNeXT-base trained on NCT (82.82%)
and a 6.9% improvement over Swin Trans-base trained on HMU (91.88%). Among the pathology-
specific foundation models, CTransPath trained on STARC-9 with 87M parameters achieved 99%
accuracy, significantly outperforming UNI trained on NCT (80.43%) and HiPT trained on HMU
(91.99%), emphasizing the importance of domain-specific pretraining. Custom models trained from
scratch, such as a CNN and Histo-ViT trained on STARC-9, achieved accuracies of 97.81% and
96.32%, respectively, highlighting the ability of high-quality, domain-specific training data to enable
effective representation learning without the overhead of pre-training and risk of overfitting. Overall,
these results emphasize the importance of diverse, high-quality training samples for developing
robust tissue classification models. The consistent improvements in precision, recall, and F1-macro
scores across all tissue types highlight the advantage of STARC-9’s data diversity, which contributed
to the over 97% accuracy, even for models without extensive pretraining. CTransPath trained on
STARC-9 consistently outperformed ViT-base (trained on NCT) and HiPT (trained on HMU) across
all evaluation metrics on external validation sets.

Table 2 reports the precision, recall, F1-macro, and accuracy metrics for the top-performing
models (with respect to accuracy in Table 1), when validated on STANFORD-CRC-HE-VAL-
SMALL, STANFORD-CRC-HE-VAL-LARGE, and CURATED-TCGA-CRC-HE-VAL-20K. These
top-performing models were: ViT-Base trained on NCT, HiPT trained on HMU, and CTransPath
trained on STARC-9. For STANFORD-CRC-HE-VAL-SMALL, the STARC-9-trained CTransPath
model achieved 99.75% precision, 99.73% recall, 99.74% F1- macro, and 99.73% accuracy - signifi-
cantly higher than the other models, which showed lower recall and F1-macro scores. Similarly, on

Table 1: Multi-class tissue classification performance of baseline, SOTA, pathology foundation, and
custom models trained on HMU, NCT, and STARC-9 for seven common tissue types (ADI, LYM,
MUS, MUC, NCS, TUM, NOR) evaluated on the STANFORD-CRC-HE-VAL-LARGE dataset. The
highest accuracy models for each dataset are highlighted in bold.

Model Precision Recall F1-macro Accuracy No. of
params.NCT HMU STARC-9 NCT HMU STARC-9 NCT HMU STARC-9 NCT HMU STARC-9

Baseline models
ResNet50 [10] 84.08 87.81 98.92 62.59 85.71 98.64 63.17 86.00 98.78 62.59 85.71 98.64 24 M
EfficientNet-B7 [38] 89.99 88.65 99.11 82.47 87.45 98.80 84.55 87.87 98.95 82.47 84.45 98.80 64 M
ViT-base [8] 92.71 91.57 98.49 84.25 90.29 98.09 87.30 90.87 98.28 84.25 90.29 98.09 86 M

SOTA models
DeiT-B [41] 94.28 90.97 98.99 81.63 90.05 98.65 85.35 90.40 98.81 81.63 90.05 98.65 86 M
Swin Trans-base [21] 90.11 93.17 99.09 79.05 91.88 98.80 82.52 92.46 98.94 79.05 91.88 98.79 87 M
KimiaNet [32] 87.25 88.60 99.03 71.53 86.67 98.72 71.53 87.04 98.87 68.69 86.67 98.72 7M
ConvNeXT-base [22] 91.95 92.09 99.01 82.82 91.07 98.36 85.56 91.50 98.68 82.82 91.07 98.36 88 M

Pathology foundation models
CTransPath [44] 90.11 93.17 99.34 79.05 91.88 99.00 82.52 92.46 99.16 79.05 91.88 99.00 87 M
HiPT [6] 90.92 93.21 98.64 74.51 91.99 98.32 77.41 92.54 98.47 74.51 91.99 98.32 86 M
ProvGigPath [45] 89.43 91.47 98.74 74.18 90.60 98.37 78.40 90.92 98.55 74.18 90.60 98.37 305 M
PathDino [1] 92.93 91.19 98.67 77.35 89.64 98.37 81.71 90.22 98.51 77.35 89.64 98.37 22 M
CONCH [25] 91.53 91.41 98.56 75.69 90.02 98.19 78.08 90.52 98.37 75.69 90.02 98.19 87 M
UNI [7] 94.55 93.03 98.67 80.43 91.80 98.25 84.42 92.36 98.45 80.43 91.80 98.26 88 M
Virchow [42] 92.51 92.35 98.63 79.02 91.23 98.28 82.05 91.69 98.45 79.02 91.23 98.28 305 M
VIM4PATH [28] 91.51 92.66 98.53 75.41 91.50 98.27 79.10 92.01 98.40 75.41 91.50 98.29 86 M

Customized models (trained from scratch)
CNN 83.97 78.45 98.10 64.21 68.10 97.81 68.12 66.39 97.93 64.21 68.10 97.81 3.9 M
Histo-ViT 86.17 76.45 96.88 69.48 67.16 96.32 72.01 67.77 96.52 69.48 67.16 96.32 86 M
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Table 2: Multi-class tissue classification performance of the best-performing models trained on HMU,
NCT, and STARC-9 for seven common tissue types on the validation sets.

Precision Recall F1-macro AccuracyValidation dataset NCT HMU STARC-9 NCT HMU STARC-9 NCT HMU STARC-9 NCT HMU STARC-9
STANFORD-CRC-
HE-VAL-SMALL 88.52 90.22 99.75 76.19 88.34 99.73 79.34 89.16 99.74 76.19 88.34 99.73

STANFORD-CRC-
HE-VAL-LARGE 92.71 93.21 99.34 84.25 91.99 99.00 87.30 92.54 99.16 84.25 91.99 99.00

CURATED-TCGA-
CRC-HE-VAL-20K 89.69 92.21 99.03 72.42 90.9 98.85 76.74 91.45 98.94 72.42 90.9 98.85

IMP-CRS10K 63.29 65.06 96.70 42.77 61.99 94.88 45.85 62.46 95.55 69.62 76.40 96.61

STARC-9-HE-VAL-LARGE, CTransPath maintained its lead, with 99.34% precision, 99.00% recall,
99.16% F1-macro, and 99.00% accuracy. Even on the more challenging STANFORD-TCGA-CRC-
HE-20K set, CTransPath consistently achieved near-perfect precision (99.05%), recall (98.88%), and
F1-macro (98.96%), demonstrating excellent generalization and robustness across diverse tissue types.
To further evaluate the generalizability of the model trained on STARC-9, we curated a small test set
of the seven common tissue classes taken from 10 WSI from the IMP-CRS10K biopsy/polypectomy
dataset [29]. In total, 1,093 image tiles were annotated for model performance validation, in which the
STARC-9-trained model achieved a 95.55% F1-macro and 96.61% accuracy, consistently outperform-
ing the HMU and NCT–trained models. It would also be interesting to evaluate the performance of
the models trained on STARC-9 on the NCT and HMU datasets. However, as noted in Section 2 (and
in reference [11]), the publicly available validation sets from NCT and HMU contain a substantial
fraction of artifact-laden or mislabeled tiles, as well as "ambiguous" tiles with more than one tissue
type represented within the same tile, despite only a single tissue-type label being assigned to the
tile. In order to utilize these two datasets as reliable validation datasets, pathologist re-verification
and correction/refinement of the tile-level labels would be necessary, which is labor-intensive and
infeasible, given that the original WSI used to generate these two datasets were not publicly available
for verification of label accuracy.

Feature map visualization analysis: Figure 3 illustrates the significant impact of training data
quality on model feature activations for multi-class tissue classification. The figure presents acti-
vation maps generated by models trained on HMU, NCT, and STARC-9 for three representative
ground truth input tiles (NOR, TUM, and mixed TUM) in panels (a), (b), and (c), respectively.
Models trained on STARC-9 consistently focused on diagnostically relevant histologic features,
aligning closely with pathologist evaluation patterns, while those trained on NCT and HMU of-
ten activated less diagnostically relevant regions. In Figure 3(a), while all three models correctly
predicted the normal (NOR) class, the model trained on HMU activated more dispersed, less rel-
evant regions, reflecting its exposure to less-representative training data. The NCT-trained model
captures some vague cellular architecture, but lacks comprehensive coverage of relevant structures.

Figure 3: Feature map visualizations for the best models
trained on HMU, NCT, and STARC-9.

In contrast, the STARC-9 model accu-
rately focuses on the regions critical
for the diagnosis, demonstrating the
impact of well-curated, diverse train-
ing samples on models’ ability to cap-
ture subtle, diagnostically relevant his-
tologic features. In Figure 3(b), for
a tumor (TUM) tile, both HMU and
NCT-trained models highlight broad,
non-specific regions, missing critical
cellular features necessary for precise
tumor identification. However, the
STARC-9-trained model effectively
captures the full structural context of
the tumor, aligning closely with the
pathologist’s focus on tightly packed,
hypercellular regions typical of tumor
tissue. In the challenging case of a
mixed tissue-type tile containing both
tumor (TUM) and necrosis (Figure
3(c)), the HMU-trained model incorrectly classifies the tile as containing necrosis (NCS) and the
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NCT-trained model correctly classifies it as tumor (TUM), but with poorly localized feature activa-
tions, indicating a less precise spatial understanding. In contrast, the model trained on STARC-9,
which contains the complex, mixed tissue-type context often found in real-world WSI, accurately
identifies the most clinically significant tumor regions. These feature map visualizations illustrate the
high generalization capacity of models trained on STARC-9, further emphasizing the importance of
diverse, high-quality training samples for robust, clinically relevant tissue classification.

Tissue map visualization: Figure 8 in Technical Appendices Section H shows tissue segmentation
maps generated by remapping the tile-level classifications from models trained on STARC-9, NCT,
and HMU back onto their respective WSI. This approach provides a quick, intuitive overview of
WSI-level tissue composition for pathologist verification. For the sample regions highlighted for
normal mucosa (NOR), necrosis (NCS), tumor (TUM), muscle (MUS), lymphoid tissue (LYM),
mucin (MUC), and adipose tissue (ADI) in Figure 8(a), the model trained on STARC-9 consistently
produced more accurate and contextually relevant predictions (Figure 8(d)), closely aligning with
pathologist assessments. In contrast, models trained on NCT (Figure 8(c)) and HMU (Figure 8(b))
exhibited significant misclassification, particularly within challenging regions containing mixed
tissue-type tiles. Notably, NCS classification was over 45% and 90% more accurate, when compared
to the models trained on HMU and NCT, respectively. Additionally, blood-containing (BLD) regions,
which were frequently misclassified as NCS by both the NCT and HMU-trained models, were
correctly identified by the STARC-9-trained model (Figure 8(e)). Furthermore, the STARC-9-trained
model demonstrated significantly lower confusion (over 80% error rate reduction) between the NOR,
TUM, and MUC classes, compared to the models trained on HMU and NCT. Similarly, TUM regions,
often misclassified as MUC by HMU and NCT (over a 30% error rate), were better delineated by
the STARC-9-trained model. While all three models performed consistently across simple tissue
types such as LYM and ADI, the STARC-9-trained model achieved over 85% accuracy on mixed
tissue-type tiles, significantly outperforming the models trained on HMU (55%) and NCT (42%).

4.2 Tumor Tissue Segmentation

Among the most common downstream applications for multi-class tissue classification is tissue
segmentation, especially tumor region segmentation, which allows for the automated identification
and cropping of tumor-containing regions for subsequent annotation, ROI selection, diagnosis,
and prognostication. This approach also facilitates downstream applications such as MSI [46]
and other biomarker status prediction, and supports survival modeling [15] for risk stratification
and personalized treatment planning. In this context, we conducted experiments to evaluate the
effectiveness of models trained on HMU, NCT, and STARC-9 for tumor segmentation, focusing on
their ability to accurately identify tumor regions that are important for clinical decision-making. As
there were no publicly available CRC WSI repositories with readily usable, high-quality TUM masks
for a larger scale experiment, and existing weakly-supervised tools did not provide the precision
required for generating tissue segmentation masks, we prepared a test set by enlisting pathologists to
manually annotate (ground truth) the TUM region in patches of size 2048×2048 pixels using QuPath
[2]. We selected 45 patches (3 per slide) from 15 Stanford WSI and 50 patches (2 per slide) from
25 TCGA-CRC WSI, which were fully independent of our training and validation sets, for a more
controlled evaluation of model performance [4]. Some patches contained mixed tissue types in order
to evaluate the effectiveness of the trained models. For example, as shown in Figure 4, one region

Figure 4: Tumor segmentation within 2048x2048 regions from a WSI from the CURATED-TCGA-
CRC-HE-VAL dataset using tile-level classifiers trained on HMU, NCT, and STARC-9.
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Table 3: Model evaluation for TUM segmentation on the Stanford and TCGA-CRC datasets.
IoU (%) Dice score (%)Dataset NCT HMU STARC-9 NCT HMU STARC-9

Stanford 67.19 ± 21.53 64.68 ± 24.21 89.33 ± 8.76 78.20 ± 17.01 75.49 ± 21.01 90.47 ± 8.14
TCGA-CRC 51.94 ± 37.94 58.89 ± 29.42 88.81 ± 10.90 58.90 ± 31.38 68.85 ± 22.10 89.38 ± 9.14

contained predominantly tumor, while the other included a mix of tumor and non-tumor tissue (NCS),
providing more challenging segmentation.

For segmentation evaluation, each 2048x2048 pixel region was divided into 64 non-overlapping
256x256 pixel tiles and normalized to match the input requirements of the trained models. Tile-level
classification was then performed using the best-performing model trained on each dataset. If a
tile was correctly classified as TUM, its location within the ground truth segmentation mask was
highlighted in green, while misclassified TUM tiles were marked in red, as shown in Figure 4. This
approach allowed a direct visual comparison of each model’s ability to accurately identify tumor
regions. We observed that the model trained on STARC-9 significantly outperformed those trained
on NCT and HMU, achieving an Intersection-over-Union (IoU) score of 92.91% for the mixed tissue-
type sample, compared to 73.39% for NCT and 71.6% for HMU. This reflects the STARC-9-trained
model’s exceptional ability to capture fine-grained tissue features and effectively distinguish tumor
regions, even within heterogeneous tissue contexts. For the pure tumor sample, the STARC-9-trained
model also demonstrated higher performance, with a 99.48% IoU, significantly surpassing that of the
models trained on NCT (84.17%) and HMU (92.17%). These results emphasize the critical role of
diverse, high-quality training samples in developing robust, clinically relevant tissue classification
models, particularly for challenging segmentation tasks.

Table 3 reports IoU and Dice scores for tumor segmentation on these held-out sets. Models trained on
STARC-9 achieved mean Dice scores of 90.47±8.14% on the Stanford dataset and 89.38±9.14% on
the TCGA-CRC dataset, approximately 14% and 17% higher than those trained on NCT and HMU
when evaluated on the Stanford dataset, and 35% and 23% higher when evaluated on the TCGA-CRC
dataset, respectively. Moreover, STARC-9-trained models exhibited substantially narrower standard
deviations in both IoU and Dice scores, demonstrating more consistent and robust tumor delineation
across diverse samples.

5 Conclusion

In this work, we introduce STARC-9, a large-scale, high-quality dataset for multi-class tissue
classification for CRC histopathology. Comprising 630,000 non-overlapping high-resolution image
tiles across nine clinically relevant tissue types, STARC-9 addresses critical limitations in existing
datasets, including class imbalance, low tissue diversity, and low-quality tiles. We also present
DeepCluster++, a flexible framework that combines unsupervised feature extraction, clustering, and
equal-frequency binning to efficiently select diverse representative training examples from each WSI.
Extensive benchmarking studies utilizing a wide range of deep learning models, including baseline
CNNs, state-of-the-art transformers, pathology-specific foundation models, and custom deep learning
models trained from scratch, demonstrate the superior classification performance of models trained
on STARC-9 versus the publicly available NCT and HMU datasets, achieving over 98% accuracy on
various independent validation datasets. The STARC-9-trained model also exhibited higher tumor
segmentation accuracy, effectively capturing fine-grained tumor features critical for diagnosis and risk
stratification, highlighting the importance of high-quality, diverse training data in model development.

Limitations and future scope: While STARC-9 contains extensive CRC tissue diversity across 9 tissue
types, these may not exhaustively cover all potential tissue types found in CRC resections. Future work
might focus on incorporating additional, more granular tissue classes, as well as expanding the dataset
for multi-modal applications through the addition of large-scale image-caption pairs. Additionally, as
STARC-9 is limited to CRC patients, its relevance for model validation for other cancer types not
sharing similar tumor morphologies or background non-tumor tissue classes (for example, central
nervous system tumors) remains to be explored. STARC-9 reflects local demographics, with limited
Black and Native American representation. While race may not affect tissue morphology, broader
inclusion is vital for fair, generalizable models. Lastly, we acknowledge that our dataset originates
from a single institution and emphasize the need for future extensions incorporating multi-institutional
data to enhance diversity and ensure fairness in downstream biomedical AI models.
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NeurIPS Paper Checklist

1. Claims
Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]

Justification: Section 4 comprehensively covers the claims made in the abstract.

Guidelines:

• The answer NA means that the abstract and introduction do not include the claims
made in the paper.

• The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

• The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

• It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

2. Limitations
Question: Does the paper discuss the limitations of the work performed by the authors?

Answer: [Yes]

Justification: It is included in the conclusion section.

Guidelines:

• The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.

• The authors are encouraged to create a separate "Limitations" section in their paper.
• The paper should point out any strong assumptions and how robust the results are to

violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.

• The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

• The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

• The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

• If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

• While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory assumptions and proofs
Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [NA]
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Justification: The paper does not include theoretical results.
Guidelines:

• The answer NA means that the paper does not include theoretical results.
• All the theorems, formulas, and proofs in the paper should be numbered and cross-

referenced.
• All assumptions should be clearly stated or referenced in the statement of any theorems.
• The proofs can either appear in the main paper or the supplemental material, but if

they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

• Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

• Theorems and Lemmas that the proof relies upon should be properly referenced.
4. Experimental result reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?
Answer: [Yes]
Justification: It is included in the Supplementary Materials.
Guidelines:

• The answer NA means that the paper does not include experiments.
• If the paper includes experiments, a No answer to this question will not be perceived

well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

• If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

• Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
instructions for how to replicate the results, access to a hosted model (e.g., in the case
of a large language model), releasing of a model checkpoint, or other means that are
appropriate to the research performed.

• While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.
(b) If the contribution is primarily a new model architecture, the paper should describe

the architecture clearly and fully.
(c) If the contribution is a new model (e.g., a large language model), then there should

either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code
Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?
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Answer: [Yes]
Justification: It is included in the Supplementary Materials.
Guidelines:

• The answer NA means that paper does not include experiments requiring code.
• Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

• While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

• The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

• The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

• The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

• At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

• Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLs to data and code is permitted.

6. Experimental setting/details
Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?
Answer: [Yes]
Justification: Section 4 includes all the necessary information.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The experimental setting should be presented in the core of the paper to a level of detail

that is necessary to appreciate the results and make sense of them.
• The full details can be provided either with the code, in appendix, or as supplemental

material.
7. Experiment statistical significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?
Answer: [NA]
Justification: Since we fine-tune our models on the entire STARC-9 dataset rather than using
repeated train/test splits, we do not perform cross-validation or multiple independent runs.
Consequently, there are no mean-and-standard-deviation estimates to report, and error bars
are not applicable.
Guidelines:

• The answer NA means that the paper does not include experiments.
• The authors should answer "Yes" if the results are accompanied by error bars, confi-

dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

• The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

• The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)
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• The assumptions made should be given (e.g., Normally distributed errors).
• It should be clear whether the error bar is the standard deviation or the standard error

of the mean.
• It is OK to report 1-sigma error bars, but one should state it. The authors should

preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

• For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

• If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments compute resources
Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: It is discussed in Section 4.

Guidelines:

• The answer NA means that the paper does not include experiments.
• The paper should indicate the type of compute workers CPU or GPU, internal cluster,

or cloud provider, including relevant memory and storage.
• The paper should provide the amount of compute required for each of the individual

experimental runs as well as estimate the total compute.
• The paper should disclose whether the full research project required more compute

than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code of ethics
Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?

Answer: [Yes]

Guidelines:

• The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.
• If the authors answer No, they should explain the special circumstances that require a

deviation from the Code of Ethics.
• The authors should make sure to preserve anonymity (e.g., if there is a special consid-

eration due to laws or regulations in their jurisdiction).

10. Broader impacts
Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer: [Yes]

Justification: Our STARC-9 dataset aims to improve colorectal cancer diagnostics, poten-
tially enhancing patient outcomes, but may also pose risks if used in biased or non-clinical
contexts without proper oversight.

Guidelines:

• The answer NA means that there is no societal impact of the work performed.
• If the authors answer NA or No, they should explain why their work has no societal

impact or why the paper does not address societal impact.
• Examples of negative societal impacts include potential malicious or unintended uses

(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.
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• The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

• The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

• If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

11. Safeguards
Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer: [NA]

Justification: The STARC-9 dataset is curated from clinical histopathology images, which
have low risk for misuse as they are fully de-identified and intended solely for medical
research and computational pathology applications. The dataset contains no identifiable
patient information.

Guidelines:

• The answer NA means that the paper poses no such risks.
• Released models that have a high risk for misuse or dual-use should be released with

necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

• Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.

• We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

12. Licenses for existing assets
Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]

Justification: The STARC-9 dataset is built on original WSI collected under institutional
review board (IRB) approval from Stanford University School of Medicine. All external
datasets used for model benchmarking, including NCT-CRC-HE-100K (Kather et al., 2019)
and HMU-GC-HE-30K (Lou et al., 2025), are appropriately cited clearly mentioned in the
manuscript.

Guidelines:

• The answer NA means that the paper does not use existing assets.
• The authors should cite the original paper that produced the code package or dataset.
• The authors should state which version of the asset is used and, if possible, include a

URL.
• The name of the license (e.g., CC-BY 4.0) should be included for each asset.
• For scraped data from a particular source (e.g., website), the copyright and terms of

service of that source should be provided.
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• If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

• For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

• If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.

13. New assets
Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?
Answer: [Yes]
Justification: The STARC-9 dataset, introduced in this paper, is thoroughly documented
with detailed metadata, including tissue type labels, tile extraction methods, preprocessing
steps, and license information. The dataset is released under the CC-BY 4.0 license, with
comprehensive documentation provided to ensure transparency, reproducibility, and proper
usage in downstream computational pathology applications.
Guidelines:

• The answer NA means that the paper does not release new assets.
• Researchers should communicate the details of the dataset/code/model as part of their

submissions via structured templates. This includes details about training, license,
limitations, etc.

• The paper should discuss whether and how consent was obtained from people whose
asset is used.

• At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.

14. Crowdsourcing and research with human subjects
Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?
Answer: [NA]
Justification: The STARC-9 dataset was curated from clinical histopathology images, which
does not involve crowdsourcing or direct interaction with human subjects. All data used
were fully de-identified and collected under appropriate institutional review board (IRB)
approval, with waived informed consent.
Guidelines:

• The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

• Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.

• According to the NeurIPS Code of Ethics, workers involved in data collection, curation,
or other labor should be paid at least the minimum wage in the country of the data
collector.

15. Institutional review board (IRB) approvals or equivalent for research with human
subjects
Question: Does the paper describe potential risks incurred by study participants, whether
such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
approvals (or an equivalent approval/review based on the requirements of your country or
institution) were obtained?
Answer: [Yes]
Justification: The STARC-9 dataset was curated under IRB approval with waived informed
consent, ensuring ethical compliance.
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Guidelines:
• The answer NA means that the paper does not involve crowdsourcing nor research with

human subjects.
• Depending on the country in which research is conducted, IRB approval (or equivalent)

may be required for any human subjects research. If you obtained IRB approval, you
should clearly state this in the paper.

• We recognize that the procedures for this may vary significantly between institutions
and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
guidelines for their institution.

• For initial submissions, do not include any information that would break anonymity (if
applicable), such as the institution conducting the review.

16. Declaration of LLM usage
Question: Does the paper describe the usage of LLMs if it is an important, original, or
non-standard component of the core methods in this research? Note that if the LLM is used
only for writing, editing, or formatting purposes and does not impact the core methodology,
scientific rigorousness, or originality of the research, declaration is not required.
Answer: [NA]
Justification: The core methods in this research do not involve LLMs as an important or
original component.
Guidelines:

• The answer NA means that the core method development in this research does not
involve LLMs as any important, original, or non-standard components.

• Please refer to our LLM policy (https://neurips.cc/Conferences/2025/LLM)
for what should or should not be described.
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A Patient demographic details

For the STARC-9 dataset, as shown in Figure 5, 53% of patients were male and 47% female, with
racial/ethnic distribution 64.5% White, 14% Hispanic, 12.5% Asian/Pacific Islander, 3.5% Black, and
5.5% Other/Unknown. Age range: 23-97 yrs (mean 62.9 yrs, standard deviation 16 yrs). Tumor grade
distribution: 13% Grade 1 (n=26), 65% Grade 2 (n=130), 20% Grade 3 (n=4), and 2% Grade Not
Applicable (n=4, all medullary carcinomas). Histologic subtypes: 88.5% (n=177) Adenocarcinoma,
6.5% (n=13) Mucinous Adenocarcinoma, 2% (n=4) Medullary Carcinoma, 1.5% (n=3) Signet-ring
Cell Carcinoma, and 1.5% (n=3) Carcinoma, Type Undetermined. Regarding microsatellite instability
status: 56% (n=112) microsatellite stable (MSS), 9% (n=18) microsatellite unstable (MSI), 35% MSI
status unknown. Tumor location: 43% (n=86) Right/ transverse colon, 28% (n=56) Left colon/splenic
flexure/rectosigmoid, and 29% (n=58) Rectum.

Figure 5: STARC-9 patient demographic details.

As WSI naturally vary in the amount and composition of tissue present on a slide, the per-patient and
even per-tissue class tile counts were inherently imbalanced (for example, WSI with a high tumor
volume tended to contain more NCS and MUC tiles). As this imbalanced tile distribution reflects
the naturally diverse/heterogeneous tissue-type class distribution, it would be infeasible to balance
the number of tiles of each tissue class per patient without running into the issues of (1) having an
insufficient number of tiles from some patients and (2) needing to discard valid/informative tiles from
some patients. Therefore, we did not seek to balance the number of tiles per patient.

B Advantages of using an AutoEncoder for feature extraction

In constructing a high-quality, diverse, and representative histopathology dataset, the choice of a
feature extractor is critical. We chose a custom-trained autoencoder (AE_CRC) over off-the-shelf
pathology foundation models for three main reasons:

Task-specific features: Foundation models in computational pathology are typically trained with
classification or contrastive losses to distinguish major diagnostic categories. However, these dis-
criminative objectives often fail to capture subtle intra-class variations essential for representing
the full morphologic spectrum of tissue types. Conventional supervised encoders like ResNet50,
EfficientNet-B7, and KimiaNet perform well on label-based separation but overlook fine-grained
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structural differences critical for interpretability and intra-class diversity. In contrast, the encoder
from a trained autoencoder learns domain-specific, structure-preserving representations by optimizing
a reconstruction objective using structural similarity loss (SSIM). This forces the model to retain
texture, contrast, and architectural details, resulting in a latent space that captures morphologic
richness rather than collapsing it into narrow class distinctions. Consequently, the autoencoder can
identify diverse tumor subtypes or subtle regional variations that classification-based encoders miss.

While contrastive models such as DINOv2 excel in self-supervised representation learning, they
tend to over-separate biologically related tissues, reducing structural coherence within classes. The
proposed autoencoder-based encoder, on the other hand, preserves biologically meaningful rela-
tionships, aligning clusters based on true morphologic proximity in the embedding space. This
structure-preserving approach supports balanced sampling, enabling the construction of morphologi-
cally diverse and clinically meaningful datasets such as STARC-9, where representational fidelity
and efficient sampling are paramount for robust model development.

Domain-specific sensitivity: By training exclusively on over 100,000 CRC tiles, AE_CRC becomes
finely attuned to colorectal (and other tubular gastrointestinal tract) histopathology. It learns to
distinguish the fine-grained features present within tissue types such as NOR, MUC, TUM, and NCS.
This is in contrast to existing pathology foundation models, which are trained on a wide variety of
organs and tasks, causing these models to overlook the specific fine-grained features necessary for
accurate representation within the latent space.

Efficiency and scalability: Large foundation models (e.g., CTransPath, UNI, CONCH) require
substantial GPU resources and slower embedding times. AE_CRC, in contrast, is lightweight and fast
to implement on standard hardware, making it practical for clustering 630,000 tiles in DeepCluster++
without incurring prohibitive compute costs.

In our experiments, clustering with AE_CRC embeddings produced more coherent and morphology-
driven groups compared to models trained on natural images (e.g., ImageNet) or contrastive learning-
based pathology encoders. This allowed DeepCluster++ to effectively sample both prototypical and
edge-case tiles, ensuring comprehensive coverage of histologic diversity. The reconstruction-based
learning objective thus aligns well with the goal of building a large-scale, diverse histopathology
benchmark dataset. However, when applying this framework to a different dataset, it may be necessary
to retrain the AE_CRC model on the target data before integration into DeepCluster++.

C SSIM vs MSE loss functions in AutoEncoder

To ensure the AutoEncoder learned higher-level histologic and morphologic structures rather than
low-level pixel statistics, we trained it using a structural similarity loss (SSIM). Compared to a model
trained with mean squared error (MSE) loss, the SSIM-based AutoEncoder achieved significantly
better reconstruction quality on the validation set STANFORD-CRC-HE-VAL-SMALL, showing
lower pixel error (0.0012 vs 0.0015), higher SSIM (0.9262 vs 0.8863), and greater Peak Signal-
to-Noise Ratio (PSNR) (32.48 dB vs 28.53 dB) on average. These metrics confirm high-fidelity
reconstruction of complex tissue types such as necrosis (NCS) and tumor (TUM), as illustrated in
Figure 2(a). By explicitly optimizing for texture, contrast, and spatial structure, SSIM encourages
the encoder to capture perceptually meaningful features rather than minimizing pixel-level intensity
differences. This results in a latent space rich in fine-grained morphologic representations, leading to
distinct and coherent clusters in DeepCluster++. In contrast, MSE-based models often blur subtle
variations and reduce cluster purity by focusing on pixel accuracy rather than structural integrity.
The observed reconstruction quality demonstrates that the AutoEncoder-based feature extractor
surpasses task-specific and contrastive encoders in capturing diverse and biologically relevant tissue
morphologies, thereby offering a more reliable foundation for clustering and representation learning.

D Additional experiments with recent models

We trained and evaluated recent models such as TransNeXt [34], OverLoCK [23], and Beit-base
[3] with masked image modeling on the NCT, HMU, and STARC-9 datasets. The comprehensive
results are presented in Table 4. While these recent models demonstrate competitive performance,
they did not surpass our best-performing combinations: CTransPath on STARC-9, HiPT on HMU,
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Table 4: Evaluation of additional models on the validation datasets.
F1-Macro (%) Accuracy (%)Model NCT HMU STARC-9 NCT HMU STARC-9

Model
size

STANFORD-CRC-HE-VAL-SMALL
TransNeXt [34] 59.68 56.57 98.60 73.89 64.22 98.61 110M
OverLoCK [23] 63.75 62.09 97.20 79.00 68.98 97.22 24.3M
Beit-base [3] 59.95 76.48 98.17 74.08 86.17 98.20 86.5M

STANFORD-CRC-HE-VAL-LARGE
TransNeXt [34] 59.62 55.05 98.58 73.55 62.78 95.68 110M
OverLoCK [23] 63.69 55.56 98.85 79.29 64.09 98.87 24.3M
Beit-base [3] 62.01 78.11 98.61 77.03 88.40 98.68 86.5M

CURATED-TCGA-CRC-HE-VAL-20K
TransNeXt [34] 58.95 51.92 95.57 72.65 61.70 96.07 110M
OverLoCK [23] 64.47 53.93 95.38 80.25 62.98 95.56 24.3M
Beit-base [3] 57.45 72.57 97.93 71.75 82.11 97.87 86.5M

and ViT-base on NCT (as reported in Table 1. Notably, models trained on STARC-9 consistently
achieve superior performance across all architectures, validating our dataset’s quality and diversity.

Regarding contrastive learning, we have extensively evaluated several state-of-the-art pathology-
specific foundation models (CTransPath, UNI, CONCH, Virchow, etc.) that employ contrastive
learning and are pre-trained on histopathologic images, as comprehensively discussed in Section 4.1.
These experiments demonstrate that our STARC-9 dataset enables competitive performance even
with the latest architectural advances.

E Relationship between model size and dataset-specific performance

Across the NCT, HMU, and STARC-9 datasets, the relationship between model size and classification
accuracy did not follow a simple linear trend, as shown in Figure 6. Instead, model performance
appeared to depend far more on architectural design and domain alignment than on the number of
parameters. For instance, when trained on the STARC-9 dataset, CTransPath achieved the highest
accuracy (99%), despite having only about 87 million parameters, which is considerably smaller than
models such as ProvGigPath or Virchow (both 305 million parameters), as shown in Table 5. This
result suggests that histopathology-specific pretraining and architectural efficiency enable CTransPath
to capture subtle morphologic cues better than very large, general-purpose models that risk overfitting
given the moderate dataset size of STARC-9.

When trained on the HMU dataset, HiPT outperformed all other architectures, with an accuracy of
91.99%. Like CTransPath, HiPT belongs to the class of medium-sized transformer models (around 86
million parameters). Its hierarchical patch-embedding design effectively integrates local and global
contextual features, which seems particularly beneficial for tissue patterns requiring multiscale spatial
reasoning. Larger models such as ProvGigPath and Virchow again offered no significant performance
improvement, implying diminishing returns once models exceed roughly 100 million parameters.

Figure 6: Relationship between model size and dataset-specific performance.
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Table 5: Model size and performance (bold-face denotes highest performance on each dataset).
Model No. of params. NCT HMU STARC-9

CNN 3.9 M 64.21 68.1 97.81
KimiaNet 7M 68.69 86.67 98.72
PathDino 22 M 77.35 89.64 98.37
ResNet50 24 M 62.59 85.71 98.64
EfficientNet-B7 64 M 82.47 84.45 98.8
ViT-base 86 M 84.25 90.29 98.09
HiPT 86 M 74.51 91.99 98.32
Histo-ViT 86 M 69.48 67.16 96.32
VIM4PATH 86 M 75.41 91.5 98.29
DeiT-B 86 M 81.63 90.05 98.65
Swin Trans-base 87 M 79.05 91.88 98.79
CTransPath 87 M 79.05 91.88 99
CONCH 87 M 75.69 90.02 98.19
ConvNeXT-base 88 M 82.82 91.07 98.36
UNI 88 M 80.43 91.8 98.26
ProvGigPath 305 M 74.18 90.6 98.37
Virchow 305 M 79.02 91.23 98.28

The HMU dataset thus appears best served by architectures that balance representational power with
generalization capacity rather than raw scale.

For the NCT dataset, ViT-base achieved the best performance (84.25%) among all evaluated models.
Although it shares a similar parameter range with HiPT and CTransPath, ViT’s pure attention mecha-
nism captures patch-level variations and color normalization differences characteristic of the NCT
slides. In contrast, smaller CNN-based models (e.g., a 3.9-million-parameter CNN) underperformed
due to limited capacity for modeling long-range dependencies, while much larger networks did not
yield further gains. This reinforces that the optimal model capacity for histopathology datasets often
lies within a moderate range where sufficient complexity is achieved without overfitting risk.

When comparing the training results across all three datasets, a trend is consistent: medium-sized
transformer architectures, typically between 80 and 90 million parameters, deliver the most reliable
and generalizable performance. Larger models do not necessarily outperform smaller ones, as the
marginal benefit of additional parameters diminishes once the representational capacity surpasses the
diversity of the dataset. These findings emphasize that, for computational pathology, model design
and domain pretraining (resulting in effective representation learning tailored to tissue morphology
and staining variability) are far more important than model size.

F Advantages of DeepCluster++ for computational pathology

The proposed approach significantly reduces the manual burden of annotation and tile selection,
compared to the conventional approach to constructing tissue-type classification datasets (which
involves manual pathologist delineation of ROI within a WSI, followed by extraction of tiles from
these ROIs). In contrast, with our automated DeepCluster++ framework, once the tiles have been
collected for each tissue class within a WSI (which would normally require a significant amount of
human time and effort using the conventional manual approach), a pathologist can simply use QuPath
software to re-map the collected tiles back onto the original WSI from which they were taken, then
confirm through a quick WSI-level visual inspection that the tiles for each tissue class were correctly
assigned by DeepCluster++. This quality-control pass takes less than five minutes per slide, which is
significantly less time than would be required to perform manual ROI annotation for each tissue class
(following the conventional annotation and tile selection approach). By restricting the pathologist’s
workload to this final WSI-level verification step, our DeepCluster++ allows for the collection of
tissue-type specific datasets with high-confidence labels and significantly reduced manual effort.

G Ablation study

For the DeepCluster++ framework, performing a comprehensive ablation study by varying multiple
configuration parameters and extracting large-scale datasets from 200 WSI is time-intensive, as it
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requires tile verification prior to downstream task evaluation. Therefore, we carried out a targeted
ablation on 10 randomly selected WSI (independent of training/validation) for the TUM and NCS
classes:

Number of samples per cluster (m): Determining the number of clusters (K) and m is very chal-
lenging, and especially with histopathology-based tiles, it is difficult to set one value for the number
of clusters and samples. We tested m = 100 to 800, finding that a small (m ≈ 100) yielded many
tiny, redundant clusters, while a large (m > 800) resulted in mixing of tissue types. We found that
m ≈ 400 balanced intra-cluster purity and inter-cluster diversity. Table 6 shows the trade-off between
the size of the cluster and the purity (inverse of the Shannon entropy) based on the fixed number of
significant variations in TUM and NCS tissue morphology. As m increases, purity decreases (entropy
rises). We selected m = 400, as it yielded substantial morphologic variation while maintaining
low tissue-type admixture, representing the best balance for our goal. If deciding m is complex
for a dataset, it is recommended that the number of clusters and samples per cluster be set using
K = m =

√
T [37], where T is the number of tiles from a WSI.

Table 6: Cluster quality analysis.
m Average Entropy Morphologic variation

200 0.12 Low
400 0.41 High
600 1.73 High (but mixed tissue types)
800 2.17 High (but highly mixed tissue types)

Figure 7: Ablation on the number of bins (g) using
average inverse Shannon entropy.

Number of bins (g): Fixing the number of
tiles per cluster at m = 400 for a single tis-
sue type, we performed an ablation on the
number of equal-frequency distance bins, g ∈
{1, 2, ..., 10}. Each cluster contained approxi-
mately 4 to 6 distinguishable morphologic vari-
ants (e.g., structural subtypes within TUM). To
assess within-bin homogeneity, we computed
the average inverse normalized Shannon entropy,
I(g), across bins, capturing the consistency of
morphologic patterns within each bin. As illus-
trated in Figure 7, I(1) was the highest because
a single coarse bin merges all five morphologic
variants, causing admixture of heterogeneous tiles and redundancy in sampled images. In contrast,
I(10) was the lowest, as the data became excessively fragmented, with similar patterns being split
across different bins, with each bin containing few tiles with nearly identical appearances, reducing
the overall morphologic diversity.

Interestingly, the range g = 4 to 6 provided a balanced configuration: bins exhibited sufficient internal
similarity while maintaining broad coverage across the morphologic continuum, from prototypical
(near-centroid) to atypical (edge-of-cluster) tiles. In practice, the number of significant variants
can differ across tissue types, making it impractical to fix g purely by empirical morphologic
counts. Therefore, to mitigate excessive variability at smaller bin counts (g = 4) and prevent
over-fragmentation at larger counts (g > 5), we identified g = 5 as the optimal trade-off between
within-bin similarity and across-bin diversity. This configuration consistently preserved meaningful
morphologic transitions while maintaining stable sampling performance across tissue types.

Sampling percentage (20%): Following the selection of g=5, we sampled an equal 20% of tiles
from each bin to ensure a uniform and unbiased representation across the morphologic spectrum.
This strategy guaranteed that all morphologic variants, from highly prototypical to rare atypical
appearances, were proportionally included in the dataset. The 20% sampling rate offered a practical
balance between computational efficiency and morphologic coverage. Depending on the specific
requirements of downstream tasks (e.g., classification, segmentation, or survival modeling), the
sampling ratio can be scaled up or down to expand or contract the dataset size while maintaining
representational consistency.
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H Tile-level prediction map overlaid on the WSI.

NCT: adipose (ADI), lymphocytes (LYM), smooth muscle (MUS), mucus (MUC), debris (DEB),
colorectal adenocarcinoma epithelium (TUM), normal colon mucosa (NORM), cancer-associated
stroma (STR), background (BACK)

HMU: adipose tissue (ADI), lymphocyte aggregates (LYM), muscle (MUS), mucus (MUC), debris
(DEB), tumor epithelium (TUM), normal mucosa (NORM), stroma (STR)

STARC-9: adipose tissue (ADI), lymphoid tissue (LYM), muscle (MUS), fibroconnective tissue
(FCT), mucin (MUC), necrosis (NCS), blood (BLD), tumor (TUM), and normal mucosa (NOR)

Names for the same tissue type in different datasets: DEB in NCT/HMU corresponds to NCS in
STARC-9 and NORM in NCT/HMU corresponds to NOR in STARC-9.

Figure 8: Tile-level prediction maps overlaid on a given input WSI (a) using the best-performing
models trained on (b) HMU, (c) NCT, and (d) STARC-9 for the seven common tissue classes (ADI,
LYM, MUS, MUC, NCS, TUM, NOR). Tiles assigned to classes outside these seven (e.g., stroma-
STR in HMU/NCT and BLD and FCT in STARC-9) are shown in black (Uncommon tissue classes).
Panel (e) shows all nine classes (included in STARC-9) mapped back to the input WSI.
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I Confusion matrices for the best-performing models (trained on NCT, HMU,
and STARC-9) on STANFORD-CRC-HE-VAL-LARGE for seven common
tissue types.

(a) NCT

(b) HMU
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(c) STARC-9

Figure 9: Confusion matrices for the best-performing models on STANFORD-CRC-HE-VAL-
LARGE for seven common tissue types.

J Confusion matrices for the best-performing models (trained on NCT, HMU,
and STARC-9) on CURATED-TCGA-CRC-HE-VAL-20K for seven
common tissue types.

(a) NCT
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(b) HMU

(c) STARC-9

Figure 10: Confusion matrices for the best-performing models on CURATED-TCGA-CRC-HE-VAL-
20K for seven common tissue types.
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K Confusion matrices for the best-performing models (trained on NCT,
HMU, and STARC-9) on STANFORD-CRC-HE-VAL-SMALL for seven
common tissue types.

(a) NCT

(b) HMU
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(c) STARC-9

Figure 11: Confusion matrices for the best-performing models on STANFORD-CRC-HE-VAL-
SMALL for seven common tissue types.

33



L ROC curves for the best-performing models (trained on NCT, HMU, and
STARC-9) on STANFORD-CRC-HE-VAL-LARGE for seven common
tissue types.

(a) NCT

(b) HMU
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(c) STARC-9

Figure 12: ROC curves for the best-performing models on STANFORD-CRC-HE-VAL-LARGE for
seven common tissue types.

M ROC curves for the best-performing models (trained on NCT, HMU, and
STARC-9) on CURATED-TCGA-CRC-HE-VAL-20K for seven common
tissue types.

(a) NCT
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(b) HMU

(c) STARC-9

Figure 13: ROC curves for the best-performing models on CURATED-TCGA-CRC-HE-VAL-20K
for seven common tissue types.
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N ROC curves for the best-performing models (trained on NCT, HMU, and
STARC-9) on STANFORD-CRC-HE-VAL-SMALL for seven common
tissue types.

(a) NCT

(b) HMU
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(c) STARC-9

Figure 14: ROC curves for the best-performing models on STANFORD-CRC-HE-VAL-SMALL for
seven common tissue types.

O Tumor segmentation within 2048x2048 regions from a WSI from the
STANFORD-CRC-HE-VAL-LARGE dataset.

Figure 15: Tumor segmentation within 2048x2048 regions from a WSI from the STANFORD-CRC-
HE-VAL-LARGE dataset using tile-level classifiers trained on HMU, NCT, and STARC-9.
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P Confusion matrices for the best-performing model trained on STARC-9
and run on the validation datasets for all nine tissue types.

(a) STANFORD-CRC-HE-VAL-LARGE

(b) CURATED-TCGA-CRC-HE-VAL-20K
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(c) STANFORD-CRC-HE-VAL-SMALL

Figure 16: Confusion matrices for the best-performing model (trained on STARC-9) on
(a) STANFORD-CRC-HE-VAL-LARGE, (b) CURATED-TCGA-CRC-HE-VAL-20K, and (c)
STANFORD-CRC-HE-VAL-SMALL.
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Q ROC curves for the best-performing model trained on STARC-9 and run
on the validation datasets for all nine tissue types.

(a) STANFORD-CRC-HE-VAL-LARGE

(b) CURATED-TCGA-CRC-HE-VAL-20K
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(c) STANFORD-CRC-HE-VAL-SMALL

Figure 17: Confusion matrices for the best-performing model (trained on STARC-9) on
(a) STANFORD-CRC-HE-VAL-LARGE, (b) CURATED-TCGA-CRC-HE-VAL-20K, and (c)
STANFORD-CRC-HE-VAL-SMALL.
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