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Abstract

Despite the promise of computational pathol-
ogy foundation models, adapting them to spe-
cific clinical tasks remains challenging due to
the complexity of whole-slide image (WSI) pro-
cessing, the opacity of learned features, and
the wide range of potential adaptation strate-
gies. To address these challenges, we intro-
duce PathFMTools, a lightweight, extensible
Python package that enables efficient execu-
tion, analysis, and visualization of pathology
foundation models. We use this tool to in-
terface with and evaluate two state-of-the-art
vision-language foundation models, CONCH
and MUSK, on the task of histological grading
in cutaneous squamous cell carcinoma (¢SCC),
a critical criterion that informs cSCC staging
and patient management. Using a cohort of
440 ¢SCC H&E WSIs, we benchmark multi-
ple adaptation strategies, demonstrating trade-
offs across prediction approaches and validating
the potential of using foundation model embed-
dings to train small specialist models. These
findings underscore the promise of pathology
foundation models for real-world clinical appli-
cations, with PathFMTools enabling efficient
analysis and validation.
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1. Introduction

Foundation models have emerged as powerful tools in
computational pathology, offering the ability to ex-
tract rich, domain-specific features from histopathol-
ogy slides (Li et al., 2025; Bilal et al., 2025). By
training on large collections of digitized H&E slides
with self-supervised learning, these models learn gen-
eralizable morphological patterns that can be lever-
aged for downstream applications even when data is
scarce. Nevertheless, adapting foundation models to
specific research or clinical contexts presents several
challenges. First, their use often involves complex,
disjointed pipelines spanning data pre-processing,
model inference, and downstream analysis of hun-
dreds or thousands of gigapixel-scale whole-slide im-
ages (WSIs). Second, the feature spaces learned by
foundation models remain opaque, necessitating effi-
cient probing tools to facilitate biological validation.
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Third, the wide array of potential adaptation strate-
gies — ranging from zero-shot inference to supervised
transfer learning — underscores the importance of
benchmarking studies that compare these approaches
in task-specific settings.

One particularly important task for many types of
cancer is histological grading. Grading systems as-
sess how differentiated tumor cells appear relative
to normal cells — a key indicator of tumor aggres-
siveness and clinical risk. In cutaneous squamous
cell carcinoma (¢SCC), a highly prevalent skin can-
cer with over one million diagnoses annually in the
United States, tumor grade is a critical component
of risk stratification (Que et al., 2018; Thompson
et al., 2016). Although most ¢SCC tumors are suc-
cessfully managed with local excision, a subset of pa-
tients experience metastasis and/or disease-specific
death (Schmults et al., 2013). Notably, a recent large,
multi-institutional study found that among several
existing risk factors, tumor grade was the strongest
predictor of patient outcomes (Jambusaria-Pahlajani
et al., 2025). Nevertheless, grading remains a subjec-
tive and error-prone process, exhibiting limited re-
producibility and high inter- and intra-rater variabil-
ity (Nash et al., 2022). Based on this, the American
Joint Committee on Cancer has excluded differenti-
ation from the 8th edition staging for ¢SCC despite
its prognostic significance, though it is included in
the popular BWH staging system. Thus, the clinical
significance of ¢SCC grading and the associated chal-
lenges highlight an important opportunity to assess
the utility of foundation models.

In this work, we introduce PathFMTools, a
lightweight Python package that enables efficient ex-
ploration and analysis of computational pathology
foundation models. We leverage the package to eval-
uate two state-of-the-art vision-language foundation
models, CONCH (Lu et al., 2024) and MUSK (Xi-
ang et al., 2025), on the task of ¢cSCC grading. Using
a curated cohort of 440 ¢SCC WSIs, we benchmark
multiple adaptation strategies and explore the bio-
logical relevance of the learned features.

2. Related Work

2.1. Foundation Models in Computational
Pathology

Numerous foundation models have been developed
for computational pathology, and the available op-
tions differ in their training datasets, self-supervised

learning strategies, and model outputs (Li et al.,
2025; Bilal et al., 2025). The most common class of
models operates at the patch level, where fixed-size
crops (e.g. 224 x 224 pixels) from H&E-stained WSIs
are used as inputs to generate feature embedding vec-
tors. These embeddings can subsequently be used for
a variety of downstream tasks, including slide-level
prediction via aggregation across all patches.

Two  predominant  self-supervised learning
paradigms have emerged for training such mod-
els: (1) vision-language contrastive learning and
(2) vision-only self-distillation with masked data
augmentation. Vision-language contrastive learning
uses paired image and text inputs to learn visual and
textual representations in a shared space (Radford
et al., 2021). This approach enables zero-shot clas-
sification, where image embeddings are compared to
text embeddings to perform inference without task-
specific training. In contrast, popular self-distillation
methods such as DINOv2 (Oquab et al., 2024) rely
solely on image data, encouraging the model to learn
stable representations under data augmentation and
masking.

Given the zero-shot capabilities of vision-language
models, we focus our analysis on two publicly-
available pathology vision-language foundation mod-
elss CONCH and MUSK. CONCH was trained
on approximately 1.17 million image-caption pairs
sourced from both public and private datasets (Lu
et al., 2024), and MUSK was trained on over
50 million pathology images and over one billion
pathology-related text tokens from publicly-available
sources (Xiang et al., 2025). Although our analyses
are centered on these two models, the software pack-
age we introduce is model-agnostic and compatible
with a broad range of foundation model architectures.

2.2. Software Packages for Computational
Pathology

Growing interest in computational pathology has led
to the development of several open-source software
packages in the field. Notable examples include TTA-
Toolbox (Pocock et al., 2022), STAMP (El Nahhas
et al., 2024), TRIDENT (Zhang et al., 2025), and
PathML (Rosenthal et al., 2022), which vary accord-
ing to functionality and design. Some earlier packages
(e.g., TTAToolbox) support tasks such as cell and tis-
sue segmentation but lack native compatibility with
pathology foundation models. More recent tools (e.g.,
TRIDENT) enable foundation model embedding gen-



cSCC GRADING USING PATHFMToOLS

eration but place less emphasis on downstream analy-
sis and visualization. PathFMTools offers both built-
in embedding generation and exploratory analysis
tailored to pathology foundation models, including
unique text embedding and zero-shot classification
modules for vision—language models.

2.3. ¢SCC Grading

Although no standardized grading system for ¢SCC
currently exists (Nash et al., 2022), tumors are typ-
ically categorized as well, moderately, or poorly dif-
ferentiated based on their histological appearance.
In a recent multinational cohort study comprising
over 20,000 tumors, histological grade emerged as
the most prognostic factor for poor clinical out-
comes (Jambusaria-Pahlajani et al., 2025), under-
scoring its clinical relevance in risk stratification.

Despite its importance, ¢SCC grading is highly
subjective. Reported inter-rater agreement remains
moderate, with Cohen’s kappa values in the range of
k ~ 0.53-0.55 (Nash et al., 2022). This variability
highlights the need for more objective, quantitative
grading approaches. Recent work has begun to ex-
plore machine-learning based solutions to this prob-
lem. For example, Choudhary et al. (2023) devel-
oped and tested a weakly-supervised model trained
from scratch to estimate tumor grade using 718 H&E-
stained WSIs from a single clinical site.

3. Methods

3.1. The PathFMTools Package

Here, we present PathFMTools, a lightweight, ex-
tensible package for running pathology foundation
models and interfacing with the embeddings that
they produce.

3.1.1. COMMAND LINE TOOLS FOR EFFICIENT
EMBEDDING GENERATION

The PathFMTools command line interface pro-
vides a simple and scalable entry point for execut-
ing core computational pathology workflows on col-
lections of whole-slide images, enabling users to pre-
process slides and generate foundation model embed-
dings using a single command.

To support large-scale data processing, the pipeline
includes built-in support for automatic paralleliza-
tion to an arbitrary number of workers. This scal-
ability is enabled by the package’s low memory foot-

print, achieved through efficient chunked processing
of WSIs. Additionally, the workflow can be sepa-
rated into distinct stages: a CPU-intensive prepro-
cessing step and a GPU-dependent embedding gen-
eration step, facilitating the efficient use of compu-
tational resources in environments with limited or
shared GPU availability.

3.1.2. MODULAR PYTHON DESIGN

The command line interface is built upon the Slide
class, which is the primary component that users
working within Python will use. This class provides
a unified abstraction for interacting with individual
WSIs, encapsulating both the raw image data and
any intermediate representations and outputs pro-
duced during analysis.

The class supports core computational pathology
operations, such as tissue segmentation and tiling
(Figure 1). By default, Otsu segmentation (Otsu,
1979) is utilized, but the modular design enables
custom methods. The segmentation and tiling op-
erations are optimized to run on localized regions
of the slide, enabling memory-efficient processing of
gigapixel-scale images on standard consumer hard-
ware.

3.1.3. BUILT-IN ANALYSIS AND VISUALIZATION

In addition to preprocessing, the Slide class inter-
faces directly with foundation models through an en-
capsulated model class. This design enables patch-
level embedding generation and zero-shot analysis
with vision—language prompts (Figure 1), supporting
downstream tasks such as clustering and multiple-
instance learning. The package also implements na-
tive K-means clustering to aggregate embeddings
across slides, producing both cluster centroids and
discrete patch assignments.

The Slide class further provides visualization tools
for exploratory analysis, including high- or low-
resolution slide rendering, contextual tile inspection,
random sampling, and heatmaps of zero-shot scores
that map image-text similarity. These utilities sup-
port both quantitative analysis and qualitative inter-
pretation of model behavior.

In addition to the Slide class, PathFMTools also
provides the SlideDataset class, a custom subclass
of the Pytorch Dataset object. This class enables
the efficient integration of Slide objects into deep
learning pipelines. It supports both pixel-based and
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PathFMTools: A toolkit for streamlining analysis using CPath foundation models
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Figure 1: Overview of core interactions supported by the PathFMTools package. The package implements
a modular end-to-end pipeline that facilitates embedding generation and exploratory analysis, in-
cluding zero-shot similarity visualization and clustering of embeddings. See A.7 for code examples.

embedding-based inputs and handles memory man-
agement and indexing internally, streamlining model
training workflows.

3.2. ¢SCC Analysis

To evaluate how pathology foundation models might
support real-world clinical workflows, we conducted a
series of analyses reflecting common tasks that clin-
icians and researchers might wish to perform using
model-generated embeddings. These tasks include
zero-shot classification based on textual descriptors,
unsupervised clustering for morphologic feature dis-
covery, and weakly supervised classification using
slide-level labels. Each approach is designed both
to probe the different ways that the user can inter-
act with foundation models — ranging from mini-
mal supervision to deep learning model training —
and to assess the utility of such models for histolog-
ical grading of ¢SCC slides. To evaluate each ap-
proach, we formulated a binary classification task
according to whether each slide corresponded to a
well-differentiated (‘0’) or moderately/poorly differ-
entiated (‘1’) tumor, though we also consider differ-
ent thresholds in Appendix A.4.

3.2.1. PATCH & TEXT EMBEDDING

Each WSI in the dataset was tiled into non-
overlapping (448 x 448) pixel patches at 40x mag-
nification. To exclude background regions, we ap-
plied Otsu thresholding (Otsu, 1979) to the distri-
bution of mean grayscale pixel intensities across the
slide’s patches. Patches passing the tissue threshold
were then downsampled to (224 x 224) pixels, the
expected size of the studied foundation models, and
passed through the respective model-specific prepro-
cessing pipelines.

We generated patch-level embeddings using two
publicly-available foundation models: CONCH and
MUSK. Each model can produce two types of embed-
dings per patch: one optimized for downstream ma-
chine learning tasks (e.g. classification, regression),
and one optimized for zero-shot tasks via alignment
with pretrained language encoders. We use the ma-
chine learning-optimized embeddings for all analyses
detailed in this work, except for the zero-shot ap-
proach. We generated text embeddings using the re-
spective language encoders and tokenization pipelines
provided by each foundation model.
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Figure 2: Summary of analytical approaches. Three different approaches were used to analyze the foundation
model embeddings and their ability to assist with ¢SCC grading. Left: K-means clustering in the
embedding space. Middle: A zero-shot classification task was formulated by first classifying each
patch in a WSI as ‘cSCC’ or ‘non-neoplastic’ based on similarity between the patch embedding and
text embeddings of these terms. Patches classified as ¢SCC were subsequently assessed for their
similarity with text embeddings for well and poor differentiation. Right: Attention-based multiple
instance learning (ABMIL) based on the patch embeddings was employed for a weakly-supervised

benchmark.

3.2.2. ZERO-SHOT HISTOLOGICAL GRADING

To assess the zero-shot capabilities of the founda-
tion models in estimating WSI-level grading, we
formulated a two-stage inference procedure using
the language-aligned embeddings from CONCH and
MUSK. In the first stage, we identified candidate can-
cer regions within each WSI by computing the cosine
similarity between each patch embedding and the lan-
guage embeddings of the phrases “cutaneous squa-
mous cell carcinoma” and “non-neoplastic”. Each
patch was thus assigned two similarity scores (logits),
and we retained only those patches for which the sim-
ilarity to “cutaneous squamous cell carcinoma” ex-
ceeded that to “non-neoplastic”, indicating that the
patch was more likely to be neoplastic according to
the model. Formally, for a slide S; with m patches
S; = {p(li), e p%)}, we define the set of cancer-
predicted patches as
C; = {p;z) € S; : P(cancer | pg-z)) > 0.5}
In the second stage, we computed a grading score for
each of retained cancer patches C; that reflects its dif-
ferentiation on a continuum from well-differentiated
to poorly-differentiated. We first computed the co-
sine similarity between each patch embedding and
the language embeddings for the phrases “poorly dif-
ferentiated” and “well differentiated”. The grading
score was then formulated as the difference in the
two similarity scores for each patch. Formally given

a patch k with embedding z,(:) and text embeddings

Zpoor and Zweir, the patch-level score s,(f) is defined as

3,(;) = cos(z,(;), Zpoor) — cos(z,(;), Zwell)
Intuitively, a high value for s,(;) indicates that the
pixel embedding for patch k is more aligned with fea-
tures associated with poor differentiation. Finally, we
aggregate the patch-level scores within each slide into
a slide-level score s; by taking the maximum over the
cancer patch grading scores
. (4)

This max-pooling approach reflects the clinical intu-
ition that tumor grade is often determined by the
most poorly-differentiated region within the tissue.
We also evaluated alternative approaches for com-
puting slide-level scores, including varied patch-level
aggregation methods and prompt ensembling, which
we present in Appendix A.6.

3.2.3. K-MEANS CLUSTERING OF PATCH
EMBEDDINGS

We applied K-means clustering with 25 clusters, se-
lected based on silhouette analysis, to all patch em-
beddings pooled across the dataset, assigning each
patch to one of 25 discrete groups. Each slide was
then represented by a 25-dimensional normalized his-
togram, where the j** component quantifies the pro-
portion of patches from that slide assigned to cluster
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j. This cluster histogram encodes the distribution
of morphologic patterns captured by the foundation
model across each slide. To evaluate the predictive
utility of these representations, we applied two strate-
gies:

e Univariate AUROC: For each component of the
25-D summary vectors, we compute the area un-
der the receiving operator characteristic curve
(AUROC) for predicting the binarized histologi-
cal grade. This provides an estimate of the stan-
dalone predictive power of individual clusters.

e Multivariate logistic regression: We train an -
regularized logistic regression model using the
full 25-dimensional cluster histogram as input.
This evaluates the collective predictive power of
the cluster distribution.

3.2.4. ATTENTION-BASED MULTIPLE INSTANCE
LEARNING

To further assess the utility of patch-level embeddings
for predicting histological grade, we implemented an
attention-based deep multiple instance learning (AB-
MIL) framework (Ilse et al., 2018). In this setting,
each WSI is treated as a bag of instances (patch em-
beddings), and the model is trained to aggregate in-
formation across patches to produce a slide-level pre-
diction without requiring patch-level labels.

We used a gated single-headed attention mecha-
nism to compute a weighted aggregation of patch
embeddings into a fixed-dimensional slide-level repre-
sentation (see A.2 for details). This aggregated em-
bedding is passed to a lightweight multilayer percep-
tron consisting of two hidden layers with ReLU ac-
tivations (64 and 32 neurons, respectively), followed
by a sigmoid-activated scalar output node that pre-
dicts the tumor differentiation. We train the ABMIL
model end-to-end using binary cross-entropy loss on
the binarized grade labels (see A.3 for training de-
tails). We also visualize the attention scores assigned
to individual patches.

3.2.5. COHORT

We curated the data used in this study from a U.S.
academic hospital system, sampling 440 ¢SCC tu-
mors from the system’s tumor registry and scanning
the associated H&E slides for this work. Given the
cost of retrieval and digitization, our data collec-
tion procedure consisted of retrieving all moderately-
differentiated and poorly-differentiated tumors avail-

able in the registry, in addition to a random subset of
the well-differentiated tumors, as high-grade tumors
are comparatively rare and valuable for model evalu-
ation and development. Differentiation level was de-
termined based on the associated pathology report,
and if not explicitly mentioned in the report, well-
differentiated was assumed based on clinical conven-
tion (Jambusaria-Pahlajani et al., 2025). The result-
ing dataset contained 239 well-differentiated tumors,
99 moderately-differentiated tumors, and 102 poorly-
differentiated tumors (Table 1). The majority of
slides corresponded to diagnostic biopsies, with some
slides corresponding to excisional biopsies. Only one
slide was scanned per sampled tumor when multiple
slides were available, which was selected randomly
from the available slides. The WSIs were digitized at
40x magnification using a Hamamastu NanoZoomer
digital slide scanner. See A.1 for a detailed summary
of the cohort, including patient and tumor character-
istics.

3.2.6. STATISTICAL ANALYSIS

AUROC was used as the primary assessment met-
ric. Sensitivity and specificity at selected operat-
ing points for the ABMIL models are also presented
in Appendix A.4. For all analyses other than zero-
shot performance quantification, we conducted five-
fold cross-validation at the patient level and report
performance as the average across folds (see A.3 for
additional details). For the logistic regression mod-
els based on K-means cluster proportions, both the
clustering and regression were fit per each fold before
evaluation on the test split for the fold.

4. Results

We evaluated the utility of foundation model em-
beddings for ¢SCC grading using three approaches:
zero-shot classification, unsupervised clustering with
K-means, and ABMIL.

4.1. Zero-shot histological grading

We leveraged the language-aligned embeddings from
CONCH and MUSK to assess zero-shot grading per-
formance without task-specific fine-tuning. Using
phrase-based similarity scores aggregated at the slide
level (see Methods), this approach achieved AUROC
values of 0.63 and 0.60 (Figure 3), for CONCH and
MUSK respectively, indicating performance moder-
ately above chance.
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4.2. K-means clustering of patch embeddings

Unsupervised clustering provided an alternative, in-
terpretable representation of slide features by dis-
cretizing patches into clusters that capture general
morphological patterns (Figure 4, 6, 7). By clustering
all patch embeddings into 25 clusters, we obtained a
normalized histogram of cluster proportions for each
slide. We then computed univariate AUROCSs using
individual histogram components as scores and multi-
variate AUROC by training logistic regression models
on the histograms.

Univariate AUROC analysis demonstrated that
individual clusters can be surprisingly informa-
tive, achieving AUROCs of ~0.75 for the most-
discriminative clusters. Inspection of these clusters
yielded mostly intuitive findings (Figure 4). For as-
sociations with the high-grade label, both CONCH
and MUSK exhibited clusters of moderately/poorly
differentiated cancer cells. CONCH also exhibited
a strongly-discriminative cluster corresponding to
desmoplasia, a known risk factor potentially linked
to higher grade (Que et al., 2018). However, one
of the MUSK clusters most associated with high-
grade c¢SCC corresponded to sweat glands, an as-
sociation that is unclear. Clusters associated with
low-grade tumors frequently contained keratin frag-
ments, consistent with the keratinization typical of
well-differentiated ¢SCC.

Multivariate logistic regression on all 25 cluster
frequencies did not substantially exceed the perfor-
mance of the best univariate clusters (Figure 3),
though it outperformed the zero-shot strategy and
was assessed in a stricter cross-validation setting.

4.3. Attention-based multiple instance
learning (ABMIL)

Weakly supervised ABMIL models outperformed
zero-shot and clustering baselines, reaching AUROCs
of 0.81 (95% CI: 0.71-0.90) and 0.78 (95% CI
0.68-0.87) for CONCH and MUSK, respectively (Fig-
ure 3b, Table 2). Attention heatmaps highlighted
regions most influential to the predictions, reveal-
ing both overlaps and differences with informative
patches identified in the zero-shot and clustering
analyses (Figure 5). Training on finer-grained grade
distinctions showed similar trends (Appendix A.4).

Logistic regression on
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Figure 3: Grade classification performance. The
dashed lines represent the zero-shot classi-
fication performance leveraging the vision-
language capabilities of CONCH and
MUSK. The markers represent the mean
test AUROC of models trained using
CONCH and MUSK patch embeddings
across the 5 test splits for each number of
training slides. Error bars represent De-

Long 95% confidence intervals. (a) Perfor-
mance of logistic regression trained on the
cluster frequency vectors. (b) Performance
of ABMIL models.
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Differentiation Association
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Figure 4: Examples of clusters most associated with
histological grade for CONCH and MUSK.
For each cluster, the patches whose embed-
dings are most similar to the cluster cen-
troid are shown.

4.4. Data efficiency and model generalization

We further analyzed how model performance scaled
with training data. As expected, accuracy improved
with larger training sets, with ABMIL models show-
ing greater gains than logistic regression (Figure
3). Notably, ABMIL required relatively few training
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samples (<100) to surpass logistic regression perfor-
mance, particularly when using CONCH embeddings.

ABMIL attention

Zero-shot logits

Top clusters

Differentiation: poor
ABMIL score: 0.66
LogReg score: 0.05

Differentiation: poor
ABMIL score: 0.10
LogReg score: 0.80

Figure 5: Comparison of slide-level predictions and
spatial patterns across classification meth-
ods for two poorly differentiated ¢SCC tu-
mors. FEach row shows one tumor where
ABMIL and logistic regression (LogReg)
produced divergent scores: in the top row,
ABMIL assigned a high score (0.66) while
LogReg assigned a low score (0.05); in the
bottom row, the reverse pattern was ob-
served (0.10 vs. 0.80). Left: ABMIL at-
tention heatmaps showing normalized at-
tention weights per patch. Middle: Zero-
shot logits, defined as the difference in co-
sine similarity between the phrases “poorly
differentiated” and “well differentiated”,
shown only for patches classified as ¢SCC.
Right: Patch-level cluster maps highlight-
ing the four clusters most strongly associ-
ated with poor differentiation (red) based
on univariate AUROC analysis (Methods).
Black indicates background, and gray in-
dicates tissue excluded by the correspond-
ing method. All visualizations are based
on CONCH embeddings.

5. Discussion

In this manuscript, we introduced PathFMTools,
a modular and extensible Python package designed
to facilitate the efficient execution, exploration, and
visualization of computational pathology founda-
tion models. Using this package, we systematically
evaluated two vision-language foundation models,
CONCH and MUSK, on the clinically valuable task of

histological grading in cutaneous squamous cell carci-
noma. Our analysis explored a variety of model adap-
tation approaches, including zero-shot inference, un-
supervised clustering, and weakly-supervised learn-
ing, demonstrating clear performance differences and
tradeoffs between these methodologies.

We found that zero-shot classification using vision-
language embeddings with no task-specific fine-
tuning was moderately effective, achieving better-
than-chance performance. This highlights the flex-
ibility of vision-language foundation models, espe-
cially in contexts where annotated data is limited;
however the performance was insufficient for the
tested task and formulation.

Our clustering analysis provided interpretable in-
sights into the morphological patterns learned by
foundation models. We demonstrated that individ-
ual clusters could be independently informative for
predicting histological differentiation, suggesting that
foundation models can effectively capture biologically
meaningful features. Notably, several identified clus-
ters corresponded to histological features that are
known to be relevant to ¢SCC grading, such as clus-
ters enriched for keratin fragments and poorly differ-
entiated tumor cells. Conversely, some clusters cap-
tured imaging artifacts or less relevant features (e.g.,
sweat glands), underscoring the importance of qual-
ity control in computational pathology workflows and
the risk of data-driven confounders.

Attention-based multiple instance learning (AB-
MIL) emerged as the most effective approach for
leveraging foundation model embeddings, outper-
forming both zero-shot and clustering-based logistic
regression methods even with minimal training data.
Importantly, ABMIL attention heatmaps also pro-
vide interpretability at the patch level, which can be
interactively visualized with PathFMTools.

Across all analyses, both CONCH and MUSK fol-
lowed similar performance trends: moderate zero-
shot accuracy, improved performance with clustering,
and the strongest results with ABMIL. While the ab-
solute performance was comparable between models,
CONCH consistently outperformed MUSK at each
training set size in the ABMIL setting.

A critical consideration in evaluating foundation
models in downstream tasks is what constitutes
“good” performance. While ABMIL demonstrated
the highest overall performance, it is unclear whether
the observed levels (~0.80 AUROC) are sufficient for
clinical utility. The high inter-rater variability of
¢SCC grading may suggest that this level is near the
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inter-reader noise ceiling, but future studies directly
comparing human graders and Al in the same setting
would be necessary. Beyond Al standalone perfor-
mance, a fundamental consideration is how Al assis-
tance affects clinician performance and how Al fits
into the clinical workflow (McNamara et al., 2024).
Clinical AI deployment involves many steps, rang-
ing from regulatory considerations and UI engineer-
ing, thus our analysis and software package should be
viewed as informing research and validation, rather
than actual clinical use.

Limitations Our study has several limitations.
Because the analysis relies on data from a single clin-
ical system, the observed performance may not gen-
eralize to other sites or populations. We did not ex-
plicitly evaluate sensitivity to staining differences and
used each model’s default preprocessing; however, our
software allows users to easily define and test cus-
tom preprocessing pipelines. Accordingly, the results
should be viewed primarily as a demonstration of how
our tools can help researchers explore and adapt foun-
dation models for specific clinically relevant tasks.
Finally, the software is intended for technically ori-
ented researchers and practitioners, rather than as
a no-code or GUlI-based tool for users with limited
programiming experience.

Conclusions As foundation models continue to
improve and use cases expand, our findings il-
lustrate how PathFMTools streamlines explo-
ration and adaptation of these models, highlight-
ing their promise in addressing critical challenges
in histopathology, such as the subjective nature of
tumor grading. Our quantitative findings can also
help inform the optimal adaption strategies to other
clinically-important tasks.
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Appendix A.

A.1. Cohort Summary

Table 1: Cohort Summary. IQR: interquartile range.

Value (%)
Total Tumor count 440
Patient count 412
Patient Sex Male 280 (64)
Female 160 (36)
Age Median (IQR) 74 (66, 82)
Tumor Location Head/neck 215 (49)
Trunk/extremeties 224 (51)
Unknown 1(<1)
Diameter Median (IQR), mm 13 (8, 23)
Invasion Depth  Dermis 217 (49)
Subcutaneous fat 47 (11)
Beyond subcut. fat 41 (9)
Unknown 135 (31)
Differentiation Well 239 (54)
Moderate 99 (23)
Poor 102 (23)

A.2. ABMIL approach

Given a set of n d-dimensional patch embeddings
{21, ..., zn} € RY for a given slide, the model com-
putes attention weights a; € [0,1] as

exp (wT tanh(Vz1) ® a(Uz?))

a; =

> i1 €xp (wT tanh(Vz]) © J(UZ]T))

thd

where o is the sigmoid function, V,U € and w €

using a half-cycle length of 2 epochs. Logistic regres-
sion models were trained using {5 regularization with
a penalty scaling factor of 1 and a maximum of 1,000
iterations.

To evaluate model performance, we performed 5-
fold cross-validation at the patient level for both the
ABMIL and logistic regression models. In each fold,
20% of the data was held out as a test set, with strat-
ified sampling to preserve the proportion of positive
and negative slides across splits and prevent different
tumors from a single patient from appearing in both
the development and test splits of a given fold. For
ABMIL, an additional 20% of the data was held out
as a validation set for monitoring model convergence.

We computed AUROC scores on the test set within
each fold, and reported the mean across folds as the
primary performance estimate. To quantify variabil-
ity, we computed 95% DeLong confidence intervals for
the AUROC point estimates. Furthermore, to assess
data efficiency, we evaluated model performance as a
function of training set size. For both ABMIL and lo-
gistic regression, we trained models on progressively
larger subsets of the training data, using increments
of 10% of the full dataset.

A.4. cSCC grading performance

When considering individual ¢cSCC grades, the AB-
MIL models achieved the highest accuracy when dis-
tinguishing well- from poorly differentiated tumors,
whereas classification between moderately and poorly
differentiated tumors was more challenging but still
yielded reasonable performance. Table 2 summarizes
AUROC values across different grading cutoffs.

Positive class Negative class AUROC

CONCH MUSK

R" are learned parameters, h = 256 is the attention =~ Moderate Well 0.74 0.71
hidden dimensionality, and d is the dimension of the =~ Poor Well 0.87 0.82
embedding produced by the foundation model. Poor Moderate 0.73 0.66

Moderate & Poor  Well 0.81 0.78

The slide-level representation is then computed as

the attention-weighted sum of patch embeddings Table 2: AUROC of ABMIL models using CONCH

and MUSK embeddings for binary c¢SCC
grading using different groups. The higher
AUROC for each comparison is shown in
bold.

n
._ d
Zslide = E o2 €R
i=1

A.3. Hyperparameters & cross validation

detail . e o
etatls Table 3 summarizes the sensitivity and specificity

We trained the ABMIL models using the Adam op-
timizer (Kingma and Ba, 2014) and a cyclic learning
rate that varied linearly from 5 x 107> to 5 x 1074,
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of the CONCH and MUSK models at three operat-
ing points: high-sensitivity (targeting 90%), high-
specificity (targeting 90%), and balanced (target-
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ing equal sensitivity and specificity). For each fold,
thresholds were calibrated on the validation set and
then applied to the corresponding test set. Point es-
timates and 95% confidence intervals (Adjusted Wald
method) were obtained by aggregating predictions
across all test folds.

Operating Point CONCH MUSK

High Sensitivity

Sens
Spec

0.91 (0.89-0.92)
0.45 (0.43-0.46)

0.84 (0.83-0.85)
0.50 (0.48-0.52)

High Specificity
Sens
Spec

0.59 (0.57-0.61)
0.89 (0.88-0.90)

0.46 (0.44-0.48)
0.84 (0.83-0.86)

Balanced
Sens
Spec

0.74 (0.72-0.76)
0.74 (0.72-0.75)

0.74 (0.72-0.76)
0.64 (0.62-0.66)

Table 3: Sensitivity and specificity for CONCH and
MUSK models at three operating points.
Thresholds were calibrated per fold on val-

idation data and evaluated on held-out test
folds.

A.5. Runtime analysis ]

2

All experiments were conducted on a server equipped ]
with an NVIDIA H100 GPU, an Intel Xeon Silver
4410Y CPU, running Linux, with data stored ons
a network file system (NFS). Table 4 summarizes®
the average time per slide for each major processing

stage, measured across all slides in the cohort. s
Step Per slide (mean + SD) o
Segmentation 424+ 38s 0
Tiling 20.1 £25.7s »
CONCH embedding 23.2 + 25.5s 1o
MUSK embedding 46.9 £ 57.0s 13

Table 4: Per-slide runtime (mean + SD) for each
stage of the slide processing pipeline. Times
were averaged across all slides.

A.6. Sensitivity to prompt choice for
zero-shot analysis

The zero-shot results presented in the main text fol-
lowed a clinically motivated strategy where we first
identified patches with a higher logit for “cutaneous
squamous cell carcinoma” than for “non-neoplastic”,

13

and then computed a slide-level score as the maxi-
mum logit difference between “poorly differentiated”
and “well differentiated” across these patches. Here,
we also present results using alternative aggregation
methods rather than the maximum. Specifically, we
(1) averaged the logit differences across all identi-
fied patches and (2) averaged them across the 10%
of identified patches with the largest logit difference.
Both methods yielded results comparable to the clin-
ically motivated approach, with CONCH achieving
AUROC:S of 0.66 and 0.64, and MUSK achieving 0.58
and 0.61, respectively.

We also tested prompt ensembling, averaging log-
its over ten semantically varied prompt phrasings for
each class (Table 5). Ensembling did not improve
performance (AUROC ~0.55 for both CONCH and
MUSK), potentially reflecting the consistent termi-
nology used in ¢SCC diagnosis.

A.7. Example code

With PathFMTools, common computational pathol-
ogy workflows can be performed using a few lines of
code, as highlighted in the following example:

# Instantiate one Slide object per WSI
slides = [Slide(fp) for fp in PATHS]
for slide in slides:
# Apply preprocessing (segmentation +
tiling)
slide.preprocess (PATCH_SIZE, SEG_METHOD)
# Run foundation model inference on slide
patches
slide.embed_patches (MODEL)
# Run zero-shot classification on slide
patches
slide.classify_patches (MODEL, PROMPTS)
# Perform K-means clustering on all patches
from
# all WSIs jointly
slide_group = SlideGroup(slides)
kmeans = KMeansPatchClusterer.fit_predict(
slide_group, k=K)
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Figure 6: Representative patches from each of the 25 CONCH embedding clusters. The outer grid represents
individual clusters, each containing an inner 3 x 3 grid of example patches nearest to the cluster
centroid. Clusters are ordered left to right, top to bottom by decreasing univariate AUROC for
predicting cancer grade (Methods), with AUROC values indicated above each cluster. The text
annotation also specifies the percentage of total patches assigned to each cluster.
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Figure 7: Representative patches from each of the 25 MUSK embedding clusters. The outer grid represents
individual clusters, each containing an inner 3 x 3 grid of example patches nearest to the cluster
centroid. Clusters are ordered left to right, top to bottom by decreasing univariate AUROC for
predicting cancer grade (Methods), with AUROC values indicated above each cluster. The text
annotation also specifies the percentage of total patches assigned to each cluster.
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Label Prompt variants

Cutaneous cutaneous squamous cell carcinoma;

squamous cell ¢SCC; cutaneous SCC; squamous cell

carcinoma carcinoma of the skin; squamous carci-
noma; cutaneous squamous carcinoma;
H&E image of cutaneous squamous
cell carcinoma; histopathology image
of skin squamous cell carcinoma; tu-
mor region consistent with ¢SCC; slide
patch showing squamous carcinoma.

Non- non-neoplastic; benign tissue; nor-

neoplastic mal skin; non-tumorous region; non-

Well differen-
tiated

Poorly differ-
entiated

cancerous tissue; normal cells; H&E
image of normal skin; tissue without
neoplastic changes; non-lesional tissue
patch; normal tissue.

well differentiated; well-differentiated
carcinoma; well-differentiated squa-
mous cell carcinoma; well-organized tu-
mor architecture; low-grade carcinoma;
low grade; well differentiated tumor
cells; tumor with minimal atypia; slide
showing well-differentiated tumor cells;
well-differentiated tumor.

poorly differentiated; poorly-
differentiated carcinoma; high-grade
squamous cell carcinoma; undifferenti-
ated tumor cells; disorganized tumor
architecture; marked cellular atypia;
aggressive poorly differentiated SCC;
slide showing poorly differentiated
cells; high grade; poorly differentiated
tumor cells.

Table 5: Prompt variants used for each class.
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