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In brief

Understanding how Al models interpret
pathology images remains a major
challenge. Here, the authors introduce
CLEAR-HPV, an interpretable framework
that identifies meaningful tissue patterns
linked to human papillomavirus status
directly from whole-slide images without
manual annotation. By transforming
complex model representations into
compact, biologically meaningful
concepts, the approach maintains
predictive accuracy while improving
transparency. This work highlights how
interpretable Al can bridge prediction and
biological understanding in
computational pathology.
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THE BIGGER PICTURE Artificial intelligence is increasingly used to analyze pathology images and predict
clinically important outcomes, such as viral status in cancers, including head and neck and cervical cancer,
where human papillomavirus (HPV) status has major prognostic significance. Most current models, however,
act as “black boxes,” offering little insight into what visual patterns they rely on. This limits their clinical trust-
worthiness and scientific value, as pathologists cannot easily verify or learn from their decisions.

Here, we present a framework that enables interpretable analysis of whole-slide histology images by identi-
fying meaningful visual patterns directly from data without requiring manual annotation. Methods like this
one, which make complex image-based models more transparent, provide a step toward Al systems that
not only predict outcomes but also help explain disease biology. Such interpretable frameworks could
improve clinical adoption of Al and support new discoveries in pathology by revealing how visual tissue pat-
terns relate to disease mechanisms.

SUMMARY

Human papillomavirus (HPV) status is a critical determinant of prognosis and treatment response in head and
neck and cervical cancers. Although attention-based multiple instance learning (MIL) achieves strong slide-
level prediction for HPV-related whole-slide histopathology, it provides limited morphologic interpretability.
To address this limitation, we introduce concept-level explainable attention-guided representation for HPV
(CLEAR-HPV), a framework that restructures the MIL latent space to enable concept discovery without
requiring concept labels during training. Within an attention-weighted latent space, CLEAR-HPV automati-
cally discovers keratinizing, basaloid, and stromal morphologic concepts; generates spatial concept
maps; and represents each slide with a compact concept-fraction vector. Its concept-fraction vectors pre-
serve the predictive information of the original MIL embeddings while reducing the high-dimensional
feature space (e.g., 1,536 dimensions) to only 10 interpretable concepts. CLEAR-HPV demonstrates consis-
tent concept structure across The Cancer Genome Atlas (TCGA)-HNSCC, TCGA-CESC, and Clinical
Proteomic Tumor Analysis Consortium (CPTAC) -HNSCC, providing compact, concept-level interpretability
through a general, backbone-agnostic framework for attention-based MIL models of whole-slide histopa-
thology.

INTRODUCTION

Human papillomavirus (HPV)-associated head and neck and
cervical cancers together account for 690,000 new cases world-
wide each year,! with HPV status strongly stratifying survival,
treatment intensity, and long-term functional outcomes, making
accurate and interpretable HPV assessment a problem of major

clinical and public health significance. HPV-positive tumors
are often non-keratinizing or basaloid,”~* whereas HPV-negative
tumors more commonly display keratinizing squamous
morphology.”®® However, substantial morphologic overlap
and variability mean that HPV status cannot be reliably inferred
by human observers from routine histologic assessment alone®;
ancillary immunohistochemical or molecular assays therefore
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remain the standard of care,”'® but they often incur substantially
higher costs, owing to additional reagents, instrumentation, and
technical processing.

On the other hand, digital histology (and histopathology) and
the use of whole-slide images (WSlIs) have recently shown prom-
ising accuracy in capturing nuanced patterns that human ob-
servers often miss; however, they are often lacking in interpret-
ability, limiting their clinical adoption. As a result, there is a
pressing need for the best of both worlds: computational histol-
ogy methods that not only classify slides accurately but also
reveal how predictions relate to recognizable, biologically
grounded morphologic patterns, with stability across different
staining, scanning, and institutional settings.

Recent deep learning methods, including vision foundation
models, have achieved strong performance in WSI classification
across diverse diagnostic and molecular tasks,”°~"" but most
models function as black boxes that offer limited interpretability
on what histologic patterns are driving their predictions.'"*
Weakly supervised multiple instance learning (MIL) is a widely
adopted framework for WSI analysis, and popular MIL models
(e.g., ABMIL,"® CLAM,'® and TransMIL'") treat each slide as a
large, heterogeneous collection of tiles with only slide-level la-
bels. Widely used interpretability methods, such as attention
heatmaps and Grad-CAM,'® indicate where a model attends
but do not provide concept-level, human-understandable expla-
nations of which histologic patterns drive its predictions. As a
result, current approaches offer only coarse, qualitative cues
and cannot identify the discrete, reproducible morphologic con-
cepts present in WSIs. This limits biological insight, reduces
reproducibility across sites, and weakens trust in model predic-
tions, therefore limiting clinical deployment.

These interpretability limitations motivate a closer examination
of how MIL models encode morphology internally to determine
whether their representations can be reorganized into clinically
meaningful and human-understandable concepts. Prior work
has shown that deep neural networks naturally organize interme-
diate features into latent spaces that encode semantic or visual
factors.'®?° In attention-based MIL (ABMIL) models, the tile-
level embeddings produced before attention pooling define an
intermediate h-space that captures the morphologic features
learned by the model across tumor and stromal regions. Latent
spaces such as the h-space can be reorganized into human-
interpretable concepts,?’ and concept discovery from neural
embeddings has been shown to recover coherent visual struc-
tures.?>2® Together, these observations suggest that MIL back-
bones already encode rich morphologic structure but require an
attention-aware organization strategy to make this structure
explicit and biologically interpretable.

In this work, we show that attention mechanisms in MIL induce
a latent morphologic structure that can be reorganized into
discrete histologic concepts without tile-level annotations. We
develop CLEAR-HPV (concept-level explainable attention-
guided representation for HPV), a framework that restructures
the attention-weighted (AW) MIL h-space to enable annotation-
free concept discovery in HPV-related histopathology. Rather
than modifying the classifier or explicitly optimizing for higher ac-
curacy, CLEAR-HPV operates post hoc on the latent embed-
dings of a trained model (e.g., CLAM'®), using attention weights
to focus concept discovery on tiles the model already considers
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informative. The framework yields coherent keratinizing, basa-
loid, and stromal morphologic concepts that align with estab-
lished HPV-associated patterns, along with two complementary
interpretable outputs: spatial concept maps, which show where
concepts appear across each slide, and compact concept-frac-
tion representations, which summarize slide-level tissue compo-
sition in a quantitative, low-dimensional form.

Applied to three cohorts of data, The Cancer Genome Atlas
(TCGA) head and neck squamous cell carcinoma (HNSCC),*”
cervical squamous cell carcinoma and endocervical adenocarci-
noma (CESC),?” and Clinical Proteomic Tumor Analysis Con-
sortium (CPTAC)-HNSCC,?® CLEAR-HPV discovers stable con-
cepts and consistent concept-fraction patterns that generalize
across cohorts, indicating that the discovered morphology re-
flects consistent HPV-associated structure rather than dataset-
specific artifacts. The resulting concept-fraction representations
preserve the discriminative structure encoded in the original MIL
embeddings, allowing downstream classifiers to recover com-
parable slide-level predictions while operating on an interpret-
able concept space—achieving the best of both worlds.
Together, these findings demonstrate that the latent feature
space of ABMIL already contains rich, biologically meaningful or-
ganization and that our attention-guided concept discovery can
expose this structure without sacrificing predictive performance.
Figure 1 shows an overview of our CLEAR-HPV, and implemen-
tation details are described in the methods section.

In summary, our primary contributions are as follows.

(1) We introduce CLEAR-HPV, the first general framework to
automatically discover pathology-relevant morphologic
concepts for HPV prediction without tile-level supervision
(or annotation).

(2) We demonstrate that CLEAR-HPV leverages the AW

latent space in a deep learning model to produce spatial

concept maps and concept-fraction vectors, offering bio-
logically grounded, concept-level interpretability for
whole-slide histopathology.

CLEAR-HPV preserves the predictive performance of the

interpreted model while reducing its high-dimensional

features (e.g., 1,536 dimensions) to only 10 interpretable
concepts.

We show that CLEAR-HPV is compatible with diverse

ABMIL backbones and retains strong slide-level perfor-

mance across diverse architectural designs, enabling

robust and consistent concept discovery beyond a single
model instantiation.

We further show that these concept-level representations

are stable across different cohorts (e.g., TCGA and

CPTAC), preserve clinically relevant predictive signal un-

der transfer, and reveal cross-cohort consistency of

HPV-related morphology.

&

£
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RESULTS

In this study, we evaluated CLEAR-HPV across three indepen-
dent WSI cohorts (datasets) to examine whether biologically
coherent and interpretable concepts can be discovered across
diverse clinical and technical settings. The TCGA-HNSCC cohort
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(A) Data processing pipeline: WSIs are decomposed into fixed-size tiles, encoded with a pretrained ViT or CNN, and converted into patch-level feature em-

beddings.

(B) An attention-based MIL classifier projects embeddings into the h-space latent representation and uses multi-head attention to compute tile-level contri-
butions, which are pooled into a single slide-level embedding for HPV prediction.

(C) CLEAR-HPV performs annotation-free concept discovery on attention-weighted h-space embeddings to identify coherent morphologic concepts.

(D) Using the discovered concepts, each slide is represented by a concept-fraction vector, which is then averaged across slides to obtain class-averaged
concept-fraction vectors that summarize morphologic composition for HPV-positive and HPV-negative cohorts.

(E) Representative tiles illustrate the characteristic morphology captured by each discovered concept.

(F) Spatial concept maps visualize the distribution of concepts across the WSIs, revealing their spatial organization.

(G) Slide-level concept-fraction vectors provide an interpretable representation that supports a concept-fraction classifier, which recovers MIL predictive per-
formance while offering concept-level explanations. More details are available in the methods section.

included 102 patients and 106 diagnostic WSlIs (38 HPV positive
and 64 HPV negative). The TCGA-CESC cohort consisted of 146
patients and 154 WSIs, predominantly HPV positive (138 HPV
positive and 8 HPV negative).?” The CPTAC-HNSCC dataset
contributed 112 HPV-negative patients and 368 WSIs, serving
as an external validation cohort collected under a different study
protocol.?® These datasets differ substantially in HPV preva-
lence, staining and scanning protocols, and clinical outcomes,
allowing us to assess whether CLEAR-HPV identifies stable
morphologic concepts rather than cohort-specific artifacts.

CLEAR-HPV is designed as a post hoc explainability frame-
work; its goal is not to improve predictive accuracy but to
discover and interpret the morphologic concepts encoded in
the model’s internal representations. Compared to the inter-
preted (explained) deep learning model that uses high-dimen-
sional (e.g., 1,536 dimensions), uninterpretable embeddings,
CLEAR-HPV discovers a compact, interpretable set of concepts
(e.g., only 10 concepts). Therefore, results are considered very
strong as long as comparable predictive performance (e.g.,
area under the curve [AUC], accuracy [ACC], and F1) can be
achieved using CLEAR-HPV’s discovered concepts.

We use CLAM,'® a widely adopted ABMIL method, as the pri-
mary target backbone (base) model to explain. CLAM provides
tile-level attention scores and a learned intermediate latent

space (the h-space). Together, these form the foundation for
concept discovery. We also provide results for three other back-
bone models and their variants to demonstrate the generality of
CLEAR-HPV (Table 3).

A consistent 10-fold protocol was applied to each cohort,
enabling systematic assessment of interpretability and robust-
ness across heterogeneous datasets (Figure 1).

Base model performance

Table 1 shows that, on TCGA-HNSCC, the CLAM ABMIL back-
bone achieved consistent slide-level performance (ACC =0.77 +
0.06, AUC = 0.86 + 0.05), indicating that its learned representa-
tions capture generalizable, discriminative structure.

We then evaluated the model in a fully zero-shot setting on
external cohorts without any calibration or retraining. On TCGA-
CESC, a cohort dominated by HPV-positive tumors, performance
decreased as expected due to differences in tissue origin and his-
tomorphologic context (AUC =~ 0.68), but the model retained very
high precision (Prec ~ 0.98), indicating preservation of class-spe-
cific structure under domain shift. On CPTAC-HNSCC, where only
HPV-negative cases are available for evaluation, ACC remained
consistent (0.70 + 0.12), demonstrating robustness to moderate
staining and scanner variability. Together, these zero-shot evalua-
tions show that the CLAM backbone maintains consistent decision
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Table 1. Cross-cohort generalization of the baseline CLAM model

Dataset ACC AUC Prec Rec F1
TCGA-HNSCC 0.765 + 0.063 0.863 + 0.051 0.788 + 0.098 0.673 + 0.145 0.696 + 0.101
TCGA-CESC 0.593 + 0.083 0.684 + 0.154 0.977 + 0.029 0.581 + 0.176 0.716 + 0.073
CPTAC-HNSCC* 0.704 + 0.120 N/A N/A N/A N/A

2AUC, precision, recall, and F1 are not applicable (N/A) because the CPTAC-HNSCC cohort contains only HPV-negative slides (single class).

behavior across cohorts and preserves transferable class-related
structure in its latent representation, making it suitable for down-
stream concept-level analysis.

Annotation-free concept discovery in the h-space
CLEAR-HPV is motivated by the observation that the latent
h-space of ABMIL models contains a rich morphologic structure
that can be made explicit via concept discovery. Here, the
h-space consists of tile-level embeddings produced before
attention pooling, illustrated as a blue box in Figure 1B. The
attention weights learned by the backbone identify which re-
gions contribute most to the final prediction, and attention pool-
ing is typically used to pool these tile-level embeddings into a
single embedding vector (i.e., “pooled representation” in
Figure 1B), which is fed into a prediction head for classification.
CLEAR-HPV constructs an attention-guided representation by
weighting each embedding h; by its attention score «;, thereby
emphasizing diagnostically informative tiles while reducing
background variation. More details are provided in the
methods section.

Concept-discovery methods and baselines

To evaluate the discovered concepts, all concept-discovery
methods were applied to TCGA-HNSCC training folds, which
provide sufficient morphologic diversity for assessing cluster
structure. Concept discovery was performed with K = 10 con-
cepts. This choice is supported by consistent empirical evi-
dence: Table S1 shows that predictive performance remains sta-
ble across K € {5,10,15} with overlapping confidence intervals
across all major metrics, indicating that K = 10 achieves compa-
rable performance without sensitivity to the exact choice of K.
Table S2 further demonstrates that concept geometry is highly
stable across resolutions, with forward persistence and reverse
fragmentation both exceeding 0.96, confirming that the discov-
ered concepts are preserved under changes in K. The elbow
analysis (Figure S1) provides additional support, showing dimin-
ishing returns in clustering compactness beyond K = 10. We
evaluate two variants of CLEAR-HPV: concepts produced from
raw-h-space embeddings, i.e., “CLEAR-HPV (raw-h),” and con-
cepts derived from AW h-space embeddings, i.e., “CLEAR-HPV
(AW-h).” These form the primary concept sets used throughout
the analysis. For comparison, we evaluated several baseline
methods that differ in where and how morphologic structure is
extracted. Specifically, we considered the following (more de-
tails are provided in the methods section): (1) heatmap-based
grouping, which reflects which tiles the model attends to, without
defining discrete concept distributions; (2) encoder-feature clus-
tering, which generates unconstrained concept distributions
derived from encoder feature representations; and (3) a Dirichlet
concept model, which represents concept membership proba-
bilistically and allows tiles and slides to express varying degrees
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of concept mixing. Together, these baselines compare different
input representations and concept construction approaches,
highlighting how attention-structured h-space representations
influence the coherence and interpretability of discovered
morphologic concepts.

Quantitative comparison of concept-discovery methods
After defining the set of concept-discovery methods, we eval-
uate all approaches under a common framework to assess
how well the resulting concepts summarize slide-level
morphology and preserve diagnostically relevant signals. With
K concepts in total, each slide is summarized by a K-dimensional
concept-fraction vector that quantifies the proportion of tiles as-
signed to each concept. The concept-fraction vector is the core
representation used throughout our analysis, providing a unified
and interpretable summary of slide-level morphology derived
from tile-level concepts. To assess whether these concepts cap-
ture diagnostically meaningful information, we introduce a
concept-fraction classifier that maps concept-fraction vectors
to HPV status, without introducing additional trainable
parameters.

A detailed description is provided in the methods section. We
use common classification metrics such as ACC, AUC, Prec,
recall, and F1 to measure how well each representation pre-
serves the predictive signal present in the original MIL embed-
dings. Note that our goal is not to improve ACC on the original
MIL backbone (e.g., CLAM). Instead, we aim to measure how
well the concept-based explanations can retain the predictive
performance of the original MIL backbone for HPV status. There-
fore, we consider these results strong when the CLEAR-HPV
predictor achieves performance (e.g., ACC or AUC) comparable
to the original MIL backbone.

Table 2 shows the performance of HPV classification for all
concept-discovery methods using only the discovered
concept-fraction vectors, evaluated with a simple rule-based
concept-fraction classifier. Our CLEAR-HPV’s two variants,
raw-h and AW-h, capture complementary structures. Raw-h pre-
serves the intrinsic latent space learned by the MIL encoder and
achieves the highest AUC, while AW-h produces more coherent
and stable morphologic concepts by amplifying high-attention
tiles. Notably, even using only the discovered concept-fraction
vector (with only K = 10 dimensions), without access to the orig-
inal tile embeddings (with 1,536 dimensions), both variants retain
predictive performance comparable to the CLAM backbone,
indicating that the concept-fraction representation preserves
the discriminative signal of the original model despite substantial
dimensionality reduction.

Baselines that do not operate in the h-space performed sub-
stantially worse. We find that heatmap-based grouping pro-
duced diffuse partitions with limited HPV separation, indicating
that spatial saliency alone is insufficient for isolating meaningful
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Table 2. Comparison of concept-discovery methods on TCGA-HNSCC

Method ACC AUC Prec Rec F1

Heatmap 0.538 + 0.110 0.674 + 0.147 0.503 + 0.137 0.606 + 0.215 0.538 + 0.114
Dirichlet concepts 0.646 + 0.071 0.641 £ 0.134 0.475 £ 0.314 0.200 + 0.208 0.266 + 0.193
Encoder concepts 0.709 + 0.126 0.847 + 0.139 0.648 + 0.162 0.835 + 0.157 0.714 £ 0.109
CLEAR-HPV (AW-h) 0.784 + 0.141 0.843 + 0.117 0.797 + 0.197 0.623 + 0.284 0.715 + 0.206
CLEAR-HPV (raw-h) 0.749 + 0.119 0.889 + 0.078 0.770 + 0.181 0.633 + 0.204 0.684 + 0.146

The heatmap provides an attention-only reference and does not define discrete concepts. Encoder concepts derive clusters directly from encoder
feature representations. Within the h-space, Dirichlet concepts serve as an alternative concept-discovery baseline applied to the unweighted latent
space. In contrast, CLEAR-HPV performs concept discovery directly in the attention-weighted latent h-space. Metrics assess whether the resulting
concept-fractions vectors retain the predictive signal present in the original MIL backbone. Rec, recall. Results on more metrics are provided in

Table S3.

morphologic patterns; the Dirichlet model emphasizes either
global regularity or high flexibility, which can conflict with the
localized, heterogeneous, and uneven distribution of HPV-asso-
ciated morphologic patterns in histopathologic tissue, making
these distributions difficult to fit reliably under weak slide-level
supervision; encoder-based clustering achieved reasonable
quantitative performance but showed weaker class-coherent or-
ganization than h-space-based concept discovery, both qualita-
tively and quantitatively. In particular, the added class-domi-
nance analyses in Figures 3E and 3F show that encoder-space
concepts exhibit substantially lower dominant-cluster purity
and mass concentration than CLEAR-HPV concepts, indicating
greater mixing of class-relevant morphology within clusters.
Both metrics are defined in methods S1.

Recovery score: How well CLEAR-HPV retains predictive
performance

To further assess how well the discovered concepts retain the
predictive performance of the backbone MIL model, we also
compute a “recovery score” that quantifies how much predictive
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Figure 2. Recovery score relative to the interpreted MIL model
(CLAM) across ACC, AUC, F1, precision, recall (i.e., sensitivity),
and specificity

For each method, the Euclidean distance d between its metric vector (i.e.,
concatenation of accuracy, AUC, etc.) and that of the interpreted model is
computed and converted to a similarity scores = ﬁ. Higher scores indicate
closer agreement with CLAM.

performance (e.g., ACC and AUC) can be recovered using only
the discovered concepts from different methods (including our
CLEAR-HPV). (Details on how to compute the recovery score
are included in the methods section.) Figure 2 shows the results.
CLEAR-HPV (AW-h) and CLEAR-HPV (raw-h) achieve the high-
est recovery scores, demonstrating that AW latent structure sup-
ports faithful, interpretable concept decompositions. Baselines
such as heatmap-based grouping and Dirichlet clustering
achieve much lower recovery scores, indicating a limited ability
to preserve the original model’s predictive performance.

Together, these results show that concept discovery is most
effective when performed directly in the attention-structured
h-space and that CLEAR-HPV can provide high-quality explana-
tions of an MIL backbone’s prediction by retaining its discrimina-
tive signal while providing compact, interpretable concept-
based representations. These are strong results because they
show that CLEAR-HPV (1) preserves the predictive performance
of the interpreted model while reducing its high-dimensional fea-
tures (e.g., 1,536 dimensions) to only 10 interpretable concepts
and (2) improves class-coherent organization of discovered con-
cepts, as quantified by our class-dominance metrics.

Interpretability

While the preceding section evaluated how well different
concept-discovery methods preserve predictive signal and per-
formance using quantitative classification metrics, these metrics
alone do not explain what morphologic patterns the models rely
on. We therefore next examine the interpretability of the discov-
ered concepts by analyzing how they are distributed across
slides and how clinicians can use these concept-fraction vec-
tors. This analysis shifts the focus from performance to biological
meaning, asking whether the learned concepts correspond to
coherent and clinically recognizable histopathologic patterns.
Class-averaged concept-fraction analysis

To facilitate interpretability (explainability), we analyze concept-
fraction vectors at the cohort level by averaging slide-level
concept-fraction vectors within each group (e.g., HPV-positive
and HPV-negative patients). These class-averaged concept-
fraction vectors provide a compact quantitative summary of
morphologic composition that can be directly compared across
HPV status, survival outcomes, and cohorts. For example, an
average concept-fraction vector over HPV-positive patients pro-
vides insight into which concepts are most relevant to positive
predictions, and similarly for HPV-negative patients. A larger
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Figure 3. Class-averaged concept-fraction
vectors across concept-discovery settings
on TCGA-HNSCC

Concept-fraction vectors are computed per slide as
the fraction of tiles assigned to each discovered
concept, optionally weighted by MIL attention.
These slide-level vectors are then averaged within
each group to obtain class-averaged profiles that
summarize cohort-level morphologic composition
and highlight differences in concept prevalence
across clinical groups. (A)-C) show group-aver-
aged profiles for HPV-positive (blue) and HPV-
negative (orange) cases, while (D) shows the cor-
responding averages for surviving (blue) and
deceased (orange) cases. Error bars denote 95%
bootstrap confidence intervals of the class mean
computed across slides within each group.

(A) Class-averaged concept-fraction vectors
derived from encoder-feature clustering (non-
h-space baseline).

(B) Class-averaged concept-fraction vectors
derived from CLEAR-HPV concepts in the MIL
h-space using unweighted fractions, where all tiles
contribute equally.

(C) Class-averaged concept-fraction vectors

. HPV+ = HPV-
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o
«

Encoder CLEAR-HPV (raw-h) CLEAR-HPV (AW-h) Encoder

CLEAR-HPV (raw-h) CLEAR-HPV (AW-h)

derived from CLEAR-HPV concepts in the MIL
h-space using attention-weighted fractions, where

each tile contributes proportionally to its MIL attention score, yielding clearer separation between HPV-positive and HPV-negative cases.
(D) Using the same CLEAR-HPV h-space concepts and attention-weighted fractions as in (C), class-averaged concept-fraction vectors are shown for surviving versus

deceased cases.

(E) Unweighted purity (cluster-averaged class dominance) across methods, computed as the mean class-dominance ratio over clusters dominated by each class.
(F) Mass weighted purity (dominant-cluster class-mass concentration) across methods, computed as the fraction of class-specific mass within clusters dominated by
each class; higher values indicate stronger class coherence. Detailed definitions are provided in methods S1.

difference between these two vectors indicates that the discov-
ered CLEAR-HPV concepts better distinguish HPV-positive from
HPV-negative cases.

Figure 3 shows the class-averaged concept-fraction vectors
for HPV-positive and HPV-negative cases with K = 10 concepts
(CO0-C9). Encoder-space concepts (Figure 3A) show little sepa-
ration between classes. For CLEAR-HPV concepts discovered
in the MIL h-space, unweighted concept fractions (Figure 3B;
each tile contributes equally to its assigned concept) yield only
modest class separation. In contrast, AW concept fractions
(Figure 3C; each tile’s contribution to the slide-level fraction is
weighted by its MIL attention score) produce a clearer dichot-
omy: HPV-positive slides show higher fractions of the basa-

loid/non-keratinizing concept (concept 5 [C5]), whereas HPV-
negative slides show higher fractions of the keratinizing concept
(C7). Representative tiles supporting these morphologic inter-
pretations are shown in Figure 4, consistent with established his-
topathologic differences. Using the same AW fraction computa-
tion, Figure 3D shows a clear survival-associated discrepancy in
concept composition. Survivors are enriched for C5, whereas
deceased cases are enriched for C7. This pattern is consistent
with the established prognostic advantage of HPV-driven tu-
mors, even though the MIL backbone was trained only for HPV
prediction.

To quantify the class-coherent structure of discovered con-
cepts, we introduce two metrics based on class-averaged

A B Figure 4. Top tiles for key concepts discov-
ered by CLEAR-HPV and the corresponding
squamous epll.’tis:ﬁ'ﬁi: cs _T_I(i:dg;‘le'-\ilﬁlscdci:stributions in the dataset
keratinizing [§3 P (A) Top (representative) tiles for five CLEAR-HPV
squamous epithelium concepts chosen for their consistent appearance
) - and clear morphologic identity: C5 (basaloid
23;?,:‘: . ¢ €91 squamous epithelium), C7 (keratinizing squamous
epithelium), C9 (fibrous stroma), C4 (connective

connective L‘{‘E{{Z&x ca stroma), and C2 (inflammatory cells).
stroma BN L (B) Average concept-fraction vectors for HPV-
inflammatory o —— positive (blue) and HPV-negative (orange) slides,
cells == HPV— with 95% bootstrap confidence intervals. The
. . basaloid concept C5 is more prevalent in HPV-

0.0 0.5 1.0

Average concept-fraction vectors
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positive cases, while the keratinizing concept C7
is more prevalent in HPV-negative cases.
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Figure 5. Visualization of attention-weighted concept discovery using CLEAR-HPV
(A) For representative HPV-positive and HPV-negative WSIs from TCGA-HNSCC, we show, in four columns, (i) the original H&E WSI, (ii) the h-space spatial
concept map, (jii) the high-attention spatial concept map, and (iv) regions of interest (ROls) with their corresponding concept-fraction distributions produced by

our CLEAR-HPV.

(B) Representative tiles for two CLEAR-HPV concepts (C5 and C7), along with the average concept-fraction vectors for HPV-positive and HPV-negative slides of
the entire dataset. Error bars denote 95% bootstrap confidence intervals of the class mean computed across slides within each group. We use different colors to
represent different concepts consistently across all figures. Blue markings visible in the WSIs in (A) are pre-existing annotation artifacts on physical slides by

clinicians and can be omitted from interpretation.

concept-fraction vectors: unweighted purity, which measures
the mean purity of class-dominant clusters, and mass-weighted
purity, which emphasizes whether class-specific signal is
concentrated in high-mass clusters. Detailed definitions are pro-
vided in methods S1. Both metrics consistently show that AW
CLEAR-HPV produces higher class dominance and mass con-
centration than encoder-space concepts, indicating improved
class-coherent organization of morphology.

Concept identity and representative morphology

Figure 4 shows representative tiles for key concepts discov-
ered by CLEAR-HPV (Figure 4A) and the corresponding slide-
level distributions in TCGA-HNSCC (Figure 4B). In Figure 4A,
clinician review confirmed that these concepts correspond to
inflammatory infiltrates (C2), benign stroma (C4), HPV-associ-
ated basaloid carcinoma (C5), HPV-negative keratinizing carci-
noma (C7), and fibrous stroma (C9). These concepts appear
consistently across datasets and form the basis for interpret-
able (explainable) slide-level composition profiles. In
Figure 4B, we can see that the discovered concept C5 and
concept C7 are highly relevant to HPV-positive and HPV-nega-
tive cases, respectively.

Slide-level visualization of concepts discovered by
CLEAR-HPV

Figure 5 visualizes concepts within two representative HPV-
positive and HPV-negative slides. High-attention maps (col-

umn 3 of Figure 5A) are obtained by ranking tile-level attention
scores and retaining only top-scoring tiles, capturing regions
most emphasized by the MIL backbone. Within these areas,
HPV-positive slides consistently show the “basaloid” concept
C5 (in yellow), while HPV-negative slides show the “keratiniz-
ing” concept C7. Background concepts such as fibrous or
benign stromal tissue (e.g., C4 and C9), as indicated by their
representative tiles in Figure 4, also appear consistently
across slides and provide visual context for surrounding tumor
regions. These representative tiles are selected by their dis-
tance from the concept center (see details in the methods
section).

To quantify concept composition in highlighted, key areas of
a slide, we define regions of interest (ROIs) as the contiguous
high-attention regions outlined by the green box in
Figure 5A(), with a zoomed-in view shown in Figure 5A(iv).
The concept-fraction distributions in the ROIls, shown in the
green box in Figures 5A(i) and in Figure 5A(iv), match the data-
set-level average concept-fraction vectors in Figure 5B (right):
C5 is enriched in HPV-positive cases and C7 is enriched in
HPV-negative cases. Together, these results show that (1) our
CLEAR-HPV can provide slide-level concept explanations for
HPV prediction while also highlighting important regions in
the slide and (2) our CLEAR-HPV produces consistent con-
cepts at the slide and dataset levels; slide-level average
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Table 3. Original backbone performance vs. CLEAR-HPV concept discovery across MIL backbones (on TCGA-HNSCC)

Backbone Method Feat. dim. Interpret. ACC AUC Prec Rec F1

Original backbone performance (no concept discovery)

ABMIL original 1,536 x 0.818 + 0.051 0.879 + 0.062 0.867 + 0.098 0.725 + 0.104 0.765 + 0.068
TransMIL original 1,536 x 0.784 + 0.057 0.899 + 0.052 0.800 + 0.098 0.698 + 0.085 0.734 + 0.072
MHMIL original 1,536 x 0.791 + 0.079 0.879 + 0.068 0.825 + 0.134 0.685 + 0.160 0.723 £ 0.116
CLEAR-HPV concept discovery

ABMIL AW-h 10 I 0.799 + 0.087 0.859 + 0.081 0.769 + 0.115 0.767 + 0.222 0.751 £ 0.133
ABMIL raw-h 10 I 0.810 + 0.068 0.868 + 0.086 0.811 £ 0.145 0.763 + 0.169 0.769 + 0.102
TransMIL AW-h 10 I 0.765 + 0.077 0.863 + 0.089 0.738 + 0.071 0.703 + 0.179 0.713 £ 0.111
TransMIL raw-h 10 I 0.784 + 0.089 0.841 + 0.084 0.803 + 0.149 0.678 + 0.147 0.727 £ 0.118
MHMIL AW-h 10 1% 0.782 + 0.145 0.859 + 0.144 0.813 + 0.229 0.669 + 0.242 0.716 + 0.204
MHMIL raw-h 10 I 0.794 + 0.100 0.879 + 0.129 0.859 + 0.140 0.669 + 0.273 0.713 £ 0.178

For each attention-based MIL backbone, we report the original backbone performance and the corresponding results obtained by applying CLEAR-
HPV for concept discovery on the latent h-space. “Feat. dim.” denotes the dimensionality of the slide-level representation used for classification, and
“Interpret.” indicates whether the representation yields explicit, human-interpretable morphologic concepts. Across all backbones, CLEAR-HPV
achieves strong performance comparable to the original models. For MHMIL, performance metrics for individual attention heads and alternative

head-aggregation strategies are provided in Table S4.

concept-fraction vectors within high-attention regions align
with their dataset-level (global) average concept-fraction vec-
tors across the cohort.

Comparison of concept discovery across MIL

backbones

Our CLEAR-HPV framework is compatible with arbitrary ABMIL
neural network architectures. In addition to CLAM, we evaluated
three MIL backbones, including two widely used MIL back-
bones, i.e., ABMIL'® and transformer-based MIL (TransMIL),"”
as well as a multi-head attention-based MIL (MHMIL) model, to
investigate how backbone choices influence the structure of
the latent h-space and the resulting CLEAR-HPV concepts.

ABMIL employs a gated attention mechanism to learn
instance-level importance weights and aggregates tile embed-
dings via a weighted sum, providing a simple and effective atten-
tion-based pooling strategy. TransMIL extends the MIL para-
digm by modeling global contextual relationships among
instances using transformer layers, enabling long-range depen-
dency modeling across tiles within a WSI. MHMIL is inspired by
CLAM,; it replaces the single attention head with multiple parallel
heads, allowing different heads to capture complementary tissue
patterns while preserving the underlying MIL aggregation struc-
ture. By applying CLEAR-HPV to ABMIL, TransMIL, and MHMIL,
we assess its robustness for concept discovery across distinct
architectural inductive biases.

Using the same evaluation procedure as in the CLAM-based
experiments, each slide is represented by a concept-fraction
vector and evaluated with a concept-fraction classifier across
all backbones. As shown in Table 3, CLEAR-HPV consistently
preserves slide-level predictive performance across multiple
ABMIL architectures, even though it replaces the original high-
dimensional latent representations (i.e., 1,536 dimensions),
which are not interpretable at the concept level, with substan-
tially more compact (i.e., 10 dimensions) and interpretable
concept representations. These are therefore strong results.
Across ABMIL, TransMIL, and MHMIL, CLEAR-HPV achieves
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AUC (~0.84-0.88) and ACC (~0.76-0.81) that closely match
those of the corresponding original backbone models (AUC =~
0.88-0.90, ACC =~ 0.78-0.82). Importantly, we observe the
following.

® Performance retention is consistent across architectures
with  distinct attention mechanisms and modeling
complexity, indicating that the discovered concepts capture
backbone-agnostic, diagnostically relevant morphology
rather than architecture-specific artifacts.

® High performance is achieved when compressing the
1,536-dimensional representation from the MIL backbone
to only 10 interpretable concept dimensions, demon-
strating that CLEAR-HPV retains discriminative signal in
a substantially more compact and interpretable represen-
tation, without reliance on high-dimensional, uninterpret-
able embeddings.

Encoder dependence

In addition to backbone robustness, we evaluated whether
CLEAR-HPV depends on the choice of feature encoder by replac-
ing the UNI pathology foundation model encoder (UNI)*° with a
conventional ResNet50. CLEAR-HPV maintains comparable per-
formance with this change and continues to produce coherent
concept representations, indicating that the proposed framework
is not tied to a specific foundation model encoder. Detailed results
are provided in Table S5.

Cross-cohort generalization and robustness

CLEAR-HPV concepts transfer reliably across datasets that
differ in anatomic sites, staining profiles, and class distributions.
All cross-cohort experiments were conducted in a zero-shot
setting: concept clusters, attention weights, and the concept-
fraction classifier were trained exclusively on TCGA-HNSCC
and were not adapted, recalibrated, or tuned using any slides
from TCGA-CESC or CPTAC-HNSCC. This design ensures
that evaluations on the external cohorts measure genuine
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Table 4. Cross-cohort generalization from TCGA-HNSCC to TCGA-CESC

Method ACC AUC Prec Rec F1

CLAM 0.593 + 0.083 0.684 + 0.154 0.977 + 0.029 0.581 + 0.176 0.716 + 0.073
CLEAR-HPV (AW-h) 0.756 + 0.069 0.650 + 0.067 0.958 + 0.013 0.777 + 0.083 0.855 + 0.049
CLEAR-HPV (raw-h) 0.748 + 0.056 0.671 + 0.061 0.960 + 0.012 0.765 + 0.066 0.850 + 0.041

Under severe domain shift and strong HPV-positive class imbalance, CLEAR-HPV retains a substantial predictive signal within an interpretable
concept space, although AUC indicates modest degradation in ranking performance relative to CLAM. Raw-h achieves the highest AUC among
the CLEAR-HPV variants, while AW-h provides the highest F1 and recall. Results for additional metrics are provided in Table S6.

generalization rather than domain-specific adjustment. These
results should be interpreted in terms of signal preservation
and interpretability rather than improvement in predictive
performance.

Transferring to the external cohort TCGA-CESC

Table 4 shows the results when models trained on TCGA-
HNSCC were applied to the external cohort TCGA-CESC. Both
CLEAR-HPV variants, AW-h and raw-h, retain substantial predic-
tive signal under this substantial biological shift in tissue site.
Note that TCGA-CESC differs substantially from TCGA-
HNSCC in both anatomy and cohort composition: it is dominated
by HPV-positive tumors and exhibits histomorphologic patterns
distinct from HNSCC.®° Under this extreme imbalance, the
CLAM baseline achieved only modest performance (ACC ~
0.59, AUC =~ 0.68). Due to the strong class imbalance in
TCGA-CESC, threshold-based metrics such as F1 and recall
should be interpreted with caution, as they can be influenced
by majority-class bias. Interestingly, both CLEAR-HPV variants,
with their discovered interpretable concepts and concept-frac-
tion vectors, maintain comparable AUC while achieving higher
ACC (ACC =~ 0.75) and, more importantly, preserve CLAM’s
extremely high precision (Prec ~ 0.96); they also achieved higher
sensitivity and F1 than the CLAM base model. The AW variant
achieved the highest F1 (~0.86) and sensitivity (~0.78), while
the raw-h-space variant obtained the highest AUC (~0.67)
among CLEAR-HPV variants. However, AUC indicates a modest

| TCGA-CESC

CPTAC-HNSCC

degradation in ranking performance under domain shift, consis-
tent with our interpretation that CLEAR-HPV preserves interpret-
able structure rather than improving global discrimination. These
results show that CLEAR-HPV captures HPV-related morpho-
logic signals that remain predictive while maintaining interpret-
ability under major shifts in tissue architecture. Together with
the cross-cohort concept consistency shown in Figure 6, these
results indicate that CLEAR-HPV preserves transferable
morphologic structure even when ranking performance de-
grades modestly.

Transferring to the external cohort CPTAC-HNSCC
Similarly, Table 5 shows the results when models trained on
TCGA-HNSCC were applied to the external cohort CPTAC-
HNSCC, demonstrating CLEAR-HPV’s robustness to technical
and institutional variability. Because this cohort contains only
HPV-negative tumors, ACC is the only relevant metric. Both
CLEAR-HPV variants outperformed CLAM (ACC ~ 0.82-0.90),
despite pronounced differences in staining, slide preparation,
and scanner characteristics®® between the two cohorts. This
improvement indicates that our CLEAR-HPV’s concept-fraction
representations (vectors) remain stable under technical
domain shift.

Morphologic consistency of concepts across cohorts
Figure 6 illustrates that the HPV-associated “basaloid” concept
(C5) and the “keratinizing” concept (C7) retain their character-
istic morphology in high-attention regions across both external

Keratinizing squamous
4 morphology

1 Basaloid-like
squamous morphology

| Keratinizing squamous

Figure 6. Cross-cohort consistency of HPV-related concepts among the top-8 tiles

We show representative high-attention tiles for the HPV-positive-related basaloid concept C5 and the keratinizing concept C7 from two external cohorts, TCGA-
CESC (top) and CPTAC-HNSCC (bottom). Across both datasets, C5 consistently reflects basaloid morphology characteristic of HPV-positive tumors, whereas
C7 reflects keratinizing morphology typical of HPV-negative tumors. The consistency of these signatures across independent cohorts demonstrates that CLEAR-
HPV identifies stable, biologically meaningful concepts that generalize beyond the training dataset.
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Table 5. External validation on CPTAC-HNSCC

Metric CLAM

CLEAR-HPV (AW-h) CLEAR-HPV (raw-h)

ACC 0.704 + 0.120

0.824 + 0.146 0.896 + 0.094

Only accuracy is reported because the cohort contains only HPV-negative cases. CLEAR-HPV preserves the predictive information of the CLAM base

model when transferred to an external cohort.

cohorts, TCGA-CESC and CPTAC-HNSCC. The same con-
cepts, basaloid tiles for C5 and keratinizing squamous
morphology for C7, appear consistently, even in these external
cohorts not seen during training. These cross-cohort results
demonstrate that CLEAR-HPV captures stable, biologically
meaningful morphologic structures that generalize across
different squamous tumor types and institutional settings.

Survival prediction based on CLEAR-HPV concepts
HPV status is a well-established prognostic marker in squamous
cell carcinoma, with HPV-positive tumors exhibiting significantly
better survival outcomes.®’ We therefore assessed whether
CLEAR-HPV concepts retain this prognostic signal by evaluating
survival prediction in TCGA-HNSCC using only the concept-
fraction vectors derived using CLEAR-HPV applied to an HPV-
trained backbone. No retraining or survival-specific adaptation
was performed; therefore, the survival model receives solely
the morphologic composition learned from HPV supervision.
As shown in Table 6, the AW concept vectors produced by
CLEAR-HPV achieve competitive, though slightly lower, predic-
tive performance compared to the base model CLAM. While the
explained model, CLAM, achieves the highest AUC (~0.840),
both CLEAR-HPV variants (which explain CLAM’s predictions)
retain broadly comparable discriminative ability despite oper-
ating in a substantially lower-dimensional space. Note that these
are already strong results because the CLEAR-HPV’s concept-
fraction vectors have only 10 dimensions; they are both compact
and interpretable. In contrast, the original CLAM model uses em-
beddings with 1,536 dimensions, which are not interpretable.
These results indicate that CLEAR-HPV concepts capture
broader morphologic structure that remains informative for pa-
tient outcome, even though the concepts were originally learned
for HPV prediction. The concept-fraction vectors provide a
compact and interpretable summary of tumor and stromal
composition, allowing links between morphologic patterns and
adverse prognosis to be examined. Together, these findings
show that reorganizing the MIL latent space into CLEAR-HPV
concepts preserves survival-relevant information, even when su-
pervision is based entirely on HPV labels.

DISCUSSION

This study demonstrates that the latent space learned by ABMIL
models contains biologically structured information that be-
comes interpretable when it is reorganized through our pro-
posed CLEAR-HPV framework. The latent h-space encodes
tile-level morphology before slide-level aggregation. Weighting
these embeddings by learned attention scores highlights the re-
gions most relevant to the prediction and enables CLEAR-HPV
to recover consistent and generalizable morphologic concepts
without tile-level supervision or human annotation. CLEAR-
HPV is not designed to improve classification accuracy but to
provide a structured and interpretable view of the latent space
learned by the model.

Our findings further demonstrate that CLEAR-HPV is not tied to
a specific attention mechanism or MIL architecture but instead can
be applied consistently across diverse attention-based back-
bones. Despite differences in model architecture and attention
formulation, CLEAR-HPV relies on the attention learned for the pre-
diction task to organize the latent h-space, resulting in stable and
robust morphologic concept discovery. This architectural robust-
ness indicates that CLEAR-HPV functions as a general concept-
discovery framework that can be integrated with a wide range of
ABMIL models without requiring model-specific modification.

CLEAR-HPV concepts demonstrate cross-cohort consistency
across TCGA-HNSCC, TCGA-CESC, and CPTAC-HNSCC in a
strict zero-shot transfer setting. Despite substantial variation in
staining, scanner characteristics, and cohort composition,*?-®
the same basaloid and keratinizing concepts appeared consis-
tently across cohorts (datasets). This reproducibility and stability
indicate that CLEAR-HPV captures transferable morphologic
signals associated with HPV status rather than dataset-specific
artifacts, even under substantial domain shift, although some
degradation in ranking performance is observed in certain trans-
fer settings. Importantly, these results reinforce that CLEAR-HPV
is designed to preserve predictive signals in an interpretable rep-
resentation rather than to optimize classification performance;
thus, minor changes in standard metrics should be interpreted
in the context of this trade-off.

Table 6. Survival prediction on TCGA-HNSCC

Method ACC AUC Prec Rec F1

CLAM 0.734 + 0.086 0.840 + 0.081 0.668 + 0.160 0.673 + 0.188 0.628 + 0.143
CLEAR-HPV (AW-h) 0.715 £ 0.121 0.785 + 0.134 0.665 + 0.209 0.558 + 0.147 0.594 + 0.168
CLEAR-HPV (raw-h) 0.700 + 0.139 0.766 + 0.114 0.675 + 0.229 0.530 + 0.198 0.563 + 0.192

Survival prediction using CLEAR-HPV concept representations (i.e., concept-fraction vectors) is compared with the base model CLAM. Results show
that CLEAR-HPV’s concept-fraction vectors preserve the prognostic information contained in the original MIL embeddings of CLAM. Results for more

metrics are provided in Table S7.
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The concept-fraction vectors produced by CLEAR-HPV also
retained prognostic information (important for survival analysis)
in TCGA-HNSCC, even though the concepts were learned solely
from HPV supervision without any concept-level annotation or
supervision. This shows that reorganizing the MIL latent space
can preserve broader tumor biology and that interpretable
concept profiles can serve as compact descriptors for down-
stream clinical tasks.

While recent progress in pathology foundation models (e.g.,
contrastive histology encoders,** TCv2,°°> UNI,>® CONCH,*® and
GigaPath®’) provides powerful feature extractors trained at scale,
our results highlight that expressive embeddings alone do not
guarantee interpretability (or explainability). Direct clustering of
foundation-model features produced reasonable quantitative per-
formance but did not reveal coherent morphologic structure. The
AW h-space, by contrast, combines the representational richness
of these encoders with task-specific focus, enabling concept dis-
covery that aligns with the regions most relevant to the prediction.
This intermediate representation offers a practical pathway toward
interpretable foundation-model pipelines.

While CLEAR-HPV organizes latent representations into struc-
tured and quantitatively coherent concepts, assigning semantic
labels to these concepts currently requires expert interpretation.
Future work may explore the integration of large language
models (LLMs) or multimodal vision-language models to assist
with automatic concept description or naming, for example, by
summarizing representative tiles associated with each concept.
Such approaches could improve scalability and usability, but any
automatically generated annotations would still require expert
validation for clinical use.

In summary, CLEAR-HPV provides an interpretable link be-
tween slide-level predictions and human-understandable histol-
ogy by restructuring the attention-mediated latent space into
discrete morphologic concepts. These concepts are biologically
coherent, reproducible across cohorts, and informative for classi-
fication and prognosis. More broadly, our findings show that the
attention-structured latent space can support concept-level inter-
pretability in whole-slide imaging across diverse MIL backbone
architectures, offering a general framework for interpretable MIL.
We expect that similar strategies will extend to additional molec-
ular and prognostic tasks and will contribute to interpretable rep-
resentation learning in computational pathology.

Limitations of the study

This study has several limitations. First, the quality of the recov-
ered concepts is influenced by the choice of MIL backbones;
models with diffuse and weaker attention may offer slightly
weaker structures for unsupervised separation of different con-
cepts. Second, clustering is performed in a latent space without
tile-level labels; therefore, certain distinctions may remain subtle
and benefit from expert interpretation. In particular, clinically
actionable interpretation of the discovered concepts requires
expert pathology review. Third, our pipeline relies on pretrained
encoders and fixed attention maps, following the standard histo-
pathology MIL paradigm (e.g., CLAM), where tile encoders are
not jointly optimized during slide-level training. A unified end-
to-end optimization of the encoder, attention mechanism, and
concept structure may yield more refined and semantically
consistent concepts and remains an important direction for
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future work. Future work will incorporate spatial context, richer
supervisory signals, and multimodal information to expand the
biological insight provided by the CLEAR-HPV framework.

METHODS

Figure 1 shows the overview of our CLEAR-HPV framework.
WSiIs are first decomposed into fixed-size tiles, encoded with a
pretrained vision transformer (ViT) or convolutional neural
network (CNN), and converted into patch-level feature embed-
dings (Figure 1A). An ABMIL classifier then projects embeddings
into an h-space latent representation and uses multi-head atten-
tion to compute tile-level contributions, according to which tile-
level embeddings are then pooled into a single slide-level
embedding for HPV prediction (Figure 1B).

Given an arbitrary ABMIL backbone model above, our CLEAR-
HPV then performs annotation-free concept discovery on AW
h-space embeddings to identify coherent morphologic concepts
(Figure 1C). Using the discovered concepts, CLEAR-HPV can do
the following.

® Compute the class-averaged concept-fractions to quan-
tify the relative abundance of each concept for HPV-posi-
tive and HPV-negative slides within a given cohort; using
attention weights can produce concepts that better distin-
guish between HPV-positive and HPV-negative cases
(Figure 1D).

® Generate representative tiles that illustrate the character-
istic morphology captured by each discovered concept
(Figure 1E).

® Generate spatial concept maps to visualize the distribution
of concepts across the WSis, revealing their spatial orga-
nization (Figure 1F).

® Obtain slide-level concept-fraction vectors to provide an
interpretable representation that supports a concept-frac-
tion classifier, which recovers MIL predictive performance
while offering concept-level explanations (Figure 1G).

Below, we provide details on each aforementioned module,
evaluation, and implementation.

Cohort curation and pathology criteria

TCGA-HNSCC WSils were curated by removing slides with poor
staining, marked artifacts, or inadequate focus, using a combi-
nation of metadata filtering and manual quality inspection. For
TCGA-CESC, we followed the pathology quality-control criteria
described in TCGA®® and retained only diagnostic slides with
adequate tumor content and acceptable image quality.
CPTAC-HNSCC slides were included as provided, as this cohort
had already undergone standardized acquisition and quality re-
view through the CPTAC pipeline.

Data and preprocessing

We used diagnostic WSIs from TCGA-HNSCC, TCGA-CESC, and
CPTAC-HNSCC. Tissue regions were identified using standard
color-based masking, and each WSI was tiled into non-overlap-
ping patches (256 x 256) at the full-resolution layer (level 0), as
shown in Figure 1A. For each tile, we extracted a fixed embedding
x; € RPn using the pretrained UNI encoder” (D;, = 1,536) without
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any color normalization. Each slide with N tiles is represented as an
N x D;, matrix of tile features. We have run experiments with color
normalization as well, but it did not make a difference, probably
because the UNI encoder is already robust to different color
schemes. Therefore, we chose to run all experiments without
any color normalization.

MIL backbones and the h-space

Different MIL backbones

We evaluated four ABMIL architectures: CLAM, ABMIL,
TransMIL, and MHMIL. All models share a unified projection
layer that maps encoder features into a common latent h-space
with the same dimensionality, enabling direct and controlled
comparison of the resulting representations across backbones
(see Figure 1B for a typical example of an ABMIL model).
Attention-structured h-space

As shown in Figure 1B, we define the h-space (the blue box) as
the intermediate embedding space produced by the MIL back-
bone prior to slide-level aggregation. For each tile i, the back-
bone maps the encoder feature x; to an embedding h; = fy(x;)
and produces a raw attention score a; (i.e., the logit before “soft-
max”). Attention weights are obtained via slide-wise softmax
over the N tiles in the slide, followed by a rescaling step:

a = —_— 0 = N&,

a; denotes the normalized attention weight and N denotes
the number of tiles extracted from the current slide. The rescaling
sets the mean weight within each slide to 1 (since % Zf’: qai = 1),
which makes the average magnitude of attention weights compa-
rable across slides with different numbers of tiles while preserving
the relative ranking of tiles within each slide. The resulting atten-
tion-structured h-space representation of a slide is given by

H = {(h,a)}",.

This standardized h-space representation above serves as the
input to CLEAR-HPV’s unsupervised concept-discovery proced-
ure, which analyzes the AW distribution of tile embeddings to
reveal structured morphologic patterns learned by the MIL model.
Concept-discovery module
CLEAR-HPV performs unsupervised concept discovery by clus-
tering the attention-structured h-space representation into a
fixed set of K latent morphologic concepts, without requiring
any concept-level annotations (labels). In Table 2, we compare
CLEAR-HPV (AW-h) and CLEAR-HPV (raw-h) against several un-
supervised baselines, including heatmap, Dirichlet concepts,
and encoder concepts. We describe each method in detail
below. All methods operate on tile-level h-space representation
{(h;,a;)} and are designed to scale to whole-slide inference.
CLEAR-HPYV (raw-h)

The raw variant of CLEAR-HPV, i.e., CLEAR-HPV (raw-h), dis-
covers K morphologic concepts by clustering tile embeddings
in the h-space using a scalable two-stage k-means proced-
ure.*®* Let {h;}) | denote the N tile embeddings used for
concept learning, where each h; € R% is a dj,-dimensional
feature vector for tile i. We learn K concept centroids {pk},'f= 1
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with g, € R% and a hard assignment function c()e{1, ...,K}
that maps each tile i to its nearest centroid by minimizing the
within-cluster sum of squared distances:

N
{idi -1 Ac@)}. = argmin} " [l — g [l3.  (Equation 1)
{mctel) =1
In practice, we initialize concept centroids in the dy,-dimensional
h-space using a reservoir-based mini-batch k-means pass, fol-
lowed by standard k-means clustering’® applied to all tile em-
beddings to obtain stable concept centroids. This variant treats
all tiles equally during concept learning. We next introduce
CLEAR-HPV (AW-h), which incorporates attention weights
when forming concepts and provides a complementary view of
the attention-structured h-space.
CLEAR-HPV (AW-h)
To incorporate the MIL model's diagnostic relevance into
concept learning, CLEAR-HPV (AW-h) uses an AW k-means
objective. Let {h,-},'v\’=1 denote tile embeddings and let o; >
0 denote the corresponding attention weight assigned by the
MIL model (with 3",a;>0). We learn K centroids {u}_ and
hard assignments c()<{1, ...,K} by solving

N
{mei— 1 fe() -y = argmin > " allhy — pgy 3. (Equation 2)

{mcel) =1

During initialization and refinement, tile weights «; act as sam-
ple weights, causing high-attention tiles to exert a stronger influ-
ence on concept boundaries. This aligns the learned concepts
with regions emphasized by the MIL model.

Dirichlet concepts

Building on ideas from probabilistic concept models such as
PACE,*" we include a probabilistic concept model that learns
the uncertainty-aware importance score for each tile and each
concept for the prediction. A probabilistic model like this is usu-
ally more robust and captures broader variability in morphologic
patterns across slides.

Heatmap

We evaluated a heatmap-based slide classifier that uses the MIL
attention map as a quantitative decision signal. For each slide,
tile-level attention scores are projected back onto the WSI to
form a spatial heatmap. A slide-level prediction is obtained by
computing a scalar “heatmap area” score, defined as the pro-
portion of tiles whose attention exceeds a fixed threshold r for
the class of interest. The decision cutoff is selected on training
data and applied to held-out test slides, yielding a transparent
rule-based classifier grounded in attention-based evidence.
Encoder concepts

As a baseline, we evaluate an encoder-based concept-discov-
ery method that follows the same procedure as CLEAR-HPV
(raw-h) but operates directly on the encoder feature space rather
than the MIL latent h-space. Let {zi},’-V: 1» with 2z, € R%, denote
the tile-level embeddings produced by the pretrained encoder;
all subsequent steps are identical to CLEAR-HPV (raw-h).
Because this baseline does not involve MIL attention, an AW
(AW-h) variant is not applicable.

Choice of number of concepts (K)

We use K = 10 as the main setting in our experiments. This
choice was initially guided by elbow analysis*® and further
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supported by evaluations across nearby values of K. These ana-
lyses show that predictive performance remains stable and that
the overall structure of the discovered concepts is highly consis-
tent across different values of K. In practice, changing K mainly
merges or splits similar concepts rather than producing entirely
different patterns. We therefore do not interpret K = 10 as a bio-
logically unique optimum but as a stable and interpretable
choice for this study.

Concept-fraction vectors in CLEAR-HPV

As shown in Figures 1D and 1G, our CLEAR-HPV provides both
class-level and slide-level concept-fraction vectors to enable ho-
listic interpretation (explanation) of MIL models’ predictions.
Below, we describe details on how they are computed.

Raw slide-level concept-fraction vectors

Given a set of K discovered concepts from CLEAR-HPV, we
represent each WSI with a concept-fraction vector that summa-
rizes its morphologic composition. Specifically, for a slide with N
tiles, let c(i) € {1, ...,K} denote the index of the concept assigned
totile/ € {1,2, ...,N}. The slide-level concept-fraction vector f
RX is defined as

1T
f = NZH[O(/) = k,k=1,.. K,

i=1

(Equation 3)

where fy is the k-th entry in f and I[] is the indicator function,
equal to 1 if tile j is assigned to concept k and O otherwise.
Each entry f, therefore represents the proportion of tiles in the
slide assigned to concept k, and the vector f is normalized
such that Y5 fi = 1.

AW slide-level concept-fraction vectors

For AW variants, each tile i is also associated with an attention
weight «; produced by the MIL model, reflecting its contribution
to the slide-level prediction. Correspondingly, the AW concept
fraction vectors are computed as

f = Licaalie() =K
Z:N: 1%

where tiles receiving higher attention contribute more strongly to
the slide-level representation. Attention weights are normalized
within each slide to ensure comparability across slides of
different sizes.

These two variants of slide-level concept-fraction vectors are
used as inputs to the concept-fraction classifier for quantitative
evaluation.

Class-averaged concept-fraction vectors

For interpretability analyses, we further compute class-averaged
concept-fraction vectors by averaging slide-level concept-frac-
tion vectors across all slides in a given cohort or clinical group
(e.g., averaging over HPV-positive or HPV-negative cases).
Throughout the paper, we use the term concept-fraction vector
to denote slide-level representations and class-averaged
concept-fraction vectors when these representations are aver-
aged within a subgroup of a cohort (e.g., HPV-positive cases)
for interpretability analyses.

, (Equation 4)

Representative tiles per concept
As shown in Figure 1E, to support qualitative interpretation of the
discovered concepts, we identify representative tiles for each
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concept using an automated and reproducible ranking proced-
ure. Tiles are ranked by their Euclidean distance to the corre-
sponding concept centroid p, € {ﬂk}f: 1, as defined by
Equation 1, and the top M tiles are selected across slides for
visualization. These representative tiles are used exclusively for
qualitative interpretation and do not influence model training or
evaluation.

Spatial concept maps

Spatial concept maps

As shown in Figures 1F and 5A(ii), to visualize the spatial organi-
zation of discovered concepts within WSIs, we generate spatial
concept maps by projecting tile-level concept assignments back
to their original spatial locations in the WSI. Each tile is assigned
to a single concept using hard assignment, and tiles are colored
according to their assigned concept, producing a map that illus-
trates how different morphologic concepts are distributed
across the tissue section.

High-attention spatial concept maps

As shown in Figure 5A(iii), when attention scores are available,
we additionally generate a high-attention map by displaying
only the top M tiles ranked by MIL attention score, highlighting
regions most strongly emphasized by the model.

Evaluation of concept-fraction vectors
All concept-discovery methods were evaluated under a consis-
tent 10-fold train/test protocol applied to the h-space. For
each fold, concepts were learned using only training slides,
and concept-fraction vectors were computed for both training
and held-out slides. Slide-level predictions derived from concept
fractions were compared against the baseline MIL classifier.
Concept-fraction classifier
Given a slide S, let f(S) = [fy,...,fk] € RX denote its slide-level
concept-fraction vector as defined in Equations 3 and 4, where
fx is the proportion of tiles assigned to concept k and
Z,’f: 1 = 1. We then define a simple, interpretable rule-based
classifier that scores each slide by aggregating the fractions of
concepts that are statistically associated with HPV-positive sta-
tus in the training data. Specifically, for each concept k, we
compare the distribution of f, between HPV-positive and HPV-
negative training slides and designate concept k as HPV associ-
ated if its mean fraction is higher in the HPV-positive group. This
yields a binary concept mask z € {0,1}, where 7, = 1 indicates
that concept k is positively associated with HPV status based
on the training set, and 7, = 0 otherwise.

The slide-level score is computed as

Srule(S) = Zﬂk fk(s)’
k=1

which represents the total fraction of tissue assigned to HPV-
associated concepts. A binary prediction is obtained by thresh-
olding this score,

Y(S) = Ilsuie(S) > 1,

where y(S) =1 denotes an HPV-positive prediction and
¥(S) = 0 denotes an HPV-negative prediction. The decision
threshold 7 is selected using the training folds and then applied
to held-out test slides.
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For comparison, we also train a logistic regression classifier
directly using the same concept-fraction vector f(S) as input.
Detailed performance metrics for HPV and survival prediction
are reported in Tables S8 and S9.

Recovery score

Our CLEAR-HPV is a post hoc explanation framework. It is there-
fore important to evaluate whether the generated explanation
indeed reflects the explained model’s prediction. To measure
how well CLEAR-HPV variants and other baselines recover MIL
predictions, we computed a recovery score by forming a metric
vector,

m = [ACC,AUC, Prec,Rec, Spec, F1],

for each method (e.g., M ear-Hpy for CLEAR-HPV and mpge for
a certain base model) and calculating its Euclidean distance d to
the base model (e.g., CLAM) in the same fold. The final recovery
score (for each fold) is

1
S = mvd = ||McLear —HPY — Mpase |-
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Supplemental Methods S1

Class-dominance ratios. Let f; . € [0, 1] denote the concept-fraction of slide 7 assigned to cluster
(concept) ¢, where ¢ € {1,..., K} and i indexes slides. Let HPVT and HPV ™~ denote the sets of
HPV-positive and HPV-negative slides, respectively, with sizes N, and N_. The class-averaged
concept fractions are:

1 _ 1
pt = N, > fie He =N > fie (1)
1€HPV+ 1€EHPV—

We define normalized class-dominance ratios:

+ —
rz— He — He (2)

= 5 T - — 9y
pd 4 pe +e © ud s te

where € > 0 is a small constant for numerical stability. Values near 1 indicate strong class domi-
nance, while values near 0.5 indicate mixed clusters.

Dominant-cluster metrics: Unweighted purity and mass weighted purity. Built on
the class-dominance ratios above, we can then define our metrics. First, define dominant cluster
sets:

Dy ={c:plf > pc}, D_={c:p; >pl}). (3)

The unweighted purity is:
1 1
P = —— rt, P = —— r. . (4)
i ﬂ%IE: ‘ UIWEZ ‘

The mass weighted purity is:

W ZCED ,u;" w ZCED, He
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Intuitively, these metrics assess whether each discovered concept is dominated by a single class
(high coherence) or mixes multiple classes (low coherence), providing a quantitative proxy for align-
ment with class-specific morphology. Unweighted purity captures average cluster-level dominance,
while mass weighted purity emphasizes the concentration of class-specific mass in dominant clusters;
higher values indicate better coherence.
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Figure S1: “Elbow” analysis for concept number selection. This “elbow” plot shows the
within-cluster sum of squared errors (SSE) as a function of the number of concepts K for clustering
tile embeddings in the CLAM h-space. The curve exhibits a diminishing rate of SSE reduction
roughly beyond K=10, which was therefore selected as a balanced trade-off between compactness
and clustering fidelity in CLEAR-HPV.



Supplemental Tables

K ACC F1 Prec Rec Spec AUROC
10 0.773x0073  0.688+0.121  0.815x0133  0.623+0.153  0.883+0.0s0  0.830x0.081
5 0.757+0.059  0.696+0.072  0.788+0.116  0.658+0.122  0.833+0.007  0.827+0.069
15 0.747+006s  0.687+0.0s6  0.753+0.110  0.658+0.122  0.817+0.08s  0.837+0.063

Table S1: Analysis across varying K for CLEAR-HPV (AW-h) on TCGA-HNSCC.
Results remain stable across K € {5, 10, 15}, with overlapping confidence intervals across all major
metrics. This supports K = 10 as a balanced operating point rather than a uniquely optimized
choice, providing comparable predictive performance while retaining the concept granularity used

throughout the manuscript. Performance is reported as mean + 95% confidence interval over 10
folds.

K  Forward Persistence (FP) Reverse Fragmentation (RF)

5 0.962+0.012 0.988+0.005
10 — -
15 0.988+0.002 0.982+0.004

Table S2: Centroid stability across different K relative to K = 10. Forward persistence
(FP) measures how well concepts at K = 10 are preserved when compared against an alternative
resolution, while reverse fragmentation (RF) measures how consistently concepts at the alternative
resolution map back to the K = 10 reference. Values close to 1 indicate stable concept structure
across resolutions. Values are reported as mean 4= 95% confidence interval over 10 folds.

Method ACC AUC F1 Prec Rec Spec

Heatmap 0.538+0.110 0.674+0.147 0.538+0.114 0.503+0.137 0.653+0.180 0.486+0.165
Dirichlet Concepts 0.646+0.071 0.641+0.134 0.266+0.193 0.475+0.314 0.200+0.160 0.983+0.033
Encoder Concepts 0.709+0.078 0.847+0.086 0.714+0.068 0.648+0.100 0.835+0.096 0.617+0.193

CLEAR-HPV (AW-h) 0.784+0.087  0.843+0.072  0.715+0.128  0.797+0.122  0.673+0.148  0.867+0.081
CLEAR-HPV (raw h) 0.749+0.074  0.889+0.049  0.684+0.090  0.770+0.112  0.633+0.108  0.833+0.084

Table S3: Results in terms of complete evaluation metrics for concept discovery meth-
ods on TCGA-HNSCC. Results are reported as accuracy (ACC), area under the ROC curve
(AUC), F1, precision (Prec), recall (Rec, same as sensitivity), and specificity (Spec) as mean =+
95% confidence interval (CI) across cross-validation folds.



Method ACC AUC Prec Rec F1

MHMIL-IR (head 0) 0.804+0.105 0.866-+0.103 0.857+0.150 0.669+0.173 0.737+0.149
MHMIL-IR (head 1) 0.802+0.101 0.848+0.101 0.857+0.150 0.659+0.172 0.731+0.146
MHMIL-IR (head 2) 0.782+0.104 0.855+0.104 0.820-+0.159 0.641+0.176 0.706-+0.150
MHMIL-IR (head 3) 0.770=+0.108 0.852+0.105 0.798+0.173 0.637+0.152 0.700=+0.149
MHMIL-IR (max) 0.772+0.099 0.852+0.105 0.809+0.164 0.646-+0.154 0.704+0.139
MHMIL-IR (mean) 0.782+0.104 0.859+0.103 0.813+0.164 0.669+0.173 0.716+0.146
MHMIL-IR (sum) 0.782+0.104 0.859-+0.103 0.813+0.164 0.669+0.173 0.716+0.146

Table S4: Effect of attention head choices for MHMIL-IR on TCGA-HNSCC. We re-
port performance from CLEAR-HPV concept-fraction vectors when deriving attention-weighted
h-space embeddings using individual MHMIL-IR attention heads (0-3) or simple head aggregations
(max/mean/sum). Metrics are reported as mean + 95% confidence interval across cross-validation
folds.

Method ACC AUC Prec Rec Spec F1

ResNet50 + Encoder Concepts 0.68940.024  0.758+0.086  0.6454+0.093 0.727+0.105 0.667+0.112  0.66340.027
ResNet50 + CLEAR-HPV (raw-h)  0.700+0.066  0.800+0.083  0.670+£0.104  0.637+0.104  0.750+0.084  0.643+0.086
ResNet50 + CLEAR-HPV (AW-h)  0.72040.080  0.796+0.082  0.710+0.126  0.637+0.104  0.783+0.098  0.662+0.099

Table S5: Encoder-dependence analysis with expanded metrics (ResNet50). Comparison
of encoder-space concept discovery (Encoder Concepts) and CLEAR-HPV in the ResNet50-based
h-space under K = 10 and 10-fold evaluation. Using the same ResNet50 encoder features, CLEAR-
HPV yields improved accuracy, AUC, precision, and specificity relative to encoder-space clustering,
whereas recall decreases and F1 remains comparable. Metrics are reported as mean + 95% confi-
dence interval across cross-validation folds.

Method ACC AUC F1 Prec Rec Spec
CLEAR-HPV (AW-h)  0.536+0.055  0.702+0.046  0.674+0.053  0.977+0.011  0.520+0.060  0.800+0.102
CLEAR-HPV (raw h)  0.586+0.055  0.701+0.037  0.719+0.040  0.976+0.008  0.575+0.061  0.767+0.089

Table S6: Results in terms of complete evaluation metrics for cross-cohort general-
ization from TCGA-HNSCC to TCGA-CESC. Complete evaluation of cross-cohort transfer
performance under a zero-shot setting, where all models are trained exclusively on TCGA-HNSCC
and evaluated on TCGA-CESC without any target-cohort fine-tuning. Results are reported as
accuracy (ACC), area under the ROC curve (AUC), F1, precision (Prec), recall (Rec, same as
sensitivity), and specificity (Spec) as mean + 95% confidence interval (CI) across cross-validation
folds.

Method ACC AUC Prec Rec Spec F1

CLAM backbone 0.734+0.086  0.840+0.081  0.668+0.160  0.673+0.188  0.778+0.096  0.628+0.143
CLEAR-HPV (AW-h)  0.715+0.121  0.785+0.134  0.665+0.200  0.558+0.147  0.812+0.128  0.594+0.168
CLEAR-HPV (raw h)  0.700+0.130  0.766+0.114  0.675+0.220  0.530+0.198  0.812+0.140  0.563+0.192

Table S7: Results in terms of complete evaluation metrics for TCGA-HNSCC survival
prediction using CLEAR-HPYV concepts derived from an HP V-trained backbone. The
backbone is trained exclusively for HPV prediction, and CLEAR-HPYV is then applied post hoc to
this backbone. Results are reported as accuracy (ACC), area under the ROC curve (AUC), F1,
precision (Prec), recall (Rec, same as sensitivity), and specificity (Spec) as mean + 95% confidence
interval (CI) across cross-validation folds.



Method ACC AUC Prec Rec Spec F1
CLEAR-HPV (AW-h)  0.747+0.076  0.855+0.052  0.758+0.114  0.633+0.124  0.833+0.079  0.679+0.098
CLEAR-HPV (raw h)  0.731+0.086  0.851+0.059  0.765+0.129  0.592+0.151  0.833+0.097  0.644+0.122

Table S8: Logistic regression classifier-based HPV prediction on TCGA-HNSCC using
CLEAR-HPYV. Results are reported as accuracy (ACC), area under the ROC curve (AUC), F1,
precision (Prec), recall (Rec, same as sensitivity), and specificity (Spec) as mean + 95% confidence
interval (CI) across cross-validation folds.

Method ACC AUC Prec Rec Spec F1
CLEAR-HPV (AW-h)  0.735+0.116  0.827+0.105  0.720+0.201  0.588+0.211  0.839+0.118  0.606+0.175
CLEAR-HPV (raw h)  0.717+0.138  0.832+0.000  0.718+0.237  0.558+0.233  0.828+0.146  0.577+0.203

Table S9: Logistic regression classifier-based survival prediction on TCGA-HNSCC us-
ing CLEAR-HPYV. Results are reported as accuracy (ACC), area under the ROC curve (AUC),
F1, precision (Prec), recall (Rec, same as sensitivity), and specificity (Spec) as mean + 95% confi-
dence interval (CI) across cross-validation folds.
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