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Abstract

Human papillomavirus (HPV) plays a crucial role in the pathogenesis of oropharyngeal squamous
cell carcinomas (OPSCC). Accurate HPV status classification is essential for therapeutic stratification.
While p16 immunohistochemistry (IHC) is the clinical surrogate marker, it has limited specificity.
In this study, we implemented a weakly supervised deep learning approach using the Clustering-
constrained Attention Multiple Instance Learning (CLAM) framework to directly predict HPV status
from hematoxylin and eosin (H&E)-stained whole-slide images (WSIs) of OPSCC. A total of 123 WSIs
from two cohorts (TCGA and OPSCC-UNINA) were used. Attention heatmaps revealed that the
model predominantly focused on tumor-rich regions. Errors were primarily observed in slides with
conflicting p16/ISH status or suboptimal quality. Morphological analysis of high-attention patches
confirmed that cellular features extracted from correctly classified slides align with HPV status, with a
Random Forest classifier achieving 83% accuracy at the cell level. This work supports the feasibility of
deep learning-based HPV prediction from routine H&E slides, with potential clinical implications for
streamlined, cost-effective diagnostics.

Keywords: HPV; OPSCC; deep learning; weakly supervised learning; CLAM; whole slide imaging;
digital pathology

1. Introduction

Human papillomavirus (HPV) plays a significant role in the pathobiology of Oropharyngeal
Squamous Cell Carcinomas (OPSCC) [1]. Patients with HPV-positive exhibit distinct clinical features,
including higher response rates to therapy, improved progression free survival, and better overall
survival (OS) compared to their HPV-negative counterparts [2-5]. Given the more favorable prognosis
of HPV-positive tumors and the substantial side effects associated with multimodal treatments, nu-
merous clinical trials have investigated de-intensification strategies [6—10]. Consequently, accurate
identification of HPV status is essential for appropriate therapeutic stratification. Currently, the stan-
dard approach relies on immunohistochemical (IHC) detection of p16, a surrogate marker for HPV, as
recommended by the 8th edition of the American Joint Committee on Cancer’s (AJCC) staging system
[11]. However, while p16 IHC demonstrated a high sensitivity (0.97), its specificity (0.84) remains
suboptimal [12]. To improve diagnostic accuracy, p16 is often combined with additional molecular
assays such as in situ hybridization (ISH) [13,14]. To address these limitations, we previously devel-
oped a handcrafted machine learning pipeline that extracted single-cell morphological features from
annotated images to classify HPV-positive and HPV-negative OPSCC cases. The best classifier, with an
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accuracy above 90%, was obtained when training on cases positive both for p16™<4? immunostain
and for HPV DNA by ISH/INNO-LiPA® [15]. Building on the strong performance of our feature-based
machine learning approach, we sought to test whether comparable results could be achieved using a
fundamentally different strategy. Specifically, we turned to weakly supervised deep learning methods,
which require only slide-level annotations. Unlike fully supervised learning methods, which require
detailed annotations, weakly supervised models operate only with global slide labels. We implemented
the Clustering-constrained Attention Multiple Instance Learning (CLAM) [16] framework to directly
predict HPV status from hematoxylin and eosin (H&E)-stained whole slide images (WSI) of OPSCC
cases. CLAM enables both classification and localization of predictive histological patterns, enhancing
interpretability. In this study, we tested the feasibility of using CLAM to directly predict HPV status
from H&E-stained WSIs of OPSCC cases, and we further analyzed whether high-attention regions
correspond to morphologically relevant cell types using an auxiliary feature-based classifier.

2. Materials and Methods
2.1. Data Collection

We collected H&E-stained WSI from two distinct cohorts. The first cohort is from The Cancer
Genome Atlas-Head and Neck Squamous Cell Carcinoma (TCGA-HNSC) and includes 10 WSIs of
OPSCC. HPV status for these cases was determined using both p16'™NK4? immunohistochemistry (IHC)
and in situ hybridization (ISH), with five cases classified as HPV-positive and five as HPV-negative.
The second cohort, named OPSCC-UNINA, includes 113 histological slides of OPSCC obtained from
the archives of the Pathology Unit of the University "Federico II" of Naples. The HPV infection
status of these specimens was determined by p16NK42 THC. In a subset of cases, additional molecular
confirmation was available via ISH/INNO-LiPA®. The detailed methodology for both techniques has
been previously described [15]. However, to ensure homogeneity in labeling for training the deep
learning model, HPV status determined by p16 IHC was used as ground truth for all UNINA samples.
Among the OPSCC-UNINA cases, 41 were HPV-positive and 72 were HPV-negative. For external
validation, we used an independent set of 35 HPV-negative WSIs from UNINA, which were entirely
separate from the 113 cases included in the OPSCC-UNINA training cohort. The full lists of cases
analyzed in the present study are in Supplementary I.

2.2. Slide Digitization

The histological slides of the OPSCC-UNINA cohort were digitized using an Leica Aperio AT2
scanner (Leica Biosystems Imaging, California, USA) at 20x magnification. Before scanning, each slide
was carefully cleaned with solvent and sterile gauze to remove any contaminants or artifacts that could
compromise image quality. This ensured optimal conditions for image analysis before model training.

2.3. Computational Framework: CLAM
2.3.1. Overview

To implement a weakly supervised learning approach for whole-slide image (WSI) classification,
the Clustering-constrained Attention Multiple Instance Learning (CLAM) framework[16] was adopted.
This approach allows for whole-slide predictions without the need for patch- or region-of-interest
(ROI)-level annotations. We used the official implementation released by the Mahmood Lab (https://
github.com/mahmoodlab/CLAM). In preprocessing, WSIs were first subjected to tissue segmentation
to exclude background areas and then subdivided into non-overlapping patches of size 256x256
pixels. Each patch was converted into a 1024-dimensional feature vector using a ResNet-50 network
pre-trained on ImageNet. During training, the model evaluates and classifies all patches, assigning
each an “attention score” that determines its contribution or importance to the collective slide-level
representation. This representation is computed using an attention pooling rule, which combines
feature vectors by weighting them according to their attention score.CLAM also includes a supervised
clustering part where the patches with the highest and lowest attention scores are separated into
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distinct clusters. The overall loss function combines the slide-level classification loss with a patch-level
clustering loss.

2.3.2. Performance Evaluation and Interpretability

Training was conducted according to a 10-fold Monte Carlo cross-validation scheme, with the
dataset randomly split into 80% training, 10% validation and 10% testing for each fold, maintaining
the stratification by class. Optimization was performed using the Adam algorithm with a learning
rate of 2 x 10~% and an early stop criterion after 20 consecutive epochs without improvement of the
validation loss, up to a maximum of 200 epochs. A batch size of 1 was used (one slide per batch) and
no data augmentation techniques were applied. At the end of each fold, the model performance was
evaluated in terms of accuracy (ACC) and area under the ROC curve (AUC), both on the validation
and test set, using the official scripts provided by the CLAM framework. Finally, to increase the
interpretability of the model, attention heatmaps were generated, highlighting the regions of the slide
that most influenced the predictive decision.

2.4. Feature Evaluation

To assess whether high-attention regions reflected morphologically significant differences, we
conducted a supervised cellular-level analysis on truly positive and truly negative patches identified
by the CLAM model. A total of 1,230 high-attention patches were selected and analyzed using
QuPath (v0.6.0-rc3) [17]. Each patch inherited the slide-level HPV label, and cells were detected using
QuPath’s cell detection module with adjusted parameters. A total of 133,125 cells were segmented and
characterized by 41 morphological and staining-related features.

2.4.1. Morphological Feature-Based Classification

We trained a Random Forest classifier using the extracted features to distinguish HPV-positive
from HPV-negative cells. The model, implemented in Python 3.10 using the scikit-learn library,
consisted of 500 trees and default hyperparameters. The analysis was conducted following a formal
approach previously described and validated by Varricchio et al. [15]. Source code was adapted from
the official scikit-learn documentation https:/ /scikit-learn.org/stable/modules/generated /sklearn.
ensemble.RandomForestClassifier.html (last consulted: 10/01/2024).

2.4.2. Computational Environment

All experiments were conducted on a Windows workstation equipped with an NVIDIA RTX
A2000 GPU (12 GB VRAM), Intel(R) Xeon(R) W5-3465X CPU, and 64 GB of RAM.

3. Results
3.1. CLAM Model Performance on Internal Cross-Validation

We trained a CLAM model on a total of 123 Whole Slide Images (WSIs) from two cohorts: OPSCC-
UNINA (n=113) and TCGA (n=10). In the 10-fold cross-validation setting, the CLAM model showed
moderate performance with substantial variability across folds (Table 1). The average test area under
the curve (AUC) was 0.5324, and the corresponding test accuracy was 56.5%, whereas validation
performance was consistently higher, with an average AUC of 0.7178 and accuracy of 78.2%. Notably,
Fold 6 achieved a perfect test AUC of 1.0 and the highest test accuracy of 80.0%, suggesting optimal
class separation within that subset (Table 1).
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Table 1. Results for fold and mean AUC and Accuracy scores on test and validation.

Fold Test AUC | Val AUC | Test Acc | Val Acc
0 0.4821 0.2424 0.4667 0.7857
1 0.4571 1.0000 0.4167 0.9091
2 0.7407 0.5833 0.5000 0.4000
3 0.7143 0.1750 0.6667 0.7143
4 0.5000 0.8571 0.5455 0.8889
5 0.4286 0.9394 0.6667 0.8571
6 1.0000 0.6667 0.8000 0.6429
7 0.1875 1.0000 0.5625 0.9231
8 0.4688 0.8393 0.5833 0.8000
9 0.3500 0.8750 0.4444 0.9000
Average 0.5324 0.7178 0.5652 0.7821

3.2. Global Classification and Probability Analysis

For each WSI, the model outputs both the predicted class and the associated probabilities for
HPV-positive and HPV-negative labels. Overall, 78.9% of WSIs were correctly classified (Table 2), with
the majority showing high confidence. However, about 21% of the WSIs (26 out of 123, of which 23
from the OPSCC-UNINA dataset and 3 from TCGA) were misclassified. (Supplementary II)

Table 2. Summary of classification results on the two datasets.

Dataset Total WSIs | Correctly Classified | Misclassified | Accuracy (%)
OPSCC-UNINA 113 90 23 79.65
TCGA 10 7 3 70.0
Total 123 97 26 78.9

Among the 21% of misclassified WSIs (26 of 123), several recurring patterns were identified. In
four WSIs, the model prediction probabilities were close to the classification threshold, suggesting
uncertainty in the decision-making process. These borderline cases often showed nearly equal probabil-
ities for both HPV-positive and HPV-negative classes (e.g., 0.512 vs. 0.487). In four other WSIs, model
predictions were discordant with IHC-based labels but concordant with INNO-lipa results. Some
samples labeled as HPV-positive by IHC but negative by INNO-lipa were also predicted as negative
by the model. This observation suggests that p16 IHC, while commonly used as a surrogate marker,
may occasionally lead to false-positive classifications. These findings emphasize the added value of
computational models in flagging cases that are ambiguous or potentially misclassified when relying
on a single biomarker. Six additional WSIs had significant artifacts, such as tissue folds, tears, or glass
markers, which likely impaired the model’s ability to extract relevant histological features. Notably,
all three misclassified slides from the TCGA cohort fell into this category, indicating a potential link
between technical quality and misclassification.

3.3. External Test Set Performance

The trained model was evaluated on an independent test set of 35 HPV-negative WSIs. The model
correctly classified 33 out of 35 cases, yielding an accuracy of 94.3%. Most correctly classified slides had
strong negative probabilities (80-90%). The two misclassified slides were predicted as HPV-positive
with probabilities of 0.593 and 0.570, both of which are close to the classification threshold. One of these
slides contained a large air bubble, likely compromising the feature extraction process. (Supplementary
1)
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Figure 1. Histogram of predicted probabilities for HPV-negative class (correct: blue, incorrect: red).

3.4. Interpretability Through Attention Maps

Analysis of the attention heatmaps revealed that the model consistently focused on tumor-rich
regions, particularly in correctly classified cases (Figure 2 ). This behavior was observed across both
training and external datasets, supporting the hypothesis that the model learns biologically relevant
features for HPV status classification.

Figure 2. Representative attention heatmaps (red = high attention; blue = low attention).(100 pixel size)

3.5. Cell-Level Analysis

To evaluate the ability of morphological features to discriminate between HPV-positive and
HPV-negative cells. The cells were segmented using QuPath v0.6.0 and described by 41 morphological
and staining-related features. We trained a Random Forest classifier on a balanced dataset of 74,718
cells (37,359 per class), each labeled according to the patch from which it was extracted. The model
achieved an overall accuracy of 82.9%, with a precision of 84%, recall of 81%, and F1-score of 0.83 for
the HPV-positive class, as summarized in Table 3. Classification performance was consistent across
both classes, confirming the presence of robust morphometric signals differentiating HPV-related
tumors. The confusion matrix shown in Figure 3 further confirms the balanced performance of the
classifier, with comparable accuracy in both HPV-positive and HPV-negative classes.

Table 3. Classification performance of the Random Forest model at cell level.

Class Precision | Recall | Fl-score
Negative 0.82 0.84 0.83
Positive 0.84 0.81 0.83
Macro average 0.83 0.83 0.83
Weighted average 0.83 0.83 0.83

Accuracy: 0.83
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Figure 3. Confusion Matrix (50 pixel size)

4. Discussion

Predicting HPV status directly from H&E-stained slides using deep learning represents a promis-
ing and innovative frontier in computational pathology. Building on our previous work with hand-
crafted morphological features, which demonstrated high accuracy in distinguishing HPV-positive
from HPV-negative OPSCC and highlighted the complementary nature of p16 IHC and molecular
testing, we sought to explore a more scalable, annotation-free approach. In this study, we employed
the CLAM framework, a weakly supervised deep learning model, to classify HPV status using only
slide-level labels. The model achieved an overall classification accuracy of 78.9% on the internal dataset
and performed strongly on an independent test set, reaching 94.3% accuracy. These findings confirm
the feasibility of extracting biologically relevant features from routine H&E slides without manual
region-of-interest annotation. Despite these encouraging results, performance during cross-validation
was variable (mean AUC: 0.5324), with one fold achieving perfect discrimination (AUC = 1.0; accuracy
= 80%). This variability may reflect cohort heterogeneity, differences in image quality, or noise in the
ground truth labels. Notably, our primary labeling method relied on p16 IHC, which, while highly
sensitive, is limited by reduced specificity. This limitation likely contributed to label noise, particularly
in cases where p16 was positive but not corroborated by molecular testing.

Recent studies, such as Klein et al. (AUC = 0.80) [18], Wang et al. (AUC = 0.8371) [19], and Adachi
et al. (AUC = 0.905) [20], performed better.

Indeed, in four misclassified cases, model predictions were discordant with p16 status but aligned
with INNO-LiPA results, suggesting that the model may detect histological cues more closely associated
with actual HPV infection. Such findings reinforce the notion that computational models can serve as
a second opinion or flag potentially misclassified cases when relying solely on p16. Technical artifacts
also contributed to misclassification. Slides with tissue folds, air bubbles, or annotation markers tended
to impair model performance, underscoring the need for quality control as an integral component of
digital pathology workflows. To enhance model interpretability, attention heatmaps were generated.
These consistently localized to tumor-rich areas across datasets, supporting the hypothesis that the
model was learning biologically meaningful features. To further investigate the nature of these regions,
we extracted 1,230 high-attention patches and performed supervised cell-level morphological analysis
using QuPath. Over 133,000 cells were segmented and described with 41 quantitative features. A
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Random Forest classifier trained on these features achieved an accuracy of 82.9%, with balanced
precision and recall across HPV-positive and -negative classes. These results confirm the presence of
robust, class-distinguishing morphometric signals at the cellular level. Feature importance analysis
revealed that the most influential variables were colorimetric, particularly haematoxylin optical density
metrics associated with nuclear morphology and chromatin texture (Figure 4). Remarkably, these same
features emerged as top contributors in our prior feature-based machine learning model, which was
trained on manually annotated cells, suggesting strong biological consistency between traditional
and deep learning approaches [15]. Overall, our findings support the potential of weakly supervised
deep learning to deliver both accurate and interpretable predictions of HPV status in oropharyngeal
squamous cell carcinoma (OPSCC). The reproducibility of key morphometric features, alignment with
molecular results in ambiguous cases, and localization of model attention to biologically plausible
regions are all hallmarks of a robust pipeline. For clinical adoption, however, seamless integration
into laboratory workflows remains essential. The recent framework proposed by Angeloni et al. [21],
which enables HL7-based communication between Al systems and laboratory information systems
(LIS), represents a critical step toward deployment. Equally important is the integration of predictive
outputs — such as heatmaps or confidence scores — into widely used platforms like QuPath to support
daily diagnostic utility. In conclusion, this study demonstrates that weakly supervised deep learning
can accurately and interpretably predict HPV status from H&E slides. By combining attention-based
models with morphometric validation, we provide a scalable framework that complements current
diagnostic standards, reduces dependence on molecular assays, and supports personalized treatment
strategies for HPV-related oropharyngeal carcinoma.

Feature importances
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Figure 4. Features Important

Supplementary Materials: The following supporting information can be downloaded at the website of this paper
posted on Preprints.org. Table S1: Summary of patient characteristics and biomarker results across datasets;
Table S2: Case-level predictions and discordant results from CLAM and Random Forest models; Figure S1:
Representative CLAM attention heatmaps for HPV-positive and HPV-negative OPSCC cases.
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Abbreviations

ACC Accuracy

AJCC American Joint Committee on Cancer
AUC Area under the ROC curve

Al Artificial intelligence

CLAM  Clustering-constrained Attention Multiple Instance Learning
DL Deep learning

FFPE Formalin-fixed paraffin-embedded

H&E Hematoxylin and eosin

HPV Human papillomavirus

IHC Immunohistochemistry

ISH In situ hybridization

ML Machine learning

OPSCC  Oropharyngeal squamous cell carcinoma
(O3] Overall survival

ROI Region of interest

RF Random Forest

TCGA The Cancer Genome Atlas
WSI Whole-slide image
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