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Summary

HPV status is an important prognostic factor in oropharyngeal squamous cell carcinoma
(OPSCC), with HPV-positive tumors associated with better overall survival. To determine
HPV status, we rely on the immunohistochemical investigation for expression of the
P16'NK4a protein, which must be associated with molecular investigation for the presence of
viral DNA. We aim to define a criterion based on image analysis and machine learning to
predict HPV status from hematoxylin/eosin stain.

We extracted a pool of 41 morphometric and colorimetric features from each tumor cell
identified from two different cohorts of tumor tissues obtained from the Cancer Genome
Atlas and the archives of the Pathological Anatomy of Federico Il of Naples. On this data,
we built a random Forest classifier. Our model showed a 90% accuracy. We also studied
the variable importance to define a criterion useful for the explainability of the model.
Prediction of the molecular state of a neoplastic cell based on digitally extracted morpho-
metric features is fascinating and promises to revolutionize histopathology. We have built
a classifier capable of anticipating the result of p16-immunohistochemistry and molecular
test to assess the HPV status of squamous carcinomas of the oropharynx by analyzing the
hematoxylin/eosin staining.

Key words: HPV, OPSCC, Machine Learning, Computational Pathology, Digital Pathology,
HistoQC, QuPath

Introduction

The epidemiology of oropharyngeal squamous cell carcinoma (OPSCC)
has changed profoundly in recent years. The incidence of OPSCC attrib-
uted to tobacco and alcohol exposure has gradually decreased, while
its correlation with human papillomavirus (HPV) infection is becoming
increasingly evident'2. In ltaly, it is estimated that 31% of OPSCC are at-
tributed to HPV infection?. In contrast, lower fractions, < 10% and 2.4%,
have been estimated for oral cavity and laryngeal carcinomas, respec-
tively™. It is now clear that HPV-positive OPSCCs represent a biologi-
cally distinct entity.

OPSCC includes tumors of the tonsils, base of the tongue, soft palate,
and throat. Clinically, it is evident that they have a better prognosis com-
pared to HPV-negative carcinomas*. For this reason, the 8th edition of
the UICC/AJCC staging system has defined HPV-positive and HPV-neg-
ative OPSCCs as separate entities with distinct molecular profiles, tu-
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mor characteristics, and outcomes®. Furthermore, the
increase in survival of these patients has encouraged
clinical studies inboth North America (RTOG 1016)
and Europe (De-ESCALaTE-HPV) to examine the
possibility of reducing the intensity of curative thera-
pies to mitigate both acute and late toxicity®’. There-
fore, it is of fundamental importance to identify the
presence of HPV.

The AJCC 8th edition recommends using p16™NK4a im-
munohistochemical (IHC) analysis to evaluate HPV
status®®. However, it is crucial to stress that although
p16™K4a immunohistochemistry is a highly sensitive
test, several studies have demonstrated that this
technique is only moderately specific since p16™NK4?
positivity may be associated with cell growth and
not necessarily due to HPV infection'®. A commonly
adopted approach to accurately distinguish between
HPV positivity and negativity involves a combination
of IHC staining for p16™k4a and in situ hybridization
(ISH) genotyping for HPV. This dual analysis showed
acceptable levels of sensitivity (97%) and specificity
(94%)™M.

The future of HPV identification may go further by
adopting approaches based on digital technologies
and algorithms in pathology. Computational Pathol-
ogy is the “third revolution in anatomical patholo-
gy”'2. However, as of today, the approved digital
models for clinical use are methods created from
magnetic resonance (MR) or computed tomogra-
phy (CT) data. Compared to these medical images,
histological slide images contain more information:
millions of different cells can be seen in a single
histological slide, and their morphology and spatial
arrangement provide more information than other
medical images.

In addition, it has been successfully demonstrated
that computational models can be trained to iden-
tify cancer subtypes and molecular features directly
from histopathological images stained with hematox-
ylin and eosin (H&E), bypassing immunohistochem-
istry'®'4. We previously described a Machine Learn-
ing approach based on cellular features to predict
the Ki-67 positivity of oral squamous cell carcinoma

Table I. Summary of Study Populations (nd: not detected).

cells™. Wang et al.”® demonstrated the effectiveness
of a deep learning approach in identifying HPV sta-
tus in whole slide images of routine HNSCC sections
stained with hematoxylin and eosin, achieving an AU-
ROC of 0.9223 + 0.0397.

Based on these premises, we studied a series of
OPSCC classified based on HPV status. Following a
computational approach, we analyzed a pool of char-
acteristics extracted from each identified tumor cell.
Subsequently, we built a random forest-based classi-
fier to define the HPV status of OPSCCs on hema-
toxylin/eosin alone by anticipating the results of IHC
and molecular analysis. A feature importance analysis
approach also allowed us to extract the most relevant
features for classification purposes to the advantage
of the explainability of our model.

Materials and methods

STUDY POPULATION

In this study, data were obtained from two patient co-
horts. The first was built from the publicly available
dataset from the Cancer Genome Atlas (TCGA), from
which 8 diagnostic H&E OPSCC whole-slide images
(4 HPV-negative and 4 HPV-positive) were selected.
The second dataset consisted of 27 tissue microar-
rays (TMA) (14 HPV-negative and 13 HPV-positive)
and 57 whole-slide cases (39 HPV-negative and 18
HPV-positive OPSCCs stained with hematoxylin and
eosin. These samples were retrieved from the archives
of the Pathology Unit of the University “Federico II” of
Naples. HPV positivity in these cases was determined
through routine IHC p16™NK4a staining and INNO-LiPA®
HPV Genotyping (Tab. I).

The full lists of cases analyzed in the present study
are in Supplementary Tables I, 1l, and IIl.

p16™%%a Immunohistochemistry

IHC evaluation of p16™K4a was performed as previous-

Year of Age Sex HistoQC p16 INNOLIPA®
diagnosis Male Female Negative Positive Negative Positive
TCGA 2009-2013 | 40-59 8 1 4 4 4 4 8
cases
TMA cases 2009-2017 | 35-80 20 7 27127 14 13 nd nd 27
Whole-slide 20172022 | 23-80 41 16 57/58 39 18 7 6 57
cases
Total 2009-2022 | 23-80 69 24 93/95 57 35 11 10 92
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ly described'®'8. Briefly, we used the Ventana Bench-
mark Ultra platform (Ventana Medical Systems Inc.,
Tucson, AZ) with the CINtec p16 kit (Roche Ltd AG,
Heidelberg, Germany). Four pm tissue sections were
deparaffinized and subjected to antigen retrieval us-
ing CC1 buffer (Cell Conditioning 1, Ventana Medical
Systems) for 30 minutes. They were incubated with
the prediluted CINtec p16™K4 primary antibody (clone
E6H4) for 20 minutes at room temperature and de-
tected with Ultra View Universal Alkaline Phosphatase
Red Detection Kit. Finally, after contrasting with hema-
toxylin 1l for 8 minutes and Bluing reagent for 4 min-
utes, sections were coverslipped through a synthetic
medium (Entellan; Merck, Darmstadt, Germany). The
positive control was a section of tonsillar squamous
cell carcinoma with high p16™K4 expression. The pos-
itivity index for p16'™42 occurred through a binary eval-
uation such as “positive” or “negative’ The test was
scored positive if strong, homogeneous, and diffuse
nuclear staining was present in more than 75% of the
malignant cells. On the contrary, a negative evaluation
was assigned when found to be non-continuous (es-
pecially not of basal and para-basal cells) or if exclu-
sively cytoplasmic.

INNO-LIPA®

Of the 57 cases selected for the project, 14 had been
subjected to the INNO-LiPA assay for genotyping. The
test execution involved DNA extraction using the QlAamp
DSP DNA FFPE Tissue kit, which uses silica membrane
technology (QlAamp technology) to isolate and purify
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genomic DNA from formalin-fixed paraffin-embedded
samples. We performed DNA extraction following the
manufacturer’s instructions.

Following DNA extraction and quantitation, we per-
formed the INNO-LiPA HPV Genotyping test as previ-
ously described®. Briefly, a 65 bp fragment of the L1
region of the HPV genome was amplified using SPF/
PCR. Aifter 40 cycles of PCR, an amplified biotinylat-
ed sequence was obtained, which was analyzed us-
ing the Auto-LiPA machine. The biotinylated amplicons
were hybridized with specific oligonucleotide probes
immobilized on strips. Subsequently, alkaline phos-
phatase-conjugated with streptavidin was added, which
bound all the biotinylated hybrids previously formed.
The reaction was incubated with the chromogen BCIP/
NBT (5-bromo-4-chloro-3-indolyl phosphate and nitro
blue tetrazolium), producing a purple precipitate, allow-
ing visual interpretation of the result. This multi-para-
metric method consists of a single strip that simulta-
neously detects 32 HPV genotypes. Furthermore, the
strip is equipped with reaction and hybridization control
bands for both human and viral DNA, as well as 19 of
the UNG (uracil N-glycosylase) system, which allows
reduction of the number of false positives due to DNA
contamination already amplified.

WoORKFLOW

The analysis process for training and classification
is schematically represented in Figure 1. It includes
several crucial phases, such as preprocessing,
quality control, color normalization, object detec-
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tion, and feature extraction, followed by the analy-
sis of the extracted data. We conducted a thorough
assessment for quality control to identify potential
artifacts that could compromise or negatively im-
pact the learning algorithms. We also performed
color correction, which is essential to ensure that
the method can generalize across inputs with differ-
ent characteristics resulting from scanner protocols
and staining variations. 41 morphometric and color-
imetric features were extracted from each detected
object (i.e., tumor cell) following manual segmenta-
tion of stromal and tumor areas (described in Tab.
IV in Supplementary). The extracted values were
analyzed using Random Forest and Support Vector
Machines algorithms.

Quauity ConTroL (QC)

We conducted a rigorous quality control (QC) pro-
cess on the Whole Slide Images (WSI) using the
open-source software HistoQC™". This process was
essential to identify possible artifacts or issues in the
images, which could significantly impact classifier val-
idation and machine learning-based analysis.

Through applying QC, we ensured that our model was
applied only to regions of the images considered valid,
ignoring those parts that, although they might have ap-
peared intact at first glance, concealed imperfections
that could compromise the analysis. This approach al-
lowed us to identify and remove samples with artifacts

a)

c)

while constructing subsequent classifiers.

The software-generated masks, where areas high-
lighted in pink were considered suitable for analysis,
while those in green were excluded. It is important to
emphasize that the images were analyzed without
quality control to compare the classifier's behavior be-
fore and after applying QC (Fig. 2).

NORMALIZATION AND FEATURE EXTRACTION

The histological slides, stained with hematoxylin and
eosin, were scanned using a Leica Aperio scanner
(Leica Biosystems Nussloch GmbH) at 20x magnifica-
tion. Before digitization, the glass slides were cleaned
with 90% ethanol to prevent foreign elements from
interfering with the analysis. The WSI obtained were
analyzed using the open-source software QuPath®,
allowing us to normalize staining vectors, identify tu-
mor cells, and extract features.

Firstly, we normalized the staining vectors by apply-
ing the “Estimate stain vectors” function, and then we
ran a Cell Detection task on manually annotated tu-
mor-containing ROIs (Fig. 3).

Groovy scripts available on the QuPath documen-
tation webpage [“https:/qupath.readthedocs.io/en/
stable/; last accessed: 10/11/2023] were utilized and
adapted for our purposes. We provided the complete
script employed in Supplementary Il.

Following a feature extraction step, we classified the
detected objects with the “HPV positive” and “HPV

Figure 2. Qualitative control with HistoQC. (a) Original image; (b)(c)(d) HistoQC results mask; (b) The regions colored in
pink are the portions of tissue found suitable for the analysis, and in green, those rejected. (c) The white mask segments the
unusable area. (d) The white mask segments the usable part of the tissue.
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Figure 3. Cell detection with QuPath. (a) Example of the original image. (b) Following the run of the cell detection QuPath
script, the software displays the detected cells with red outlines. (Higher magnification of the same region in (b) and (d)).

negative” labels, depending on p16™k4¢ |HC and gen-
otyping analysis.

We examined the comprehensive feature datasets for
the two classes to create a Random Forest classifica-
tion model to predict HPV status.

MobeL CONSTRUCTION AND VALIDATION

Random Forest models

We utilized the features extracted from tissue samples
to train various Random Forest models?'22, Each mod-
el consisted of a set of 500 classification trees, and to
enhance the stability and accuracy of each model we
employed bootstrap aggregation.

Bootstrap aggregation is a machine-learning strategy
combining multiple versions of decision trees into a
single random forest model. Each decision tree ver-
sion was created from a random data sampling with
replacement.

The dataset was randomly divided into a training set
(80%) and a test set (20%). The Random Forest mod-
els were then trained on the training set. The perfor-
mance of each model was assessed using the test
set, which did not contain class labels.

We used metrics such as Accuracy, Precision, F1
score, and the percentage of correctly classified sam-
ples to evaluate and compare the models through a
Confusion matrix.

The results of these assessments are reported in Table
I, from which we selected the best-performing model.

We experimented with using and modifying the script
provided in the sklearn library.
[https://scikitlearn.org/stable/modules/generated/

Table Il. Comparison of the results of Random Forest models.

Random Forest Model-1 Model-2 Model-3
Sensitivity 0.83 0.83 0.893
Specificity 0.896 0.897 0.903
Accuracy 0.863 0.865 0.900
Precision:

Negative 0.84 0.84 0.90
Positive 0.89 0.89 0.86

sklearn.ensemble.RandomForestClassifier.html, last
accessed: 10/01/2024]. For additional details, includ-
ing the adapted script and an expanded explanation
of the methodology, please refer to Supplementary Ill.

Support Vector Machine model

Furthermore, we used the features extracted from the
tissue samples to create a support vector machine
(SVM) model. The SVM algorithm works mainly on
finding an optimal hyperplane that effectively sepa-
rates the classes in the dataset, maximizing the dis-
tance between the closest samples (support vectors)
to the plane. This hyperplane is known as the decision
limit or optimal limit23,
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However, to handle the complexity of the data, we ap-
plied Principal Component Analysis (PCA) before us-
ing the SVM algorithm.

We set the PCA to retain 95% of the variance, which
means that we are preserving 95% of the information
contained in the original data. In the end, we obtained
22 components. As with the Random Forest, we start-
ed from pre-existing scripts provided in the Python
sklearn library [https://scikit-learn.org/stable/modules/
generated/sklearn.decomposition.PCA.html and last
consulted: 10/01/2024] adequately customized to our
specific needs (Supplementary V).

Next, we created the SVM model using the [scikit-learn
library.https:/scikit-learn.org/stable/modules/generat-
ed/sklearn.svm.SVC.html, last consulted: 10/01/2024].
We split the dataset randomly into a training set (85%)
and a test set (15%). Employing the GridSearchCV
function, we searched for the optimal combination
of hyperparameters for the SVM model to maximize
the model’s accuracy. To ensure the reliability and ro-
bustness of our model evaluation, we employed 5-fold
cross-validation. In this technique, the dataset is parti-
tioned into 5 equal subsets, or folds, iteratively training
the model on four folds while validating on the remain-
ing fold. By combining the results from these iterations,
we obtained a comprehensive assessment of the
model’s performance across different subsets of the
data. The best model obtained from the optimization
process uses the radial basis function (RFB) kernel.
Also, in this case, to evaluate the performance of the
SVM model, we used metrics such as accuracy, preci-
sion, recall, F1 score, and the percentage of samples
correctly classified through a Confusion matrix.
Further details on how we configured and used the
SVM model with PCA can be found in Supplementary
file V.

Results

Ranbom Forest MobELs

Model-1: Visual QC

We developed Random Forest classification models
using morphometric and colorimetric data extracted
from detected tumor cells.

Model-1 was built by applying quality control based
solely on visual analysis. Furthermore, the model was
trained using HPV test-positive samples tested solely
through IHC. Our classifier was created using 689,380
observations, of which 448,648 were positive for HPV
and 240,732 were negative. Since the dataset exhibit-
ed class imbalance, we initially balanced the data. We

Table lll. Results of Model-1 with quality control based
solely on visual analysis.

First RF-

Model Precision Recall F1-score Support
Negative 0.84 0.90 0.87 50470
Positive 0.89 0.83 0.86 49979
macro avg 0.87 0.86 0.86 100449
weighted 0.87 0.86 0.86 100449

avg
Accuracy | 0.8637816205
OOB error 0.138
45000
40000
Negative - 35000

30000

25000

True label

20000
Positive 15000

10000

Positive
Predicted label

Negative

Figure 4. Confusion Matrix of Model-1.

subsequently randomly split the dataset into a training
and a test set, with a 80/20 ratio (80% train, and 20%
test).

This classifier achieved an accuracy of 86.3%, with
an error rate of 0.138. However, when examining oth-
er validation parameters, as shown in Table lll, this
model’s Precision, Recall, and F1-Score did not yield
an optimal result. The confusion matrix in Figure 4
summarizes the result: 45,262 True Negatives, 41,449
True Positives, 5,203 False Positives, and 8,480 False
Negatives. The number of False Negatives (FN) and
False Positives (FP) is relatively high, indicating that
the model does not correctly predict HPV status.

Model-2: HistoQC as Quality Control Strategy

Therefore, we constructed a second model following a
strict QC step with HistoQC. Comparing the two sets
of results (Tabs. IV-V), Model-2 showed a slight im-
provement in accuracy compared to the first model,
increasing from 86.3% to 86.5%. From the data ob-
tained from the Confusion Matrix (Fig. 5), the second



HPV STATUS PREDICTION OF OPSCC

385

model slightly decreases the number of False Posi-
tives compared to the first model (4997 compared to
5203), which is a positive outcome. Additionally, the
number of false negatives is reduced compared to
Model-1 (7995 compared to 8480 of the first model).
Our results confirmed the need for double testing in
detecting HPV status, since only this way could we
significantly separate the two classes based on HPV
status.

These results highlight the critical importance of quali-
ty control and iteration in developing a machine-learn-
ing model, especially when working with data from
biological samples such as tissue slides.

Table IV. Evaluation of Model-2 with HistoQC in Quality
Control process.

Model-3: Strict HPV Status Assessment with
Combined p16™k4a |[HC and Genotyping Tests

We finally questioned whether the lack of considera-
tion for the difference in performance between individ-
ual IHC tests and the combined use of p16™*4a |HC
and genotyping tests in detecting HPV positivity could
have an impact. As a result, we built a third model,
classifying HPV-positive cases based on the double
test, IHC and molecular, from both our case sources
(integrating cases from both the TCGA and the archive
that underwent both tests). We examined 1,048,079
detected tumor cells, split into 583,390 negative and
464,689 positives.

We achieved an accuracy of 90%, significantly im-

Table V. Model-3. Optimizing HPV Detection with Combined
IHC and Genotyping Tests.

RSFe-Klloor:jc:al Precision Recall F1-score Support FII\'I‘IzIdZIF ) Precision Recall Fi-score Support
Negative 0.84 0.90 0.87 48366 Negative 0.89 0.91 0.90 95320
Positive 0.89 0.83 0.86 47927 Positive 0.91 0.89 0.90 95242
macro avg 0.87 0.86 0.86 96293 macro avg 0.90 0.90 0.90 190562
weighted 0.87 0.87 0.86 96293 weighted 0.90 0.90 0.90 190562
avg avg
Accuracy | 0.8650784584 Accuracy | 0.9006202705
OOB error 0.135 OOB error 0.099
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20000
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Figure 5. Confusion matrix of Model-2.
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Figure 6. Confusion Matrix of Model-3.




386

S. Varricchio et al.

Nucleus: Herﬁ“ﬂﬁ”?'%t 1#32
Mucleus: ) ull.jail';ﬁ‘q
Cytufﬁgsm lgtal |
Cytnpi Mgslmg gg%
Eytup1a5 Etﬁ'i S
1 |5"e : E
il mjffr D =
oy
i

235
g TR T ]

m:m:l:q:cxunmﬁiu-:-e;:-c:l-:;:-c-.-.:l-c:l:l-u:l-.:lqm

332

FALALALLL

Feature importances

q 428

Figure 7. Variable importance determined by random forests classifier.

proving over the previous ones with the latter model.
Furthermore, the error decreased to 9.9%, indicating
that the model had become more robust. When ex-
amining the validation parameters, as shown in Ta-
ble 1V, the Precision, Recall, and F1-Score metrics are
significantly better than in the previous models. The
Confusion Matrix confirms this observation (Fig. 6):
True Positives (84,806) and True Negatives (86,818)
have increased, but we did not get a reduction in False
Negatives (10,436) and False Positives (8502).
Furthermore, using Random Forest allowed us to
generate a variable importance plot that analyzes the
relative importance of different features in the model
creation process. In particular, our observation that
the average sum optical density of nuclear hematox-
ylin (with a weight of 6.9%) and the nuclear perimeter
(with a weight of 6.6%) have a significant influence
on distinguishing between the two classes suggests
that these features are strongly correlated with HPV
positivity.

ResuLt SVM MobEL

The best SVM model was obtained using the Grid-
SearchCV function to optimize the model parameters
and achieved an overall accuracy of 88%.

Examining the validation parameters, shown in Ta-
ble VI, we observed that for the “Negative” class, the
model has an accuracy of 90%, a Recall of 85%, and
an F1 score of 87%, while for the “Positive” class,
the accuracy is 86%, Recall is 90%, and F1 score is

88%. Examining the validation parameters in Table V,
we noticed that compared to the “Negative” class, the
“Positive” class has slightly lower accuracy but higher
Recall and F1 score. This suggests that the SVM mod-
el has a greater ability to correctly identify positives
than negatives, although it sometimes makes errors.
In addition to the above observations, when analyzing
the Confusion matrix (Fig. 8), we found that the model
exhibited strong performance in correctly classifying
a large number of true negatives (60,910) and true
positives (64,544). However, it is important to note that
there are still a considerable number of false positives
(10,662) and false negatives (6808). In the SVM, we
noticed a higher number of false positives, while we
observed a higher number of false negatives in the
Random Forest.

Table VI. Model-SVM.
SVM-

Model Precision Recall Fi1-score  Support
Negative 0.90 0.85 0.87 71572
Positive 0.86 0.90 0.88 71350
macro avg 0.88 0.88 0.88 142922
weighted 0.88 0.88 0.88 142922

avg
Accuracy | 0.877779488
OOB error 0.132
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Discussion

The prevalence of HPV-positive OPSCC varies across
Europe, with the highest rates found in Nordic coun-
tries?*. The distinction between HPV-positive and
HPV-negative OPSCC is crucial for treatment plan-
ning, such as treatment de-escalation®. There is an
urgent need for a validated and reproducible testing
strategy 2627,

Different testing methods have been proposed, with
a range of sensitivity, specificity, and predictive val-
ues; the combination of p16™K4 [HC and DNA gqPCR
shows promising results™?8, These studies under-
score the importance of accurate and reliable HPV
status assessment in OPSCC.

The low cost and ease of use of IHC on formalin-fixed
paraffin-embedded tissue have made p16™K4a |[HC the
most widely used test for the detection of HPV, com-
pared to ISH and PCR-based tests?.

As a molecular test, the INNO-LiIPA® system, based
on SPF10 PCR amplification and LiPA hybridization
assays, identifies 32 HPV genotypes. In particular, the
genotypes identified are 16, 18, 31, 33, 35, 39, 45, 51,
52, 56, 58, 59, 68 (high risk); 26, 53, 66,70, 73, 82
(probable high risk); 6, 11, 40, 42, 43, 44, 54, 61, 62,
67, 81, 83, 89 (low risk).

Digital pathology, particularly whole slide scanning
and image analysis, has revolutionized tissue bio-
marker research, accelerating biomarker discovery
and the development of companion diagnostics®. This
technology has been further enhanced using tissue
microarray technology for high-throughput analysis
of tissue-based biomarkers®'. The shift toward quan-

titative assessment of tissue biomarkers has made
applying quantitative image analysis a crucial tool in
this field®2. Integrating digital image analysis data with
other data types, such as clinical and genomic, is also
highlighted as a key aspect of this research®:.
Currently, most standard surgical pathology practices
rely on histopathologically examining tiny samples.
Smaller and smaller samples are being analyzed due
to the pressure for earlier diagnosis and the need to
lessen the invasiveness of diagnostic histopathology
sampling procedures. Frequently, biospecimen con-
sumption is decreased to save them for later special
staining or molecular biology examination, which is
required. With the help of QuPath, an open-source
histopathology image analysis program, and hema-
toxylin and eosin-stained histopathology glass slides,
our study shows that predicting HPV status in oro-
pharyngeal squamous carcinoma is feasible. This al-
lows to gather data regarding this important aspect of
OPSCCs on standard basic staining (i.e., H&E).

Our machine-learning method concentrated on cellu-
lar characteristics that could differentiate HPV-positive
OPSCC tumor cells from HPV-negative ones.

From our analysis, we applied two machine learning
methods, building models using Random Forest and
SVM, achieving acceptable margins of error.

Also, with Random Forest, we obtained information
on the contribution of each variable in determining
the probability of a tested sample falling into one
class rather than the other. The variable importance
is extremely interesting as it helps explain the model.
Based on our analysis, it turned out that colorimetric
features are crucial in classifying OPSCC HPV sta-
tus. When using the model on other source datasets,
our results make an accurate color normalization step
mandatory.

Furthermore, the results confirmed the importance of
distinguishing the HPV status using the double test
(IHC and molecular), as only in this way could the two
classes (HPV-positive and HPV-negative) be separat-
ed more significantly.

Although our results are promising, our work still has
some limitations. A robust approach based on Deep
Learning would have allowed us to build a more versa-
tile classifier with probably wider implementation mar-
gins. Notwithstanding, with this work’s “handcrafted”
approach, we intended to thoroughly study the con-
tribution of each single attribute in differential image
analysis between the two classes of OPSCC. We en-
hanced the heterogeneity of our datasets, taking sam-
ples from different sources. We planned to increase
variability further by involving other institutions in a
multicentric work (in preparation).

Using QuPath as an analysis platform and, subse-
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quently, model implementation allows us to bring the
results of our work to a more accessible level close to
the experience of the pathologist engaged in diagnos-
tic routine.

Conclusions

Establishing HPV status of OPSCC is crucial to es-
tablishing correct therapy. HPV status cannot be de-
fined based on the morphological observation of the
histological preparations alone. Therefore, we require
the IHC determination of the expression of the p16Nk4a
protein in addition to a molecular test to increase the
specificity and sensitivity of the test. Taking advantage
of digital pathology workflow, and applying machine
learning techniques, we developed two types of clas-
sifier models: a Random Forest and an SVM. Both
were trained to predict HPV status on H&E stained
histopathology tissue slides.

Our models, based on Random Forest and SVM,
show a margin of error of approximately 10% in pre-
dicting the HPV status of OPSCCs.
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