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Abstract

Clinical misdiagnosis between cutaneous squamous cell carcinoma (cSCC) and basal
cell carcinoma (BCC) poses treatment challenges and carries risks of recurrence,
metastases and increased morbidity and mortality. We aimed to identify discri-
minant proteins markers for cSCC and BCC using a minimally invasive proteome
sampling method called e-biopsy, employing electroporation for non-thermal cell
permeabilization and machine learning. E-biopsy facilitated ex vivo proteome ex-
traction from 21 ¢SCC and 21 BCC pathologically validated human cancers. LC/MS/
MS profiling of 126 proteomes was followed by machine learning analysis to iden-
tify proteins distinguishing cSCC from BCC. For identified panel validation, we used
proteomes sampled by e-biopsy from unrelated 20 ¢SCC and 46 BCC human can-
cers, and differential expression analysis of published transcriptomics. Cornulin, the
most commonly chosen discriminative biomarker by machine learning models, was
also validated using fluorescent immunohistochemistry. One hundred and ninety-
two proteomes sampled from one hundred eight patients were analysed. Machine
learning-based approaches resulted in a set of 11 potential biomarker proteins that
can be used to construct a patient classification model with 95.2% average cross-
validation accuracy, BCC precision of 93.6 +14.5%, cSCC precision of 98.4+7.2%,
specificity of 97.7 +11.8% and sensitivity 92.7 + 15.3%. Protein-protein interaction
analysis revealed a novel interaction network connecting 10 of the 11 resulted pro-
teins. Histological and transcriptomic validation confirmed cornulin as a discriminant
marker significantly lower in cSCC than in BCC. E-biopsy combined with machine
learning provides a novel approach to molecular sampling from skin for biomarker

detection and differential expression analysis between ¢SCC and BCC.
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1 | INTRODUCTION

Cutaneous squamous cell carcinoma (cSCC) and basal cell carcinoma
(BCC) are heterogeneous skin lesions that belong to a broad group of
nonmelanoma skin cancer (NMSC).? Both are increasing in incidence
worldwide from 3% to 8% per year since the 1960s.} ¢SCC, repre-
senting 20% of all skin cancers, accounts for approximately 75% of
all skin cancer deaths, excluding melanoma.? BCC, which is the most
common malignant neoplasm of humans, is usually curable when the
lesion is treated in the early phase.

The clinical diagnoses of cSCC and BCC are performed by a direct
skin inspection,® often assisted by dermoscopy.* In addition, multiple
emerging methods such as optical coherence tomography (OCT),”
reflectance confocal microscopy (RCM),® elastic scattering spectros-
copy (ESS),” and high-frequency ultrasound (HFUS)® aim to assist the
clinician in diagnosis. Nonetheless, tissue biopsy for histopathological
analysis is still essential to confirm the diagnosis, to estimate the risk of
recurrence, and to further dictate the treatment pathway.’”

The clinical features of cSCC and BCC are well described, and,
in most cases, the clinical diagnosis is done according to the subse-
quent histological verification. In some cases, however, these can-
cers' clinical phenotypes are ambiguous, and discrepancies between
the clinical presentations and histologic analyses occur.2®!! Such
misclassification of ¢cSCC as BCC (or vice versa) affects the treat-
ment plan for the lesion.® Misclassification of cSCC as BCC carries
the highest risk to patients, due to the inherent potential for cSCC's
recurrence, metastases and mortality.12 Recent studies suggested
that the introduction of molecular biomarkers, that would accurately
stratify non-melanoma skin lesions, would provide a new frontier in
personalization of skin cancer care, and hold potential for greatly
improving patient diagnosis in many cases. 13 However, direct sam-
pling of the potential biomarkers is still a challenging step, as tissue
resection biopsy is limited in the number of sampled sites and has
potential side effects.

Recently, we introduced a novel, minimally invasive tissue sam-
pling approach with molecular biopsy using electroporation, termed
‘e-biopsy’, that selectively extracts liquids with informative pro-
teomes in animal models in liver cancer'* and brain melanoma®®
in vitro and in breast cancer in vivo, enabling in vivo spatial map-
ping of differential protein expression.’® Electroporation-based
technologies have been successfully used to permeabilize the cell
membrane in vivo, enabling a broad set of applications ranging from
tumour ablation to targeted delivery of molecules to cell populations
and tissues.!” However, to the best of our knowledge, such a tech-
nology is not yet available and has not been reported in the litera-
ture for minimally invasive human tissue molecular sampling. Herein
we demonstrate the ability to sample and analyse the proteome
extracted ex vivo by e-biopsy from excised human skin tumours.
We also show the usefulness of this molecular sampling combined
with machine learning methods for potential skin tumour biomarker
discovery.

Specifically, we show that proteomic profiles obtained by e-
biopsy from cSCC differ from those obtained from BCC. Application

of standard machine learning techniques enabled identifying a sub-
set of 11 proteins distinguishing between the two cancers, with
the classification performance comparable to current diagnostic
methods that involve human professional inspection. One of these
proteins, cornulin (CRNN), shows downregulation in ¢cSCC versus
BCC as confirmed by immunofluorescent staining and differential
expression analysis of the published transcriptomic data. Moreover,
proteomic data produced by e-biopsy led to a new protein-protein
interaction network jointly covering many of these highly informa-
tive proteins. The discovery of such a network together with the cor-
nulin behaviour findings may potentially improve our understanding
of systemic molecular differences between the two carcinomas,

possibly leading to new target therapies.

2 | METHODS
2.1 | Patients

From March 2020 to May 2024, tissue samples were collected
from NMSC (non-melanoma skin cancer) lesions from 108 patients
who underwent surgical excision of a skin lesion confirmed patho-
logically as BCC or ¢SCC, and additional seven patients samples,
confirmed pathologically as benign solar keratosis at Meir Medical
Center, Israel. All lesions were excised fresh (10-20min after sur-
gery), and measured at least 1cm in diameter. All patients gave
written consent for participation and for genetic analysis of tis-
sue. This study was approved by the Meir Medical Center IRB, no.
MMC-19-0230.

Malignant samples data were separated into two unrelated co-
horts (Figure 1A). Patients from the first cancer cohort, consisting
of 42 patients (21 BCC and 21 ¢SCC, Figure S1), 3 samples per lesion
(total 126 samples), were assigned to the initial proteome screen-
ing analysis. In addition, out of this batch we selected eight patients
(four BCC, four SCC, one sample per lesion) for later immunologi-
cal staining analysis. Patients from the second cancer cohort, con-
sisting of 66 patients (46 BCC and 20 cSCC), one sample per lesion
(total 66 samples), were used for the purpose of validating candidate
biomarkers. In total, 192 samples were analysed from 108 tumours
from 108 patients (Figure 1A). Solar keratosis patients samples were
used for final validation of cornulin expression only.

2.2 | Liquid sample extraction with e-biopsy

The sampling needle is inserted in the sampling location and the
ground needle is positioned on the skin surface without penetra-
tion, and the pulsed electric fields (PEF) are applied (Figure 1B).
A vacuum is applied on the same needle through which the PEF
pulses are delivered, to pump the released cellular content into
the needle and the syringe. The pulsed electric field was applied
using our laboratory custom-made high-voltage pulsed electric
field generator, described in detail in Levkov et al.*® E-biopsy
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was performed using a combination of high-voltage short pulses
with low-voltage long pulses*? as follows: 40 pulses at 1000V,
40ps, 4Hz; and 40 pulses at 50V, 5ms, delivered at 4 Hz. After
the application of the electric fields, the liquids were manually
extracted from the tissue to the needle with the vacuum with

a 1.5mL syringe. The liquids were immediately transferred to
1.5mL tubes with 100 L double-distilled water. The electrodes
were positioned about 5mm apart. For the sampling electrode, we
used a standard 30-G insulin syringe. The second electrode was a
custom-made bar measuring 3 mm diameter.
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2.3 | Proteins isolation from the e-biopsy sample

Proteins were isolated from the e-biopsy extract using the EZ-RNA
Il kit (Biological Industries, Ltd., Beit Haemek). Homogenizing solu-
tions were not used in the samples; phase separation solutions were
directly added as follows: 0.2mL of water-saturated phenol, and
0.045mL of BCP. This step was followed by protein precipitation
using isopropanol and wash using guanidine hydrochloride in 95%
ethanol. Air-dried protein pellets were taken for proteomic analysis

as described below.

2.4 | Identifying and quantifyingf proteins with
LC-MS/MS in the proteome screening stage

For the screening stage, we used 63 BCC and 63 c¢SCC tissue sam-
ples from 42 patients (three samples per each patient).

The samples were brought to 8M urea, 400mM ammonium
bicarbonate, 10mM DTT, vortexed, sonicated for 5 at 90% with
10-10cycles, and centrifuged. The protein amount was estimated
using Bradford readings. 20 pug protein from each sample was re-
duced to 60°C for 30 min, modified with 37.5mM iodoacetamide in
400mM ammonium bicarbonate (in the dark, at room temperature,
for 30 min), and digested in 2M Urea, 100mM ammonium bicarbon-
ate with modified trypsin (Promega) at a 1:50 enzyme: substrate
ratio, overnight at 37°C. Additional second digestion with trypsin
was done for 4h at 37°C.

The tryptic peptides were desalted using C18 tips (Harvard
Apparatus, MA), dried, and re-suspended in 0.1% formic acid. The
peptides were resolved by reverse-phase chromatography on
0.075x180-mm fused silica capillaries (J&W Pharmlab, Levittown,
PA) packed with Reprosil reversed-phase compound (Dr. Maisch
GmbH, Ammerbuch, Germany). The peptides were eluted with a lin-
ear 180-min gradient of 5%-28%, a 15-min gradient of 28%-95%, and
a 25-min gradient at 95% acetonitrile with 0.1% formic acid in water
at flow rates of 0.15 pL/min. Mass spectrometry was performed using
a Q-Exactive Plus mass spectrometer (Thermo Fischer Scientific,
CA) in a positive mode using a repetitively full MS scan, followed by
collision-induced dissociation (HCD) of the 10 most dominant ions
selected from the first MS scan. The mass spectrometry data from
all of the biological repeats were analysed using MaxQuant software
1.5.2.8 versus the human proteome from the UniProt database with
1% false discovery rate (FDR). The data were quantified by label-free
analysis using the same software, based on extracted ion currents
(XICs) of peptides, enabling quantitation from each LC/MS/MS run
for each peptide identified in any of the experiments.

2.5 | Identifying and quantifying proteins with
LC-MS/MS in the biomarker validation stage

For validation of machine learning findings, we used an additional
46 BCC samples and 20 ¢SCC samples, collected from an additional

66 patients (one sample per patient) and sampled with e-biopsy as
described above.

Samples were resuspended in urea buffer (8.5M urea, 400mM
ammonium bicarbonate, 10mM DTT). The amount of protein was
estimated using Bradford reading. Proteins were digested with tryp-
sin and cleaned on C18 stage tips.

For each of 11 candidate biomarker proteins resulting from the
machine learning phase (Table 3) 3-8 peptides were selected ac-
cording to their abundance among the 126 samples of the screening
batch. To extract the current retention time of these peptides, 2pg
from samples that had at least 6 pg of total protein according to the
Bradford reading were injected into the mass spec in a regular 3h gra-
dient MS/MS analysis. All 66 validation batch samples were screened
with a 1min window around the expected peptide retention times.

The resulted mass spectrometry data was analysed using the
MaxQuant software version 2.1.1.0 (1) for peak picking and iden-
tification using the Andromeda search engine, searching against
the human proteome from the UniProt database (from June 2023,
20605 entries) with mass tolerance of 6ppm for the precursor
masses and 20 ppm for the fragment ions. Oxidation on methionine,
lysine and proline and protein N-terminus acetylation were ac-
cepted as variable modifications; and carbamidomethyl on cysteine
was accepted as static modifications. Minimal peptide length was
set to seven amino acids, and a maximum of two miscleavages was
allowed. The data were quantified by label-free analysis using the
same software. Peptide- and protein-level (FDRs) were filtered to
1% using the target-decoy strategy. The protein results table was

filtered to eliminate the identifications from the reverse database.

2.6 | Leveraging machine learning to rank proteins
by the contribution to differentiation between
¢SCC and BCC lesions

Protein signature differentiating cSCC from BCC is effectively a
small set of proteins that, when measured together, is informative
enough to distinguish between these two conditions. Selection
of these most informative proteins was performed by 100 rep-
etitions of leave-6-patient out algorithm (Figure 2), while in each
repetition, 18 BCC and 18 SCC patients were used as a training set
for protein selection; the remaining three BCC and three SCC pa-
tients were used as a testing set to assess the performance of the
resulting set of proteins. In each repetition of the leave-6-patient
out, the training phase consisted of two major stages: (i) verifica-
tion of high gene abundance among c¢SCC or BCC training sam-
ples; followed by (ii) iterative backward gene elimination based on
relative protein importance. In the first stage, we omitted all pro-
teins with maximal prevalence below 80% among 18 BCC and 18
cSCC training patients; and with maximal prevalence below 50%
among 54 BCC and 54 cSCC training samples (each patient was
sampled at three locations). With this procedure, we aimed to in-
crease the chances of observing the selected marker in the sample
of the corresponding carcinoma type. On average (over differing
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FIGURE 2 General flow of the leave-6-patient out algorithm for the selection of the most informative proteins: (i) splitting the data; (ii)
selecting most informative subset of proteins; (iii) construction of machine learning model based on the selected subset; (iv) evaluation of the

classification performance of the resulting ML model.

repetitions), roughly 1700 out of 7087 proteins passed this stage
in each repetition.

In the second stage, we iteratively omitted 10% of the least
important proteins, where the importance of each protein was de-
fined as average protein importance obtained from three different
machine learning classifiers: (i) random forest (RF); (ii) logistic re-
gression (LR) and (iii) deep neural network (DNN). Specifically, we
used: (i) rank of feature importance for the corresponding protein
as obtained from sklearn Random Forest classifier; (ii) rank of ab-
solute coefficient for the corresponding protein as obtained from
Logistic Regression classifier; and (iii) rank of total absolute weight
of the input feature for the corresponding gene in the input layer
of Deep Neural Network classifier. The predicted per-patient diag-
nosis (cSCC patients were classified as positive, and BCC patients
as negative) was estimated as the average of predictions of three
patients' samples. The resulted model performance was estimated
in terms of overall accuracy, positive predictive value (PPV), nega-
tive predictive value (NPV), sensitivity, and specificity over the six
patients from the testing set. Finally, all metrics were summarized in
terms of mean and its standard error (standard error of mean (SEM)
is defined as standard deviation (STD) divided by the square root
of the sample size) over 100 repetitions; and 95% Clopper-Pearson

confidence interval for the resulted value was estimated (Table 1).
2.7 | Selecting biomarker candidates and
evaluating the performance of the summary model

The final set of the most differentiating proteins was derived from

the proteins that were consistently (over 100 repetitions of the

leave-6-patients-out feature selection algorithm) selected into the
final set of the top 5 genes. Specifically, we identified 11 proteins
(Table 3) that were chosen with at least 10% frequency (10 reps or
more).

The proportion of appearances of each of these proteins was
evaluated separately for BCC and for ¢SCC samples (Figure 3A).
The significance of differences between these proportions was esti-

t,%° which compares the propor-

mated by the proportion-based tes
tions of binarized observations between two groups.

In addition, these proteins were analysed for protein-protein
interactions based on IntAct DB,21 KEGG DB,22 and other public

3,24 resulting in a protein network describing these and in-

sources,?
termediate proteins (Figure 3B).

To evaluate the classification power of this selected subset of
proteins, we performed 100 repetitions of leave-6-patient out cross-
validation. A Deep Neural Network classifier model was selected as
the optimal algorithm for the input of this size based on Table 1. In
each repetition, a Deep Neural Network classifier was constructed
based on the samples from 18 BCC and 18 cSCC patients, and eval-
uated on the samples from the remaining three BCC and three cSCC
patients. Finally, the model performances were summarized over all

repetitions (Table 2).

2.8 | Candidate biomarker validation with additional
proteomics and external transcriptomics data

The set of 11 candidate biomarkers (Table 3) was tested with prot-
eomics collected from 66 validation patients (46 BCC and 20 cSCC),
one sample per lesion (66 samples total).
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TABLE 1 Performance of the best (out of three algorithms) machine learning models selected according to best leave-6-patient out accuracy per each size of protein signature.

Accuracy (correct
SCCand BCC

Machine

Sensitivity (predicted SCC
out of total actual SCC)

PPV (actual SCC out of

predicted SCC)

Specificity (predicted BCC out of total

actual BCC)

NPV (actual BCC out of
predicted BCC)

predictions out of
total cases)

learning

No. of used
proteins

algorithm

90.0+1.8%

76.2+1.9% (68.1%-77.4%)

66.7+2.9% (61.0%-72.0%)

84.2+2.8% (81.9%-91.0%)

78.3+1.6%

DNN

(86.0%-93.2%)
92.3+1.5%

(74.8%-81.6%)
81.0+1.7%

78.7+1.8% (70.5%-79.6%)

69.7 +2.9% (64.1%-74.8%)

86.6+2.7% (85.5%-93.6%)

DNN

10

(88.7%-95.1%)
92.0+1.6%

(77.6%-84.1%)
79.5+1.6%

(68.8%-78.0%)

76.5+1.7%

(61.4%-72.3%)

67.0+2.7%

(84.5%-93.0%)

88.0+2.5%

(76.0%-82.7%)
79.2+1.7%

DNN

20

(88.3%-94.8%)
95.7+1.2%

(92.7%-97.7%)

95.0+1.4%

75.0+1.7% (67.2%-76.3%)

62.7+2.9% (56.9%-68.2%)

90.3+2.6% (89.2%-96.5%)

(75.7%-82.3%)

78.5+1.7%

LR

50

(91.9%-97.2%)

74.1+1.7% (66.7%-75.8%)

62.0+2.8% (56.2%-67.5%)

88.9+2.8% (88.0%-95.8%)

LR

100

(75.0%-81.7%)

VITKIN ET AL.

Note: Per-model details are available in Table S1. All metrics are calculated over 100 repetitions and presented both as mean + SEM (standard error of mean) and as Clopper-Pearson 95% confidence interval

(in parentheses).

Abbreviations: DDN, deep neural network; LR, logistic regression.

For the additional validation, we used an external transcrip-
tomic dataset published by Wan et al.2® that reports transcript
counts per million (CPM) for 16 382 genes in 25 BCC and in 10 SCC

patients.

2.9 | Florescentimmunohistochemistry

2941 | Slide preparation

The slides (four BCC and four c¢SCC from eight patients) were
immuno-stained for most discriminative biomarker, cornulin
(CRNN, UniProt protein ID: Q9UBG3) as follows: Immune flo-
rescent staining was performed on 4um FFPE sections using the
Leica Bond max system (Leica Biosystems, Ltd., Newcastle, UK).
Slides were baked at 60°C, dewaxed, and pretreated with epitope-
retrieval solutions (ER2, Leica Biosystems) followed by incuba-
tion with cornulin antibody (1:100 cat. 11799 by Proteintech®).
Detection was performed using a Donkey anti Rabbit secondary
antibody (406412, Thermo Fisher). To reduce autofluorescence,
blocking was performed using the True-View reagent kit (SP-8400
by Vector). Nuclear staining was achieved by incubation with
Hoechst 33342 (62249, Thermo Fisher Scientific). Slides were
mounted using VECTASHIELD Vibrance Antifade mounting me-
dium (Vector Labs, Newark, CA).

2.9.2 | Light microscopy photography

Images were taken, using Olympus microscope (BX60, serial no.
7D04032) equipped with a microscope camera (Olympus DP73, se-
rial no. OH05504) at objective magnifications of X10 and X20.

2.9.3 | Histological evaluation
A semi-quantitative analysis of the IF reaction for CRNN was per-

formed using a scoring scale, as follows (X20 field):

Grade 0=No positive reaction at all.

Grade 1=0Only a few positive cells (<5 cells).

Grade 2=Very mild immune reaction (5-15 positive cells).
Grade 3=Mild immune reaction (15-25 positive cells).
Grade 4=Moderate immune reaction (25-50 positive cells).

Grade 5=Marked immune reaction (>50 positive cells).

294 | Immunohistochemistry statistics

Statistical analysis of IF scores was conducted using One-Way
Analysis of Variance (ANOVA) followed by Tukey HSD. Significance
was considered at p<0.05.
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FIGURE 3 (A) Comparative proportion of proteins' (from Table 3) appearance patterns among 126 screening dataset samples. The
number above each pair of bars is a proportion-based test? p-value, quantifying the significance of the difference between two proportions.
(B) Protein interaction network of genes (from Table 3) based on IntAct DB.?! More details on gene appearance, PPI details, and known
pathways appear in Tables S2, S3. Shape notation: Ellipses correspond to proteins from Table 3; rhombs correspond to proteins connecting
between them; rectangles correspond to pathways and comments. Shape colour: green corresponds to proteins with intensity in cSCC lower
than in BCC; red corresponds to proteins with intensity in cSCC higher than in BCC; grey corresponds to proteins without significant change
in measured intensity in cSCC versus BCC; blue corresponds to proteins that were not observed in the data. Green star indicates cornulin
protein.
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TABLE 2 Performance of the initial physician-performed in-clinic diagnoses, and of the summary model, constructed (and summarized over 100 repetitions) on top of 11 biomarker

candidates.

Sensitivity
(predicted
cSCC out

of total real
cSCC)

Specificity (predicted BCC out of total real
BCC)

¢SCC precision (real cSCC out of

predicted cSCC)

BCC precision (real BCC out of

predicted BCC)

Accuracy (% of correct

predictions)

Diagnostic setup

72.2%

92.9%

92.9%

72.2%

61.9% (including unclear

cases)

Initial in-clinic diagnoses by plastic
surgeons pre excision: 14 BCC, 18

cSCC, 10 unclear

81.2% (excluding unclear

cases)

92.7+15.3%

89.6+12.7%

88.2+13.2%
97.7 +11.8%

98.4+7.2%

89.7+9.3%

93.6+14.5%

89.9+13.5%

95.2+9.5%

88.9+8.1%

Per sample

Diagnoses with summary model

Per patient

based on 11 identified biomarkers

(100 repetitions of leave-6-

patients-out cross-validation)

VITKIN ET AL.

3 | RESULTS

The overall setup of the current research is presented in Figure 1A.
The data from 108 non-melanoma skin cancer (NMSC) patients was
gathered in two separate batches. First, 126 proteomics samples (a
screening dataset) were gathered from 42 NMSC patients, specifi-
cally three samples per lesion from 21 BCC and from 21 cSCC patients
(Figure S1). Then, a set of 11 potentially interesting biomarker can-
didates was constructed with the dedicated machine learning flow.
At this stage, we gathered an additional (validation) dataset of single-
sample-per-lesion proteomic measurements from 46 BCC and 20 cSCC
patients, focusing only on these 11 biomarker candidates. Alongside,
for the additional validation, we utilized an external transcriptomics
dataset published by Wu et al.?® Finally, the cornulin (CRNN) protein,
as the most promising biomarker, was selected and analysed with the

immunohistochemistry of four BCC and four cSCC patients.

3.1 | Proteomics harvesting and analysis from
excised human skin with e-biopsy

E-biopsy workflow for proteome sampling from freshly (10-20min
since the time of excision) excised human skin is shown in Figure 1B.
First, the sampling needle is inserted (0.5-2 mm depth based on skin
sample) in the location of interest, the ground needle is positioned
on the skin surface (without penetration), and the PEF are applied.
Second, a vacuum is applied on the same needle through which
the PEF pulses are delivered, to pump the released cellular content
into the needle and the syringe. Next, the tissue extract (~1-3pL) is
discharged from the syringe to the external buffer (biology-grade
water), and subjected to standard protocols for molecular analy-
sis, including purification, separation, identification (LC/MS/MS in
this case), and quantification (MaxQuant). E-biopsy was repeated in
three locales in the same area of the excised tissue sample. After
this stage, we obtained quantitative measurements of 7087 proteins
observed with positive intensity in at least one out of 126 tested

samples (on average 1801.6 proteins per sample).

3.2 | Identification of protein signatures that
differentiate cSCC and BCC lesions based on
e-biopsy-sampled proteome

To identify a group of proteins with maximal potential of distinguish-
ing between cSCC and BCC conditions, we performed 100 repeti-
tions of leave-6-patients out procedure (Figure 2) on the screening
dataset of 126 samples from 42 patients (21 BCC and 21 ¢SCC). In
each repetition, 18 cSCC and 18 BCC patients were randomly se-
lected, and their proteomes were used to obtain an optimal subset
of 5-100 of the most differentiating proteins. The 18 samples from
the remaining three cSCC and three BCC patients were used to as-
sess the classification quality of the resulting protein subset. Finally,
for each protein, we counted the number of repetitions (out of 100),
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TABLE 3 Proteins selected with frequency above 10% into the final subset of top 5 genes differentiating cSCC and BCC.

No. of repetitions after which

Direction in the gene was selected into the
Gene symbol Protein UniProt ID Gene name cSCCversus BCC  finaltop 5
CRNN Q9UBG3 Cornulin Down 92/100
SULT1E1 P49888 Sulfotransferase 1E1 Down 65/100
H1-5 P16401 Histone H1.5 Down 41/100
ISG15 P05161 Ubiquitin-like protein ISG15 Up 27/100
ERO1A Q96HE7 ERO1-like protein alpha Up 26/100
KRT27 Q723Y8 Keratin, type | cytoskeletal 27 Down 26/100
KATNAL2 Q8IYT4 Katanin p60 ATPase-containing subunit A-like 2 Down 22/100
PALM 075781 Paralemmin-1 Down 22/100
VCAN* P13611* Versican core protein* Down 19/100
HNRNPDL 014979 Heterogeneous nuclear ribonucleoprotein D-like ~ Down 13/100
KYNU Q16719 Kynureninase Up 11/100

*VCAN does not appear in Figure 3B.

that led to its being selected for the final set of the top five most dif-
ferentiating proteins. The most frequently selected proteins, which
were selected at least in 10% of repetitions, were further studied for
known connections and existing functions.

The resulting average (over 100 repetitions) model accuracy
ranges from 69.8% to 81.0% (Table S1), depending upon the specific
machine learning algorithm applied (Section 2). Labeling the ¢cSCC
subjects positive and BCC subjects negative, we achieved the PPV
and sensitivity of 69.8%-78.7% and 79.7%-95.7% respectively, to-
gether with NPV and specificity of 73.9%-90.3% and 60.0%-69.7%
respectively (Table S1). For each selected size of the protein sig-
nature, we present the model with the best performance accuracy
(out of three applied machine learning algorithms) in Table 1.

These findings are comparable to the quality of the initial manual
diagnostics of the same patients in the clinics (Table 2), as performed
by physicians, suggesting that the proposed molecular profiling is
potentially a valuable diagnosis-supporting tool, especially if the
large number of patients is used for model construction.

Moreover, summarizing the statistics over the proteins selected
at the final stage of each repetition (Figure 2), we derived the 11
potentially interesting proteins that appear at least in 10% of rep-
etitions (Table 3). The summary (over 100 additional repetitions)
performance of the leave-6-patients out cross-validation based on
these 11 proteins only is presented in Table 2. All per-patient metrics
clearly outperform current physician-performed in-clinic manual di-
agnostics, underscoring the diagnostic potential of such a molecular-

level classification approach.

3.3 | Proteins from e-biopsy-attained proteome,
identified by machine learning models capable of
distinguishing BCC from cSCC

Table 3 presents 11 genes that appeared in the top five most useful
for constructing the machine learning classifiers in at least in 10%

of repetitions of the leave-6-patient out process (Figure 2). Most
of these proteins are known to be associated with malignancies, in-
cluding BCC or cSCC.% The analysis of the appearance patterns of
these genes shows significant changes between two skin conditions
(Figure 3A). Consistently with the ML flow (Section 2), these 11 pro-
teins appear at least in 50% of 63 samples as well as in at least 70%
of 21 patients either in BCC or in SCC condition (Figure 3A; Table S4;
Figure S2).

Surprisingly, a more detailed study of these 11 proteins revealed
that 10 of them comprise a cluster working together. Specifically,
the protein-protein interaction data from IntAct DB%! together with
pathways derived from KEGG DB?? and other public sources?®?*
(Tables S2, S3) provides an interesting protein-protein interaction
map for all these proteins, with the exception of VCAN (Figure 3B).
The exact network details including (i) protein abundances in our pa-
tients, (ii) details and references for experiment that observed each
protein-protein interaction, and (iii) known pathways for each pro-
tein are presented in Tables S2 and S3.

3.4 | Validation of candidate biomarkers
with additional proteomics and external
transcriptomics data

For validation purposes, we examined the behaviour of the 11 candi-
date biomarkers (Table 3) in two additional setups.

First, we quantified the proportion of appearances of these 11
proteins in an additional 66 NMSC patients (46 BCC, 20 SCC, 1
sample per patient, Section 2). We observed (Figure 4A) that all of
them, except for KYNU, are aligned (Spearman correlation between
proportions is 0.6, p-value 3e-3) in the direction of proportion ratio
with the proportions observed in the initial screening dataset of 42
patients.

For additional validation, we used an external transcriptomic
dataset published by Wan et al.?® that reports transcript counts
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FIGURE 4 Validation of candidate biomarkers from Table 3 with additional data. (A) Proportion of appearances of candidate biomarkers
in an additional 66 NMSC patients (Figure 1A). (B) Log2 fold change in average transcript count in Wan et al.?® transcriptomic dataset.

per million (CPM) for 16 382 genes in 25 BCC and 10 SCC patients.
We observed that all 10 successfully mapped proteins (H1-5 was
not mapped) align (Spearman correlation between proportions
and CPM averages is 0.63, p-value 3e-3) in change of direction
with the proportions observed in the initial screening dataset of
42 patients.

3.5 | Cornulin as a discriminant biomarker between
basal cell carcinoma and squamous cell carcinoma

To additionally test the model predictions, we chose cornulin (CRNN,
Uniport ID Q9UBG3), a signalling protein chosen by 92 out of 100
repetitions of the leave-6-patient out process (Figure 2; Table 3). In
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Table 4 we summarize all findings on the CRNN over four different
validation setups.

In our proteome screening set (Figure 1A), we observed CRNN
with positive intensity in 52 out of 63 BCC samples (82.5%), includ-
ing at least one observation in each of 21 BCC patients (100%); while
in cSCC tumour we observed cornulin in only 21 out of 63 samples
(33.3%), distributed over 13 out of 21 patients (61.9%), meaning that
CRNN is 2.5 times more likely to be observed with positive inten-
sity in BCC than in ¢SCC (proportion p-value of 2.2e-8). Moreover,
the average measured intensity among 52 BCC samples with CRNN
was 622.2 M, while the average measured intensity among 21 ¢SCC
samples with CRNN was only 135.7 M, meaning that among sam-
ples with successfully identified CRNN, its measured intensity is
expected to be 4.6 times higher in BCC samples (Mann-Whitney U
p-value of 0.19).

In the biomarker validation proteomic dataset (Figure 1A), the
cornulin was observed in 15 (32.6%) of BCC samples with average
intensity of 45.3M versus only 3 (15%) cSCC samples with average
intensity of 3.1M, resulting in a 2:2 ratio of proportions (propor-
tion p-value of 0.14) and mean measured positive intensities of 14.5
(Mann-Whitney U p-value of 0.16).

In the external transcriptomic dataset published by Wan et a
the average CPM for CRNN protein among 25 BCC patients is 386.6,
while among 10 cSCC patients it is 17.2, resulting in a 22.5-fold
change ratio (Student t-test p-value of 8.2e-7) in CRNN transcript

1,25

counts between BCC and SCC samples.

To additionally validate the e-biopsy sampling approach, we per-
formed an immuno-histochemistry staining for CRNN in four BCC
and in four SCC patients selected from the original 42 proteome
screening dataset of patients. Intense immuno-staining for CRNN
was seen in a distinct part of the BCC tumour (Figure 5). In the SCC
tumour, fewer cells showed CRNN expression. The cells' CRNN-
positive expression was in the cytoplasm, and appeared granular.
The CRNN IF score in the BCC tumours was significantly higher than
in the SCC group (4 and 1.25 respectively, where an immunofluores-
cence score of 4 corresponds to moderate immune reaction (25-50
positive cells) and an immunofluorescence score of 1 corresponds
to only a few positive cells (<5 cells)). Finally, we performed differ-
ential expression analysis for CRNN for ¢SCC and BCC subtypes
(Figure S3) and in benign samples with solar keratosis (Figure S4,
Supplementary information).

4 | DISCUSSION

Besides improving the algorithms for detection of the specific mo-
lecular signatures for various diseases, the yet open challenge is
biomarker sampling. The current strategy involves molecule extrac-
tion using lyses buffers from tissue samples obtained with tissue bi-
opsies. Tissue biopsy procedures carry risks involved with surgical
procedures, and may lead to localized tissue injury, bleeding, inflam-
mation, infection and scarring.27 Moreover, due to these risks, only
a few biopsies can be performed in a single procedure, limiting the

xperimental Dermatology SAV.VA B ) =A%

scope of the spatial mapping of the entire lesion, potentially leading
to misdiagnosis if the tumour is only partially sampled, missing critical
information due to heterogeneity,28 or completely missed.?? To ad-
dress these problems and to enable direct molecular sampling from
tissue without resection, a series of procedures and associated mass

t,%° yet none of

spectrometric tools are currently under developmen
these to date have obtained broad community recognition. These in-
clude the intelligent knife (iKnife), desorption electrospray ionization
(DESI),%! picosecond infrared laser (PIRL), and the MasSpec pen,3°'32
all of which require high energy for sample evaporation, potentially
damaging the tissue.*° Furthermore, the ionization process is com-
petitive, thus, not all informative molecules will be sampled.*°

In this study, we introduced the potential of e-biopsy, a novel
method of molecular sampling with electroporation, for applications
in molecular diagnostics of non-melanoma skin cancers. Specifically,
we showed that intracellular liquid released by electroporation and
directly harvested into a syringe by vacuum, contains a proteome
that enables distinguishing cSCC from BCC. We leveraged machine
learning feature selection approaches to analyse the sampled pro-
teomes and identify the most promising proteins contributing to
such a signature and performed protein-protein interaction analysis
of the results.

Cornulin, being the most promising protein in the identified sig-
nature, was shown to be differentially expressed in the original and
in the additional semi-targeted proteomics dataset, the external
transcriptomics dataset, and confirmed by florescent immunohisto-
chemistry. Cornulin, a CRNN protein coding gene, downregulated
in cSCC versus BCC, plays a role in epidermal differentiation, while
its expression is believed to be specific to squamous cells.®® It was
shown previously that CRNN is downregulated in tongue SCC.34%
Moreover, CRNN expression has been reported as differentiating
between low-grade and high-grade oral epithelial dysplasia, and
could be represented as a potential biomarker for the assessment
of progression of oral cancers.>%%7 Up-regulated CRNN levels pre-
vent lesion formation, and its tumour-suppressive role has been re-
ported.’” Interestingly, a recent histological study of cSCC showed
cornulin downregulation in ¢SCC compared to normal epidermis.3®
Furthermore, cornulin was downregulated in tumours with high
histopathological grades when compared to low histopathological-
grade tumours.®® However, its role in basal cells differentiation, to
the best of our knowledge is unknown. In addition, its expression
over time and various stages/subtypes (Supplementary information,
Figures S3, S4) as well as its role in rare lesions such as basosqua-
mous carcinoma requires additional investigation.

In addition to cornulin, other proteins selected by machine
learning flow (Table 3) are also potentially interesting biomarker
candidates. For example, Sulfotransferase 1E1 (SULT1E1), which
also appears in BCC with increased measured intensity compared
to cSCC, is responsible for the metabolism of active estrogens
and plays crucial roles in their homeostasis.>’ SULT1E1 has been
reported as a predictor of breast cancer recurrence®® and its up-
regulation has been reported in normal mammary epithelial cells
and breast cancer cell lines.*¥™*® SULT1E1 downregulation has
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TABLE 4 Details of cornulin behaviour over different validation setups.

Setup name

Original shotgun proteomics data

Additional shotgun proteomics data

Transcriptomic dataset published by Wan
etal.?

Immuno-histochemistry staining of CRNN

Magnification: 10 x

Setup data

Quantitative proteomic
measurements of 7087
proteins in:

e 21 BCC patients,
Three samples per patient
e 21 cSCC patients
Three samples per patient

Quantitative proteomic
measurements of 11
proteins in:

e 46 BCC patients,
one sample per patient
e 20 cSCC patients,
One sample per patient

Transcript counts per million
(CPM) for 16382 genes in

e 25 BCC patients,

one sample per patient

e 10 SCC patients,

one sample per patient

Immuno-florescence score
for immune reaction to
CRNN antigen in:

e 4 BCC patients,

one sample per patient

e 4 cSCC patients,

one sample per patient

All 8 patients selected from
the 42 original patients

Magnification: 10 x

Findings in BCC

e 21 out of 21 BCC patients
(100%)

e 52 out of 63 BCC samples
(82.5%)

e Average intensity among these
52 positive samples: 622.2M

e 15 out of 46 BCC samples
(32.6%)

e Average intensity among these
15 positive samples: 45.3M

e Average CPM: 386.6

e Immuno-florescence score: 4
* Score 4 corresponds to
moderate immune reaction
(25-50 positive cells)

—_
(2]
~
N w -~ o

Immunofluorescence score

Findings in cSCC

13 out of 21 ¢SCC
patients (61.9%)
21 out of 63 ¢SCC
samples (33.3%)
Average intensity
among these 21
positive samples:
135.7M

Three out of 20 ¢SCC
samples (15%)

Average intensity
among these 3 positive
samples: 3.1M

Average CPM: 17.2

Immuno-florescence
score: 1.25

*Score 1 corresponds to
only a few positive cells
(<5 cells)

CRNN

BCC SCC

FIGURE 5 Immuno-staining for CRNN (A) Basal cell carcinoma (BCC). (B) Cutaneous squamous cell carcinoma (cSCC). (C) Summary of the
semi-quantitative analysis (mean + SEM) of the IF findings. Statistical analysis was conducted using One-Way Analysis Of Variance (ANOVA)
followed by Tukey HSD. Significance is indicated by asterisks: (*)=p <0.05.

been proposed to serve as a marker for more aggressive cancer.**
),** upreg-

ulated in ¢SCC in our study compared to BCC, was overexpressed

Ubiquitin-like protein Interferon Stimulated Gene (ISG15

in up to 80% of oral squamous cell carcinoma cases, as reported in
previous studies.* The endoplasmic reticulum oxidoreductin-1-like
(ERO1-like protein) alpha, upregulated in cSCC compared to BCC as
sampled by e-biopsy proteomes (Figure 3A) is shown in the literature
to be associated with cancer,”” driving the production of VEGF.®

Interestingly, another study showed significantly higher peritumoral
and intra-tumoral blood vessel area in cSCC versus BCC.*’ Versican
core protein was previously shown to be a mediator of skin cancer
development in mice and humans, and is reported as strongly ex-
pressed in BCC compared to ¢SCC,?% similar to our findings.

Finally, the protein-protein interaction analysis of these 11
highly informative genes (Table 3) enabled us to identify a novel pro-
tein interaction network (Figure 3B), which surprisingly covers 10 of
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these 11 top-ranked proteins. Such a network has the potential to be
valuable for further understanding of the differences in molecular
mechanisms of the two carcinomas.

In this study, we report an expected performance of a binary
classifier differentiating between cSCC and BCC based on a limited,
predetermined number of proteins (i.e. size of the selected protein
signature). The expected per-patient accuracy of a classifier con-
structed based on the binary observations of 11 highly informative
proteins measured over three per-lesion e-biopsy samples is around
95.2% (Table 2). In comparison, the accuracy of the initial diagnosis
by dermatologists in clinic on the same 42 patients was only 61.9%
(or 81.2% when omitting the unclear cases, Table 2). Indeed, both
cSCC precision and specificity in clinic was 92.9% on diagnosed pa-
tients, which is higher than current per-sample model performance
(89.7% and 88.2%, respectively). One of the major causes of such
disparity in metrics can be spatial heterogeneity of the sampled
area (i.e. the lesion was not sampled in contrast to the visual obser-
vation of the entire lesion region performed by clinician). This can
be amended by multiple sampling locations, resulting in 98.4% and
97.7% cSCC per patient precision and specificity respectively for
three sampled per-lesion locations (Table 2).

Important to mention that the accuracy of the initial diagnosis
in clinic for 42 patients selected for our study does not represent
the general distribution of patients diagnostic quality in clinics. For
example, an expert panel of pathologists reported 91.6% accuracy
for 154 patient panels,'® and a single surgeon reported accuracy of
93.8% in 1326 cases.’® Note that both the panel and surgeon re-
ports included significantly higher numbers of BCC patients versus
cSCC patients, while in our study, the numbers of ¢SCC and BCC
patients are equal.

One limitation of the current study is its sole focus on the NMSC
samples, without addressing its matching healthy areas. Thus, for
the next research phase, we are working on gathering healthy tissue
samples and their comparative analysis to the available NMSC sam-
ples. Moreover, we plan to include paired healthy and affected sam-
ples obtained from the same patient to verify that every patient's
lesion has a genetically adequate control. Based on proteomic signa-
tures obtained by e-biopsy and the resulting model performance, we
aim to develop even better classifiers differentiating cSCC, BCC, and
normal skin in future large-scale trials. Such disease-specific clas-
sifiers could enable a personalized treatment approach in high-risk
NMSC.
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