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Abstract

Objectives—Somatic mutations may predict prognosis, therapeutic response, or cancer
progression. We evaluated targeted sequencing of oral rinse samples (ORS) for non-invasive
mutational profiling of oral squamous cell carcinomas (OSCC).

Materials and Methods—A custom hybrid capture panel targeting 42 frequently mutated genes
in OSCC was used to identify DNA sequence variants in matched ORS and fresh-frozen tumors
from 120 newly-diagnosed patients. Receiver operating characteristic (ROC) curves determined
the optimal variant allele fraction (VAF) cutoff for variant discrimination in ORS. Behavioral,
clinical, and analytical factors were evaluated for impacts on assay performance.

Results—Half of tumors involved oral tongue (50%), and a majority were T1-T2 tumor stage
(55%). Median depth of sequencing coverage was 260X for OSCC and 1,563X for ORS.
Frequencies of single nucleotide variants (SNVs) at highly mutated genes (including 7P53, FAT,
HRAS, NOTCH1, CDKNZA, CASP8, NFE2ZLZ, and PIK3CA) in OSCC were highly correlated
with TCGA data (R=0.96, p=2.5E-22). An ROC curve with area-under-the-curve (AUC) of 0.80
showed that, at an optimal VVAF cutoff of 0.10%, ORS provided 76% sensitivity, 96% specificity,
but precision of only 2.6E-4. At this VAF cutoff, 206 of 270 SNVs in OSCC were detected
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in matched ORS. Sensitivity varied by patient, T stage and target gene. Neither downsampled
ORS as matched control nor a naive Bayesian classifier adjusting for sequencing bias appreciably
improved assay performance.

Conclusion—Targeted sequencing of ORS provides moderate assay performance for
noninvasive detection of SNVs in OSCC. Our findings strongly rationalize further clinical and
laboratory optimization of this assay, including strategies to improve precision.

Oral cavity cancer; molecular genetic profiling; noninvasive assay; squamous cell carcinoma

INTRODUCTION

Approximately 355,000 new cases and 177,000 deaths from oral cavity squamous cell
carcinoma (OSCC) occurred worldwide in 2018 [1]. For a majority of patients, the main
course of treatment involves primary surgical resection followed by risk-based adjuvant
therapy, i.e., radiation with or without chemotherapy [2—4]. Unfortunately, 5-year overall
survival for early and local-regionally advanced OSCC is only 80% and 55%, respectively
[5, 6]. A majority of deaths is due to cancer progression at the primary site or at regional
lymph nodes.

Genetic mutation profiling of cancers including head and neck squamous cell carcinomas
(HNSCC) has improved understanding of the molecular basis for cancer formation and has
revealed novel candidate therapeutic targets. Comparison of next-generation sequencing of
human papillomavirus (HPV)-positive vs. HPV-negative HNSCC has confirmed that they
are genetically distinct diseases with regard to mutational spectra, copy number alterations
and gene expression profiles [7, 8]. Profiling of OSCC, a subset of HNSCC which is mostly
HPV-negative, has identified marked enrichment of mutations in tumor suppressor genes
(e.g., TP53, CDKNZA, and FATI), whereas potentially targetable activating mutations are
infrequent. However, preliminary data indicate tumor 7253 mutation status may confer
differential sensitivity of OSCC to adjuvant radiation therapy combined with platinum-based
drugs versus taxanes [9]. Although infrequent, particular mutations in genes such as HRAS,
NOTCH1, and TP53 may confer sensitivity to specific small molecule inhibitors, a subject
of clinical trials in patients with recurrent disease (e.g. NCT03719690, NCT02383927)
[10]. Moreover, total mutational burden may be associated with response to immunotherapy
[11, 12]. Thus, genetic profiling of OSCC offers the potential to improve clinical decision
making in the near future.

While genetic profiling of cancers is increasingly available, it remains expensive and
requires repeated biopsies to identify mutations associated with resistance to therapies.
Moreover, the tumor specimens that are studied may underrepresent cancer heterogeneity. To
overcome these limitations, recent efforts have focused on targeted sequencing of tumor
DNA extracted from body fluids such as saliva and blood (i.e., cell-free, fragmented
circulating tumor DNA [ctDNA]). Although the presence of germline DNA in specimens
may reduce assay sensitivity and specificity [13-15], differential DNA methylation and
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distinct fragmentation patterns in tumor versus normal tissue may improve analysis of
ctDNA and facilitate increased clinical value [14, 16].

We recently reported that HPV DNA detection in oral rinse samples (ORS) from patients
with oral cavity or oropharyngeal cancers has moderate sensitivity (80-84%) and high
specificity (88-100%) for the diagnosis of HPV-positive HNSCC [17]. Persistence of oral
HPV DNA after completion of primary therapy was associated with high rates of local-
regional recurrence and poor overall survival [17]. Similarly, in additional studies, detection
of persistent cell-free HPV DNA (cfDNA) in plasma or serum identified patients at high risk
for recurrence, and demonstrated considerable promise for post-treatment surveillance of
recurrent disease [18-20]. Thus, HPV DNA persistence may identify patients with minimal
residual disease (MRD) who may benefit from additional, adjuvant therapy.

This ability to detect cancer cells shed from the oropharynx in ORS as a surrogate for
biopsies suggests even greater potential for noninvasive molecular profiling of OSCC, since
the oral cavity is anatomically more accessible. However, OSCCs are almost always HPV-
negative, so tumor-associated somatic variant detection is required, rather than monitoring
of virus sequences. Wang and colleagues provided preliminary data for genetic profiling of
HNSCC by analyzing tumor DNA extracted from saliva or plasma [21]. Here we describe
results of a genomics study designed to investigate the use of targeted sequencing of ORS
DNA for mutational profiling of OSCC. As part of this investigation, we probed clinical and
analytical factors that affect assay performance.

MATERIALS AND METHODS

Study population

Patients with newly diagnosed OSCC at the Ohio State University Medical Center from July
2011 to December 2014 provided written informed consent to participate in our prospective
cohort study to evaluate molecular profiling of ORS DNA [8]. ORS were collected at time
of diagnosis by means of a 30 second oral rinse and gargle with normal saline. Fresh-frozen
tumor samples were collected at the time of primary surgical resection. Demographic

and behavioral risk-factor profiles were collected by use of audio computer-assisted self-
interview [22]. TNM pathologic stage was determined from the surgical pathology report
according to the AJCC 7t edition. Analysis was restricted to enrolled patients with available
matched ORS and fresh-frozen OSCC sample pairs (n = 120) that had adequate depth of
sequencing coverage (n= 118). The protocol was approved by the institutional review boards
of Ohio State University and the University of Texas MD Anderson Cancer Center.

Specimen Processing

Tumor samples were shap-frozen in liquid nitrogen within 30 minutes of resection and

then stored at —80°C. Frozen tissues were submerged in O.C.T. compound (TissueTek)

and sectioned using a cryostat at 10-micron thickness. One of every 10 sections was
assessed for tumor content using hematoxylin and eosin stained slides with light microscopy.
Macro-dissection was used to ensure >70% cancer cell content. Frozen curls were digested
in proteinase K overnight, followed by DNA extraction with phenol-chloroform-isoamyl
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alcohol (25:24:1) precipitation or RNA extraction using Trizol (Invitrogen). Purified DNA
and RNA were stored at -80°C.

ORS samples were centrifuged, and resulting cell pellets were washed twice in phosphate-
buffered saline and resuspended into two equal aliquots for storage at —80°C. ORS DNA
was purified by use of the DSP virus/pathogen Midi kit with a QIAsymphony SP (Qiagen)
running the Pathogen Complex 800 protocol [23].

Tumor HPV status

To determine virus status, tumors were evaluated for both type-specific, high-risk HPV
DNA and E6/E7 mRNA expression [24]. The Roche Linear Array was used to screen for

15 high-risk HPV types in purified tumor DNA [25]. In HPV-positive samples, virus copy
numbers per cell were quantified using HPV type-specific real-time TagMan PCR assays
upon normalization to ERV3, a single copy human gene. Purified tumor RNA was reverse
transcribed, and resulting cDNA was assayed for viral E6/E7 expression by type-specific
PCR. Tumors were called HPV-positive when HPV DNA copy number =1 copy per cell and
>3 E6/E7 transcripts per cell were detected [24].

Targeted sequencing panel design

We set out to design a custom gene panel capable of detecting at least one somatic
mutation in >90% of HPV-negative OSCC samples. To identify recurrently mutated genes
for inclusion in our custom Agilent SureSelect XT hybrid capture panel, we analyzed
whole exome sequencing (WES) data from 335 HPV-negative OSCC cases, comprising 26
Ohio cohort samples and 309 TCGA samples. Data were downloaded from TCGA (https://
www.chioportal.org) and analyzed as previously described [8]. SNVs were called using
MuTect v. 1.1.7 [26]. To focus on genes that are highly mutated, we used MutSigCV (v1.4)
[27], OncoDrive-fm, OncoClust v1.0.0 [28], and DrGaP (v0.1.0) [29]. We selected genes
having at least seven non-synonymous variants (>2% samples), median gene expression
level > 1 FpKM, and significant adjusted p-values (i.e., g-values) as determined using

at least one of these tools. A total of 42 significantly mutated genes were chosen for
inclusion in our panel, including 24 genes identified from MutSig, g < 0.2; 33 genes

from OncoDrive-fm, g < 0.2; 13 genes from OncoClust, g < 0.05; and 26 genes from
DrGaP, g < 1E-5 (i.e., some genes were chosen based on these various criteria and

on more than one software package; Supplemental Table S1). Our hybrid capture bait
design included all exons from the 32 genes that were called by MutSig (g-value < 0.1)
and/or OncoDrive-fm (g-value < 0.1). To minimize the baits’ footprint, only exons with
coding-change mutations were included for the other 10 genes. Agilent SureDesign software
(https://earray.chem.agilent.com) was used to design the target probe regions, to which we
added 10-bp flanking segments. The resulting custom 42-gene panel was predicted to detect
at least one mutation in 99% of OSCC [7, 8].

Sequencing of OSCC and matched ORS

Sequencing libraries were prepared from fresh-frozen OSCC and matched ORS DNA
using custom Agilent SureSelect XT baits for hybrid capture using automation on an
Agilent Bravo liquid handling instrument, following the manufacturer’s protocol. Sample
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and library concentrations were measured with a Qubit fluorimeter (Thermo-Fisher). Size
distributions of DNA samples were determined with a TapeStation or Bioanalyzer (Agilent).
Samples with compatible barcodes were pooled, and pairedend sequencing (2 x 150 bp) was
performed on an Illumina HiSeq 4000.

Data processing and somatic variant calling

Sequence reads were aligned against the hg19 (GRCh37) human reference genome using
BWA (version 0.7.9a) [30]. Duplicate reads with the same start and stop alignment
coordinates were removed using Picard tools for deduping (http://broadinstitute.github.io/
picard). A matched ORS and OSCC pair was considered evaluable if the depth of
sequencing coverage was >300x (ORS) and >150x (OSCC). All potential sequence
variants were identified by comparison with the reference genome using the VARSCAN
“mpileup2cns” function with parameter “--min-reads2=1 —p-value=1 —-min-var-freq=0" and
were annotated with ANNOVAR version 521 [31]. To maximize sensitivity of variant
detection, we assessed various minimum thresholds of read counts, thereby allowing
detection of variants each supported by at least one, two or five alternative reads.

Matched normal tissue controls (e.g., blood leukocytes), in which only germline sequence
variants would be expected, were not included in this study. Therefore, from the set of

all sequence variants detected in OSCC samples, we first identified germline variants by
screening population variation databases, including dbSNP138 [32, 33], 1000 Genomes
Phase3 v5 [34], and gnomAD v2.1.1 [35]; variants tabulated at any frequency > 0 in these
databases were called germline variants. In addition, SNVs in OSCC samples with variant
allele fraction (\VAF) greater than 80% were considered germline variants.

After filtering these germline variants, remaining variants supported by one or more
independent sequencing read(s) (Fig. 2) were considered as somatic variant candidates,
which in turn were filtered further by removing OSCC somatic candidates with VAF < 10%.
Synonymous somatic variants were also removed. The remaining somatic variants identified
in fresh-frozen OSCC were taken as a “gold standard” for comparison with ORS variants.

TCGA somatic variants, called previously from WES data with VAF > approximately 5%
(https://www.cbioportal.org) [8], were restricted to the same genomic sequences represented
in our custom hybrid capture panel (Supp. Table S1).

Clinical and genomic sensitivity analysis

We conducted genetic profiling of ORS to optimize utility as a surrogate to detect somatic
variants in paired OSCC. To calculate sensitivity, specificity, and precision, ORS variants
that passed filtering were considered candidate somatic variants and were compared to true-
positive somatic variants identified in matched fresh-frozen OSCC. True-negative somatic
variants were called at each reference nucleotide in the targeted genomic region (n =
182,135 nucleotides captured) and in each sample (n = 118) for which no alternative alleles
were identified at or above the VAF cutoff. The optimal VAF cutoff for ORS somatic
variant detection was determined by maximizing the sensitivity and specificity of the
receiver operating characteristics (ROC) curve based on the Youden index, calculated as
specificity+sensitivity-1 [36]. The area under the curve (AUC) also was calculated.
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We used two alternative analytical approaches to call somatic variants. In the first approach,
we identified germline variants upon downsampling of ORS variants. In the second,

we developed a naive Bayesian classifier. Both approaches are described in detail in
Supplemental Information. Clinical characteristics were grouped into categorical variables
to test their associations with sensitivities of somatic variant detection in the ORS, using
one-way ANOVA. Statistical significance was defined at p < 0.05.

Study population

The study population consisted of 120 OSCC patients from whom matched ORS and fresh-
frozen OSCC tumor were collected. A summary of patient characteristics is shown in Table
1 (N =118, after filtering for adequate sample pair sequencing depth of coverage). Median
age was 61 years (range, 19-89), and 56% were male. Oral tongue was the most common
primary site. Tumor stage as per the AJCC 7" edition was distributed evenly between T1-T2
and T3-T4. A majority (60%) of patients had cervical nodal metastases. Approximately one
third of patients were never or light smokers, or never regular users of alcohol, respectively.
Five (4.2%) of 118 tumors were HPV-positive.

Detection of somatic variants in fresh-frozen OSCC

We designed our custom Agilent SureSelect hybrid capture panel to target 42 of the

most frequently mutated cancer genes in HPV-negative OSCC (i.e., capturing ~182,000
nucleotides in the target region). The panel was used to identify somatic mutations in
fresh-frozen OSCC, which served as “gold standard” calls. The median number of targeted
sequence reads was 1.3 million (range: 0.7-2.5 million) per tumor, with a median depth of
coverage of 260x (range: 155-476x; Supp. Fig. S1A). We excluded results for HLA-B and
HLA-C from further analysis because intrinsic sequence similarities across orthologous gene
templates resulted in a high rate of misalignments and false variant calls. We also excluded
results for KMT2C and KMT2D because of high false variant calls caused by pseudogene
sequences in the reference human genome.

Upon alignment of sequence data against the reference human genome, a total of 1,308,131
variants were identified across 118 fresh-frozen OSCC samples. A variant was categorized
as germline and thus filtered if present in population variation databases at frequency > 0%
or if a SNV with a VAF > 80% (Supp. Fig. S2). Remaining variants were considered to

be somatic variant candidates and were filtered further by applying a cutoff of VAF < 10%
to remove poorly supported variants and minor subclones. Synonymous somatic variants
also were excluded from further analysis. The remaining 270 nonsynonymous somatic
variants in fresh-frozen OSCCs were taken as “gold standard” SNVs against which ORS
variants could be compared. These OSCC variants included 128 nonsynonymous SNVs, 50
stop gain/loss variants, 24 splice variants, 57 frameshift insertion/deletions and 11 in-frame
insertion/deletions. At least one OSCC variant was identified in 100 of 118 patients (84.7%;
median 2 per patient; range 0-8) and in 32 of 38 genes (84%) analyzed (Fig. 1A, Supp.
Table S2).
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Gene mutation frequencies in the OSCC studied here were compared to those reported

in TCGA samples [7]. Mutations in tumor suppressor genes were the most frequent in

both cohorts (Fig. 1A, 1B). The most commonly mutated genes in our study population
included 7P53 (60 mutations), FAT (34 mutations), NOTCHI (31 mutations), CASP8 (16
mutations), and CDKNZA (17 mutations). These rankings closely matched those of the
most highly mutated genes in the TCGA cohort (Fig. 1B). A significant correlation was
observed between frequencies of samples harboring mutations in targeted genes in the study
population and in TCGA (R = 0.96, p=2.5E-22, n = 38 genes), plotted either on linear or log
scales (Figs. 1C, 1D). We conclude that the OSCC cases in this study are representative of
OSCC overall, based on TCGA data as a reference.

Detection of candidate somatic variants in ORS

To identify somatic variants in ORS, targeted sequencing libraries were prepared by
hybridization of genomic DNA using the same custom bait panel used for matched OSCC
samples. Normal buccal mucosal cells are expected at high abundance in ORS [37],

so germline alleles would be expected to occur predominantly in heterozygosity, i.e., at
relatively high VVAFs of approximately 50%. ORS would be expected to include a sampling
of tumor cells in addition to these normal cells shed into saliva and the oral rinses. For

this reason, true positive somatic variants were anticipated at relatively low VAFs. To detect
such somatic variants sensitively, we sequenced ORS more deeply than the tumor tissue.
The median number of reads per ORS was 27.7 million (range, 9.3-39 million). The median
depth of coverage at targeted genomic regions was 1,563x (range, 201-3,546x) (Supp.

Fig. S1B). Two patients whose ORS had inadequate sequencing depth of coverage were
removed from further analysis, resulting in 118 matched pairs of fresh-frozen OSCC and
ORS. Non-reference variants in ORS were identified by aligning sequence reads against the
hg19 reference assembly. To maximize sensitivity, even single reads alone were counted in
documenting alternative alleles.

We used deep sequencing data to assay all 182,135 nucleotides in the targeted genomic
regions in each of the 118 ORS samples. After removing germline and synonymous variants
from the set of all variants identified in the dataset, 5,046,099 candidate somatic variants
remained, each supported by at least one sequencing read from an ORS sample. A large
majority had relatively low VAFs < 1% (Supp. Fig. S3). We inferred that many of these
may be due to sequencing errors, given the high depth of sequencing coverage achieved per
ORS (Supp. Fig. S1B). Therefore, we plotted an ROC curve to optimize a VAF cutoff so
that true positive somatic variants could be distinguished from others. The ROC curve had
an AUC of 0.80. This analysis found that a VAF cutoff of 0.10% provided optimal assay
performance by maximizing the sum of sensitivity and specificity (Fig. 2A). Of the ORS
somatic variant candidates, 4,264,269 (84.5%) had VVAFs below this cutoff, so they were
called negative. The remaining 781,830 variants identified from at least one read support
each in ORS were counted as either true positives or false positives. Of the 270 SNVs in
fresh-frozen OSCC, 206 also were detected in the matched ORS as true positives. These
results yielded a sensitivity of 76% and a specificity of 96% (Fig. 2A). As expected, assay
precision was low (2.6E-4), due to large numbers of false positive variant calls at many
nucleotide positions across the samples compared with small numbers of true positives. A
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precision-recall curve showed that optimal assay precision was 0.158, but sensitivity was
only 0.137 when VAF cutoff was 5.0% (Fig. 2B). In comparing VAFs of ORS and matched
OSCC SNVs, the Spearman correlation coefficient was 0.41 (p-value = 1.2E-12; Fig. 2C and
2D).

We evaluated the impact on assay sensitivity and specificity by requiring additional,
independent reads supporting each somatic SNV. We generated additional ROC curves based
on a required minimum of two reads or of five reads supporting each SNV (Fig. 2E and

2F). The results confirmed that increasing the number of independent reads supporting each
variant call improved assay specificity and marginally the precision, but at the detriment

of AUC and of sensitivity. Applying a minimal requirement of 5 reads per variant was too
stringent to be useful at the read depths achieved here, as shown by the corresponding ROC
curve’s AUC =0.499 (Fig. 2F).

We hypothesized that the detection of true-positive variants in ORS, each with VAF >
0.10%, is associated with higher sequencing depths of coverage per variant sample when
compared with the false-negative variant calls. Comparison of these distributions confirmed
a significant association between sequencing depth of coverage at each variant and the
distinction betwen true-positive and false-negative variants in ORS samples (p = 0.040;
Supp. Fig. S4).

Sensitivity of mutation detection in ORS varies by gene and by patient

We sought to identify other factors that potentially could affect the sensitivity of SNV
detection in ORS when compared with variants in matched OSCC. Based on an optimized
VAF cutoff of 0.10%, we observed differences in ORS variant detection across the
individual genes included in the custom bait panel. 7P53, FAT1, NOTCHI1, NOTCHZ,
CASPS8, and CDKNZA harbored the highest numbers of detected variants. By contrast, the
highest sensitivity of detection was observed for variants in HRAS, BIRC6, KDM6A, KRT5,
SMAD4, EIF252, ARIDZ, and NF2 (Fig. 3A). The median sensitivity of variant detection
per gene was 80% (range, 0—-100%) in the 32 genes in which variants were detected in
fresh-frozen OSCCs (Supp. Fig. S5A). By contrast, the specificity of variant detection per
gene was uniformly high across the targeted genes (Supp. Fig. S5B). As expected, assay
precision was low across the targeted genes, with the highest level of precision observed in
detecting variants at 7253 (Supp. Fig. S5C).

Substantial variability in sensitivity per individual ORS also was observed. The median
count of variants detected was 1 per sample, with variant counts ranging from 0 to 9. The
mean and median sensitivities for variant detection across all patient-derived ORS samples
were 64.9% and 100% (range, 0-100%), respectively (Fig. 3B). This interpatient variability
is illustrated by distinct patterns of VVAFs detected in two patients when comparing ORS vs.
primary OSCC samples ( Figs. 3C and D). In one patient’s ORS, sensitivity was optimal
because each variant exceeded the established VAF cutoff (Fig. 3C). In contrast, sensitivity
was very poor in a second case because the VVAFs for each somatic variant detected in

the ORS sample each fell below this threshold (Fig. 3D). This inter-patient variability in
sensitivity was attributable in part to differences in depths of sequencing coverage across
the ORS (Supp. Fig. S1B, Supp. Fig. S4). Median depths of coverage were significantly
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higher for true-positives SNVs above the VAF cutoff, compared with false-negatives below
that cutoff (p=0.0398; Supp. Fig. S4). As before, the specificity of variant detection was ~1
across all patients (Supp. Fig. S6). As expected, assay precision was low across almost all
patients, with higher levels of precision (>0.1%) observed in only a few samples (Supp. Fig.
S6).

We sought to determine if various clinical characteristics also affected the sensitivity of
mutation detection in ORS. Regarding tumor stage, we observed a trend for improved assay
sensitivity with more advanced T stage tumors (T3, T4; p = 0.06). For T3 and T4 tumors,
mean sensitivity was 84.2%, compared with 70.3% for T1-T2 stage tumors. ROC curves
were generated to compare tumor stages; the AUC for T3 or T4 tumors was 0.87, versus
0.73 for T1 or T2 tumors (Fig. 4A, 4B). Moreover, the AUCs of ROC curves for each
increasing tumor stage displayed progressively higher values, ranging from only 0.59 for T1
tumors to 0.88 for T4 tumors (Fig. 4C). In contrast, primary tumor site (p=0.88), nodal stage
(p=0.89), smoking status (p=0.71), alcohol consumption (p=0.16), and status of recurrence
(p=0.69) did not affect assay sensitivity (Supp. Fig. S7).

Alternative analytical approaches to variant calling did not improve assay performance

We evaluated two alternative analytical approaches to determine their effects on assay
performance, as detailed in Supplemental Information. In the first approach, we noted that
ORS would be likely to include large numbers of normal buccal mucosal cells, which are
routinely sampled for germline variant detection (particularly in the context of other cancer
types). Therefore, we downsampled ORS sequence reads to identify germline variants.
These were then used as an alternative reference for comparisons to call somatic SNVs

in fresh-frozen OSCC. In so doing, we detected 364 nonsynonymous SNVs in the OSCC,
a count higher than results from our primary analytic approach. We then recalculated the
ROC curve for variant calls across ORS, showing an AUC of 0.76 (Supp. Fig. S8). Atan
optimized VAF cutoff of 0.10%, somatic mutation profiling of ORS had 73% sensitivity,
94% specificity and precision of 2.9E-4 (Supp. Fig. S8). When optimized separately,
precision reached 9.9E-3 at a VAF cutoff of 1.4% and a sensitivity of only 19%. We
concluded that overall assay performance with the downsampling approach was similar to
our primary approach.

In another alternate approach, we developed naive Bayesian models to evaluate various
clinical and genomic factors that could introduce biases or sequencing errors into ORS data.
These included behavioral characteristics, e.g., never, former, or current tobacco smoking
and alcohol consumption. Also investigated were anatomical site of the cancer, nodal status,
and disease recurrence. We also evaluated genomic features such as site-specific nucleotide
changes, changes in codons, and gene-specific sequence characteristics in the Bayesian
models (Supp. Fig. S9A). Models involving various possible combinations of these factors
did not substantially enhance assay performance in detecting somatic variants in ORS.
Across all models, the sensitivity (median, 60%; average, 46.5%; range, 9-62%), specificity
(median, 99.6%; average, 99.7%; range, 99.6-100%), and precision (median, 0.07%;
average, 0.12%; range, 0.06-3.8%) all varied, but were not improved. Even optimized
Bayesian models that each included nucleotide changes and functional amino acid changes
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(Supp. Fig. S9A) had ROC curves with a low AUC of only 0.58 and optimized VAF

cutoff of 0.03% (Supp. Fig. S9B-C). The sensitivity, specificity, and precision of these
optimized Bayesian models were only 62% 99.6%, and 6.8E-4, respectively. The relatively
poor sensitivity observed with the naive Bayesian model was attributable to false negative
variant calls in ORS, improperly designated as sequencing biases by the model (Supp. Fig.
S9B-C). The very poor precision from this model again was due to high numbers of false
positive variants in ORS.

In sum, when comparing the sensitivity, specificity, and precision resulting from these two
alternative approaches, no substantial improvements in assay performance were observed
over our primary approach as described above.

DISCUSSION

In this study, we investigated the feasibility and optimization of targeted sequencing of ORS
to profile somatic mutations in newly diagnosed OSCC. We considered the somatic variants
identified from targeted sequencing of the fresh-frozen OSCC as a “gold standard” and
used them as a basis for comparison with variants detected by targeted sequencing of ORS.
Because ORS collections are noninvasive, they comprise an easily accessible, practical, and
promising source of OSCC cells to detect or monitor somatic mutations in key genes.

In the absence of matched normal samples, we evaluated multiple analytical methods to
define germline variants in the ORS and OSCC, which then allowed us to identify somatic
mutations. Our principal approach involved comparisons of sequencing data against the
reference human genome, followed by screening against large population-level variant
databases. We also defined variants with VAF > 80% as germline variants. Based on these
criteria, we then focused on identification of somatic mutations.

We acknowledge that inclusion of matched normal tissue would improve calls of germline
and thus somatic variants in ORS. Nevertheless, we omitted inclusion of matched normal
control specimens such as blood as a basis to define germline variants for several reasons.
These included cost savings; evaluation of this assay under “real world” conditions
comparable to other cancer genomics assays, which also omit such controls; and the fact
that buccal mucosal cells are used commonly as a source of normal germline DNA. For this
latter reason, we explored downsampling of the ORS variants as an alternative approach to
detect germline SNVs (Supp. Fig. S8).

Based on ROC curves, we optimized the VAF cutoffs of ORS variants in order to maximize
both sensitivity and specificity of their detection. The ROC curve from our main approach
had an AUC of 0.80. At an optimized VAF cutoff of 0.10%, somatic mutation profiling

of ORS by targeted sequencing had 76% sensitivity, 96% specificity and precision of only
2.6E-4 (Fig. 2). Under conditions requiring at least one sequencing read and VAF>0.1%,
limited ability to discriminate between false-positive SNVs having low VAFs (arising

from sequencing errors) vs. true-positive somatic mutations in tumors severely limited
assay precision. Alternative approaches including downsampling of ORS sequence reads,
to provide a surrogate of matched normal controls, and use of naive Bayesian models,
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which were applied to identify and filter false-positive calls, each marginally improved
precision but compromised sensitivity (Supp. Fig. S8 and S9). In addition to sequencing
errors, we cannot exclude additional sources of low frequency variants in the ORS, including
mutations attributable to tobacco-associated field carcinogenesis or from rare subclonal
variants present in the tumor.

We observed a trend for higher assay sensitivity for patients with advanced T stage primary
tumors (i.e., T3 and T4; Fig. 4). This trend is plausible, since larger, more invasive primary
tumors would be expected to have more exposed surface and to shed more cancer cells

into saliva and ORS, thereby making them more readily detectable by increasing somatic
mutations’ VAFs. Sensitivity of mutation profiling of ORS also was significantly influenced
by the depth of sequencing coverage (Supp. Fig. S1 and S3), suggesting potential effects

of specimen collection quality on assay performance. We speculate that some specimens
may not adequately represent tumor cells shed into saliva, perhaps due to anatomical
considerations or due to poor individual subject compliance with the ORS collection
protocol.

These results prompted us to consider potential methodological adjustments that may
improve ORS assay performance in the future. For example, incorporation of unique
molecular identifier (UMI) barcodes into sequencing libraries could facilitate improved
discrimination of true somatic variants from sequencing errors [38]. The higher assay
sensitivity observed at higher depth of sequencing coverage for ORS suggested that
implementation of quality control metrics to require relatively high minimum numbers of
sequencing reads would improve assay performance [39]. This would need to be balanced
against costs of deep sequencing, although those costs continue to drop over time. Adding
direct cytobrush sampling of smaller, T1 or T2 tumors would likely result in higher assay
sensitivity and increase ROC AUCs toward those observed with advanced T stage tumors.
Addition of methods to enrich tumor cells from saliva specimens also would improve

assay performace. Modifications in bait design and/or replacement of highly variable genes
(e.g., HLA, KMT2C) also may yield improvements. New sequencing methods that add
DNA methylation data could enhance assay sensitivity and specificity [14, 16, 40], as
performed for HPV-positive HNSCC [41]. In the absence of matched normal tissue controls,
comparison of candidate variants with databases tabulating clinically relevant variants could
improve identification of both germline and somatic variants in ORS. Assay precision could
be increased by markedly restricting the numbers of nucleotides assessed, to focus on
established nucleotides that undergo somatic mutagenesis, as tabulated in such databases,
which would reduce false positive calls. Previously undetected variants could be added to a
growing, comprehensive database of somatic variants, only in cases when supporting data
met stringent criteria including validation. Refinements to our approach are necessary before
initiating a study with training and testing sets, but together with other recent reports (Table
2), our study provides strong proof-of-principle data demonstrating that molecular profiling
of OSCC by targeted sequencing of ORS is technically feasible and promising.

Other studies investigating use of ORS or other body fluids as surrogates for OSCC have
been published recently [21, 42-46] (Table 2). Here we report one of the largest collections
of ORS and OSCC sample pairs studied to date. We used a relatively large and unbiased
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target gene panel focused on OSCC mutations for hybrid capture sequencing, as did others
[42, 45, 46]. Unique to our analysis was the use of ROC curves, Bayesian analysis and
downsampling to optimize sensitivity and specificity of variant-specific detection in ORS
versus OSCC. Shanmugam and colleagues confirmed 88% of somatic variants detected in
saliva samples by resequencing a subset of them [43]; we did not perform this step here. By
contrast, our target gene panel was comparatively larger [43] (Table 2).

Analysis of biomarkers in saliva (e.g., ORS, whole or stimulated saliva), including protein,
DNA, RNA, and metabolites, has been used to discriminate benign from malignant oral
lesions [47]. These assays aim to facilitate oral cancer screening, but have not been
recommended by the US Preventive Services Task Force due to insufficient evidence of
efficacy. Given that saliva is derived in part from serum, salivary proteomics for noninvasive
detection of non-oral cancers also has been explored [48]. Molecular profiling of oral pre-
malignant lesions has identified mutations (e.g., in 7P53) that increase risk of progression
to malignancy, but the utility of ORS profiling may be limited by small precancerous

lesion size [49]. Here, our intent was not to develop a screening test, but to conduct rapid,
noninvasive mutational profiling of newly diagnosed OSCC to facilitate research, therapeutic
decision making, detection of MRD, and molecular surveillance. As a majority of OSCC
recurrences comprise local-regional failures, and as OSCC biopsies are not necessarily
collected at all centers, ORS profiling at diagnosis could facilitate prospective monitoring
of patient-specific somatic mutations in readily accessible body fluids including saliva and
plasma. Such profiling also could facilitate design of neoantigen vaccines for adjuvant
administration.

Noninvasive molecular profiling of solid tumors has demonstrated clinical utility in several
settings in addition to HNSCC. Our ORS assay performance is comparable to PCR-based,
noninvasive assays for detection of EGFR mutations in non-small cell lung cancers [50].

In those cancers, ctDNA profiling is used for targeted treatment selection and to determine
clinical trial eligibility and mechanisms of resistance to treatment. For example, profiling
has identified the EGFR T790M mutation as the principal cause of non-small cell lung
cancer resistance to first and second generation EGFR tyrosine kinase inhibitors [51-53].
In colon cancer, persistence of variants in ctDNA after surgery and adjuvant chemotherapy
has been associated with higher recurrence rates, shorter relapse-free survival, and shorter
overall survival [54]. Higher ctDNA VAFs prior to colorectal cancer surgery have been
correlated with shorter progression free-survival and overall survival [15]. Similar results
have been observed for lung and breast cancers, where post-treatment blood samples
positive for ctDNA were associated with shorter survival [55, 56]. These findings highlight
the potential role of MRD detection, indicated by persistence of tumor DNA either in

ORS or plasma, as an important early predictor of recurrence. Given this potential, further
development of noninvasive assays with improved performance is ongoing, with a goal to
facilitate translation to clinical decision making.

In summary, targeted sequencing of ORS for molecular profiling of OSCC has assay
performance comparable to that of early PCR-based ctDNA profiling of lung cancer, and
offers several important potential clinical applications. This study will inform adjustments to
our methodology with potential for further improvements in assay performance.
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Highlights

Evaluation of genetic profiling of oral rinse samples as surrogates for oral cancers Assay
comprised targeted sequencing of 42 genes frequently mutated in oral cancers We used
ROC curves, Bayesian analysis, and downsampling to optimize assay performance Assay
yielded good sensitivity and excellent specificity but poor precision Methods to improve
assay performance -- especially assay precision -- were identified
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Figure 1. Somatic mutations detected in fresh-frozen OSCC.
(A) Pattern of somatic mutations in OSCC samples in the study population. An OncoPrint

plot displays 270 non-synonymous somatic mutations (red) disrupting (y-ax/s) genes as
detected by targeted sequencing in (x-ax/s) fresh-frozen OSCC assayed. At least one OSCC
variant was identified in 100 of 118 patients (84.7%; median 2 per patient; range 0-8) and
in 32 of 38 genes (84%) analyzed. Bar graphs, top. count of genes disrupted by at least one
mutation in each sample (x-axis); right. fraction of samples each with at least one mutation
in the indicated genes (y-axis). (B) Somatic mutations in WES data from 309 TCGA OSCC
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samples, mapped onto the same target gene panel. (C, D) Scatter plots show fraction of
fresh-frozen OSCC samples harboring at least one mutation in each assayed gene (/abeled
or unlabeled, individual dots, n = 38) in the study population (y-axis) vs. TCGA (x-axis)
cohorts, plotted on (C) linear or (D) log scales. Dotted line, linear fit model; correlation
R=0.96, p=2.5E-22.
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Figure 2. Optimizing the detection of variants in ORS as a surrogate for OSCC.
(A) ROC curve for somatic mutation detection in ORS, based on a cutoff of a minimum of

one sequencing read to call each single nucleotide variant (SNV), with AUC of 0.795. Red
dot, optimal sensitivity and specificity were determined using the Youden Index, revealing
a minimal VVAF cutoff of 0.1% with sensitivity, 76.3%; specificity, 96.4%; and precision,
2.6E-4. Blue dots, other points along the ROC curve with suboptimal VAF cutoffs as
indicated. (B) Precision-recall curve for variant detection in ORS shows that (red do?) the
optimal precision of 0.158 is reached at sensitivity of 0.137 when VAF cutoff is 5.0%. Blue
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dots, other points along the PR curve with corresponding VAF cutoffs as indicated. (C, D)
Scatter plots show association between VVAFs of non-synonymous somatic mutations in ORS
(based on a minimum of one sequencing read to call each SNV; panel A) vs. in matched,
fresh-frozen OSCC samples, plotted as percentages on (C) linear and (D) log scales. Of

the 270 non-synonymous variants (dots) in OSCC, 206 were identified in ORS as “true
positives” (red dots); others were “false negatives” (black dots). The Spearman correlation
coefficient between SNV VAFs in ORS vs. in OSCC was 0.41, p=1.2E-12. (E) An additional
ROC curve, based on =2 sequencing reads required per SNV, with AUC of 0.703, reveals

an optimized VVAF cutoff of 0.06%; sensitivity, 73.7%; specificity, 97.6%; and precision,
3.9E-4. (F) An additional ROC curve, based on =5 sequencing reads required per SNV, with
AUC of 0.499, reveals an optimized VAF cutoff of 0.11%; sensitivity, 57.4%; specificity,
99.9%; and precision, 0.0133.
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Figure 3. Comparisons of ORS mutation detection and sensitivity across assayed genes and
across samples.

(A) Comparisons of sensitivity of mutation detection in ORS samples across assayed genes.
Barplot of numbers of mutations that (red) were and (b/ue) were not detected in the ORS
samples for each gene (x-axis) found to harbor mutations in OSCC samples. Of the 32 genes
mutated across the OSCC samples, mutations in 31 (97%) were identified in at least one
corresponding ORS sample. (B) Comparisons of mutation detection and sensitivity across
ORS samples. Barplot of numbers of mutations that (red) were and (b/u€) were not detected
for each ORS sample (x-axis). Of the 100 OSCC samples harboring at least one mutation in
the assayed genes, 89 (89%) of the paired ORS also had the same mutations. (C) Scatterplot
showing VAFs of mutations in six indicated genes as detected in (y-ax7s) ORS vs. (x-axis)
matched fresh-frozen OSCC from one patient (i.e. GS18252). Red dotted line, minimal
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VAF cutoff = 0.10%. These ORS variants (red dots) were considered true positives. (D)
Scatterplot showing VAFs of mutations in three indicated genes as detected in ORS ()-axis)
vs. matched fresh-frozen OSCC (x-axis) from another patient (i.e. GS18226). Red dotted
line, minimal VAF cutoff = 0.10%. These ORS variants were considered false negatives (red
aots).
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Figure 4. Increased sensitivity of ORS mutation detection in higher tumor stage (T3 and T4)

patients.

(A) Box and whiskers plots display distribution of mutation detection sensitivity for each
ORS (red dots) according to T-stage (x-axis). Heavy black line, median of distribution. (B,
C) ROC curves calculated for samples with (B) T-stages T1 and T2 (b/ack), vs. T3 and T4
(rea); and for (C) individual T-stages as indicated, respectively; y-axis, sensitivity; x-axis, 1 -

specificity.
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Table 1.

Clinical features of 118 patients analyzed after filtering for adequate read counts in sample pairs. NA, not
available. Anatomic subsites are annotated per sample in Supp. Fig. S6.

N=118
age, median (range), years 61 (19-89)
gender, N (%)
male 66 (56)
female 52 (44)
primary site, N (%)
alveolar process 2(1.7)
buccal mucosa 5(4.2)
floor of mouth 16 (13.6)
gingiva 1(0.8)
lip 3(2.5)
mandible 11 (9.3)
oral tongue 59 (50.0)
palate 4(3.4)
retromolar trigone 9 (7.6)
synchronous primaries 8 (6.8)
tumor grade — N (%)
well-differentiated 27 (23)

moderately differentiated | 82 (70)

poorly differentiated 9 (8)

T stage, N (%)

T1 23 (19)
T2 42 (36)
T3 25 (21)
T4 28 (24)

N stage, N (%)

NO 42 (36)
N1 27 (23)
N2 42 (36)
N3 1(1)
NA 6 (5)

smoking, N (%)

never / light smoker 41 (35)
former smoker 41 (35)
current smoker 26 (22)
NA 10 (8)

alcohol consumption, N (%)
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N=118

never / never regular

40 (34)

former regular

35 (30)

current regular

32(27)

NA

11(9)
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Comparison of recent studies of somatic mutation detection in head and neck cancer surrogate biospecimens.

Author N Surrogate Targets Test Gold standard Baseline Assay Performance
sample Method method
This study 118 ND ORS 42 genes HCS T, 42 gene HCS Variant-specific sensitivity 76%,
oscc specificity 0.80, precision 2.6E-4
Wang, 2015 [21] 71 ND ORSor Sor HPV16/18 or ddPCR TIN, WGS or Sensitivity only: 18/21 HPV-
HNSCC P 6 genes or Safe-Seq WES in a subset positive positive in saliva 21/26
1 patient- positive for = 1 variant in saliva or
specific SNV comparison to gold standard.
Lee, 2021 [44] 7ND S 12-14 patient- HCS T, WES or 277 Sensitivity only: 6/7 positive for >
HNSCC specific gene SNV
SNVs HCS
Galot, 2020 [45] 39 RM P 604 genes HCS T/N, 604 gene Sensitivity only: 20/39 positive
HNSCC HCS in a subset for = 1 variant 40/209 variants
detected in 18 patients tumor.
Shanmugam, 121 OscC ORS 7 genes HCS T, 7 gene HCS Sensitivity: 116/121 positive for
2021 [43] > 1 variant Lower limit of assay
detection: 0.25% VAF Intra-assay
agreement on SNV calls: 99%
subset, 88% in ORS subset
Cui, 2021 [46] 11 ND ORS, P 308 genes HCS T/N, WES Not reported.
oscc
Wu, 2021 [42] 27 HNSCC S, P 1021 genes HCS T/N 1021 gene Sensitivity: 19/27 positive for > 1

HCS

variant in saliva.

N, number of patients; ND, newly diagnosed; RM, recurrent or metastatic; OSCC oral squamous cell carcinoma; HNSCC, head and neck squamous
cell carcinoma; ORS, saliva; P, plasma; HPV, human papillomavirus; SNV, single nucleotide variant; PCR, polymerase chain reaction; ddPCR,
digital droplet PCR; HCS, hybrid capture sequencing; matched normal blood; WES, whole exome sequencing; WGS, whole genome sequencing,

AUC, area under the receiver-operating curve. Reference number indicated
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